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Learning outcomes

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. Analyse small RNA-sequencing data

* Read Counts
* How to identify differences

4. Research examples (if time)
5. Practical tasks
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1. Small RNAs
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RNA=—

What are small RNAs

—MRNA

{messenger RNA)

—NCRNA

(non-coding RNA)

— regulatory ncRNA=—

tRNA
— hOusekeeping ncRNA_[(lransferRNA)

rRNA

(rihosomal RNA)

2 200 nucleotides

— IncRNA

(long non-coding RNA)

< 200 nucleotides

{9 UiO 2 University of Oslo

. small ncRNA—

- MicroRNA

(19 to 22 nucleotides)

— snoRNA

(small nucleolar RNA)

— SIRNA

(small interfering RNA)

— SNRNA

(small nuclear RNA)

— piRNA

(PIWl-interacting RNA)
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IncRNA

RNA by mass

miRNA

| | 7SL

sm"';:ﬁ\ '/,’Other IncRNA
\Vi rRNAs

\

tRNA
RNA by number of molecules

Palazzo & Lee, Front Genet, 2015
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MIRNAS

~ 22 nucleotide in length

pri-miRNA
I

pre-miRNA
I

| Dicer |

Drosha
3 MIiRNA
Dicer
Drosha
@)} UiO : University of Oslo

- Leeetal, Cell, 1993
- Hutvagner et al, Science, 2001
- Lee et al, Nature, 2003
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RNA-induced silencing complex (RISC)
including the Argonaute protein
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MIiRNA 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, Br J Cancer 2015
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Evolutionary conserved

—
L

3
— s
Common
ancestor of
eukaryotes 5
6
7.8

= I

Moran, Nat Eco Evol, 2017
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Dinoflagellates
Rest of Alveolates
Brown algae
Rest of Stramenopiles
Rhizaria
Telonemids
Green algae

} Viridiplantae
Land Plants
Red algea
Glaucophytes and Picobiliphytes
Excavates
Rest of Unikonts
Slime molds
Fungi
Porifera (Sponges)

Ctenophora

Metazoa

Placozoa S
(animals)

Cnidaria

Bilateria

IN-BIOS5000/9000

chris: | cesei100e8| 9ese1100| gsese1200| geaexaeol goseL408| 9ese1%08| 90ze1800|
C/D and H/ACA SNORNAS SCaRNAS and miCroRNAS from sSNORNABase and miRBase
NEa=mir=17 s NEa=-mr—193 —- NEA=MNr=190-1 e—— -
?;s-llllr'-l?h hsa—mir-20a Wi e—— nsa-mir-92-1 i
1Sa-mir-18a
sa-mir-18a

conservation -

rhesus
mouse

rat oINS R § ., J %O | . DL MRS SNGYL0 . LA . I i

\Jertebrate Mulitiz ﬂhinment & Conservation (17 Species)

all RNA transcriptomics

Yue, BM rEG enomics, 2008



Isoforms

IsomiRs
AGCUACAGCUGGCUACUGGGU Polymorphic
AGCGACAUCUGGCUACUGGGU isomiRs
GCUACAUCUGGCUACUGGGU
5’ isomiRs AAGCUACAUCUGGCUACUGGGU

GCAGCUACAUCUGGCUACUGGGU
AGCUACAUCUGGCUACUGGG
AGCUACAUCUGGCUACUGGGUU 3’ isomiRs
AGCUACAUCUGGCUACUGGGUCU

Canonical miRNA — AGCUACAUCUGGCUACUGGGU

\AUCAGCAGCUACAUCUGGCUACUGGGUCUCUGAL Pre-miR
l | sequence
Mature miRNA sequence
derived from miRBase (v18)
TRENDS in Geneatics

Variability in Dicer and Drosha processing
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MIRNA expression in cancer

increased

tumorigenesis
r\ tumor
oncogene ——>»

esis | || —— suppressor
gene (TSG)

decreased
tumorigenesis
tamor  oncomiR
suppressor
miRNA

Pichler & Calin, Br J Cancer 2015
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DIRNA

P—

e 26-31 nucleotides in length

* transcribed in clusters

e 5" uridine

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

* silencing via RISC

* amplified by a ping-ping
mechanism 1.
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tRNA fragments

b

e 76 - 90 nucleotides in length

* carrying an amino acid to If° i
the ribosome
* Fragmented in: > ¥
7
e halfs o | ke
e stress induced
A

