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1. Introduction 
Cells in any organism contain identical genetic material, but the same genes are not active 
in every cell. Studying which genes are active and which are inactive in different cell types 
helps scientists to understand both how these cells function normally and how they are 
affected when various genes do not perform properly. In the past, scientists have only been 
able to conduct these genetic analyses on few genes at once. With the development of 
DNA microarray technology, however, scientists can now examine how active thousands 
of genes are at any given time. Gupta, Roy and Prasad (1999) and Chawla (2003) have 
talked about the basic concepts of the microarray technology. 
 

Microarrays are the microscopic array of single-stranded DNA molecules immobilized on 
a solid surface by biochemical synthesis. These are also called as DNA chips, gene chips, 
biochips, DNA microarrays or simply the arrays. Microarrays consist of a high-density 
array of DNA fragments with a defined location fixed on a small glass surface. DNA 
fragments can be derived from cDNA or short synthesized oligonucleotides. In the first 
step, samples of DNA clones (or probes) with known sequence content are spotted and 
immobilized onto a glass slide or other substrate called “microarray” so that each spot in 
the microarray corresponds to a gene or an EST (expressed sequence tag). ESTs are the 
probes that represent either genes of known identity or segments of functional DNA. Next, 
pools of purified mRNA from cell populations under study are reverse-transcribed 
(synthesis of a complementary DNA strand from RNA molecule; viz. mRNA  => cDNA) 
into cDNA and labeled with one of two fluorescent dyes, “red” and “green”. Two pools of 
differentially labeled cDNA (or target) are combined and applied to a microarray. Strands 
of cDNA (target) in the pool hybridize to complementary sequences (probe) on the array 
and any unhybridized cDNA (target) is washed off. Hybridization (process of base pairing 
two single strands of DNA or RNA; viz. mRNA molecule can hybridize to a melted cDNA 
molecule when the mRNA contains the complementary code of the cDNA strands) of the 
target to the probes determines a chemical reaction that is captured into a digital image by 
a scanning laser device. Next the intensity of each hybridization signal is translated into a 
table with numerical measures. The steps to translate digital image data are gridding, 
segmentation and intensity extraction. The gridding step recovers the position of printed 
spots, which are known. The segmentation consists of classification of the image pixels 
into foreground and background, where foreground pixels correspond to spots of interest in 
the microarray and background pixels correspond to noise resulting from high salt and 
detergent concentrations during the hybridization or contamination of the target. Intensity 
extraction step calculates the intensity of the fluorescence each spot, the background 
intensity and some quality measures. The background intensities are used to correct the 
foreground intensities and the red and green intensities are the primary data. In most cases 
the foreground intensity is calculated as the mean or median of pixel values. Corrected 
intensity values are generally calculated by subtracting the median background intensity 
from median foreground intensity. Thus the “red” and “green” signals/ fluorescence 
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readings from a spot indicate the relative abundance of the corresponding mRNA in the 
two cell populations.  

 
Figure 1: A sketch of cDNA microarray technology developed  

at Stanford University (Sebastiani et al., 2003). 
 
Here, the selected probes are amplified by PCR (polymerase chain reaction) and the PCR 
product is printed to a glass slide using a high-speed robot. The targets are labeled 
representations of cellular mRNA obtained by reverse transcriptions of total RNA 
extracted from the test and reference cells, and the pooled target is allowed to hybridize 
with the cDNA spotted on the slides. Once the hybridization is completed, the slides are 
washed and scanned with a scanning laser microscope to measure the brightness of each 
fluorescent spot; brightness reveals how much of a specific DNA fragment is present in the 
target.  
 

In figure 2 each spot represents a gene. Grey spots denote genes that were expressed in 
neither type of cell; colored spots identify genes that were expressed in one of the two cells 
or both. The intensity of the green spot measures the relative mRNA abundance of the gene 
in the cell that had reverse-transcribed mRNA labeled green dye, while the intensity of the 
red spot measures the relative mRNA abundance of the gene in the cell that had reverse 
transcribed mRNA labeled with red dye. The yellow spot refers to presence of both types 
of mRNA abundance, this means occurrence of noise. Thus the color of the spot discloses 
the relative expression of the gene in the two cells. 

