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ï Hidden Markov Model (HMM)ῒ
Å Markov Chain

Å HMM

Å HMM ≢ (Topic I)

Å HMM ↓ (Topic II)

ï (Topic III )

ï Motif findingҬ (Topic IV)
Å EM algorithm

Å Markov Chain Monte Carlo (MCMC)

ï № (Topic V)
Å № -Mixture model

Å Classification-Lasso Based variable selection

ï (Topic VI)
Å Bayesian

Å Gaussian Graphical Model

ï № (Topic VII)
Å Network clustering

Å Network Motif

Å Markov random field (MRF)

ï Dimension reduction ῒ (Topic VIII)
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ӟ №
ӟ ῍№ҹ҈ ̔

Å ӟ̂supervised learning̃ Һ ׆ Ҭ ӟ ῀x⌠ ₮y
῏ ̆Ӟ ӊҹ ̂predictivẽ Ȃx ѿױ ӊҹ Ȃ ₮y
̆ ӊҹ ̂regressioñ ̆ ₮y ̆
ӊҹ№ ̂classificatioñ Ȃ ױ ѿ֓ ̆

A-F̆ ҹᴰ № Ҍ ̆ ҹ ≠
A>B>C>D>E>F ̆ ҹ ̂ordinal regressioñ №
̂ordinal classificatioñ ̆ ѿҩ׃ԍ № Ҭ ѿҩ Ȃ

Å ӟ̂unsupervised learning̃ Һ ׆ Ҭ ѿ֓

Ȃ Ӟ Ạ Ȃ ̆ ӟ
Ȃ ῖ ӟ ̂clustering̃ Ȃ ᵰѿ֓
̆ ӟ ֓ № Ȃ

Å ӟ̂reinforcement learning̃ ҹ ̆
ӟ̆Ԉ Ҍ Ȃ



6-1 : Clustering Analysis

1. Hierarchical clustering
2. Model-based clustering

References:
Å M. Eisen et al.: Cluster analysis and display of genome-wide 

expression patterns. Proc.Natl.Acad.Sci.USA 95, 14863-8, 1998
Å Wei Pan, JizhenLin and Chap T Le. Model-based cluster analysis of 

microarray gene-expression data. Genome Biology 3(2): 
research0009.1ς0009.8, 2002.

Å 2002. G.J. McLachlan, R.W. Bean, and D. Peel, A Mixture Model-
Based Approach to the Clustering of Microarray Expression Data. 
Bioinformatics 18, 413-422, 



ÅEisenMB, Spellman PT, Brown PO, Botstein D. 
1998. Cluster analysis and display of genome-
wide expression patterns. PNAS95: 14863-
14868.

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



Cluster Analysis and Visualization 
Software

ÅCluster 3.0
http://bonsai.hgc.jp/~mdehoon/software/cluster/software.htm

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

http://mapletree.sourceforge.net/



Hierarchical Clustering

Dendrogram

Venn Diagram of Clustered 
Data

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



Nearest Neighbor Algorithm

ÅNearest Neighbor Algorithm is an agglomerative 
approach (bottom-up).

ÅStarts with n nodes (n is the size of our sample), 
merges the 2  most similar nodes at each step, and 
stops when the desired number of clusters is reached.

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



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















Similarity Measurements

ÅPearson Correlation
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Similarity Measurements

ÅEuclidean Distance
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Similarity Measurements

ÅCosine Correlation
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Similarity Measurements

ÅCosine Correlation



Similarity Measurements

ÅFourier Transformation



Group Similarity

ÅSingle linkage

ÅComplete linkage

ÅAverage linkage

ÅAverage group linkage



+

+

Clustering ( )

Single Linkage

C1

C2

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

¢ŜƴŘ ǘƻ ƎŜƴŜǊŀǘŜ άƭƻƴƎ ŎƘŀƛƴǎέ



+

+

Clustering

Complete Linkage

C1

C2

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

¢ŜƴŘ ǘƻ ƎŜƴŜǊŀǘŜ άŎƭǳƳǇǎέ



+

+

Clustering

Average Linkage

C1

C2

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



+

+

Clustering

Average Group Linkage

C1

C2

Dissimilarity between two clusters = 
Distance between two cluster means.