* fragments (1/4)

* RISC regulation,
epigenetic control,
metabolism,

immune activity
stem cell fate commitment

Kanai, Life, 2015
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SNRNA and snoRNA

* ShRNA — small nuclear RNA
* Role in splicing
e ~ 150 nucleotides.
* Bohnsack et al, Biol Chem, 2018

* SnoRNA — small nucleolar RNAs
* role in the modification, maturation, and stabilization of rRNA
* regulation of gene expression and alternative splicing

* stress response
* Liang, Frontiers in Oncol, 2019
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2. Small RNAs transcriptomics
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Small RNA transcriptomics

 Study of the the complete set of small RNA transcripts that are
produced by the genome, under specific circumstances or in a specific
cell or body fluids—using high-throughput methods

e <100 nucleotides or <200 nucleotides
 Transcribed as small RNAs

 Processed to small RNA
* Degraded to small RNA
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Small RNA Technologies

e RT-qPCR panels
* limited part of.th_e_ transcriptome #;;,ﬁ;s "gﬂf:g‘“
e good reproducibility p::tf:p platform
« good for validation o/ i

* Microarray
* limited to known genomes and known transcripts DATA ACQUISITION
* In some cases poor sensitivity and a limited dynamic range
* non-specific hybridization or cross-hybridization

EXPERIMENTAL DESIGN

) sample prep sample prep
* well defined RNAs library prep hybridization
sequencing imaging
* |ow cost
* |low noise
* MirNome

ANALYSIS & INTERPRETATION
* Small RNA sequencing

* potential ambiguity in the mapping

S . alignment image analysis
*Pp rOtOCOI S peCIfI c b 1ases cluster generation data processing
* discovery normalization normalization
diff. exp. comparison statistical analysis
* la rge range candidate loci 1D and candidate loci ID
* Many kits — not comparable results focovery
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Small RNA sequencing — library preparation

miRNA
Total RNA or purified small RNA 5 S Sy
o mMiRNA 3’ Adapter
3’ Adapter Ligation I Y " 3 5 3
‘ 5’ Adapter
7 H H ! /\/\_—_ 7
5’ Adapter Ligation > 3
Reverse Transcription 5. 3
L
‘ RT primer

PCR Amplification

un
1
W

Final Library Cleanup ‘
5[
5l
5’ Magnetic
> beads
5[
5'
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Small RNA transcriptomics AGO immunoprecipitation

miR!
Size selection
1. UV254nm
CROSSLINK
A. Molecular Human B. Molecular Rat IR foctors_
bp Marker  Brain bp Marker  Testis miR

622 - 622 |

Crosslinked miRNA-mRMA duplex

527 - 527 -

. IMMUNOPRECIPITATION

404 - with antiAGO Ab

404 -
307 -
307 -

242 - ;
217 - iR
342: 190 - ™
] = —piRNA
190 - 125 {~150 bp) Crosslinked miRNA-mRNA duplex
) L — miRNA 110- ‘
140 ho)
123 - (~140 bp) 3. Gelextraction and  SDS-PAGE
110 - processing for Deep AGO+mRNA
Sequencing ;
90 - AGO+mIRNA
76—
67 - Free RNA
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Small RNA transcriptomics

Read length distribution

e Size selection is not perfect

1e+07

e Bias can be introduced

value

5e+06 -

 Size distribution need to be
checked

0e+00 -

T T T T T
20 25 30 35 40
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Seguencing

* The most common technology for small RNA-seq
e Reconstruction of isoforms

* Detection of novel transcripts
 Suited for expression analysis
* High number of samples
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Sample size vs depth

Sample size

To detect a 1.5 logfold difference:
* RNA sequencing * 3 samples/group —> 43% statistical power

1. Highly expressed known transcripts * 10 samples/group —> 91% statistical power
2. Novel isoforms

3. Low expressed / rare transcript With 10 sample/group:

* 3 mill read/sample —> 52% statistical power
e 10 mill read/sample —> 80% statistical power

<:-«-r'c ® O

Talk to a statistichian

A survey of best practices for RNA-seq data analysis
https://doi.org/10.1186/s13059-016-0881-8

