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6-1 : Clustering Analysis

1. Hierarchical clustering
2. Modelbased clustering

References:

A M. Eisen et al.: Cluster analysis and display of genoide
expression patterns. Proc.Natl.Acad.Sci.USA 95, 1886398

A Wei PanJizherLin and Chap T Lklodel-based cluster analysis of
microarray genexpression data. Genome Biology 3(2):
research0009.40009.8, 2002.

A 2002. G.J. McLachlan, R.W. Bean, and D. Peel, A Mixture-Model
Based Approach to the Clustering of Microarray Expression Data.
Bioinformatics 18, 41-322,



A EisenMB, Spellman PT, Brown PO, Botstein D
1998. Cluster analysis and display of geneme
wide expression pattern&2NAD5: 14863

A Google scholar citation: 13061 (04/25/2013),
17191(12/26/2017)



Cluster Analysis and Visualization
Software

OPEN SOURCE CLUSTERING SOFTWARE

Cluster 3.0

http://bonsai.hgc.jp/~mdehoon/software/cluster/software.htm

OVERVIEW wriir  SOFTWARE PEOPLE CONTACT

The open source clustering software available here contains clustering routines that can

be used to analyze gene expression data. Routines for hierarchical (pairwise simple,

- complete, average, and centroid linkage) clustering, k-means and k-medians
clustering, and 2D self-organizing maps are included. The routines are available in the
form of a C clustering library, an extension module to Python, a module to Perl, as well
as an enhanced version of Cluster, which was originally developed by Michael Eisen of
Berkeley Lab. The C clustering library and the associated extension module for Python

was released under the Python license. The Perl module was released under the

Artistic License. Cluster 3.0 is covered by the original Cluster/TreeView license.

EE @ python

powered

http://www.eisenlab.org/eisen/?page_id=42

Cluster 3.0 for Algorithm - Cluster
Windows, Mac 0S Pycluster ¢ for Perl
X, Linux, Unix

Reference: M. J. L. de Hoon, S. Imoto, J. Nolan, and S. Miyano: Open Source Clustering Software
Bi ics, 20 (9): 14531454 (2004)

mation Analysis

Maple Tree

Waple Tree is an open source, cross-platform, visualization tool to graphically browse results of clustering and other analyses from Nichael Fisen

Cluster and herie. Maple Tree may also be used to visualize results from Michiel Jan Laurens de Hoon and Sunyvonz Kinm s version of Cluster.

Maple Tree is intended to be an alternative to Wichael Eisen' s TrecView, and is being developed in conjunction with his lab at the Lawerence Berke
National Laboratory. As new analyses become available as part of Aerie, uniquely tailored visualizations will be added to Naple Tree.

Visit our SourceForge site to download releases, file bug reports, and subseribe to one of our mailing lists.

http://mapletree.sourceforge.net/



Hierarchical Clustering

xi X2 X3 X4 X5 X6 X7 X8

‘ Venn Diagram of Clustered

Dendrogram Data

From http://www.stat.unc.edu/postscript/papers/marron/Stat321FDA/Rimalzempresentation.ppt




Nearest Neighbor Algorithm

A Nearest Neighbor Algorithm is an agglomerative
approach (bottomup).

A Starts withn nodes @ is the size of our sample),
merges the 2 most similar nodes at each step, and
stops when the desired number of clusters is reache

From http://www.stat.unc.edu/postscript/papers/marron/Stat321FDA/Rimalzempresentation.ppt



From http://www.stat.unc.edu/postscript/papers/marron/Stat321FDA/Rimalzempresentation.ppt
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Similarity Measurements

A Pearson Correlation

eX @ ey, o
Two profiles (vectors) g @k’u _¢€ @J
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Similarity Measurements

A 4 é,Xlﬂ 9 ey, o
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Euclidean Distance X = (?@t‘u y=¢ @
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Similarity Measurements

A Cosine Correlation
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Similarity Measurements

A Cosine Correlation

B

#buys

»

2

Cosine
= Pearson

10




Similarity Measurements

A Fourier Transformation

S5 B35 3N S




Group Similarity

A Single linkage

A Complete linkage

A Average linkage

A Average group linkage



Clustering ()

Single Linkage

Dissimilarity between two clusters =
+ © Minimum dissimilarity between the
members of two clusters



Clustering

Complete Linkage

Dissimilarity between two clusters =
Maximum dissimilarity between the
members of two clusters



Clustering

Average Linkage

Dissimilarity between two clusters =
+ Averaged distances of all pairs of objects
(one from each cluster).



