XiaLab Analytics

Empowering researchers through trainings, tools and Al ) ,
https://www.xialab.ca < contact@xialab.ca

Omics Data Science Training Course

Winter 2024



Schedule for today

Time Topics
mmm) | 9:00-9:10 Introduction
9:10-10:40 NGS omics
10:45 -10:15 MS omics
10:20 - 10:55 Enrichment analysis
11:00-11:15 Pathway & network analysis
Discussion & Next Lecture

XiaLab.ca

Empowering researchers through trainings, tools, and Al




XiaLab Team

Jianguo (Jeff) Xia, PhD MD
Canada Research Chair in
Bioinformatics & big data analytics
jeff.xia@xialab.ca

Zhigiang (Qiang) Pang, PhD
Metabolomics, big data analytics
zhigiang.pang@xialab.ca

XiaLab.ca

Empowering researchers through trainings, tools, and Al

Guangyan (Joe) Zhou, PhD
Transcriptomics, visual analytics
guangyan.zhou@xialab.ca

Yao Lu, PhD Candidate
Microbiomics, multi-omics
yao.lu@xialab.ca



mailto:zhiqiang.pang@xialab.ca
mailto:guangyan.zhou@xialab.ca
mailto:yao.lu@xialab.ca
mailto:jeff.xia@xialab.ca

Our Class

[ XiaLab.ca

-. Empowering researchers through trainings, tools, and Al 4



Our Resources

Recordings & slides

» https://www.xialab.ca under
the “Training” tab within 3
days after lecture

» Faster with Firefox

Community tool:

> https://www.####.ca

Pro Tools:
» https://pro.#it#.ca

% You will be assigned to one
of the three nodes

XiaLab.ca
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Omics Data Science (winter 2024)

The slides and videos will be made available below after each lecture. Your account information are required to access the materials. You can create one using the registration email.

v Week 1 - Overview (Part I)

XiaLab Analytics
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[Lecture]: Overview of omics
technologies and data analysis
. . ] workflow
Omics Data Science Training Course
 Video : (download)
« Lecture slides: (download)

Winter 2024

> 0:00/1:58:10



https://www.xialab.ca/

More on the “pro” tools

. MetaboAnalyst ™ Home Yy Format @ Tutorials  Forum [ Publications Communlty Ve rSIon
~ 5000 users / day
it st o ooy i ~ 100s concurrent users
mail *©
a] o 2,000

Create account ~ Activate account  Forgot password?

1,000

2018 2019 2020 2021

A total of six tools have their “pro” versions Dedicated computing
More features

More stable

Better support
Towards Al (coming ...)

' XiaLab.ca
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https://pro.metaboanalyst.ca/
https://pro.microbiomeanalyst.ca/
https://pro.expressanalyst.ca/
https://pro.omicsnet.ca/
https://pro.omicsanalyst.ca/
https://pro.mirnet.ca/

Raw data = statistics = functions

LC-MS spectra

Bulk RNA-seq

Microbiome

XiaLab.ca
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Towards conversational analytics

You

Drop your data

Provide data information
Describe analysis goal
Approve plan

0. Review report

= Nwh =

XiaLab.ca
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© ook

OmicsBot

Confirm data format
Confirm analysis goal
Propose analysis plan
Execute plan
Generate report



Project Saving & Live Report

@ > Upload > Datacheck > Normalization > Statistics > Correlations

<< Project Home { 7 Edit H &, HTML ” &, PDF ] >> slide Deck

Metabolomic Data Analysis with
MetaboAnalyst Pro

Metabolomic Data Analysis with MetaboAnalyst Pro

1. Overview

2. Data Processing Completed: Thu Jan 4 12:01:48 2024

3. Exploratory Statistical Data Analysis 1 Overview

Appendix: R Command Histor:
A2 Yy The Statistics [one factor] module is designed for general-purpose exploratory analysis of metabolomics data with simple study design with one experimental

factor (two group or multiple group). A variety of statistics, visualization and machine learning methods are supported. It accepts a data table from targeted
peak list files from NMR or
mplex study design with

Coming: PDF report, Slide deck, Al co-pilot

2. Data Processing

Data processing includes four steps: data integrity check, missing value estimation, data filtering and data normalization. Together, these steps enable
comprehensive data treatments to produce a clean, high-quality table suitable for downstream statistical or machine learning algorithms. Some steps are optional
depending on your data type. For instance, missing value estimation and data filtering are primarily for untargeted metabolomics data which typically contain a lot
of missing values and noises

" XiaLab.ca
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Our Support

® User forum
> https://omicsforum.ca
» Please register with subscription
email! We will add a VIP label
associated with your account

® Through email
» support@xialab.ca

® \We need sufficient information to
reproduce the issue.
1. Analysis goal
2. Tool + input data
3. Steps + parameters

XiaLab.ca
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Welcome to the OMICS community

Please search before you post, and follow forum rules

A mIRNA-centric network visual analytics platform

Hom
g
=! 5.0 ‘
@ sis and meta-analysis of gene
i Shit e
icsAnalyst ey NetworkAnalyst
ta-driven multi-omics integration via ntui tive visual g0
ograt 5 B Network visual analytics for gene expression data
\GWAS-explorer
functional insight

Home > Groups

Q VIP

Paid users that have subscribed to XiaLab package.

Nl S PIE) S Activity / Manage Permissions
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https://omicsforum.ca/
mailto:support@xialab.ca

Our Syllabus

Topic

Date

Lecture

Omics Data Science

Jan. 6

Omics data processing, statistics and visualization

Foundations I Jan. 13

From raw data to functional insights

Transcriptomics Jan. 20 RNAseq data analysis in model species ExpressAnalyst & NetworkAnalyst
Jan. 27 RNAseq data analysis for non-model species ExpressAnalyst & Seq2Fun
miRNAs & non- Feb. 3 MicroRNAs, noncoding RNAs and biological networks miRNet & NetworkAnalyst
coding RNAs
Proteomics Feb. 10 Proteomics data analysis and interpretation ExpressAnalyst & NetworkAnalyst
Metabolomics Feb. 17 Targeted metabolomics data analysis MetaboAnalyst
Feb. 24 LC-MS untargeted metabolomics data analysis MetaboAnalyst
Microbiomics Mar. 2 Marker gene data analysis MicrobiomeAnalyst
Mar. 9 Shotgun metagenomics data analysis MicrobiomeAnalyst
Multi-omics Mar. 16 Knowledge-driven multi-omics integration OmicsNet
Mar. 23 Data-driven multi-omics integration OmicsAnalyst
XiaLab.ca

Empowering researchers through trainings, tools, and Al
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The “big picture” of omics data analysis

Statistics, ML

o Domain
Data Distillation Q Knowledge

3

Visualization

' XiaLab.ca
-. Empowering researchers through trainings, tools, and Al
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Two main types of raw omics data

1. NGS-omics: next-generation sequencing (NGS) data
* (Genomics
* Epigenomics
* Transcriptomics

2. MS-omics: mass spectrometry (MS) data
* Proteomics
* Metabolomics
* Exposomics

XiaLab.ca
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Spectra

| have spent > $10,000 on sequencing (or metabolomics),
and we have received > 100s GB data

Now What?

- Empowering researchers through trainings, tools, and Al 14
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Omics data analysis in a nutshell

Raw data From raw data to a
preprocessing data table

A

Data processing & Prepare data table for
analysis

normalization

Significant

Statistical analysis
Y patterns

& visualization

eatures &

— =

Functional Insights &
interpretation hypothesis

XiaLab.ca
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Task #1: from raw data to

@M01380:62:000000000-B547W: 1:1102: 20819:1013 1:N:0:MVI006 NGCCTCTT| 1INCTGCATAIL
NGTAGAGTTTGATTCTGGCTCAGGATGAACGCTGACAGAATGCTTAACACATGCAAGTCTACTTGATCCTTCGGGTGATGGTGGCGGACGGGTGAGTAACGCGTAAAGAACTTGCCCTGCAGTCTGGGACAACATTTGGAAACGAA
TGCTAATACCGGATATTATGCGAACTTCGCATGTAGC TCGTATGAAAGCTATATGCGCTGCAGGATAGCTTTGCGTCCTATTAGCTAGTTGGTGAGGTAACGGATCACCAAGGCCATGATCGGTAGCCGGGCTGAGTGTGTGAACG
GCCGCAAGG

+

8BCC FGGGDGFF8C FAF7C CFGGDCGDD?, B?ECGPA

FFFFFFDGCFG7CEFAF@FG, 3FGGGG, +FCECGG=CCO: CCFFGGF9>CFFCGGFGGGL*6<6@, 97F COFGRECSBE?OF7F6>76+>AFCSCSEFACEC**//02A=EGFEEA37> 41+ +¥122)/)/74)9% 1 *¥)01
*)87)4),)-1:

@MD1380: 62:000000000-B547W: 1:1102:16288:1015 1:N:0:MNI006 NGCCTCTTILINCTGCATAIL
NTACGTAGGGTTCGATCCTGGCTCAGGATGAACGCTAGCTACAGGCTTAACACATGCAAGTCGAGGGGCAGCATCATCARAGATTGCTTTG! “AACCTGCCGACAACAC
TGGGATAGCCTTTCGAAAGAAAGATTAATACCGGATGGCATAATTATTACGCATGGGATAATTATTAAAGAATTTCGGTGGCCGATGGGGG™ VAAACAACGACGGATAG
GGTGTGTGG

#B@A(GG@EEFFE?EFFFFFBK(FGGFG EECCF,CF:, ,F<FECCI ,9@, , 7<C<CFGGEFF8FCCEEC7=7FFCG+8+AE<CBEGFEFF :BFFGF(8, ,BF7@7CE8B
=FABS, 5, , 7@FAE**><@, FCCFABFFCC; >11‘5‘>FGF69 @89, 6= CEG(\88+29+37C+23+49< 9+7BFD8***3==, J;“‘/"1 CF*4240:43<CH*476==7*))*2979(**2)2)9)*)* . 1>)87: .
4.4

