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Applications to cancer data

Microarrays are increasingly being used to identify genes as potential biomarkers for
use in classifying tumors. When the level of gene expression is defined as the adjusted AUC
(6) between microarrays of two different tumor types, higher expression differences indicate
more confidence in a gene as a biomarker for use in a classification algorithm. Both the above
method of estimating such differences and the above method of determining which genes
have clinically relevant differential expression are illustrated with two publicly available leuke-
mia data sets: that of Golub et al. (1999) and that of Yeoh et al. (2002). Before performing the
analyses, each microarray was normalized by dividing all of its expression values by the
median expression value of the array.

The new methods were applied to the oligonucleotide microarrays from the bone
marrow cells of two patient groups of Golub et al. (1999): 38 patients with B-cell acute lympho-
blastic leukemia (B-ALL) and 25 patients with acute myeloid leukemia (AML). A reasonable
choice of a 5th or 50th percentile for genes discovered to be differentially expressed would be
at least 0.60 since only a 60% probability of correctly distinguishing a B-ALL patient from an
AML patient would not usually be clinically relevant. Table 2 shows the numbers of genes that
would be discovered to be differentially expressed when the 5th quantile or 50th quantile
(median) is chosen to be 0.50, 0.60, 0.70, or 0.80. (% = Znin = 0.50 is included only because it
corresponds in the 5th percentile case to standard false discovery rate control at the 5% level,
but it is too small to be clinically meaningful.) The expression difference for each gene i was
defined as the best possible AUC between the two groups (6) and was estimated by both t;
and 7j; the two estimators are compared in Fig. 4. It can be seen that the estimates differ
mostly for intermediate values of the AUC.



5th percentile, | Number of | Rejection Median, | Number of | Rejection
% discoveries | threshold, % discoveries | threshold, 7
0.50 1285 0.69 0.50 4028 0.58
0.60 209 0.83 0.60 676 0.75
0.70 0 0.70 50 0.92
0.80 0 0.80 0

Quantile analyses for the B-ALL/ALL set of gene-gene comparisons. The
number of discoveries is the number of genes for which T; 7, where r was
estimated with the goal that the given quantile (5th percentile or median) of
{Z:T; 7} equals 0.50, 0.60, 0.70, or 0.80. If it is impossible to achieve the
desired quantile, then 7= , i.e., no discoveries are made, as in Benjamini
and Hochberg (1995).
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Comparing two estimators of expression difference: 7; versus
T; between the B-ALL and AML microarrays. The corrected
estimate Z; versus the uncorrected estimate T; . The line of equality
is included for comparison.

Figure 4



The same methods were applied to the largest two subgroups of the Yeoh et al. (2002)
data set of oligonucleotide microarrays from children with various subtypes of leukemia: the
hyperdiploid > 50 chromosomes subgroup (H50, 64 children) and the TEL-AML1 subgroup
(TEL-AMLA1, 79 children). A comparison between Tables 2 and 3 shows that more genes are
differentially expressed, with lower rejection thresholds, for the H50/TEL-AML1 set of compari-
sons than for the B-ALL/AML set of comparisons, at each value of £ below 0.80. Fig. 5 indi-
cates less bias in the uncorrected estimate for H50/TEL-AML1 than Fig. 4 does for B-ALL/-
AML, but even in the H50/TEL-AML1 case, the difference between the uncorrected and cor-
rected estimates is only negligible for AUC<0.54, which is too close to random selection
(AUC=0.50) to be of much interest.

5th percentile, | Number of | Rejection Median, | Number of | Rejection
% discoveries | threshold, % discoveries | threshold, 7
0.50 2413 0.63 0.50 6080 0.56
0.60 745 0.74 0.60 1210 0.70
0.70 180 0.86 0.70 335 0.82
0.80 0 0.80 0

Quantile analyses for the H50/TEL-AML1 set of gene-gene comparisons.
This table is constructed as Table 2.

