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Genetic variation
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Genetic variation  has a critical but as yet
largely uncharacterized role in inherited diseases,

making the identification of causative genetic
variants the primary step towards the prevention,
diagnosis, and treatment of these diseases.




Inherited diseases

>

A

Single gene inheritance (monogenic,Mendelian)

Caused by changes or mutations that occur in the DNA sequence
of a single gene

Multifactorial inheritance (polygenic, complex)

Caused by a combination of environmental factors and
mutations in multiple genes

Chromosome abnormalities
Caused by abnormalities in chromosome number or structure

Mitochondrial inheritance

Caused by mutations in the nonchromosomal DNA of
mitochondria



Single nucleotide polymorphisms and
Amino acid substitutions

A In DNA level
3306 CTATGRACACTTCGT GCATCGGAGEAG CCTTACTTTGAMCT

A In protein level
1047 GRSPIFTHLV TSLKGLWTLRAFGRQPYFET LFHKALNLHTA

GCC- Alanine (A); CCC- Threonine (T).



and
amino acid substitutions

A Two sample substitutions in CFTR_HUMAN

1047 GRSPIFTHLV TSLKGLWTLRA FGRQPYFET LFHKALNLHTA

prosis (CF ) _

Cystic fibrosis, also known asmucoviscidosis, is the
most common genetic disease in the Caucasian
population , with a prevalence of about 1 in 2000 live
births. Inheritance is autosomal recessive. CF is a
common generalized disorder of exocrine gland
function which impairs clearance of secretions in a

variety of organs. It is characterized by the triad of
chronic bronchopulmonary disease (with recurrent
respiratory infections), pancreatic insufficiency
(which leads to malabsorption and growth
retardation), and elevated sweat electrolytes.




Four questions

Classification:

Prediction:

Prioritization:

Rule extraction:

Given a candidate substitution, how to assign
a binary label ( / ) to it?

Given a candidate substitution, how to
calculate a score to indicate the likelihood
that it is disease-causing?

Given a number of candidate substitutions in
a genetic region, how to rank them to make
diseasecausing ones appear in front of
neutral ones?

Why some substitutions would cause diseases
while some others could be neutral?



A unified bioinformatics framework

Feature extraction Feature extracted Statistical learning

Classification @/ @

Prediction  Pr(@)
RYFNSSAF FFSGFFW

{

L
- . . .
" WX . Prioritization

Rule extraction E




Outline

A Feature extraction
A set of 26 sequencebased features

A Classification

Decision trees, support vector machines, and random forests on
mutagenesis experimental data

A Prediction

Support vector machines and random forests on mutagenesis
experimental data and disease data

A Prioritization
Multiple selection rule voting (MSRV) on disease data

A Rule extraction
Simulated annealing bump hunting on disease data



Data sources

A Mutagenesis experimental data

Species and protein Deleterious Neutral

E. Coli lac repressor 1,187 1,760

Bacteriophage T4 lysozyme 494 1,048

Mixed 1,681 2,808
A Disease data (from Swissprot 50.2)

Species Disease Neutral

Human (2,579 proteins) 9,610 4. 556




Feature extraction

A Objective
Deriving a set of simple yet powerful numeric features from
amino acid properties and protein information

A Requirement
Effectiveness
A High accuracy for classification, prediction and prioritization
Availability
A Widely available and easy to obtain for most proteins
Interpretability
A Easy to explain in physicochemical principles



DNA codon
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Amino acids

Amino acid
Alanine
Arginine
Asparagine
Aspartic acid
Cysteine
Glutamic acid
Glutamine
Glycine
Histidine

Isoleucine

A
R
N
D
C
E
Q
G
H

Amino acid

Leucine
Lysine
Methionine
Phenylalanine
Proline

Serine
Threonine
Tryptophan
Tyrosine

Valine
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Properties of amino acids

Molecular weight GASPVTCILNDQKEMHFRY

pl value (Isoelectric point) DECNFTQYSMWVGLIAPHKRS
Hydrophobicity scale RKDENQHPYWSTGAMCFLV]

SCIEVWERCE IR e PGYSTNVRIWDFCHKQALENS

SCIEVWYERE VMRS PDCENKQAGSMRLHWTYFI

Relative frequency in turns MVIFLHWACRKQETYNSDGF



Protein structures

Primary Secondary Tertiary Quaternary
structure structure structure structure

More closely related to protein functions

Easier to obtain

http://courses.cm.utexas.edu/emarcotte/ch339k/fall2005/Lecture-Ch3-1/Slide22.JPG.



