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SUPPLEMENTARY MATERIAL

Rank invariant method and Lowess extrapolation

When the number of genes is small in comparative experi-
ments such as the 125 gene project we select the rank invariant
set

S = {g:[rank(Cy5,) - rank(Cy3,)|< d & I < rank[(Cy5, +
Cy3)21<G -1}

to perform normalization.

If the number of genes is large, such as in the 4129 gene
project, we can afford to apply the rank invariant method in an
iterative manner to select a more conserved set of genes.
Firstly we select

So = {g|rank(Cy5,) - rank(Cy3,)| <p x G & I < rank[(Cy5,
+Cy3)21< G -1}

Then at each iteration we select

={gge S_1 & |ranl<gE si—1(Cy5,) —rank, Si_l(CySg)|
<px 18,1

where |S | is the number of genes in set S;. The iteration stops
at the kth step when | Sk| | Sk_1 | and the set of genes Sy is the
chosen rank invariant set.

After selection of rank invariant set S we can fit a normaliza-
tion curve M = f (A) between min, . ¢A, and max, . ¢A, by the
Lowess method. In order to normalize genes with an average
log intensity > max, . ¢A, we perform linear fitting M = o + A
in the subset 7'= {g:g € § & rank, . 5(4,) > |S| —50}. The esti-
mated linear fit is used to normalize genes with an average log
intensity > max, . ¢A,. The same extrapolation procedure is
also used to normalize genes with an averaged log intensity <
min, . A,

Testing the homogeneity of slide variation

Perform hypothesis testing Hy:t> = 1,* = ... = 15* versus H,:1,”
not all equal. Assume y, . to be the normalized log ratio of
gene g, slide s and comparatlve experiment e and Vose ~
N(u 7,%). Note that under the null hypothesis 1, Z(Y se

§/S — 1 ~%s_*t/S — 1. Therefore, the statistic 7 = Var(r D
mean(r 2)2 converges in probability to 2/S — 1. We compute
the statlstlc t from R1S1, R1S2 and R2S1, R2S2 in the 4129
gene project and ¢t = 9.2, 7.7, which obviously rejects the
hypothesis.

Markov chain Monte Carlo (MCMC) procedures

Denote by x,,, the normalized log ratios of gene g, calibration
slide s and calibration experiment e and by Vese the normalized
log ratios of gene g, slide s and comparative experiment ¢. We
assume y,, ~ Ml T,?) and p,, ~ N(8,,6,%), where 6, measures
the true log-fold change in gene g. We pool information across
the calibration slides to obtain a prior distribution for the slide
effect variance 1, T 2 k7 gz/xk , whereT I=[(S-1xEx1 T,

+ T DS -1) X E + 1 is the weighted value of gene- SpelelC
and 0verall sample variances obtained from calibration slides.
Here 1,2 =2 (Xye = Xy )7(S = DE, 12 =%, (Xgee — X ) /G(S
— DE [x,,, = meany(x, )] G is the total number of genes, S is
the number of slides, E is the total number of calibration exper-
iments, ,2 is the ¥ distribution with degrees of freedom k and
k is an adjustable degree of freedom. We observed that, on
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average, the between-slide variation in comparative experi-
ments is 50% larger than that in calibration experiments for the
125 gene project. To account for this, we multiply T, by 1.5 in
the 125 gene project to account for the increased variation in
the comparative experiment. Similarly, the prior distribution
for 6,7 is given by 6,2 hcgz/xh ,where 6 > =(EX 6 2+ 6A2)/
E+ 1 Here 60 = 2XyE, 6\ = Xy Xy /GEandagaln)(h is
the 2 distribution w1th degrees of freedom h and h is an adjust-
able degree of freedom. We note that & 2 is biased upward as
an estimate of Gg2. As a result, our procedure will tend to be
conservative. In this paper we use the prior degree of freedom
k = h = 3. The posterior distributions of the parameters do not
have a closed form solution. Thus we apply the MCMC
method (16) to simulate the distributions of these parameters.
Assume Yy, ~ Nl T, 7,%) with prior t,% ~ kT ¥y, and ng
N(®,,0,%) with prior 6 22 hs A’ where geneg=1,2,... G,
experlment e=1,2,...FEandslides=1,2, ... s.. Data y(,ge and
1.2, 6 2hk are known In order to obtain d1str1but10ns ‘of the
paframeters an MCMC procedure has been developed.
(i) Compute (Uyo)® =y,
(i) Generate ((5 2)(‘) from distribution ©,2 | (Uge) D where

0g |p‘ge~[ze(“'ge_ »g) +h6g]/XE+h—1

(iii) Generate (Gg)<i) from distribution 9g|(l«lge)(i - b, (ng)(i>
where
0, 10,2 ~ N{p, 0, YE)

(iv) Generate (‘cg2)(i> from distribution Tg2| (nge)ﬁ_ 1>,ygse where

Tg2| l’lge’ygse - [zEj 1Zse l(ygse - uge)2 + k% g2]/(X251 +...+sE +k)

(v) Generate (L)
”’ge | ycse’(T 2)(1) (e )(l) (G zg)(l) Where

Hge | Vase: Tg 500057 ~ NI(SV 0" + T,20,)/(5.5,” + T,7),(T,°6, )/
(5.0, 5.2+ T 2)] i i S

(vi) Repeat procedures 2—-5 N times. We found that N = 4000 is
sufficient for mixing of the Markov chain whose steady-state
distribution is the desired posterior distribution.

The above methodology can also be applied when calibra-
tion experiments are not available to provide prior information.
In such cases we assume the same hierarchical model with
prior distribution 1,2 ~ kT ¥/y,? and 6,2 ~ h& /y,? where 1% =
Zg,s,e(ygse - yg-e)zlG(S - I)E and 6 2= g,e(yg-e - yg)z/G(E - 1)
become non-gene-specific. When S and E are small relative to
the prior degrees of freedom % and k the posterior distributions
will tend to be non-gene-specific, while if S and E are large the
posterior distributions are dominated by gene-specific obser-
vations.

from distribution

Cancellation of non-linearity in reverse labeling

Assume that u,,,v,, are the Cy5 and Cy3 intensities of gene g
on slide 1 and u,,,v,, the intensities on slide 2. In the reverse
labeling des1gn applying the ANOVA model (9) the loga-
rithmic expression ratio of each gene is estimated as

172{log(u;y/vy,)
Vzg)] }
which in calibration experiments should have a distribution
centered at 0 and independent of the absolute intensity of the

- log(uzg/vzg) - meang[log(ulg/vlg) - log(u2g/



2 Nucleic Acids Research, 2001, Vol. 29, No. 12

gene. Note also that if ANOVA is adequate, log(u,y/v;,) —
mean,[log(u,/v,,) should also behave in the same way.

In the first and second plots of Figure 8 log(Cy5) — log(Cy3)
versus the average log intensity of Cy5 and Cy3 has a positive
slope trend. This is probably due to the need for a normaliza-
tion function between Cy3 and Cy35.

We decompose Cy5 intensity u = ov + A(v), where A(v) is
the non-linear part which cannot be explained by owv. By
Taylor expansion

log(ufv) = log[o. + AW)/v] = log(ar) + [A(W)/vor]

If the non-linear part A(v) on the two slides of reverse labe-
ling are highly positively correlated the second term will be
partially cancelled out in the reverse label average, as in the
third plot of Figure 8.
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Figure S1. Intensity plots of genes chosen by non-iterative and iterative (with
P = 0.01, 0.02, 0.05) rank invariant methods for R1S1 from the 4129 gene
project, showing that iteration helps to select a more conserved set of genes.



