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README.md
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RKREAT G iaki
KEXZ RRZ7OVTAPHREY 5 — RBREFF
KEKRZEBOZRAABEESERNZRE 7O T« PHRABM

iDEPRE

AT dT—%

Cuadrado, Eloy, Maartje van den Biggelaar, Sander de Kivit, Yi Yen Chen, Manon Slot, Ihsane Doubal, Alexander Meijer, Rene A. W. van Lier,
Jannie Borst, and Derk Amsen. 2018. "Proteomic Analyses of Human Regulatory T Cells Reveal Adaptations in Signaling Pathways That

Protect Cellular Identity.” Immunity 48 (5): 1046-59.e6. ht

ikraZ AW REEFREARER

ikra install

1. docker install htt

2. clone ikra

$ git clone https://github.com/yyoshiaki/ikra.git

input table D {ERL

SRA tor & DMetadatak ¥V > 0— K, Excel’d& Tesvic¥¥. iDEPDinput& LTHERET BICIE. groupA_l, groupA_ 2% ¢, 7L
—7%+7 49— 7 +replicate numberic T 2% EH D,

ikra®{T

$ ikra ikra_input.csv human ——protein-coding



https://github.com/AJACS-training/AJACS95
https://github.com/AJACS-training/AJACS84/blob/main/01_ono/README.md
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https://doi.org/10.7875/togotv.2020.018

@ BINABOSA Y2
sYTAF47 - AEV X CC-BY-

191201 5% w

e —

5% E8Yolube

W) 4 & 312, YouTube TIB L 15& https: 42JAMIBY0Q

youtu.be

£52020.01.18 ©08:45 &{E#: TogoTV / $%: A& 4%, Shuya lkeda
iDEP% > TV = 775 9% L CRNA-seq7 — 2 @4 %17
iDEP (integrated Differential Expression and Pathway analysis)it., 7 =777 74 L TRNA-seq7— X %175 Z &N TE BV = 7Y — L TT(RFER: "IDEP: an integrated web application for

differential expression and pathway analysis of RNA-Seq data"), RNA-seq® <A 2 07 L 4, ChIP-seqRRETHONIBEFRBT—% (V—Fho > FELIRFPKM) 2Ahe LTEZ %L, b
— 2y 7¥PCA. RERERIT. NIV AR, TV FAV IR "M IRV VY TEBLUHRERR Y P 7 — I BALRED—EDT— 2B EA VR I T 1 TICRITTEIENTEET,

e iDEP : https://togotv.dbcls.jp/20200118.html
* Biolupies : https://togotv.dbcls.jp/20190730.html
* RaNA-seq : https://togotv.dbcls.jp/en/20210531.html
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ARTICLE

Dissecting transcriptomic signatures of neuronal
differentiation and maturation usine iPSCs

23

Data availability
Links for downloading all sequencing reads, including both the time-course data and all 24

reprocessed public data, are ava - Jibd.org/scb/. Transcriptional data '
are deposited under accession cpde PRINA596331. Sogrce data are available as a Source 25
Data file. '

Code availabilitv

% NCBI SRA Run SeIeCtor ple ; AGé & Baseg E batch_numbe? B Byte:

1 SRR10738231 SAMN13618515 6 12.03G Batch7 4.28 Gb
2 SRR10738232 SAMN13618514 6 11.24G Batch7 3.97Gb
3 SRR10738233 SAMN13618513 ¢ 940G Batch4 3.74Gb
£ SRR10738234 SAMN13618512 2 425G Batch4 1.73Gb
5 SRR10738235 SAMN13618511 9 7.73G Batch4 3.16 Gb
6 SRR10738236 SAMN13618510 9 481G Batch4 2.15Gb

Accession NumberMS5—4 (C7 IO ATE3,
Run Selector’ EZAFHT D LEF (CRETE D,

T —AHAIR—=ANSDIRZR

S DBCLS Research Services Contact About
(Z DRA Home (' DDB] flat file search

% DBCLS SRA > SRA

Q, Keyword :

Q, Accession :

