INTRODUCTION to
METABOLOMICS

PRE-PROCESSING

CLASS
COMPARISON

MULTIPLE
TESTING

CLASSIFICATION
& CLUSTERING

REFERENCES

BIOINFORMATICS
in METABOLOMICS

Asst.Prof.Dr. Gokmen ZARARSIZ -2

gokmenzararsiz@hotmail.com

'Erctyes Unrversity, Faculty of Medicine,
Department of Biostatistics, Kaysert

?Turcosa Analytics Solutions Ltd.Co., Kayseri

November 4, 2016, Sivas


mailto:gokmenzararsiz@hotmail.com
mailto:gokmenzararsiz@hotmail.com
mailto:gokmenzararsiz@hotmail.com
mailto:gokmenzararsiz@hotmail.com

BIOINFORMATICS IN

METABOLOMICS  "NITRCOSA

GOKMEN ZARARSIZ

INTRODUCTION to
METABOLOMICS

PRE-PROCESSING

iy Vahap Eldem Selguk Korkmaz Dinger Goksiliik

Ahmet Oztiirk
O . x . . . . . . g
R O Istanbul Universitesi, Hacettepe Universitesi, Hacettepe Universites, Erciyes Universitesi,
MULTIPLE Biyoloji Bliim, Biyoistatistik ABD, Biyoistatistik ABD, Biyoistatistik ABD,
TESTING Ankara Ankara Ankara

Kayseri

CLASSIFICATION
& CLUSTERING

REFERENCES

www.biosoft.hacettepe.edu.tr

www.turcosa.com.tr



http://www.biosoft.hacettepe.edu.tr/
http://www.biosoft.hacettepe.edu.tr/
http://www.biosoft.hacettepe.edu.tr/
http://www.biosoft.hacettepe.edu.tr/
http://www.biosoft.hacettepe.edu.tr/
http://www.turcosa.com.tr/
http://www.turcosa.com.tr/
http://www.turcosa.com.tr/

BIOINFORMATICS IN

MeTagoromics  _OYNMICS SCIENCE
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Mutations  Epigenetic  Post-transcriptional Post-translational
PRE-PROCESSING modification modifications modifications
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REFERENCES

Patti et al. (2012) Innovation: Metabolomics: the apogee of the omics trilogy. Nature Reviews
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meTABOLOMICS  NIETABOLOMICS

Comprehensive analysis of all small-molecule
compounds that can be found in biological samples,
such as cells, tissues or biofluids

GOKMEN ZARARSIZ

INTRODUCTION to
METABOLOMICS

PRE-PROCESSING

s  Development / adaption of novel biostatistical &
* s bioinformatics algorithms

MULTIPLE
TESTING

CLASSIFICATION
el . Development of softwares

REFERENCES
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BIOINFORMATICS IN

meTaBoLoMICS  DYATA COLLECTION

e + Separation Techniques
* Gas chromatography (GC)
* Liquid chromatography (GC)

INTRODUCTION to : :
e Capillary Electropheresis (CE)

PRE-PROCESSING

CLASS * Detection Techniques

RSO * Nuclear Magnetic Resonance Spectrometry (NMR)
gﬁéﬁ"{ﬁ’éE * Mass Spectrometry (MS)

CLASSIFICATION

SOLUEIEAE * Hyphenated Techniques

REFERENCES * Gas Chromatography — Mass Spectrometry (GC-MS)

* Liquid Chromatography — Mass Spectrometry (LC-MS)
* Liquid Chromatography —Nuclear Magnetic Resonance (LC-NMR)

NOVEMBER 4, 2016 - SiVAS



BIOINFORMATICS IN

merasoromics - TARGETED / UNTARGETED METABOLOMICS

GOKMEN ZARARSIZ 1 TargetEd (quantitative)
* Measurement of specified list of metabolites on
interested pathway(s)

METABOLOMICS b . ! U .
SC——— * Compound identification and quantification

o  Accurate identification and quantification of
= complex mixtures ??

MULTIPLE
TESTING

el ¢ Untargeted (chemometric)

S — e Simultaneous measurement of as many metabolites
as possible from biological samples

 Novel metabolites

* False positives or noises ??

NOVEMBER 4, 2016 - SiVAS



BIOINFORMATICS IN

verasoromics - TARGETED / UNTARGETED METABOLOMICS

a largeted metabolomics

. Question:
(C 0L QIMNWAVVISI VAN \What are the levels of specific

metabolites in a sample?

