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Problem:Variable selection with high
dimensional and aiti-colinear genomic
data.

Motivating data

MGl ¥ Yeast cell cycle gene
expression data (Spellman et al
1998)mMRNA levels of
approximately 800 cell cycle
related genes é/m alpha factor
s based synclmnization
experiments meased at e/ery

7/ mins 6r 119 mins with total of
18 measugments ceering two
cell cycle periods.

¥Yeast chomatin imnuno-
precipition (ChlP-chip) data (Lee et al 200#hding measuar-
ments of 108 Fs which elucidate othese ast transcriptional
regulators bind to ppmoter sequences of the genes ass the
genome
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Aim of the Study

¥Activities ofTFs ae highy correlatedand ony a subset of these
mey be related to cell cycleegqulaton among 106 Fs.

iIntegrative anaysis of expession and binding data.

¥We propose a neel regression methodsSparse Paial Least
Sques (SPLSegressionSPLS gatalize on bothdimension
reductionmethod as wll asvariable selection

MethodsPatial Least Squas

¥Patial Least Squas (PLS) Is a dimensioaduction method
based on a latent component construction.
¥ X :matrix of covariates.Y :matrix of responses.
¥PLS Is a generalization of principal componentyarstP@) and
multiple regression.
- Find othogonal linear combination${: ¢2; - - - s LK) of the
original pedictors that ae also elevant to the response:
generalization of PA.

Ck = argmax . - P T e=1 ca4(Y, X c)var (X c)

where ! is covariance matrix oK .

- Build a nultiple linear egression modeldr Y on constructed
orthogonal componentsnultiple linear egression

- PLS does not mmote variable selection and estimate of the
direction \ector becomes inconsistent with largeimber of
noise variables(Chun ancle 2007).

Sparse Partial Least Squa res with a n A pplication
Genome Scale T ranscription F actor Analysis

Hyonho Chun and SYndYz Kele!

MethodsSparse Paial Least Squas
(SPLS)agression

¥Formulation br bnding SPLS eértion \ectors:

LetM = XTYY'X,

Ming. ! 1"M"+ (L0 D)(c! ")IM(c! ")+ #lcly + #2llcll2
S.1. SRR

- Promote exact zeo property by imposing L penalty and
direction constraint onto separateaetors while leeping these
vectors close to each other

- L" penalty isdr imposing sparsity on, L# penalty isdr
handling potential oiti-collinearity that mg arise during
solving ér c.

-1 plays the ole of the original PLS diction \ector, and

11 (0,0.5] aims to educe the efict of concaity;
¥SPLS solution:
- For univariateY : the solution can bedund by
- Z 4

6= |
1Zll2 - 2

sign(Z),

N
whereZ = X TY.

- For multivariateY : the solution can bedund by using
iterations betveen soft thesholding @r ¢) and constrained

least squaas poblem (br ! ).

MethodsHow does SPLS avk?
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-For univariateY , it pPrst looks intocorrelationsand selects the
variables which va the largest carelations to derie brst
direction \ector.

-Next, it looks Into partial comrelationsafter removing the
variations explainedyopbrst diection \ector, and selects
variables which shvo the largest paral comrelations.

Results:# of Selected Fs.

Comparisons of methods:
#of selectedl'Fs (# of
experimentall veriPedTFs)

are reported.
¥Multi-SPLSt8(15)
¥Uni-SPLS. 65(18)
¥SuperPC:65(18)
¥LASSO :102(18)
¥Total :106(21)

Multi!SPLS  Uni!SPLS
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The numbers inside parenthesis indicate the
numbersof experimentalf veriPedTFsin the set.
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ResultsExamples of estimatddAs

¥Factors selectedypboth methods.

Multivariate SPLS @& smooth and periodic estimates.

Univ SPLS: MCM1 Multi SPLS: MCM1
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¥Factors selected onlby univariate SPLS.

Univariate SPLS yields non-smooth estimates and does not
alays exhibits periodicity in the estimates.

Univ SPLS: GCR1
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¥-actors selected ownloy multivariate SPLS.
Mutivariate SPLS canptare small but smooth and periodic
coefpcients.

Multi SPLS: BAS1 Multi SPLS: PHD1
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Discussion

¥ SPLSeagression is a ng methodology based on the sparsity of
the PLS diction \ector and pomotes dimensionaduction as
well as variable selection.

¥It Is gplicable gen when the mmber of relevant variables ar
larger than sample size

¥ Sinulation studies @sults not shavn) shav that SPLS pesfms
well when sample size Is small and@oeates ag comrelated.

¥Estimated cell cyclestatedTFAs from multivariate SPLS
regression exhibit smoothness and periodicity
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