Clustering

Average Group Linkage

Dissimilarity between two clusters =
+ @ Distance between two cluster means.



Other Clustering Methods

A K-means, fuzzy-kneans
A Selforganization mapping (SOM)

A Gaussian mixture model, Bayesian clustering
algorithms

A Nonnegative Matrix factorization

A lterative signature algorithm (ISA), progressive
AGSNI GAGS aAIVIE G dzNB |

A Biclustering



K-means Algorithm

1. Choose Kentroidsat random

2. Make Initial partition of objects into k clusters by assigning
objects to closestentroid

3. Calculate theentroid(mean) of each of the k clusters.
4. a. For object, calculate its distance to each of
the centroids
b. Allocate objectto cluster with closest
centroid
c. If object was reallocated, recalculatentroidsbased
on new clusters.
4. Repeat 3 for obje¢t’ M X Db ®
5. Repeat 3 and 4 until no reallocations occur.
6. Assess cluster structure for fit and stability



K-means Algorithm
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K-means Algorithm
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K-means Algorithm

lteration = 2



K-means Algorithm
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K-means Algorithm
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K-means Algorithm

predicted label, K=1 predicted label, K=5




Gaussian Mixture Model

A Each class corresponding to a normal
distribution

A The data point y is taken to be a realization
from a Gaussian mixture model

f;0) =Y mo(y; mi, Vi)
1=1



Learning the Parameters

A Maximum likelihood estimation. Given data
pOIrltSyla 5y Yn,

(©) = ) _log f(y::©)

A Missing data problem, the class label of each
data point.



EM Algorithm

A Iteratively update
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Gaussian Mixture Model

Mixture of 1D Gaussians

= Component 1
Component 2
= = Mixture

0.20

0.15

0.10

0.05

0.00



cluster

pO0 D1 02 03 04 00 01 02 03 04 00 01 02 D3 04
average

Reference: http://varianceexplained.org/r/mixtummodelsbaseball/




Other mixture models

a) b)

19,0085 (Threshola)
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Different cluster analysis results on "mouse"” data set:
k-Means Clustering

Original Data
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K-means VS. EM
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Different cluster analysis results on "mouse"” data set:
k-Means Clustering

Original Data
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K-means VS. EM

GMM-EM: Gaussian Mixture Model (GMM) using Expectation Maximizatior) (EM

Kmeans Iteration 1 Weighted Kmeans Iteration 1 GMM-EMM Iteration 1
20 ° 20 20
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15 ° 15 ° 15

1 o | N 1
° . L/
]
i ® 9 % ° ¢ . d ® 9 % ° ¢
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Referencehttps://sandipanweb.wordpress.com/2017/03/19/hassloft-clusteringwith-k-
meansweightedk-meansand-gmmem/



K-means VS. EM

GMM-EM: Gaussian Mixture Model (GMM) using Expectation Maximizatior) (EM

GMM-EMM Iteration 1

20

15 +

10

GMM-EMM lteration 1

0.40
0.31
0.22
0.13
0.04

-0.04
-0.13
-0.22
-0.31
-0.40

Referencehttps://sandipanweb.wordpress.com/2017/03/19/hassloft-clusteringwith-k-
meansweightedk-meansand-gmmem/



Choose the Number of Clusters

A Akaikelnformation Criterion (AIC)
AIC = =21(©,) + 2v,

A Bayesian Information Criterion (BIC)

BIC = —21(©,) + v,log(n)

where y;is the number of independent parameters

1. AkaikeH: Information theory and an extension of the maximum likelihood principle. Irr&r8lymp
Information Theory. Edited byetrovBN,Csak{. BudapestAkademiaKiado,1973, 26281.
2. Schwartz G: Estimating the dimensions of a mo#lehlsStatistics 1978, 6:46464.



Choose the Number of Clusters

AlC == e= B|IC seeeee [pg-likelihood
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Enterotype calculation

What we expect [ B. C.
. . * Bacteroides . * Bacteroides . * Bacteroides
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2 [ | | | % | | 2 u |
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Reference: Cheng, et al., GPB, 2018



0-2 : Classification and Prediction

A Bayesian decision rule

A Fisher linear discriminant analysis
A SVM

A Aggregating classifiers

A Reference

A T.RGoluh D. KSlonim P. Tamayo, C. Huard, Maasenbeek]. PMesiroy H.Coller M. L.Loh J. R.
Downing, M. ACaligiurj C. D. Bloomfield, E. S. Lander. Molecular Classification of Cancer: Class
Discovery and Class Prediction by Gene Expression MonitSaremcel5 October 1999Vol.
286n0. 5439pp. 531537.

