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Motivation

e Course to give insights into projects conducted at MIT

e Part of a research project in the Samson lab
- We don't know what the results will be.

- Human cell lines lacking these proteins are sensitive to
DNA damaging agents.

— Possibly the sensitivity is mediated through transcription
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Microarray analysis

e An example of application
e Preprocessing of the data

e Identification of differentially
expressed genes i e B
— Biological and statistical significance [

e Interpretation of the data

e Communication of results




Purpose and use of microarrays

e Probe whole genome
— Only half of the genes have a name.
- Few thousand genes where function is known.
e Can be used to associate a function with genes
e Determine a gene expression signature for a disease
state
e C(Classify patients/tumors.

— Some subtypes of cancers are difficult for a pathologist to
distinguish.




Diagnostic Tool: is it cancer?

1 in 3 women develop a cancer in their
lifetime

Breast cancer most prevalent,

2.5 million women in U.S.

5 to 10% are related to genetics and family
history of breast cancer.

Available treatments:
surgery, chemo, radiation, hormone

Lymph node metastasis

Kondo, Cases Journal 2009 _ _
American Cancer Society



Treatment Evaluation Tool: how likely
Is it to spread?

e Lymph node metastasis appear in
20-30% of cases

Mmpha;‘“ differcotistion | #2 “N\ DAMAGE
I \ S e Breast cancer patients overtreated.
e _/< — Everybody received painful therapy
\\Q\x but 70-80% would survive without
Normal cells \:
y "“‘ Capillary ] . .
S N3 e Motivation: Predict reoccurrence of
ity ;.%},\\\ breast cancer and only treat
Ca /;‘“ patients with risk of metastasis.



Finding 70-gene signature in set of patients

Ratio (log scale)
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Validating signature in second set of patients

Ratio (log scale)
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In clinical practice
e Breast cancer patients are routinely tested to

determine treatment
o FDA approved Surgical . Unfixed

Agendia
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FDA approved "MammaPrint” assay

developed/marketed by Agendia



Microarray analysis

e An example of application
e Preprocessing of the data

e Identification of differentially expressed
genes
— Biological and statistical significance

e Interpretation of the data
e Communication of results



Recap microarrays

e (Gene expression microarrays
— SNP, copy number, promoter region arrays...

CATGAT...CGAT
Labeled Target

Features or Probes

GTACTA..GCTA



Indirect labeling of probes

http://www.genisphere.com/about_3dna.html



Commonly used dyes
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Differential dye incorporation
cy5 less well than cy3

Light sensitivity: cy5 more easily degraded

For this reason, we do dye-swap
experiments to rule out dye-specific effects.

Slide adapted from Rebecca Fry



Scanning and quantification

e Arrays are scanned at two wavelengths.
e Pixel intensities quantified
e Spots identified




Quality control




Noise

e Experimental designh important

e Duplicates
— Biological/technical

e Same gene targeted twice.
— One group label experimental RNA green
— One group label experimental RNA red

e Get data from both



Preprocessing:
Background correction

e Several causes of background
— Uneven washing, residual dye.
— Particles on array.

e Image analysis program will
estimate background signal

GenePix

---- ScanAnalyze




Preprocessing:
Normalization

Density Plot

Dye specific effects.
Slide specific effects.

18

log2(PM)

We expect average expression values and variation to
be the same for all arrays.

— If one array has lower intensities: it will seem like most
genes are down-regulated

— If variation is larger on one array: many genes will seem
changed.

Other ways of normalization
— Add RNA controls of known concentrations prior to
hybridization
— Normalize to *house-keeping’ genes



Large matrices of data

e Software to analyze
— Excel will suffice for our experiments
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Image Analysis: Spotted
arrays

What information do we see?

A B C
FeatureNum ProbeName GeneName
12 A 52 P6163:Ccrl
13 A 52 PS5B05tNppa
14 A 52 P4034(CAap7
15 A 52 PB191:AK046412
16 A 51 P3318ZHvenl
18 A 51 P4306:Gpr33
19 A 52
20 A 52
21 A 51
22 A 52 P6B44(Ptdss2
23 A 51
24 A 51 P280911tfgl
25 A 52 P6136EEImol
26 A 52 P2581¢Crtacl
27 A 52 P2292:Pnptl
28 A 52 P2146XSox9
29 A 52 P57951Tmem144
30 A 52 PS799CAK0D39768
31 A 52 _P4538€Synel
32 A 52 PB558<Ankl
33 A 51 P2823:H2-M10.5
34 A 52 P176011sgf3g
35 A 51 P1211:BC056923
36 A 51 P44841Pusll
37 A 51
38 A 52 P4270zLdlr
39 A 52 P6691<¢HpsS
40 A 52 P6521EThocl
41 A 51 P3185€6Wnk1
42 A 52 P12371AK032795
43 A 52 P6B23EScdl
44 A 52 P5717€Kif13b
46 A 52 P2675¢BC013529
47 A 52 P1720EBES56575
48 A 51 P1442(BG963265
49 A 51 P1147:zHao3
50 A 52 P368B65Zswim4
51 A 52 P9315¢AK051556
52 A 51
53 A 52
54 A 52
A 51

