Comrelate

A method for the Integrative analysis
of two genomic data sets
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A Introduction

A Sparse Canonical Correlation Analysis

A Corelate  : an Excel add-in that
iImplements sparse CCA



A world of data




A world of data
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A world of data

ATGCGGCGATTGCCATGGGTA :
seq_2(A) ATGCGGCGATTGCCATGGGAA HNENI N
seq 3(A) ATGCGGCGATTGCCATGGGTA  ~* ***°
seq_1(B) ATGCGGCAATTGCCATGGGTA

seq 2(B) ATGCGGCAATTGCCATGGGTT

seq 3(B) ATGCGGCAATTGCCATGGGTA

Contig ATGCGGCGATTGCCATGGGTA

snp! r

sequencing errors or paralogs



Statistical analyses

There are great statistical
methods for the analysis of
gene expression, DNA copy
number, and SNP data sets.

seq 1(A) ATGCGGCGATTGCCATGGGTA
seq 2(A) ATGCGGCGATTGCCATGGGAA
seq 3(A) ATGCGGCGATTGCCATGGGTA
seq 1(B) ATGCGGCAATTGCCATGGGTA
seq 2(B) ATGCGGCAATTGCCATGGGTT
seq 3 (B) ATGCGGCAATTGCCATGGGTA

EE B = BN N Contig ATGCGGCGATTGCCATGGGTA

snpl t1

sequencing errors or paralogs




An Integrative approach

A But what if we have access to multiple types of
data (for instance, gene expression and DNA
copy number data) on a single set of samples?



An Integrative approach

A But what if we have access to multiple types of
data (for instance, gene expression and DNA
copy number data) on a single set of samples?

A The data types can be apples and oranges: for
Instance, imaging data and gene expression data



An Integrative approach

A But what if we have access to multiple types of
data (for instance, gene expression and DNA
copy number data) on a single set of samples?

A The data types can be apples and oranges: for
Instance, imaging data and gene expression data




Introduction

Aln this talk, wedll consi de
number and gene expression measurements on a
single set of samples.



Introduction

Aln this talk, wedll consi de
number and gene expression measurements on a
single set of samples.

A Sparse CCA gives us a tool that can be used to
answer the question:

Can we identify a small set of gene expression
measurements that is correlated with a region of
DNA copy number gain/loss?



Introduction

Aln this talk, wedll consi de
number and gene expression measurements on a
single set of samples.

A Sparse CCA gives us a tool that can be used to
answer the question:

Can we identify a small set of gene expression
measurements that is correlated with a region of
DNA copy number gain/loss?

A Comelate  provides an easy way to apply that
method using Microsoft Excel



Canonical Correlation Analysis (CCA)

A CCA is a classical statistical method

A Suppose we have n samples and p+g

features for each sample

I Let the sample be a group of n kids

I Let the first p features be their scores on a set of p
tests: reading comprehens

I Let the next g features be the amount of time they
spend on certain activities per week: team sports,
watching TV, readinge



CCA

A The question: How are the q activities
associated with scores on the p exams?

A  Maybe

More Reading ¥ Better Reading
Comprehension Scores

More Reading And Less TV & Even Better
Reading Comprehension Scores

More Reading, More team sports, More
Homework, and Less TV & Good Scores on
all tests



CCA

A Canonical correlation analysis allows us to
discover relationships like this between the
sets of variables.

A For instance, perhaps
0.6*ReadingComp + 0.8*Math + .743*Latin
IS highly correlated with

2* TeamSports 1T 11*TV + 8* ReadiI



CCA

A CCA looks for linear combinations of variables in the
two groups that are highly correlated with each
other.

A Let X be a matrix with n columns - one for each
student - and p = 3 rows, one for each test (Reading
Comprehension, Math, Latin).

A And let Y be a matrix with n columns and g = 4 rows,
one for each activity (Team Sports, TV, Reading,
Homework).

A Statistically, we seek vectors u and v such that
Cor(Xdau, Y) is big. We can think of the components
of u and v as weights for each variable.



CCA

A Thus, the output tell us that

0.6*ReadingComp + 0.8*Math + .743*Latin

IS highly correlated with

2* TeamSports 1T 11*TV + 8* Readil

A Here,
i u=(0.6,0.8,0.743)0
iv = (2, 1011, 8, 234)



Why Is it useful?