A Jizhu and Trevor Hastie. Classification of gene microarrays by penalized logistic regression.
Biostatistics (2004), 5, 3, pp. 4243.

NeSlides 6 http://www.epibiostat.ucsf.edu/biostat/cbmb/courses/CBMBdiscrimination.ppt



Classification (Ne )

A Task: assign objects to classes (groups) on
the basis of measurements made on the
objects

A Unsupervised: classes unknown, want to
discover them from the data (cluster
analysis)

A Supervised: classes are predefined, want to
use a (training or learning) set of labeled

objects to form a classifier for classification
of future observations



Supervised Classification (Two Classes)

Samplel - Sample n

Gene 1

Gene p

Class 1 Class 2
(Normal) (Tumor)
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Example: Tumor Classification

A Reliable and precise classification essential for
successful cancer treatment

A Current methods for classifying human
malignancies rely on a variety of morphological,
clinical and molecular variables

A Characterize molecular variations among tumors
by monitoring gene expression (microarray)

A Hope: that microarrays will lead to more reliable
tumor classification (and therefore more
appropriate treatments and better outcomes)



Tumor Classification Using Array Data

Three main types of statistical problems associated
with tumor classification:

A ldentification of new/unknown tumor classes using
gene expression profiles (unsupervised learning 1
clustering)

A Classification of malignancies into known classes
(supervised learning i discrimination)

Al dentification of fimar ker
different tumor classes (feature or variable
selection).



Molecular classification of cancer

Molecular Classification of
Cancer: Class Discovery and
Class Prediction by Gene

Expression Monitoring

T. R. Golub,’?*} D. K. Slonim,’{ P. Tamayo," C. Huard,’
M. Gaasenbeek,? J. P. Mesirov,’ H. Coller,” M. L. Loh,?
J. R. Downing,® M. A. Caligiuri,* C. D. Bloomfield,*

E. S. Lander>*

Although cancer classification has improved over the past 30 years, there has
been no general approach for identifying new cancer classes (class discovery)
or for assigning tumors to known classes (class prediction). Here, a generic
approach to cancer classification based on gene expression monitoring by DNA
microarrays is described and applied to human acute leukemias as a test case.
A class discovery procedure automatically discovered the distinction between
acute myeloid leukemia (AML) and acute lymphoblastic leukemia (ALL) without
previous knowledge of these classes. An automatically derived class predictor
was able to determine the class of new leukemia cases. The results demonstrate
the feasibility of cancer classification based solely on gene expression moni-
toring and suggest a general strategy for discovering and predicting cancer
classes for other types of cancer, independent of previous biological knowledge.

Molecular classification of cancer: class discovery and ... - NCBI

https://www.ncbi.nlm.nih.gov » pubmed ~

—— :
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Classifiers

A A predictor or classifier partitions the space of gene
expression profiles into K disjoint subsets, A, ..., A4,
such that for a sample with expression profile
X=(Xy, ... Xg) | Ay the predicted class is k

A Classifiers are built from a learning set (LS)
L =Xy Y1), -y (X, Y0)

A Classifier C built from a learning set L:
C(.,L: X - {1,2,...,K}

A Predicted class for observation X:
C(X,L) =kif Xisin A,
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Find Optimal Hyperplane

A Assumption: samples are linearly separable.
A A better generalization is expected from (b).

(al b

SVM



Extending the Hyperplane

A Mapping the input samples to feature space in
higher dimension.

Input Space

[ Feature Space }

j> Finding the hyperplance in feature space.
SVM



Example

A Input space with two attributes: (3.).

A Feature space with 6 attributes: fxx2, X, % ,
XX ,1)

SVM



Why doessvMwork well

A Measurement: the risk of misclassifying of
training samples and test samples
(generalization problem).

A Principle: structural risk minimization.
A Key concept: VC dimension.



