PCA, Clustering and Classification

CENTERFO
REIOLOGI
CALSEQU
ENCEANA
LYSIS CBS

=




Motivation: Multidimensional data
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Outline

 Dimension reduction
— PCA

— Clustering

e (lassification

« Example: study of childhood leukemia



Childhood Leukemia

Cancer 1in the cells of the immune system
Approx. 35 new cases in Denmark every year
50 years ago — all patients died
Today — approx. 78% are cured
Riskgroups

— Standard

— Intermediate

— High

— Very high

— Extra high
Treatment

— Chemotherapy

— Bone marrow transplantation

— Radiation



Prognostic Factors

Good prognosis

Poor prognosis

Immunophenotype precursor B T

Age 1-9 >10

Leukocyte count Low (<50*10°L) |High (>100*10°/L)

Number of chromosomes | Hyperdiploidy Hypodiploidy
(>50) (<46)

Translocations t(12;21) t(9;22), t(1;19)

Treatment response

Good response

Poor response




Study of Childhood Leukemia

Diagnostic bone marrow samples from leukemia
patients

Platform: Affymetrix Focus Array
— 8763 human genes

Immunophenotype
— 18 patients with precursor B immunophenotype
— 17 patients with T immunophenotype
Outcome 5 years from diagnosis

— 11 patients with relapse

— 18 patients in complete remission



Principal Component Analysis
(PCA)

 used for visualization of complex data

* developed to capture as much of the variation in
data as possible



Principal components

1. principal component (PC1)
— the direction along which there is greatest variation
« 2. principal component (PC2)

— the direction with maximum variation left in data, orthogonal to
the 1. PC

e General about principal components
— linear combinations of the original variables
— uncorrelated with each other



Principal components

P ' Second principal
P component

First principal
component




PCA - example
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PCA on all Genes

Leukemia data, precursor B and T

Plot of 34 patients, dimension of 8973 genes reduced to 2
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Outcome: PCA on all Genes
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5

P28.C
P3.R
P29o.C
P18.C
P33.c P13.C
P7.C P&
P30.R P27.R
P22.C
P53.R P35.C
P5.R P19.C
— P21.R
P52.C
P25.R
Pas.c
P24.R P20.R
P50.C P51.R
Pa7.C
P37.C
P34.C
] P57.C
Ps55.C
T T T T T T

-60 -40 -20 o 20 40 80

PC1




Principal components - Variance
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Clustering methods

e Hierarchical

— agglomerative
(buttom-up)
eg. UPGMA

- divisive

(top-down)
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« Partitioning

— eg. K-means clustering



Hierarchical clustering

Representation of all pairwise distances
Parameters: none (distance measure)
Results:

— 1n one large cluster

— hierarchical tree (dendrogram)

Deterministic



Hierarchical clustering
— UPGMA Algorithm

Assign each item to 1ts own cluster

Join the nearest clusters

Reestimate the distance between clusters
Repeat for 1 ton



Hierarchical clustering
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Hierarchical clustering
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Data with clustering order Dendrogram representation
and distances



Leukemia data - clustering of patients




K-means clustering

 Partition data into K clusters
« Parameter: Number of clusters (K) must be chosen

« Randomilized initialization:

— different clusters each time



K-means - Algorithm

Assign each item a class in 1 to K (randomly)
For each class 1 to K

— Calculate the centroid (one of the K-means)

— Calculate distance from centroid to each item
Assign each 1item to the nearest centroid

Repeat until no items are re-assigned (convergence)



K-means clustering, K=3
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K-means clustering, K=3
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K-means clustering, K=3
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Comparison of clustering methods

» Hierarchical clustering
— Distances between all variables
— Timeconsuming with a large number of gene

— Advantage to cluster on selected genes

« K-mean clustering
— Faster algorithm

— Does not show relations between all variables



Distance measures

 Euclidian distance

1/2

d(xz"yi) = (E (xi _yi)z)

* Vector angle distance
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Comparison of distance measures
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Classification