[Advanced searchj [ Additional features ]

ncar 2 NCBI  Resources () How To %)

-
": N C Bl All Databases v m

National Center for
Biotechnology Information

BDBCLS Research Services Contact About

All Of
gene Expression
BRT—I5FVT F—=FUAF EWA AP

Run IDZ AL\ Cfasterg-dumptikra 545 D> 00— R, BT ZITDOCENTE D,


https://sra.dbcls.jp/
https://www.ncbi.nlm.nih.gov/
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Quality control, trimming
Fastqc, trim-galore, fastp etc

1 )Alignment-base (RAM > 32Gb)
STAR/Hisat2 + RSEM etc

2) Pseudo(quasi) alignment
Kallisto, Salmon

@SRR5058658.1 HNI-DO@645:57:COAQEANXX:7:1101:1181:1997 length=51
NTCTGCTCTGCTGAGGACTGGTCCTCAGAGATGTCCCGGTTCTCCGGAAGC
+SRR5058658.1 HWI-DO@645:57:COAGEANXX:7:1101:1181:1997 length=51
#=ABAFGGGGGGGGGEGEEGEGGGGLGEEELEHEEELEHEEEEEHEEEEHEEEE
@SRR5058658.2 HNI-DO0645:57:COAQEANXX:7:1101:1288:1967 length=51
NTCTTGTCTGCGATGCTGAAACCTGGCCTACCCAGCACCACATAGAGGTCC
+SRR5058658.2 HWI-D@0645:57:COAGEANXX:7:1101:1288:1967 length=51
#=ABBGGGGGGGLEEEEAGEEELEHEEEEEHEEEEEHEEEEHEEEEEEHEHEE
@SRR5058658.3 HWI-DO@645:57:COAQEANXX:7:1101:2619:1953 length=51
NACCAGCCATGCGATGTGCATCCATCCAGTTTCTCCCAACTTTACCACCAG
+SRR5058658.3 HWI-D@0645:57:COAGEANXX:7:1101:2619:1953 length=51
#<<AAFGGGGEGABGGGDDGECEFCGG>DF>CF@BBDGGGGGGEE>FGGEG
@SRR5058658 .4 HWI-DO0645:57: COAOEANXX:7:1101:2895:1958 length=51
NCACGTTCTTGCCCTTGTAGTTGAAGATGACATGAACCTTCTTGGTGCCAG
+SRR5058658 .4 HWI-DO0645:57 : COAGEANXX:7:1101:2895:1958 length=51
#<=BBGGGGGGGGEGGGLGGEELEHEEELEGEEEEHEEEEHEEEEHEHEHEE

NS>
https://github.com/yyoshiaki/ikra

@ @ w @ B

STAR

Salmon SAMtools

HISAT2 (sort, index,
stats)
O

cat UMI-tools
extract

FastQC SortMeRNA

UMI-tools

dedup

FastQC BBSplit

Galore! picard

@ MarkDuplicates

bedGraphToBigWig

Salmon

MultiQC

nf-core/* @&
rnaseq

STAGE METHOD Naltigc
1. Pre-processing w— Aligner: STAR, Quantification: Salmon (default) @

2. Genome alignment & quantification e Aligner: STAR, Quantification: RSEM DESeq2 Qualimap RSeQC

3. Pseudo-alignment & quantification Aligner: HISAT2, Quantification: None (PCA only) rnaseq (multiple
4. Post-processing m— Pseudo-aligner: Salmon, Quantification: Salmon modules)

