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Overview

ÅSession #1: Basic Concepts 

ÅSession #2: High-throughput assay 
technologies

ÅSession #3: Computational data analytics 

ÅSession #4: Case study / practical applications 

ÅSession #5: Hands-on computer lab exercise
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Supervised learning: use the known phenotypes 

όŀΦƪΦŀ άƭŀōŜƭǎύ ƛƴ ǘǊŀƛƴƛƴƎ Řŀǘŀ ǘƻ ōǳƛƭŘ  ǎƛƎƴŀǘǳǊŜǎ ƻǊ 
find markers highly specific for that phenotype
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Supervised learning: 
a geometrical interpretation
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Å10,000-50,000 (regular gene expression microarrays, 
aCGH, and early SNP arrays)

Å>500,000 (tiled microarrays, new SNP arrays)

Å10,000-300,000 (regular MS proteomics)

Å>10, 000, 000 (LC-MS proteomics)

¢Ƙƛǎ ƛǎ ǘƘŜ ΨŎǳǊǎŜ ƻŦ ŘƛƳŜƴǎƛƻƴŀƭƛǘȅ ǇǊƻōƭŜƳΩ

In 2-D looks good but what happens 
in:
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ÅSome methods do not run at all (classical 
regression) 

ÅSome methods give bad results (KNN, Decision 
trees)

ÅVery slow analysis

ÅVery expensive/cumbersome clinical 
application

Å¢ŜƴŘǎ ǘƻ άƻǾŜǊŦƛǘέ

High-dimensionality (especially with 
small samples) causes:
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ÅOver-fitting ( a model to your data)= building a 
model that is good in original data but fails to 
generalize well to fresh data

ÅUnder-fitting ( a model to your data)= building a 
model that is poor in both original data and  fresh 
data

Two (very real and very unpleasant) problems: 
Over-fitting & Under-fitting
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Intuitive explanation of overfitting & 
underfitting

ÅPlay the game: find rule to predict who are the 
ƛƴǎǘǊǳŎǘƻǊǎ ƛƴ ŀƴȅ ƎƛǾŜƴ Ŏƭŀǎǎ όǳǎŜ ǘƻŘŀȅΩǎ Ŏƭŀǎǎ 
to find a general rule)
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Over/under-fitting are directly related to the 
complexity of the decision surface and how well the 

training data is fit  
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Over/under-fitting are directly related to the 
complexity of the decision surface and how well the 

training data is fit  
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Very Important Concept:

ÅSuccessful data analysis methods balance 
training data fit with complexity. 
ïToo complex signature (to fit training data well) 
Čoverfitting (i.e., signature does not generalize)

ïToo simplistic signature (to avoid overfitting) Č
underfitting (will generalize but the fit to both the 
training and future data will be low and predictive 
performance small).



Challenges in Computational Analysis of omics data for 
development of molecular signatures
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How well supervised learning works in 
practice?
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Datasets
Å Bhattacharjee2     - Lung cancer vs normals [GE/DX]

Å Bhattacharjee2_I   - Lung cancer vs normals on common genes between Bhattacharjee2 and 
Beer [GE/DX]

Å Bhattacharjee3     - Adenocarcinoma vs Squamous [GE/DX]

Å Bhattacharjee3_I   - Adenocarcinoma vs Squamous on common genes between 
Bhattacharjee3 and Su [GE/DX]

Å Savage             - Mediastinal large B-cell lymphoma vs diffuse large B-cell lymphoma [GE/DX]

Å Rosenwald4         - 3-year lymphoma survival [GE/CO]

Å Rosenwald5         - 5-year lymphoma survival [GE/CO]

Å Rosenwald6         - 7-year lymphoma survival [GE/CO]

Å Adam               - Prostate cancer vs benign prostate hyperplasia and normals [MS/DX]

Å Yeoh               - Classification between 6 types of leukemia [GE/DX-MC]

Å Conrads            - Ovarian cancer vs normals [MS/DX]

Å Beer_I             - Lung cancer vs normals (common genes with Bhattacharjee2) [GE/DX]

Å Su_I              - Adenocarcinoma vs squamous (common genes with Bhattacharjee3) [GE/DX

Å Banez              - Prostate cancer vs normals [MS/DX]
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Methods: Gene and Peak Selection Algorithms
Å ALL                - No feature selection