Other Clustering Methods

ÅK-means, fuzzy k-means

ÅSelf-organization mapping (SOM)

ÅGaussian mixture model, Bayesian clustering 
algorithms

ÅNonnegative Matrix factorization

ÅIterative signature algorithm (ISA), progressive 
ƛǘŜǊŀǘƛǾŜ ǎƛƎƴŀǘǳǊŜ ŀƭƎƻǊƛǘƘƳ όtL{!ύΧ

ÅBiclustering



K-means Algorithm

1.  Choose K centroidsat random
2.  Make initial partition of objects into k clusters by assigning 

objects to closest centroid
3. Calculate the centroid(mean) of each of the k clusters.
4. a. For object i, calculate its distance to each of   

the centroids.
b. Allocate object i to cluster with closest 

centroid.
c. If object was reallocated, recalculate centroidsbased 

on new clusters.
4.  Repeat 3 for object i Ґ мΣΧΦbΦ
5. Repeat 3 and 4 until no reallocations occur.
6. Assess cluster structure for fit and stability



Iteration = 0

K-means Algorithm



Iteration = 1

K-means Algorithm



Iteration = 2

K-means Algorithm



Iteration = 3

K-means Algorithm



K-means Algorithm



K-means Algorithm



Gaussian Mixture Model

ÅEach class corresponding to a normal 
distribution

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



Learning the Parameters

ÅMaximum likelihood estimation. Given data 
points 

ÅMissing data problem, the class label of each 
data point.



EM Algorithm

ÅIteratively update



Gaussian Mixture Model



GMM-EM

Reference: http://varianceexplained.org/r/mixture-models-baseball/



Other mixture models

GMM: Gamma-Mixture Model BMM: Beta-Mixture Mode



K-means VS. EM

Reference: https://blog.csdn.net/eternity1118_/article/details/51516497

EM ҍK-MeansҌ ӊ ̔ Ҍ ̆ ̂ ғ K-
Means ̃̆ ѿҩ ᾝ № ᵀ ₮ѿҩ
ԍѿҩ ̆ ѿҩ ᵬ ѿҩ Ȃ



K-means VS. EM



K-means VS. EM

Reference: https://blog.csdn.net/eternity1118_/article/details/51516497

EM ҍK-MeansҌ ӊ ̔ Ҍ ̆ ̂ ғ K-
Means ̃̆ ѿҩ ᾝ № ᵀ ₮ѿҩ
ԍѿҩ ̆ ѿҩ ᵬ ѿҩ Ȃ



K-means VS. EM
GMM-EM: Gaussian Mixture Model (GMM) using Expectation Maximization (EM)

Reference: https://sandipanweb.wordpress.com/2017/03/19/hard-soft-clustering-with-k-
means-weighted-k-means-and-gmm-em/



K-means VS. EM
GMM-EM: Gaussian Mixture Model (GMM) using Expectation Maximization (EM)

Reference: https://sandipanweb.wordpress.com/2017/03/19/hard-soft-clustering-with-k-
means-weighted-k-means-and-gmm-em/



Choose the Number of Clusters

ÅAkaikeInformation Criterion (AIC)

ÅBayesian Information Criterion (BIC)

where vg is the number of independent parameters

1. AkaikeH: Information theory and an extension of the maximum likelihood principle. In 2nd Int Symp
Information Theory. Edited by PetrovBN, CsakiF. Budapest: AkademiaiKiado,1973, 267-281.

2. Schwartz G: Estimating the dimensions of a model. AnnlsStatistics 1978, 6:461-464.



Choose the Number of Clusters



Enterotype calculation

Reference: Cheng, et al., GPB, 2018



6-2 : Classification and Prediction

ÅBayesian decision rule
ÅFisher linear discriminant analysis
ÅSVM
ÅAggregating classifiers

ÅReference
Å 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. Molecular Classification of Cancer: Class 
Discovery and Class Prediction by Gene Expression Monitoring. Science15 October 1999:Vol. 
286no. 5439pp. 531-537.

Å JiZhu and Trevor Hastie. Classification of gene microarrays by penalized logistic regression. 
Biostatistics (2004), 5, 3, pp. 427ς443.

№Slides ԍhttp://www.epibiostat.ucsf.edu/biostat/cbmb/courses/CBMBdiscrimination.ppt



Classification (№ )

ÅTask:  assign objects to classes (groups) on 

the basis of measurements made on the 

objects

ÅUnsupervised:  classes unknown, want to 

discover them from the data (cluster 

analysis)

ÅSupervised:  classes are predefined, want to 

use a (training or learning) set of labeled 

objects to form a classifier for classification 

of future observations



Sample 1 Sample n. . . . . . .

