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Why sequence RNA? NBIS ScilifcLab

Enchancer Promoter TFBS TSS Exon Intron Exon Intron Exon TSS
v — Vv
5 a H — 4 T3
Genomic DNA ) Gene g
v
5 UTB CDS CDS CDS Cé’ UTR
Primary RNA 501 | | | | | |—|3'
v < >
Mature mRNA Pre-processed RNA
Isoform 1 Isoform 2
5 cap PolyA St‘a'rt St‘(?p PolyA
500 | | [ | 13 5L | | |3
) CcDS - ~ cps
\ 4
Protein
H | | | C H | C

e The transcriptome is spatially and temporally dynamic
e Data comes from functional units (coding regions)
e Only atiny fraction of the genome



Applications NBIS Scil ifcLab

¢ |dentify gene sequences in genomes

e Learn about gene function

o Differential gene expression

e Exploreisoform and allelic expression

e Understand co-expression, pathways and networks
e Gene fusion

e RNA editing
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& Conesa, Ana, et al. "A survey of best practices for RNA-seq data analysis." Genome biology 17.1 (2016): 13



Experimental design NBIS Scil.ifeLab

¢ Balanced design
e Technical replicates not necessary ( )
e Biological replicates: 6 - 12 ( )
e ENCODE consortium
e Previous publications
e Power analysis
a Distribution from TCGA READ dataset b M Estimated sample size
a 3
el |
@ 15
1
& a o7
[<J O os
i
o4 03
. a
’ ) log2(Read g::unts) * Read Counts

& RnaSeqgSampleSize (Power analysis), Scotty (Power analysis with cost)

& Busby, Michele A, et al. "Scotty: a web tool for designing RNA-Seq experiments to measure differential gene expression." Bioinformatics 29.5 (2013): 656-657
& Marioni, John C,, et al. "RNA-seq: an assessment of technical reproducibility and comparison with gene expression arrays!" Genome research (2008)
& Schurch, Nicholas J., et al. "How many biological replicates are needed in an RNA-seq experiment and which differential expression tool should you use?." Rna (2016)

& Zhao, Shilin, et al."RnaSegSampleSize: real data based sample size estimation for RNA sequencing." BMC bioinformatics 19.1 (2018): 191



RNA extraction NBIS SciliftLab

e Sample processing and storage
Total RNA/mRNA/small RNA
DNAse treatment

Quantity & quality

RIN values (Strong effect)
Batch effect

& Romero, Irene Gallego, et al. "RNA-seq: impact of RNA degradation on transcript quantification.” BMC biology 12.1 (2014): 42



Library prep

¢ PolyA selection

e rRNA depletion

e Size selection

e PCR amplification (See section PCR
duplicates)

e Stranded (directional) libraries

o Accurately identify
sense/antisense transcript
o Resolve overlapping genes

e Exome capture
e Library normalisation
e Batch effect

NBIS SciLyceLab
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& Zhao, Shanrong, et al. "Comparison of stranded and non-stranded RNA-seq transcriptome profiling and investigation of gene overlap." BMC genomics 16.1 (2015): 675
& Levin, Joshua Z., et al. "Comprehensive comparative analysis of strand-specific RNA sequencing methods." Nature methods 7.9 (2010): 709



Sequencing

Read length

O Greater than 50bp does not improve DGE
O Longer reads better for isoforms

Pooling samples

Single-end reads (Cheaper)
Paired-end reads

Sequencer (lllumina/PacBio)

Sequencing depth (Coverage/Reads per sample)

NBIS SciLy%Lab
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Increased mappable reads
Increased power in assemblies

Better for structural variation and isoforms

Decreased false-positives for DGE

& Chhangawala, Sagar, et al. "The impact of read length on quantification of differentially expressed genes and splice junction detection." Genome biology 16.1 (2015): 131

