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Statistical Properties of the Quantile
Normalization Method for Density Curve
Alignment

S. GALLON! J-M. LoUBES'and E. Maza?

May 16, 2011

Abstract

We present a proof for the quantile normalization method proposed by
Bolstad et al. [2] which has become one of the most popular methods to
align density curves in microarray data analysis. We prove consistency of
this method which is viewed as an application to density curve registration
of the new method proposed in Dupuy et al. [6], the structural expectation.
Moreover, when this method fails in some case of mixture, we propose a
new methodology to cope with this issue.

Keywords: Quantile normalization; Structural expectation; Curve
registration; Density curve alignment; Order statistics.

Subject Class. MSC-2010: 62G05, 62G30, 62G20.

Introduction

The outcome of a statistical process is often a sample of curves {f;, i =1,...

showing an unknown common structural pattern, f, which characterizes the
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common behavior of the sample. Examples are numerous, among others growth
curves analysis in biology and medicine, quantitative analysis of microarrays in
molecular biology and genetics, speech signals recognition in engineering, study
of expenditure and income curves in economics. Hence, in recent decades, there
has been a growing interest to develop statistical methodologies which enables
to recover from the observation functions a single “mean curve” that conveys all
the information of the data.

A major difficulty comes from the fact that there are systematic variations
among the sample of curves associated to both amplitude (variation in the y-
axis) or phase (variation in the x—axis) variations, like is illustrated in Figure 1
for a sample of three simulated curves, which prevent any direct extraction of
classical statistics such as the mean, median, correlations or any other standard
statistical multivariate procedure such as principal component and canonical
correlation analysis. See Kneip and Gasser [11] or Ramsay and Silverman [17]
and references therein for more details. Indeed the classical cross-sectional mean
does not provide a consistent estimate of the function of interest f when the
phase variations are ignored since it fails to capture the structural characteristics
in the sample of curves as is quoted in Ramsay and Li [16] and is also illustrated
in Figure 1. Hence curve registration (also called curve alignment, structural
averaging, and time warping) methods have been proposed in the statistical
literature. We refer to Silverman [20], Gasser and Kneip [8], Wang and Gasser
[25], Kneip et al. [13] Rgnn [18], Liu and Miiller [15], Gamboa et al. [7], James
[10], Kneip and Ramsay [12], and Dupuy et al. [6] just to name a few.

The same kind of problem occurs when dealing with a sample of density
curves with variations between curves which are not correlated to the phenomena
which is studied and thus need to be removed. In bioinformatics and
computational biology, a popular method to reduce this kind of variability is
known as normalization and it is widely applied in high density oligonucleotide
array data in biomedical research. It is fully described in Bolstad et al.
[2]. Among the many normalization methods there is the popular quantile
normalization method proposed by Bolstad et al. [2] which uses the quantile-
quantile plot extended to m dimensions. The procedure consists in assuming
that there is an underlying common distribution followed by the curves and
obtaining a mean distribution through the projection of the jth empirical

quantile vector of sample quantiles, g, = (Gijs--+Gmy) ", onto the vector
d = (1/\/ m,..., 1/\/ m)T> given by projd@j = (% Zzil qﬁi? ce % ?il Cjivj)—n
such that if all m data vectors, X;, ¢ = 1,...,m, share the same distribution,

then the plot of the quantiles gives a straight line along the line d. See Bolstad
et al. 2] and Irizarry et al. [9] for applications of this method.



Amplitude variation Phase variation

Figure 1: Examples of amplitude (on the left side) and phase (on the right side)
variations. The solid line corresponds to the cross-sectional mean function.

The Figure 2, for example, plots the densities of a sample of 18 two-
color microarrays after normalization within arrays. The dot-dashed and
solid lines through densities corresponds to cross-sectional mean and quantile
normalization, respectively. The quantile normalization method has the
advantages to be simple and quick with respect to others normalization
procedures. However its statistical properties have not been derived yet up
to our knowledge.

In this paper we point out that the quantile normalization can be seen as
a particular case of the structural median procedure, described in Dupuy et al.
[6]. We study the large sample properties of the quantile normalization method
and prove its consistency. In addition, when this procedure fails, we propose a
variation of this method to still recover a mean density and thus improve one
drawback of the quantile normalization method.