<?xml version="1.0" encoding="1SO-8859-1"?>
<m1XMLmens-"’*" ://sashimi.. chema_revision/mzXML_3.2" xmins:xsi="http://www.w3.0rg/2001/XMLSchema-instance"
ocation="http://sashimi. /schema_revision/mzXML_3.2 http://sashimi.sourceforge.net/schema_revision/mzXML,
<msRun scanCount="2535" startTnme=”PT0.09556$” endTime="PT359.981S">
<parentFile fileName="file:///C:\Users\Admin\Desktop\EMP\Raw\Plate2/LC_Blank_10.raw"
fileType="RAWData"
fileSha1="f88f42711b213c6a4c6f08bb2d5a9f69d77a3341"/>
<mslnstrument msinstrument|D="1">
<msManufacturer category="msManufacturer" value="Thermo Scientific"/>
<msModel category="msModel" value="Q Exactive"/>

category=' isation” value="el ionization"/>
lyzer category=" lyzer" value="quadrupole"/> m z M L
<msDetector category="msDetector" value="inductive detector"/>

<software type="acquisition" name="Xcalibur" version="2.5-204201/2.5.0.2042"/>
</msInstrument>
<dataProcessing centroided="1">

type=' i name="P i software" version="3.0.9935"/>
Operation name="Ct ion to mzML"/>

<software type="processing" name="ProteoWizard software" version="3.0.9935"/>

<comment>Thermo/Xcalibur peak picking</comment>
</dataProcessing>

XiaLab.ca
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Plekhgl
Plekhg6
4930592103R
Plekhg4
Plekhg5
Nsa2

Nampt
Vmol
Man2al

200.1/2926
205/2791
206/2791
207.1/2719
219.1/2524
231/2516
233/3023
234/3024
235.1/2695

236.1/2524

ata table

485
126

117
1540
2882

43
11979

147887.53
1778569
237993.6
380873
235544.92
117649.77
3991453
76880.87
171995.22
252282.04

462
172

5

0

150
1472
3103
68
13268

451600.71
1567038
269714
460629.7
17362338
48960.63
3569513
99526.27
128945.16
206031.93

467
206

9

0

138
1577
3487
51
15988

562
198

7

0

95
1792
3090
62
14592

Data Table

65290.38
1482796
2013934
3517501
82364.59
222609.07
410550.7
97493.76
15544248
71763.79

56540.93
1039130
1501073
219288
794804
286232.15
198416.5
53461.71
115286.25
73602.47

347 296 458 487

137 164 110 152

2 7 0 7

0 0 0

83 109 105 91

1419 1580 1288 1670

2400 3148 2343 2569

24 30 22 26

7416 9708 7285 10071
175177.08 82619.48 51951.61
1950287 1466781 1572679
276541.8 222366.2 211717.7
417169.6 324892.5 277990.7
244584.47  161184.05 7202938
465898.01 61234.44 96841.46
397107.8 2712521 334459.9
65215.64 55952.44 73781.01
199981.49 30028.6 156968.3
253791.07 187225.65 79389.63
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What's inside a table ......

Sample IDs

Feature IDs Abundance information

Raw Data Processing =
Feature ldentification & Quantification across samples

XiaLab.ca
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Schedule for today

Time Topics
9:00-9:10 Introduction
—> 9:10-10:40 NGS omics
10:45 -10:15 MS omics
10:20 - 10:55 Enrichment analysis
11:00-11:15 Pathway & network analysis
Discussion & Next Lecture

XiaLab.ca
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Next Generation Sequencing (NGS)

> Deprecated
O 454
o SOLID

> Supported, not used much in genome
assembly v

O lon Torrent (lon PGM)
O lon Proton

> Current workhorses
O lllumina (short-reads)

" . . m)NationalHum.anGenome
O Pacific Biosciences (long reads)
genome.gov/sequencingcosts
» Third gen
gt [ U
O OXford Nanopore 20012002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017

O 10x Genomics - GemCode

" XiaLab.ca
- Empowering researchers through trainings, tools, and Al 19



Applications of NGS

de novo . .
sequencing resequencing Hi-C ATAC-Seq ChIP-Seq RNA-Seq
‘ assembly mapping mapping mapping mapping mapping —
. . . transcript
mp [amrotion] | S0 | %0 cion || o | | i | | deecionand | g
g quantification
| j
genome chromatin transcriptome

" XiaLab.ca
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Short Reads vs Long Reads

Long reads is for genome de
novo assembly (no reference
genome) or detecting structural
variants

O Novel species

Short reads is for genome
mapping
o Already has a reference genome

o Detection & quantification
4 RNA-seq
Metagenomics

XiaLab.ca
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lllumina Systems

Pros: az =]
o Huge yield, cheap, reliable

o Read length “long enough”

(100-300 bp)

o Industry standara=huge K I e i L
amount of available and more.
software -

Cons: —

o GC-problems, quality-dip
at end of reads,

r .. 1

o Long running time for Hi-

Seq, shortinsert-sizes

Production-scale genome, Population- and production-  Population- and production-scale
exome, transcriptome scale human whole-genome ~ genome, exome, transcriptome
sequencing, and more. sequencing. sequencing, and more.

" XiaLab.ca
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Key Innovation

i
. . . e £ |
Massively parallel detection on immobilized i { /
“molecular colonies” .
Jalth| \ !
1. Using PCR to grow clusters of a DNA template li‘:!" TR
(no cloning with bacteria or yeast!); i “j‘*"'!‘! A
2. Imaging while sequencing by synthesis (SBS) naws L

in each cycle

1 2 3 5 6 ¥ 8 9
EREEREEEE —

Image acquisition Base calling

XiaLab.ca
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Massively Parallel

llumina Flow Cells

XiaLab.ca
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What the output look like (fastq)?

Developed at the Wellcome Trust Sanger Institute to bundle a FASTA

formatted sequence and its quality scores

XiaLab.ca

Empowering researchers through trainings, tools, and Al

(jeffxia@Jeffs-MacBook-Pro-2 testdata % head -n 50 D2.CE2-H2-LT_R1.fastq

@A00266:275: HLETWDSXX 640:17562:28651 1: AGTATC+AGCGAGAT
AGGGAGGATCATGAACTCCTGCATAGCCAGCTTATTGCCAGCATGGGAGCCACCATTGATCACATTGARAGCAGGAACTGGAAGAATGACTTCTGCATTCC
i
FFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFR
@A00266:275: HLFTWDSXX:2:1528:28257:14137 1: CAGTATC+AGCGAGAT
CTTACCTLTCTCTCTCTGCCAGCC”CACACACGCTGTAAAACTGRCTCCCTTTAGCTCGGRAAACTTTTACAGATALTCAGCGTGRAALTACGGCFGGCCT

FFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFF FFFFFFFFFFFFFF
@A00266:275: HLFTWDSXX:2:2602:14443:5368 1:N:0:CCAGTATC+AGCGAGAT
TTCCTTCTCTCCCAGGAGTACCTGGTTGTCCTGGGAAACCAGGATCTCCCTTTTCACCTTTCAGGATAATATCATAAGAAAAATCTCCTGGCTCCCCTTTT
+
FFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFF : FEFFFFFFFFFFF
@A00266:275: HLFTWDSXX:2:1101:4580:1000 1 CCAGTATC+AGCGAGAT
TGCTGTTCTACTTGATGATGGAAAAGAGAAAATAGCATAACCAAAAAATCCCAGTGGACGGTGGAAGCCGCCTTCCACGTGGTACCAGGTCACTTTTACGT
¥
FFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFF : FFFFFFFFFFFFFFFFFFFFFFFFFFFR
@A00266:275: HLFTWDSXX:2:1335:6867:32863 1:N:0:CCAGTATC+AGCGAGAT
GGAGCGCTGGGCTGACAGCAGCCGGAGGGGACGTGCCCCTGAACGACGAGGCTGAACCGACAGCTACTGGTGGAGATGAACAGTAAGGACAAAACTAAACG
P

FFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFEF : FF
@A00266:275: HLFTWDSXX:2:2338:3513:27524 1:N:0:CCAGTATC+AGCGAGAT
GGGCCATCAACTGAAATCTTCCAAAACACACGGCGATGAATTGTCCAGGAGATGATAGTATTTCTCAGGAAATGCTTCATTGAAGGTAGAGCTTGGAGAAT
P

FFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFE : FFFFFFFF
@A00266:275: HLFTWDSXX:2:1678:19162:1611 1:N:0:CCAGTATC+AGCGAGAT

CAGCAGGAACAGTGCGGAGAAGAGTAGTGACAGT TGCTACAGCTACATCCTGAGGGGTGTACT TCATGGGGCAGGAATGCCCAGGTGTCACCATGTTGGGT
i
FF:FFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFEF : FEFFFFF
@A00266:275 223:27814:19570 CCAGTATC+AGCGAGAT
GGGGGTTGGCATGGAAGCTCCATCATCAGATGTCATTCCAAACAGGTTARACARATGTCTTCTGTCAATAGCTGATCCTGCCTTAGGGTACTAAGTACAGE
“

FFFFFFFFFFFFFFFFFFFFFFFFFEF, FEFFFFFFFFFFF : FFFFFFFFFFFFFFFFFFFFFF : FFFFFFFFFFFFFFFEF : FEFFEF : FEFFFFEF : FF
@A00266:275: HLFTWDSXX:2:1660:15881:8609 1:N:0:CCAGTATC+AGCGAGAT
TGATAGGTCAAGGATTTGTCACTTGGGTCGTCTCCAAAATCAAAGCCATCAAAGGCATCCCCAGCTTCACCACCAAGAAAGTAGGCATAAGTGAGTCGATA
I
FFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFF
@A00266:275: HLFTWDSXX 24:4906:4820 1 :CCAGTATC+AGCGAGAT
GGCCGCCACCGCCACCGCCCCAGGGTCAGGCTGCAGCAACTGGGATGAGCTGATGTAGCTGGCTCTGCCCGCCCCGGCTTCCATATGCCTGGTGGCCTCCG

i
Ly L Ly S S S A S8 S L

25



How to understand fastq file?

