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Aixinect. Mifuney adeJ oi lm,aiun os MADEI i,s. u rntltia&riate ioftwure analysib
package for rniaoarray gene erptsaion d,ota. This softwarc package is capoble of oc-
cepting wide uari,ety of gene etprcssion data fonnats such as Bioconductor AffyBotch
and eaprSet. This MADE{ B package ectends the adaantages of aful p@c*6ge in malti-
aariote stotisticol anil grphinal functions for the use in the miavonay dato application.
Morenuer, MADE,{1 prorides naa guphinal onil visualizoti,on tools that ass'i,st in the inter-
pretation of multiaariate analgsis of miuoonag iloto. Besides thot, LlSimpute olgori,thm
has been inmrpomtd to oss'ist in hondling of dotosets uith missing vataes ond this hus
eased the application for the users to onalysis on gene eaptession doto that conto,i.n m,i,ss-
ing aalues.

Ke}TrdrdFr Multiyatidte analysi3, CorrcsponilcncO analysin, Biturabn gronit ana{ysis,
Coinertia analysis, Microa,rray data, Geue enpression data, LlSimpute algorithm

1. Intfoduction. MA.DE4, oi knourn as Eibioarray &e4, is a software package based
on R language that was developed to facilitate multivariate analysis of microarray gene-
expression data. Furbhermore, MADRI accepts a wide vaxiety of gene-expression data
formats bnd takes advantage of the extbnsive multivariate statistiCal and graphidal func-
tions in the R package ade4, extending these for application to microarray data. In addi-
tion, MADE4 provides new graphical and vissa.lization tools that assist in interpretation
of multiv,ariate analysis of inidrljSfray data- Tbe 4irn of this development of iniCroarray
ade4 (MADB[) is to provide a simple-to-use tool for multivariate analysis of microanay
data [1]. Multivariate analysis encompa.sses much more methods than these exa,mples of
litrear modeling hDplied by t21.

Besides that, the input of various types of datasets has been a key factor for the usability
of made4 in gene expression analysis, as wide varietyof gene e.xpression data input formats
such as Bioconductor AffyBatch, exprSet, marrayRavr, and standard R matrix formats
(data.frarne or matrix) a,re available from all different sources for multivariate analysis.
This multivariate analysis software (made4) has limitation for dataset preprocessing,
whereby the dataset that contains missing values cannot be used to perform multivariate
analysis as the missing values estimation is a crucial step in the datasets pre-processing

t3l. Therefore, a firnction for reading and inserbing the missing values to the dataset
based on local least squares imputation method (Ll,Simpute) has been proposed. This
LlSimpute algorithm is taken from [3].
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2. LlSimpute Algorithm. The LlSimpute algorithm is used to estimate the missing
values in target gen6 as the linear combination of their most &-similar neighbors chosen
by the first k smallest Euclidean distance. For exa,mple, assuming that the ta,rget gene

ft contairis a missing value in the first position of its total n : 5 experiment measures,
k simitar Setres are chosen, which consist of complete measurements before imputirog the
missing value in ta.rget gene, then matrix A is constructed, vectors b and tl, and the
missing value as follows:

(;5 ): (1 !:',f,f,f.) (1)

where a is the missing value in gt, wT E 41o(n'-1) contains n - 1 elements of 91 whose first
miising item is deleted, the elements of b e ftkl a,re the ffrst components of'the k-nearest
genes, and the rows of the matrix .4 contain ,b-nearest neighbor genes with their first
values deleted. With the above definition, the least squaxes problem based on L2-norm
can be formulated as,

:-llA'" -tll,
Then, the missing value a is CstimatCd as lin'eax Combination of the vector h

a:fr:fQ{)t.
wlrere (E\t is tlre pseudoiuvirse of .{. It}is pio€edi}ie wiil
LlSimpute function.

be iuldeine*terl in tlre

3. Datasets- The made4 softsrarc package includes two riridroarray gene expression data,
set, which are khan and NCI60. Khan is a microarray gene expression dataset from [4]
which contains SRBCT gene expression data. NCI60 is the microarray gene expression
profiles of the NCI 60 ceU lines. Both of the datasets inCluded are ineomplete due to the
limitation of the R-package size. Therefore, the complete dataset of. khan and NCI60 has
been used to replace the included dataset from the made4 package.