& Corley, Susan M., et al. "Differentially expressed genes from RNA-Seq and functional enrichment results are affected by the choice of single-end versus paired-end reads and

stranded versus non-stranded protocols.” BMC genomics 18.1 (2017): 399
& Liu, Yuwen, Jie Zhou, and Kevin P. White, "RNA-seq differential expression studies: more sequence or more replication?” Bioinformatics 30.3 (2013): 301-304
& Comparison of PE and SE for RNA-Seq, Scilifelab



Workflow | DGE NBIS SciLifeLab
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De-Novo assembly NBIS Scil.ifeLab

¢ When no reference genome available
To identify novel genes/transcripts/isoforms
Identify fusion genes

Assemble transcriptome from short reads

Access quality of assembly and refine
Map reads back to assembled transcriptome

& Trinity, SOAPdenovo-Trans, Oases, rnaSPAdes

& Hsieh, Ping-Han et al, "Effect of de novo transcriptome assembly on transcript quantification" 2018 bioRxiv 380998

& Wang, Sufang, and Michael Gribskov. "Comprehensive evaluation of de novo transcriptome assembly programs and their effects on differential gene expression analysis."
Bioinformatics 33.3 (2017): 327-333



Read QC NBIS Scilifel.ab

Number of reads

Per base sequence quality
Per sequence quality score
Per base sequence content
Per sequence GC content
Per base N content
Sequence length distribution
Sequence duplication levels
Overrepresented sequences
Adapter content

Kmer content

QUALITY
CONTORL

& F5stQC, MultiQC

https://sequencing.qcfail.com/

¢t QCFAILL.com

Articles about common next-generation
sequencing problems




Read QC | PBSQ, PSQS NBIS ScilifcLab

Per base sequence quality

Quality scores across all bases (lllumina 15 enceding) Quality scores across all bases (llumina 15 enceding)
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Read QC | PBSC, PSGC

Per base sequence content

Sequence content across all bases
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Sequence content across all bases
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Read QC | SDL, AC NBIS Scil.ifeLab
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Trimming

Trim IF necessary

o Synthetic bases can be anissue
for SNP calling

o Insert size distribution may be
more important for assemblers

Trim/Clip/Filter reads
Remove adapter sequences
Trim reads by quality

Sliding window trimming
Filter by min/max read length

o Remove reads less than ~22nt
e Demultiplexing/Splitting

& Cutadapt, fastp, Skewer, Prinseq

NBIS SCiLy%Lab
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e Aligning reads back to a reference sequence
e Mapping to genome vs transcriptome
e Splice-aware alignment (genome)

& STAR, HiSat2, GSNAP, Novoalign (Commercial)

& Baruzzo, Giacomo, et al. "Simulation-based comprehensive benchmarking of RNA-seq aligners." Nature methods 14.2 (2017): 135




Mapping

e Reads (FASTQ)

@ST-E00274:179 :HHYMLALXX:8:1101:1641:1309 1:N:0:NGATGT

NBIS SciLyceLab

NCATCGTGGTATTTGCACATCTTTTCTTATCAAATAAAAAGTTTAACCTACTCAGTTATGCGCATACGTTTTTTGATGGCATTT

+

#AAAFAFA<-AFFJJJAFA-FFJJJJFFFAJIJI-<FFJJJ-A-F-7--FA7F7----- FFFIFA<FFFFI<AJ--FF-A<A-<.

|

@instrument:runid:flowcellid:lane:tile:xpos:ypos
read:isfiltered:controlnumber:sampleid

e Reference Genome/Transcriptome (FASTA)

>1 dna:chromosome chromosome:GRCz10:1:1:58871917:1 REF
GATCTTAAACATTTATTCCCCCTGCAAACATTTTCAATCATTACATTGTCATTTCCCCTC
CAAATTAAATTTAGCCAGAGGCGCACAACATACGACCTCTAAAAAAGGTGCTGTAACATG

e Annotation (GTF/GFF)

#!genome-build GRCz16
#!genebuild-Llast-updated 2016-11
4 ensembl_havana gene 6732 52059 . -

|

seq source feature start end score strand frame attribute

& lllumina read name format, GTF format

»
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e SAM/BAM (Sequence Alignment Map format)
ST-E@0274:188:H3IWNCCXY:4:1102:32431:49900

