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Abstract

The aim of this paper is to discuss the effect of missing values in detecting differentially expressed genes in a ¢cDNA micro-
array experiment in the context of a one sample problem. We conducted a cDNA microarray experiment to detect differentially
expressed genes for the metastasis of colorectal cancer based on twenty patients who underwent liver resection due to liver meta-
stasis from colorectal cancer. Total RNAs from metastatic liver tumor and adjacent normal liver tissue from a single patient were
labeled with cy5S and cy3, respectively, and competitively hybridized to a ¢cDNA microarray with 7775 human genes. We used
M=log,(R/G) for the signal evaluation, where R and G denoted the fluorescent intensities of Cy5 and Cy3 dyes, respectively.
The statistical problem comprises a one sample test of testing E(M)=0 for each gene and involves multiple tests. The twenty
cDNA microarray data would comprise a matrix of dimension 7775 by 20, if there were no missing values. However, missing
values occur for various reasons. For each gene, the no missing proportion (NMP) was defined to be the proportion of non-miss-
ing values out of twenty. In detecting differentially expressed (DE) genes, we used the genes whose NMP is greater than or
equal to 0.4 and then sequentially increased NMP by 0.1 for investigating its effect on the detection of DE genes. For each
fixed NMP, we imputed the missing values with K-nearest neighbor method (K=10) and applied the nonparametric t-test of
Dudoit et al. (2002), SAM by Tusher et al. (2001) and empirical Bayes procedure by Lonnstedt and Speed (2002) to find out
the effect of missing values in the final outcome. These three procedures yielded substantially agreeable result in detecting DE
genes. Of these three procedures we used SAM for exploring the acceptable NMP level. The result showed that the optimum no
missing proportion (NMP) found in this data set turned out to be 80%. It is more desirable to find the optimum level of NMP
for each data set by applying the method described in this note, when the plot of (NMP, Number of overlapping genes) shows
a turning point.

Introduction microarray experiment, not because they just involve large
amount of data, but because they comprise a non-standard

The DNA microarray has been established as a major tool statistical problem which is often referred to as a “large p,
in biological rescarches due to its ability of monitoring gene ~ Small n” problem (West, 2003). Typically, we have thousands
expression levels of thousands of genes simultancously under ~©f genes (=p) for a microarray experiment with tens of
different conditions (Jin et al., 2001: Gibson 2002; Hedenfalk, microarrays (=n). Several analysis tools including SAM
2002; Olesiak 2002; Ramaswamy 2002; Huang 2003; Keshave (Tusher et al, 2001) and BRB-ArrayTools (Simon and Peng)

and Ong, 2003). It is not trivial to analyze the data from have been introduced in the pubic domain to provide a
guidance to laboratory scientists on the statistical analysis of

microarray data.

Microarray experiment data can be represented by a p x n
matrix, where the (i, j)th element of the matrix indicates the
i-th gene expression level for the j-th microarray, i=1, .., p,
and j=1, ---.n. It is quite often that we observe the missing
values in the data of p x n matrix. Missing values occur for
various reasons not only from the technical problems but also
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from the biological characteristics. Currently, as the chip
quality and the hybridization techniques have been improved
to a certain level, the missing values usually come from the
biological reasons, such as no expression of the specific genes
in the sample or the inefficient dye labeling.

These missing data are wusually excluded from the
subsequent analysis. Sometimes, missing values are replaced
by 0’s after logarithmic transforming of the data or by a row
average, when the researcher finds it difficult to conduct a
replicate experiment as a clear solution to the problem. As is
indicated in Troyanskaya et al. (2001), this approach is not
optimal, since these methods do not utilize the correlation
structure of the data. Troyanskaya et al. (2001) recommended
the K-nearest neighbor (KNN) method for imputing missing
values in microarray data as a result of their comparative
study of three methods including the singular value
decomposition (SVD) based method and row average.
Following Troyanskaya et al’s recommendation, we use KNN
method for the imputation of missing values.

Before we discuss the imputation of missing values we
need to determine, however, whether a certain gene which has
m missing values in a set of n arrays should be included in
the analysis. We define no missing proportion (NMP) of a
gene which has m missing values out of n arrays as (n-m)/n.
While we analyzed a set of microarray data, we found that a
set of differentially expressed (DE) genes varied substantially
depending on the NMP. Alizadeh et al. (2000) used 80%
NMP for a microarray experiment consisting of 96 arrays.
However, they didn’t provide any justification of the 80%
figure.

In this study we investigate the effect of missing values on
the detection of DE genes and suggest a method to find an
optimum value of NMP.