The outline of this article is as follows. In Section 2 we describe a
nonparametric warping functional model which will be used to relate with the
quantile normalization method. In Section 3 we present the quantile estimation
method and derive the asymptotic properties of the quantile normalization
method. Section 4 is devoted to present the manifold type pattern extraction.
The results of a simulation study showing the situation in which the quantile
normalization method does not work properly to represent the behavior of a
sample of density curves are reported in Section 5. Finally, in Section 6 we
apply the methods to normalize two-channel spotted microarray densities. All
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Figure 2: Densities for individual-channel intensities for two-color microarray
data after normalization within arrays. Dotted and solid gray lines correspond
to the “green” and “red” color arrays, respectively.

the proofs are gathered in Section 7.

2 Statistical model for density warping

Let Xi5, « = 1,...,m, 7 = 1,...,n; be a sample of m independent real
valued random variables of size n; with density function f;: R — [0, +0o0) and
distribution function F;: R — [0, 1]. We assume without loss of generality that
n; = n for all units ¢ = 1,...,m . The random variables are assumed to model
the same phenomena with a variation effect modeled as follows:

Each distribution function Fj is obtained by warping a common distribution
function F': R — [0, 1] by an invertible and differentiable warping function H;,
of the following manner

Fi(t) =Pr(X;; <t)=FoH'(t), i=1,....m j=1,...,n (1)

where H; is random in the sense that Hy,..., H,, is an i.i.d random sample
from a (non parametric) warping stochastic process H: 2 — C(R) defined on



a probability space (2,4, P) while C(R) denotes the space of all continuous
functions defined on R. Define ¢ its mean and let ¥ be its variance which is
assumed to be finite. This model is also considered in Gamboa et al. [7], and
Dupuy et al. [6].

Since the model (1) to estimate the function f is not identifiable (see Dupuy
et al. [6]), we consider the structural expectation (SE) of the quantile function
to overcome this problem as

gsp(@) == Fggla) =¢oF ' (a), O<a<l (2)
Inverting equation (1) leads to
G(0) = FYa) = HioFa),  0<a<1 3)

where ¢;(«) is the population quantile function (the left continuous generalized
inverse of F;), F;, ': [0,1] — R, given by

gi(a) = F. ' (a) = inf {x;; € R: Fy(zy) > a}, 0<a<l. (4)

Hence the natural estimator of the structural expectation (2) is given by

1m
= — O<a<l 5)
@)= 1 Lo o 5)

In order to get the asymptotic behavior of the estimator, the following
assumptions on the warping process H and on the distribution function F' are
considered:

Al. There exists a constant Cy > 0 such that for all (c, 3) € [0, 1]?, we have
B(|H(0) - BH(0) - (H(®) - BHE)] < C1Jo - 51
A2. There exists a constant Cy > 0 such that, for all (o, 3) € [0, 1]?, we have
E||F () - F (3] < Cala— 5.

The following theorem deals with the asymptotic behavior of the estimator (5).



Theorem 1. The estimator q,,(«) is consistent is the sense that

s

o B )|, - [ - ], 200

o0 M—>0

Moreover, under assumptions [A1] and [A2], the estimator is asymptotically
Gaussian, for any K € N and fived (o, ..., ak) € [0,1]%

Qm(al) - QSE(Oé1)

N m—00
qm(aK) - QSE(OéK)

where the (k, k")-element of the asymptotic variance-covariance matriz 3 is given
by Sia =V (q(ar), q(aw)) for all (ax, aw) € [0,1]* with o < .

3 Quantile estimation and the quantile normal-
ization method

The distribution function is not observed and only random samples X; 1,..., X,
from Fj(z) for i = 1,...,m are observed. The i-th empirical quantile function is
a natural estimator of F; ' when there is not any information on the underlying
distribution function F;. Consider the order statistics X; 1., < X2, <,..., <
Xinm, hence the estimation of the quantile functions, ¢;(«), is obtained by

qA%n(CK) = Ffl(oz) = inf {xu cR: ]Fl,n(xl]) = Oé}

’ _1 . 6
J <a<l, j=1...,n. ©)

= X, j, for
n

S

where [ 1 is the ith empirical quantile function.

Finally, the estimator of the structural quantile is given by

= 13 1 & '
_E;q@j:E;X@j:m j=1...,n. (7)

Note that, this procedure corresponds to the so-called quantile normalization
method proposed by Bolstad et al. [2].

Based on sample quantiles we can obtain a “mean” distribution through
the projection of the empirical quantile vector of the j-th sample quantiles,

q; = (Guj»---,Gmy;)", onto the vector d = (1/y/m,...,1/y/m)7, given by



projaq; = (=37 Gijr- = 21 Giy) - The quantile normalization method

can be understood as a quantile-quantile plot extended to m dimensions such
that if all m data vectors share the same distribution, then the plot of the
quantiles gives a straight line along the line d.