@HWI-EAS209_0006_FC706V]:5:58:5894:21141#ATCACG/1

TTAATTGGTAAATAAATCTCCTAATAGCTTAGATNTTACCTTNNNNNNNNNNTAGTTTCTTGAGATTTGTTGGGGGAGACATTTTTGTGATTGCCTTGAT
+HWI-EAS209_0006_FC706V]:5:58:5894:21141#ATCACG/1

efcfffffcfeefffcffffffddf feed] ]_Ba_”~__ [YBBBBBBBBBBRTT\]] []dddd ddd~dddadd"~BBBBBBBBBBBBBBBBBBBBBBBB

‘@’ followed by a sequencer Identifier

The sequence

‘+’, optionally followed by a sequence Identifier
The quality scores

XiaLab.ca
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What is a base quality score?

Q=-10log p

O p is the probability that the base call is wrong

Base Quality (Q) P.....(Obs. base)
3
5 32 %
10 10 %
20 1%

30
40

" XiaLab.ca
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Quality checking (FastQC)

Q FastQC =5 o)

File Help

bad_sequence.txt | good_sequence_short. txt

@ Basic Statistics ) . "
Quality scores across all bases (Illumina >v1.3 encoding)

. 34
@Perbasesequenoequalltv 32 ﬁﬁﬁﬁ - IIIIIIIIIIII

Per sequence quality scores |5 Ll
Per base sequence content |25 | 1] BININ

OO

26 r H
4 B ]
\ ) Per base GC content
A * 4 24 N
) M LT
( | Per sequence GC content |22 r ~H-H B
A * 4 -

Per base N content

Sequence Length Distribution|16

OO0

R\
y/
=

L
k
{

1
| Sequence Duplication Levels .

N A
A
~

) Overrepresented sequences |19 a

y
g

©:
Ey
I3
[a]
[=]
3
il
>

JITHT

1 3 S 7 9 11 13 15 17 19 21 23 25 27 29 31 33 35 37 39
Position in read (bp)

http://www.bioinformatics.babraham.ac.uk/projects/fastgc/

XiaLab.ca
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http://www.bioinformatics.babraham.ac.uk/projects/fastqc/

Trimming based on quality scores

Q Per base sequence quality
* faStp Quality scores across all bases (Slger/IHumma 1.9 encoding)
v https://github.com/OpenGene/fastp T T LI ITT LTTTTTT
* Trim Galore | RN Epgunn
v https://www.bioinformatics.babraham.a T

c.uk/projects/trim galore/

* FASTX

v http://hannonlab.cshl.edu/fastx toolkit

fastp: an ultr

-fast all-in-qgne FASTQ preprocessor

by S Chen - 2018

Cited by 10270 }- fastp is a versatile tool that can perform quality profiling,

read filtering, read

pruning, adapter trimming, polyG/polyX tail trimming, UMI ...

Abstract - Introduction - Materials and methods - Results

XiaLab.ca

Empowering researchers through trainings, tools, and Al

29


https://github.com/OpenGene/fastp
http://hannonlab.cshl.edu/fastx_toolkit

Sequencing types & depth

a b
] -
72} o)
‘ S s00¢ =
o j gO-S # Reps
Single end (SE) read @ 400c o R
3 206 -4
53009 G;) -5
G g Z me
‘ 82008 04 7
3+
Paired-end (PE) read b 03
i 5 {0 15 20 25 30 ’ ‘
Forward & Reverse sequencing Number of Reads(M) 2550 100 150 200 250 30.0

Number of Reads

Bioinformatics (2013) doi: 10.1093/bioinformatics/btt688

For human studies (most cost effective):

S replicates, 10M reads, single-end

" XiaLab.ca

- Empowering researchers through trainings, tools, and Al 30



Multiplexing to reduce cost

Due to massive parallel sequencing, the reads length in one illumina run

can cover a bacterial genome >1000x times!
» 30~40X coverage for genome assembly

Multiplexing
» Simultaneously measures multiple samples/genomes in a single run

» Primer (adaptor key in the end) + tag + template specific primer + sequence
O Adaptor contains a biotin tag and is needed during sequencing of the template
O Tag allows discrimination between samples (barcoding)
O Primer is needed for amplification of the sequence

Example: TCAGTACTCGGCCTACGGGAGGCAGCAG

XiaLab.ca

Empowering researchers through trainings, tools, and Al



Multiplexing & de-multiplexing

A B C D E

Library Preparation Pool Sequence Demultiplex Align

Sequence Output
to Data File

Library 1 Barcode
Library 2 Barcode
Sequencing Reads
DNA Fragments
— Reference Genome

https://www.illumina.com/content/dam/illumina-marketing/documents/products/illumina_sequencing_introduction.pdf

XiaLab.ca
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ask overview

NGS sequence file

[jeffxia@Jeffs-MacBook-Pro-2 testdata % head -n 50 D2.CE2- .fastg
b 2 40:17562
GATCATGAACTCCTGCATAGCCAGCTTATTG CATTGAAAGCAGGAACTGGAAGAATGACTTCTGCATTCC

@A00266:275 X g 1 CAGTATC+AGCGAGAT
CTTACCTCTCT GACTCCCTTTAGCTCGGAAAACTTTTACAGATACTCAGCGTGAAACTAGG!
+

E CAGTATC+AGCGAGAT
TTCCTTCTCTCCCAL.L,AMAMTr‘rwcTr‘r‘wmaAAAm‘Amwrrrcr‘wwwnrmwmr‘rn TAATATCATAAGAAARATCTCCTGGCTCCCCTTTT
T
FFFFFFFFFFFFFFFFF

@A00266:275:HLFTW Demultiplexed

TGCTGTTCTACTTGATG

'FFFFFF : FFFFFFFFFFFFF

3GTACCAGGTCACTTTTACGT

5
gig‘g;‘g?fgg&“igi; Re m Ove d a d a pto r' 'FFFFFFFFFFFFFFFFFFFF

GGAGCGCTGGGCTGACA AGTAAGGACAAAACTAAACG
I

FFFFFFFFFFFFFFFFF p rl m e rs ta gs FFFFFFFFFFFFFFFFF : FF

@A00266:275: HLFTW
GGGCCATCAACTGAAAT

;FFFFFFFFFFFFFFFF Tri m m e d/fi Ite re d I OW-

@A00266:275: HLFTW

SAGr GGAACAGTGCGG q u a I ity b a Se p a i rs {CAGGTGTCACCATGTTGGGT

FF:FFFFFFFFFFFFFF "FFFFFFFFFFEF : FFFFFFF
LN CAGLALCTAGCGAGAL

ATGTCATTCCAAACAGGTTAAACAAATGTCTTCTGTCAATAGCTGATCCTGCCTTAGGGTACTAAGTACAGG

!GAAGGTAGAGCTTGGAGAAT

FFFFFFFFFFF : FEFFFFFF

275 :HLFTWDSX! 15881:8609
GTCAAGGATTTGTCACTTGGGT bTL.TCCBAAATCAAAGCCRTLAAAGGCATCCCLA CTTCACCACCAAGAAAGTAGGCATAAGTGAGTCGATA

FFE‘E‘E‘FFFFFFFEFFFFFFFFFE‘E‘F FFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFF
@A00266:275: HLFTWDSXX : 2 4906:4820 1 TATC+AGCGAGAT

GGCCGCCA CAGGGTCAGGCTGCAGCAACTGGGATGAGCTGATGTAGCTGGCTCTGCCC! GCTTCCATATGCCTGGTGGCCTCCG
ne
FFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFFF

XiaLab.ca
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Gene count table

NAME

ENSMUSG00000023868
ENSMUSG00000029538
ENSMUSG00000064141
ENSMUSG00000020986
ENSMUSG00000024811
ENSMUSG00000038781
ENSMUSG00000022159
ENSMUSG00000002103
ENSMUSG00000024608
ENSMUSG00000022037
ENSMUSG00000027108
ENSMUSG00000033540
ENSMUSG00000021910
ENSMUSG00000039156
ENSMUSG00000021959
ENSMUSG00000020364
ENSMUSG00000020415
ENSMUSG00000015340
ENSMUSG00000025875
ENSMUSG00000017734
ENSMUSG00000022787
ENSMUSG00000031834
ENSMUSG00000002428
ENSMUSG00000026064
ENSMUSG00000041420
ENSMUSG00000027297
ENSMUSG00000014771
ENSMUSG00000045980
ENSMUSG00000025591

X454039
219
424
32
198

2518

4749

X454051
49
376
4
167
255
2
31
505
868
32
323
138
2380
1181
228

958
2689
156
46
66

61
79

76
106
396

X454057
42
191
4
100
194
2
29
298
613
4
184
90
1497
706
134
4
439
1880
101
27
32
15
44
30
5
0
43
48
187

X454066
50
436
22
203
442
2
59
638
1521
12
392
279
3471
1821
277

915
4618
231
64
66
29
109
93

130
118
506

X454081
6
529
76

7348
383
700

16

1582

X454090
17
1172
165
475
1365
5
222
1570
3077
0
1145
1382
19703
948
1720
36
464
5098
1389
450
336
700
763
111
214

247
1334
36

X454102
22
914
163
406
1148

154
1351
2111

752
1462
15845
821
1274
16
516
4652
1259
441
284
564
642
76
254

240
1078
41

X454108
21
1014
170
369

4618
1438

33



Understanding NGS data

With reference genome/transcriptome (i.e.

model organisms)

Lecture #3

» Gene mapping (exact)

Without reference genomes (non-model
organisms)

» Ortholog mapping (allow gaps / mismatches)

Lecture #4

> Itis possible to do genome assembly followed by
genome annotation (will touch this later)

XiaLab.ca
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Mapping to genome (a.k.a alignment)

K 3332.2k 3332.3k 3332 .4k 33325k 3332.6k 3332.7k 3332.8k 3332.9k 3333k
nes with links to pseudomonas.com

— EEE—
: rne

112.2 pl122 qlll q1l1.23 q21.2 q22.1 q231 q2332 q24.31 9252 q26.12 q26.

