Course #412
Analyzing Microarray Data using the mAdb System

July 15-16, 2008 1:00 pm - 4:00pm
madb-support@bimas.cit.nin.gov

* Intended for users of the mAdb system who are
familiar with mAdb basics

* Focus on analysis of multiple array experiments

Esther Asaki, Yiwen He



Agenda

1. mAdb system overview
2. mMAdDb dataset overview
3. mAdb analysis tools for dataset
— Class Discovery - clustering, PCA, MDS
— Class Compariso- statistical analys
e [-test
« ANOVA
o Significance Analysis of Microarrays - SAM
— Class Prediction - PAM

Various Hands-on exercises



1. mAdb system overview



mAdb Data Workflow

Upload Data Quiality Control Prepare Dataset | Analysis/Model Review Annotation




2. mMAdb dataset overview



What Is a dataset?

« mAdb Dataset
— Collection of data from multiple experiments
— Genes as rows and experiments as columns

samplel sample2 sample3 sample4 sample5 ...
0.46 0.30 0.80 1.51 0.90
-0.10 0.49 0.24 0.06 0.46
0.15 0.74 0.04 0.10 0.20
-0.45 -1.03 -0.79 -0.56 -0.32

-0.06 1.06 135 _~[1.09 | -1.09

—

Gene expression level = (normalized) Log( Red signal / Green signal)

Genes

o ~rOWDNPE




A mAdb Gateway - Microsoft Internet
Bile Edit Wiew Favorites Tools Help

Kl

@ss Training/Public Datasets

mAdb Gateway

wew  TIpload lists of 1dentifiers such as Clone, Gene Symbol, LocusLink ID,
TUniGens ID and Well ID. These lists can be used as filters with the Feature

Properties Filtering tool.

Choose one or more Projects, select a Tool and Continue

\ ] P )
Of e s T R T L Loy WaLE T At =lang

Temporary or Permanent area i

#>{ quest - Time Course Demo Set #1
*>{ quest - Time Course Demo Set #2
*>{ quest - Repeats and Reciprocal Retests Demo Set §

Projects: XX guest - Multiple Types Demo Set #4

MNote: Tools raarked with "*" only support selection of one project
Simple Dataset Extraction
Project Summaries Report

* Copy/Move Arrays Between Projects
* Order Arrays VWithin a Proj

Taool:

New or Existing Dataset:

1.
2.

Create New Dataset
Access Existing Datase!

esdtended Dataset Fxtraction
Single Experiment Array Viewer {NHGRI Java Applet) [1]
BRBArraytools Format Retrieval (Mo Filtering)
GeneSpring Format Retrieval

s Tpload|/Other Formats Retrieval {Mo Filtering)

» Ztatus {Uploaded Files Retrieval

s Upload

Uploadin

>

&

|_ |_ |_ @ Internet

sl_h_




ooog 1. HDLMZ A HI. HDLMZ

A 1

A 0007 20 JTIM3 A MM JDM3 .

A 0007 3 I A e Dataset Display Page
A 0006 4. 1428 A  HL 1428

A 0009 5 1540 &  HL L540

A 0006 6 Lylo A  DLBCL Lyl

A 0007 7. Lyl9 A4  DLBCL Lyl

A 0007 8 Ly3 A DLBCL Ly3

A 0007 9 Ly7 A DLBCL Ly7 .

A 0.007 10 U}és?s_A m;I_Uz_séy o Dataset H|Story

Edit Data for Dataset: Cell Lines representing 3 Lymphomas

10 Arrays and 22283 Expression Rows extracted. ] An aIySIS I OOIS

Data transformation method: Centered to Signal Median
Spot Filter Options:
Signals are floored at 100.0

Eapamd his Dataset e Retrieval anc
B Display Options...

Filtering/Grouping/Analysis Tools --@F

Choose a Tool |Additional Filtering Options j and | Proceed |

Interactive Graphical Viewers --@¥
Choose a Viewer |MDS: MultiDimensional Scaling j anll  Wiew |

Dataset Retrieval & Display Options -@¢ ™

. Ei Cluster ~
Retrlevel Dataset formatted for |E15Een Llus BTJ

Redisplay | W Bhow Array Details at the top of the page 8




Dataset Display

Fedisplay Show Array Details at the top of the page

Background Color |- MNone- Contrast | 1.585 o Dataset dlsplay Opt|OnS
Limiting display to to 25 genes .