Ot her Cl

A Decision tree (CART, C4.5)
A Neural networks

A Nearest neighbour (KNN)
A Logistic regression

A Projection pursuit

A Bayesian belief networks

asS S

f



Overfitting problem




Overfitting problem

Under-fitting Appropriate-fitting Over-fitting
(too simple to (forcefitting — too
explain the good to be true)

variance)
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https://www.hrwhisper.me/machine-learning-regularization/
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Bias/variance
tradeoff

Underfitting

« High training error
« Training error close

Byroptom to test error
- High bias
Regression
illustration
Classification
illustration

Error

Validation
Deep learning
illustration

Training

Just right

« Training error
slightly lower than
test error

Error

Validation

Training

Overfitting

- Very low training
error

= Training error much
lower than test error
- High variance

Error Validation

Training

Epochs

« Complexify model
Possible remedies « Add more features
« Train longer

Epochs

Epochs

« Perform
regularization
» Get more data



k=1

k=2

k=3

k=4

k=5

Overfitting problem

How to avoid overfitting

A Crossvalidation

A Train with more data
A Remove features

A Early stopping

ooooooo

ooooooo

ooooooo

ooooooo

ooooooo

: S e mmmmmmm e m e — - /! 0 Early Number of

stopping iterations
k=10 . point
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OT

A vt x The statistical learning procedure
IS working too hard to find patterns in the
training data, and may be picking up
some patterns that are just caused by
random chance rather than by true
properties of the unknown function f.

A Overfitting refers specifically to the case
In which a less flexible model would have
yielded a smaller test MSE.
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A Leave-one-out cross-validation (LOOCV)
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LOOCV of the Auto data

Hoocy 10-fold CV
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Measuring the Accuracy of
the Classifier

A Holdout test
I Hold a certain fraction of samples for test.

A Leave one out crosglidation

A K-fold crossvalidation
I Now ka ’
I k-la b () b )
k "1 ’



Measuring the Accuracy of
the Classifier

Real Negative Real Positive
Claimed False Positve True Positive
Positive (FP) (TP)
Claimed True Negative False Negative
Negative (TN) (FN)




Measuring the Accuracy of
the Classifier

A Sensitivity (Sn)

A False Positive Rate (FPR)

A Correlation Coefficient (CC)
A Approximate Correlation (AC)

TP
TP+ FN

FP
FPR =
TN+ FP

Sn

TP xTN —FP x FN

- (TP + FN)(TN + FP)(TP + FP)(TN + FN)

1 TP TP TN TN
AC = + + + )~ 1
2TP+FN TP+ FP TN+ FP TN+ FN

cC




Measuring the Accuracy of
the Classifier

ROC: Recelver Operating Characteristic or
Relative Operating Characteristic. True
Dositive proportion v.s. Falgmositive
proportion.

a{a +¢), True-positive proportion

a 0.2 0.4 0.5 0.8 1.0
Bl +d ), False-positive proporfion



Aggregating classifiers

A Breiman (1996, 1998) found that gains in accuracy
could be obtained by aggregating predictors built
from perturbed versions of the learning set; the
multiple versions of the predictor are aggregated by

voting.

A Let C(., L) denote the classifier built from the bth
perturbed learning set L, and let w, denote the
weight given to predictions made by this classifier.
The predicted class for an observation x is given by

argmax, %, wW,l(C(x,L,) = k)



Diagram of aggregating

classifiers
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Bagging

A Bagging = Bootstrap aggregating

A Non-parametric Bootstrap (standard
bagging). perturbed learning sets drawn at
random with replacement from the learning
sets; predictors built for each perturbed
?atase; and aggregated by plurality voting
w,=1

A Parametric Bootstrap: perturbed learning
sets are multivariate Gaussian

A Convex pseudo-data (Breiman 1996)



Boosting

A Freund and Schapire (1997), Breiman
(1998)

A Data resampled adaptively so that the
weights in the resampling are increased
for those cases most often misclassified

A Predictor aggregation done by weighted
voting



Random Forests

A Perturbed learning sets are drawn at random with
replacement from the learning sets

A The exploratory tree is built for each perturbed
dataset in a way that at each node, the pre-
specified number of features is randomly sub-
sampled without replacement and only these
variables are used to decide the split at that node.