The asymptotic behavior of the quantile normalization estimator (7) is
established by the next theorem.

Theorem 2. The quantile normalization estimator aj 1s strongly consistent

a]L)qSE(a])a j:17"'7n7
m,n—00
and under the assumptions of compactly central data, | X; ;. — E(X; )| < L <

oo for all v and 7, and \/TH — 0, it is asymptotically Gaussian. Actually, for any
K e N and fized (ay, ..., ak) € [0,1]%,

@1 —qse(o)
: — 2 LNk (0,%)

m,n—00

vm

éjK — qsp(ox)

where the (k, k")-element of the asymptotic variance-covariance matriz 3 is given
by Sia = V(q(ar), q(aw)) for all (ax, aw) € [0,1]* with o < .

This theorem relies on the asymptotic behavior of the quantile estimator,
Gin(a), given by the following proposition.

Proposition 1. Assume F; is continuously differentiable at the ath population
quantile q;(a)) which is the unique solution of Fy(q;(a)—) < a < Fy(¢i(a)), and
fi(@i(@)) >0 for a fited 0 < o < 1. Also assume n="?(j/n — &) = o(1). Then,
fori=1,...,m, the estimator §;,(«) is strongly consistent,

@i,n(@) 2 qz‘(Oé)
n—>0o0

and asymptotically Gaussian

\/E(Xi,j:n_HiOQ(a)) 2 N 0, a(l — a) ; 2
e (f o Hi_1 (HZ o q(a)) . (Hz_l) (HZ o q(oz)))
where (Hi_l)l(z) = dHic_zzl(Z) - H;ongl(z)'



4 Using manifold registration for density align-
ment

One of the major issue in registration problems is to find the fitting criterion
which enables to give a sense to the notion of mean of a sample of points. Hence,
it seems natural to consider that the data belongs to a non euclidean set and to
look for the most suitable corresponding distance. A natural framework is given
by a manifold embedding where the geodesic distance provides a natural way to
compare two objects from this manifold. This point of view has been developed
in Dimeglio et al. [5].

Density registration lies in the field of applications of these technics. For this,
recall that we observe X;;, ¢« = 1,...,m, j = 1,...,n random variables. First,
we sort the observations for each sample 7, and denote by X(;) the sorted vector
Xi1ys - - -» X(iyn and thus we consider the array of observations (X, ..., X))
All previous methods aim at finding a good representative for these vectors. The
mean of the sorted vectors gives the structural quantile which corresponds to the
Boldstad’s normalization method described in Section 3, but the manifold point
of view gives an alternative framework to define this mean pattern. Actually,
consider that the vectors {X;), i = 1,...,m} are embedded into a manifold M
with geodesic distance d,. The natural mean is defined as

A

X = argmin > dy(z, Xei).),
=1

which is estimated by the estimator defined in Dimeglio et al. [5], by approxi-
mating the geodesic distance using an ISOMAP-type graph approximation, fol-
lowing [23|. Even if the theoretical properties of this estimate are difficult to
understand due to the difficulties inherent to the graph-type geodesic approxi-
mation, its practical properties for quantile normalization will be studied in the
next sections.

5 Simulation study

In this section, we illustrate by mean of simulated data the cases in which the
quantile normalization method by Bolstad et al. [2] works and the situation in
which it has problems to represent properly the behavior of the sample of density
curves.



We simulated a sample of m mixture density functions as linear combinations
of three Gaussian probability density functions ¢;(z; p, oq), L = 1,2, 3,

3
fi(z) = Zwil¢il(x§ﬂil70'u), 1=1,...,m
1=1

where w;; € |0, 1] are the probability weights with Z?:l wg=1,i=1,...,m.

The simulated sample of mixture density functions were generated following
the next procedure:

1. For each 7 = 1, ..., m three samples of size n of random observations are
drawn from a Gaussian distribution.

2. A sampling (with replacement) of size n is carried out on the three samples
based on the probability weights for obtaining the elements for each .

3. Finally, for each 7 a kernel density estimate is obtained.

The values assumed to the location parameters were u;; = 1, p; = 4 and
13 = 7; to the scale parameters o;;1 = 0.7, 0;0 = 0.8, and ;3 = 0.9; and to the
probability weights w;; = 0.4, w;s = 0.3, and w;3 = 0.3. The number of simulated
curves and observations assumed were m = 50 and n = 1000 respectively. The
variability for the sample of curves was generated according to the next cases:

Case 1 (variation in location): U(u; — 0.15, p +0.15), 1 =1,2,3.
Case 2 (variation in scale): U(cy—0.35,0;+0.35), I = 1,2 and U(o;3—0.5, 043 +0.5).