 

 
Figure 2: A scanned image produced from a cDNA microarray experiment. 
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Microarray technology has enhanced the efficiency of the process by measuring, 
simultaneously, the relative expression level of a large number of genes. The basic idea 
behind microarray technology is to simultaneously measure the relative expression level of 
thousands of genes within a particular cell population or tissue.  
 
Preparation of microarray (array): There are three approaches of preparing a microarray  

(a) Photolithography 
(b) Mechanical microspotting 
(c) Ink jetting 

 

(a) Photolithography: A glass wafer modified with photolabile protecting groups (when 
light is allowed to fall on a particular position it activates the agent, say X) is selectively 
activated for DNA synthesis by shining light through a photomask (mask that does not 
allow light to pass, M1). The wafer is then flooded with a photoprotected DNA base (A–
X), resulting in spatially defined coupling on the chip surface. A second photomask (M2) 
is used to deprotect defined regions of the wafer. Repeated deprotection and coupling 
cycles enable the preparation of high-density oligonucleotide microarrays. In this synthesis 
approach microarrays are prepared in a stepwise fashion by the in situ synthesis of nucleic 
acids.  
 

(b) Mechanical microspotting: A biochemical sample is loaded into a spotting pin by 
capillary action, and a small volume is transferred to a solid surface by physical contact 
between the pin and the solid substrate. After the first spotting cycle, the pin is washed and 
a second sample is loaded and deposited to an adjacent address. Robotic control systems 
and multiplexed printheads allow automated microarray fabrication.  

 
Figure 3: Three approaches to microarray manufacturing are depicted: 

a. Photolithography, b. Mechanical microspotting, c. Ink jetting. 
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(c) Ink jetting: A biochemical sample is loaded into a miniature nozzle equipped with a 
piezoelectric fitting (rectangles) and an electrical current is used to expel a precise amount 
of liquid from the jet onto the substrate. After the first jetting step, the jet is washed and a 
second sample is loaded and deposited to an adjacent address. A repeated series of cycles 
with multiple jets enables rapid microarray production. 
 
2. Response Variable and Sources of Variation in Microarray Experiments 
In microarray experiments hybridization of the target to the probes determines a chemical 
reaction that is captured into a digital image by a scanning laser device and the intensity of 
each hybridization signal is translated into a table with numerical measures. The “red” and 
“green” signals/ fluorescence readings from a spot indicate the relative abundance of the 
corresponding mRNA in the two cell populations. The fluorescence readings from each 
spot are known as response variables in microarray experiments. 
 
Kerr & Churchill (2001a) have discussed some aspects about sources of variation in 
microarray experiments. The simplest microarray experiment generally looks for changes 
in gene expression across a single factor of interest. This factor might be the time points of 
a biological process, or different types of tissue or drug treatments. We generally call the 
categories of a factor of interest as varieties. In the following discussion we will consider 
cells from different tissues as varieties which may have higher or lower overall expression 
levels for the genes spotted on the arrays. The purpose of such an experiment is to identify 
differences in gene expression among the varieties.  
 
Next, pools of purified mRNA from cell populations under study are reverse-transcribed 
into cDNA and labeled with one of two fluorescent dyes, “red” and “green”. Microarray 
technology makes use of two different dyes which may have different fluorescent labels. 
For example, one dye may be consistently “brighter” than the other.  Thus the dyes may be 
considered as another source of variation. 
 
Different cDNAs (target) are known to incorporate dye with differential efficiency and 
hybridize with the probes at the target spots on arrays at different rates. Further, with the 
spotted arrays it is not known how much DNA is immobilized on the array in any 
particular spot. Therefore, scientists have recognized, a single fluorescent intensity 
measurement from a spot contains little useful information because of unknown 
characteristics of the spot and the unknown interpretation of a unit of fluorescence for any 
particular gene. Certain genes may emit a higher or lower fluorescent signal overall, 
compared to other genes. Thus fluorescent intensities clearly depend on the cDNA 
sequence spotted on the arrays. These are called the spotted sequences “genes” whether 
they are actually genes, ESTs or DNA from another source.  
 