A The resulting trees are aggregated by plurality
voting (w, = 1)



Random Forests

Random Forest Simplified

Instance
Random Forest o / T
= e
f"/ ) \\<\
> V R
e N -
\ \ L I /
o & Y 24 s dd &N
Tree-1 Tree-2 Tree-n
Class-A Class-B Class-B

| :
[ Majority-Voting | I

'Final-Class |

Reference:
https://medium.com/@williamkoehrsen/randorforest-simpleexplanation377895a60d2d



Random Forests




Random Forests
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Reference:
https://www.researchgate.net/publication/280533599 What_variables are_important_in_predicting_#

ine_viral_diarrhea_virus_A random_forest_approach/figures?lo=1&utm_source=google&utm_mediu
rganic



Random Forests

A It is unexcelled in accuracy among current algorithms (

1 | %00 )
A It runs efficiently on large dataset (
5 )
A It can handle thousands of input varlables without variable
deletion ( | T b
A It gives estimates of what variables are important in the
classification ( T Na No 3t )

A It generates an internal unbiased estimate of the
generalization error as the forest building progresses (
T 0 [ p A
A It has an effective method for estimating missing data and
maintains accuracy when a large proportion of the data are
missing (G Vv 3 )



Random Forests

Nearest Neighbors Linear SVM RBF SVM Decision Tree Random Forest AdaBoost Naive Bayes

#

Nearest Neighbors RBF SVM Decision Tree Random Forest AdaBoost Naive Bayes

™,

.90

RBF SVM Decision Tree Random Forest AdaBoost

Naive Bayes




6-3 . Gene Expression and
Expression Measurements

A Introductionto gene expression

A Expression measurements



Transcriptome

(Griffiths et al. 1996)



Gene Expression

A Each cell contains a complete set of DNA.

A Only a fraction of these are used (or
GSELINBaaSRé0 Ay |yeé
given time. For example, genes specific for
erythroid cells, such as the hemoglobin
genes, are not expressed in brain cells.



What is a DNA Microarray?

A Also known as DNA Chip

A Allows simultaneous measurement of the
level of transcription for every gene in a
genome (gene expression)

A Transcription?

I Process of copying of DNA into messenger RNA
(MRNA)

I Environmentdependent

A Microarray detects mMRNA, or rather the more
stablecDNA



The Evolution ofranscriptomics

Hybridizationbased
Contol  Expermenta
%}x& b
LU S N o

) Laser excitation
at dye-specific Hz

mve
I I development I

1995P. Brown, et. al. 2002 Affymetrix, whole 2008 many groups, mRNgeq:
Gene expression profiling genome expression profiling  direct sequencing of mMRNAs
using spotted cDNA using tiling array: identifying  using next generation

microarray: expression levels  and profiling novel genes and sequencing techniques (NGS)
of known genes splicing variants



cDNAMicroarray
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Affymetrix

mRNA

Human Genome (4) Probe Cell o< D

- Each Prohe Cell containg ~ "
U133A GeneCh|p® ~40x107 copies of a specific 4 e - N S

Array probe
Biotin-labeled o complementary to genetic
cRNA cRNA infarmation of interest
: SRS > probe : single stranded,

- Fragmentation ©. / sense, fluorescently lahele

\u . oligonucleotide (25 mers) |
Q. 7= < Q. °© Transcription \

> {1) Probe Array

{2) Probe Set —

~~Each Probe Set contains {3) Probe Pair

11 F'_robe Pairs (PM:MM) Each Perfect Match

of different probes (PM) and MisMatch
(MM) Probe Cells are
associated by pairs

The Human Genome U133 A
GeneChip® array represents
mare than 22,000 full-length

Scan and genes and EST clusters.
Quantitate




AAAAAAAA mMRNA

How RNAseq works

—_— —
—— —_— TTPTPTTTT
RNA fragments l cDNA
Coa———  C—— EST |ibrary

with adaptors

|

ATCACAGTGCGACTCCATAAATTTTTCT

CGRAGGACCAGCAGARACGAGAGEMM  short sequence reads Sample preparation
GGACAGAGTCCCCAGCGGGCTGAAGGGG
ATGAAACATTAAAGTCAAACAATATGAR

|

ORF Next generation sequencing (NGS)

Coding sequence =

- AT H —— .

Junctionreads — T—:— = = poly(A) end reads

— — iy — Mapped sequence reads Data' anaIySIS
V Mapping reads

Exonicreads . . ARAAAAAAA

Base-resolution expression profile

H S - V Visualization (Gbrowser)
c = !”. My / | AN\ M b3 S

°’ N whany\ O Y h V De novo assembly

g | \ [(H 5N \ N . .