Case 8 (variation in probability weight): U(wy — 0.1,w; +0.1), 1 =1,2.

where U is a uniformly distributed random variable.

The Figure 3 shows the simulated density and distribution functions to each
case. The estimated “mean” density and distribution functions using the quantile
and manifold (described below) normalization methods corresponds to the solid
and dash lines, respectively. From the graphs we can see that the quantile
normalization estimate represents the variability among the density curves for
the cases 1 and 2, i.e when the probability weights do not vary among the
densities, wy = wyy, | =1,2,3 for 4,7 = 1,..., m. whereas it fails in the case 3.

To overcome the drawback corresponding to case 3, we propose to apply the
manifold embedding approach to estimate the structural mean pattern f based
on an approximation of the induced geodesic distance on an unknown connected



and geodesically complete Riemannian manifold M < R™ by Dimeglio et al. [5].
As we can see in the Figure 3, the estimation of the “mean” density f through
the manifold normalization method improves the normalization of the sample
of densities for the case of variations in probability weight (case 3) capturing
properly the structural mean behavior of sample of curves.

6 Application

In this section, we apply and compare the quantile and manifold methods to
normalize two-channel (also two-color) spotted microarrays in order to identify
and remove systematic variations retaining the biological signals. For a detailed
description on two-channel spotted microarrays see Yang and Thorne [27| and
Yang and Paquet [26].

The two-channel spotted microarray data were provided by the Toulouse
School of Agronomy (ENSAT). The data base contains 13056 rows corresponding
to the spots (probes) and 18 columns corresponding to the intensities for the
arrays. We used the limma Bioconductor software package based on the R
statistical programming language, to read and carry out the quality assessment
of the intensity data (Smyth and Speed [22] and Smyth [21]). The Figure 4
shows the density plots for individual-channel intensities of two-color microarray
data. Dotted and solid lines correspond to the “green” and “red” color arrays,
respectively.

For two-channel microarrays the normalization between arrays usually occurs
after normalization within arrays to remove from the expression measures any
systematic trends which arise from the microarray technology rather than from
differences between the probes. This also make intensities consistent within
each array. Smyth and Speed [22] review the normalization methods within
arrays. The expression measures for each two-color microarray were normalized
using the loess method (see Smyth and Speed [22] and Yang and Paquet
[26]). The Figure 5 plots the densities for each two-color microarray after loess
normalization. The normalization between arrays applying the quantile and
manifold normalization are plotted in the same Figure (bold solid and dashed
lines) in order to ensure that the intensities have the same empirical distribution
across arrays and across channels (Yang and Thorne [27]). As we can see, the
manifold normalization captures the structural characteristics of the densities,
in particular those that corresponding to the inflection points present in the
individual arrays.

10



7 Appendix

Proof. Proof of Theorem 1.
First note from equation (3) that

E(q(e) =E(F ' (a)) =E(H; o F'(a)

(2

where q(a) = F7'(a) = inf{r e R: F(z) > a}, 0 < a < 1, thus we have

4n(@) ~ E (4 (0))

2 —¢o F (o)
= Z @)
%iH ) o q(a).

Setting S,, = >.;*, W; where W; = (H; — ¢) o q(a) is a sequence of i.i.d.
random variables in a separable Banach space B = C([0, 1]) and applying the
next corollary, the almost sure convergence of ¢,,(«) is guaranteed.

Corollary (Corollary 7.10, Ledoux and Talagrand [14]). Let W be a Borel
random variable with values in a separable Banach space B. Then S,,/m —>— 0

m—>00
if and only if E|W| < co and EW = 0.

The asymptotic normality of ¢,,(«) is now obtained applying the multivariate

11



Central Limit Theorem, for any K € N and fixed (ay, ..., ar) € [0, 1]¥,

gm(a1) — Egm (o)
\/% .

in(@x) — B (ar)

RgE!