Gene 1

. 
. 
. 
. 
. 
. 
.

Gene p

Class 1
(Normal)

Class 2
(Tumor)

Supervised Classification (Two Classes)



Classification (№ )



Example: Tumor Classification

ÅReliable and precise classification essential for 
successful cancer treatment 

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

ÅCharacterize molecular variations among tumors
by monitoring gene expression (microarray)

ÅHope: 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:

ÅIdentification of new/unknown tumor classes using 
gene expression profiles (unsupervised learning ï
clustering)

ÅClassification of malignancies into known classes 
(supervised learning ïdiscrimination)

ÅIdentification of ñmarkerò genes that characterize the 
different tumor classes (feature or variable 
selection).



Molecular classification of cancer



Classifiers

ÅA predictor or classifier partitions the space of gene 
expression profiles into K disjoint subsets, A1, ..., AK, 
such that for a sample with expression profile 
X=(X1, ...,XG)ÍAk the predicted class is k

ÅClassifiers are built from a learning set (LS)  

L = (X1, Y1), ..., (Xn,Yn)

ÅClassifier C built from a learning set L: 

C( . ,L): X ­ {1,2, ... ,K}

ÅPredicted class for observation X:

C(X,L) = k if X is in Ak



BayesῈ

Å :

Åᾢ : pk, ῒҬSpk=1.

ÅBayesῈ



Bayes‗

Å ῀ ̆

Å≠ BayesῈ ̆҉ ᴇԍ



Bayes‗

Å ₱

Å ҩ ≢ ₱

ῒҬWiҹ ῀ ≢wi Ȃ



Bayes‗



Bayes‗

Å ,ҹԅᶏp(error) , Wi ,
ᶏ №

ÅBayes‗ ᶏ №

ÅBayes № ҹ



ң Bayes‗

Å ԍѿ x, ԍ Ҋ
ᴨ№ Ҋ ̆

ᴨ№ x



∞≢№

Å ∆ R.A. Fisher ₮.



Fisher∞≢№

ѿҩ ̆ᶏ ҉

- ῤ Ȃ

- Ȃ

Č ԍ №



Fisher∞≢№ ̔№

Å

Å ῤ



҉ №

Å u=aTx

Å SB(u)=aTSBa.

Å ῤ SW(u)=aTSWa.



Fisher∞≢№

ÅFisher‰↕̔ ῤ ṿ
̆



ң Fisher∞≢№

B
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Find Optimal Hyperplane

ÅAssumption: samples are linearly separable.

ÅA better generalization is expected from (b).

SVM



Extending the Hyperplane

ÅMapping the input samples to feature space  in 
higher dimension.

Finding the hyperplance in feature space.

Input Space

Feature Space

SVM



Example

ÅInput space with two attributes: (x1,x2).  

ÅFeature space with 6 attributes: (x1
2, x2

2 , x1, x2 , 
x1x2 ,1)

SVM



Why does SVMwork well

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

ÅPrinciple: structural risk minimization.

ÅKey concept: VC dimension.



Other Classifiers Includeé

ÅDecision tree (CART, C4.5)

ÅNeural networks

ÅNearest neighbour (KNN)

ÅLogistic regression

ÅProjection pursuit

ÅBayesian belief networks



Overfitting problem



Overfitting problem



Ὁᵀ

Åθ ᴅɋ Ὁᵀι≡ῶӼ֫￼ ᾭὯѧ￼ ễ
Åθ ᶶ ɋ Ὁᵀι ֫ ᾭὯѧ￼ ễ҃

https://www.hrwhisper.me/machine-learning-regularization/

https://www.hrwhisper.me/machine-learning-regularization/
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Overfitting problem

ÅCross-validation
ÅTrain with more data
ÅRemove features
ÅEarly stopping

How to avoid overfitting



Ү ₩ᶚḾ•ѦᾭὯ ￼ ╜ ẙ
ÅḾ Ѧ ḧ￼ ╜ι╜ ╜￼ᵠẔӪљ ḫᵠẔӪ ￼
ὶ ẙ ᶎΆ Ṯεmean square error):