163 1 60 8513

»
query flag ref pos mapq cigar mrnm mpos tlen seq qual opt

& SegqMonk, IGV, UCSC Genome Browser
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& SAM file format



Alignment QC NBIS SciliftLab

¢ Number of reads mapped/unmapped/paired etc
e Uniquely mapped

¢ |nsert size distribution

¢ Gene body coverage

e Biotype counts /Chromosome counts

e Counts by region: gene/intron/non-genic

& STAR (final log file), samtools > stats, bamtools > stats, QoRTs, RSeQC, Qualimap



Alignment QC | STAR Log NBIS ScilifcLab

MultiQC can be used to summarise and plot STAR log files.
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STAR Alignment Scores
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Created with MultiQC




BAM QC | samtools

samtools stats file.bam

SN
SN
SN
SN
SN
SN
SN
SN
SN
SN
SN
SN
SN
SN
SN
SN
SN
SN
SN
SN
SN
SN
SN
SN
SN

raw total sequences: 522095280
filtered sequences: 0
sequences: 522095280

is sorted: 1

1st fragments: 261047640

last fragments: 261047640

reads mapped: 514139025

reads mapped and paired: 510035006
reads unmapped: 7956255

reads properly paired: 460249078

reads paired: 522095280

reads duplicated: 60151694
reads MQO: 54098384
reads QC failed: 7]

non-primary alignments: 15023188
total length: 78437013272

bases mapped: 77238941462

bases mapped (cigar): 74139898333
bases trimmed: ©

bases duplicated: 9022025650
mismatches: 1695194781
error rate: 2.286481e-02

average length: 150
maximum length: 151
average quality: 37.6

NBIS S(:iLyCcLab



BAM QC | bamtools NBIS ScilifcLab

bamtools stats file.bam

sk ok 3k ok 3 ok ok ok ok 3k ok 3 ok ok ok ok sk ok 3 ok 3k ok ok 3k ok 3 ok ok ok ok sk ok sk ok % ok ok 3k ok 3 ok ok ok k ok
Stats for BAM file(s):

3k 3K 3k 3k >k 5k 3k >k >k 5k 5k >k 5k 5k >k 5k %k >k 3k 5k %k >k 5k %k >k >k 5k >k >k 3k %k >k 5k %k >k 5k 3k >k >k %k k >k >k k%

Total reads: 537118468

Mapped reads: 529162213 (98.5187%)
Forward strand: 270376825 (50.3384%)
Reverse strand: 266741643 (49.6616%)
Failed QC: 0 (0%)

Duplicates: 61425418 (11.4361%)
Paired-end reads: 537118468 (100%)
'Proper-pairs’: 465991264 (86.7576%)
Both pairs mapped: 524501668 (97.651%)
Read 1: 268374707

Read 2: 268743761

Singletons: 4660545 (0.867694%)



QoRTs

NBIS Scil. ﬁ‘Lab

QoRTs was run on all samples and summarised using MultiQC.

CCC13-01B-qorts
CCC13-02T-qorts
CCC13-04B-qorts
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(=}

@ Unique Gene: CDS

No Gene: M

QoORTs: Alignment Locations
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Percentages
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Created with MultiQC
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Quantification | Counts NBIS SciLifcLab

e Read counts = gene expression Union
R if Read
e Reads can be quanti ?d on any Gene A
feature (gene, transcript, exon etc) Gene
¢ [ntersection on gene models —
) Gene A
e Gene/Transcript level LA |
I Gene A

m-g 0 0000 EnE-gn B
CHHE—H — - 5" GeneA

Gene A Gene B Gene C
T
[a | Gene A
& featureCounts, HTSeq
T
A | Ambiguous
I _
A | Ambiguous
(B |
I Ambiguous