(1 | ‘ | B =l | V Quantification

Z S— - ——

Nuclectide position

Nature Reviews | Genetics

Figure from Wang et. aBRNASeq: a revolutionary tool for transcriptomic$yat. Rev. Genetics 10, &3, 2009)



FPKM (RPKM): Expression Value

} FagmentsReadsPer Kilobaseof exonmodel
per Million mapped fragments

} Nat Methods. 2008, Mapping and quantifying
mammaliantranscriptomesdy RNASeq
MortazaviA et al.

FPKM =10°3 =

NL

C= the number of reads mapped onto the gene's exons
N= total number of reads in the experiment
L= the sum of the exons in base pairs.



6-4 : Class Comparison

1. Statistical test
2. Gene set enrichment analysis (GSEA)

References

A Subramanian et al. PNAS 102:15546, 2005.
A Tianet al. PNAS 102:13544, 2005.

A Moothaet al. Nature Genetics 2003



Class comparison

A What genes are up regulated between control and
test or multiple test conditions

I Normal v tumor

| Treated v untreated
A Fold change

I Not sufficient, need statistics
A Statistics

I ttest, nonparametric,fdr

A Depends on underlying assumptions about data



Class Comparison

A What genes are up regulated between control and
test or multiple test conditions

A Many analysis methods
I May produce different results

I Different underlying statistics and methods
At test
ASAM
ANon parametric relative entropy)
AEmpericabayesian

A Depends on underlying assumptions about data



Hypothesis Testing

[ Normal ] [Tumor

~

meanl mean2

Null hypothesis  Ha: i =

Alternative hypotheses & : iy # iy



Hypothesis Testing

fye  Hat U=D
5% HED

Wt g [
~al 58 ljjl_‘:D "‘f-E/lj:a__g

_XA-M_TE-T g
e



Hypothesis Testing

Chance
Qutcomes

Accept the
Null Hypothesis

IMiddle 85%

J

Critical Region /

Two-Tailed Test

MNon-Chance ,4 (Non-Direct )
QOutcomes N on-virectona
a '\'<\}

Critical Region
Reject the MNull

Quter 2.5% Quter 2.5%




Measuring the Accuracy

Real Negative Real Positive
Claimed False Positve True Positive
Positive (FP) (TP)
Claimed True Negative False Negative
Negative (TN) (FN)




Type | and Type Il Error

Retain Null Reject Null
Ho V4 type | error
H, type Il error \/




Type | and Type Il Error

Thearetical
Hull nan-null walue

Mull
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Type | and Type Il Error

HYPOTHESIS TESTING Reality
QUTCOMES
The Null Hypaothesis The Alternative
ls True Hypothesis is True

Accurate Type Il Error
1= P

7.

I
N

The Null Hypothesis
Is True

Accurate
1- ]4.

The Alternative
Hypothesis is True

o O = o w e 1




Two-Samplda-Statistic
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A Normal assumption




Multiple Test Problem

A Perform a test for each gene to determine the
statistical significance of differential
expression for that gene.

A Problem: When many hypotheses are tested,
the probability of a type | error (false positive)
iIncreases sharply with the number of
hypotheses.



Example

ASuppose we measure the expression of 10,00
genes in a microarray experiment.

A p <= 0.05 says that 95% confidence means ar
different; therefore 5% due to chance

A 500 genes are picked up by chance

A Suppose t tests selects 1000 genes at a p of
0.05

A 500/1000 ;:Approximately 50% of the genes
will be false, very high false discovery rate;
need more confidence



Corrections for Multiple Comparisons

A Involve corrections to theqwalue so that the
actual pvalue is higher

A Bonferronicorrection
A BenjaminHochberg procedure

A Significance Analysis of Microarrays
I Tusheret al. at Stanford



TheBonferroniMethod

A Controls the family wise error rate (FWER)
FWER Is the probability that at least one false
positive error will be made.

A But this method is very conservative, as it
tries to make it unlikely that even one false
rejection is made.



TheBonferroniMethod

A W 3 H @ X -
Y 0.0%A

A G H @ X a, H  0.025A
4 0.05* (1/2)A

A Carlo Emilio Bonferrooi
Bonferroni A



Probability of Type | error

TheBonferroniMethod

© © oooo
N W Ao

w/o correction
../....0.....0..—;
w/ correction e o Monte Carlo |.

— 1-(1-a)
| I !
5 10 15 20

Number of tests



False Discovery Rate (FDR)

A The FDR is essentially the expectation of the
proportion of false positives among the
identified differentially expressed genes.