ÅḔᶇ χMSEӔּז ᾭὯ εtraining MSEζι
ᾭὯѼּז‎ӂ ὪιI ҺӉӂ Ṯ

Å῭ԋỌṄ₩ᶚּ҈ז╜ ᾭὯῊ￼ ╜ ẙεtest MSEζ
ï ╜῾‎￼ Ү⁪ ᾺֿפҚ￼ֿפֿכ

ï╜ ᾭὯ≡ῶּזӐὉᵀ₩ᶚ



₩ὉᾭὯӕḒ ₩ὉᾭὯχ
ḙḲ￼
‰֝

ẙχὼיּ Ύ ♄╗ ẙι
ᴅ ớᵻặῗ2εᴠᾭ￼Ѧᾭ

Ṉι ḧớẶζ

Ύ ῗ ḫ֩ᾭ fι
♇ὉᾭὯ₩וҨғּזּ

╜ MSE

Ὁᵀή

MSE

ӿ◌‾‍ἆ
ᶺ ẪὉᵀ



Ὁᵀ
Å ᴜᵻχThe 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.

Å Overfitting refers specifically to the case  

in which a less flexible model would have  

yielded a smaller test MSE.

Å Ḫ ᾎὊ χј῏ệֹ╜ ᾭὯ‎ӂ
╜ MSE

χҏᴡ│ה֘



Ґᴢ │
ᶈὉᵀ ѧιӠּ֧פ ᾭὯ￼ ѦḒ јּזӐ ₩ᶚι
‎ӂזּ test MSE

1 εvalidation setζΆ│

Validation setTraning set



AutoᾭὯ



⅝ јᵃ₩ᶚ￼ MSE
ב֫₭ 10₭јᵃ￼֫ב

2₭ᶺזּ ẪὉᵀι
╜ ẙώ״ ᶽ

јᵃ֫בḾMSE￼ӂ
Ṯầ ᶽιῳṇMSE￼
₩ᶚѼј ‾

ᴱӔּז ֫ᾭ
Ὧ ι₩ᶚ
ᴵ ӂMSE

ιјῗῳҸ



פּ Ґᴢ │
ÅLeave-one-out cross-validation (LOOCV)

ҷ

1 Ӕּזn-1Ѧ‾ ♇ ιᵙӔּזἍῶᾭὯ♇ὶ ι₩ᶚӭṮ ṇιјḳ

῏ ӂ╜ MSE

2 ᶺ₭ӔּזLOOCVỞҺệֹ ᵃ￼ ‛



kἱҐᴢ │ (k-fold CV)

ҷ

1 LOOCVὉᵀ n₭₩ᶚι ᶽ k-fold CVὉᵀ kε5ἆ10ζ₭₩ᶚ

2 ⅛Ѧ₩ᶚӔּז (k-1) / k ‾ ♇ι ⅝ Ά│ι῭ὶ Ӕּזԅ ‾ ♇￼

₩ᶚ



LOOCV of the Auto data

ᶺ₭јᵃ֫10￼ב-fold CV:

MSE￼ӂ ῶ└טớιӇ⅝
Ά│￼└טớṇ



₩ὉᾭὯӕḒ ḙḲ
￼⃰ḾⱢ

MSE

╜ MSE

≡ MSEεַּז ḫΎ

₩ Ὁ ╜ ᾭ Ὧ ζ

LOOCVӁ MSEײַ

10-fold CVӁ MSEײַ

Å CVӂ ￼MSEΎ ẻꜛ⃰ ι
ӇӉӂ҃╜ MSE

Å ᴵҨẁי ḧ⃰ ₩ᶚ￼ᴠᾭᾭ
εMSEῳṇῊζ



Measuring the Accuracy of 
the Classifier

ÅHold-out test

ïHold a certain fraction of samples for test.

ÅLeave one out cross-validation

ÅK-fold cross-validation

ï №ҹkҩ ̕

ï k-1ҩ ᵬ ̆1ҩ ᵬ ̆

k ֜ ̕



Measuring the Accuracy of 
the Classifier

Real Negative Real Positive

Claimed 

Positive

False Positve

(FP)

True Positive

(TP)

Claimed 

Negative

True Negative

(TN)

False Negative

(FN)



Measuring the Accuracy of 
the Classifier

ÅSensitivity (Sn)

ÅFalse Positive Rate (FPR)

ÅCorrelation Coefficient (CC)

ÅApproximate Correlation (AC)



Measuring the Accuracy of 
the Classifier

ÅROC:  Receiver Operating Characteristic or 
Relative Operating Characteristic.  True 
positive proportion  v.s. False-positive 
proportion.