Further, in microarray technology an entire experiment may consists of a number of arrays 
and there may be overall variation in fluorescent signal from array to array. For example, 
arrays may be probed under inconsistent conditions that increase or reduce hybridization 
efficiencies of labeled cDNA causing variation in fluorescent signal. Therefore we identify 
four basic experimental factors: varieties, dyes, genes and arrays. 
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With these four factors there are 24 = 16 possible experimental effects. Explicitly, there is 
the mean or baseline effect, four factor main effects for arrays (A), dyes (D), varieties (V) 
and genes (G), six two-factor interactions (AD, AV, AG, DV, DG & VG), four three-factor 
interactions (ADV, ADG, AVG & DVG) and one four-factor interaction (ADVG). The first 
step in choosing a good design is to identify which effects might possibly contribute to 
variation in the data. 
 
Spots for a given gene on the different arrays vary in the amount of cDNA available for 
hybridization. This results in array-gene interactions (AG) or the “spot” effects. By 
considering AG effects, we can take the approach of treating each spot as a unique entity.  
 
Sometimes there may be differences in overall efficiency of incorporation of one dye to 
that of the other dye for a subset of genes and the reverse is true for the remaining genes 
that is there may be differences in the intensity of dyes that are gene-specific. This results 
in dye-gene effects (DG). For example, if the overall efficiency of incorporation of red dye 
is higher than that of green dye except for a small subset of genes for which the reverse is 
true, this would be captured in the DG effects.  
 
Variety-gene interactions (VG) reflect differences in expression for particular variety and 
gene combinations that are not explained by the average effects of those varieties and 
genes. These are the effects of interest. Identifying genes whose expression changes in 
different varieties means identifying non-zero differences in VG effects. 
 
Of the remaining interactions, four interactions array-dye (AD), array-variety (AV), dye-
variety (DV) and array-dye-variety (ADV) do not involve G. It is difficult to relate any of 
these to the process underlying microarrays and to suppose a reason why such interactions 
would come into play. On the other hand, let us assume we account for all factor main 
effects. Then since AD, AV and ADV are not gene-specific, including or excluding any of 
them in the analysis of microarray data does not change the estimates of the effects of 
interest (VG). The rest of the interactions are three- and four-way effects involving G: 
array-dye-gene (ADG), array-variety-gene (AVG), dye-variety-gene (DVG), and array-dye-
variety-gene (ADVG).  The presence of such interactions would mean there is gene-
specific variation attributable to a particular array and dye, a particular array and variety, a 
particular dye and variety, or a particular array, dye, and variety combination. It is difficult 
to relate these higher order interactions with physical and chemical processes that make up 
this technology. Again these higher order interaction effects uses degrees of freedom that 
may be useful for estimation of error variance in the experiment. Thus out of 15 possible 
effects, there are 7 effects of interest namely, array effects (A), dye effects (D), variety 
effects (V), gene effects (G), array-gene interaction effects (AG), dye-gene interaction 
effects (DG) and variety-gene interaction effects (VG). In the present article, we have 
considered the experimental situations in which same set of genes is spotted on each array. 
Therefore, gene effects (G) are orthogonal to all other effects (A, D, V). The 7 effects of 
interest can be divided into two groups namely, 

Global effects :  Array effects (A), Dye effects (D), Variety effects (V) 
Gene specific effect : Gene effects (G), Array-Gene interaction (AG), Dye-Gene  
                                      interaction (DG), Variety-Gene interaction (VG). 
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Clearly gene-specific effects are also orthogonal to global effects. So designs for 
microarray experiments can be studied leaving gene specific effects from the model. 
Designs that are efficient under the model containing global (A, D, V) effects are also 
efficient under the model containing both global and gene specific effects. In a 2-colour 
microarray experiment only two varieties labelled with two different dyes can be 
accommodated on one array, therefore, arrays may be considered as blocks size 2. 
 
3. Designs for Microarrays 
The designs for microarrays have been obtained with different names viz. reference sample 
designs, alternating loop designs, dye-Swap/ multiple dye-swap designs and efficient 
designs for microarray experiments under the restricted model involving array and variety 
effects in the model ignoring dye effects. In most of the cases, the designs for microarrays 
are described using directed graphs (Kerr et al., 2000; Kerr and Churchill, 2001a, 2001b; 
Kerr, 2003 and Yang and Speed, 2002). In directed graphs, nodes (rectangles) represent the 
varieties and edge represent array. The direction of edges gives information about dyes. 
We arbitrarily but permanently assign one dye (circle) to the tail of directed edges and the 
other dye (triangle) to the head.  A B
 
 
 
 

Figure 3.1: Directed graph to describe a design for microarray experiments 
 
Consider two varieties A and B (Figure 3.1). An edge from variety A to variety B 
represents an array containing variety A labeled with the “tail” dye and variety B labeled 
with the “head” dye. In the further discussions, “tail” dye will be denoted as dye 1 and 
“head” dye as dye 2. 
 