#(FalsePositives)
#(RejectedHypotheser

FDR?®°




Measuring the Accuracy

Real Negative Real Positive
Claimed False Positve True Positive
Positive (FP) (TP)
Claimed True Negative False Negative
Negative (TN) (FN)




False Discovery Rate

Accept Null Reject Null Total
Null True Noo No1 Ng
Non-True Nig Niqq N,
Total N - N, N, N




FDRe false discovery rate

A FDRe ANR" - |< Benjamiriz 1995w w, ©& Y A
|19 sni { ~ FDRO! ° h PO© © ~ MBonferroni
1 FDRT % 0= &A | Mp& = > *

A gpd 6=35 ¢ W 1 N3/ 6%ei h_ b
e/ e&bi b" s 10001 ¢ C h B ©m0.058 5% 1
wn GCé ANATA ~ &« PTa ~ A, N9 O N

3Yp 5%e i1 o FDRw 5%
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FDR \

N v° p& »>* A| e BH{ @3 A®pd A Qe length(p)l 3 R

p.adjust Qa

N v  @p&Ytxz nnzitao_ 17 3A \ %ApOAMZ &

FDR&

R AXPp* (/i pl Y5 As Gip-valuel ni s GEA QL il 1) 2 o Gy J

£ W2 BPOEIOmWN M~ 2 T n-ll 9Kse wn W1

N V., ®BFDRE ~ AfNzo®pS b« ApSAMZ BIFDRSE 222

" ypOenNz® yILAMZ@FDROI ., GA3 A \ . | WFDR&|
T bE 0y 2@O + %hfi1 A 2 FDROGIN Yr e, 3D

\ iFDRO©

N FDRO Yt w D Gip& i 2 Anzi bod

p.adjust(p, method = p.adjust.methods, n = length(p))
p.adjust.methods

# c("holm", "hochberg", "hommel", "bonferroni”, "BH", "BY",

# "fdr", “none")

https://stat.ethz.ch/R-manual/R-devel/library/stats/html/p.adjust.html



https://stat.ethz.ch/R-manual/R-devel/library/stats/html/p.adjust.html
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Gene Set Enrichment Analysis
Motivation

A Gene Set Enrichment Analysis (GSEA) computational
method that determines whether an a priori defined set

of genes shows statistically significant, concordant
differences between two biological states (e.qg.
phenotypes)

A Interpreting the results to gain insights into biological
mechanisms remains a major challenge

A For a typical study (e.g., experimental condition vs.
control, disease state vs. normal, tumor type A vs. tumor
type B), a standard approach has been to produce a list

of differentially expressed genes (DEGS)



Challenges In Interpreting
Gene Microarray Data

A May obtain a long list of statistically significant

genes without any obvious unifying biological
theme,

A Even with DEG list(s) of up and/or down
regulated genes, still need to accurately
extract valid biological inferences. Cutoff for
iInclusion in DEG lists is somewhat arbitrary.
Must address multiple hypothesis testing.



An Existing Way to Study Enrichment of
Gene Categories

A Statistical procedures such @A & K S NXQ dbasédEdn thei
hypergeometric distribution are used to test if members of a
list of differentially expressed genes are overrepresented in
given GO categories or in predefined gene sets compared wit
the distribution of the whole set of genes represented on the
chip.

A Tools developed along this line include:

i GOMINER:
i GENMAPP;

i ONTQGTOOLS;

I

I

Molecular Profile Data

- CHIPINFO;
- GOSTAT.

Gene Set Database




Limitation of Above Methods

A No further use made of information contained
In expression values for the ndPEG list genes

A The level of differential expression of the
genes In the significant gene list Is not taken
Into consideration.

A The correlation structure of the expression
data is not considered at all.



Introduction of GSEA

ACANRG SELJX 2NdBuife Gangticsg(B):
paper, fully formulated in PNAS(05) paper.

A GSEAevaluate microarray data at the level of
gene sets, which is defined based on prior

knowledge (such as gene sets from GO
categories or pathways from KEGG).



Overview of GSEA

A Given a prior defined gene set SSEAs to
determine whether members of S are randomly
distributed throughout the list, or primarily found at
the top or bottom In the list.

A Step ofGSEA
I Calculation of an enrichment scoleg.
I Estimation of significance level BE
I Adjustment forMHT.