Aggregating classifiers

ÅBreiman (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.

ÅLet C(., Lb) denote the classifier built from the bth 

perturbed learning set Lb, and let wb denote the 

weight given to predictions made by this classifier. 

The predicted class for an observation x is given by

argmaxk×b wbI(C(x,Lb) = k)



Diagram of aggregating 

classifiers

classifier500Sample500

Sample499

dot dot dot

classifier1

classifier2

classifier499

Aggregated
classifierdot dot dot

Training

Set:

·м Χ·млл

Sample1

Sample2

Test set



Bagging

ÅBagging = Bootstrap aggregating

ÅNon-parametric Bootstrap (standard 
bagging):  perturbed learning sets drawn at 
random with replacement from the learning 
sets; predictors built for each perturbed 
dataset and aggregated by plurality voting 
(wb = 1)

ÅParametric Bootstrap:  perturbed learning 
sets are multivariate Gaussian

ÅConvex pseudo-data (Breiman 1996)



Boosting

ÅFreund and Schapire (1997), Breiman

(1998)

ÅData resampled adaptively so that the 

weights in the resampling are increased 

for those cases most often misclassified

ÅPredictor aggregation done by weighted 

voting



Random Forests

ÅPerturbed learning sets are drawn at random with 
replacement from the learning sets

ÅThe 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.

Å The resulting trees are aggregated by plurality 
voting (wb = 1)



Random Forests

Reference: 
https://medium.com/@williamkoehrsen/random-forest-simple-explanation-377895a60d2d



Random Forests



Random Forests

Reference: 
https://www.researchgate.net/publication/280533599_What_variables_are_important_in_predicting_bov
ine_viral_diarrhea_virus_A_random_forest_approach/figures?lo=1&utm_source=google&utm_medium=o
rganic



Random Forests
ÅIt is unexcelled in accuracy among current algorithms ( ╠

Ҭ̆ΐ ‰ )

ÅIt runs efficiently on large dataset (

҉)

ÅIt can handle thousands of input variables without variable 

deletion ( ΐ ῀ ̆ ғҌ )

ÅIt gives estimates of what variables are important in the 

classification ( ᵀ ҩ № ҉ )

ÅIt generates an internal unbiased estimate of the 

generalization error as the forest building progresses (

Ҭ̆ ⌠ῤ ѿ Ẓᵀ )

ÅIt has an effective method for estimating missing data and 

maintains accuracy when a large proportion of the data are 

missing ( ԍ ṿ Ӟ )



Random Forests



6-3 : Gene Expression and 
Expression Measurements

Å Introduction to gene expression

Å Expression measurements



Transcriptome



Gene Expression

ÅEach cell contains a complete set of DNA. 

ÅOnly a fraction of these are used (or 
άŜȄǇǊŜǎǎŜŘέύ ƛƴ ŀƴȅ ǇŀǊǘƛŎǳƭŀǊ ŎŜƭƭ ŀǘ ŀƴȅ 
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?

ÅAlso known as DNA Chip
ÅAllows simultaneous measurement of the 

level of transcription for every gene in a 
genome (gene expression)
ÅTranscription?
ïProcess of copying of DNA into messenger RNA 

(mRNA)
ïEnvironment dependent!

ÅMicroarray detects mRNA, or rather the more 
stable cDNA



The Evolution of Transcriptomics

1995P. Brown, et. al. 
Gene expression profiling
using spotted cDNA 
microarray: expression levels 
of known genes

2002Affymetrix, whole 
genome expression profiling 
using tiling array: identifying 
and profiling novel genes and 
splicing variants

2008many groups, mRNA-seq: 
direct sequencing of mRNAs 
using next generation 
sequencing techniques (NGS)

RNA-seq is still a technology under active 
development

Hybridization-based



cDNAMicroarray

Brown & Botstein, 1999



֜ └(hybridization)->



Affymetrix



How RNA-seq works

Figure from Wang et. al, RNA-Seq: a revolutionary tool for transcriptomics, Nat. Rev. Genetics 10, 57-63, 2009).