69 bp
12,259,810 bp 12,259,820 bp 12,259,830 bp 12,259,840 bp 12,259,850 bp
1 | | | | | |

12,259,860 by
|

AACTGTTTCACCAGAAC
ACT.TATCACAA AAC
TTTCACCAAAC
CACCAAAC

ACCA AAC

CALAAC

CALAAC

ALAAC:

A

2ATACAC
2ATACAC
4ATACAC
JATACAC
4ATACAC
LATACAC
+ATACAC

i [
CTLTTTCACCA AAC

CTTTTTCACCAAAC:
AACT.TTTCACCA . AAC:
AACT.TTTCACCA AAC:
AACT TTTCACCAAAC:
AACT.TTTCACCA AAC:
AACT.TTTCACCAAAC.
JAACT.TTTCACCA AAC:
JAACT.TTTCACCA AAC)
TLTTTCACCA AAC

ATACAC

ATACAC
ATACAC
CAC

ATACAC
ATACAC
ATACAC
ATACAC
ATACAC
ATACAC
ATACAC
ATACAC
ATACAC|a
ATACAC|y

AACTGCTTTCACCAGAAC

CTCACCTCCA AACTCTATGCAGTAGCCCCCCATT

RefSeq genes F 3 I C Y G G M

XiaLab.ca

Empowering researchers through trainings, tools, and Al
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From “mapped reads” to gene counts

GeneA GeneB GeneC

Things can get
“complicated”

XiaLab.ca
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intersection intersection

union _strict _nonempty
read
B
ad
gene_A = gene_A no_feature gene_A
read
gene s |mmm = gene_A no_feature gene_A
read read
e | QA gene_A gene_A gene_A
read
gene_A gene_A gene_A gene_A
gene B
read ambiguous
EnETY (both genes with ~ gene_A gene_A
gEnelt --nonunique all)
ad
gene A — ambiguous
gene B (both genes with --nonunique all)
[ _read |
/ \ ? alignment_not_unique

(both genes with --nonunique all)

https://htseq.readthedocs.io/en/latest/htseqcount.html
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NGS table generation via

1. ldentification

o Coordinates (locations) define

the ID (gene/exon/intron)
2. Quantification

o Count how many times the reads

assigned to the same ID

@M01380: 62:000000000-B547W: 1:1102: 20819:1013 1:N:0:MNI006 NGCCTCTTILINCTGCATAIL
NGTAGAGTTTGATTCTGGCTCAGGATGAACGCTGACAGAATGCTTAACACATGCAAGTCTACTTGATCCTTCGGGTGATGGTGGCGGACGGGTGAGTAACGCGTAAAGAACTTGCCCTGCAGTCTGGGACAACATTTGGAAACGAA
TGCTAATACCGGATATTATGCGAACTTCGCATGTAGCTCGTATGAAAGCTATATGCGCTGCAGGATAGCTTTGCGTCCTATTAGCTAGTTGGTGAGGTAACGGATCACCAAGGCCATGATCGGTAGCCGGGCTGAGTGTGTGAACG
GCCGCAAGG

5

#8BCC FAF7C<+l CFGGDCGDD? , B7ECG?A: B
FFFFFFDGCFG7CEFAF@FG, 3FGGGG, +FCECGG=CCI: CCFFGGF9>CFFCGGFGGGC*6<0@, 97FCBFGRECSBE?IF?7F6>764>A 777777 77777 17777 mommminm 2o mimns vy /74)9% #4301
87,11

@M01380:62:000000000-B547W:1:1102:16288:1015 1:N:0:MNIG@6 NGCCTCTTI1INCTGCATAIL FASTQ
NTACGTAGGGTTCGATCCTGGCTCAGGATGAACGCTAGCTACAGGCTTAACACATGCAAGTCGAGGGGCAGCATCATCAAAGATTGCTTTG) ZAACCTGCCGACAACAC
TGGGATAGCCTTTCGAAAGAAAGATTAATACCGGATGGCATAATTATTACGCATGGGATAATTATTAAAGAATTTCGGTGGCCGATGGGGG AAAACAACGACGGATAG

GGTGTGTGG

#X@A[GG@BEFFWEFFFFFSXCFGGFG EECCF , CF:,, F<FECC
~FABS, S, , 7@FAE**><8, FCCFAGFFCC; ,>11%5%FGFGD, 809, 6= CEGGBB¢29*37C+23M9<-EUBFDB'*‘3_
*.,*4).4C

C<CFGGEFF8FCCEEC7=7FFCG+8+AE<CBEGFEFF : BFFGFCS, ,BF7@7CESB
§FR/AL O 240143 <CF4476==7%))*2979C**2)2)9)*)* . 1>)87: ., 9

XiaLab.ca
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Plekhgl
Plekhgb
4930592103R
Plekhgd
Plekhg5
Nsa2
Nampt
Vmol
Man2al

“reads mapping”

EEora il Eonc

Processed mRNA

| —

485
126

117
1540
2882

43
11979

[ sm— ]

[ oem—

[ — ]

| — ]
[ — ]
=

E—m E———m = _|

[ — ]

462
172

150
1472
3103

68
13268

467
206

138
1577
3487

51
15988

1792
3090
62
14592

1419
2400

24
7416

296
164

109
1580
3148

30
9708

105
1288
2343

22
7285

1670
2569
26
10071
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K-mer & Genome Assembly

XiaLab.ca
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Unique challenges with short-read NGS:

Pros:

Cost effective, high-quality and high-throughput , ideal for detection
and quantification

Cons:
» Short & large amount

» Computational cost is very high for both mapping (and
genome assembly)

= we want to run data analysis on our own laptop!

XiaLab.ca
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K-mer based approach

100% - 1
F o 47£/:22
> A k-mer is a substring of length k ﬁggCCGT SE 1o ///
58 60%
> A string of length L has (L-k+1) k- GATC 22 oo i /T DA
mers ATCC 3% oo
O A moving window TCCG g% 20% ,/
o Example read L=8 and k= 4 CCGT G P

8 10 12 14 16 18 20
Length of K-mer Reads (bp)

» The frequency of a set of k-mers can be used as a "signature" of the underlying
sequence.

» Comparing these frequencies is computationally easier.

» Widely used in both genome assembly and mapping (“pseudo-"alignment)

XiaLab.ca

Empowering researchers through trainings, tools, and Al



K-mer — “natural” for genome assembly

sequence ATGGAAGTCGCGGAATC ATAGACCCTAGACGAT

ATGGAAG
7mers TGGAAGT

de Bruijn graph

[ ATGGAAG || TGGAAGT [—>{ GGAAGTC [ GAAGTCG [—| AAGTCGC |[—| AGTCGCG }_‘

L GTCGCGG || TCGCGGA || CGCGGAA | GCGGAAT | CGGAATC |

XiaLab.ca

Empowering researchers through trainings, tools, and Al
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Visualize the assembly

Need to explore a range of k values
> For very different reads, use shorter size
» For more similar reads, user longer size
» Starting from published parameters

XiaLab.ca

Empowering researchers through trainings, tools, and Al
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Genome assembly is getting easier

Do it yourself

Give it a try

Find a collaborator

XiaLab.ca
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—

—

Mycoplasma

Gram positive bacteria
Gram negative bacteria
Fungi / Moulds

Algae

Worms

Crustaceans
Echinoderms

Insects

Mollusks

Birds

Bony fish
Cartilaginous fish
Reptiles

Mammals

Amphibians

Flowering Plants

10° 107 108

10° 10" 10"
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SPAdes — short read assembly for small genomes

Open source de novo assembler suitable for single-cell, isolate,

RNA, plasmid genomes and metagenome
o https://cab.spbu.ru/software/spades/

SPAdes- N50 for different k-mer SPAdes- Assembly score for different k-mer

160000
B k-merss Kemee77 Komeetd W men27 W k-merss W k-mee77 k-merdd W «-men27
120000 95
g
2
>
80000 g
7
2
0000
0 8
Isolat lat, 50l Isolat: Isolat isolat Isolat solate 2 Isolate 3 Isolat Isolat solate &

XiaLab.ca

Empowering researchers through trainings, tools, and Al 44


https://cab.spbu.ru/software/spades/

Schedule for today

Time Topics

9:00-9:10 Introduction

9:10 - 10:40 NGS omics
mmm) | 10:45 - 10:15

10:20 - 10:55

Pathway & network analysis

Discussion & Next Lecture

XiaLab.ca

Empowering researchers through trainings, tools, and Al
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Our goals

10 80
RTTG6TCACCCAGACCAAG A N

Absorbance at 220 nm

XiaLab.ca

Empowering researchers through trainings, tools, and Al

Mapping to
reference
genomes

—

?

>

Genel/protein IDs +
Transcript
Abundance

Compound IDs +
Concentrations



MS-omics: interfacing with the environment

. ScCl,6H,0
Endogenous and from environment ~ 3
¥ : -Acetylglucosamine
O fo.Od & .drugS S 3 7 3 Zg;ﬁm butyrate
o Microbiome : ; : e condions.
Annotated or not

o pollutants ‘ Aves O No

(Bio)chemical space is vast, highly dynamic :
O  Known knowns P —

O Known unknowns
O Unknown unknowns

A map generated from GNPS
XiaLab.ca
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A relatively new omics field

High-throughput

o Measure a lot samples
Cover a broad range

o Measure a lot of features
High-resolution

o Accurate identification
Cost effective

o Instrument

o Automation
» Bioinformatics infrastructure
o Broadly accessible
o Standardized?

