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Abstract

In recent years, statistical analysis for handling incomplete data has drawn a lot of

attentions.  In this project, we consider the meaning of Cronbach o when the test

includes missing responses. We also consider how to do normalization with cDNA

microarray data. It is known that both the efficiency of dye and the gene probes

print-tips will introduce systematic bias into the observed measurements. We do a

comparison of commonly used normalization methods. In addition, we a so propose

an alternative normalization procedure.

Keywords. Incomplete data, Computerized adaptive testing, Item response theory,
Cronbach «, Normalization, cDNA microarray

= ~Incomplete Data, Computerized Adaptive Test, and Normalization in Gene
Chip

Missing data has attracted alot of attention in past twenty years. In thisreport, we
concentrate on two kinds of incomplete data.  Thefirst type of dataisfrom
computerized adaptive testing (CAT) which has been implemented used in the
Graduate Recorded Examination (GRE), the

Graduate Management Admission Test and the National Council Licensure
Examination for Nursesin United States for getting a better gauge of examinee's
ability. The second oneisfrom normalization of cONA microarray data.  For the
first problem, some responses are incomplete (missing) dueto design.  For the
second problem, the data is measured with systematic bias which is being categorized
as dye effect, pin effect, and etc.

First, consider CAT in which an individualized test is designed for each examinee.
CAT isfirst proposedinLord (1970, 1971). Theattractive part of CAT isthat all
examinees may not be required to answer some test items that do not match their
abilities. Insuch a set-up, we are facing the problem of missing data. If we assemble
all test items taken by the examinees into a pooled test, each examinee only answer
part of the pooled test. The missing pattern is missing non-ignorable since it



depends on 6, unknown ability of the examinee under the framework of item
response theory.

In our research project, we would like to quantify the gain or loss of CAT. Suppose
the pooled test is administered to all examinees. We would like to quantify the
agreement of the test result based on CAT to that based on the pooled test.
Specifically, the agreement is measured with Pearson correlation coefficient.
However, we never have test score from the pooled test.  We apply the method of
imputation in which the missing responses of the pooled test are imputed. Then use
the imputed score to derive the estimated Pearson correlation coefficient. Thiskind
of agreement measured by Pearson correlation coefficient in education measurement
iscaled Cronbach a.  In order to get a deeper understanding of Cronbach o, we
finish one technical report on how Cronbach « is affected by the ability of the
examinees, the difficulty of test items, and the match of the above two.

Biochips are currently one of the key technologiesin Biology. Generdly, the arrays
that fit these microchips consist of orderly arrangements of samples such as cDNAS,
oligonucleotides, or proteins. Macroarraying is the process of organizing sample
colonies on large nylon filters to ready them for screening by hybridization. Packing
so much information onto a small space gives microarrays a clear advantage. A single
DNA microarray plate can contain many thousands of samples, each representing a
part of asingle gene.

DNA microarray systems are versatile tools for mutational analysis, gene sequencing,
and the study of gene expression. The hybridization of nucleic acid-derived samples
to the immobilized oligonucleotides in microarrays allows one to easily quantify the
expression of specific MRNAS on agenomic scale.

DNA array—based technologies provide relatively simple ways to measure differential
gene expression, i.e., the relative levels of RNA transcripts in different cell or tissue
samples, for all of the genes of an organism simultaneously. When the levels of
specific RNAs from two different sources, such as control and diseased tissue, are
measured, their differences can be easily represented if distinctly colored fluorescent
|abels—blue and yellow, for example—are used to make each sample’s cDNA probe.
Parallel quantitation of large numbers of MRNA transcripts with the use of microarray
technology promisesto provide detailed insight into cellular processes involved in the
regulation of gene expression (Schena, 1995). DNA microarray information

permits researchers to study changes in host-cell gene expression in disease states
arising from viral infections or from cell transformation that leads to tumor formation.
More complete understanding of these changes should lead to knowledge of
mechanisms of virus replication and pathogenesis, as well as host antiviral responses.
However, it iswell known that systematic variation does exist in the resulting



measurement.  The relation between a measured intensity i of probe k and the true
abundance x of molecule type k in sample i may be described as

Yii = i + b Xq
1)
The gain factor by represents the net result of the various experimental effects that
come between the count of molecules per cell in the sample and the final readout of
the probe intensity, such as: number of cellsin the sample, the mean number of label
molecules attaching to a sample molecule, hybridization efficiency, |abel efficiency,
and detector gain. The additive term ay; accounts for that part of the measured
intensity that does not result from xy;, but from effects such as unspecific
hybridization, background fluorescence, stray signal from neighboring probes, and
detector offset.
Asafirst attempt to address this variation, Chen et al. (1997) introduced a
decomposition of the multiplicative effect (cf. Eqn. (1)),

b =bi B (1 + &)

@)
Here, B«is aprobe-specific coefficient, the same for all samples. For each samplei,
the normalization factor b; is applied across all probes. The remaining variation in by
that cannot be accounted for by S and b; is absorbed by &4. Furthermore, since the
measured intensities yy; are already “background-corrected” by the image analysis
software’s local background estimation, Chen et al. assumed the additive effects a to
be negligibly small. They further ssmplified the problem in two steps:
First, they noted that oneis mainly interested in relative comparisons between the
levels of the same gene under different conditions, i. e., in theratios x4/ X. Hence
the probe-specific effects fx can be absorbed, 14 = Pk X, Smply rescaling the unitsin
which molecule abundances are measured, and need not be determined.
Second, they turned to a stochastic description, and modeled g as anormally
distributed noise term with mean zero and standard deviation o, independent of i and
k. Thus, in the model of Chen et a. the measured intensity Y is arandom variable
and depends on the true level iy as follows:

Y =bi g (1+ &), aq ~ N(0,5%)
©)
Note that Y} has constant coefficient of variation o.
This proposal resolves the issue on this variation.  Since then, various methods under
the name “Normalization” have been proposed to correct for those systematic bias.
All methods rely on the basic assumption that most genes are not differentially
expressed. In this project, we do a comparison on major normalization procedure
and propose a new procedure.