Next generation sequencing (NGS)

Sample preparation

Data analysis:
VMapping reads
VVisualization (Gbrowser)
VDe novo assembly
VQuantification 



FPKM (RPKM): Expression Values
}Fragments Reads Per Kilobaseof exonmodel 

per Million mapped fragments

}Nat Methods. 2008,  Mapping and quantifying 
mammalian transcriptomesby RNA-Seq. 
MortazaviA et al.

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.

 

FPKM=109³
C

NL



6-4 : Class Comparison

1. Statistical test

2. Gene set enrichment analysis (GSEA)

References
Å Subramanian et al. PNAS 102:15546, 2005.

Å Tianet al. PNAS 102:13544, 2005.

Å Moothaet al. Nature Genetics 2003



Class comparison

ÅWhat genes are up regulated between control and 
test or multiple test conditions
ïNormal v tumor
ïTreated v untreated

ÅFold change
ïNot sufficient, need statistics

ÅStatistics
ït test, non-parametric, fdr

ÅDepends on underlying assumptions about data



Class Comparison

ÅWhat genes are up regulated between control and 
test or multiple test conditions

ÅMany analysis methods

ïMay produce different results

ïDifferent underlying statistics and methods
Åt test

ÅSAM

ÅNon parametric  (relative entropy)

ÅEmpericalbayesian

ÅDepends on underlying assumptions about data



Hypothesis Testing

Normal Tumor

d

Null hypothesis

Alternative hypotheses

mean1 mean2



Hypothesis Testing



Hypothesis Testing



Measuring the Accuracy

Real Negative Real Positive

Claimed 

Positive

False Positve

(FP)

True Positive

(TP)

Claimed 

Negative

True Negative

(TN)

False Negative

(FN)



Type I and Type II Error

Retain Null Reject Null

H0 type I error

H1 type II error 



Type I and Type II Error



Type I and Type II Error
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Two-Sample t-Statistic

Å{ǘǳŘŜƴǘΩǎ t-statistic

ÅNormal assumption



Multiple Test Problem

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

ÅProblem: When many hypotheses are tested, 
the probability of a type I error (false positive) 
increases sharply with the number of  
hypotheses.



Example

ÅSuppose we measure the expression of 10,000 
genes  in a microarray experiment.
Åp <= 0.05 says that 95% confidence means are 

different; therefore 5% due to chance
Å500 genes are picked up by chance
ÅSuppose t tests selects 1000 genes at a p of 

0.05
Å500/1000 ;Approximately 50% of the genes 

will be false, very high false discovery rate; 
need more confidence



Corrections for Multiple Comparisons

ÅInvolve corrections to the p-value so that the 
actual p-value is higher

ÅBonferronicorrection

ÅBenjamin-Hochberg procedure

ÅSignificance Analysis of Microarrays

ïTusheret al. at Stanford



The BonferroniMethod

ÅControls the family wise error rate (FWER) 
FWER is the probability that at least one false 
positive error will be made.

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



The BonferroniMethod

Å ѿ ҉ ңҩ Ẋ ̆
ҹ 0.05Ȃ

Å ԍ ңҩẊ ᶏ Ҥ 0.025Ȃ
0.05* (1/2)Ȃ

Å Carlo Emilio Bonferroni ̆
Bonferroni Ȃ



The BonferroniMethod



False Discovery Rate (FDR)

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

)Hypotheses (Rejected#

Positives) (False#
FDRº



Measuring the Accuracy

Real Negative Real Positive

Claimed 

Positive

False Positve

(FP)

True Positive

(TP)

Claimed 

Negative

True Negative

(TN)

False Negative

(FN)



False Discovery Rate

Accept Null Reject Null Total

Null True N00 N01 N0

Non-True N10 N11 N1

Total N - Nr Nr N



FDRεfalse discovery rate

ζ
Å FDRε ᴧאꞌζ ίֺ│ῗBenjamini҈1995ẉώ֧￼ Ά
│ιᶢ ᴝתῗ ίֺFDRӪ‎֘ḧPӪ￼ Ӫ ḾBonferroni  

‎ ιFDRּז⅝ □ᵙ￼Ά│ḾpӪ ҃›⃰

Å ᶃᶈӬ ớᵙӬ ớ ֹẈ ιṄӬ/ ớ⅝ӕίֺֹ ḧ ᶀ
ѳԓ ӕḅιḅ‛₅ 1000₭ιἅҪ ḧ￼ Ӫѭ0.05ε5%ζι
ѱῂ ἅҪệֹᶺṈѦṮầ ︢ι ҎṮầ ︢ѧ֧אӬ ớ￼₦ꞌ
ӠὙᶈ5%ѳԓιᴏFDRω5%