Quantification | PCR duplicates NBIS ScilifcLab

Ignore for RNA-Seq data
Computational deduplication (Don't!)
Use PCR-free library-prep kits

Use UMIs

& Fu, Yu, et al. "Elimination of PCR duplicates in RNA-seq and small RNA-seq using unique molecular identifiers. BMC genomics 19.1(2018): 531
& Parekh, Swati, et al. "The impact of amplification on differential expression analyses by RNA-seq." Scientific reports 6 (2016): 25533
& Klepikova, Anna V, et al. "Effect of method of deduplication on estimation of differential gene expression using RNA-seq." PeerJ 5 (2017): e3091



Quantification | Multi-mapping NBIS Scil ifcLab

e Added (BEDTOOlS multicov) A align short reads to reference genome
e Discard (featureCounts, HTSeq) Ple, | S —, 5. genen
¢ Distribute counts (Cufflinks) —_— i —_— i
° Rescue . exon exon-junction
B weight alignments of multireads (Rcount-multireads)
o Probabilistic assignment (Rcount, o e SRR | i
Cufﬂinks) Hi=°‘7f£“: EH}=0.35 —"f::;-junction
o Prioritise features (Rcount) =g S
o Probabilistic assignment with . ————————

map alignments to features (Rcount-distribute)

EM (RSEM)

= unmapped read
—+= ambiguous read

2 S Y S e
€,=20.75+2 C,=0+3
N
SR3.2232 3' uncovered

D distribute ambiguous reads (Rcount-distribute)

......................

...................

€=20.75+2%0.72

c=8.25+2*0.28

&Schmid, Marc W., and Ueli Grossniklaus. "Rcount: simple and flexible RNA-Seq read counting” Bioinformatics 31.3 (2014): 436-437



Quantification | Abundance NBIS SciliifcLab

e Count methods

o Provide noinference on isoforms
o Cannot accurately measure fold change

¢ Probabilistic assignment

o Deconvolute ambiguous mappings
o Transcript-level
o cDNAreference

Kallisto, Salmon

Ultra-fast & alignment-free

Subsampling & quantification confidence

Transcript-level estimates improves gene-level estimates
Kallisto/Salmon > transcript-counts > tximport() > gene-counts

&h RSEM, Kallisto, Salmon, Cufflinks2

& Soneson, Charlotte, et al. "Differential analyses for RNA-seq; transcript-level estimates improve gene-level inferences." F1000Research 4 (2015)
& Zhang, Chi, et al. "Evaluation and comparison of computational tools for RNA-seq isoform quantification. EMC genomics 18.1(2017): 583



Quantification QC NBIS ScilifcLab

ENSGR0000000003 140 242 188 143 287 344 438 280 253
ENSG0000000005 0 0 (4] 0 0 0 0 0 0

ENSGO0000000419 69 98 77 55 52 94 116 79 69
ENSGO0000000457 56 75 104 79 157 205 183 178 153
ENSGO0000000460 33 27 23 19 27 42 69 44 40
ENSGO0000000938 7 38 13 17 35 76 53 37 24
ENSGO0000000971 545 878 694 636 647 216 492 798 323
ENSGB0000001036 79 154 74 80 128 167 220 147 72

¢ Pairwise correlation between e Count QC using RNASeqComp
samples must be high (>0.9)

—— Cufflinks
—— FluxCapacitor,
- kallisto
RSEM
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& RNASeqComp

& Teng, Mingxiang, et al."A benchmark for RNA-seq quantification pipelines” Genome biology 17.1(2016): 74



Normalisation NBIS ScilifcLab

e Control for Sequencing depth & compositional bias
e Median of Ratios (DESeq2) and TMM (edgeR) perform the best

g |
P L
£ r E—: j—\
: SR Poe
¥ i = g E E ® E
¢ FoR DGE using DGE packages, use raw counts
¢ For clustering, heatmaps etc use VST, VOOM or RLOG N
e For own analysis, plots etc, use TPM NORMAL DISTRIBUTION
e Other solutions: spike-ins/house-keeping genes