% %(041) - C]SE(Oé1)
1

.
Il

3=

T

~
Il

—

qi (OéK) - QSE(OéK)

3=
INagE

(H ) o q(a)
(H ) © q(ox)

-
I

L
m

W"Mg

where the (k, &’ ) element of the asymptotic variance-covariance matrix X is given
by Siw = 9(q(ar), q(au)) for all (ou, ) € [0,1]% with oy < oy, which is
obtained as

Cov (4. dlo))
= Cov (% Z qi(aw), % Z Qi(ak’)>

i=1
1 m
= Z Cov(Hi o q(ay), H; o Q(ak’))

= %19(61(%)761(0%'))

where 9(g(ax), g(ax)) is the autocovariance function of H;, i =1,...,m.

Following van der Vaart and Wellner [24], the tightness moment condition

12



to ensure the weak convergence is given by

B |[vin (12(0) - Ban(@) - vin (2.0 - B ) |

=E ‘\/ﬁ((qm(@) - Eqm(a)) - (qm(ﬁ) - Eqm(ﬁ)))
- E ‘( Z —¢oq(a ))
— (%i ¢OQ(ﬁ)>

1

2

2

< C10y|a— B,

s 2 =) (o) = ()

if the assumptions [A1] and [A2] are satisfied. .

Proof. Proof of Proposition 1.

The proof is a direct application of the following theorems of strong
consistency and asymptotic normality for quantile estimators (see Serfling [19]
or David and Nagaraja [4] for its proofs).

Theorem (Strong consistency of quantile estimator). If the ath
population quantile, g(«), is the unique solution of F(x—) < a < F(x), then

Gn() S ow q(a).
Therefore §; (o) —>> g;() for i = 1,...,m.
n—ao

Theorem (Asymptotic normality of order statistics). For a fixed 0 <
a < 1, assume F' is continuously differentiable at the ath population quantile,

q(@), f(q(a)) > 0, and n=2(j/n — a) = o(1). Then \/n(X;, — q(x)) L,

n—aoo

N(O, %), where X, = Xpan41 is the jth sample quantile, and [an]

denotes the greatest integer less or equal than an.

In consequence for ¢ = 1,..., m we have

V(X = ) T2 N <0’ f?(qz<a))>

13



that conditioned to a fixed H; implies

V(X jm—H;oq(a)) H_)Lm; N 10, ol —a) , 5
(foH (Hioq(e)) - (H ) (Hio gle)))
where (H{l)/(z) = dHi;Zl(z> = H;of};l(z)' .

The moments of order statistics are hard to compute for many distributions
so these can be approximated reasonably using a linear Taylor series expansion

of the relation X ., 4 F; Y (U; j.n) around the point E(U, j.,) = a; = j/(n + 1),
where Uj ., denotes the jth order statistic in a sample of size n from the uniform
(0,1) distribution. The approximated means, variances and covariances of order
statistics for i = 1,...,m are given by (see, for example, David and Nagaraja

[4] or Arnold et al. [1])

O[(l—a) " O{(l—a) 1 "
E(X; ) = ¢ J I/ J 21— ) —a)a.
( NE ) qij t 2(n + 2) 4+ (n + 2)2 3(( a]) ai)ql,y

1 1
+ gl - aj)qgjlj)] +0 (—>

n2

a;(1—a;) o a1 —aqj)
Var(Xign) = S5+ Ty 20— ) — )iy

(9)
! m 1 112 1

Oé(].—Oés) roor O{(l—as) "o
’ ’ [((1 —aj) — aj)qi7jqi,s

COV(X'L',j:n> Xi,s:n) = n+9 qi,jQLS (Tl i 2)2

m 7

7 n 1
+ ((1 — Q) — as)qi,jqi,s + _O‘j(l - aj)qi,jqi,s

1 roowo 1 i non 1
50l = a)g; 6, + 51— Oés)qi,jqi,s] +0 (ﬁ)
(10)
where, since a; = Fj(g;;), we have
/ dg; ; 1

o~ d&; TRy~

and )
o _Jilay) = _ilaig) L < 0, and so on,

Ui = T 2 (g dgi;  17(¢i;)

14



where f;(¢; ;) > C, with C' > 0 is the density-quantile function of X evaluated

at ¢;; = qi(oy) with a; = j/(n+1), 5 =1,...,n. fi' < M, f;’ < M, and
" <M‘

fi

This approximation method is due to David and Johnson [3| where they
derived approximations of order (n+2) 3. Additionally, note that the asymptotic
means, variances, and covariances correspond to the first terms of equations (8),
(9), and (10), respectively (David and Nagaraja [4]).