Materials and Methods

Microamay experiment and Data

We performed ¢cDNA microarray experiments based on 20
patients who underwent liver resection due to liver metastasis
from colorectal cancer from September to December 2001 at
Severance Hospital, Yonsei Cancer Center, Yonsei University
College of Medicine, Korea. The ¢cDNA microarray experiment
was done with microarrays  spotted with 7775
sequence-verified human cDNA(Genomic Tree, Korea)
following the in-house protocol of Cancer Metastasis Research
Center, Yonsei University College of Medicine, Korea (in
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submission). Briefly, 500g of total RNAs’ from metastatic
tumor and adjacent normal liver tissues from a single patient
were labeled with cy5 and cy3 by reverse transcription using
the Superscript II enzyme (Invitrogen, U.S.A), respectively.
c¢DNA microarray was prehybridized in 3.5X SSC, 0.1% SDS,
10mg/ml BSA for 1 h at 42°C before hybridization with
labeled targets. Cy5- and Cy3- labeled targets were mixed
with 30pg human Cot-1 DNA, 20ug poly (dA)-poly (dT), and
100pg yeast tRNA. A Microcon-30 filter (Amicon, MA, USA)
was used to purify and concentrate the hybridization mixture,
which was then adjusted to 3.4X SSC and 0.3% SDS in a
final volume of 90yuf. Following denaturation at 100°C for 1.5
minutes and 30 minutes of pre-annealing at 37°C, the labeled
target was hybridized to the array at 65°C for 16-24 hours.
The slide was then washed for 2 min each in 0.5X
SSC/0.01% SDS, 0.06X SSC/0.01% SDS, and 0.05X SSC,
consecutively, at room temperature and spun-dried before
scanning. Hybridized arrays were scanned using a GenePix
4000B (Axon Instruments, USA).

M=log,(R/G) is used for the signal evaluation. For each
gene, say for the g-th gene, we would like to test the
following hypothesis based on 20 observations

Ho(g) : EM)=0 vs Hug) :EM)=0. M

This constitutes a one-sample problem with multiple tests.
Data can be represented by a 7775 x 20 matrix when there
were no missing values. However, missing values occur for
various reasons. Genes with low NMP would be excluded
from the analysis. We counted the number of genes whose
NMP is greater than or equal to x, where x ranges from 0.4
up to 1.0 with an increment of 0.1, displayed in Table 1. It
may be noted that the result in Table 1, which showed a
decreasing trend of the proportion of valid genes as NMP
went up, represented the characteristic of NMP in general,
not necessarily a characteristic of the dataset at hand.

Table 1. The number of genes whose no missing proportion(NMP) is
greater than or equal to x (x=0.4~1.0)..

No missing proportion 0.4 | 0.5 06| 0.7 0.8 09| 1
Number of genes | 5643|5043|4335|3627|3012|2376| 1472
% out of total 72.6|64.9|55.8(46.6(38.7|30.6|18.9

Statistical Procedures

We apply following three procedures for the one-sample
problem of Equation (1) to detect a set of DE genes for each
NMP.
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1) Dudoit et al.’s nonparametric t test with Westfall
and Young’s step-down method for the p-value ad-
justment

Dudoit et al. (2002) employed the family-wise error rate
(FWER) for controlling the type I error and used Westfall and
Young’s step down procedure for calculating the adjusted
p-value. We have 2” permutations to derive the nonparametric
null distribution of a one sample t statistic. We developed a
C++ program for the derivation of the adjusted p-value of the
t-statistic and investigated the number of DE genes for several
different values of FWER (0.01, 0.05 and 0.001).

2) Tusher et al.’s SAM procedure

Tusher et al’s SAM procedure is a permutation test with a
modified t statistic. They adopted the false discovery rate
(FDR, Benjamini and Hochberg, 1995) for controlling the type
I error, where FDR is defined to be the number of false
positive genes divided by the number of declared significant
genes. FDR is more sensitive in detecting significant genes
(Ge et al. 2003). We used Tusher et al’s SAM software
program to detect the DE genes. We set K=10 when we use
KNN method for imputing missing values and fix 5000 for
the number of permutation in running SAM program. Delta
value in SAM was determined by taking it into consideration
that our lab can take about 100 DE genes for the further
confirmatory experiment like RT-PCR.

3) Linnstedt and Speed’s empirical Bayes procedure

Loénnstedt and Speed (2002) used empirical Bayes method
to derive a Bayes log posterior odds, say B statistic. One may
take top 50, 100 or 150 genes in terms of B values in
combination with experimental preference.

Results

The numbers of DE genes detected by Dudoit et al.’s
nonparametric t test corresponding to FWER=0.01, 0.005 and
0.001 for NMP=1.0 are given in Table 2. Lonnstedt and
Speed’s B statistic provided a similar list of top 100 DE
genes with Dudoit et al.’s result. We could detect 100 DE
genes by adjusting delta value in SAM procedure. These three
procedures yielded substantially agreeable results in detecting
DE genes as one can find in Figure 1.
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Table 2. The number of differentially expressed (DE) genes detected
by Dudoit et al’s t-test for FWER=0.01, 0.005 and 0.001 and no
missing proportion (NMP)=1.0.

FWER 0.01' 0.005| 0.001,

# of significant genes, 411] 344 160

total # of genes . 1472 (NMP=1.0)

¥

As we can adjust delta value to find a pre-fixed number of
DE genes, we used SAM for identifying the optimum NMP.
We could detect 75 DE genes for NMP=1.0 using SAM
procedure and the g-value (the smallest FDR at which a gene
is called significant) for each gene was almost 0. We further
applied SAM for detecting approximately 75 DE genes by
decreasing the NMP by 0.1 down to 0.4. For each NMP the
number of overlapping genes with the set of DE genes for
NMP=1.0 is listed in Table 3.

