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Data analysis workflow

1. Data importation

2. Quality Control (QC)
3. Probe filtering

4. DE testing

5. Clustering

6. Gene set enrichment
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3. Differentially expressed genes

* Gene by gene ANOVA
H=ﬂ+n+%

where,
y; general logarithm of the gene expression
in it treatment group of the j replicate
4 mean
T, effect of the it treatment (i=1->5)

residual effect

2. List of selected genes

* Significant differences between treatments
* FDR transformation of p-values
* 340 selected genes

Table 2. Number of genes significantly affected by the treatments with a
global 5% false discovery rate (FDR) accepted.

Number of Down regulated Up regulated
Treatment
genes Count Percent Count Percent
Arsenic 274 139 50.7 135 493
Cadmium 260 143 55.0 117 54.0
Chromate 173 69 39.9 104 60.1
Vanadate 208 93 44.7 115 55.3
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Microsoft Excel - Four_treats_affy.xls
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Clustering Analysis

Finds groups of similar genes

Measures of distance:

eManhattan

eEuclidean

*Minkowski distance
*Chebychev

eCorrelation complement

Cluster Dendrogram

015 20
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Measures of distance

* Manhattan

d(iaj)=|xil_xj1| + |X12_Xj2 ot |Xip_xjp|

(from Kaufam and Rousseeuw, 1990. pp 11)

Measures of distance

e Euclidean

d(zy)) =¥ (x;, _ij)z + (X2 _ij)z + ot (X _XJP)Z

(from Kaufam and Rousseeuw, 1990. pp 11)
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Manhattan or city block

Seven two dimensional | vectors
&
D(i.,j)=|al + |b|
T T b
a
i T
0 5 10 15
9
Euclidean
D(i,j)=va2+b2=c
Seven two dimensional vectors
&
&
> © c b
2
a
3
0 5 0 5
10
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Measures of distance

* Minkowsky

dn(Lj) = {| X =% [™ + [ Xp =X [™ + o+ [ X, — X

1
ip - |m} /m

(from Drighici, 2003. pp 265-276)

11
Measures of distance
* Chebyshev
d(i,j) = max | xy — X |
k (from Drighici, 2003. pp 265-276)
12
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Measures of distance

* Correlation complement

dij)=1-r

Where
r Pearson Correlation
SX-D(F-T)
rxy = n—1
\/z(X—X)2 -1
n-1 n-1
13
Distance measures
© gene
w- |2 gene2 A &
+ gene3 \
< - + o I
é ™ + + o><+\°
o - +/A Fay +
~ 7 4 © T ©Comelation 4  Euclidean  Chebyshev
7 T T T T T T
1 2 3 4 5 6
Experiment
14
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* Hierarchical clustering

Single linkage

Clustering analysis

Seven two dimensional vectors

25

20

15
Clustering analysis
* Hierarchical clustering
Seven two dimensional vectors
Single linkage e
16
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* Hierarchical clustering

Single linkage

Clustering analysis

25

20

Seven two dimensional vectors

17
Clustering analysis
* Hierarchical clustering
Seven two dimensional vectors
Single linkage e
18
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* Hierarchical clustering

Single linkage

Clustering analysis

25

20

Seven two dimensional vectors

19
Clustering analysis
* Hierarchical clustering
Seven two dimensional vectors
Single linkage e
20

10
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Clustering analysis

* Hierarchical clustering

Single linkage

21

Hierarchical clustering of 340 selected genes

22

11
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Hierarchical clustering of 340 simulated genes

23

Hierarchical clustering comparison

Agglomerative clustering of 340 selected genes

Height
00 1.0 20 30
[ R
s
i
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i
e
P

chebdist
Agglomerative Coefficient = 0.87

Agglomerative clustering of 340 random genes

Height
01 2 3 4

fchebdist
Agglomerative Coefficient = 0.69

24
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Partitioning around medoids

K=3

25

Iteration 1 @

Step 1

20

25
Partitioning around medoids
. S n two dim 1 t K=3
Iteration 1 @
Step 2 " o
26

13
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Partitioning around medoids

K=3

25

Iteration 1 @

Step 3

20

Mean distance =10

27
Partitioning around medoids
. S n two dim 1 t K=3
Iteration 2
Step 1 "
28

14
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Partitioning around medoids

K=3

25

Iteration 2
Step 2

20

29
Partitioning around medoids
) e K=3
Iteration 2
Step 3 87
Fi — Mean distance =2
30

15
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Cluster quality

* Homogeneity

H,ye :_1 Z ch]’ C(g;))
N

gene Chen et al., 2002

g 1s ith gene
C(g)) is the center of the cluster that g; belongs to

31

Cluster quality

* Separation

Smjn = 1 2 mjﬂj#](, (‘D(g-’] 4 g]d) )
N J

cluster

32

16
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Homogeneity score

Separafion score

Cluster quality evaluation using the Correlation and Chebyshev distance measures
for k between 9 and 200
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9 19 31 43 55 67 79 91 104 119 134 149 164 179 194

k tnumber of clusters)

Cluster analysis on 340 genes using two measures of distance with k from 9 to 200 clusters. Average
homogeneity (a) and separation scores (b) between clusters are calculated using Correlation distance
between genes. Equivalent parameters using Chebyshev as a measure of similarity are shown in (c) and (d).