Show Data Values Use MNarnes in Colurnn Heading dyn am I C

[0 Apply log? transform [ Tse Description in Column Heading

Show Gene Symbols [ Show Map Information ® I nte g rated g e n e

[ Show UniGene Cluster [0 Show BioCarta Pathways . .

[ Show KEGG Pathways 18 fO rmation

O] Show GO Tier 2 Component [ Shew GO Tier 3 Component

[0 Show GO Tier 2 Function [0 Show GO Tier 3 Function

[ Show GO Tier 2 Process [0 Zhow GO Tier 3 Process

Show Gene Description [0 Shew GO Terms

[0 Show Awverage(Log? Ratie) [ Show MaziLeog2 Ratie)-Min(Tog2 Ratia) b N eWIy C re ate d d ataS et pl

[0 Show Variance

all experiments into a single

Save a Feature Property List (used with the Feature Propenes Filtering tool).

* Eecords 1to 25 of 22283 total records displayed. g ro u p

+ + 4+ =+ + o+

HDLM? AJIM3 A JIN3 A 1428 A 1540 A Lyl0 A Lyl9 A Ly3 A Ly7 A U266_A Well ID FE;E“’“ Gene

0896 11075 08887 15182  1.1664 1.31%8 1.2333 06761 083685 09967 1118566 117_at HSFAS
8. 1537 677782 B5125 68657 BI18B4 V6118 S.1357 T4983 87316 58007 1118567 121_at TDAXSE



Group labe] IS IS IS S

Sam P |le NaI BjaB A BDaudi A BJurkat A BLylo A BLy3 A B

genes

277305

24250
£.218%
23296

10,0053
2.1208
6.5014

26604
g.378l
7.9419
8.9372
8.2002
5.0575
9.9564
9.9284
24419
10,4035
20208

MmAdb Dataset Display

Q7985
8.9715
82.8918
7.0224
75645
26202

D.EE05
22187

£.5251
10.0402
8.8581
74741
9.8243

£.8163
9.8420
D.6363
9.0507
27502
2.3452

97249

2.0752
78511

24409

93872
7.3540

84512
8.65%1
8.173%
79301
94774

5.9542
97677
23726
94075
22389
2.386%

TIAI02
10.2981

10,2200
74892

2RE52
7.882%
9.9003
8.3650
70829

29747
82322

27465
2.9105

10.1529
9.8858
9.9434

10,1022
28770

101150

77888
77814
10.0534
7.3505
93181

24539
9.3807

10.2738
26255
57388
93419

10.1808
2.0739

10,5434
23613

+ +

Well ID

1118366
11183587
1118568
11183673
1118570
1118572
1118573
1118574
1118575
1118578
1118577
1118579
1118581
11183582
1118584
1118585
1118586
1118587
1118588
111858%
1118591
1118592
11185534

+ +

Feature
D

117 at
121 at
177 at
175 at
320 at
564 at
632 at
823 at
1053 at
1274 at
1316 at
1431 at
1427 at
1729 at
1861 at
243 g at
266 3 at
31799 at
31807 at

+ +

Gene

HEPAS
PAXE
PLD1
PMEZLS
PEXé
GMNATL
GRE3A
CH3CL
RFC2
TUBEIL
THEA
CYPZE]
ESERA
TEADD
BAD
iAaP4
D24

D49

+ +

Description

heat shock 70kDa protein 6 (H3P70B"
paired box gene &

phospholipase D1, phophatidylcholine-sp
postmeiotic segregation increased 2-1ike
percxisomal biogenesis factor &

guanine nucleotide binding protein (G preo
glycogen synthase kinase 3 alpha
chemokine (C-33-C meotif) ligand 1
replication factor C (activator 13 2, 40kT
ubiquitin-activating enzyme E1-like
thyroid hormone receptor, alpha (erythro
cytochrome P450, family 2, subfamily E
estrogen-related receptor alpha
TNFESF1 A-associated via death domain
BCL2-antagonist of cell death
microtubule-associated protein 4

CD24 antigen (small cell lung carcinoma
Bapiens clone 24627 mEMNA sequence
DEAD (Asp-Glu-Ala-Asp) box polypepti

31826 at KIAADETS EIAAQET4 protein
31837 at BCO02942 hypothetical protein BCO02942