= ~ Sudy on Cronbach « Coefficient

Suppose a test contains | test items.  Let Y and Y* denote the scores when the same
test is administered twice and assume memoryless. Denote the score of test item i by
Xi and Xi*. Assume the ability of the examineeis 6. We have

I I I
Y =) Xi=) u@+)
=1 i=1 i=1
1 I I
Y* = X =Y "m0+ ¢,
1 i=1 i=1
and
i
Var(V) = Z Var(X;) + Z Cov(E(X;|8), E(X;|9))
i—1 i+

f;
= Z Var(X;) + Z Cov(mi(#),7;(8)).
i=1 i

When the difficulty levels of all test items are the same, the Pearson correlation
coefficient between Y and Y* is

o CoulY. Y.) B ("u.“lj:Z:r__:L(T“[:H:] + €, Ef:l(ﬂ][ﬁ} e i
= v Var(Y)y/Var(Y,) a Var(Y)
1?Var(m(8)) I? - Var(m(9))
- Var(Y) T2 Var(m(8)) +1-Var(e)

If we would like to find p without knowing Y*, we need a consistent estimate of
Var(zo(6)) which can be obtained by Var(Y) — Var(Z; X)) =(1%1) Var(zw(6)). We have
I — 1) Var(m(@))

(I — )WVar(Y)

I I*Var(ty(8)) — I - Var(m(0))
I —1 Var(Y)

I I*Var(n(8) + Z{:l Var(e;) — Zf:_l Var(X;)
I—1 Var(Y)

B [ | Z’rl Var(X;)
- I-1 Var(Y) '

Therefore, p can be obtained based on administering the test once. Moreover,
Cronbach o coefficient used in measurement is a measurement on the
consistence of repeated testing.

2y =




When the difficulty levels of all test items are different, the Pearson correlation
coefficient between Y and Y* is

Cou(Y,Y™")
VVar(Y)y/Var(Y™)

pyys =

("ur'izg’_ , Til9) + > | r,-_T“T , Ti(0) + T iy

£ ai= L= Lai=1 €;)

Var(Y)
Y1 Var(ni(6)) + 3, Cov(ri(6), 73(6))
Var(Y)
Z:Il Var(Xi) + Z; Cov(mi(0). 75(6)) — Zf  Var(€;)
Var(Y)
_Var(Y) - ZJ 4 Var(eg)
Var(Y)
= Yr Var(X; — 7:(6)) e M
Var(Y) Var(Y)

Therefore, p can no longer be expressed in terms of Y and X;‘sonly. Moreover, the
commonly used Cronbach « coefficient are a bias estimate of Pearson correlation
coefficient. A technical report is being prepared to give a detailed discussion on how
Cronbach « coefficient is affected by the difficulty level of test items, the ability of
the examinees, and whether the test items match with the ability distribution of all
examinees.

z ~ Study on Normalization

Various normalization methods have been proposed in the literature to correct
systematic variability in cDNA microarray dataanaysis. Here we consider the case
that two samples are labeled with a green and ared fluorescent dye, respectively.

The mixture of the two mRNA preparations is then hybridized simultaneously to a
common array on aglassdlide. This

technology is usualy refered to as the Stanford technology (Duggan e al, 1999).

We now show a so-called M-A scatterplot of probe intensitiesin the red and the green
color channel from a cDNA array where M =109, R - 10g,G and A =log; R + 10g,G.
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It is usually assumed that the majority of genes unchanged. This scatterplot allows us
to assess both measurement noise and systematic biases. Ideally, the data from the
majority of the genes that are unchanged should lie on the bisector of the scatterplot.
In reality, there are both systematic and random deviations from this.

To adjust for measurement noise and systematic biases, all methods rely on the
property that the majority of genes unchanged. Some error models have been
discussed in Section 1. In addition to it, Kerr et al. (2000) proposed an approach
based on the ANOVA technique. They modeled the measured intensity Yim of
probe k on dlidej, in the color channel of dyel, from a sample that received treatment
m, as

]"U.}.R'jhrz g + 55 dy —+ Vg, |ﬂ~“"|.¢.‘j | Q"“h‘m b Ekijlm- (4)

Asacontrast to Dudoit et al. (2002), they combine the normalization with
identification of expressed gene together. Moreover, Dudoit et al. usesloessto find
normalization constant which will use less parameters than the ANOV A approach
considered in Kerr et al.

A technical report is being prepared to give a detailed discussion on the above two
approaches. As aremedy to the reduction of parameters in ANOVA approach, we
propose a normalization method based on random effect model.
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