Å LARS               - LARS

Å HITON_PC    -

Å HITON_PC_W  - HITON_PC+ wrapping phase 

Å HITON_MB    -

Å HITON_MB_W  - HITON_MB + wrapping phase 

Å GA_KNN             - GA/KNN 

Å RFE                - RFE with validation of feature subset with optimized polynomial kernel

Å RFE_Guyon          - RFE with validation of feature subset with linear kernel (as in Guyon)

Å RFE_POLY           - RFE (with polynomial kernel) with validation of feature subset with polynomial optimized kernel

Å RFE_POLY_Guyon     - RFE (with polynomial kernel) with validation of feature subset with linear kernel (as in 
Guyon)

Å SIMCA              - SIMCA (Soft Independent Modeling of Class Analogy): PCA based method

Å SIMCA_SVM          - SIMCA (Soft Independent Modeling of Class Analogy): PCA based method with validation of 
feature subset by SVM

Å WFCCM_CCR          - Weighted Flexible Compound Covariate Method (WFCCM) applied as in Clinical Cancer 
Research paper by Yamagata (analysis of microarray data)

Å WFCCM_Lancet       - Weighted Flexible Compound Covariate Method (WFCCM) applied as in Lancet paper by 
Yanagisawa (analysis of mass-spectrometry data)

Å UAF_KW             - Univariate with Kruskal-Walis statistic

Å UAF_BW             - Univariate with ratio of genes between groups to within group sum of squares

Å UAF_S2N            - Univariate with signal-to-noise statistic
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Classification Performance 
(average over all tasks/datasets)
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How well gene selection 
works in practice?
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Number of Selected Features 
(average over all tasks/datasets)
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Number of Selected Features 
(zoom on most powerful methods)
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Number of Selected Features 
(average over all tasks/datasets)
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ÅSpecial classifiers (with inherent complexity control) 
combined with feature selection & careful 
parameterization protocols overcome over-fitting & 
estimate future performance accurately.

ÅCaveats: analysis is typically complex and error 
prone. Need: (a) an experienced analyst on the team, 
or (b) a validated software system designed for non-
experts.

Conclusions so far



Software

ÅCausal Explorer

ÅGems 

ÅFast-aims

24



Causal Explorer
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Å Matlab library of computational causal 

discovery and variable selection algorithms

Å Introductory-level library to our causal algorithms

Å Discover the direct causal or probabilistic relations around a response 
variable of interest (e.g., disease is directly caused by and directly causes a 
set of variables/observed quantities).

Å Discover the set of all direct causal or probabilistic relations among the 
variables.

Å Discover the Markov blanket of a response variable of interest, i.e., the 
minimal subset of variables that contains all necessary information to 
optimally predict the response variable.

Å Code emphasizes efficiency, scalability, and quality of discovery

Å Requires relatively deep understanding of underlying theory and how the 
algorithms operate



Statistics of Registered Users
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Å 739registered users in >50countries.

Å 402(54%) users are affiliated with educational, governmental, and 
non-profit organizations

Å 337(46%) users are either from private or commercial sectors.

ÅMajor commercial organizations that have registered users of Causal 
Explorerinclude:

ï IBM

ï Intel

ïSAS Institute

ïTexas Instruments

ïSiemens

ïGlaxoSmithKline

ïMerck

ïMicrosoft



Statistics of Registered Users
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Major U.S. institutions that have registered users of Causal Explorer:

ÅBoston University
ÅBrandies University
ÅCarnegie Mellon University
ÅCase Western Reserve 
University
ÅCentral Washington 
University
ÅCollege of William and Mary
ÅCornell University
ÅDuke University
ÅHarvard University
ÅIllinois Institute of 
Technology
ÅIndiana University-Purdue 
University Indianapolis
ÅJohns Hopkins University
ÅLouisiana State University
ÅM. D. Anderson Cancer 
Center
ÅMassachusetts Institute of 
Technology

ÅMedical College of 
Wisconsin
ÅMichigan State 
University
ÅNaval Postgraduate 
School
ÅNew York University
ÅNortheastern University
ÅNorthwestern University
ÅOregon State University
ÅPennsylvania State 
University
ÅPrinceton University
ÅRutgers University
ÅStanford University
ÅState University of New 
York
ÅTufts University
ÅUniversity of Arkansas