Using the approximation in equation (8), the mean of aj is calculated as
B(%) = B|E(3|H)
1 m
=E|(E|— > X, H;
= (58 x|
1 m
2 Se[e(xdn)
mi
1 - Oé(l —O[) " 1
=—>YE|¢.,+2—Lq¢. +0|—
mgg[“”'%n+mqw+ <M)]
[ 04(1 — CY) ” 1
i (gi5) + 2(n + 2) (q%]) +0 (n2>]

1 m
s
IR L (=) —dfi(qi;) 1 1
B E; _QSE(%) * 2(n + 2) B ( dg; f-?’((_h',j)> o (ﬁ>]
1 m
e

)

ose(o) + 5 () +0 (58
o)+ g () +© (5e)

where |df;(g;;)/dgi ;| < M and f}(g;;) > C.

While through equation (10), the covariance between of ajk- and éjk, for k # K

15



k=1,...,K is given by

Cov(éjk,éjk,) = Cov

1 & 1 &
E ; Xivjkm»? E ; Xi,jk/:n]
i COV (Xi,jk:na Xi,jk/:n)

i {E [Cov (Xm Xijon

a]k(l - Oéjk,) ’ ! 1

Q; (1—CY) " 1 Ctl(l—Oé,) " 1

+C iA+u”+O _ 7i.+u,,+0 il

> [q 2n+2) i <n2) BT oy e T e
C

Hz):| + Cov |:E (X%]kn‘Hl) E(Xi,jk/:n

)]}

3= 3= 3=

B e e O (),
(i ) o)
s (o)
2 {E e o (s)]
+ Cov [Hi(q(ozjk)) + 8(n1+ 5 (Ej‘f) L0 (%) |

Hi (q(ajk’ )) +

(
L [mci e ( ! )] + 2> Cov [Hila(as,). Hifa(ey, )]

1 O‘jk)

n2

_ % lm% +0 (%)] + —9(g(0,), a(a,))

for all (o, apr) € [0, 1]* with ay, < oy

From above equations we have that

E(q;) — qse(y) (11)
and
=~ =~ 1
Cov (qjk7 qjk') oo Eﬁ(q(&jk)’ q(ajk/))' (12)

16



Proof. Proof of Theorem 2.

The almost sure convergence of éj is established applying the results of strong
consistency of ¢, (o) and §; () from Theorem 1 and Proposition 1, respectively.

The asymptotic normality of Ej is obtained as follows

Jm (53 - QSE(é‘j)) _ <% Z,Zml Xijin — CISE(Oéj))

= +
%21 Var (X, j.)4/9(a(a) 9(a(ay)
(lil Xz]n zilE(X” n)) %Zg Var (Xz',jin) m (8(n1+2) (#) + O (#))
i Var (X” n) 19(Q(O‘J)) 79(@(0‘3))

Given that Var (X;;,) —— ¥(q(a;)), and under the assumption
n—0o0
0 we obtain, by the Lindeberg-Feller’s Central Limit Theorem —CLT— for

independent but not identically distributed random variables to the independent
random variables X j.,, ..., X jin, that

x/ﬁ(aj_m(aj)) 2 N(0,1)
I(glay)) ™"

that in multivariate terms is expressed as

Eﬁ —qse(o)

m,n—00

vm

éjK —qse(ak)

where (ay,...,ax) € [0,1]% and the (k,k')-element of ¥ is given by ¥jp =
¥(q(aj,), q(ej,,)). The Lindeberg-Feller’s Central Limit Theorem holds if the

17



Lyapunov’s condition

1

> Var (Xi )
(V& vt

is satisfied for some § > 0. Indeed for 6 = 1 and under the compactly central
data hypothesis, | X; j., — E (X ;)| < L < oo for all ¢« and j, we have

m,n— 00

249
555 2 B X — B (Xij) [ —— 0
=1

1 m
" 2+1 Z E |Xi,j:n —E (Xi,j:n)|2+1
<\/ Var (Xm-;n)) i=1
i=1
L UL )
S T = 57 D, B [ Xijm — B (Xij)
(\/Z Var (X%]n)) i=1
=1
L

= O

> Var (X))
)

given that Var (X, .,) — 79((](043'))-

Therefore the Lyapunov’s condition is satisfied and consequently the CLT is
verified. .
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Figure 3: Simulation results. Bold solid and dashed lines correspond to quantile
and manifold normalization methods, respectively.
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Figure 4: Densities for individual-channel intensities for two-color microarray
data. Dotted and solid lines correspond to the “green” and “red” color arrays,

respectively.
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Figure 5: Densities for individual-channel intensities for two-color microarray

data after loess normalization within arrays. Dotted and solid lines correspond

to the “green” and “red” color arrays, respectively.
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