A A A

PARANORMAL DISTRIBUTION

& Dillies, Marie-Agnes, et al."A comprehensive evaluation of normalization methods for lllumina high-throughput RNA sequencing data analysis." Briefings in bioinformatics 14.6
(2013): 671-683

& Evans, Ciaran, Johanna Hardin, and Daniel M. Stoebel. "Selecting between-sample RNA-Seq normalization methods from the perspective of their assumptions.” Briefings in
bioinformatics (2017)

& Wagner, Gunter P, Koryu Kin, and Vincent J. Lynch. "Measurement of mRNA abundance using RNA-seq data: RPKM measure is inconsistent among samples." Theory in
biosciences 131.4(2012); 281-285



NBIS SciLyceLab

Exploratory | Heatmap

e Remove lowly expressed genes

RLOG, TPM etc

e Transform raw counts to VST, VOOM,
e Sample-sample clustering heatmap
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Exploratory | MDS NBIS Scil.ifeLab

121T10571_12
® 134_T6443_11
153_ST132_13
® 24 _TD9169_08
29_T1942_08
® 61_T1538_07
TD11549_17_0O
® TD11558_17_L

& cndscale() , plotly



Batch correction
e Estimate variation explained by variables (PVCA)

brain testes

rinbatch

resid
libbatch:rinbatch
family:libbatch
family:lane
family:extbatch
family

extbatch
condition

0.0 0.1 0.2 0.3 0.0 0.1 0.2 0.3
Weighted Mean Proportion Variance

Find confounding effects as surrogate variables (SVA)
Model known batches in the LM/GLM model
Correct known batches (ComBat)(Harsh!)

Interactively evaluate batch effects and correction (BatchQC)

& S\VA, PVCA, BatchQC

NBIS SciLy%Lab

& Liu, Qian, and Marianthi Markatou, "Evaluation of methods in removing batch effects on RNA-seq data." Infectious Diseases and Translational Medicine 2.1 (2016): 3-9
& Manimaran, Solaiappan, et al. "BatchQC: interactive software for evaluating sample and batch effects in genomic data” Bioinformatics 32.24 (2016): 3836-3838



DGE NBIS SciLy%Lab

e DESeq2, edgeR (Neg-binom > GLM > Test), Limma-Voom (Neg-binom > Voom-
transform > LM > Test)
e DESeq2 ~age+condition

o Estimate size factors estimateSizeFactors()

o Estimate gene-wise dispersion estimateDispersions()
o Fit curve to gene-wise dispersion estimates
o Shrink gene-wise dispersion estimates
o GLM fit for each gene
o Wald test nbinomwaldTest()
3 8 _@® ~
2 " &
5 5 s s s &
P 3 o e
o < . o g
o () o —
% - ® gene-est % © ® gene-est
- e fitted — e fitted
X e final e e final
D 1 T T 1 o
1e+01 1e+04 600 640 680
mean of normalized count mean of normalized count

& DESeq2, edgeR, Limma-Voom

& Seyednasrollah, Fatemeh, et al. "Comparison of software packages for detecting differential expression in RNA-seq studies. Briefings in bioinformatics 16.1 (2013): 59-70



DGE NBIS SciLy%Lab

e Results results()

## Log2 fold change (MLE): type type2 vs control
## Wald test p-value: type type2 vs control
## DataFrame with 1 row and 6 columns

## baseMean Log2FoldChange LfcSE
## <humeric> <numeric> <numeric>
## ENSGOOOO0000003 242.307796723287 -0.932926089608558 0.114285156312647
## stat pvalue

#H <numeric> <numeric>

## ENSGOOOO0O0OOO0O3 -8.16314356726468 3.26416150312236e-16

## padj

#it <numeric>

## ENSGOOOOO000003 1.36240610027518e-14

e Summary summary()