Standard ey LC/MS Of ey Selected reaction —p Optimization « Samples: = LC/MS of = Data analysis by - | Quantification
metabolites standard monitoring and standard * Tissue lysates metabolite  comparison of of specific
Y € metabolites curve for * Cells extracts sample groups metabolites
INTRODUCTION to 'ﬁ, ﬁ: ." ‘ quantification *» Blood and and/or standards in biological
METABOLOMICS ) e _ other biofluids z samples
._. o -Standard . - Z E3
- PROCESSING \.« ! metabolite g == :
. ¥ BB ,]."”w N Group 1 Gro[xp 2
CLASS b Untargeted metabolomics
COMPARISON Question;

What is the global metabolic
profile of a sample?

MULTIPLE

TESTING iSamples: =P LC/MS Of =y Overlayed extracted s—————— Data alignment and analysis e Validation with == | Global
| * Tissue lysates metabolite ion chromatograms MS/MS from metabolic
. . fard: file of
CLASSIFICATION [[5avie cls.e Skt bictogical
+
& CLUSTERING other biofluids Q@—o z| | | samples
e \.* &
+ | @
REFERENCES * i l 1
Time m/z

Nature Reviews | Molecular Cell Biology

Patti et al. (2012) Innovation: Metabolomics: the apogee of the omics trilogy. Nature Reviews
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metagoromics  TH)ATA ANALYSIS

Preprocessing
— Handling missing values

GOKMEN ZARARSIZ

— Filtering
INTRODUCTION to . 4
— Normalization
PRE-PROCESSING — Transformation
CLASS
COMPARISON
| S e Univariate and multivariate analysis

TESTING 0 0 9 i . .
— Class comparison (univariate analysis, biomarker discovery)
CLASSIFICATION

& CLUSTERING — Class discovery (clustering)
REFERENCES — Class prediction (classification)
— Dimension reduction

 Downstream analysis
— Metabolite set enrichment analysis
— Pathway analysis

NOVEMBER 4, 2016 - SiVAS
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NTRODUGHIONTS BlOCOﬂdUCtOr
METABOLOMICS OPEN SOURCE SOFTWARE FOR BIOINFORMATICS
PRE-PROCESSING

CLASS
COMPARISON

MULTIPLE
TESTING

CLASSIFICATION
& CLUSTERING

REFERENCES

NOVEMBER 4, 2016 - SiVAS



BIOINFORMATICS IN

METABOLOMICS

Bioconductor package for processing LC/GC-MS spectra

GOKMEN ZARARSIZ

INTRODUCTION to
METABOLOMICS

PRE-PROCESSING

Highest average precision and recall

O e Superfast

MULTIPLE

TESTING

s *  Supported formats: NetCDF, mzXML, mzData

& CLUSTERING

REFERENCES

NOVEMBER 4, 2016 - SiVAS



BIOINFORMATICS IN

METABOLOMICS XCMS

GOKMEN ZARARSIZ > library(xcms)

> cdfpath <- system.file("cdf", package = "faahKO")

> cdffiles <- list.files(cdfpath, recursive = TRUE, full=T) # input files (

INTRODUCTION to
METABOLOMICS > xset <- xcmsSet(cdffiles) # peak picking ( )
PRE-PROCESSING > xsg <- group(xset) # peak alignment ( )
G > xsg <- retcor(xsg) # retention time correction (
COMPARISON > xsg <- group(xsg) # re-align ( )
MULTIPLE > xsg <- fillPeaks(xsg) # filling in missing peak data ( )
TESTING . . . :
> dat <- groupval(xsg, "medret", "into") # get peak intensity matrix ( )
gasggéclﬁggN > dat <- rbind(group = as.character(phenoData(xsg)Sclass), dat) # add group label
REFERENCES > write.csv(dat, file= ‘MyPeakTable.csv’) # save the data to CSV file

>

NOVEMBER 4, 2016 - SiVAS



BIOINFORMATICS IN

meTaBoLoMIcs  NIISSING VALUES

GOKMEN ZARARSIZ Control 1 [Control 2 |Control 3 [Treated 1 [Treated 2 |Treated 3
464 428 483 418 - 425

