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Genotype -> Phenotype
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Chromosome Structure
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microRNAs: Tiny Regulato
with Great Potential

Victor Ambros’

Department of Genetics
Dartmouth Medical School
Hanover, New Hampshire 03755
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Amino Acids

Amino Acids — Peptides — Proteins
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Red blood cell
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E. colf
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Barabasi, Scientific American (2003)
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Figure 2. A model for an individual's propensity to develop coronary artery disease

Sing et al., Arter. Thromb. Vasc. Biol. (2003)
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The Tree of Life Molecular Phylogenetics

Multiple alignment

| AGGCCAAGCCATAGCTCETCC
AGGCAAAGACATACCTGACC
AGGCCAAGACATAGCTGTCC
AGGCAAAGACATACCTGTCC

Cistance matrix

http://tolweb.org/tree/
Brown 2002

© Jason H. Moore

Measuring DNA
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NATURE REVIEWS | GENETICS

Transposon Repeat Polymorphism

The Human Genome Diversity
Project: past, present and future

Sequence variation in the human angiotensin
converting enzyme

nature genetics » volume 22 « may 1999
Mark J. Rieder!, Scott L. Tay lor!, Andrew G. Clark? & Deborah A. Nickerson!
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SNPs SNPs

Single Nucleotide Polymorphisms Single Nucleotide Polymorphisms

* ~1 SNP every 100 bp
Subject #1 Subject #2 Subject #3 « ~ 30 million SNPs

-- AGGTCA -- -- AGGTCA -- -- AGCTCA - » ~500,000 SNPs in coding DNA
-- AGGTCA -- -- AGCTCA -- -- AGCTCA -- .
— Synonymous (silent)

Two alleles (G and C) — Nonsynonymous

Three genotypes (GG, GC, CC) * Deleterious effect
+ Beneficial effect
* No effect
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Genomic DNA (250 ng)

4 f
Xba  Xba
PCR: One Primer
Amplification

Complexity
Reduction

Fragmentation
and End-Labeling

Mol Interv. 2002
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RE Digestion
> —

Adapter
Ligation

Hybridization

Measuring RNA

Annu. Rev. Biochem. 2005. 7
doi: 10.1146/annurev.biochem.74.08
Copyright (€) 2005 by Annual Reviews. All right:
First published online as a Review in Advance on January 13, 2005

APPLICATIONS OF DNA MICROARRAYS IN
Bioroagy

Roland B. Stoughton
GHC Technologies, Incorporated, La Jolla, California 92037
ematil: roland_stoughton @ ghetechnologies.com
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Process Flow for Microarrays

| In vivo experiments
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Protein Profiling in Tissues
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Nanotechnology Nanotechnology
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Databases
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Bioinformatics: Databases http./Aww.ncbi.nlm.nin.gov
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Mining Biomolecular Patterns

» Can we classify and/or predict biological and
clinical endpoints using genetic, genomic,

AnaIySiS and/or proteomic data?

* Which biomolecules are important?

« What is their pattern or statistical relationship?

Objectives Objectives

Data —— Variable — Statistical ——  Prediction Data —— Variable — Statistical ——  Prediction
Selection Modeling Classification Selection Modeling Classification

__— Tumor A
| =a;x; + ayX,
. ——— TumorB

| lterate [ Iterate
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Hypothesis Testing

“The truth is out there”

Truth
H, False H, True
Type | error

Type Il error
Type lll error
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Cross-Validation (CV)

» CV uses independent portions of the data to
estimate the testing accuracy

5 6 5 6 5
Train 9/10 Train 910 Train 9/10

Test 1/10 Test 1/10 Test 1/10

Cross-Validation (CV)

Data-driven methods susceptible to overfitting

Biological datasets often have more variables
than observations (i.e. wide data)

The value of any statistical model is its ability to
make predictions in new data

Cross-validation (CV) allows generalizability to
be estimated in a single dataset

Cross-Validation (CV)

Hastie et al. The Elements of Statistical Learning (2001)
Ripley BD. Pattern Recognition and Neural Networks (1996)

» Leave One Out Cross Validation (LOOCV)
— Better for small datasets
— Unbiased estimate of prediction error
— High variance due to similarity of training sets

» n-fold CV (e.g. 5-fold or 10-fold CV)
— Better for larger datasets
— Estimate of prediction error may be biased
— Lower variance
— May need to repeat several times and average I‘eSLé(!tS

3449
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Cross-Validation Consistency (CVC) Cross-Validation Consistency (CVC)

Ritchie et al., American Journal of Human Genetics 69:138-147 (2001) Ritchie et al., American Journal of Human Genetics 69:138-147 (2001)
Moore et al., Genetic Epidemiology 23:57-69 (2002) Moore et al., Genetic Epidemiology 23:57-69 (2002)
Moore, Lecture Notes in Computer Science 2611, Springer-Verlag, Berlin (2003). Moore, Lecture Notes in Computer Science 2611, Springer-Verlag, Berlin (2003).