33

Homogeneity score

Separafion score
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Cluster quality evaluation using the Correlation and Chebyshev distance measures
for k between 9 and 200
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Cluster analysis on 340 genes using two measures of distance with k from 9 to 200 clusters. Average
homogeneity (a) and separation scores (b) between clusters are calculated using Correlation distance
between genes. Equivalent parameters using Chebyshev as a measure of similarity are shown in (c) and (d).

34
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Cluster quality evaluation using the Corr i i e
for k between 12 and 27

{a) He ity score for using Ci

Homogeneity score
007 008 009 040 011
1 1 1 L 1

k (number of clusters)

{b) Separation score for using C

0.034

Separation score
0022 0026 0030
1 1 1 1 1

1213 14 15 16 17 19 20 21 22 23 24 25 26 27

k (number of clusters)
Cluster analysis on 340 genes using the C i of di bet: genes

with k from 12 to 27 agy ity (a) and sep ion scores {b) bet
clusters are calculated.
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Cluster quality evaluation using the Chebyshev distance measure
for k between 91 and 106

{a) Homogeneity score for clusters using Chebyshev distance

Homogeneity score
0.240 0250  0.260
R T N -

T T T T T T T T T T T T T T T T
a1 92 93 94 95 96 97 98 99 100 101 102 103 104 105 106

k (number of clusters)

{b) Separation score for clusters using Chebyshev distance

Separafion score
0.467 0.469 0.471
L L L

T T T T T T T T T T T T T T T T
91 92 93 94 95 % 95 99 100 101 102 105 104 105 106
k (number of clusters)

Cluster analysis on 340 genes using the Chebysh of dist: bet: genes

with k from 91 to 106 clusters. Average h geneity (a) and separation scores (b) bet:
clusters are calculated.

36
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Functional Analysis

e We would like to know:

1. Are these clusters meaningful?
2. What do this genes have in common?

37
Functional Analysis
Are these clusters meaningful?
1. Chi-square test for association between clusters and functional
annotations
2. Gene Ontology: Molecular function, Biological Process,
Subcellular Localization
38

19
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Functional Analysis

* Problems

— Chi-square test does not perform well with small samples (n=5 or
more)

* Simulate expected values from the data

39

Functional Analysis

* Problems

— One gene can have more than one function (domain) and it can be
located in more than one compartment

* Randomly choose one

* Repeat hundreds of times

* Keep the p-value

* Use the mean p-value as an estimate

40

20
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P-val for repeated chi-sq test P-values for repeated chi-square test
on Molecular Function on Biological Process
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41
Functional Analysis
We want to know:
1.  What genes are over-represented?
2. What genes are under-represented?
Onto-Epress : Khatri et al. 2002 (Genomics 79(2): 266-70)
42
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Functional testing

— Ho: selected in group = gene in group

selected genes universe

No consideration for overlap among functional groups

Many redundant signals

Easy to use, DAVID (david.abcc.ncifcrf.gov)

First (naive) approach: Fisher Exact test for over represenation:

43
Functional Testing 2.0
* Parent-Child:
— Accounts for groups hierarchy (GO)
— Fisher test on conditional on parent group (pa)
— HO: selected in group Npa = gene in group Npa
selected Npa genes universe Npa
— R-package: topGO
— Grossman 2008, Bioinformatics 23:3024
44
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Parent-Child enrichment test

population:m population: m

A Annotated to t B Annotated to t

45

Functional Testing 2.0

* Elim algorithm:
— Accounts for groups hierarchy (GO)
— Fisher test on conditional on enriched children groups (chi)

— HO: selected in group / chi = gene in group / chi

selected / chi genes universe / chi
— R-package: topGO

— Grossman 2008, Bioinformatics 23:3024

46
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There are more methods available

fisher ks t globaltest sum
classic v v Y v Vv
elim v v Y v v
weight v P —_ —_
weight01 v v Y v v
lea v v Y v v
parentchild v — - - —

Table 1: Algorithms currently supported by topGO.

47
Gene Set Enrichment Analysis (GSEA)
A Phenotype B Leading edge subset
Classes ¥ Gene set S
A B )

I GenesetS

% Correlation with Phenotype
B
_| =',
O q
c 3
8 SR 0 Random Walk
of
x -
% ----- | \‘
s Maximum deviation Gene List Rank

from zero provides the
enrichment score ES(S)
Genetics 102 (43) 15545-15550 https://doi.org/10.1073/pnas.0506580102
48
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Functional tests: conclusions

There are several algorithms that can remove redundancy from list of
enrichments in GO

Tests other than Fishers’ exact can better use quantitative scores per gene (p-
values instead of DE classification)

topGO packages provides a consistent framework for comparing methods
topGO is well documented, give give it a try!

GSEA

49
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