INTRODUCTION to 283 278 303 314 288 318

g o 235 - 277 269 259 217

534 505| - 491 478 -

CLASS

COMPARISON

MULTIPLE ’ Filtering

TESTING

CLASSIFICATION
& CLUSTERING

* MAR & MCAR

REFERENCES

* Missing value estimation

e KNN method

NOVEMBER 4, 2016 - SiVAS



BIOINFORMATICS IN

merasoromics  FILTERING

Non-informative features

GOKMEN ZARARSIZ

INTRODUCTION to
METABOLOMICS

PRE-PROCESSING

CLASS
COMPARISON

Strongly recommended for untargeted metabolomics

Multiple testing problem

MULTIPLE
TESTING

. Interquartile ranges, coefficient of variation
& CLUSTERING

REFERENCES

NOVEMBER 4, 2016 - SiVAS



BIOINFORMATICS IN

MeTapoLoMics  NORMALIZATION

GOKMEN ZARARSIZ Metabolite

Control

INTRODUCTION to
METABOLOMICS

PRE-PROCESSING

CLASS Creatine
COMPARISON

Acetoacetic acid

Beta alanine

Dimethyglycine

MULTIPLE

TESTING Fumaric acide

CLASSIFICATION Glysine

& CLUSTERING Homocysteine

REFERENCES [.]

TOTAL

G1iNS1

4.00
1.90
2.40
12.60
5.80
20.00
0.66

2000

G144

6.00
1.80
1.80
14.40
3.00
16.80

0.20

1800

G166

2.60
2.00
1.60
10.00
22.40
44.44
2.12

2400

G179

2.00
0.95
1.20
6.30
2.90
10.00
0.33

1000

CB541

3.00
0.90
0.90
7.20
1.50
8.40

0.10

900

CB660

1.30
1.00
0.80
5.00
11.20
22.22
1.06

1200

NOVEMBER 4, 2016 - SiVAS



BIOINFORMATICS IN

MeTapoLoMics  NORMALIZATION

Remove systematic variation between experimental
conditions unrelated to the biological differences (i.e.
dilutions, mass)

GOKMEN ZARARSIZ

INTRODUCTION to
METABOLOMICS

PRE-PROCESSING

[ ]
- By sum
COMPARISON

MULTIPLE
TESTING

* By reference compound (creatinine, internal standard)

CLASSIFICATION
& CLUSTERING

REFERENCES

* By reference sample (e.g. probabilistic quotient
normalization)

NOVEMBER 4, 2016 - SiVAS



BIOINFORMATICS IN

meTABOLOMICS  TRANSFORMATION

* To bring variances of all features close to equal

GOKMEN ZARARSIZ

RO ¢ Logarithmic transformation
METABOLOMICS

PRE-PROCESSING

CLASS .
e ISON e Box-Cox transformation

MULTIPLE
TESTING

vmempwwee © Scaling (e.g. pareto scaling)
& CLUSTERING

REFERENCES

e Additional z-score transformation (standardization)

NOVEMBER 4, 2016 - SiVAS



BIOINFORMATICS IN

METABOLOMICS

DATA MATRIX

control1l control 2 ... control 30 cancer1 cancer2 ... cancer 30
UL AT v 9.249132 9.771213 9.390076 9.395176 8.583321 9.296368 8.821702 7.876008

6.989496 5.84592 6.063214 4.995175 5.143495 5.426189 6.116481 5.011464
. 4.549009 5.298832 4.028992 4.730776 3.661116 4.268401 4.078334 4.109569
METABOLOMICS 7.042218 7.156791 6.516016  6.4736 6.785386 6.871651 6.612583 6.447812
2.842815 3.210668 3.168886 3.203355 3.055105 3.258568 3.068973 3.149365
P 6.076624 6.255116 5.53142 7.186467 6.117253 5.925629 6.542273 6.440859
COMPARISON 4.001927 4.408226 4.426111 4.218325 4.424755 4.085715 3.99024 4.258238
i 4.011074 4.147679 3.506027 3.450706 3.771826 3.546628 3.643631 3.816385
TESTING 6.374999 7.199643 5.660234 8.143042 5.13446 7.064966 7.252155 7.269149
CLASSIFICATION |  [FReSSE PR outi (Ovorsu N Povoort I |-~ === i
SC LU TERING: 3.710801 3.787264 3.713254 3.393635 3.646768 3.556236 3.573936 3.861748
REFERENCES

* n<p > curse of dimensionality

n: number of samples

Traditional statistical algorithms
are not applicable

p: number of features (e.g.metabolites)

NOVEMBER 4, 2016 - SiVAS



BIOINFORMATICS IN

meTasoLomics (T, ASS_-BASED ANALYSIS

Class comparison

GOKMEN ZARARSIZ
* Which metabolites are statistically significant among :

o — Tumor/non-tumor samples

METABOLOMICS — Disease subtypes

PRE-PROCESSING

CLASS
MULTIPLE  What roles do these metabolites have in related pathways?
TESTING

— Stage of the diseases

CLASSIFICATION

& CLUSTERING

Class discovery

REFERENCES i \ o .
e (Can we find metabolite clusters that have similar functions or

find sample clusters to detect disease subtypes?