‘ Sequencebased features

Primary Secondary Tertiary Quaternary
structure structure structure structure

\ o Availability ?  Widely available

0 Interpretability » Easy to interpret
o Effectiveness 2 Satisfied power

http://courses.cm.utexas.edu/emarcotte/ch339k/fall2005/Lecture-Ch3-1/Slide22.JPG.



Calculation of features
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A set of 26 sequencebased features

Physicochemical Relative Frequency in Conservation

Molecular pl Hydro -

weight value phobicity Helix Strands Turns [Frequency in MSA

Original

Substitution

Window -sized

Column -weighted




Classification

>

A

A

A

Objective

Assigning binary labels (Disease/Neutral) to individual amino
acid substitutions with unknown effects

Learning methods

Decision trees, support vector machines, and random forests

Validation method

10-fold cross-validation

Evaluation criterion

Classification accuracy

Results

Weka provides a number of learning methods + crossvalidation + evaluation.
R has packages for most learning methods + crosgalidation + evaluation.



Classification results

A Classification accuracy
(Decision trees, 10-fold cross-validation)

m Published mProposed

84% 84%

Lac repressor T4 lysozyme Mixed



Classification results

A Classification accuracy
(Support vector machines, 10-fold cross-validation)

86%
83% m Published mProposed

820/ 82% 82%

0
78%
74% -
70% -
66% -

Lac repressor T4 lysozyme Mixed



Classification results

~

A

Classification accuracy

(DTs, SVMs and RFs, 10fold cross-validation)

88%

86%

84%

82%

80%

/8% -

86%

mDTs mSVMs mRFs

Lac repressor

T4 lysozyme

Mixed



Prediction

>

A

A

A

Objective

Assigning scores (probabilities) to individual amino acid
substitutions with unknown effects

Learning methods

Support vector machines and random forests
Validation method

10-fold cross-validation
Evaluation criteria

Receiveroperating characteristic (ROC) curve and the
area under the curve (AUC)

Results



Prediction results

A AUC (mutagenesis data, 10fold cross-validation)

96%
m SVMs m RFs

94%

94%

92%

Lac repressor T4 lysozyme Mixed



Prediction results

~

A ROC curve and AUC (human, 10fold cross-validation)
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——Random Forest (AUC=0.831)
- = =Support Vector Machine (AUC=0.817)
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False positive rate (FPR)




Prediction examples in

BB

UMAN

A Four substitutions are predicted as associated with

anemia
Mutation Swiss -prot Score  Evidences with literature supports
g Hemoglobins with this mutation exhibit decreased
AL2V Unclassified 0.9882 oxygen affinity, possibly causing anemia.
Known as Hemoglobin Seattle, associated with
g considerable decreased oxygen affinity, causing
A70D Unclassified 0.9818 anemia in a family from US and a family from
Ukrainian.
i Known as Hemoglobin Connecticut, causing anemia
D21G Unclassified 0.9798 in a family of Polish living in US.
Known as Hemoglobin Saitama, found in a 23-year
H11P Unclassified 0.9773 old Japanese female suffering from hemolytic

anemia and jaundice.




Prioritization

>

A

A

>

A

A

A

Objective

Prioritizing (ranking) amino acid substitutions
occurring in genetic regions

Learning methods

Multiple selection rule voting (MSRV)
Validation method

Leave-one-out cross-validation
Evaluation criteria

Average rank, ROC curve and AUC score

Results



Motivation for data partition

ONeutral @EDisease

Distributions of disease and neutral
substitutions vary significantly for
different types of amino acids.
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