31845 at

ELF4

E74-like factor 4 (ets domain transcripti

31861 at IGHMBPZ immunoglobulin mu binding protein 2




Group Examples

* Technical/Biological replicates
* Knock-outs and wild type

e Cancer vs normal samples

e Time course points

* Dosage levels

11



Dataset Group Assignment

» Array Order Designation/Filtering
o Array Group Assignment/Filterii
 Filter/Group by Array Properties

12



Dataset group assignment

Choose a Tool

Choose a Vie

Diatazet for

Fedisplay <
Backar

tools

Filtering/Groupingf Analyais Tools --@F

Additional Filtering Options

and

Ad Hoc QuernyFiltering Cptions
Feature Fropery Filtering Options
Array Order Designation/Filtering
Array Group Assignment/Filtering ]
Filter{Group by Array Froperties
Awerage Arrays within Groups

Two or more Group Comparison

FaAM: Prediction Analysis for Microarrays
Boolean Comparison with another Set
Clustering: Hierarchical

Clustering: Kmeans

Clustering: SOM

Correlation Summary Report

Gene Ontology Summary Report
Fathways Summary Report

Save As a New Dataset

i (Vo)

ot | 1.585

13



Array Order Designation/Filtering

e STvD  Order arrays in dataset
L4268 AHL L4238
Bl irvce vy o Delete/Add back arrays
oA MUz in dataset

+ ||Ly10_ADLBCL_Ly10
Ly19_ADLBCL_Ly19

Ly3 ADLBCL Ly3 . SUbsequent anaIySiS
ro— will be ordered by
groups first and then
ordered within each

Arrays Excluded g ro u p

Rermove or Add Back Arrays

Subset Label: |Ordered Dataset

« Does not group arrays

14



Array Group Assignment/Filtering

Mote the --@& marks iterns which lead to additional help when clicked

Dataset Properties --@#

Subset Label: [Ga1 Line Grauned e One click per array for
additional group

Expand the number of possible Group Designationsto 4,5, 6,7 ,8 16 or 24

grovps e Not convenient for large

Group Designation --@¥

=l Al

JI Submit | Cancel | dataSE

Array Name & Description
HDLMMZ AHI HDLIZ
JI3 A D JIN3

ITN3_A MM_IIIN3 « Can not order within

1428 AHL 1428
L540_AHL L540 g Ff'ou p
Lyl0 ADLECL Lyl0
Lyle ADLBCL Lyl9
Ly3_ADLBCL Ly3
Ly7_ADLBCL Ly7
U266 A MM U266

15



Filter/Group by Array Properties

0.008 1
0.007 2
0.007 3
0.006 4
0.009 5
0.008 &
0.007 7
0.007 &
0.007 9.

o

e e e e e e e

Edit Data for Dataset: Cell Lines representing 3 Lymphomas

mAdb Dataset Display

0.007 10.

Lyl0 A

CLyl9 A

. HDLM2 & HL HDLM2
L IM3_A
JIN3 A
1428 A
1540 A

MM T3
MM_ITN3
HL 1428

HI L1540
DLECL Ly10
DLECL Ly19
DLECL_Ly3
DLECL Ly7
MM U266

10 Arrays and 22283 Expression Rows extracted.

Data transformation method:

Spot Filter Options:
Signals are floored at 100.0

Centered to Signal Median

Array properties include
Name and Short
Descriptior

|dentify consistent pattern

16



Filter/Group by Array Properties

Group A IShurt Description j IBBgins with j IHL

Group B IShnrt Description j IBegins with j IMM

Group C  |Short Description | [Begins with ~| |pLBCL
Contains '

GroupD  |Array Name | Begins with I

Equals

Does Not Contain
Group E |Array Name j Does Not Begin with I
Does Not Equal
Expand the number of possible Group Designations to 10, 15, 20 or 26 groups.