Class prediction

* (Can | use this data to predict a phenotype?

NOVEMBER 4, 2016 - SiVAS



BIOINFORMATICS IN

meTABoLOMICS (O, ASS-COMPARISON

e fold-changes

GOKMEN ZARARSIZ

OGOt ¢ t-tests, ANOVA

METABOLOMICS

PRE-PROCESSING

' sam (significance analysis of microarrays and

MULTIPLE metabolites)
TESTING

CLASSIFICATION
& CLUSTERING

* limma (linear models for microarrays and metabolites)

REFERENCES

e volcano plots

NOVEMBER 4, 2016 - SiVAS
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INTRODUCTION to
METABOLOMICS

PRE-PROCESSING

CLASS
COMPARISON

MULTIPLE
TESTING

CLASSIFICATION
& CLUSTERING

REFERENCES

MULTIPLE TESTING

* Which colour of the jelly beans cause to acne?

http://training.bioinformatics.ucdavis.edu/docs/2012/05/RNA/_downloads/the-statistics-of-rna-seq.pdf
NOVEMBER 4, 2016 - SiVAS
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INTRODUCTION to
METABOLOMICS

PRE-PROCESSING

CLASS
COMPARISON

MULTIPLE
TESTING

CLASSIFICATION
& CLUSTERING

REFERENCES

MULTIPLE TESTING

WE FOUNDMNO
LINK. BETWEEN
BWE JELY
BEANS ARD ANE
(P>0.05).

7

WE FOUNDMNO
LINK. GETWEEN
TEAL JELY
BEANS ARD ANE
(P>0.05).

7

?’%

WE FOUND NO
LINK BETWEEN
Pir JELLY
BEANS AND ANE
(p>005)

i

WE FOUND NO
LINK GETWEEN
MAVE JELLY
BEANS AND ACIE
(p>0.05).

R

WE FOUND NO
LINK BETWEEN
MAGENTR JELLY
BEPANS AHiD ANE
(P>005)

7

WE FOUNDNO
LINK GETWEEN
YELLOW JEwy
BEANS AND AONE
(P>005)

?{%

WE FOUND NO
LINK BERJEEN
SALMON JELY
BEAMS ArD ANE
(p>005)

"%%

WE FOUND NO
LINK BGETWEEN
TURGUOISE JELLY
BEANS AND ACNE
(P>0.05).

i

WE FOUND NO
LMK, BGETWEEN
ORANGE JELLY
BEANS AND AHNE
(P>0.05)

?i’%

http://training.bioinformatics.ucdavis.edu/docs/2012/05/RNA/_downloads/the-statistics-of-rna-seq.pdf
NOVEMBER 4, 2016 - SiVAS
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INTRODUCTION to
METABOLOMICS

PRE-PROCESSING

CLASS
COMPARISON

MULTIPLE
TESTING

CLASSIFICATION
& CLUSTERING

REFERENCES

MULTIPLE TESTING

WE FOUNDNO
LINK, BETWEEN
BWE JELY
BEANS AND ACNE
(P>0.05).

7

WE FOUND MO
LiNK, GETWEEN
TEAL JELLY
BEANS AND RONE
(p>0.05)

?'%

WE. FOUND NO
LINK BETWEEN
PURPLE JELLY
BEANS PND ANNE
(P>0.05).

i

WE FOUND NO
LINK BETWEEN
BROWN JELLY
BEANS AND AGIE
(p>0.05)

i

WE FOUND NO
LINK BETWEEN
Pinie JELLY
BEANS AND AMNE
(P>0.05).

@ﬁ

WE. FOUND NO
LINK BETWEEN
MAVE JELY
BEANS AND AGNE
(P>0.05).

?\’i

WE FOUNDNO
LINK BEIVEEN
MAGENTA JELLY
BEPNS AD ANE
(p>0.05).