YV WV V V

' XiaLab.ca

- Empowering researchers through trainings, tools, and Al



Analytical technologies

>
(@]
= Unknowns %@
- 4— wibbl,
Q o
[$] E—
o LC-MS or ==
*6 =
© 3— DI-MS e}
g - GC-MS
g 5 TOF
L
5 _ NMR
[72]
9
§ 171 | Knowns
S GC-MS
2 Quad
#* 0 | | | | |

M mM uM nM pM fM

Sensitivity or LDL

XiaLab.ca
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Wishart DS et al. (2006)

49



Overview of LC-MS

e

0 e 9 Intensity | Chromatogram
. .¢ - » = high mass \
| ionization (o) Mass spectra of resolved peaks

& Q —
et
()]
O low mass

- - L’i][,,;] e’e

LC Separation

" XiaLab.ca
- Empowering researchers through trainings, tools, and Al
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LC modalities

» Reversed phase - for separation of non-polar |
molecules (non-polar stationary phase, polar |
mobile phase)

* Normal phase - for separation of non-polar
molecules (polar stationary phase, non-
polar/organic mobile phase)

« HILIC — hydrophilic interaction liquid
chromatography for separation of polar
molecules (polar stationary phase, mixed
polar/nonpolar mobile phase)

XiaLab.ca
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What we get from LC: Retention Time/lndex (RT/RI)

Retention time (RT) is the time taken by an analyte to pass through a
column

» RT is affected by compound, column (dimensions and stationary phase), flow
rate, pressure, carrier, temp.

» Comparing RT from a standard sample to an unknown allows compound 1D

Retention index (RI) is the retention time normalized to the retention
times of adjacently eluting n-alkanes

» “standardized” - comparable cross different columns

» Mainly used in GC

XiaLab.ca
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Electrospray lonization (ESI)

» Used in LC-MS

» Very sensitive, requires less than a pico-
m0|e Of material Glass Sample specﬂ:};ﬁete:

capillary solution

» Strongly affected by salts & detergents

e -
I 1 1 \ \_> +-:':_~~;;++ T} i
> Two ionization modes: %
v Positive ion mode vigh T |
voltage 1
* Add formic acid to solvent Vacuum :

interface

v" Negative ion mode
* Add ammonia to solvent

XiaLab.ca
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What we get from ESI? Adduct lons

» Adducts are formed with ions derived
from inorganic salts or residual water,
inherently present in all biological
samples.

» The most common adduct ions in
LC-MS are
* Protonated ion [M+H]+ (positive
mode)
* Deprotonated ion [M-H]- (negative
mode)

XiaLab.ca
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Ionization Formation Ion Mass

[M+H]* m+1.0073
[M+2H]>*  m/2+1.0073
Positive [M+Na]®™  m+22.9892
[M+K]* m+38.9632
[M+NH4]* m+18.03382

[M-HJ m-1.0073

Negative ~ [M-2H]*  m/2-1.0073
[M-2H+Na]" m+20.9747
[M-2H+K]" m+36.9486

M is the molecule with molecular weight m



MS Detectors

Time of Flight (TOF)

Deceleration
Voltage
[=] [s] o] o \
I I. ° . .
vo=
.
Same m/zions hJ °
[o]
: Slow ions
O Detector
@ :Fastions

\
Reflectron

Voltage

Time of Flight

* lons fly along a long tube
' XiaLab.ca

» Diagram shows a reflector

* Analogous to a gel

« Smaller ions get to the detector 1st
-. Empowering researchers through trainings, tools, and Al

Orbitrap (FT)

* lons are trapped between a central &
an outer electrode

* lons oscillate to produce a current
» Current is transformed into a m/z
 High sensitivity, good range

» Very High Resolution & Accuracy

55



Mass Accuracy

A metric describing the difference between the measured m/z (Meyp)
of an ion and the real, exact m/z (mg,) of that ion

Mexp - Mecale
ppm = (p—l)*1E+6
Mexp

Type Mass Accuracy
FT-ICR-MS 0.1 -1 ppm

Orbitrap 0.5-1 ppm

Magnetic Sector 1-2 ppm

TOF-MS 3-5ppm

Q-TOF 3-5ppm

Triple Quad 3-5ppm

XiaLab.ca
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What we get from MS? mass spectrum

» Characterized by sharp, narrow peaks

« X-axis position indicates the m/z ratio
of a given ion (for singly charged ions
this corresponds to the mass of the
ion)

» Height of peak indicates the relative
abundance of a given ion

* Not reliable for absolute quantitation

» Peak intensity indicates the ion’s ability to
desorb or “fly” (some fly better than

others)

XiaLab.ca
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Intensity

Peak-picking artifact

Double charge

Fragment

o o
A\W4

ON/\/S\OH
HO/\\¢N

Dimer

HEPES

Adduct

3C isotopes . _
Dimer + *C isotope

? ‘
| | :

3C + ®*Q isotope

m/z

LC-MS feature annotation with binner



Mass chromatograms of biological mixtures

| Intensity {AU) 4] ‘m&"%ﬁ l.,l"‘
1 e ”"““'E‘"“ 1
| iy S il i S Nl

Ea

e Containing >10,000 peaks (for complex samples such as blood)
e Each peaks are characterized by RT and m/z

XiaLab.ca
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Processing MS Spectra

Lecture #8

Global Metabolomics

1. Raw data is large and noisy
2. ldentify, quantify, and align all possible features (peaks) across samples

3. Output: A table of features (RT, m/z) with their quantitative information for
subsequent statistical analysis

Intensity
Intensity
Spechium Database " Chemical |
deconvolution & ; L .
; consensus searching /| candidates |
miz | \ J \
MS2 N - g .
m/z Auto-op‘tlmllzed ; Y . [ Al possible —
peak picking, m/z-RT ‘ empirical Empirical
alignment, gap features p compounds
filling etc. : . \_compounds )
Importing ) Processing Identification Interpretation

XiaLab.ca
Empowering researchers through trainings, tools, and Al
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What is the table look like?

Feature ID:
m/z__retention time

They are usually not unique

for each compounds

o One compounds can give
multiple peaks (adducts,
fragments, isotopes)

o One peak can be contributed
from different compounds

XiaLab.ca

Empowering researchers through trainings, tools, and Al

Sample Naive_007 Naive_027 Naive_071 Naive_109 Naive_127 Naive_139 Semi_025 Semi_045

85.065__24.64 166020.82174 120086.08327 19509.14147 118112.9565 87039.61996 104898.32903 152651.82014 65984.36172
85.0843__167.65 1645008.20686 1190622.95729 638456.21528 0 1629532.41894 425340.44229 2314313.37182 2527459.04192
86.0602__37.16 18142.47554 16616.03235 10886.52278 0 0 40055.58588 1212986.02473 661407.86422
86.0602__129.2 757420.68035 1401437.3743 986969.31026 2559178.25865 1720322.70316 927659.48141 3910272.07896 3044111.48558
86.0603__31.13 40168.41032 28760.74122 40007.49015 2115.15429 30082.36671 83055.68507 1880331.86961 925490.77154
86.0966__58.82 95507679.62103  88613771.10909 71913129.46904 0 2871361.94795 120978190.73858 124289527.10497 193556499.1973
86.0966__93.94 24447611.88604  33839015.07872 18306222.10061 0 0 38881672.64366 264723805.50055 119992641.57424
86.0966__82.57 16330118.15869  29280720.01315 30329806.59365 0 2432433.31135  22107141.53254 118751749.01004 93636719.91825
86.0966__68.05 | 175048972.67449 211835241.96262 195847604.48591 324856733.47678 241282511.16983 288748953.47116 122900362.28296 209581146.42487
86.0966__112.47 | 232174121.40282 | 296434730.20178 249900170.5577 318182655.37461 320382689.28819 285853906.32259 62344728.00885 87990374.29879
86.3224_113.03 7869.68786 86403.08999 140194.5321 122428.33792 119821.68133 16382.27583 0 0
86.4142_99.45 0 0 194280.97559 104339.076
86.9088__78.17 216418.99578 366778.9 6587 2565704.48103 1946411.1865
86.9089__119.63 358477.04559 471082 562 437767.57505 338888.61801
87.0555__125.67 195542.43909 438179. 59 1707623.47516 1785615.80662
87.0807__24.28 10726572.6923 15861006.58178 4908177.35316  15718191.42655 8369954.2801 21065169.96481  19605613.83141 17342193.77814
87.1_94.12 1782287.21956 2340270.52594 2199636.80059 0 1838237.43785 2658906.7147  17021522.88232 7194992.10607
87.1_82.33 606445.59884 779267.39812 1070621.04313 0 945785.90837 1069344.12945 7694163.1766 5724586.55159
87.1001__59.14 6353575.18596 5317603.85364 4658363.32391 6300115.1542 5076827.74772 7669117.8019 8172228.67049 12122819.67458
87.1001__112.34 | 15818007.26817 = 17441204.29839 17078378.05002 19122679.91077 = 19371530.70183 17250463.5533 4720043.01702 158567.7644
87.1001__68.33 10536674.7611  13724928.85807 12572554.71905 13167562.0864 12927906.28045 17704361.0455 8080735.09674 12087543.16651
88.0396__118.11 582908.82363 473551.43372 526186.84049 0 993740.18125 695491.17967 4108599.87774 3961933.86831
88.0634__161.45 5990652.35725 5565827.30796 23231827.96063 3879300.38088 6591815.81478 2658625.76775 7665461.22479  11917821.56697
88.084_24.45 600429.24374 804082.55302 272354.79181 2549387.97523 148499.20848 2126344.35834 1035719.95574 1000048.4845
88.5093__90.56 10665122.95898 10036657.78865 17542485.32793 0 7128972.6611  10329434.35436 9708306.02631  10942692.94755
88.5094_24.81 671314.2294 845725.38143 426586.15385 882046.35578 627668.46376 964648.55011 738398.32934 438146.60468
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Summary of MS table generation

1. ldentification
o Coordinates (m/z and RT) define the
feature ID
2. Quantification
o Relative quantification (peak height or iy Kt
peak area) e et