A How does this apply to
genomics and bioinformatics?
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Why Is it useful?

A How does this apply to
genomics and bioinformatics?

A If we have copy number and
gene expression
measurements on the same
set of samples, we can ask:

Which genes have
expression that is
associated with which
regions of DNA gain or
loss?




Sparse CCA

A This is almost the question that CCA answers
for us...

I But, CCA will give us a linear combination of
genes that is associated with a linear combination
of DNA copy number measurements

I These linear combinations will involve every gene
expression measurement and every copy number
measurement



Sparse CCA

A This is almost the question that CCA answers
for us...

I But, CCA will give us a linear combination of
genes that is associated with a linear combination
of DNA copy number measurements

I These linear combinations will involve every gene
expression measurement and every copy number
measurement

A What we really want is this:

I A short list of genes that are associated with a
particular region of DNA gain/loss



Sparse CCA

A From now on:

I X Is a matrix of gene
expression data, with
samples on the columns
and genes on the rows

I Y Is a matrix of copy
number data, with
samples on the columns
and copy number
measurements on the
rOWS

X Samplel Sample2 | .

Genel .
Gened .

GeneP .

k Samplel Sample2 | ..

CGH Spotl .
CGH Spot? .

CGH SpotQ .

SampleM

SampleN



Sparse CCA

A CCA seeks weights u, v such that
Cor(Xau, Y/) Is big



Sparse CCA

A CCA seeks weights u, v such that
Cor(Xau, Y/) Is big
A Sparse CCA seeks weights u, v such that

Cor(Xau, Y) Is big, and most of the weights
are zero



Sparse CCA

A CCA seeks weights u, v such that
Cor(Xau, Y/) Is big
A Sparse CCA seeks weights u, v such that

Cor(Xau, Y) Is big, and most of the weights
are zero

A u contains weights for the gene expression
data, and v contains weights for the copy
number data



Sparse CCA

A CCA seeks weights u, v such that
Cor(Xau, Yv) Is big
A Sparse CCA seeks weights u, v such that

Cor(Xau, Yv) Is big, and most of the weights
are zero

A u contains weights for the gene expression
data, and v contains weights for the copy
number data

A Since the columns of Y are copy number
measurements along the chromosome, then
we want the weights in v to be smooth (not

jJumpy)



Sparse CCA

A By imposing the right penalty on u and
V, wWe can ensure that
I The elements of u are sparse
I The elements of v are sparse and smooth

I (Remember: u contains weights for the
gene expression data, and v contains
weights for the copy number data)




Sparse CCA

A By imposing the right penalty on u and
V, wWe can ensure that
I The elements of u are sparse
I The elements of v are sparse and smooth

I (Remember: u contains weights for the
gene expression data, and v contains
weights for the copy number data)

A We can also constrain u and v such that
their weights are positive or negative




Sparse CCA, mathematically

We choose weights u and v to maximize

Cor(X@,Y&%) subj dud tQ, tco >
X (vl +1vier -yl ) 20 ¢

This I1s a lasso constraint on u and a fused
lasso constraint on v.

For small values of ¢, and c,, some elements
of u and v are exactly zero, and v Is smooth.



For the statisticians: the criterion

Assume that the features are standardized
to have mean 0 and standard deviation 1.

maximizeuyv UXY &

subject to ud O1, vy O1, P1(u) Ocs, P2(v) Oc:

Here, P1 and P2 are convex penalties
on the elements of u and v.



For the statisticians: biconvexity

maximizeuwy UXYw

subject to ud O1, vy O1, P1(u) Ocs, P2(v) Oc:

A With u fixed, the criterion IS convex in v,

andwithvf I xed, | tWS cCcoONVeE
A This suggests a simple iterative optimization
strategy:

1. Hold u fixed and optimize with respect to v.
2. Hold v fixed and optimize with respect to u.



For the statisticians: the algorithm

maximizeuwy UXYw

subject to ud O1, vy O1, P1(u) Ocs, P2(v) Oc:

A Initialize v.
A Iterate until convergence:

1. Hold v fixed, and optimize:

maximizeu uXY®& subject to ud O1, P1(u) Ocu.
2. Hold u fixed, and optimize:

maximizev uXY& subject to vy O1, P2(v) Oca.