?%

WE FOUNDNO

LINK BETWEEN

YELLOW JELY

BEANS AND FCNE

(p>005).
/

WE FOUND NGO
LINK BETWEEN
SALMON JELY
BEANS FD ACNE
(P>005).

%ﬁ

WE FOUND NO
LUNK BGETWEEN
RED Jeuy
BEANS AND ANE
(P}0.0ﬁ'}_

i

WE FOUND NO
LINK GETWEEN
TURGUOISE JELLY
BEANS AND AMNE
(p>0.05).

%ﬁ

WE FOUND NO
LINK BETWEEN
ORANGE JELLY
BERNS AND ACNE
(P>0.05).

?ﬁ

== News ==
GREEN JELLY
REANS LINKED
To ACNE!]

Why does this matter?

http://training.bioinformatics.ucdavis.edu/docs/2012/05/RNA/ downloads/the-statistics-of-rna-seq.pdf
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merasoromics N[ULTIPLE TESTING ADJUSTMENT

) n samples
GOKMEN ZARARSIZ

We're doing p
simultaneous tests!

INTRODUCTION to
METABOLOMICS

PRE-PROCESSING

CLASS
COMPARISON

p
MULTIPLE i
TESTING metabolites

CLASSIFICATION
& CLUSTERING

REFERENCES H |y HZ! H3! seey Hp

http://training.bioinformatics.ucdavis.edu/docs/2012/05/RNA/_downloads/the-statistics-of-rna-seq.pdf
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merasoromics N[ULTIPLE TESTING ADJUSTMENT

GOKMEN ZARARSIZ

INTRODUCTION to
METABOLOMICS

PRE-PROCESSING

CLASS
COMPARISON

MULTIPLE
TESTING

CLASSIFICATION
& CLUSTERING

REFERENCES

20,000 simultaneous t-tests on random normal data from the
same distribution. There are |,009 green points (false
positives), making up 0.05 of the comparisons (at & = 0.05).

http://training.bioinformatics.ucdavis.edu/docs/2012/05/RNA/_downloads/the-statistics-of-rna-seq.pdf
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merasoromics N[ULTIPLE TESTING ADJUSTMENT

) m metabolites, m comparison tests
GOKMEN ZARARSIZ

* Assume we are testing H, H,, ..., H,,

INTRODUCTION to

Sl < m; # of true hypotheses, R: # number of rejected hypotheses

PRE-PROCESSING

CLASS _, : ’
COMPARISON Decision Actual Situation
MULTIPLE Null True Alternative
TESTI
—— True
CLASSIFICATION
& CLUSTERING Not called U T m - R
I — significant
Called Vv S R
significant
Total m, m-m, m

V. # of type | errors (false positives)

NOVEMBER 4, 2016 - SIVAS



BIOINFORMATICS IN

MeTaoLoMIcs  BONFERRONI APPROACH

) Simplest method to control type | error
GOKMEN ZARARSIZ

* Reject any hypothesis with p value < a/m
INTRODUCTION to

METABOLOMICS

ppyapmees °© Conservative

CLASS
COMPARISON * Not logical to apply for high dimensional metabolomics data

e * If we have 1000 features to compare, only features which have p

e LU values less than 0.05 / 1000 = 0.00005 are statistically significant.

REFERENCES

NOVEMBER 4, 2016 - SiVAS



BIOINFORMATICS IN

verasoromics - BENJAMINI and HOCHBERG FDR

* FDR (False discovery rate) =V /R

GOKMEN ZARARSIZ

 FDR is designed to control the proportion of false positives among
T ABOLOMICS the set of rejected hypotheses (R)

PRE-PROCESSING

CLASS _, : ’

COMPARISON Decision Actual Situation

MULTIPLE Null True Alternative

TESTI

— True

CLASSIFICATION

& CLUSTERING Not called U T m - R

I — significant
Called VvV S R
significant

Total m, m-m, m

NOVEMBER 4, 2016 - SIVAS



BIOINFORMATICS IN

werssoiomes BENJAMINI and HOCHBERG FDR

To control FDR at level 6:

GOKMEN ZARARSIZ

1. Order the unadjusted p-values: p,<p,<..<p,_

INTRODUCTION to
METABOLOMICS

2. Then find the test with the highest rank j, for which the p value p,

PRE-PROCESSI i .
COBEA T is less than or equal to (j/m)xé

CLASS
COMPARISON

3. Declare the tests of rank 1,2, ..., j as significant
MULTIPLE

CLASSIFICATION

& CLUSTERING

e o(j) <o

]
m

NOVEMBER 4, 2016 - SiVAS
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METABOLOMICS