ᵀ҈ᶢᵼ ḙ
χἅҪᴵҨḳỏ
ḧᾭ ￼Ӭ ớᶢᵼ
ιӇṸῺḜᶈ ớᶢ
ᵼѧ￼⅝ӕ Ӊ



FDR
1. Ṅ ֯pӪ ›⃰Ά│εBHζҨᴣἍῶpӪ￼Ѧᾭεlength(p)ζ ԄֹR

p.adjust֩ᾭѧ

2. Ṅ ֯￼pӪὟⱢҡᶽֹṇὴẑιⱡᵅַּזї ԇẪ ⅛ѦpӪἍḾẔ￼

FDRӪ

ԇẪχp * (n/i)ι pῗ⅛ Ѧ₅ ￼p-valueιnῗ₅ ￼Ѧᾭιiῗὴẑᵅ￼ӈ

εῳᶽ￼pӪ￼iӪѭnι ҇ᶽֱῗn-1ιӘ₭ ῳṇѭ1ζ

3. Ṅ ֧‎￼FDRӪ ҄ ὴẑᵅ￼pӪιḅ‛• ѦpӪἍḾẔ￼FDRӪᶽ҈

ׁ ӈpӪεὴẑ￼ׁ ӈζἍḾẔ￼FDRӪιֱᾣẨԇẪ ֧‎￼FDRӪι

љḜׁזּ ӈ ᵃ￼Ӫ ᵼ℅Һғּו ᵃFDRӪ￼א ψᴦѳֱӠּפ

￼FDRӪ

4. ṄFDRӪὟⱢῳִḊ￼pӪ￼ ẑ Ὰὴẑι ᵻ ‛

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


FDR Ӫa

p * n / i < 0.05?

ᴏ
p * n < 0.05 * i?



1. For Every Result, Keep Track of How It Was Produced

2. Avoid Manual Data Manipulation Steps

3. Archive the Exact Versions of All External ProgramsUsed

4. Version Control All CustomScripts

5. Record All Intermediate Results, When Possible in StandardizedFormats

6. For Analyses That Include Randomness, Note Underlying RandomSeeds

7. Always Store Raw Data behindPlots

8. Generate Hierarchical Analysis Output, Allowing Layers of Increasing  
Detail to BeInspected

9. Connect Textual Statements to UnderlyingResults

10. Provide Public Access to Scripts, Runs, andResults

Å Plos 13 Ten Simple Rules for Reproducible ComputationalResearch



Gene Set Enrichment Analysis
Motivation

ÅGene Set Enrichment Analysis (GSEA) is a computational 
method that determines whether an a priori defined set 
of genes shows statistically significant, concordant 
differences between two biological states (e.g. 
phenotypes)

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

ÅFor 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

ÅMay obtain a long list of statistically significant 
genes without any obvious unifying biological 
theme;

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



An Existing Way to Study Enrichment of 
Gene Categories

ÅStatistical procedures such as CƛǎƘŜǊΩǎ ŜȄŀŎǘ ǘŜǎǘbased on the 
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 with 
the distribution of the whole set of genes represented on the 
chip.

ÅTools developed along this line include:
ïGOMINER; 

ïGENMAPP;

ïONTO-TOOLs;

ïCHIPINFO;

ïGOSTAT.



Limitation of Above Methods

ÅNo further use made of information contained 
in expression values for the non-DEG list genes

ÅThe level of differential expression of the 
genes in the significant gene list is not taken 
into consideration. 

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



Introduction of GSEA

ÅCƛǊǎǘ ŜȄǇƭƻǊŜŘ ƛƴ aƻƻǘƘŀΩǎ Nature Genetics (03)
paper, fully formulated in PNAS(05) paper.

ÅGSEA: evaluate 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

ÅGiven a prior defined gene set S ,GSEAis to 
determine whether members of S are randomly 
distributed throughout  the list, or primarily found at 
the top or bottom in the list.