&y <
hyy, Loy \ c\(m“c\
Day, X < «°

Chromatogram

\

Intensity

Mass spectra of resolved peaks

0 IXCY
X e © ‘A‘\,‘)\ﬂ

\ S
< S

W

"’drlon NS
<?xml version="1.0" encoding="1S0-8859-1"?>
<mzXML xmins="http:, //sash|m| sourceforge.net/schema_revision/mzXML_3.2" xmins:xsi="http://www.w3.0rg/2001/XMLSchema-instance”
xsi:schemaLocati ://sashimi.sour /schema_revision/mzXML_3.2 http://sashimi.sourceforge.net/schema_revision/mzXML,
<msRun scanCount="2535" startTime="PT0.09556S" endTime="PT359.9815">
<parentFile fileName="file:///C:\Users\Admin\Desktop\EMP\Raw\Plate2/LC_Blank_10.raw"
fileType="RAWData"
fileSha1="f88f42711b213c6a4c6f08bb2d5a0f63d7723341"/> 200.1/2926 147887.53 451600.71 65290.38 56540.93 175177.08 82619.48
<msinstrument msinstrument|D="1"> o 205/2791 1778569 1567038 1482796 1039130 1950287 1466781
¢ caresory™" " value="Thermo Scientifc’/> 20612791 2379936 269714 2013934 150107.3  276541.8  222366.2
msModeI categury— msModeI value="Q Exactive"/>
category=" ion" value=" pray ionization"/> 207.1/2719 380873 460629.7 3517501 219288 417169.6 324892.5
h yer category~ Ssinalyzer value=" auadrupole’)> ‘21941/2524 235544.92  173623.38  82364.59 79480.4 244584.47  161184.05
msDetector category="msDetector" value="inductive detector"/>
<software type="acquisition" name="Xcalibur" version="2.5-204201/2.5.0.2042"/> 231/2516 117649.77 48960.63 222609.07 28623215 465898.01 61234.44
j{j'"s'"s"”"‘?"” S 233/3023 3991453 3569513  410550.7  198416.5  397107.8 2712521
ataProcessing centroided="1">
type=" ion" name=" izard software" version="3.0.9935"/> 234/3024 76880.87 99526.27 97493.76 53461.71 65215.64 55952.44
<pra ingOperation name="C ion to mzML"/>
<software type="processing" name="ProteoWizard software" version="3.0.9935"/> 235.1/2695 171995.22  128945.16  155442.48 115286.25 199981.49 30028.6
<comment>Thermo/Xcalibur peak picking</comment> 236.1/2524 252282.04 206031.93 71763.79 73602.47 253791.07 187225.65

</dataProcessing>

XiaLab.ca
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51951.61

1572679
211717.7
277990.7
7202938
96841.46
334459.9
73781.01
156968.3
79389.63
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Have we reached our goal?

Feature IDs +

? ’ Relative abundance

Compound IDs +
Concentrations

orbance at 220 nm

Accurate compound ID is unattainable with current LC-MS technologies that
allow cost effective, high-throughput analysis

In Omics Data Analysis, accuracy at individual feature level is usually not the
goal. Instead, we should focus on robust patterns, trends and functions.
All we need is “Approximately Correct”

[ XiaLab.ca
-. Empowering researchers through trainings, tools, and Al
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Goals of omics data analytics

Individual Molecules Omics & Multi-omics Systems Biology

Patterns, functions,

Mechanism  «—— hypothesis —_— Knowledge

" XiaLab.ca
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Levels of Metabolite Identification

1. Positively identified compounds

» Confirmed by match to known standard m
2. Putatively identified compounds :

» Match to MS + RT or MS/MS + RT
3. Compounds putatively identified in a compound class

4. Unknown compounds

XiaLab.ca

Empowering researchers through trainings, tools, and Al
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Relative abundance are all we need (most time)

L — Tmean

» Absolute concentrations are useful as

reference values across different

platforms
v Regulatory requirements
» Relative quantification are sufficient:
v' Compare same features under different
conditions
* Not a concern in NGS-omics — all relative
qualifications
v Gene counts are related to sequence T T
depth

Even we start with absolute concentration, normalization will

convert into relative concentrations before statistical analysis.

" XiaLab.ca
- Empowering researchers through trainings, tools, and Al 65



If you look for absolute ID & quantification

> Most MS-based metabolomics studies are not
absolutely quantitative

> Absolute quantitation requires spiked addition of 2H,
13C or >N isotopic standards

» Also requires that the labeled compound is of the
same chemical type or very nearly the same chemical
type as target compound

» Single Reaction Monitoring (SRM) or Multiple
Reaction Monitoring (MRM) is used to ensure correct
compound ID

XiaLab.ca

Empowering researchers through trainings, tools, and Al



Schedule for today

Time Topics
9:00-9:10 Introduction
9:10 - 10:40 NGS omics
10:45 -10:15

mmmm) | 10:20 - 10:55

Pathway & network analysis

Discussion & Next Lecture

XiaLab.ca

Empowering researchers through trainings, tools, and Al
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Task #2: from data table to functions

Plekhgl 485
Plekhg6 126
4930592103R 7
Plekhgd 0
Plekhg5 117
Nsa2 1540
Nampt 2882
Vmol 43
Man2al 11979
200.1/2926 147887.53
205/2791 1778569
206/2791 237993.6
207.1/2719 380873
219.1/2524 235544.92
231/2516 117649.77
233/3023 3991453
234/3024 76880.87
235.1/2695 171995.22
236.1/2524 252282.04
XiaLab.ca

462 467 562 347
172 206 198 137
5 9 7 2
0 0 0 0
150 138 95 83
1472 1577 1792 1419
3103 3487 3090 2400
68 51 62 24
13268 15988 14592 7416
451600.71 6529038 56540.93
1567038 1482796 1039130
269714 201393.4 150107.3
460629.7 3517501 219288
173623.38 82364.59 794804
48960.63 222609.07 286232.15
3569513 410550.7 198416.5
99526.27 97493.76 53461.71
12894516 15544248 115286.25
206031.93 71763.79 73602.47

Empowering researchers through trainings, tools, and Al
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164

109
1580
3148

30
9708

175177.08
1950287
276541.8
417169.6
244584 .47
465898.01
397107.8
65215.64
199981.49
253791.07

458

1288
2343

22
7285

82619.48
1466781
222366.2
3248925
161184.05
61234 .44
2712521
55952.44
30028.6
187225.65

1670
2569
26
10071

51951.61
1572679
211717.7
277990.7
7202938
96841.46
334459.9
73781.01
156968.3
79389.63
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How do we (human) understand data?

Q

100,000 10,000

> NGS omics: Reads => genes => functions => enrichment tests
» MS omics: Peaks => compounds => functions => enrichment tests

“Biological” dimensionality reduction!

XiaLab.ca
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What are functions?

e Group behavior, collective changes

KEGG is a collection of databases dealing with genomes,
biological pathways, diseases, drugs, and chemicals.

MAPIC_SIGNALING PATHWAY

ChusslMAP s
pay

[}
For

Ty TR |38
e

=3
[eeace] |

Z
(A

ERKS pathray

Gene Ontology

GO has three independent patrtitions, which are not interconnected:

— Molecular Function
[ )

Describes biochemical activities, in-vitro binding specificities, etc...

Example: Ligase Activity, Kinase Activity, DNA Binding

— Cellular Component
. Describes parts of the cell
[}
— Biological Process
[ J
[ ]

- GOBrowser - Search Results for ‘apoptosis’

Example: Mitochondrion, Spindle Microtubule

Describes processes at the intra-cellular and organism level
Example: DNA Replication, Apoptosis, Development

m[E%)

Terms |___#Annotated Terms

60 Gene_Ontology (GO:0003673) 169229
@ G0 biological_process (GO:0008150) 90647
@ 60 physiological process (GO:0007582) 57524

@ 60 death (G0O:0016265) 874

@ 60 cell death (G0:0008219) 827

@ 60 programmed cell death (GO:0012501) 794

60 apoptosis (G0:0006915) 617
@ 60 cellular process (G0:0009987) 21737

@ 60 cell death (GO:0008219) 827

@ 60 programmed cell death (GO:0012501) 794

60 apoptosis (GO:0006915) 617

==

Definition of is ( : type I cell death): A form of

e
fy e P

XiaLab.ca
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programmed cell death induced by external or internal signals that trigger the
activity of proteolytic caspases, whose actions dismantle the cell and result
in cell death. Apoptosis begins internally with c tion and su
fragmentation of the cell nucleus (blebbing) while the plasma membrane remains
intact. Other characteristics of apoptosis include DNA fragmentation and the
exposition of phosphatidylserine.

70



Key observation

1.0

)

> Biological systems showing coordinated .
changes or group behaviors ~ FeLa
> Leveraging this “collective power” ERA

inherent in biological systems can better
tolerate the random errors/inaccuracies
based on individual features T e g g RS

] 30% correct annotation rate
Approximately correct at feature levels allows (remaining random assignment)
detection of accurate functional level changes enable ~100% pathway detection

https://doi.org/10.1093/bib/bbac553

XiaLab.ca
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https://doi.org/10.1093/bib/bbac553

Three components for functional analysis

Algorithm

XiaLab.ca
Empowering researchers through trainings, tools, and Al

Input: define the signals of

interest
= Significant features
= Complete ranked list
= Adatatable
Define functions libraries:
= Pathways
=  Gene/metabolite sets
Perform enrichment tests evaluate

the coordinated changes of a
group.
= Qver-representation analysis (ORA)
=  Permutation based approaches

72



Input for enrichment analysis

I } Upregulated

} Downregulated

Clustered (co-regulated) compounds

" XiaLab.ca
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Functional libraries

Biologically meaningful
groups such as:

Pathways

Disease associated
metabolite signatures

Localization
SNP associated metabolites

O SMPDB 99 metabolite sets based on normal human metabolic pathways.
Pathway based KEGG 84 metabolite sets based on KEGG human metabolic pathways (Oct. 2019).

Drug related 461 metabolite sets based on drug pathways from SMPDB.