https://nf-co.re/rnaseq/3.9

BEDtools
genomecov

=

StringTie

Preseq

dupRadar

Web¥Y—)J)b

https://ranaseq.eu/home

B Biolupies https://maayanlab.cloud/biojupies/
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SRR10738313  SRR10738318 SRR10738253 SRR10738254
69.3320313413642 25.3199528769756 141.133131572226 153.464342355173
2.02494778903422 0 0.183603173980123 0 . :
0 6.97554762260232 513.88286861354 570.500486767718 DEG (D|ffe rentla”y expressed gEHES) (j: ?
26.7325289046729 58.8921470633404 11.1761016694784 5.90924194893585
0 0 0 10.5985107595544
179.575161274335 98.9594279306123 59.4725598916669 104.442933609104
0 0 1.07927878038009 0
2213.34593710363 1451.044352623 1748.6158281363 1203.88492090296
1294.71091797107 1042.0248759752 394.365087151363 305. 660483357486
2.09932238285757 0 0 0 % E % E ~ j) I/(ign \ —
0 0 0 0 I ’ L (
4.49089625608276 10.4786781173513 0 0 ~ —
1.4707018447045 0 0.916776830076207 0 7
283.513197040042 190.425302464233 479.740900972072 172.745593692753 ﬁb\h% ?
2032.97049470599 1433.84901685345 2480.37818032573 1948.84902959379 .
168.637767302238 212.199047091052 215.371028678045 233.980092222122
2587.1268484756 1292.24913201453 2360.26321921485 2078.9834905674
4960.63923854854 4461.07871447357 3905. 84198428516 2169.07203929686
11.4239551008837 15.7800367229662 34.1834942489164 52.480764012642
1159.69536416959 758.32767960797 922.180095017134 608 . 891525283508 — /
70.9248107086759 52.9779890380827 42.0690065180639 44.0459377806264 /)(\?[,:% X ?@%ﬁ%(i ?
5058.39709973226 4570.26148743001 3877.29446918419 2739.82040905284
593.004114864139 516.985627649763 491.940900096445 324.129035971875
1681.65823120374 1388.47447747828 1856. 25155560238 1237.39986115285
550.074758261778 304.44870529366 532.860077657461 453.859891386728
1752.92247164307 1214.42874343383 4898 34817749582 2930.35816876203 /1 NP W —
7287.75753528241 3502.80828668857 424.743602739513 454.861363745511 4%15&3’9 Td\/ \ 2 I JI /I/ (j: t j
2432.23478285391 1743.20500115542 1411.77973549871 819.275728358163
86.0551215971106 25.4478311417159 411.339407092462 181.456085876676
184.524766445057 65.2521005757459 4493.66860945954 1563.97266904646 —Y‘_’) ) Z ?\ &35 P
701.909901277603 366. 793565504989 819.07031720298 352.522534945071 - !

6.1400796363469 8.98097804322397 25.7341813130029 12.7337538107674

0.881145048459206 2.64976096031239

FRHRET—JILICUIEH E. TRETDRE,
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o - 2~ t 3~ ~ Addins ~ % 2022_shinkei_handson ~

©  tximport.R Environment  History Connections Git
Source on Save O S *Run | =% Source ~ i “* Import Dataset ~ % 89 MiB ~ ¥ List ~ -
1 r/bin/Rscript R ~ 4 Global Environment ~
2
3 library(tximport
4 LibraryCreadr) Environment is empty
5 library(stringr)
6
7 Rscrip rt C C A t z Illu a_PE_SRR I
8
9 SRRs c("SRR10738313", "SRR10738318", "SRR10738253", "SRR10738254"
10 1ids c("day2_1", "day2_2", "day77_1", "day77_2")
11 txZknownGene read_delim( "gencode.v37.metadata.HGNC.gz", ‘\t', col_names c
12
13 ri 1 ) i -
14
15 ile: 1ste(c( " salmon_output Xp. te 2], c("/quant.s I
16 files paste(c("salmon_output_") , SRRs, c("/quant.sf"), sep='')
1; names(files tds Files Plots Packages Help Viewer
19 print(files © | New Folder © Delete = Rename = {j More ~
20 4 Home 2_shinkei_handson k
21 # txi.salmo: X1mport(f , type aLme cge wnie & Name Size Modified
22 txi.salmon tximport(files, type ‘salmon”, tx2gene tkanownGene +
23 countsFromAbundance="scaledTPM' v
24 € .gitignore 408B Dec 30, 2021, 7:09 PM [ ] &
S —— e —————— i1 2022_shinkei_handson.Rproj 2058 Dec 30, 2021, 7:09 PM t u I O
1:1 (Top Level) < R Script = design.csv 1058 Dec 29, 2021, 2:43 PM
Console Terminal Jobs * | Dockerfile S95 B Dec 29, 2021, 2:43 PM
R R4.1.1 - ~/2022_shinkei_handson/ output_salmon_scaledTPM_sample.tsv 1.2 MB Dec 29, 2021, 2:44 PM
wo| README.md 4 KB Dec 29, 2021, 2:43 PM
R vers\on 4.1.1 (2021-08-10) -- "Kick Things scripts.sh 3KB Dec 29, 2021, 2:43 PM
Copyright (C) 2021 The R Foundation for Statistical Computing g
Platform: x86_64-apple-darwinl?.@ (64-bit) 9 timport.R 9708 Dec 29, 2021, 2:43 PM