Feature selection
Classification methods
Cross-validation

Training and testing



Reduction of input features

 Dimension reduction
— PCA

« Feature selection (gene selection)
— Significant genes: t-test

— Selection of a limited number of genes



Microarray Data

Class precursorB T
Patient] | Patient2 |Patient3 |Patient4
Genel 1789.5 1963.9 2079.5 |3243.9
Gene2 46.4 52.0 22.3 27.1
Gene3 215.6 276.4 245.1 199.1
Gene4 176.9 504.6 420.5 380.4
Gene5 4023.0 |3768.6 |4257.8 |4451.8
Geneb 12.6 12.1 37.7 38.7
Gene8793 |312.5 415.9 1045.4 | 1308.0




PCA on Selected Genes

Outcome
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Outcome Prediction:
CC against the Number of Genes
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Linear discriminant analysis

* Assumptions:
Data eg. Gaussian distributed

Variances and covariances the same for classes
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Nearest Centroid
e (alculation of a centroid for each class

Xik = EjECk le /nk

 (Calculation of the distance between a test sample
and each class cetroid

» C(lass prediction by the nearest centroid method



K-Nearest Neighbor (KNN)

 Based on distance measure
— For example Euclidian distance

e Parameter k = number of nearest neighbors
— k=1
— k=3
— k=...

* Prediction by majority vote for odd numbers



Support Vector Machines

Machine learning
Relatively new and highely theoretic
Works on non-linearly seperable data

Finding a hyperplane between the two classes by
minimizing of the distance between the hyperplane
and closest points



Comparison of Methods

Linear discriminant analysis
Nearest centroid

KNN

Neural networks
Support vector machines

Simple method

Based on distance calculation
Good for simple problems
Good for few training samples

Distribution of data assumed

Advanced methods

Involve machine learning
Several adjustable parameters
Many training samples required
(eg. 50-100)

Flexible methods




Cross-validation

Data: 10 samples

Cross-5-validation:
Training: 4/5 of data (8 samples)
Testing: 1/5 of data (2 samples)

-> 5 different models

Leave-one-out cross-validation (LOOCYV)
Training: 9/10 of data (9 samples)
Testing: 1/10 of data (1 sample)

-> 10 different models



Validation

e Definition of
— true and false positives

— true and false negatives

Actual class B B T T
Predicted class B T T B
TP FN TN FP



Accuracy

e Definition: TP + TN

TP + TN + FP + FN

* Range: 0 —100%



Matthews correlation coefticient

e Definition: TP-TN - FN-FP

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

* Range: (-1) -1



Sensitivity and Specificty

Sensitivity: the ability to detect "true positives"
TP
TP + FN

Specificity: the ability to avoid "false positives"
TP
TP + FP




Overview of Classification

Expression data

v

Subdivision of data for cross-validation
into training sets and test sets

v

Feature selection (t-test)
Dimension reduction (PCA)

v

Training of classifier:
- using cross-validation
- choice of method
- choice of optimal parameters

v ;

Testing of classifier < Independant test set




Important Points

* Avoid overfitting

e Validate performance
— Test on an independant test set
— by using cross-validation

* Include feature selection 1in cross-validation

Why?
— To avoid overestimation of performance!

— To make a general classifier



Study of Childhood Leukemia: Results

e Classification of immunophenotype (precursorB
og T)
— 100% accuracy
* During the training
* When testing on an independant test set
— Simple classification methods applied

» K-nearest neighbor
* Nearest centroid

e Classification of outcome (relapse or remission)
— 78% accuracy (CC =0.59)
— Simple and advanced classification methods applied



Risk classification in the future ?

Patient:

Prognostic factors:

casurements

reatment response

Risk group:

Microarray
technology

Custom
designed
treatment




Summary

Dimension reduction important to visualize data
— Principal Component Analysis

— Clustering
 Hierarchical
* Partitioning (K-means)

(distance measure important)

Classification
— Reduction of dimension often nessesary (t-test, PCA)

— Several classification methods avaliable
— Validation