55

D

E

SystematicNa Description
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NM_008725
NM_007473
AKD46412

NM_ 0010424
NM_008159
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P4142(1110014K05INM 028622

AK141948
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NM_ 145123
NM_027869
NM 011448
NM_ 027495
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NM_153399
NM_031158
NM 177637
NM_008394
NM_173395
AK151452

P215025330410G16 NM_182991

NM_010700
NM_0010052
AK042548
NM_198703
AK032795
NM_009127
AKD31482
NM_ 145418
BES56575
BG963265
NM_019545
NM_172503
AKD051556

P4146€2210010C04 NM_023333
P290372810011L19FBC059025
P10362zNAP103812-1NAP103812-1Unknown

P2913ZSsrpl

Mus musculu
Mus musculu
Mus musculu
Mus musculu
Mus musculu
Mus musculu
Mus musculu
Mus musculu
Mus musculu
Mus musculu
Mus musculu
Mus musculu
Mus musculu
Mus musculu
Mus musculu
Mus musculu
Mus musculu
Mus musculu
Mus musculu
Mus musculu
Mus musculu
Mus musculu
Mus musculu
Mus musculu
Mus musculu
Mus musculu
Mus musculu
Mus musculu
Mus musculu
Mus musculu
Mus musculu
Mus musculu
Mus musculu
UI-M-BG2-bb
BGS963265 6(
Mus musculu
Mus musculu
Mus musculu
Mus musculu
Mus musculu

NM_182990 Mus musculu

F

LogRatio

0.00E+00D
0.00E+00D
0.00E+00
0.00E+00
0.00E+00
0.00E+00
0.00E+00D
0.00E+00D
0.00E+00D
-1.80E-01
-3.48E-01
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3.30E-01
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0.00E+00
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4.74E-01

4.05E-01
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2.98E-01
0.00E+00
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-6.61E-02
-1.00E-01
-1.83E-01
0.00E+00D
-7.17E-02
0.00E+00
0.00E+00

2.85E-01

2.72E-01
-1.83E-01

72
81
80
78
80
75
78
82
92
101.5
1159
107.5
96
99
95
90
91
84.5
78
82
82.5
83.5
78
156.5
84
116
94
84
130
84
390
95.5
101
102
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100
221

81
89
861
2030

H J
gMedianSign rMedianSign: gBGMedianSi rBGMedianSi

86
91
90
82
88
86
91
96
90
91.5
545
89
95.5
94
93
86
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82.5
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93
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108.5

68
73
75
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75
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98
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S0
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S0
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81
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Information:

Spot statistics generated

Gene name EEP_|oB(
- -
Spot position
; .
Cy3 intensity
- -
Cy5 intensity
i
Background signal
Variation in spot
-2.5 6.5 7.15 0
-8 1 1.1 0
-3 6 6.6 0
-2.5 16 17.6 0
-2.5 5 5.5 0
-7 10 11 0
71.5 31.5 2.26984127 34.65 0.48461538 -1.0450878%9
-6 19 20.9 0
25 106 0.23584506 116.6 4.664 2.22156779
4 8 8.8 0
-6 4 4.4 0
40 91 0.43956044 100.1 2.5025 1.32337007
-9 8.5 9.35 0
294 398 0.73869347 437.8 1.48911565 0.5744558
-1.5 7.5 8.25 0
-10 11 12.1 0
-24 12 13.2 0
-22 16 17.6 0
-20 5 5.5 0
113 96.5 1.170%8446 106.15 0.93938053 -0.0502184
-12 8 8.8 0
-13 2.5 2.75 0
-1 16 17.6
774 1444 0.53601108 1588.4 2.05219638 1.03716879
1254 1.54984051 1379.4

1843.5

0.70875045 -0.49461624



Analysis: Spotted arrays
What information do we need?

Summarize the information in one value/gene.

1) Which genes are changed?
2) How much are they changed?



Excel Analysis: Spotted arrays
What information do we see?

For each gene:
Use median signal for green and red (less sensitive to outliers).

Subtract the background signal for each channel.
Normalize the two colors (same average signal).
Filter for expressed genes (typically keep genes where signal>100)

Take the log ratio of each gene: =log(signal/ , [base=12)



Excel Analysis: Spotted arrays
Optional: Model the error of the measurements

For each gene:
Calculate X

X = (a, - a;)/[s1% + 5,2 + 2 (a2 + a,?)]