ÅUniversity of California Berkley
ÅUniversity of California Los 
Angeles
ÅUniversity of California San Diego
ÅUniversity of California Santa Cruz
ÅUniversity of Cincinnati
ÅUniversity of Colorado Denver
ÅUniversity of Delaware
ÅUniversity of Houston-Clear Lake
ÅUniversity of Idaho
ÅUniversity of Illinois at Chicago
ÅUniversity of Illinois at Urbana-
Champaign
ÅUniversity of Kansas
ÅUniversity of Maryland Baltimore 
County
ÅUniversity of Massachusetts 
Amherst
ÅUniversity of Michigan

ÅUniversity of New 
Mexico
ÅUniversity of 
Pennsylvania
ÅUniversity of Pittsburgh
ÅUniversity of Rochester
ÅUniversity of Tennessee 
Chattanooga
ÅUniversity of Texas at 
Austin
ÅUniversity of Utah
ÅUniversity of Virginia
ÅUniversity of Washington
ÅUniversity of Wisconsin-
Madison
ÅUniversity of Wisconsin-
Milwaukee
ÅVanderbilt University
ÅVirginia Tech
ÅYale University



Other systems for supervised analysis of 
microarray data

Name Version Developer

Automatic model selection for 

classifier and gene selection 

methods

ArrayMiner ClassMarker 5.2 Optimal Design, Belgium No

Avadis Prophetic 3.3 Strand Genomics, USA No

BRB ArrayTools 3.2 Beta National Cancer Institute, USA No

caGEDA (accessed 10/2004)
University of Pittsburgh and University of 

Pittsburgh Medical Center, USA
No

Cleaver
1.0

(accessed 10/2004)
Stanford University, USA No

GeneCluster2 2.1.7
Broad Institute, Massachusetts Institute of 

Technology, USA
No

GeneLinker Platinum 4.5 Predictive Patterns Software, Canada No

GeneMaths XT 1.02 Applied Maths, Belgium No

GenePattern 1.2.1
Broad Institute, Massachusetts Institute of 

Technology, USA
No

Genesis 1.5.0 Graz University of Technology, Austria No

GeneSpring 7 Silicon Genetics, USA No

GEPAS
1.1

(accessed 10/2004)

National Center for Cancer Research (CNIO),  

Spain

Limited

(for number of genes)

MultiExperiment Viewer 3.0.3 The Institute for Genomic Research, USA No

PAM 1.21a Stanford University, USA
Limited

(for a single parameter of the classifier)

Partek Predict 6.0 Partek, USA

Limited

(does not allow optimization of the choice 

of gene selection algorithms)

Weka Explorer 3.4.3 University of Waikato, New Zeland No

There exist many good software packages for 

supervised analysis of microarray data, buté

ÅNeither system provides a protocol for data analysis that 

precludes overfitting.

ÅA typical software either offers an overabundance of 

algorithms or algorithms with unknown performance. 

ÅThe software packages address needs only of 

experienced analysts. 
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Purpose of GEMS
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Purpose of GEMS

Gene expression data and

unknown outcome variable
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Methods Implemented in GEMS

Cross-Validation

Designs

N-Fold CV

LOOCV
One-Versus-Rest
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Non-param. ANOVA

BW ratio

Gene Selection

Methods
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HITON_PC

[a, b]

(x ïMEAN(x)) / STD(x)

x / STD(x)

x / MEAN(x)

Normalization

Techniques

x / MEDIAN(x)

x / NORM(x)

x ïMEAN(x)

x ïMEDIAN(x)

ABS(x)

x + ABS(x)
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Software Architecture of GEMS

Wizard-Like User Interface

GEMS 2.0

Generate a classification

model

Estimate classification 

performance

Apply existing model 

to a new set of patients

Generate a classification model 

and estimate its performance

Normalization

S2N One-Versus-Rest

S2N One-Versus-One

Non-param. ANOVA

BW ratio

Gene Selection

One-Versus-Rest

One-Versus-One

DAGSVM

Method by WW

Classification by
MC-SVM

Method by CS

Cross-Validation Loop
for Performance Est.

N-Fold CV

LOOCV

Report Generator X

Cross-Validation Loop
for Model Selection

N-Fold CV

LOOCV

I

II

I
II

Accuracy

RCI

AUC ROC

Performance
Computation

I

II

HITON_PC

HITON_MB

Computational Engine
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GEMS 2.0: Wizard-Like Interface

Task selection Dataset specification Cross-validation design Normalization

ClassificationGene selectionPerformance metricLogging

Report generation Analysis execution