ÅStep of GSEA:

ïCalculation of an enrichment score (ES).

ïEstimation of significance level ofES.

ïAdjustment for MHT.



Calculation of ES
ÅNotation:  D is the expression dataset  with N       

genes and k samples;  C is  a phenotype or profile 
of interest;  NH is  gene number of S,

ÅRank order N genes to form  L={ g1,?, gN}                   

according their correlation r(gj)=rj.

ÅDefine: 

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



Calculation of ES

ÅThe ESis the maximum deviation from zero of  
Phit-Pmiss.        

ÅFor 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.

ÅWhen p=0, this reduces to the standard 
Kolmogorov-Smirnov statistic.
ïAs Phit is the empirical distribution for genes in S, 

while Pmissis the one for genes outside S.



GSEA Overview



GSEA principle



Estimating Significance

ÅRandomly assign the original phenotype labels to 
samples, reorder genes, re-compute ES(S).

ÅRepeat for 1000 permutations, and create a 
histogram of the corresponding  ESNULL;        

ÅEstimate nominal  p-value  for S from ESNULLand 
observed  ES(S).   



Reference: http://bioconductor.org/packages/release/bioc/html/RDAVIDWebService.html

GSEA tools: RDAVIDWebService



GSEA example: nodal peripheral T-cell 
lymphoma

Reference: http://www.bloodjournal.org/content/109/11/4952?sso-checked=true



6-5 Variable Selection



Variable Selection Problem

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

ÅGoal is to choose a small subset from the 
larger set so that the resulting regression 
model is simple, yet have good predictive 
ability.



Two basic Methods 
of Selecting Predictors

ÅStepwise regression: Enter and remove 
predictors, in a stepwise manner, until there 
is no justifiable reason to enter or remove 
more.

ÅBest subsets regression: Select the subset of 
predictors that do the best at meeting some 
well-defined objective criterion.



Stepwise Regression: the Idea

Å{ǘŀǊǘ ǿƛǘƘ ƴƻ ǇǊŜŘƛŎǘƻǊǎ ƛƴ ǘƘŜ άstepwise 
modelΦέ

ÅAt each step, enter or remove a predictor 
based on partial F-tests (that is, the t-tests).

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



Drawbacks of Stepwise Regression

ÅThe final model is not guaranteed to be 
optimal in any specified sense.

ÅThe procedure yields a single final model, 
although in practice there are often several 
equally good models.

ÅLǘ ŘƻŜǎƴΩǘ ǘŀƪŜ ƛƴǘƻ ŀŎŎƻǳƴǘ ŀ ǊŜǎŜŀǊŎƘŜǊΩǎ 
knowledge about the predictors.



Stepwise Regression Methods

ÅThree broad categories:

ï Forward selection

ï Backward elimination

ï Stepwise regression



LASSO

ÅLasso ҅

ÅҒ׃ ԓ ‟ЇӤ ԓ ‟

ÅLasso ԓ

Å Ї

0

Å ⅎ ҿ

Å Ғ



Lasso Model
(least absolute shrinkage and selection operator)

ÅLasso: Least Absolute Shrinkage and Selection 
Operator

ÅMinimize

ÅEquivalent to minimizing sum of squares with 
constraint (Lagarangianfunction)



Lasso Explanation

ÅThebound"s" is a tuning parameter. When"s" is
largeenough,the constrainthasno effect andthe
solution is just the usual multiple linear least
squaresregressionof y on x1, x2, ...xp.
ÅHoweverwhen for smallervaluesof s (s>=0) the

solutions are shrunken versions of the least
squaresestimates. Often,someof the coefficients
bj are zero. Choosing"s" is like choosing the
number of predictors to use in a regression
model, and cross-validation is a good tool for
estimatingthe bestvaluefor "s".

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



Algorithms for Lasso



Algorithms for Lasso

ÅStandard convex optimizer

ÅLeast angle regression (LAR) - Efronet al 2004-
computes

ÅEntire path of solutions. State-of-the-Art until 
2008

ÅPathwisecoordinate descent---New



Ridge Regression

ÅMinimize

ÅEquivalent to minimizing sum of squares with 
constraint

ÅClose-form solution



Ridge Regression

Ridge



Lasso and Ridge Regression

̔ Ҍ ’Ҋҍ ℗̆ѿ ҍ ҩ ᴨᾢ ֜̆
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LASSO