Where @, a, are median signal for the green and red channel,
and S; S, are standard deviations of the background intensities.

X-scores follow a normal distribution, with mean=0
P-value for significance from X-score

This only concerns statistical significance of the
measurements of this array

For the experimental error, you need to consider
duplicates.



Platform specificity ends here

e Compared to classical one gene
techniques, any genome-wide technique
(array techniques, sequencing, genomic

phenotyping...) need some special
attention.

— Controls
— Multiple testing problematic



Microarray analysis

e An example of application
e Preprocessing of the data

e Identification of differentially expressed
genes

— Biological and statistical significance
e Interpretation of the data

e Communication of results



Scatter plots to visualize results
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e Set threshold for fold-change
- E.g. log2 ratio > 0.5



Differential gene expression

Log2 ratios
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Biological/statistical significance

Log2 ratios
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Classical statistics

e One null hypothesis tested once. H,: no change
- H,. Renilla luciferase in not affected by siRNA

— Several measurements of Renilla luciferase with
scrambled siRNA

— Several measurements of Renilla luciferase with
luciferase siRNA

- Reject if t-test shows p<0.05, probability of observed
results is 5% to occur by chance.



Classical statistics:
genome-wide experiments

e One null hypothesis tested multiple times. H,: no
change

H,: gene is not affected by siRNA.

Few measurements of each gene with scrambled siRNA
Few measurements of each gene with targeted siRNA

Reject if t-test shows p<0.05, probability of observed
results is 5% to occur by chance.

If testing 44k features, p<0.05 will identify 2,200 genes
by chance!



Multiple testing

e Several ways to find significant results:

e Easiest: set the p-value lower.

— Selecting genes associated with p<0.00001, <1 gene
will be selected by chance.

— Conservative
- (Bonferroni correction p,gustea=MIiN{Pinitiar™*N,1})

e Popular way is to look at False Discovery Rate
- How many of the selected genes are false positives?
— Based on distribution of p-values.



Expectations

e Primary hit: siRNA target downregulated

- If not, transfection might not have worked.
— For this experiment, we have used validated siRNAs.
- Use experiment to look for microarray technical variation.

e Secondary hits: Genes interacting with primary target

e Tertiary hits: Genes changed because of changed
cellular environment



SiRNA off-targets

e If other genes have been targeted by the siRNA, they
will show up together with their secondary effects.

e This experiment cannot distinguish different hits



Results

e Lists of genes (going up/going down)
— With number of false positives estimated

e What then?
¢ Read and make conclusion from literature.
e How to make more sense of the data?



Microarray analysis

e An example of application
e Preprocessing of the data

e Identification of differentially expressed
genes

— Biological and statistical significance
e Interpretation of the data

e Communication of results



Clustering

e Heatmaps / clustering !

80

70

e To visualize patterns in data.

e Similarity between genes by .
Euclidean distance, Pearson’s o
correlation coefficient... )

. Genes/samples Ordered based 50 100 150 020 250 300 350 400 450 500 55(
on similarity.




Enrichment

Determine enrichment by Hypergeometric
distribution

Example 1: Urn with 28 balls where 8 are black.
You draw 6 balls,

- Expect 4 orange and 2 black

- If you get 6 black balls, there is a significant
deviation.

Example 2: 10,000 expressed genes on the array
500 of the 10,000 genes are involved in DNA repair
300 are changed
- expected number of DNA repair genes: 15
— observed: 200 out of the 300 selected genes are involved in DNA repair

— There is a significant enrichment of DNA repair genes among the changed
genes.

Need pre-defined groups of genes.



Gene groups

Protein complexes

— E.g. proteasome to break
down proteins

Pathways

Gene ontology:Structured
vocabulary

Lid

Base
« subunits
[3 subunits
[3 subunits
« subunits

Base

Lid

Breslow et al

. 2008 Nature Methods



Gene groups

e Protein complexes

e Pathways
B Eg REQUIatory pathwa 4 o CDC25 _
in response to DNA ™ g —|
dama ge \ SarpreP CDC25

14-3-3

— Biocarta, KEGG

e Gene ontology




Gene groups

GENERAL
biological process
Protein complexes is_;/ \i{_a
Pathways physiological process cellular process
\ Aa
Gene ontology Structured cellular physiological process
vocabulary s is_a
cell cycle cell d|V|S|on
part_of is_a
M phase meiotic cell cycle 'S -2
) / part_of cytokinesis
is_a
M phase of meiotic cell cycle

ytoklneS|s after

meiosis |

SPECIFIC



Web-tools

http://gostat.wehi.edu.au/

by Tim Beifbarth
beissbarth@wehi .edu.au

Available GO gene-association databases &
commonly used gene collections

Details
cgd
ddb O
dictyBase
fb s
GeneDB_Lmajor v
Use all genes in GO-DB or 2nd list ?]