Subset Label: [Filter/Group by Array Property

Submit Cancel |

« Convenient for large dataset
e Can not order arrays within group

17



Group Assignment
RS EEEI I

LM2 A L428 A L540 A JIM3 A JIN3 A U266 A Ly3 A Ly7 A Lylo A

+ + + + + +

Well ID Feg‘” Gene

DaRzs 15180 TTer—Iitdr—feey—orei7 o /ol 08685 13198 12333 1118566 117 at  HEPAS
21537 &€86%) 21886 &7782 85125 58007 74283 877316 Te118 21357 11185&7 121 at  PAXE
DE042 22147 08831 06680 06934 14118 06781 06743 06046 07337 1118568 177 at  PLDI1
41856 &4728 58030 53601 60779 51954 71981 37505 Y2110 48481 111856% 17% at PMEZLS
2.3557 16427 12628 25885 24068 20954 14949 21160 10713 25561 1118570 320 at PEXe
1.1856  1.3852 09514 0.959% 09757 08588 12529 14626 13452 12318 1118571 336 at TEXAZR
304e 16271 25043 11516 1.0508 06536 14875 12670 11227 11988 1118572 564 at GMNAL]
45008 51783 55333 53077 74172 68863 71846 58658 &.0435 24515 1118573 632 at  GRE3A
41ed4e 121329 08532 06680 06254 06536 11034 06743 14075 07337 1118574 823 at CX3CL1
55663 43223 54480 16206 29270 44418 43158 33720 57775 33067 1118575 1053 at EFCZ
32173 24157 20461 13460 09437 1.103% 13083 20264 159933 18391 1118576 1294 at TEBEIL
oas00 07918 08532 077715 06934 08327 046761 038483 03083 07630 1118577 1316 at THEA
07300 06485 08532 06680 06954 06536 06761 06743 06046 07337 1118578 1320 at PTPNZ1

e Group assignment information is carried into relevant
analysis

o Dataset is independent from microarray platforms y



Examplesfor using groups

Additional Filtering per Group
Correlation summary repc
Average arrays within groups
Calculate statistics within groups

19



Filter by Group Properties

Missing Value Filters --a

M  Genes: Require values in == [80 |% of Arrays | |

" Arrays: Require values in :==|30 |% of Genes |
Gene Filters-o¢

r Ratio[>= 7|2 in>= 80 |% of Arrays v |

V¥ Apply Symmetrically

r Ratio == |9 in == I5ﬂ I% nf Arraygj OR
Ratio == |0.5 in == |50 I% of Arrays ﬂ

r  Average Ratio |3“= 'I IU

I~ Apply Symmetrically

r  Max (Ratio) / Min (Ratio) = |12
r  Variance (Gene Vector) percentile = IQU %

Ensures each group has sufficient number of non-missing

values
20



Correlation Summary Report

Correlations

#10 Girp Array Name Array Description

WY 0.890 - 0.873 ------ BO ! HDLM2 & HL HDLM?
o.ss2 ||NEEEN o.sc0 RN O55E | o <o -- BO 2 1428 4  HL 1428

WS 0260 0280 BEG 3 Ls40 & HL L340

2920 0.896 0.895 BO 4 I3 A MM M3
(#5B MRS DR ¢ [ESCGERTE B |
#6 B

BE 5 IN3 4 MM JTN3
#C

BE s TUes & MM U266

BE 7 Lylo A DLBCL Ly10
BEO s Lylo A DLBCL Ly19
BEO o Ly3 4 DLBCL Ly3
BO 10 Ly7 A DLECL Ly7

0.883

Pair wise correlation between 2 samples in dataset
Individual scatter plot available
Group pattern for quality control

21



Ele Edt Wew Favorites Tools Help |-

HRack v = ¥ (3 @} | Dsearch GaFavorites veda 4 | B> S B~ 22 2

Address |@ bt ffmadb.nai.nib.gov fogi-bingrestricted/mAdb_correlation_report.ogi j GO ‘Links i
Home Fage | mAdb Gatewway | Upload Status -

Forums | Reference Info | Program Downloads | GeneCards - - . .
niddlhy Correliction Report Visual Bivariate Data Analysis

a mAdb Correlation Report - Microsoft Internet Ex - |EI |i|
File Edit Wview Favorites Tools Help
Array 8 - “Back v = v @D 2] & | Dsearch GaFavorites D@iedia (8| v »
Return to the input dataset. ScatterPlot log2 Ratios; r = 0.888
Redisplay Background Color Bcheme |GreenN\r"hitBHRBd ﬂ <
Color Baturation Ma/hid D lin |0.8 |0.6 |0.4 Rl
Note: For proper coloring MMax = Mid > Min LN

Note: Click onthe Correlation values to display the corresponding ScatterPlot
Correlations

] S e e o e e s -

#O#3  #M #5 #6 #7 #8 #9 #10  #11 @ #12 ¢

0596 0618 0711 0653 0733 @@43’5;. 506 | 0682 0893 O

20] 0583 [0.528 0.602 0.603 0.645 0659-0549 0.597 0.

