6.034 Introduction to Artificial
Intelligence

Machine learning and applications




Problems we will cover

e Computational biology
- cancer classification

- functional classification of genes




What are we trying to do!

* The goal is to find the right method for the
right problem (matching task)

Methods Problems

SVMs ___

Boosting

K-means




Cancer classification

* We'd like to automatically classify tissue
samples according to whether there’s evidence
of cancer or the type of tumor cells they
contain e
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* What features to extract!
- visual features due to different types of staining

- how active different genes are in the cells (gene
expression)




Gene expression
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Measuring gene expression

* Basic cDNA micro-array technology

control sample (e.g., tumor)
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Measuring gene expression

* Basic cDNA micro-array technology
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Cancer classification

tissues (with known tumor type)

ALL AML

C-myb (U22376)

Proteasome iota (X59417)

MB-1 (U05259)

Cyclin D3 (M92287)

Myosin light chain (M31211)
RbAp4S (X74262)

SNF2 (D26156)

HErT-1 (850223)

E2A (M31523)

Inducible protein (L47738)
Dynein light chain (U32044)
Topoisomerase 1l f (Z15115)

IRF2 (X15949)

TFIER (X63469)

Acyl-Coenzyme A dehydrogenase (M91432)
SNF2 (U29175)

(Ca2+)-ATPase (Z69881)

SRP9 (U2099%)

MCM3 (D38073)

Deoxyhypusine synthase (U26266)
Op 18 (M31303)

Rabaptin-5 (YOR612)
Heterochromatin protein p25 (U35451)
1L-7 receptor (M29696)

Adenosine deaminase (M13792)

Fumarylacetoacetate (M55150)
Zyxin (X95735)

LTC4 synthase (U50136)
LYN (M16038)

HoxA9 (US2759)

J CD33 (M23197)

Adipsin (MB4526)
Leptin receptor (Y 12670)
L | Cystatin € (M27891)
Proteoglycan 1 (X17042)
IL-8 precursor (YOO787)
Azurocidin (M96326)
p62 (U46751)

CyP3 (M80254)

MCLI (LO8246)

ATPase (M62762)

IL-8 (M28130)
Cathepsin D (M63138)
Lectin (M57710)
MAD-3 (M69043)

CDI ¢ (MBI695)

Ehp72 (XB5116)
Lysozyme (M19045)
Properdin (M83652)
Catalase (X04085)

3 256 -2 45 41 05 0 05 1 15 2 25 3
low Normalized Expression high

(Golub et al. 1999)




Machine learning problem




Machine learning problem
N

e Complicating issues
- micro-array measurements are very noisy

- each training example is of very high dimension
(e.g., ~ 10,000 genes)

- there are relatively few labeled tissue samples (only
tens per class)

- some labels may be wrong




SVM classifiers

Predicted label training label example weight

\ e

Yy = sign( Z yio K (X, X) + wo)
i=1

/

training example
kernel (similarity) new example




SVM training

* SVMs are trained by solving a
quadratic programming problem

mn
1
minimize g 047;—5 E yiijéiOéjK(Xian)

subject to a; > 0, Zy@ai =0
i=1
(where is wg?)




Back to the problem
N

oo -

* High dimensionality => linear kernel
K(x4,%x5) = (x; x; + 1)

* Noise in the measurements => feature
selection (use only a relevant subset of the
genes)

e Outliers => adjust the kernel to increase
resistance to outliers




Feature selection / ranking

* We can rank genes according to how much
they seem to be related to the classification
task

mean value across +1| tissues mean value across -1 tissues

C-myb (U22376)
Proteasome iota (X59417)
MB- (L

Cyelin D3
Myosin light

gene; ) =

THIEf (X63469)
Acyl-Cocnzyme A dehydrogenase (M91432)
2 (U29175)

(Ca2e)-ATPase (Z69881)
RPY (L12099%)

MCM3 (D3S073)

Deoxyhypusine synthase (U26266)

Op I8 (M31303)

Rabapiin-5 (YO8612)

P )
Adenosine deaminase (M1 3792)

stdv across +1 tissues genes

Fumarylacetoacetate (M55150)
(X95735)

4 synthase (US0136)

stdv across -1 tissues

ATPase (M62762)
8 (M28130)

operdin (M83652)
Catalase (X04085)