@) UiO: University of Oslo IN-BIOS5000/9000 Small RNA transcriptomics



Batch effects
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3. Analyse small RNA sequencing data
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Small RNAseq workflow

From Fastq files to small RNA read counts

* Reproducible

e Detect isoforms

* Detect most small RNA classes
e Efficient
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fMapping to \

(

Parsing to count tables
Tool: htseq

Collapsed reads human genome
Tool: Tool: Bowtie2 and
fastx_collapser samtools

O: FASTA files O: BAM alignment

A 4

RAW reads (FASTQ Trimmed reads
files) (FASTQ files)

Adapter trimming and low quality
read filtering

Tool: AdapterRemoval v2.1.7
Params: minlength 17, minquality 30

files )
miRNA isoform pipeline
Mapping to miRNA
Collapsed reads genes
Tool: Segbuster Tool: Miraligner
O: FASTA files) O: Text files

--------------------------------------

Mapping to tRNA
genes

O: CSV files of mMRNA,
PiRNA, IncRNA, tRNA
etc.

o

~

J

-

Parsing to count tables

O: CSV files of miRNAs,
isomiRs and miRNA-

hairpins

~

Tool: DESeqg2 and R statistics

Normalization: variance stabilizing

optmatch package.
Significant threshold: p-adjusted < 0.05

v

Parsing to count tables

Tool: MINTmap
O: Text files J

IN-BIOS5000/9000

"l 0:CsvV files of tRNA

derived fragments

\_

/Differential expression analyses \

Filter: fewer than 5 reads in 20% of the samples.

transformation implemented by DESeq2.
The control samples in design were selected by

J

A 4

/Functional annotation,

visualization
Tool: R environment, kegga,
topGO

We aimed to understand
functional roles of differentially
expressed RNA transcripts by
using KEGG pathways analyses,
GO categories etc.

\_

\

J
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All RNAs pipeline

4 )
Mapping to Parsing to count tables
Trimmed reads Collapsed reads Tool: human genome (
(FASTQ files) fastx_collapser Tool: Bowtie2 »|  Tool: htseq >| Analyses
e O: FASTA files O: BAM alignment O: CSV files of mRNA,
files piRNA, IncRNA, tRNA
\_ Y, \etc. )

Tool: fastx_collapser Genome: hg38
Tool: bowtie2 . .
We collapsed Params: --sensitive-local -k 10 Tool: hts.eq v0.9.1(in a python‘scnpt)
Annotations: GENCODE v26, pirbase v1,
overrepresented reads MirGeneDB v1.1
which is essential to To allow 10 alignments and to use local Irbenebbvl.
d ing ti d li t method ismatch i d.
;?Skusear::ppmg fmean alighment method, no mismatch In see We selected the highest quality alignment for
pace. . . multi-mapped reads to increase specificity
Sensitive-local is usually recommended for . . . .
while decreasing noise of ambiguous

small RNA read mapping. We aimed to get .
a high sensitivity for all transcripts. mapping.

The GENCODE database contains almost all
transcript classes, including mRNAs, IncRNAs,
tRNAs, miscRNAs etc. We aimed to recover all
possible transcript types.
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MiRNA isoform pipeline

( )

laosed read Mapping to miRNA Parsing to count tables
: Collapsed reads genes (
Trimmed reads N . S > Analyses
(FASTQ files) Tool: Seqbl.Jster > Tool: erallgner "l 0:CsV files of miRNAs, > Y
hairpins )
Tool: Segbuster (i.e. Miraligner Tool: Miraligner v31
wrapper) Annotations: miRBase v22
Miraligner requires collapsed reads. It Miraligner is a widely accepted
also does a pre-filtering of low count algorithm for miRNA and isomiR
and low-quality reads which is done quantification. It also provides
by its internal algorithm. miRNA-hairpin quantification. The
default settings were used.
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tRNA-derived fragment pipeline

Mapping to tRNA Parsing to count tables

Trimmed reads genes .
(FASTQ files) Tool: MINTmap J >l 0:CSV files of tRNA

;( Analyses

O: Text files derived fragments

Tool: MINTmap

MINTmap is an efficient tool for
tRNA-derived fragment detection.
It provides a unique ID for all
identified fragments.

The default settings were used.
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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 fq Stqc row:

executables or

any other fles. input: "data/ {Samp|e}.fastq.gz"
output:

The expected output.