Table 3
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Comparing two estimators of expression difference: 7; versus
T; between the H50 and TEL-AML1 microarrays. The corrected
estimate Z; versus the uncorrected estimate T;, as in Fig. 4. The line
of equality is included for comparison.

Figure 5

In order to assess the performance of the proposed methods in the absence of differen-
tial expression, they were also used to compare a random subgroup of the TEL-AML1 microar-
rays to another random subgroup. The first group consisted of 39 microarrays selected ran-
domly without replacement from the 79 TEL-AML1 microarrays, and the second group con-
sisted of another 39 microarrays selected randomly from the remaining 40 microarrays. The
two groups were compared, as if to detect differential expression and to estimate the extent of
any differential expression. The results reflect the fact that the expression values for the two
groups were drawn from the same distribution. No genes were found to have a fifth quantile of
discovered differential expression greater than expected by chance (% = #,, = 0.50), but one
gene was found to have a median of discovered differential expression greater than expected
by chance. However, even that gene was not found to be differentially expressed using the
more clinically reasonable null hypotheses (% 0.60 > 7y, ). The population AUC is exactly
0.5 for each gene, but estimates of the AUC vary for any two groups of microarrays randomly



selected. As expected, the uncorrected estimates are farther from the population value than
the corrected estimates (Fig. 6). It is noteworthy that the correction adjusts the estimates more
in this case than in the cases in which there is real differential expression (Figs. 4-5). How-
ever, the example is somewhat artificial since an investigator would not normally be interested
in the degree of differential expression of genes not found to be differentially expressed by the
hypothesis testing procedure.
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Comparing two estimators of expression difference: 7; versus
T; between two random subgroups of TEL-AML1 microarrays.
The corrected estimate #; versus the uncorrected estimate T;, as in
Fig. 4. The line of equality is included for comparison.

Figure 6



Appendix A: Algorithm for estimating expression differences

The motivation of this algorithm is described in the section of the manuscript entitled,
"Method 2: Correcting the bias in estimates of expression differences."

Step 1 Fori=1,2,...,m, let T; be the observed test statistic (estimated expression
" difference) of the ith of m genes.
Sort the test statistics of Step 1 from smallest to largest and assign a rank to each
the test statistic, from 1 for the smallest test statistic to m for the largest test
statistic, with ties broken arbitrarily or randomly. Fori =1, 2, ..., m, call p; the rank
Step 2. of T;, so that, for example, p; =5 if T; is the fifth smallest test statistic. (If there are
a large number of ties, random tie-breaking should be used and this step should be
placed immediately after Step 3, letting p;; be the rank of the ith gene for the jth
iteration, and appropriately adjusting Steps 8, 10, 13, 14, and 15.)

Let j =1 and let J be a large integer representing the number of resampling
iterations. J should be large enough to average out fluctuations from one random
sample to another, but small enough to compute all the iterations in a reasonable
amount of time.

Step 3.

For each of the two groups of microarrays being compared, randomly choose half
of the microarrays of each group, without replacement, to determine the ranks,
leaving the other half of the microarrays of each group to estimate the gene
expression differences at given ranks. Thus, each of the two comparison groups
consists of microarrays for ranks and an equal number of microarrays for
expression.

Step 4.

Considering only the microarrays for ranks, fori=1, 2, ..., m, let t}‘j be the test

Step 5. :
P statistic (estimated expression difference) for the ith gene.

Considering only the microarrays for expression, fori=1, 2, ..., m, let t}‘,i be the

Step 6. :
P test statistic (estimated expression difference) for the ith gene.