3 25 2 445 -1 05 0 05 1 15 2 25 3
low Normalized Expression high

0 protein p25 (U3S451)
9)




# of examples, dimensionality

e Suppose the expression levels of all the 10,000
genes in each tissue sample are drawn at
random from some distribution (e.g., normal)

* Based on 5 such expression vectors for each
class, can we find a gene that is perfectly
correlated with the labels!?

e The chance of this happening is 100%

* What if we have had instead |10 such vectors
per class?! The probability drops to 1%




Dealing with outliers

* We should make the linear decision boundary
resistant to outliers (e.g., due to mislabeled
samples)




Dealing with outliers

* One way to increase resistance to outliers is
to add a diagonal term to the kernel function
so that each example appears more similar to
itself than before.

K(xi,z1)+ X - K(x1,xy)
K

K(xp, 1) o K(xp, ) + A




The effect of lambda




The effect of lambda




The effect of lambda




The effect of lambda




The effect of lambda
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Results

e AML vs MML distinction
- training set: 27 ALL and || AML
- test set: 20 ALL and 14 ALM

B ALL AM

Cmyb (U22376)
Protcasome iota (X59417)
MB-| (U05259)
Cyelin D3 (M92287)
(M31211)

Myosin light c
RbAp48 (X742
s 56)

R

TRIER (X63469)

Cocnzyme A dehydrogenase (M91432)
SNF2 (U29175)

(Ca2+)-ATPase (Z69881)

SRPO (U20995%)

MCM3 (D380T3)

Deoxyhypusine synthase (U26266)
Op 18 (M31303)

Rabaptin-5 (Y08612)
Heterochromatin proicin p25 (U35451)
1L-7 receptor (M29696)

Adenosine deaminase (M13792)

Funarylacetoacctae (MSS150)
Zyxin (X95735)

LTC4 synthase (US0136)

LYN (MI6038)

Hox A9 (U82759)

CD33 (M23197)

Cystatin € (M27891)
Proteoglycan 1 (X17042)
-8 precursor (YO0787)
zurocidin (MY6326)
P62 (U46751)
CyP3 (M80254)
MCL1 (LO8246)
ATPase (M62762)
1L-8 (M2%130)
Cathepsin D (M6313%)
Lectin (M57710)
MAD-3 (M69043)
CDI l¢ (M81695)
Ebp?2 (X851 16)
Lysozyme (M19045)
Properdin (M83652)
Catalase (XO4085)

3 25 2 415 -1 05 0 05 1 15 2 25 3
Tow Normalized Expression high

* The SVM classifier achieves perfect
classification of the test samples




Problems we will cover

e Computational biology

- functional classification of genes




Functional classification of genes

* We don’t know what most genes do

* Given known roles for some genes, we would
like to predict the function of all the remaining

genes

ribosomal
genes

unannotated
“geHGS”

y

F2N1.3
T18A10.9
F5J6.12

YLAOO3W
YPLO37C




issue/gene profiles
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issue/gene profiles
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Machine learning problem

known +| gene

known -1 gene / ’ : 0 /
o goooo(;%) ::%foo © v c

e Dimensionality no longer very high (# of tissue
samples/conditions)

e Can use other kernels, e.g., radial basis kernel

* New problem: there are much more negatively
labeled genes than positive




Imbalanced classes




Imbalanced classes




Imbalanced classes




Imbalanced classes




Imbalanced classes

* In order to ensure that the classifier pays
attention to the positive class, we increase
(proportionally) resistance to negative
examples

K(z1,21) + AM(n™/n)

K@;}x/

freq. of positive examples

K(x1,2n)

K(xn,Tn) + A(n~/n)

/

freq. of negative examples




Differential resistance




Differential resistance




Functional annotation of genes

* SVMs perform very well (though there are
other comparable methods)

* Learning methods can identify incorrectly
annotated genes, predict functional roles for
uncharacterized genes, as well as guide further
experimental effort

e Used in many contexts; based on profiles,
text, and/or sequence

- e.g., understanding developmental roles of genes
(lineage specific genes)

- etc.




Problems we will cover

e Information retrieval

- document classification/ranking

* Recommender systems

- predicting user preferences (e.g., movies)