It's not required to list all possible outputs. "fOSth - rdu.l/ {sa m p I E}_ fOStQC.htmr',

Just those that you want to monitor or that

are used by a subsequent step as inputs. "fGSth - FGI.U/ {sa m p I e}_ fOSth.Zip"
shell:""

fastqc -o fastqc_row {input}

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

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

@)} UiO: university of Oslo IN-BIOS5000/9000 Small RNA transcriptomics



* Break
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Small RNA count data

e Similar to mRNA count data

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

A hsa-mir-125b-1
TCCCTGAGACCCTAACTTGTGA 78.9 % of reads
TCCCTGAGACCCTAACTTGTG
TCCCTGAGACCCTAACTTGT
CCTGAGACCCTAACTTGTGA
TCCCTGAGACCCTAACTTGTGAT
ACGGGTTAGGCTCTTGGGAGCT 0.2 % of reads Gene/ Sam pIe
ACGGGTTAGGCTCTTGGGAGC
ACGGGTTAGGCTCTTGGGAG
CACGGGTTAGGCTCTTGGGAG
TCCACGGGTTAGGCTCTTGGGA
99.556 % of reads Gene A 5 0 45 101
z
g
3
o
g Gene B 17 500 32 67
o
% 0.441 % of reads
®
*é, 0.002 % of reads 0.019 % of reads 0.001 % of reads

_ Gene C 752 16432 20020 45078

TTGTTGCGCTCCTCTCAGTCCCTGAGACCCTAACTTGTGATGTTTACCGTTTAAATCCACGGGTTAGGCTCTTGGGAGCTGCGAGTCGTGCTTTTGCATCC

B :
" Total 350250 278090 400890 799009
3 UG, 20 hsa-mir-125b-1 A
g u\i} 1 \ &
0-6-C Y Ce0aU-C Y- A-G-UC G- U B AGAC GO UAACUUGUG Lo-U-U-u-a”C
3 ® [ ] o0 [ ] G

?—G—U—G‘o_U,G-A-G‘C,G-ll)-O-G‘A,G-G-G‘U,U-O-U;C,G-G-A-U-U-G-G-G-?-A-C\C,U-A-A-A-LKU'U

u-U 80 hsa-mir-125b-1* 60

Normalization
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Heteroscedasticity
100 —

Challenges of using count data AN A
» The unit of measurement is number of reads ™"

(count) — not light intensities (microarray), or
the shape of a curve (QRT-PCR).

« Large dynamic range — from zero up to
millions.

0.10

* Heteroscedastic — variance is not equal across f\

the range of counts T
- Positive integers and non-symmetric I 1111
distribution —i.e. normal distribution doesn't fit. jﬁz M
« Systematic biases (normalization) e

0 5 10 15 20 25 30
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Normalization

* Sequencing depth — library size
* Sequencing length
* Variance across means
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Normalization for library size

 |f sample A has been sampled deeper than sample B, we
expect counts to be higher.

* Naive approach: Divide by the total number of reads per
sample

* Problem: Genes that are strongly and differentially
expressed may distort the ratio of total reads.
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Normalization for library size

* To compare more than two samples:

* Form a “virtual reference sample” by taking, for each gene,
the geometric mean of counts over all samples

 DESeq2: Normalize each sample to this reference, to get
one scaling factor (“size factor”) per sample.

Anders and Huber, 2010
similar approach: Robinson and Oshlack 2010
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Research question - analyses

You now have a normalised small RNA count table

* Now you must design your analyses according to your research
guestion

* For example:
 |dentify small RNAs that differes in expression between two groups
-> Differential expression analyses

* Construct a model based on RNA counts that classifies two groups
-> machine learning
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Differential gene expression analysis

« DESeq2 implements a Wald test
* Conceptually similar to a t-test

» Goal is to identify genes that are differentially abundant (DE)
between two conditions.