R 1s free software and comes with ABSOLUTELY NO WARRANTY.
You are welcome to redistribute it under certain conditions.
Type 'license()' or 'licence()' for distribution details.

Natural language support but running in an English locale

R is a collaborative project with many contributors.
Type 'contributors()' for more information and
‘citation()’ on how to cite R or R packages in publications.

Type 'demo()' for some demos, 'help()' for on-line help, or
'help.start()' for an HTML browser interface to help.
Type 'g()' to quit R.

AN}
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Bioconductor

B] O CO n d U C to r Install Help Developers About

OPEN SOURCE SOFTWARE FOR BIOINFORMATICS

About
Bioconductor Install » Liai %

The mission of the Bioconductor = Discover 2083 software packages Master Bioconductor tools
available in Bioconductor release 3.14.

project is to develop, support, and

= Courses

disseminate free open source Get started with Bioconductor * Support site
software that facilitates rigorous and = Package vignettes
reproducible analysis of data from * Install Bioconductor » Literature citations
current and emerging biological = Get support » Common work flows
assays. We are dedicated to building " Latest newsletter * FAQ

e : * Follow us on twitter » Community resources
a diverse, collaborative, and « Install R i \ifane

welcoming community of developers
and data scientists.

Bioconductor uses the R statistical

BioinformaticsFHMR/ \w 4 —=>(&. Bioconductor J AT MMCIDFESHT
BIEINTWLSD,



http://bioconductor.org/
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o tximport, tximeta’® EZ AN TT —FZRICFHEMHAD,

e PCAplot/X EXEMEL T — A iBE=IBAE T B,

e DESeq2, limma, EdgeRIZAED S TS UR{ERA L. Differentially
N Expressed Genes (DEGs) Z1&HT D,

N U N

Pathwayf#AT

e GSEA, clusterprofiler'd EZFIFH LU T/\ XA T A ##FZIT D, }
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? ®
)
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. o . Love MI, 2014, Genome Biology.
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https://bioconductor.org/packages/release/bioc/vignettes/DESeq2/inst/doc/DESeq2.html
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iDEP =R U\ iR

BXMER, BRIHBROEHIC/N—S3 >ERBLTHL

iDEP.94 joad Data Pr k-Means PCA DEG

Ready to load data files.

Click here to load demo data Expression
and just click the tabs for some magic! Nov. 15, 2021: iDEP v0.95 released in testing mode. It includes Ensembl database update species f matrix Kmeans =l
. species) update from v11 to 11.5 i
Re —
10/26/2021: The Genome view is now much improved! Automatically detects chromosomal regions enricl ey i —
1. Optional:Select or search for your species. S BioMart B|CIUSter
iDEP v.0.94 based on Ensembl Release 104 and STRING-db V11. 9/3/2021
Best matching species v Info
10/15/21: For GO enrichment analysis, we now recommend using background genes, instead of all genes Network
2. Choose data type that all genes passed the filter in Pre-Process tab are used as a customized background.
® Read counts data (recommended) We updated instruction for local installation here. The most recent database file is now publically available |' -
Imma-
Normalized expression values (RNA-seq FPKM, microarray, etc.) Check out the 50,000+ datasets of uniformly processed public RNA-seq data herel trend Heatmap b PCA, t-SNE
Fold-changes and corrected P values from CuffDiff or any other program : . §
Email Jenny s. Dr. Ge is notorisly slow in responding to emails. l
3. Upload expression data (CSV or text) iDEP has not been thoroughly tested. Please let us know if you find any issue/bug. X
Genome
Browse... 10/18/20: Interactive network enabl to easily visuals elatedness of pathways, similar to Enri e (PREDA)
you can generate and export interactive networks like this or low. You can move the nodes by draggir