Kerr and Churchill (2001a) have discussed about ‘reference sample designs’ and ‘dye-
swap’/ ‘multiple dye-swap’ arrangements/designs (Latin square’ arrangement). In addition 
to these Kerr and Churchill (2001b) gave another concept of ‘alternating loop designs’ also 
called ‘loop’ designs. Yang and Speed (2002) also studied these three designs using 
graphical representation i.e. directed graphs. A brief description of the designs obtained in 
the literature is given in the sequel. 
 
3.1 Reference Sample Design 
Biologists recognize there is variation in the amount of cDNA from spot to spot and so 
fluorescent intensities are only meaningful in a relative sense. In reference design an 
extraneous ‘reference sample’ is used along with the test samples of interest. Every sample 
of interest is compared to the reference sample in a hybridization. The design is intuitive: 
every sample of interest can be compared indirectly, because each is compared directly to 
the reference. In reference design, the “reference sample” is labeled with dye 1, samples of 
interest are labeled with dye 2 and individually hybridized to one or more arrays with the 
reference sample.  
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Kerr, Martin and Churchill (2001a) made an independent comparison of the two mRNA 
samples obtained from liver and muscle using two arrays. In this case placenta is used as a 
“reference” sample. Each of the muscle and liver samples were directly compared to the 
placenta sample on one array each such that the test samples (liver and muscle) were 
assigned to the green dye and the reference sample (placenta) was assigned to the red dye. 
On both the array 1 and array 2 red dye is assigned to reference sample obtained from 
placenta. Green dye is assigned to test sample obtained from liver on array 1 and to the 
sample obtained from liver on array 2. The array index is assigned i = 1 and 2 respectively 
for array 1 and array 2, the dye index is assigned j = 1 and 2 respectively for red and green 
dye. 
 

Table 1 
 Array 

Dye 1 2 
Red (1) Placenta (3) Placenta (3)

Green (2) Liver (1) Muscle (2)
 
The tissue index is k = 1, 2, 3 for liver, muscle and placenta respectively. This design can 
be summarized by the index set (i, j, k)  {(1, 1, 3), (1, 2, 1), (2, 1, 3), (2, 2, 2)}. This 
design is referred as reference sample design.  
 
Thus a reference sample design for v varieties needs (v + 1) varieties where (v + 1)st variety 
is introduced to serve as a reference variety. For example, if the gene expression levels of v 
varieties are to be compared with one reference sample, then the reference design is 
represented as in Figure 3.2. 
 
 
 
 
 
 
 
 
 
 
 

Figure 3.2: Directed graph for a Reference Design 
 
The structure of the design is 

 Array 1 Array 2 Array 3 … Array v 
Dye 1 Var v +1 Var v +1 Var v +1 … Var v +1 
Dye 2 Var 1 Var 2 Var 3 … Var v 

 
It is clear from the above that reference sample design is nothing but a minimally 
connected block design. Reference sample design is advantageous in the sense that it is 
readily extendable. Additional varieties can be added to the experiment by adding another 

 
1

2
v+1 

3

v
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array on which a new variety is compared to the reference sample. For a reference sample 
design, due to the peculiar combination of dyes and varieties, dye effects (D) and variety 
effects (V) are completely confounded and consequently the variety-gene interaction effect 
(VG) is also completely confounded with dye-gene interaction effect (DG). Therefore, it is 
possible to estimate all other effects of interest viz. A,  V,  G,  AG and VG effects. Again, in 
case of single replication of each array and when each gene is spotted only once on each 
array, it is not possible to estimate error component if all these 5 effects of interest are to 
be estimated. To estimate the error variance one of these effects of interest are assumed to 
be negligible.  
 