To submit Group IDs either upload a text file or paste into the text area:

Minimal length of considered GO paths:

File: ( Browse... ) . . . . .
Text: e.g. "biological_process"=1, "biological_process%behavior'=2
R ]

Subset of GO hierarchy:
Limit search to subset of GO hierarchy that contains a keyword,
e¢.g. "biological_process”, "molecular_function",
"cellular_component”
Maximal p-value in GO output list:

You may submit a set of IDs to check against, if you leave the below fields M

fsbel;’TY , by default all Genes in the GO gene-associations database will be Maximum number of GOs/groups to display:

. 30 |+
File: ( Browse... )
Text:

Show Over-/Underrepresenteted GOs:
Over- and Underrepresented ?]

Cluster GOs:
-1 => do not cluster.
Merge GOs if indicating gene lists are inclusions or differ by less



Genes used In course

e Mpg - glycosylase (enzyme)

e p53 - cell death/cell cycle arrest inducer

e Normally with transcriptional activity, but not in ES
cells

e Polr2d - subunit of RNA polymerase
e Tada?2l - transcriptional activator

e Nanog - ES specific transcription factor



Transcription factor binding sites

Chromosome

Chroenatid Chromalid

Nudieus

lelomera

Cantromers

Long-range regulatory elements
(enhancers, repressors/ silencers, insulators)

r,,:rj DNA(doutie helix

Welboren et al. 2009 EMBO J

r} Gene

| M B | I -
cis-regulatory elements /\/\/\

(promoters, transcription

factor binding sites) Transcript

B == All genes with RNAPII
== Genes above threshold
154 - E2-regulated genes
12}
(o]
<
k)
& 10
o
£
>
Z
5_.
0_
N D D o <
Ny N %\0 N of > >
& £ &



Transcription factor binding sites

e Often palindromic motifs found near
Transcription Start Site (£1000bp)

e Databases with DNA binding proteins and the

sequence they bind

— TRANCFAC, JASPAR, TESS
— Can be queried through PRIMA (nttp://acgt.cs.tau.ac.il/prima/

DoTCa, ToM0T

FNMQ‘WONQC’)OPN”QWO
PPPPP

Gene
[ | I

5[
| I
cis-regulatory elements /\_/_\/_\
(promoters, transcription Transcript

Long-range regulatory elements
(enhancers, repressors/ silencers, insulators)

Bits

factor bihding sites)



Transcription factor binding sites

Bits

For the genes with transcriptional activity
(Nanog, p53, Tada2l and Polr2d)

we expect the list of down-regulated genes to
be enriched for the respective binding
sequence in regulatory region

Wo0TC. T0ACCT

PNMQ‘U’&DNQO’QPNC‘OQ‘LD(O

LS N S L e

51



Microarray analysis

e An example of application
e Preprocessing of the data

e Identification of differentially expressed
genes
— Biological and statistical significance

e Interpretation of the data
e Communication of results



Communicating results

e Peer review. Other people

should see data to challenge it.

e Data deposited at databases
(NCBI or EBI), together with
information on the samples

— Array type, protocol, sample
identification (species, treatment,
time points...)

Title: GDS756 / 203664 _s_at / POLR2D / Homo sapiens

%mu YFILES
Gene Expression Omnibus

Summary: Comparison of gene expression in SW480, a primary tumor colon
cancer cell line, to that in SW620, an isogenic metastatic colon cancer cell line.
Cell lines derived from one individual. Results provide insight the progression of

cancer from primary tumor growth to metastasis.

GDS756 / 203664 _s_at / POLRZD
80

GSM21713 oy
GSM21714 s

GEM21712 =
GSM21715
GSM21716

GSM21718 _ ]
o
a

disease state primary tumnor metastasic tumor

= (single channel) count
= percentile rank within the sample

100%

{50



MIAME

Minimal Information About a Microarray Exp’t

Provide:

1. Raw data for each hybridization

2. Final processed data for the set of hybridizations

3. Experimental factors and their values (e.g., compound and
dose in a dose response experiment)

4. Experimental sample relationships (e.g., which raw data file
relates to which sample, which hybridisations are technical,
which are biological replicates)

5. Array annotation (e.g., commercial array catalog number)

6. Data processing protocols (e.g., normalization method used)



Recap: Motivation

e (Course to give insights into projects conducted at MIT

e Part of a research project in the Samson lab
- We don’t know what the results will be.
- Human cell lines lacking these proteins are sensitive to DNA
damaging agents.
— Possibly the sensitivity is mediated through transcription

e Bigger picture:
- By modulating sensitivity to DNA damaging agents, we
might be able to sensitize tumors / de-sensitizes patients.