;11‘. u'npt; point and drag “* ﬁ BioMart = >'>’;:;,-/"7\ |
Analyze public RNA-seq datasets for 9 species = Enrichment
GAGE |4 GSEA |{ ReactomePA |4 PGSEA |- :

Optional: Upload an experiment design file(CSV or text) — ana |ySIS

Browse... e ﬁ ‘7‘7‘7‘7‘:‘§‘"{/ \ / TF blndlng

v " . . B e :
Mactomdieculs biodie BioMart, MSigDB, KEGG API |+| pathview || Reactome || sTRinG apI [EE8"|  motifs
Cejlulanmacromolecule GSKB, AraPath
i

Example gene IDs NcRNA metabolic process RNA metabolic procass i

Try ShinyGO for GO enrichment analysis NcRNA processing R'NA processing Nudcuc;ggsr:sclabohc Sterol bloghthetic process
ciborucaosRbosome tiogenasis Steven Xijin Ge et al., 2018, BMC Bioinformatics
ibonucleoprotein comple:
biogenesis Secondary alcohol

biosynthetic process

Establishment of
localization to or

iDEPIC(ZEANSICAZE T, KMAROEMTHIHEID.
== S

POCAERZEITDIEH. FEISI3BEIETUREBREFcTHHUIIEE L,



http://bioinformatics.sdstate.edu/idep/
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In Brief

T cells.

n=649 transcripts (p<0.05)

% oo IFNa/p oy IFNa/p Using high-resolution mass spectrometry
QX i T YLIFNAR ,\cf‘ ,x oY IFNAR and transcriptomics, Cuadrado et al.
V4 QQ / x \\ Q / \ \ provide a molecular characterization of RTKNZ
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The mass spectrometry data have been deposited to the ProteomeXchange Consortium (http://proteomecentral.proteomexchange
org) via the PRIDE (Vi 0 et al., 2016) repository with the dataset identifier PDX007745, PDX007744, and PXD005477. RNASeq
data can be accessed with accession number GSES0600.
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Load Data Pre-Process Heatmap

Click here to load demo data
and just click the tabs for some magic!
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1. Optional: Select or search for your species.

Human v Info

2. Choose data type
(@® Read counts data (recommended)
(O Normalized expression values (RNA-seq FPKM, microarray, etc.)

(O Fold-changes and corrected P values from CuffDiff or any other program
3. Upload expression data (CSV or text)

Browse... | output.rmTCR.tsv
Analyze public RNA-seq datasets for 9 species

Optional: Upload an experiment design file(CSV or text)

Browse...

Matched Species (%genes)

Human (100) **Used in mapping™* To change, select from above and
resubmit query.

Homo sapiens STRINGdD (97)
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Mouse (87)

Mus musculus STRINGdDb (86)
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[7) Do not convert gene IDs to Ensembl.
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Search for genes

Enter full or partial gene ID, or list of genes
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nTreg
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Gene SD distribution Interactive heatmap

Most variable genes to include:

Correlation matrix Sample Tree

Customize hierarchical clustering (Default values
work well):

Color Green-Black-Red v
Distance Correlation >
Linkage averge v
Cut-off Z score 4 <

Center genes (substract mean)
[CJ Normalize genes (divide by SD)
[CJ Center samples (substract mean)

[C] Normalize samples(divide by SD)

[J Do not re-order or cluster samples

& Heatmap data & High-resolution figure

Color Key
-2 -1 Q 1 2

Value

Most variable genes(C DU\ CBIfR4L.
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Most variable genes to include