##
## out of 17889 with nonzero total read count
## adjusted p-value < 0.1

## LFC > © (up) : 4526, 25%
## LFC < @ (down) : 5062, 28%
## outliers [1] : 25, 0.14%
## Low counts [2] >0, 0%

## (mean count < 3)
## [1] see 'cooksCutoff' argument of P?results
## [2] see 'independentFiltering' argument of ?results




DGE NHS&ﬂ#Lm

e MAplot plotMa() ¢ Normalised counts plotcounts()
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Functional analysis | GO NBIS SdlifeLab

Thanks to Systems
Biology, we now have a
clear picture of complex
diseases|

¢ Gene enrichment analysis
e Gene set enrichment analysis (GSEA)
e Geneontology / Reactome databases

Carotenoid biosynthesis DNA integration,

response to antibiotics
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Functional analysis | Kegg NBIS SclifeLab

e Pathway analysis (Kegg)

[ oxparive pHOsPHORYLATION |

Complex I

-1
Complex [T

Complex I

Corplex IV

Complex ¥

N&DH deb NasE Succinate deh nase
(Thermus t] mu%elulus) (E. Cﬁ\]}]}ﬂmge

Proton | ATP synthase
channel | (Escherichia coli)

2

Foumit

o
i 11202
(Peripheral am)

F+ HO
IH+

Crrtochrome ¢ oxidase
Cytochrore bel complex (bovine)
Succimate Fumarate (havine)

Frunit

NaD.

b
=

PiADP . 4 A@EO
F-type ATPase (Bacteria)

|alpha ‘ beta ‘gammal delta |epsilon|
a b c
Bt [ Hdbo | Hai | Na | NabH | Hdht | Nald | Ndb® | WMdbE | HdbF | NehD | NdbE | Wbl | Hbl | NdbH | HoE | HeF | Hoald |

E [ Ndufal [ Neufa2 | Weufa3 [ Mufad [NufaS [ Ndufes | Nelufa? [ Ndufag | Neufad Meufal0 [Ndufab] [Nehfal 1] Hdufal 2 Maufa1 3]
E [ Meufb! [Neufb2 [ Hduib3 [ Heufh dufhs | Nebuft7 [ Heufb | Nenibg

9,
Fr

SoETTTE

B [ Huok [ NuoB | NuoC [ NuaD | MuoE | HuoF | NuoG | NuoH [ Nuol | Nuol [ NuoK [ HuoL | HunM [ NusH |

F-type ATPase (Eukaryotes)
alpha | beta

garuma | delta | epsilon
QSCP a b c d
f g fh | k 2

&k DAVID, clusterProfiler, ClueGO, ErmineJ, pathview



Single cell RNA-Seq NBIS ScilifcLab

¢ Bulk RNA-Seq measures mean expression-level over many cells
e Poor resolution for development, differentiation, heterogenous tissues
¢ |dentify cell typesin a tissue

e Temporal/spatial/conditional change in cellular state and composition
a Manual Multiplexing Integrated fluidic Liquid-handling Nanodroplets Picowells In situ barcoding

circuits robotics
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e Zero-inflated data (~80% missing data)

e Transcriptional bursting, drop-out

e Low RNA, Poor capture efficiency

[ J

Amplification bias and background noise

& Svensson, Valentine, Roser Vento-Tormo, and Sarah A. Teichmann. "Exponential scaling of single-cell RNA-seq in the past decade.” Nature protocols 13.4 (2018): 599



scRNA-Seq | Example NBIS SciliifcLab
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& Sebe-Pedros, Arnau, et al. "Cnidarian Cell Type Diversity and Regulation Revealed by Whale-Organism Single-Cell RNA-Seq." Cell 173.6 (2018): 1520-1534
& Plass, Mireya, et al. "Cell type atlas and lineage tree of a whole complex animal by single-cell transcriptomics.” Science 360.6391 (2018): eaaq1723




New Advances NBIS ScilifcLab

¢ Longread single molecule RNA-Seq (Zuo et al, 2018)

Research | Open Access

Revealing the transcriptomic complexity of
switchgrass by PacBio long-read sequencing

Churenan Zuo, Matthew Blow, Avnash Sreed Rita © Ko d Kiinde thy
Ieone Tarres-Jerez, Guiten LI, Mei Wang, David Dibworth, Kerrie Barry, Michae! Udvard:, Jeremy Schmutz,
Yuheng Teng & and Ying Xu &

Biotechnalogy for Binfusls 2018 11170

¢ Single-cell isoform RNA-Seq (Ishaan et al, 2018)

Single-cell isoform RNA sequencing (ScISOr-Seq) across thousands of cells reveals
isoforms of cerebellar cell types.