Blood 344 metabolite sets reported in human blood.
Urine 384 metabolite sets reported in human urine.
Disease signatures
CSF 166 metabolite sets reported in human cerebral spinal fluid (CSF).
Feces 44 metabolite sets reported in human feces.
Super-class 35 super chemical class metabolite sets
Chemcial structures Main-class 464 main chemical class metabolite sets
Sub-class 1072 sub chemical class metabolite sets
SNPs 4,598 metabolite sets based on their associations with SNPs loci.
Other types Predicted 912 metabolic sets predicted to change in the case of dysfunctional enzymes.
Locations 73 metabolite sets based on organ, tissue, and subcellular localizations.
Self defined Upload here define your own customized metabolite sets

Only use metabolite sets containing at least 2 entries v



Enrichment Tests

We need to calculate the null distribution - how often we can

see this by random chance? If the chance is low, then we think
it is enriched

e Model driven

o Hypergeometric distribution
e Data driven

o Don’t know - we can use permutation to get this

XiaLab.ca
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Hypergeometric distribution

A discrete probability distribution ® RRP6
. i ® MVRD1
that describe the probability of @ rrrr
success in draws, without (K) (N—K) W BREE
k n—k
replacement fx(k|N,K,n) = (N)
" oo,
3.‘ Yo
o
Sampled Not Sampled Total
success k K-k K
non-success n-k (N-K)-(n-k) N-K
Total n N-n N

XiaLab.ca
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Over Representation Analysis (ORA)

1. An input gene list is created using a
certain threshold or criteria
* FDR < 0.05 and/or
e FC>2

2. For each pathway, input genes that are
part of the pathway are counted

3. Test for probability using
hypergeometrical tests

4. Repeat for every pathway
5. Multiple testing adjustment

@ RRP6
® VIRD1
@ RRP7 /
@ RRP43 "0
@ RRP42 |
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Issues with ORA approach

XiaLab.ca

The input list is subject to some arbitrary cutoff
o Different cutoff values can lead to different results
The “background universe” (all measurable features by the

platform) may not be well defined
o  The transcriptome / proteome / metabolome?
o  Allthose defined in the functional library?

Selection bias: all balls in the urn should have equal

chance of being selected) issue
o  Every gene has equal chance being sequenced by NGS?
o  Every compound has equal chance being measured by MS?

Empowering researchers through trainings, tools, and Al



Enrichment tests in global metabolomics

Input requirement:
+ Significant list: selected by t-test or fold change
+ Reference list: all features detected

Step 1: Match the peaks to putative metabolites. Looked up
all the significant metabolites in each pathway and calculate
the p-value using hypergeometric tests

Step 2: Randomly draw features with the length same as
the significant ones from the reference list, and repeat Step
1 for thousand times

Step3: Test if certain pathways are enriched in the

significant peaks as compared to null models

XiaLab.ca
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Step 1

Step 2

N
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From patterns to functions to matching details

#& > Upload > Data Check > Normalization > Library > View result > Download

Resolution: Medium V\ Colors: navy-white-firebrick v Border: Default v Cluster peal

:[Ward's method v Download: | —Please Select— v | | Builder
Overview Select all Focus View FEnrichment Analysis

@ | OpertionMode: ® Annotate O Extrac

Database:. MFN V| Submit  Res
Tip: click arow 1o view corresponding annorations or to exmact
— Name Hits  Sigs  Gammap Color
—— L] Methionine and cysteine met 16 11 0.00s0382 |G| ~
— 1 1 1 |
— istidi s 7 5
Histidine metabolism 18 00051091 [
| M+H[1+] | CD6002 + 4 more Nitrogen metabolism 1" 8 00051665 P2
—— — M+H[14] | CD0OT3 Pyrimidine metabolism 29 15 00051889 [
— — " Alanine and Aspartate Metab 20 10 00051983 [
= = M(C13)+2H[2+] | C00491 L‘ () Glycine. scrinc. alanine and t 44 18 0.0053334
— ] [J Butancate metabolism 21 13 0.0055982
— — — [ Aminosugars metabolism 13 7 0.0063886
— — —
i — éﬁ N-H2O+H[14] | CO0245 () Vitamin B2 (riboflavin) meta 1 1 0006487
]
—_—iw 3 (J  Androgen and estrogen biosy 1 1 0.006487
1 454 e 0 87
— % M-H20+H([1+] | C05938 Clitae : : it
| 5 - H2O4H[14] +2more
— 205 (] Aginine and Proline Metabo 34 14 0.0067323
—— R
— — 7267285 10294 () Vitamin B3 (nicotinate and u 14 8 0.0068606
— T 4951704 99.18
_— 21734210408 () squalene and cholesterol bio 1§ 10 0.0071537
[ Vitamin B (folate) metaboli 9 4 00071537
[) C21-stercid hormone biosynl 14 6 0.0071537
[ Iryplophan metabolism 45 10 0.0076136
[ Glutathione Mctabolism 12 7 0.0080322
v L Testat: -10.9405399685982 -
Matched Compounds:
M1 ] C06002 | (S)-Methylmalonate semialdehyde
=z z 2 2 2z - ® @ o 1 - M+H[1-]  C00349
£ & § & & & g g s s M+H[1=] €00232 | Succinate semialdehyde
Dt e 2 N SO [ = [ M+H[1-] C00164 | Aceloacetate
g 8§ S5 g 8 g & & 2 g " MHH[1-] C00109 | 2-Oxobutancate <

" XiaLab.ca
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Schedule for today

Time Topics
9:00-9:10 Introduction
9:10-10:40 NGS omics
10:45 -10:15

10:20 - 10:55

Pathway & network analysis

Discussion & Next Lecture

XiaLab.ca
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Pathways & Networks (current)

MAPK SIGNALING PATHWAY

Proliferatior
oI} E
iy
${crEs |
(1]
s B0 ——p Prolifention,
S no»leis o ——» fpiinin
JNK and p38 MAP kinase
pathway
o
DNA l
Ser cyboloxic s,
i, e
RS
Spnen
_ B |,
./ - —— <i cyel
&
’
° )
DNA&
Wt signaling
ERKS pathway Pty
ni:mn\ EGF,
reactive oxygen species, +p +p Proliferatio
L »{VEK | » BRKS | Nw7 }——> O —» n
Stk sinkinase differentiation
R DN&

MAPKKKK ~ MAPKKK MAPKK MAPK Trapscription
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Based on genome scale metabolic models
(GEMSs)

@chasp

m%’“{\

@hddamn  ®'2epthmt

@urea

L
@®namdnasp
@aspD— @oaa ., @edhaspt
®3ab
oy
@ 4h2ogit ®e4hglu
®4pasp @20scnmt
l ®3hasp

@®aspsa

XiaLab.ca

Empowering researchers through trainings, tools, and Al



Pathway analysis — what’s new?

» Which positions are important?
» Hubs

» Nodes that are highly
connected (red ones)

» Bottlenecks

» Nodes on many shortest
paths between other nodes
(blue ones)

» Graph theory
» Degree centrality
» Betweenness centrality

XiaLab.ca

Empowering researchers through trainings, tools, and Al

Hub

—

Bottleneck
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Which node is more important?

> Hubs _

> Bottlenecks High

> Modules degree.

centrality
> Shortest paths
> e
" High

betweenness
centrality

XiaLab.ca

Empowering researchers through trainings, tools, and Al
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Leveraging networks to advance omics research

* Knowledge representation
o Gene regulatory networks
o Protein-protein interaction networks
o Metabolic networks

 Case studies
» Accelerate discovery to illustrate unknown
* Global metabolomics
* Contextualized analysis
* Microbiome
* Multi-omics integration

XiaLab.ca

Empowering researchers through trainings, tools, and Al
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Functional insights & matching details

Syle: KEGG style [ Background:  Black [ Pathway name:  Hide Compound rame:  show [ Downloat: —-please seiect—— [ Hightini|[ ]| @ D4 Qq 4t Ve >

Name Hits Pvall NES  Color

Pyrimidine metabolism 43 0.016 1368434

@

. "
3

. Caffeine metzbolism 9 0018 0732281
Galactose metabolism 30 0.019 -1.42994

o® Pentose and Glucuronate 13 0019, 1.143444
. Starch and Sucrose Metz 15 0.019 -1.48160

Prostaglandin formation 42 0,022 0936016

+og10(p)
H<B<N<N<N<N<N<}]

Camitine shutle 16 0037 165919 B2 & ¢ _ )

C5-Branched dibasic aci 6 0039 -132029¢ sphste

i s £ Pl 2
Biopterin metaholism 14 0039 -146804 & T 7N 2 55 phTsphaie / v
t Gt R O e . b fevo isenats/ @

Androgen and estrogent 53 0.052 -0.637921

1 - =
Hexose phosphorylation 18 0,055, -0.75999 ) l Glyeerone phosphate nfiosafnine
Aminosugars metabolisr 29 0.057: -0.94816: < énosaripe 6
N M-CO24H[1+]: -2 RITST0R7 L \
MI1+: -1 354304965 etrarinate, &-phosphate

g Sialic acid metabolism 28 D.058 -1573201

Glycosphingolipid metal 28 0058 0.618352

+ M-H2O+H[14]: 0502897955
+ M-H204H[1+]: -0502897955

M-HCOOK+H[1+]: -0 259365714

i 058 -0.57510;
3 2 ) ° Arginine and Proline Mc 31 0,058, -0.57510:

NES Fatty Acid Metabolism 10 0,062 -2.05638¢

~
©

Glycosphingolipid biosy 11 0.071. -1.07848;
N-Glycan biosynthesis 14 0.078 1.7047
Vitamin A (retinol) meta 20 0.078: 0702012

Bile acid biosynthesis 38 0,081 -12:

14
The red compounds indicate all potential matches from the user's input to the selected pathway.
Drug metabolism - other 16 0.081: -1.18334:

Pathway Metabolites Vitamin B (folate) met: 12 0,085 -1.18891

CE5703; CE5700; CE6238; C00425; CE5707; CE5704; CE5705; CE5724; e

CE5708; CE1243; CE6236; C00584; CE5535; C00959; CE5537; CE5925;

CE5533; C13856; CE0955; CE4980; C01312; CE5304; C04686; CE4938;
Prostaglandin | C05963; C04741; CE5931; CE0737; C01041; CE4878; CE5926; C00051; Hits
formation CE5924; C00219; C00704; CE5928; CE5929; C00020; CE4876; C00010;
from C05954; C00024; C05962; C00030; C00072; CE7107; CE7105; C00028; Galactose metabolism
arachidonate  CO0696; CE1447; C04685; C11695; CE6244; CE6245; CE6242; CE6243; (signficant hits in red)
0124
a