G 0615 0626 0688 0651 0718 0692 0562 (0652 0659 O

-- 0513 0507 -- 0518 I

730 0523 0548 [ 0635 0641 0629 0551
0632 0560 @ﬂ@; *‘mu 0.636 0.646 0643 0523
0563 0588 (0546 0561 0633 0643 0615 0573
0604 0639 0623 0591 D664 0672 0660 0629

11 m 0.591 [0519 [0EFS] 0535 0646 0656 0,694 ||
12 TN 0711 0539 0552 0533 0534 0668 0676 0698 0.53:8_
3 ST e e 070 o5

14. 0552 0520 [N

15. HIS A 1 0625 D663 0668 0641
1% ENTN ned1 NAA? NAAS  NANA m4'ﬂ
O

#9: EWS-T12

‘ I
E] bt madb.nglnib.goyfeg-bindrestricted/mAdb_correlation_report.cgi#main_options_table I_ ’_ ’_ |‘ Internet




Average Arrayswithin Groups

Filtering/Grouping/Analysis Tools --a¥

Choosze a Tool IAverage Arrays within Groups j and Proceed |

Interactive Graphical Viewers --a¢

Choose a Viewer |MDS: MultiDimensional Scaling j and View

* Averages calculated using log ratios regardless of
linear or log display options chosen

23



Calculate statistics within Groups

Filtering/CGrouptng/ Analysis Tools --@F

Choose a Tool | Group Statistics (mean, median, stddey. ) v | and

Interactive CGraphical Viewers --@¢
Chooze a Viewer | MDS: MultiDimensional Scaling ¥ | and

« All values calculated using log ratios regardless of
linear or log display options chosen

24



Dataset |

Small Round Blue Cdl Tumors
(SRBCTS)

Khan et al Nature Medicine 2001

4 tumor classifications

63 training samples, 25 testing samples, 2308gene
Neural network approach

25



Hands-on Session 1

Lab 1- Lab 4

Read the questions before starting, then answer
them in the lab.

Use web site:
Avoid maximizing web browser to full screen.
Total time: 20 minutes

26



3. mAdb dataset analysistools

— Class Discovery: clustering, PCA, MDS
— Class Comparison: statistical anal
— Class Prediction: PAM

27



Analysis Overview

Class Discovery
- Unsupervised

 Clustering — Hierarchical, K-means, SOMs
* Principal components Analysis (PCA)
» Multidimensional Scaling (MDS)

Class Comparison
- Supervised

* paired t-tests

* t-test pooled (equal) variance

* t-test separate (unequal) varia

« Significance Analysis of Microarrays (SAM)
* One way ANOVA

* Wilcoxon Rank-Sum (Mann Whitney U)

» Wilcoxon Matched-pairs Signed Rank
 Kruskal-Wallis

Class Prediction
- Supervised

Prediction Analysis for Microarrays (PAM)

20




Class Discovery Example

« Discover cancer subtypes by gene expression
orofiles

 |dentify genes which have different expression
patterns in different grou

e Tools: Cluster Analysis, PCA and MDS

29



Class Comparisons Example

* Find genes that are differentially expressed among
cancer groups

* Find genes up/down regulated by drug treatment

e Tools:
— Group comparison
— Statistics Results filtering

30



Class Prediction Example

 |dentify an expression profile which correlates
with survival in certain cancers

 |dentify an expression profile which can be used
to diagnose different types of lymphor

e Tools: Prediction Analysis for Microarrays (PAM)

31



3. mMAdb dataset analysistools

— Class Discovery: clustering, PCA, MDS
— Class Comparison: statistical anal
— Class Prediction: PAM

32



Class Discovery

o Dataset with large amount of data
« Dataset not organized
* Visualization with Clustering, PCA, ML

33



Cluster Analysis

 Organize large microarray dataset into
meaningful structures

* Visualize and extract expression patt

34



What to Cluster?