0 2,000} 12,000 = Cluster A (N=580)
Cluster B (N=414)
S— ) I | | I | I = Cluster C (N=558)

0 1200 2400 3600 4,800 6000 7.200 8,400 9,600 10,800 12,000 Cluster D (N=448)

Number of Clusters

Re-Run How many clusters?
Gene SD distribution t-SNE map

Normalize by gene:

Mean center v
j indi i S I I I
Enriched TF binding motifs 37187 8l iy vak B2 ¥ sar iatias vat o
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& K-meansdata & High-resolution figure

Enriched pathways for each cluster

Pathway database
GO Biological Process = Cluster adj.Pval nGenes Pathways
A 3.7e-33 223  Immune system process
Remove redudant genesets 4.26-31 180 | Immune response
Filtered genes as background for enrichment 3.3e-20 121 Cell activation
Visualize enrichment & Enrichment details -46:20 113" | Leukocyte activation
~ 2.6e-18 125 Regulation of immune system process
2.6e-18 168 Response to external stimulus
3.3e-18 190  Cellular response to chemical stimulus
1.5e-17 119 Defense response
— M — —
7 =5 X — J: Y=
g — ( E 1.1e-16 116 Biological process involved in interspecies interaction between organisms
— CFRITH
1.5e-16 99  Response to cytokine

(o]
—GO} \ 4 1.9e-16 163 Cellular response to organic substance
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Regulation . Up . Dawin
Identifying Differential Expressed Genes (DEGs). See
next tab for details.

475

o eTreg-nTreg-
Method: B, J —
DESeq2 >
eTreg-mTconv-
FDR cutoff Min fold change
nTreg-mTconv-
0.1 2
583
eTreg-nTconv-
Select factors & comparisons 919
nTreg-nTconv-
Venn Diagram
mTconv-nTcony-
’ 537
& Gene lists ! ;
0 250 500 750

Number of differntially expressed genes

X FDR & fold-changes for all genes(Only use with DESeq2)

X Figure
Numbers of differentially expressed genes for all comparisons. "B-A" means B vs. A. Interaction
4 sample groups detected. terms start with "I:". Unnamed factors are at reference level.
?
Comparisons Up Down
eTreg-nTreg 538 475

eTreg-mTconv 214 300
nTreg-mTconv 210 362
eTreg-nTconv 919 883
nTreg-nTconv 206 153

mTconv-nTconv 537 288

FOR: IREZEROIT OIS, SEREMIEZITONENDSD. SOFalse Discovery Rate (FDR)Z{EAT D,
Fold change : GroupElDIFEELFFRIRDEDLEER
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PCA DEG1 DEG2 Pathway

Examine the results of DEGs for each comparison

SEIE2BETH. EBEDEFZ i i
j:& 5 s t E t\\ % 5 o nTreg-nTconv o
VO I cano p I Ot'YD N T F :E 9: — 7 Volcano Plot = MAPIot  Scatter Plot

TF binding motifs in promoters

T UWF A SR P e e
PathwayZ 1EIR CTE D ol i

Filtered genes as background for enrichment

= Down (N=153)
Up (N=206)

Enriched pathways in DEGs for the selected comparison:
Enrichment tree Network (New!)

Direction adj.Pval nGenes Pathways
& Enrichment details
Down regulated = 7.7e-04 32 Defense response
Enrichment using STRING API
7.7e-04 11 Negative regulation of inflammatory response
A0 Y SIETyA0) 7.7e-04 3 Negative regulation of neutrophil activation
?
7.8e-04 27  Cell adhesion

7.8e-04 30 Positive regulation of signal transduction



Pathway&Z4T

DEG2 Pathway Genome
Select a comparison to analyze:

mTconv-nTconv g
Select method:

GAGE v

Select genesets (Choose KEGG to show pathway
diagrams):

GO Biological Process v
Geneset size: Min. Max.
5 2000

Pathway signifiance cutoff (FDR)
0.2

Number of top pathways to show

30

[C] Use absolute values of fold changes for GSEA and
GAGE

Remove genes with big FDR before pathway analysis:

1

Pathway tree Network(New!)
X Pathway list w/ genes

* Warning! The many combinations can lead to false
positives in pathway analyses.