Table 3. The number of overlapping genes under no missing
proportion (NMP) less than 1.0 with the set of differentially expressed
(DE) genes corresponding to NMP=1. +(-) means positively
(negatively) significant genes.

Overlapping genes

NMP (%) - Tiotal
100 | 28 | 47 | 75
90 23 [ 31 [ 54
80 21 | 23 | 4
70 23 | 23 | 46
60 201 18| 38
50 21 113 ] 34
40 20 [ 13 [ 33

The number of overlapping genes as a function of no
missing proportion from Table 3 is exhibited in Figure 2,
from which one can detect a turning point of the slope at
NMP=0.8. We propose this value is the optimum NMP for the
microarray analysis.

Discussion

As the knowledge on biology is improving, it is proven
that the complex integrative interactions of many molecules
are essential in most of biological process. Hence the
high-throughput  technology such as microarray giving
thousands of gene expressions simultaneously under the
specific condition becomes one of the most useful tools to
understand the pathophysiology of the various disease
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Figure 1. The overlap pattern of top 100 differentially expressed genes detected by three procedures; t test of Dudoit et al., Tusher et al’s SAM,
and Lonnstedt and Speed’s B statistic. The number in the intersection indicates the number of genes jointly detected by two or three procedures.
The FDR of SAM is 0.0017. The log posterior odds ratio of the top 100" gene in the Lonnstedt and Speed’s B statistic is 6.29 and the adjusted
p-value of the top 100th gene of Dudoit et al.’s t test with FWER approach is less than 0.001.

conditions including cancer. Because cancer is fatal when the
disease is metastasized to other organ from its original tissue,
we designed this study to identify the genomic characterization
of colorectal cancer with liver metastasis. Our experiment was
conducted in direct design since we hybridized a metastatic
tumor and a normal tissue competitively in a single array.
Usually a dye-swap experiment of the same number of arrays
needs to be performed to balance the dye effect and hence
minimize the possible bias in comparison of tumor and normal
tissue. We didn’t perform this dye-swap experiment, which

might give bias in the detection of DE genes. However, we
don’t believe it may have any effect on the general conclusion
of this note, considering the improved hybridization techniques
and the reproducible quality of microarray data used in the
analysis.

There are many issues to solve in using microarray from
technical, biological, and analytical point of view. As the
biotechnology is improving, the technical problems of
qualified chips and hybridization techniques have been solved.
Meanwhile, somewhat interactive biological and analytical

No. of
overlapping
gnes

50

40 4

40 50

60

70 80 100

No missing proportion

Figure 2. The number of overlapping genes as a function of no missing proportion. One can detect a turning point of the slope at no missing
proportion (NMP)=0.8, which we propose to be the optimal NMP for the microarray analysis.
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problems still cause many troubles, including experimental
design, requirement of replicates, selecting the differentially
expressed genes, method of pattern recognition and the
validation of selected genes. Fortunately, the potential
suggestions of these problems are introduced and under the
evaluation in many ways. However, there is no considerable
concern on how to handle the missing values, which is one of
the basic issues in microarray data analysis. Recently, as the
hybridization technique is improved, the missing values
usually develop from the biological reasons, such as no
expression of the specific genes in the sample or inefficient
dye labeling. These missing data are usually excluded from
the subsequent analysis. However, the use of rare clinical
samples with various RNA expression profiling, requires more
improved analysis to handle the missing data adequately
without losing many data points.

In selecting DE genes, Callow et al. (2000) reported only 8
significant genes out of 5548 genes which had altered
expression in a mouse model (Apo Al k.o) with very low
HDL cholesterol levels compared to inbred control mice. In
contrast to Dudoit et al’s report, we believe this number of
significant genes is quite plausible even with the conservative
FWER controlled test, when we consider the heterogeneity of
tumors and the physiological difference between the normal
tissue and tumor. When we compared the gene list of selected
genes by 3 procedures of Dudoit et al’s, Lonnstedt and
Speed’s B statistic’s, and SAM, three procedures yielded
substantially agreeable results in detecting DE genes (Figure 1).

In Table 3 we note the number of positive genes shows a
stable trend for NMP < 0.9, whereas the number of negative
genes exhibits a decreasing trend as NMP goes down. This
may pose a biological question which may warrant further
investigation.

We found that SAM was particularly useful for our purpose
of investigating the effect of missing proportions on the
detection of DE genes, because by adjusting the delta value
one could find a pre-fixed number of DE genes under
different data sets. Thus, we restrict ourselves to SAM for the
further analysis. The optimum NMP found in this metastatic
colorectal cancer data set turned out to be 80%, which
happened to coincide with Alizadeh et al’'s NMP. It may be
hard to generalize that this 70~80% NMP would be the
acceptable NMP level. It is more desirable to find the
optimum level of NMP for each data set by applying the
method described in this note. When the plot of
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“NMP-Number of overlapping genes” does not show a turning
point, the researcher should develop another method to
determine the optimal level of NMP.
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