Genes - identify groups of genes that have
correlated expression profiles

Samples - put samples into groups with
similar overall gene expression profiles

35



Clustering M ethods

Hierarchical clustering
Partitional clustering

— K-mean

— Self-Organizing Maps (SOM)

36



Cluster Example on Genes

>

|

AT

_s:r

|

il T

Much easier to look at large
blocks of similarly
expressed genes

Dendogram helps show how
‘closely related’ expression
patterns al

A. Cholesterol syn.

B. Cell cycle

C. Immediate-early
response

D. Signaling

E. Tissue remodeling

37



2 Steps

— Pick a distance methc -

e Correlation

e Euclidian

— Pick the linkage method _2
* Average linkage

38




Corrdation

 Compares shape of expression curves (-1 to 1)
e Can detect inverse relationships (absolute cdroaln

N [l (@) [ N w » [6)] o

39



Two Flavorsof correation

e Correlation (centered-classical Pearson)

e Correlation ( un-centered)

— assume the mean of the data is O, penalize If not
— Measures both similarity of shape and the offsanft

\
—e—gene X
—=—geney
/\ ——gene z
2 3 4 5 6

40




Euclidean Distance

NP, O RN W N O o

41



Similarity/Distance M etric Summary

Hierarchical Clustering Options --@¢

Teres:

Arrays:

Linkage Method:

Similarity/Distance Metric

Correlation {uncentered) hd

Mot Clustered -
Mot Clustered

shape

Correlation {uncentered)

Shape and offset

Euclidean distance

Absolute Correlation {centered)

distance

Absolute Correlation {uncentered)

42




Hierarchical Clustering Example

HL_HOLMZ

OLECL_Ly?
OLECL _Lyl9
OLECL _Lyddy
OLECL_Ly3
HL_L425
HL_L540
MHM_JJN3
MHM_U266
MH_JIN3

wip
wip
wip
wip
wip
wip
wip
wip
wip
wip
wip
wip
wip
wip
wip
wip
wip
wip
wip
wip
wip
wip
wip
wip
wip
wip
wip
wip
wip
wip

L1ZEVE
11131065
11130929
11136651
11135778
11119136
TL1ETT0S
11129269
11120492
P1121870
11121291
11121629
11130806
11123626
11121089
11120987
11135056
11138785
111204731
11121781
11136110
11132762
11133429
11125545
1122112
11136337
11135154
11120363
P1137EVS
11131090

207900 _at.
201964 _=_at
201315 x_at
212203 _x_at
210899_=_at
Z00ETE_at.
217728 _at
220308 _at.
2003964 _at.
206337 _at
208419_at.
208960 _at.
201123 _=_at
219424 _at
2080aL_at
204897 _at.
209604 _=_at
217744 _=_at
203804 _at.
208403 _at.
211372 _=_at
204777 _=_at
206463_s_at
214079 _at.
206729_at
Z211685_s_at
209803 _=_at
20E710_at
214022 _=_at
201601 _x_at

CCL1? —— chemokine (C-C motif) ligand 17

FSCHN1 —— fascin homolog 1, actin—hbundling protein (Stronguloce
IFITHZ — interferon induced transmembrane protein 2 (1-800
IFITM3 — interferon induced transmembrane protein 3 (1-5U0
COS36 — CD8& antigen (CD25 antigen ligand 2. B7-Z antigen)
S100A10 —— 5100 calcium binding protein ALO Cannexin ID ligand
S100A6 —— 5100 calcium binding protein A6 Ccaloyclind

SHFT — Jun dimerization protein pZlSNFT

MMI —— M-myc Cand STAT) interactaor

CCR? —— chemokine (C-C motif) receptor 7

EBIZ — Epstein-Barr wirus induced gene 2 (luymphocyte-specific
BATF —— haszic leucine zipper transcription factor, ATF-like
EIFSA —— eukaryotic tranzlation initiation factor SA

EBI3 — Epstein-Barr wirus induced gene 3

CRIPL —— cysteine-rich protein 1 Cintestinall

PTGER4 — prostaglandin E receptor 4 (subtype EP4)

GATAZ —— GATA binding protein 3

PIGPC1 — p53-induced protein PIGPCL

IF — 1 factor (complement)

IL1IRZ —- interleukin 1 receptor, tupe II

IL1IRZ —- interleukin 1 receptor, tupe II

MAL — mal, T-cell differentiation protein

OHRSZ — dehydrogenaze/reductaze (SDR family) member 2

Sapiens cONA FLJ20335 fisz, clone HEP1Z179.

THFRSFE —— tumor necrosiz factor receptor superfamily, member
NCALD —- neurocalcin delta

T3SC3 —— tumor suppreszing subtransferable candidate 3

ITPR1 —- inositol 1.4,5-triphosphate receptor, type 1

IFITML — interferon induced transmembrane protein 1 (9-27)
IFITML — interferon induced transmembrane protein 1 (9-27)

43



Tree Cutting

2 clusters?