For example, AG effects are generally assumed as negligible. Further, more data are 
collected on the reference variety in this design than any other varieties, although this 
variety will generally be of least interest. Therefore, one more drawback of such a design is 
that in most of the cases it is inefficient since the reference sample does not supply any 
information of biological interest. The more substantial problem is the large cost in degrees 
of freedom that comes with the additional reference variety. Let for table 1, in the above 
example there are n genes on each of the four (4) index sets (i, j, k). Then, array main 
effects account for 1 degree of freedom, variety main effects account for 2, gene effects 
use n – 1, VG effects use 2(n – 1), and AG account for the remaining n – 1 degrees of 
freedom out of the total 4n – 1 degrees of freedom. Varieties are completely confounded 
with dyes because each variety is labeled with only one dye. So the dye effect account for 
0 degrees of freedom. The degrees of freedom for different sources are partitioned in table 
2 (considering v varieties). In this situation at least one set of effects must be excluded to 
estimate error and allow statistical inference. We note that if genes were spotted more than 
once on the arrays, it would be possible to include AG terms in the model and still have 
degrees of freedom to estimate error.  
 
3.2 Alternating Loop Design 
The loop design is used to design microarray experiments in which the layout of dyes and 
varieties are balanced, in a sense that each variety is dyed with each dye (Cy3: green 
fluorescent dye or Cy5: red fluorescent dye) equally often. For example, if the gene 
expression levels of v varieties are to be compared, then the directed graph is depicted in 
Figure 3.3. 
 
 
 
 
 
 
 
 

 
 

Figure 3.3: Directed graph for Alternating Loop Design 
 
The structure of the design is 
 

… 

 2 

1 3 

4 v 
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 Array 1 Array 2 Array 3 … Array v
Dye 1 Var 1 Var 2 Var 3 … Var v 
Dye 2 Var 2 Var 3 Var 4 … Var 1 

 
Alternating loop design is same as minimally connected block design with one extra 
observation. The arrangement of varieties within each array takes places in a cyclic 
fashion, i.e., for a given sample, on one array, the sample is dyed with one dye, and on the 
next array, it would be labelled with the second dye. Here, dye-gene interaction (DG) 
effect is used for estimation of error.  
 
Using the same number of arrays as the reference design, the loop collects twice as much 
data on the varieties of interest. Further, notice that varieties are balanced with respect to 
dyes because each variety is labeled once with the red and green dyes. This balance means 
that dye effects are unconfounded with variety effects, so variety-gene effects are 
unconfounded with dye-gene effects. Thus any abnormal behavior of genes with respect to 
dyes will not bias the estimates of the effects of interest.  
 
Consider there are v varieties and n genes. As the number of varieties and number of arrays 
are equal in loop design, we assume there are v arrays. Now to compare the loop design 
with the reference design, we partition the degrees of freedom as shown in table 2 

Table 2 
Source of Variation Reference Design (df) Loop Design (df) 
Array v – 1 v – 1 
Dye 0 1 
Variety v v – 1 
Gene n – 1 n – 1 
Variety-Gene v ( n – 1) (v – 1)( n – 1) 
Array-Gene (v – 1)( n – 1) (v – 1)( n – 1) 
Error 0 n – 1 
Total 2vn – 1 2vn – 1 

 
If one estimates all factor main effects and in addition, the VG and AG interactions, then 
there is no degrees of freedom for error in the reference sample design, whereas for loop 
design the error degrees of freedom is (n – 1). These degrees of freedom provide 
information to estimate error variance. Therefore, using this design provides a basis for 
statistical inference. This puts the loop design in an arena where the reference design 
cannot compete. 
 
A practical drawback of the loop design is that each sample must be labeled with both the 
red and green dyes, effectively doubling the number of labeling reactions. Because 
microarray technology is new and not yet fully understood, so this extra effort is 
worthwhile. Balancing varieties with respect to dyes produces data in which dye-gene 
effects can be detected. If one is unable to complete the extra work in dye labeling, then 
one must be willing to accept the assumption that there are no gene-specific dye effects. In 
that case, however, it is still possible to get the other benefits of the loop design.  
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When the number of varieties is even this strategy actually has one fewer labeling than the 
reference design because it does away with the reference sample. While this design does 
not have the orthogonality of variety and dye effects, it retains the other advantages of the 
loop design, namely collecting more data on the varieties of interest and providing degrees 
of freedom for estimating error. 
 