For the statisticians: the penalties

maximizeuwy UXYw

subject to ud O1, vy O1, P1(u) Ocs, P2(v) Oc:

If P1is a lasso or L1 penalty, P1(u)=||u]|1, then to update u:
u=S(XY&, d)/||S(XY&,d)||,,
where dOO0O is chiiscen such that

Here, S is the soft-thresholding operator: S(a,c)=sign(a)(|al-c)+.



For the statisticians: the penalties

maximizeuwy UXYw

subject to ud O1, vy O1, P1(u) Ocs, P2(v) Oc:

If P2 Is a fused lasso penalty:
Po(v)=x; (Ivj| + [Viss - vl ) 2 O c¢

then the update is a little harder and requires
software for fused lasso regression.



Sparse CCA results

A So what do we end up with?

I A set of genes that is associated with a region (or
regions) of DNA gain/loss

I Welghts for the gene expression measurements
(can be constrained to all have the same sign)

I Weights for the DNA copy nhumber measurements,
which will be smooth

I We can get multiple (gene set, DNA gain/loss) pairs




Sparse CCA results

A So what do we end up with?

I A set of genes that is associated with a region (or
regions) of DNA gain/loss

I Welghts for the gene expression measurements
(can be constrained to all have the same sign)

I Weights for the DNA copy nhumber measurements,
which will be smooth

I We can get multiple (gene set, DNA gain/loss) pairs

A We use a permutation approach to get a p-
value for the significance of the results




Permutation approach
1 2 é n

1 2 é
1
Dataset 1
X Dataset 2
Y
q




Permutation approach

1 2

Dataset 1
X

e

1 2

Dataset 2
Y

n




Permutation approach

1 2 e
1
Dataset 1 Permuted
X
Dataset 2
Y*
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Permutation approach

1 2 é n
1
Dataset 1 Permuted ~
= > Cor(X &*u, Y
Dataset 2
Y*
g




P

Permutation approach

1 2
Dataset 1
X

9

Y

1 2

Permuted
Dataset 2
Y*

e n

j> Cor(X &*u,

1. Repeat 100 times.
2. Compare Cor(X o, ¥ 0 to {Cor(X 0"y,

Y

Y*



Extensions

These ideas have been extended to the
following cases:

I More than two data sets

I A supervising outcome (e.g. survival time
or tumor subtype) for each sample



Data

A Applied to breast cancer data:
I n =89 tissue samples
I p =19672 gene expression measurements
I g = 2149 DNA copy number measurements
I Chin, DeVries, Fridlyand, et al. (2006) Cancer
Cell 10, 529-541.

A Look for a region of copy number change
on chromosome 20 that
the expression of some set of genes



Example

A Copy number data on chromosome 20

A Gene expression data from all chromosomes

A Can we find a region of copy number
change on chr omosome

with the expression of a set of genes?




atgggttatacgagtgtca
atccgctatacgactgtca
atgggctatacgagtgtca
atgggctatacgactgtca
atgggctattagagtgtca
atccgctatacgagtgtct
atgggctattagagtgtca
atgggctatacgagtgtct
atgggctatacgactgtca
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Comrelate

(R B IR Correlate Proj-DW
Home Insert Page Layout Formulas Data |
Bluetooth ~ ;Cor[§late|

' Stanford Tools ~ Correlate Controller
\
!

Menu Commands ‘ Toolbar Commands

Al > Q2 fx | Gene Name
| A " B Y ", -
-1 |Gene Name !Gene Description Samplel S
2 |DDR1 discoidin domain recep’ 10.62768
3 |RFC2 replication factor C (acti 7.610083 |
- 4 HSPAG6 heat shock 70kD proteir 6.863406
5 PAXS paired box gene 8 6.51073 |
- 6 |UBEIL ubiquitin-activatingenz 6.96978
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Dataset1

datal
dataz
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Sample Labels are in row
Data starts in row

[ Block Labels are in column 3

Cancel

Dataset2 is
 Standard
" Ordered

" Unpenalized

worksheet and input relevant information for each dataset

Dataset2

Dataset2 is
" Standard
& Ordered

breastrna

" Unpenalized

Sample Labels are in row

Data starts in row

Iv Block Labels are in column 3

minutes
Missing data Wi sutomatically be imputed
uRing KAN engine

Load dataset
[
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