Calculation of ES

A Notation: D is the expression dataset with N
genes and k samples; Cis a phenotype or profile
of interest; N,IS gene number of S,

A Rank order N genes to form L={, g}
according their correlation r(gr.

A Define:
. ‘7».‘10
Phit(S,Z) — Z | ]\;R ; NR — Z ‘T'j‘pﬂ
ngS,jSE ggES
1
Pmiss Sa ) =
S0= 2. ¥x,
9;¢S.7<1

Where p is a constant to control the weight of ranks.



Calculation of ES

A TheESs the maximum deviation from zero of
I:)hit'l:)miss

A For a randomly distributed S, ES(S) will be
small, but if it Is concentrated at the top or

bottom of the list, the score will be high.

A When p=0, this reduces to the standard
KolmogorovSmirnov statistic

I As R, Is the empirical distribution for genes in S,
while P....Is the one for genes outside S.

mIssS



Ranked Gene List

GSEA Overview

A Phenotype B Leading edge subset
Classes ¥ Gene set S
A B II
BN GenesetS
 S— . _
Correlation with Phenotype

Random Walk

ES(S)I  a <

Maximum deviation Gene List Rank
from zero provides the
enrichment score ES(S)




GSEArinciple

ES score calculation

Every present gene (black vertical bar) gives a positive contribution,
every absent gene (no vertical bar) gives a negative contribution

ES score

1 1001 4001
Gene rank



Estimating Significance

A Randomly assign the original phenotype labels to
samples, reorder genes,-cdmpute ES(S).

A Repeat for 1000 permutations, and create a
histogram of the corresponding &S;

A Estimate nominal alue for S from ES,,and
observed ES(S).



GSEA tool®RDAVIDWebService

A B
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Referencenhttp://bioconductor.org/packages/release/bioc/html/RDAVIDWebService.html



GSEA examplaodal peripheral cell

chmphoma
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6-5 Variable Selection



Variable Selection Problem

A A common problem is that there is a large set
of candidate predictor variables.

A Goal is to choose a small subset from the
larger set so that the resulting regression
model issimple, yet havegood predictive
ability.



Two basic Mthods
of Selecting Predictors

A Stepwise regressiarEnter and remove
predictors, in a stepwise manner, until there
IS no justifiable reason to enter or remove
more.

A Best subsets regressioiSelect the subset of
predictors that do the best at meeting some
well-defined objective criterion.



StepwiseRegressionthe Idea

AL 0F NI S6AGK y2stepiNdB RA O
modeld

A At each step, enter or remove a predictor
based on partialtests (that is, the-tests).

A Stop when no more predictors can be
justifiably entered or removed from the
stepwise model.



Drawbacks oftepwise Regression

AT

0,

AT

a

ne final model is not guaranteed to be
otimal In any specified sense.

ne procedure yields a single final model,

though in practice there are often several

equally good models.
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Stepwise Regressidviethods

A Threebroadcategories:
I Forward selection
I Backward elimination
I Stepwiseaegression
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Lasso Model
(least absolute shrinkage and selection operator

A Lasso: Least Absolute Shrinkamge Selection
Operator

A Minimize " p P
mﬁinz §(yi - Z Bixii)° + A Z 1551
i=1 j=1 j=1

A Equivalent taminimizing sum of squares with
constraint Lagarangiafunction)

p
pEARSE
j=1



Lasso Explanation

A Thebound"s" is a tuning parameter When"s" is
Iargeenough,the constrainthasno effectandthe
solution Is just the usual multiple linear least
squaresegressiornty onx;, Xy, ...,

A Howeverwhen for smallervaluesof s (s>9) the
solutions are shrunken versions of the least
squaresestimates Often,someof the coefficients
b, are zera. Choosing“s" is like choosingthe
number of predictors to use In a regression
model, and crossvalidation is a good tool for
estimatingthe bestvaluefor "s"

http://statweb.stanford.edu/~tibs/lasso/simple.html



Algorithms for Lasso
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Algorithms for Lasso

A Standard convex optimizer

A Leastangle regression (LAREfronet al 2004
computes

A Entirepath of solutions. Statef-the-Art until
2008

A Pathwisecoordinatedescent--New



Ridge Regression
A Minimize
min % Z(yi - Z Biwi)® + A Z fex

A Equivalent to minimizing sum of squares with

constraint p
> OIBi1P < s
j=1

A Closeform solution
gridee — (XTX 4+ AD)7'XTY



Ridge Regression
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Lasso and Ridge Regression
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