Direction

Up

GAGE analysis: mTconv vs nTconv

T cell activation

Regulation of leukocyte activation
Leukocyte differentiation

Regulation of cell activation

Regulation of T cell activation

Regulation of lymphocyte activation
Regulation of leukocyte cell-cell adhesion
Positive regulation of cytokine production
Leukocyte cell-cell adhesion

Regulation of cell adhesion

Positive regulation of cell activation
Regulation of cell-cell adhesion

Positive regulation of cell adhesion
Mononuclear cell differentiation

Positive regulation of leukocyte activation
Positive regulation of cell-cell adhesion
Lymphocyte differentiation

Adaptive immune response

T cell differentiation

Positive regulation of leukocyte cell-cell adhesion
Positive regulation of lymphocyte activation
Regulation of hemopoiesis

Lymphocyte mediated immunity
Regulation of interferon-gamma production

Interferon-gamma production

statistic
5.4505
5.0952
5.0642
5.036
4.8388
4.7193
4.6678
4.5744
4.5384
4.5368
4.5286
4.5121
4.4455
4.4413
4.4215
4.4099
4.3069
4.2744
4.1206
4.0965
4.0771
4.0377
3.9872
3.9672

3.9536

Genes
371
395
399
422
253
339
245
360
274
487
263
308
299
311
256
206
285
325
203
182
228
277
187
75

76

adj.Pval
1.9e-04
4.0e-04
4.0e-04
4.0e-04
9.7e-04
1.3e-03
1.6e-03
1.8e-03
1.8e-03
1.8e-03
1.8e-03
1.8e-03
2.1e-03
2.1e-03
2.2e-03
2.3e-03
3.1e-03
3.4e-03
6.7e-03
7.0e-03
7.0e-03
7.6e-03
9.6e-03
1.2e-02

1.2e-02

GAGE, PGSEA : &gene set[CEEXENDE
IB{LFDfold changeZ FAUL\/ZARTE,
PGSEAIIB T > TILC ECHiEtER
LT<Nnsd,

GSEA : RIEFDF TRgene setlCEFX
NDEGFDIELLICR DM DN
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Biclustering

me Bicluster Network

RERY T IIDESICER.
5> 7)o 12:?%%%7@2, UL\CAH
HIDELFRIZER. TDLTH

Biclustering can discover genes correlated on subset
of samples. Only useful when sample size is large(>10).
Uses methods implemented in the biclust R package.

Most variable genes to include

2 RS —I(CH] E@“Zo BinFtzy
e : -

Select a cluster

1 A
= -t - = o o~ o o o ®™ o o™
St gttt Al gl gl gt Y b d i
Enrichment database § s & g § s Ef 2 5 5 F R
.‘F' pg < O ,‘E‘ % c £l % .‘_E’ c £l
GO Biological Process >

& Download all biclusters

Enriched gene sets in selected bicluster

1 clusters found. Cluster 1 has 2000 genes adj.Pval Genes Pathways
correlated across 12 samples.

5.8e-25 274  Cell activation
; 9.0e-25 508 Immune system process
8.7e-24 248 Leukocyte activation
1.7e-19 157 Lymphocyte activation
2.0e-18 391 Immune response
1.8e-17 461 Cellular response to chemical stimulus
2.1e-17 95 Lymphocyte differentiation
2.3e-17 124 Leukocyte differentiation
1.9e-16 102 Mononuclear cell differentiation

7.4e-16 115 T cell activation



Network (WGCNA)
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Load Data

Pre-Process Heatmap

Click here to load demo data

and just click the tabs for some magic!

1. Optional: Select or search for your species.

Best match v Info

2. Choose data type
(® Read counts data (recommended)

Normalized expression values (RNA-seq FPKM,
microarray, etc.)

Fold-changes and corrected P values from CuffDiff or
any other program

3. Upload expression data (CSV or text)

Browse... output.rmTCR.tsv

Analyze public RNA-seq datasets for 9
species

Optional: Upload an experiment design file(CSV or text)

Browse...