3.3 Dye-swap arrangement / Multiple Dye-swap arrangement 
 
When there are two varieties and two arrays, 1st variety is labelled with dye 1 (say Cy3: 
green fluorescent dye) and 2nd variety is labeled with  dye 2 (say Cy5: red fluorescent dye) 
in 1st array and the swapping is done in the 2nd array, i.e., 1st variety is labeled with dye 2 
(say Cy5: red fluorescent dye) and 2nd variety is labelled with dye 1 (say Cy3: green 
fluorescent dye) in 2nd array, such a design is termed as dye-swap arrangement or Latin 
square arrangement. The directed graph for dye-swap arrangement is shown in Figure 3.4. 
    1    2 
 
 
 
 

Figure 3.4: Directed graph for Dye-swap Arrangement 
 
The corresponding design is  

 Array 1 Array 2
Dye 1 Var 1 Var 2 
Dye 2 Var 2 Var 1 

 
Kerr, Martin and Churchill (2001a) compared a mRNA sample obtained from human liver 
tissue to a second sample obtained from muscle tissue. The design uses two arrays such 
that on array 1 the liver sample is assigned to the “red” dye and the muscle sample is 
assigned to the “green” dye. On array 2 the dye assignments were reversed.  

Table 3 
 Array 

Dye 1 2 
Red (1) Liver (1) Muscle (2)

Green (2) Muscle (2) Liver (1)
 
Assign the array index to be i = 1, 2; the dye index to be j = 1, 2 for red and green 
respectively; and the tissue index to k = 1, 2 for liver and muscle respectively. This design 
can be summarized by the index set (i, j, k)  {(1, 1, 1); (1, 2, 2); (2, 1, 2); (2, 2, 1)}. Each 
clone index g = 1, …, n occurs once with each combination of (i, j, k). Notice that 
specifying any two of array, dye and tissue automatically determines the third. With 
respect to the design factors, array and dye, the layout of the tissue varieties forms a 2 × 2 
Latin square. Therefore this is referred to as the Latin square arrangement (it is sometimes 
called a “dye-swap” experiment). In case of reference design, there is only one 
measurement per gene for liver and muscle tissues as compared to two measurements in 
the Latin square arrangement yielding more data on the varieties of interest. 
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Confounding structure for the Latin square arrangement  
Given the factors, there are sixteen (24) possible effects when interactions of all orders are 
considered. The different possible interaction effects are mean, A, D, V, G, AD, AV, AG, 
DV, DG, VG, ADV, ADG, AVG, DVG, ADVG. We have 2  2 Latin square arrangement 
with 4 plots (figure 8), 2 arrays, 2 dyes and 2 varieties. So we can think the above structure 
as (23, 22) factorial experiment with the same index set (i, j, k)  {(1, 1, 1); (1, 2, 2); (2, 1, 
2); (2, 2, 1)} for the above example (table 3). From the index set we get the array-dye-
variety combinations as in table 4. 

 Table 4     Table 5  
A D V   A D V 
1 1 1   0 0 0 
1 2 2   0 1 1 
2 1 2   1 0 1 
2 2 1   1 1 0 

 

Here 1 and 2 below the columns of A, D and V correspondingly represent the two 
types/levels of arrays, dyes and varieties. Now we get table 5 by replacing 0 in place 1 and 
1 in place of 2. From table 5 it is clear that ADV is confounded. Thus we get 4 effects 
(without G) aliased with the other 4 effects as shown in table 6 (first 4 rows). Considering 
the effect of gene (G) we get the other 4 effects to be aliased with the remaining 4 effects 
(last 4 rows in table 6). The pairs of confounded effects are 

Table 6 
Mean    ~   ADV 

A    ~   DV 
D    ~   AV 
V    ~   AD 

     G    ~   ADVG
VG    ~   ADG 
AG    ~   DVG 
DG    ~   AVG 

 
Thus each of the sixteen effects is completely confounded with one other effect, meaning 
one effect is estimable only assuming the other is zero. This design partitions the sixteen 
experimental factor effects into eight pairs. The members of each pair are completely 
confounded, i.e. one member of a pair is estimable only by assuming the other is zero. 
 
Effects that are not completely confounded are orthogonal in the Latin square. 
Orthogonality arises when a factor is completely balanced with respect to another factor. 
For example, if every variety in a microarray experiment appears in the design labeled with 
the red and green dyes equally often, variety is orthogonal to dye. One consequence of 
orthogonality is that the estimates of the two factors are uncorrelated. A second 
consequence is that including or excluding one effect in the model does not alter the 
estimates obtained for the other effect. In general, effects that are neither confounded nor 
orthogonal are said to be partially confounded. The Latin square arrangement results in 
uncorrelated estimates for all effects not in the same pair. It is possible that DG effects 
could be present in a microarray experiment. However, leaving them out of the Latin 
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square analysis will not alter the estimates of other terms in the model. This is only true for 
designs in which the DG effect is orthogonal to the other effects. Omitting DG effects 
leaves degrees of freedom for estimating error. Assigning some effects to be “error” is 
essential when there is no replication of clones within the arrays.  
 