3 clusters?

4 clusters?

=

-

L 2

Degrees of

dissimilarity

— Eh”
0T 129"

raTh

L /h

EWIT
29200 k.

EMNCT k.
OpS]
LITOH
=FA N

=g

19"
-

[ -y -
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Hierarchical Clustering Summary

« Detection of patterns for both genes and samples
e Good visualization with tree graphs

e Dataset size limitations
« No partition in results, require tree cutting

45



Partitional clustering: K-means

e Partition data into K clusters, with number K
supplied by user.

e Produce cluster membership as results.

46



K-means Algorithm

Divide observations into K clusters.

Use cluster averages (means) to represent
cluster:

Maximize the inter-cluster distance
Minimize Intra-cluster distance.

47



K-means Algorithm

\
® N \W
0 o %]
N |
9 @\\ C
i @/m ©
© /@ T
% JANEPY
e © /%0

48



K-means Algorithm

KW ) %/
NK AL ARl
/ e/

L AL B T
saiinicoaen)
e 9 \W/m/_m

e ©®
é /]
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K-means Algorithm

50



K-means Algorithm
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mAdb K-means Options

Adjust data for analysis === =

Set number of clusters =

Set number of iteration =—
Activate random Set  ===p

Hierarchical clustering ==
within node

Data Adjustinent Options --@¢

bedian Center Genes before Clustering
bean Center Genes hefore Clusterin
spectly Mumber of Nodes |5 »
Mlazimum MNumber of tterations | 100 »
Initialize with Random Seed [
Emeans Nodes
Hierarclucal Clustermmg Options --@¢
similarityTistance Metric
Fenes: | Correlation (uncentered) A
Arrays: | Mot Clustered hd

Linkage Method: | Awerage Linkage
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Data Adjustment Options

Diata Adjusttnent Options --@¢

tdedian Center Genes before Clustering
bdean Center Genes before Clusterin

i ' =

Adjusts data rows so median/mean will be zero

Used only for analysis — not saved in dataset

Center genes to compare relative values among genes

Not appropriate if clustering arrays

Not appropriate if using Euclidean distance/similarity
metric

53



K-means Clustering Example

Save as input to TreeVie

Zip C| G
(0) n=286

Zip C| G
(1) n=469

Zip C| G
(2) n=361

Zip C| G
(3) n=348

Zip C| G
(4) n=391

Zip C|G
(5)n=373

Create new subset of genes

~

Show hierarchical clustering




Summary

Fast algorithm

Partitions features into smaller, manageable
group:

mAdb allows hierarchical clustering within
each K-mean cluster

Must supply reasonable number of K
No relationship among partitions
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Self-Organizing Maps (SOM)

e Partitions data into 2 dimensional grid of
node:

» Clusters on the grid have topological
relationships

e 2 numbers for the dimension of grid supplied
by user
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d b M Data Adjustinent Options --@¥
Opt I On S new | hdedian Center Genes hefore Clustering +

Self Organizing Maps Options --@¢

Specify X dirmens 4 v
Set number of clusters (X, Y==3 pecify X dimension 3
Specify T dimension v

Set number of iteratioRm=—p- Ntber of ierations | 100000
Activate Randomized PartitioR==p- Tnitialize with Randornized Partition

SOM Flements

Hierarchical Clustering Options --q@¢

similarityTistance Iletric
Hierarchical within SOM clusters === Genes: |Corelation (uncenterec)

Arrays: | Mot Clustered

Linkage Method: | Awerage Linkage
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Line Plot Yiew

Heat map View

Save as input to TreeVie 1 2 3 4
Zip C|G Zip C|G Zip C|G Zip C|G
(1,1) n=34 (2,1) n=13 (3,1) n=14 (@,1) n=27

Create new subset of gen|

View with JTreeView View with JTreeView |View with JTreeView |View with JTreeView

Show hierarchical
clustering

Zio C|G Zip C|G Zip C|G Zip C|G
(12) n=9 (2,2) n=6 (3,2) n=16 (4,2) n=17

View with JTreeView View with JTreeView |View with JTreeView |View with JTreeView