Example gene IDs

Try ShinyGO for GO enrichment analysis

3ans PCA

DEG DEG2 Pathway Genome Bicluster Network R

Ready to load data files.
All new IDEP 1.0 released in testing mode!

Please send us a brief email to show your support.

If you state your general research area and how IDEP makes you more productive, we can use it as a support letter when we apply
for the next round of funding. Hundreds of strong, enthusiastic letters sent to us in 2019 were essential when we applied for the
current grant from NIH/NHGRI (ROTHGO010805), which expires in 20 months. Your letters will help sustain and improve this service.

If this server is busy, please use a mirror sever http://ge-lab.org/idep/ hosted by NSF-funded
JetStream?2.

July 30, 2022: iDEP updated to v0.96. Fixed a bug in the DEG1 tab regarding the different
comparisons. iDEP now works even when factors have more than two levels. The downside is that
some comparisons for non-reference levels are difficult to make. Users have to change the
reference levels and rerun.

April 25, 2022: Gene ID conversion is much faster now, even when species has to be guessed. So is the DEG2 tab.
April 24, 2022: Add a tab for visualizing the fold-change of all genes in all KEGG diagrams across all comparisons!

Feb. 11, 2022: Like IDEP but your genome is not covered? Customized IDEP is now avallable. Its database includes several custom

genomes requested by users. To request to add new species/genome, fill in this Form
Email Jenny for questions. Follow Dr Ge on Twitter for updates.
If it is slow, restart from a new browser window (not a new tab). You will be assigned to a new worker computer.

IDEP has not been thoroughly tested. Please let us know if you find any issue/bug

IDEP: Integrated Differential Expression and Pathway analysis
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https://github.com/yyoshiaki/VIRTUS2
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nature communications

Explore content v  About the journal v  Publish withus v

nature > nature communications > articles > article

Article | Open Access | Published: 22 July 2022

Myasthenia gravis-specific aberrant neuromuscular
gene expression by medullary thymic epithelial cells in
thymoma

Yoshiaki Yasumizu, Naganari Ohkura &4, Hisashi Murata, Makoto Kinoshita, Soichiro Funaki, Satoshi

Nojima, Kansuke Kido, Masaharu Kohara, Daisuke Motooka, Daisuke Okuzaki, Shuji Suganami, Eriko

Takeuchi, Yamami Nakamura, Yusuke Takeshima, Masaya Arai, Satoru Tada, Meinoshin Okumura, Eiichi

Morii, Yasushi Shintani, Shimon Sakaguchi, Tatsusada Okuno 4 & Hideki Mochizuki

Nature Communications 13, Article number: 4230 (2022) | Cite this article

2039 Accesses | 29 Altmetric | Metrics
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TCGA - The Cancer Genome Atlas

Q Quick Search ~ Manage Sets ~ #) Login = Cart [fJ i GDC Apps

NATIONAL CANCER INSTITUTE . . - :
# j o X i =
m) GDC Data Portal Home RalzeIEHS ® Exploration 4+ Analysis Repository

Harmonized Cancer Datasets
Genomic Data Commons Data Portal

Get Started by Exploring:

I[f] Projects %% Exploration & Analysis £ | Repository

Q e.g. BRAF, Breast, TCGA-BLCA, TCGA-A5-A0G2

Data Portal Summary Data Release 35.0 - September 28, 2022

PROJECTS PRIMARY SITES CASES
&) ]
Ei72 & 67 & 86,394
FILES GENES MUTATIONS
[11843,011 £ 21,446 # 2,610,557
GDC Applications
The GDC Data Portal is a robust data-driven platform that allows cancer
researchers and bioinformaticians to search and download cancer data for analysis. The GDC applications include:
3 ‘ N t = =
= s Bi = FE
Data Portal Website API Data Transfer Tool Documentation Data Submission Portal Legacy Archive Publications

Gibbs, R. A. et al. A global reference for human genetic variation
Nature 526, 68—74 (2015).
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