When there are more than two varieties (say v varieties), one needs to pair the varieties and 
separate dye-swap assays are performed for comparison of varieties of each type, the 
design is termed as multiple dye-swap arrangement. The number of arrays required is v(v – 
1). The directed graph for dye-swap arrangement is shown in Figure 3.5. 
 
 
 
 
 
 
 

 
 
 
 

Figure 3.5: Directed graph for Multiple Dye-swap Arrangement 
  
The corresponding design is  

 Array 1 Array 2 Array 3 Array 4 … Array b –1 Array b 
Dye 1 Var 1 Var 2 Var 1 Var 3 … Var v-1 Var v 
Dye 2 Var 2 Var 1 Var 3 Var 1 … Var v Var v-1 

 
Here b = v(v – 1). These arrangements often have a nice orthogonal structure but it may not 
be possible to use this arrangement because the number of arrays [v(v–1)] becomes large 
which is practically too costly and may not be practically feasible for large number of 
varieties (v).  
 
3.4. Optimality Aspects of Designs for Microarray Experiments 
In the earlier sections, we have given a brief description on concept of microarray 
experiments, sources of variation and three commonly used designs for microarray 
experiments. In the present investigation, our main emphasis is on preparing a 
comprehensive catalogue of A- and D-efficient block designs available in the literature for 
2-colour microarray experiments. As mentioned earlier that in a 2-colour microarray 
experiment only two varieties labelled with two different dyes can be accommodated on 
one array, therefore, arrays may be considered as blocks each of size 2. Before describing 
the results on optimality of designs for microarray experiments, we give few results on 
optimality aspects of block designs and optimality criteria. 
 
Let D (v, b, k) denote the class of connected block designs in which v treatments are 
arranged in b blocks each of size k. It can be shown easily that the problem of obtaining an 
A- and D-optimal design for making all possible pairwise variety (treatment) comparisons 
is equivalent to the problem of obtaining an A- and D-optimal design for a complete set of 

 1 2

     1 3

v-1
…

v
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orthonormal treatment contrasts. For inferring on complete set of orthonormal treatment 
contrasts, a design is said to be A-optimal if it minimizes the sum of reciprocals of the non-
zero eigenvalues of the information matrix (C-matrix) over D (v, b, k) and is said to be D-
optimal if it minimizes the inverse of the product of the nonzero eigenvalues of C-matrix 
over D (v, b, k). For a block design d, let 121 ,,, v 



 be the non-zero eigenvalues of C. 

Now define and   d
v

i
i






1

1

1
A )( 






1

1

1
v

i
i)(D d . Then, a design is A- [D-] optimal if it 

minimizes )]()[( dd DA   over D (v, b, k). 
 
The A-efficiency { )(deA } and D-efficiency {  of any design d over D(v, b, k) is 
defined as 

)}(deD

 
)(

)(
)(

*

d

d
de

A

AA
A 


 and 

)1/(1*

)(

)(
)(
















v

D

DD
D d

d
de




     

 (1) 

where, *
Ad  and  are the A-optimal and D-optimal designs over D(v, b, k), respectively. 

Rathore et al. (2006) computed the lower bound to A- and D-efficiencies for a connected 
proper block design. These lower bounds are 
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We make use of (2) to compute lower bounds to A- and D-efficiencies for a given block 
design.  
 
Kerr and Churchill (2001a) studied A-optimality under the restricted model when array and 
variety effects are considered in the model ignoring dye effects. They used non-isomorphic 
connected graphs on v vertices using Brendan McKay's, MAKEG program and compared 
all designs of the same size D (v, b; v: number of varieties, b: number of arrays) on the 
basis of A-optimality under restricted model. They catalogued A-optimal designs and even 
designs (even design: when replication of each variety is even) for block size two, number 
of varieties v = 6, 7, 8, 9, 10 and number of arrays between v and v(v-1)/2. They have also 
catalogued A-optimal designs for (v, b) = (11, 13), (12, 14), (13, 14) and (13, 15). Their 
search of efficient designs becomes computationally infeasible for larger v. The 
concurrence matrices of the designs are available at http://www.jax.org/staff/ 
churchill/labsite/pubs/index.html. 
 