Zo C|G Zip C|G
(1.3) n=26 3.3)n=17

[View with JTreeView |View with JTreeView View with JTreeView View with JTreeView
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Toggle back to
Heat Map View

Line Plot View

Heat Map “iew

Click on the "n=xxx"" Inks to create subsets representing the Mode.
1 2 3 4

Zip C|G Zip C|G Zip C|G Zip C|G
(1,1) n=34 (2,1) n=13 (3,1)n

Kt
e

Zip C|G
(1,3) n=26
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SOM Summary

Neighboring partitions similar to each other
Partitions features into smaller groups

mAdb allows hierarchical clustering within ec
SOM cluster

Results may depend on initial partitions
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Summary of mAdb Clustering Tools

Hierarchica K-means SOM
Relationshig Tree partition Partitior
visualization | Structure | Membership |2-D topology
Data Size Small Large Large
Performance Slow Fast Middle
Cluster Type Gene/Arrayl Gene Gene
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Cluster Analysis

Normalization Is important

Reduce data points by variance

Use K-mean or SOM to partition data

Use biological information to interpret results

62



Hands-on Session 2

« Lab 5-Ilab 6 (Lab 7 optional)
e Total time: 15 minutes
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Principal Component Analysis

 How different samples are from each other

* Project high-dimensional data into lower
dimension, which captures most of tl
variance

* Display data in 2D or 3D plot to reveal the
data pattern
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Principal Component Analysis

* Hypothesis - there exist unobservable or
“hidden” variables (complex traits) which
have given rise to trcorrelation among the
observed objects (genes or microarrays or
patients)

e The Principal Components (PC) Model is a
straightforward model that seeks to achieve

this objective
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PCA 3D plot

* AXxes represent the first 3
components

* The first 3 components
should explain most of tf
variance

 Formation of clusters
* Relationship of clusters.
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Basic Idea of PCA is a Data Reduction Method Based on
Analysis of Correlation Pattern(s) That Can Exist Among the
Observed Random Variables (i.e. Expression values of Genes).

Array 1 2|... m
Gene . |a;; a, A
Raw Data (Sene: s % . Lo
Gene . | : : :
Gene | |a, a,, A

n is the number of genes (gene probes); m is thabauof arrays (experiments)

A Structure of Correlation Matrix is tidajor Object for PCA

CorrelatioriGene 1 | Gene 2| ... Gene 1
Matrix

Gene: [1 [, M

Gene . [ 1 .

Gene .. [ ; ; ;

Gene | r, r, 1

A correlation matrix is a symmetric matrix of cdaton coefficients
(_1S rIJS]. andierji;i,j:1,2,...,n;rii:1 )
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The Resultsof PCA are a small set of the orthogonal (independent)
Variables Grouping of the Variables

From a purely mathematical viewpoint the purposB©A is to transform
correlated random variables to an orthogonal s&tiwieproduces the original

variance/covariance structure.

X2 r>=0.90 Corr(yl, y2) =0 Y2
oy :
X1

(The First) Principal Component gan “explain” the major fraction
(~90%) of a dispersion of variablesand x for all of the 10 observed

objects.
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Sample:Small Round Blue Cell Tumors
(SRBCTYS)

63 Arrays representing 4 groups

— BL (Burkitt Lymphoma, n1=8)

— EWS (Ewing, n2=23)

— NB (neuroblastorr, n3=12

— RMS (rhabdomyosarcoma, n4=20)

There are 2308 features (distinct gene probes)
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PCA Detailed Plot

Variance acraxs Campanents

Abowe as EPS, PDF, PNG

Campanentl ¥s Campanems

Abowe as EPS, PDF, PNG

Compovits

Campanent] Ws Campanemtd

Ahove as EPE, PDF, PNG

Campanent? Ws Campanemtd

Ahove as EPE, PDF, PNG

Switch to White Background Images

o "Scree” plot
o 2-D plots
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Component?

20

=20

=40

PCA 2-D plots

Component1 Vs Component2

» First 2 components separate 3
groups well

-20 0 20 40

Camponentd
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MDS overview
(Multidimensional Scaling)

e An alternative for PCA
* Non-linear projection methodology
e Tolerates missinvalue:
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Summary of PCA and MDS

e Dimension reduction tools

e Graphic representation to help explain
pattern.

e Quality control for experimental variance
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Hands-on Session 3

e Lab 8
e Total time: 15 minutes

* Next class tomorrow at 1:00 pm
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