« Assumption: most genes are not DE

* Null hypothesis: each gene has the same abundance across
conditions.
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Strong poisson noise for low count values

|) Poisson counting error
— Uncertainty in count-based measurements

— Disproportionately large for low-count data

250

200

200 -
150 -
100 -

B Control

B Treatment
50

0

L2

Low count High count

@ UiO ¢ University of Oslo IN-BIOS5000/9000 Small RNA transcriptomics



DE testing— adjusted p-values

Multiple hypothesis testing

* Thousands of genes = thousands of hypothesis
tests (simultaneously)
* Increased chance of false positives! (Type | error)

— e.g. you test for differential expression in 1000 genes
that are not differentially expressed

— You would expect 1000 x 0.05 = 50 of them to have a
P-value < 0.05

* Individual P-values not useful
— Need multiple testing statistic instead
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Differensial Expression

 DESeq2 and edgeR — two of the most common pacakges
for RNA-seq analysis (differential expression).

 DESeg2 and edgeR — based on “raw counts” such as from
HTSeq
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Differential expression vs machine learning

@) UiO: University of Oslo IN-BIOS5000/9000 Small RNA transcriptomics



Drug response

Diseased ' by BM
Healthy \
Classification Regression
Predict Predict
category number/function
Supervised

pre-categorized or
numerical

_..~*  Gene profile

Cells by by oi
. y given genes
metabolites expressed
: Dimension
Clustering .
reduction
it hidden
y similarity dependency

Unsupervised

not labeled

Classical machine learning

Q) UiO: University of Oslo
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https://vas3k.com/blog/machine_learning/

Training — test — cross validation

Original set
Training set Test set
Training set Valldatlonset Test set
[ Training, tuning, and

evaluation

Machine learning
algorithm

v

Predictive ModeI]Q

Final performance estimate
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Evaluation

Classification metrics

Classification (binary) Confusion Predicted classes
A matrix

Predicted Predicted
_ . negative ___

,,,,,,, positive _ _ _ 1 __
Predicted Praedicted

e Evaluation scenarios in life Py oo | o
sciences RS P o 1|1

True negative | False positive

N t
“gative (tn) i)

o | 1 | 2

False negative| True positive
(n) (tp)

Predictions

@oecnve
l

* experimental validation of
the predictions ®

e computational assessment

Actual classes

Positive

Classifier

Class scores l tp, fp, fn, tp

A

* Quantifiable indicators of _[rocensf O e i =
a model’s ability to solve R o sacent
the given task 3 e

. . s‘z’:c"g‘dty : ‘ recision eca ecifici
 Confidence intervals ] ricecs e : T oty
1 - specificity 1
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Mentimeter - quiz
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4. Research example
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Prediagnostic serum RNA dynamics in lung cancer
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AllLC samples
Phase 1 (542 cases and 519 controls)

: : AllLC samples
Phase 2 - 7 time windows (7 time windows, 27 cases and 135 controls each)

Early Stage Locally Advanced Advanced
Phase 3 -7 time windows (9 cases and 45 (14 cases and 70 (18 cases and 90
controls) controls) controls)

NSCLC NSCLC NSCLC SCLC

(99 cases) (165 cases) (75 cases)

(84 cases)

Phase 4 -sliding windows

ADC
(89 cases)
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Stage

Locally
. Advanced
Control Early (Localized) Advanced Unknown

Sample and patient
characteristics o

SCLC 84 101 171 11
9 35 76 4
Others
10 5 32 4
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B 0-14yrs 15-28yrs 29-42yrs 43-56yrs
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5.7-7yrs

Endocytosis pathways

Extracellular fluid
" SRR

L 2

V5

cytoplasm

4
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www.jcbio.co.kr/

MAPK, mTOR, ErbB, Ras
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Davelopment
MAPK, ErbB, = MAPK, ErbB,
Ras, mTOR Ras ‘ ErbB
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Molecular *a* FEBSPRESS
Oncology JORFEBSPRESS

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?3, Eckart Meese*, Aslaug Helland®>®”7,
Robert Lyle®? and Trine B. Rounge™'° |

|

| Prediagnostic serum RNA dynamics in lung cancer

|
£
=
[*S
N
b
g
o
2
a9
3
I
=

Y b
10 years LUTg Cancer
Time Lo Sagnosis diagroses
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Prior to diagnosis models
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Summary

 Large-scale serum ncRNA analyses for biomarker research require
* optimized methods
* knowledge of technical and biological variation

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

* smallRNAs can predict lung cancer up to 10 years prior to diagnosis
* The prediction AUC is dependent on time and subtype
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Resources

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

* https://www.youtube.com/watch?v=Gi0JdrxRg5s&ab channel=StatQuestwit
hloshStarmer

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