Forr=1, 2, ..., m, lett{;;j be the test statistic of those of Step 6 that corresponds
in the gene to the rth lowest value of the test statistics of Step 5. (tj(, is the jth
estimate of the expression difference for the gene with the rth smallest test statistic

among the test statistics of Step 1.) That is, define k(j, r) such that ki 1 less
than or equal to exactly r values of the m test statistics of Step 5 (with ties broken

ok

arbitrarily or randomly), and let t;;, =t/ ;,- Thus, for example, t;’3, is set equal to
ik(,3)» Where is k(j, 3) is the index of the gene of the third lowest test statistic of
the microarrays for ranks in the jth iteration: |{t}‘j( | J**k T,T((ja)} | = 3, which could
also be expressed as t}y; 3) = t(3)- (The set { i*k}r: , is identical to the set {tﬁr)}:”: .
but the values of tj’,, are ordered such that tjy, t{(5 tj(3 - tjm).) Forthe
jth iteration, tj;) is the corrected estimate of the expression difference of the gene
with the rth lowest estimated expression difference.

Step 7.



Fori=1, 2, ..., m, let tj*j* = t}‘j;) or, if Step 2 follows Step 3, let t}‘j* = tﬁ;j,i)- This

Step 8. ensures that the ranks of the test statistics of Step 1 are the same as those of Step
5, while using the estimates of Step 6.

Step 9. Incrementjbyone (j j+1).

Step 10 If j J, repeat all steps from Step 4 (using different random numbers) through
p19. Step 10. When j > J, proceed to the next step.

1 — kkk 1 J kkk H : .
Step 11. Fori=1,2, ..., m, letf™ = | 21:1 tji". This gives the mean estimate of the
expression difference over all J iterations for each of the m genes.

Fori=1, 2, ..., m, set Z; equal to t* or T;, whichever is lower. Z; is the
Step 12. estimated expression difference of the ith gene, after correction for the fact that it
will be regarded as the p; th lowest test statistic.

Forr=1, 2, ..., m, setl(r) equal to the value for which py;, = r. For example, 1(3)
Step 13. will be the gene index at which T3, is the third lowest test statistic among those of
Step 1.

Let 7\ = 2|(m). This will be the highest possible estimate of the expression
Step 14. difference since it corresponds to the gene with the highest uncorrected test
statistic of Step 1.

Forr=m-1, m-2, .., 2, 1, setz equalto zﬂm or Z|+1), whichever is lower.
Step 15. This ensures that no estimate of the expression difference is greater than an
estimate considered higher in rank.

The software mentioned in the abstract implements all steps of this algorithm with R
functions. R is similar to S-PLUS (Insightful Corporation), but it has more convenient scoping
rules, runs on more operating systems, and is freely available from www.r-project.org.



Appendix B: Aid to parameter selection

genes considered
differentially
expressed. 5 % is
conventional,
but values up to
50 % may be
informative
whenZy > Zin-

difference, whereas
studies concerned with
amounts of RNA relative
to the variability

benefit from t— like
statistics as

definitions of

expression difference.

Agoal Expression difference Value of no diff. Threshold for relevant
(Z;) definition @min) expression
difference (£y = Z.in)
Options | 1% AUC== |AUC-1/2]|+1/2 | IfZ is AUCZ, If Z is AUCS,

5% (for clinical research Toin = 1/2. values of %, may be

10 % and other between 0.5 and 1.0.

20 % settings when

50 % sensitivity and

specificity are

other important)

(several Absolute value of If Z; is the absolute If Z; is the absolute
may be t—statistic or other value of a difference— value of a difference—
compared) difference—scale ratio scale ratio, Zpi, = 0. scale ratio, values

(for biological studies of Zy may be above 0.
in which the amount of
RNA is important)
Notes | A,y is the dFDR or Studies concerned with Lowest The smallest expression
the probability classification or Z: difference that is
of alack of prediction benefit allowed relevant clinically or
differential from the AUC or arelated biologically depends
expression for definition of expression on the definition of

expression difference
and on the goals of the
researcher. The exact
value chosen is not as
important as the fact
that that the value

has some scientific
plausibility, since
any reasonable

value will have better
properties than the
conventional selection,
z0 = zmin .

Summary of options available for customizing the detection of
differential expression, if desired. The software of the author has default
values for those who do not wish to change the settings. This table is
provided for convenience; fuller definitions and explanations are given in the
text. For the estimation of expression differences, there are also choices of ;
available, but Ay, and % do not apply.

Table 4
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