Alanine and Aspartate N 17 0,096 -129921

CE6240; CE6241; C05953; C00027; C05956; C05957; C00427; C05955;
CE4877; CE6235; C05959; C00639; CE5730; CE5534; CE5930; C00282;
CE3481; C00189; CE7054; C11304; C02198; CE5828

" XiaLab.ca
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DNA damage response; I

Nucleoplasm
Receptor-based signaling;
Plasma membrane
Protein folding;
Nuclear pore

Ribosome biogenesis;
Nucleolus

Protein polyubiquitonation;
Proteasome complex

Translation;
Ribosome

Aerobic/cellular respiration;

Aerobic/cellular respiration;
Mitochondria

Mitochondria

Ribosome biogenesis;

) / Nucleolus

Protein polyubiquitonation;

Proteasome complex

Protein folding;
Nuclear pore

Module

detection [/~

-
Receptor-based signaling;
Plasma membrane v 4 DNA damage response;
f Nucleoplasm

[ XiaLab.ca &
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Global optimization on networks for
annotation

Metabolomics Metabolite discovery
knowledge

LC-MS/MS
metabolomics data

Integrating contextual
knowledge (biochemical P
rules) — multiple signals Net

CO nve rging to the real for metabolite discovery
assignment

30
35
£
o<
E

Edge property
peak—peak relationships

Chen, L., Lu, W., Wang, L. et al. Nat Methods (2021)

XiaLab.ca
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Multi-omics based on networks

% Integrating SNPs, Taxa, LC-MS peaks to our knowledge framework

“Methioni
Liethioningis N-Acetylglutamic acid
L-Asparagine
Escherichia coli
Escherichia coli

Microbes rs3197999

@
‘. ® 5182858 rs1428554

Metabolites
Microbe
SNP
Gene ¢ ) d ’ Genes/proteins
Metabolite b
Peak

XiaLab.ca
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Next Lecture

Topic Date Lecture Lab
Omics Data Science [Jan. 6 Omics data processing, statistics and visualization --
Foundations Jan. 13 From raw data to functional insights --

Transcriptomics ‘Jan. 20

RNAseq data analysis in model species

ExpressAnalyst & NetworkAnalyst

Jan. 27 RNAseq data analysis for non-model species ExpressAnalyst & Seq2Fun
miRNAs & non- Feb. 3 MicroRNAs, noncoding RNAs and biological networks miRNet & NetworkAnalyst
coding RNAs
Proteomics Feb. 10 Proteomics data analysis and interpretation ExpressAnalyst & NetworkAnalyst
Metabolomics Feb. 17 Targeted metabolomics data analysis MetaboAnalyst

Feb. 24 LC-MS untargeted metabolomics data analysis MetaboAnalyst
Microbiomics Mar. 2 Marker gene data analysis MicrobiomeAnalyst

Mar. 9 Shotgun metagenomics data analysis MicrobiomeAnalyst
Multi-omics Mar. 16 Knowledge-driven multi-omics integration OmicsNet

Mar. 23 Data-driven multi-omics integration OmicsAnalyst
XiaLab.ca

Empowering researchers through trainings, tools, and Al
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nature communications

Article https://doi.org/10.1038/s41467-023-38785-y

ExpressAnalyst: A unified platform for RNA-
sequencing analysis in non-model species

Received: 20 October 2022 Peng Liu'?, Jessica Ewald @2, Zhigiang Pang', Elena Legrand’,
Yeon Seon Jeon ®’, Jonathan Sangiovanni', Orcun Hacariz', Guangyan Zhou',
ica A. Head', Niladri Basu' & Jianguo Xia®'

Accepted: 16 May 2023

Published online: 24 May 2023

% |Check for updates The increasi

de{n:Inds eas| - C U R R E NT
meom]  wmm PROTOCOLS

ing, and inte

PROTOCOL () OpenAccess () @

Using ExpressAnalyst for Comprehensive Gene Expression
Analysis in Model and Non-Model Organisms

Jessica Ewald, Guangyan Zhou, Yao Lu, Jianguo Xia 24

First published: 06 November 2023 | https://doi.org/10.1002/cpz1.922

XiaLab.ca
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Basic Protocol 1: RNA-seq count table uploading, processing, and normaliza-
tion

Basic Protocol 2: Differential expression analysis with linear models

Basic Protocol 3: Functional analysis with volcano plot, enrichment network,
and ridgeline visualization

Basic Protocol 4: Hierarchical clustering analysis of transcriptomics data using
interactive heatmaps

Basic Protocol 5: Cross-species gene expression analysis based on ortholog
mapping results

Basic Protocol 6: Proteomics and microarray data processing and normaliza-
tion

Basic Protocol 7: Preparing multiple gene expression tables for meta-analysis
Basic Protocol 8: Statistical and functional meta-analysis of gene expression
data

Basic Protocol 9: Functional analysis of transcriptomics signatures

Basic Protocol 10: Dose-response and time-series data analysis

Basic Protocol 11: RNA-seq reads processing and quantification with and
without reference transcriptomes

XiaLab.ca

Empowering researchers through trainings, tools, and Al

Comprehensive protocols (76 pages)

Input: FASTQ files

—p

Input: Single/multiple
expression tables

B

Input: List of
transcripts/proteins

1

RNA-seq Reads Quantification
+ Basic Protocol 11 (FASTQ file processing)

Filtering & Normalization

= Basic Protocol 1 (basic RNA-seq table)

+ Basic Protocol 5 (table from non-model species)
+ Basic Protocol 6 (microarray/proteomics table)

= Basic Protocol 7 (integrative meta-analysis)
« Basic Protocol 10 (time/concentration series)

3
Statistical Analysis
+ Basic Protocol 2 (basic RNA-seq table)
+ Basic Protocol 5 (table from non-model species)
+ Basic Protocol 8 (integrative meta-analysis)
= Basic Protocol 10 (timefconcentration series)

4
Functional Analysis
+ Basic Protocol 3 (basic RNA-seq table)
= Basic Protocol 4 (with clustering)
« Basic Protocol 5 (table from non-model species)

+ Basic Protocol 8 (integrative meta-analysis)
+ Basic Protocol 9 (feature lists)
+ Basic Protocol 10 (time/concentration series)
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Assignment: Basic Protocol #11

= RNA-seq reads processing and quantification with
reference transcriptomes (the “kallisto” pipeline)

XiaLab.ca
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ExpressAnalyst

dockerxialab/expressanalyst_docker 3« htt s://Www.expressan a| st.ca

By dockenxialab + Updated a month ago

Perform raw RNA-seq processing (FASTQ to counts table) using the ExpressAnalyst interface. h tt s . r. O ex r e S S a n a I St C a
. . .

Image

Overview Tags

ExpressAnalyst: A unified framework for high-performance,
high-resolution, and user-friendly RNA-seq profiling of
non-model organisms.

xpressAnalyst

3 platform for gene expression data analysis

Introduction
Start Here
Growing applications of RNA-seq in studies involving del organisms demand efficient profiling
and analysis. Exp lyst is a comp ive tool for RNA-seq processing, statistical, and functional
analysis of FASTQ files from any eukaryotic species. Exp enables and

quantification of raw RNA-seq reads via translated search of a high-resolution ortholog database using the Seq2Fun

algorithm.

[ XiaLab.ca
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https://www.expressanalyst.ca/
https://pro.expressanalyst.ca/

Cloud, Virtual Machine & Container (Docker)

Virtual Machine (VM)

» Hardware is virtualised.

» Each VM has its own
operating system.

» Multiple VMs on a large server

» Slower start-up time

Container

» Operating system is
virtualised

» ltis run from an image
containing all dependencies

» Multiple workloads can be run
with one OS.

» Faster start-up time

XiaLab.ca
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App #1 App #2

Bins / Libs Bins / Libs
— OS

Operating System

Virtual Machine Container
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ExpressAnalyst Docker for RNAseq processing

1. Download & install Docker Desktop

@)

https://www.docker.com/products/docker-desktop/

2. Install ExpressAnalyst Docker
> docker pull dockerxialab/expressanalyst_docker:latest

The #1 containerization
software for developers
and teams

Your command center for innovative container development

Download for Mac - Apple Chip = ¥

XiaLab.ca
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Docker Desktop

latest: Pulling from dockerxialab/expressanalyst_docker

63b65145d645: Pull complete

elf77cd6449b: Pull complete

186£f0d3f72b8: Pull complete

4301lafccl7dd: Pull complete

9d2c30£f7c5e0: Pull complete

1d991a6ec73f: Pull complete

db6£7732d7bd: Pull complete

a42b58£51227: Pull complete

bed8083a3a%a: Pull complete

bedec3l6balb: Pull complete

aec28cf050c0: Pull complete

4f4fb700ef54: Pull complete

Digest: sha256:066ca3a648d4c532189d3£498d5a500892b70el127fdbc2e4f273cae51£348a26
Status: Downloaded newer image for dockerxialab/expressanalyst_docker:latest
docker.io/dockerxialab/expressanalyst_docker:latest
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3. Find your home location
> pwd
m /Users/jeffxia
4. Start the Docker
> docker run -ti --rm -p 8080:8080 -v /Users/jeffxia:/data
dockerxialab/expressanalyst docker:latest
- The command tells Docker to attach the container to your home directory, and
to create a new, temporary directory called /data to use while it is running.
- The web is accessible: http://localhost:8080/ExpressAnalystSA

XiaLab.ca
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Create a folder “Process_Kallisto” in your Desktop
Download the example FASTAQ files

https://www.xialab.ca/api/download/expressanalyst/protocol 2023 fastq.zip

- This dataset contains 18 sub-sampled FASTQ files from double-crested
cormorant.

- Save it under the folder “FASTQ” inside “Process_Kallisto”

Download the reference transcriptome

https://www.expressanalyst.ca/ExpressAnalyst/docs/Databases.xhtml

- On the “With a Reference Transcriptome” tab, find the Gallus gallus (chicken)
reference transcriptome

- Save it under the folder “DATABASE” inside “Process_Kallisto”

Upload the FASTAQ files and map reads to the reference
transcriptome

XiaLab.ca
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We would like to hear your
comment & feedback

contact@xialab.ca

See (most of) you next week!
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