CV can be difficult with data-driven methods CVC Example with 5-fold CV
Can find different models with each CV dataset

CVC is a measure of how consistently particular
variables or combination of variables are ACE
identified in each CV interval. A.C.H Sferiise Gepss

CVC can be used as a measure of association AB.CF »

Once important variables are found, a model A.CD
can be fit to the entire dataset using just those
variables.

Data Interval Genes ldentified in Best Model

A,G,H

61

Generalizability: The Three-Way Data Split Permutation Testing

Rowland, Lecture Notes in Computer Science 2611, Springer-Verlag, Berlin (2003). P. Good, Permutation Tests: A Practical Guide to Resampling Methods for Testing Hypotheses (2000)

Train Test Generalize Train Test Generalize « Many data-driven methods are nonparametric

‘ ‘ ‘ and model-free.
‘ . . » Permutation testing can be used to assess
statistical significance to allow formal

Generalize Test hypothesis testing.

- Choose model that min[ abs( Eyzin — Eres: ) | « Basic Idea: Randomize data so it is consistent
. Evaluate generalizability of the final model

. The model with the best prediction error may not generalize the with null hypotheS|s.
best.
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Permutation Testing Permutation Testing

P. Good, Permutation Tests: A Practical Guide to Resampling Methods for Testing Hypotheses (2000) P. Good, Permutation Tests: A Practical Guide to Resampling Methods for Testing Hypotheses (2000)

Example

X1 X2

AABD
Aa BB Calculate

a3 Bb Statistic

AA Bb Critical region, o
Aa bb
aa bb /

Repeat <

Distribution of Statistic under the Null Hypothesis

X1 X2 )
AABD from Many Permutations

AABb

Aa BB Permute Y
aaBb |(——
AA Bb

Aa bb
aa bb

OCOoOORrR PR BRLK
PP OORrR O

f

© Jason H. Moore © Jason H. Moore

Bootstrapping

B. Efron, Annals of Statistics 7:1-26 (1979)
AC Davidson and DV Hinkley, Bootstrap Methods and their Application (1997)
CE Lunneborg, Data Analysis by Resampling: Concepts and Applications (2000)

Distribution Known Distribution Unknown

Population Population
Random Random

saple saple Genetic Programming
Inference l Z:rr:wdpolg,

Inference\ @ ® ® & ®

© Jason H. Moore
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Vanilla GP - NO!

Is GP an appropriate
computational tool for solving
complex biological problems?? @

Modern GP - YES!

Case Study:
Symbolic Modeling




GECCO 2007 Tutorial / Bioinformatics

Genetic Architecture
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Figure 2. A model for an individual's propensity to develop coronary artery dissase.

Sing et al., Arter. Thromb. Vasc. Biol. (2003)

Renin-Angiotensin System

Tsai et al., Circulation (2004)
Moore et al., Journal of Theoretical Biology (2006)

Renin +—+ Flow factor

signal P = @ Variable

@ O o o=
genes ACE \ Control
. genes Gene product

m intermediate
@ @ ACE — Flow

inhibition

AGT .'
genes | Bradykinin

© Jason H. Moore

Genetic Analysis of Atrial Fibrillation

Tsai et al., Circulation (2004)
Moore et al., Journal of Theoretical Biology (2006)

250 consecutive patients admitted with AF from
Taipei, Taiwan
» 250 age and gender matched controls

» 3 candidate genes
— Angiotensin converting enzyme (ACE) gene
* |/D polymorphism
— Angotensinogen (AGT)
e T174M, M235T, G-6A, A-20C, G-152A, and G-217A polymorphisms
— Angiotensin Il type | receptor (AT-1)
* A1166C polymorphism

© Jason H. Moore

Symbolic Discriminant Analysis

Moore et al., In: De Raedt, L., Flach, P. (eds) Lecture Notes in Atrtificial Intelligence 2167 (2001)
Moore et al., Genetic Epidemiology 23, 57-69 (2002)
Moore, Lecture Notes in Computer Science 2611, Springer-Verlag, Berlin (2003)