Besides that, eight morC dat'asbts havC been added to this made4 software for multivari--
ate analysis, making it to ten dataset in total. The datasets a,re Adenocarcinoma, Brain,
Breast, Colon, Leukemia, Lymphoma, and Prostate. For the Breast cancer dataset, there
are twoseparate dataset$, *bidh dontaitr elss$ 2 aad eks$ & Thc dCtailied infe!ffi,ation for
each dataset is listed in Table 1.

TAnr.n 1. Main cliaracteristics of the innicroarray datilsets used

Dataset Name Genes Patients Classes Reference
Actenocarcinoina 9868 76 2

Brain 5597 42 5

Breast2 4869 77 2

BreastS 4869 95 3 v

Colon 2000 62 2 8

Leukemia 3051 38 2 I
Lymphoma 4A26 62 3 10

NC160 5244 61 8 11

Prostate 6033 102 2 72

SRtsCT 2308 63 4 4

(2)

(3)
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4. Results and Discussion. The development and integration of LlSimpute algorithm
for the missing values imputation has solved the usability of the datasets for the multi-
va,riate analysis of the gene expression data. Without the missing values imputation, the
datasets could have been rendered useless for the multivariate analysis since incomplete
datasets cannot be analyzed.

Due to the huge a.mount of visualization output generated for each datasets, all of
the results generated through thme multivariate analyses have been recorded and pre-
sented in the supplementary page, which can be downl<rnded at http://www.utm.my/aibig
/peopte/mohd-saberi.moha,mad/research/supplementary-information.html. An exa.rnple

output for each analysis is presented in the sections below to further facilitate the under-
standing of thc functions of thc multivarirate analysis.

4.1. Overview of dataset. The overview function is a very simple wrapper function that
diaws a troiplot, histogram, and hierarchical tiee of ecpission data. The hierarehical plot
is produced using average linkage cluster analysis with Pearson's correlation metric. An
o(e.mple using Bra.in dataset is shown in Figure 1.

J

q"!

f1+

frleiru

iRdil

Ftcunn 1. Overview of the brain dataset

4.2. Correspondence. analysis (COA). Thc application of corrcspondcncc 5nalysis is
to study the association between microarray samples and genes in a reduced dimensional
space. It is more like principal component analysis, where it displays a low-dimensional
projecti,on of the data, e.$., iato b ptane. This i$ tlbne foi t$'o vaiiablbS simultaneoirsly
thus revealing associations between them.

Once the correspondence analysis is done, a plot is produced with four separate visual
outputs, where the first vie* on the top left is a ptot of the eigenvalues, follo*ed b* the
top right view for the projection of microarray samples from patient with tumor types,
whereby each tumor is labeled in a separate color. In the bottom left view, we can see the
projeetion of gcncs ($ay fiIled eire]es] i*shonre and fri]*l]t thebottom rigbt i'iew Contaiils
the biplot showing both genes and sa,mples. Samples and genes with a strong associated
are projected in the same direction from the origin. The greater distance from the origln
produces the stionger the assoeiation. An ocample using Brain dataset is shown in Fi$uie
2.
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Frcunn 2. Conespondence analysis of the brain dataset

4.3. Between groups analysis (BGA). Between Group Analysis (BGA) is a super-
vised elassifeation method.. Therefore, the cla,sifeation and class predietion is done using
Between Group Analysis. The basis of BGA is to ordinate the groups rather than the
individual sa,mples. The plots done below are single dimension plot for the BGA analysis.
A-u. eximple usingBrain dataset is shos,n inFigure 3-r

xx x)ilKxNlt$ ll rrn N)ht@ !61 tl.I, gt
x x x)+( x )+(x>lF< >D( x )+!e< x >x xr Gt 4)(Orb, (Ir \$leilcElFB + (rr or{u st ($) G)O G {D(EE GJO (lB --I -td|tlJ TD (A).b

Ftcunp 3. Between groups analysis of the brain dataset

5. Cohcklsioii. There arC many fincdtidns in MADEA to visualize thb results The
MADE4 package can accept a wide variety of gene expression data input formats had
made it a simple to use tool for multivariate analysis. The integration of LlSimpute algo-
ritbin for the iilissing value$ibpntatioii habb'een eiii€ibl in pr*proeeqiiing of tbe d.dthbiits
since incomplete datasets cannot be used for multivariate analysis. Moreover, with this
added function, most of the datasets with missing values can be solved. For the visu-
alizdtion of the biialysis, a $iindest way to vibw iesults b to use d'lot fuiidtiodb. A*lrt
from that, there a.re firnctions for drawing lD and 3D plots for higher dimension analysis.
Hence, it can be said that MADtsl has been the simplest tool for multiva.riate analysis of
gene expression data.
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