Ishaan Gupta, Paul G Cellier, Bettina Haase, Ahmed Mahfouz, Anoushka |oglekar, Taylor Floyd,
Frank Koopmans, Ben Barres, August B Smit, Steven Sloan, VWenjie Luo, Olivier Fedrigo, IM Elizabeth Ross,
Hagen U Tilgner

¢ Single-cell lineage tracing (Manno et al, 2018)

RNA velocity of single cells 2™ oten
{ond points)
-
Gioele La Manno, Ruslan Soldatov, Amit Zeisel, Emelie Braun, Hannah Hochgerner, Viktor Petukhov, & ., Dessty
=
Katja Lidschreiber, Maria E. Kastriti, Peter Lonnerberg, Alessandro Furlan, Jean Fan, Lars E. Borm, L High
: Back-diffusion
Zehua Liu, David van Bruggen, Jimin Guo, Xiaoling He, Roger Barker, Erik Sundstram, Gongalo (root)

Castelo-Branco, Patrick Cramer, Igor Adameyko, Sten Linnarsson B & Peter V. Kharchenko B

Nature 560, 494-498 (2018) | Downlead Citation &




Summa ry NBIS SCiLy(CLab

Nothing can fix a poor experimental design

Plan carefully about lib prep, sequencing etc based on experimental objective
Biological replicates may be more important than paired-end reads or long reads
Discard low quality bases, reads, genes and samples

QC! QC everything at every step

Verify that tools and methods align with data assumptions

Experiment with multiple pipelines and tools

& Conesa, Ana, et al."A survey of best practices for RNA-seq data
analysis." Genome biology 17.1 (2016): 13



Further learning NBIS Scil ifcLab

o Griffith lab RNA-Seq using HiSat & StringTie tutorial
SciLifelLab courses

HBC Training DGE using DeSeq?2 tutorial

Hemberg lab scRNA-Seq tutorial

RNA-Seq Blog




Thank you! Questions?
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Session

NBIS SCiLyQ‘Lab

This presentation was created in RStudio using remarkjs framework through R package xaringan .

getS3method("print","sessionInfo")(sessionInfo()[-7])

## R version 3.5.1 (2018-07-02)

## Platform: x86_64-w64-mingw32/x64 (64-bit)
## Running under: Windows >= 8 x64 (build 9200)

##

## Matrix products: default
#H

## locale:

## [1] LC_COLLATE=English_United Kingdom.1252
## [2] LC_CTYPE=English_United Kingdom.1252
## [3] LC_MONETARY=English_ United Kingdom.1252

## [4] LC_NUMERIC=C

## [5] LC_TIME=English_United Kingdom.1252

##

## attached base packages:

## [1] parallel stats4 stats
## [8] methods  base

##

## other attached packages:

## [1] bindrcpp 6.2.2

## [3] SummarizedExperiment_1.10.1
## [5] BiocParallel 1.14.2

## [7] Biobase 2.40.0

## [9] GenomeInfoDb _1.16.0

## [11] S4Vectors_6.18.3

## [13] plotly 4.8.@0

## [15] pheatmap_1.0.10

## [17] bookdown 6.7

graphics grDevices utils

DESeq2 1.20.0
DelayedArray 6.6.5
matrixStats 0.54.0
GenomicRanges 1.32.6
IRanges_2.14.11
BiocGenerics_0.26.0
ggplot2 _3.0.0

dplyr 0.7.6
kRnitr_1.20

datasets