» Supervised classification approach
» Can use GP to build discriminant functions
» Accuracy is fitness function

(+)
(%) D,
&) &)

Y = X, + Xp* Xg

Frequency

Symbolic Discriminant Scores

© Jason H. Moore
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SDA MOgselig%ﬂingmy'\gogfjem S Cross-Validation Strategy

Moore et al., Human Heredity, (2007)
Parameter Sweeps

— STEP 1: Full factorial experimental design
— STEP 2: ANOVA

Coarse-Grained Search

— STEP 3: 10° SDA runs

Expert Knowledge

— STEP 4: Statistical model of 100 best trees
Fine-Grained Knowledge-Based Search
— STEP 5: 10° SDA runs using EDA

Model Interpretation

— STEP 6: Function mapping

— STEP 7: Interaction dendrogram

© Jason H. Moore

Parameter Sweep Parameter Sweep

Moore et al., Human Heredity, (2007) Moore et al., Human Heredity, (2007)

» STEP 1: Full factorial experimental design » STEP 2: 4-Way Analysis of Variance (ANOVA)
— Population Size (P): {100, 500, 1000}
— Generations (G): {100, 500, 1000}
— Tree Depth (T): {1, 2, 3} Treatment DF P-Value
— Function Set (F): Depth <0.001

L% Function <0.001

o 2:{<, >, <=, >=, =, =, max, min} -
¢ 3:12 Generations . 0.161

« 4: {AND, OR, NOT, NOR, XOR} Population <0.001
. 514
. 6:24 D*F*P . 0.001

. 7:124
— 3*3*3*7 = 189 level combinations
— 189 levels * 10 random seeds = 1890 SDA runs
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Parameter Sweep Course-Grained Search

Maore et al., Human Heredity, (2007) Moore et al., Human Heredity, (2007)

» STEP 3: 10° SDA runs

Population Size 500
Generations 100
Tree Depth 3
Crossover Single-point subtree
Crossover Frequency 0.9

Mutation Frequency 0.01

Fithess Function Accuracy

Selection Three-way Tourhament
Function Set
Terminal Set -2, -1, 0, 1, 2, M235T, T174M, G6A,
A20C, G152A, G217A, ACE I/ID, AT1R

Mean Accuracy

0= Tres Dapth = 1

T o P =0.001

=0~ Tree Dep =1

12 3 456 7 12 3 456 7 12 3 45867
Function Set Function Set Function Set

© Jason H. Moore © Jason H. Moore

Generating Expert =) i) o ) o o ) ) Fine-Grained Search

Moore et al., Human Heredity, (2007)

Knowledge o
Moore et al., Human Heredity, (2007) e STEP 5: 10° SDA runs using an EDA
» STEP 4: Statistical S

modeling of 100

best trees

© Jason H. Moore © Jason H. Moore
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Fine-Grained Search Interpretation

Moore et al., Human Heredity, (2007) Maore et al., Human Heredity, (2007)
N ’ » STEP 6: Function Mapping

e STEP 5: 10° SDA runs using an EDA

Accuracy = 0.644

© Jason H. Moore © Jason H. Moore

Interpretation Interpretation

Moore et al., Human Heredity, (2007)
Moore et al., Journal of Theoretical Biology (2006)

» STEP 6: Interaction Dendrogram

Moore et al., Human Heredity, (2007)

AGT
genes

g Synergy

mm Redundancy

: Weak Interaction Strong Interaction »

© Jason H. Moore © Jason H. Moore
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Interpretation

Moore, Nature Genetics (2005)
Moore and Williams, BioEssays (2005)

Population

Individual

Biological
Epistasis

© Jason H. Moore

Additional Examples

» Moore, J.H., White, B.C. Genome-wide genetic analysis using
genetic programming: The critical need for expert knowledge. In;
Genetic Programming Theory and Practice IV, in press, Springer
(2006).

Moore, J.H., White, B.C. Exploiting expert knowledge in genetic

programming for genome-wide genetic analysis. Lecture Notes in

Computer Science, in press (2006).

Moore, J.H. Genome-wide analysis of epistasis using multifactor
dimensionality reduction: feature selection and construction in the
domain of human genetics. In: Knowledge Discovery and Data
Mining: Challenges and Realities with Real World Data, IGI, in
press (2006).

© Jason H. Moore

© Jason H. Moore

Modern GP - YES!
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