GOKMEN ZARARSIZ

INTRODUCTION to
METABOLOMICS

PRE-PROCESSING

CLASS
COMPARISON

MULTIPLE
TESTING

CLASSIFICATION
& CLUSTERING

REFERENCES

BENJAMINI and HOCHBERG FDR

Controlling the FDR at 6 = 0.05

Rank (j) | P-value (j/m)x & Reject H, ?
1 0.0008 0.005 1
2 0.009 0.010 1
3 0.165 0.015 0
4 0.205 0.020 0
5 0.396 0.025 0
6 0.450 0.030 0
7 0.641 0.035 0
8 0.781 0.040 0
9 0.900 0.045 0
10 0.993 0.050 0

NOVEMBER 4, 2016 - SiVAS
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METABOLOMICS PATHWAY ANALYSIS

GOKMEN ZARARSIZ

' N Valine, leucine and isoleucine
INTRODUCTION to i X - "_(‘ biosynthesis
METABOLOMICS p e 3

PRE-PROCESSING
Histidin.e metabolism

CLASS Keine s 1 oS .| “Aanine, aspartate and _
COMPARISON ' : E s glutan.wate metabolism
@ inhibit..

CLASSIFICATION /&\
& CLUSTERING S

D-Glutamine and
‘e D-glutamate
metabolism

o @@ Bnanyiaianine:
tyrosine and

o tryptophan biosynthesis

T T T 1
02 04 0

6 08 10
Pathway Impact

REFERENCES

NOVEMBER 4, 2016 - SiVAS
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meTapoLomics  CT ASSIFICATION

GOKMEN ZARARSIZ

219912 s _at

INTRODUCTION to
METABOLOMICS

PRE-PROCESSING

CLASS
COMPARISON

102

MULTIPLE
TESTING

CLASSIFICATION
& CLUSTERING

REFERENCES

098

normal cCancer

Chen G (2013). Machine Learning for Bioinformatics using R. BGI Bioinformatics Workshop
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210283 x_at
GOKMEN ZARARSIZ i T

216694 _at 200822_x_at 206392_s_at

—I— Cl

03
1
15

— - =
o = —
o | I : —ol . - - @
] - = I =3 - - l
- =] - sl T
r : : “’ : = : 5 :
9 R - - -
INTRODUCTION to |- 5] i =] T : = =
METABOLOMICS 3 ' ’ \ = ' ' ' '
normal cancer normal cancer noermal cancer normal cancer
206952_at 219912 _s_at 40420 _at 206405 _x_at

1.04

PRE-PROCESSING s = -

7 . = . —_ 5 .
o o o - _:_ — —_— H ‘l-__-i - —_—
CLASS = ! b = = i == - 1 : _ ! -
COMPARISON - — 1 == - 8 S s
[] 1 | N — i :
= ] ] s g - 1 =~ : 1 = —I—. —_—
& [} — ] I [ o3 - a
MULTIPLE == == = . 8 —— =t 5 :
TESTING normal cancer normal cancer normal cancer normal cancer
215343 _at - 213868_s_at 208206_s_at 201087 _at
CLASSIFICATION = I P, ¥ =] 7 . 1 - _
- o —_ - T . = S 4 v
& CLUSTERING =i : = I its 2] = g =1 = :
REFERENCES =5 E S1E= : s | =4 - 15 :
= w 1 1 1 1 el : 1
ez 7 _|_ o — R —_— o - J——
T T = T T T T = T T
normal cancer normal cancer normal CaAncer naormal CAncer
214368 _at - 215147_at 204834 _at 207005 _s_at
- 5 = = - = s =
1 o o a
=4 T = s -] T s -
EEE| sl | 2= —'
= — ~ 0 -
- 1= : | : 5 - ; = E
2 ; : ; — = i o
1 L) (=1 I L = 1 | I 1
normal cancer normal cancer normal cancer narmal cancer

Chen G (2013). Machine Learning for Bioinformatics using R. BGI Bioinformatics Workshop
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De facto standard for chemometric analysis
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A supervised method that uses multiple linear regression technique to find
the direction of maximum covariance between a data set (X) and the class
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