Yang (2003) studied A-optimality under the same restricted model and followed algorithm 
by Tjur (1993) to search A-optimal designs when v = 3, …, 25 and number of arrays b = v. 
In the algorithm of Tjur (1993), he first considered to build a design from scratch by 
adding experimental units one by one. He worked with full information matrix for 
treatment and block parameters, rather than the adjusted information matrix for treatments 
only. Yang (2003) used the algorithm by Tjur (1993) and found loop designs to be A-
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optimal for v = 3, .., 8, Mix(4) designs to be A-optimal for v = 9, .., 12 and Mix(3) designs 
to be A-optimal for v = 12, .., 25 under restricted model, where a Mix(i) design is a mixture 
of a loop design (of length i) and a reference design. For example, Mix(3) design for v 
varieties is a mixture of a loop design of length 3 and a reference design and is depicted as 
below 

  
1 2 3   1 1 … 1
2 3 1   4 5 … v 
(Loop)   (Reference) 

Here varieties 1, 2 and 3 form a loop design of length 3 and the remaining varieties 1, 4, 5, 
…, v form reference design where variety 1 is considered as reference variety. 
 
Nguyen and Williams (2005) studied A-optimality under the same restricted model when 
number of varieties v = 6 (1) 20 and 2/)1(  vvbv .  The designs are available at 
http://mcs.une.edu.au/~nkn/mad/. 
 
These three catalogues contain some overlapping designs. Hence, there is need to identify 
the design for given parameters that make all possible pairwise treatment comparisons with 
highest precision. The designs available in the three catalogues were compared among 
themselves in terms of lower bound to A-efficiency [as given in (2)] and a catalogue of 
designs having highest A-efficiency (among the designs available in the literature) has 
been prepared for the parametric range 6  v  16, v  b  v(v-1)/2 and 3, 4, 5, 17  v  25 
and b = v and these designs are termed as most A-efficient block designs among the 
designs available in the literature. Lower bound to D-efficiency of the most A-efficient 
block designs among the available designs in the literature are also obtained and presented 
in the catalogue.  For the catalogue, one may refer to Sarkar and Parsad (2007) and Sarkar, 
Parsad, Rathore and Gupta (2007).  
 
4. Analysis of Variance for Microarray Data from Latin Square Arrangement  
Let yijkg denote the measurement from the ith array, jth dye, kth variety, and gth gene. To 
account for the multiple sources of variation in a microarray experiment, consider the 
model 

ijkgkgiggkjiijkg VGAGGVDAy   )()()log(     

 
where  is the overall average signal, Ai represents the effect of the ith array, Dj represents 
the effect of the jth dye, Vk represents the effect of the kth variety, Gg represents the effect 
of the gth gene, (AG)ig represents a combination of array i and gene g (i.e., a particular spot 
on a particular array), and (VG)kg represents the interaction between the kth variety and the 
gth gene. The error terms ijkg are assumed to be independent and identically distributed 
with mean 0. 
 
Consider the above example (table 3), data is taken for 1286 genes from each of the four 
array-dye-variety combination.  The data is available in below site (http://www.jax.org/ 
staff/churchill/labsite/pubs/index.html). The dataset is analyzed using SAS 8.0 software 
and the analysis of variance (ANOVA) for the Latin square arrangement using the above 
data is given by 
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Table 7 
Source df SS MS
Array 1 92.34 92.34
Dye 1 0.74 0.74
Variety 1 2.97 2.97
Gene 1285 1885.89 1.47
Array-Gene 1285 160.01 0.12
Variety-Gene 1285 1357.28 1.06
Residual 1285 82.75 0.0644
Corrected Total 5143 3581.99 

           R2=0.977 
 
The sums of squares are presented as an estimate of the relative contribution of each set of 
effects. For example, one sees from the sum of squares that there is a large difference 
between the two arrays, compared to a modest tissue effect and an even smaller dye effect. 
The large array effect may be large due to variety-dye (i.e. labeling) variation as A is 
completely confounded with DV.  
 
5. Conclusions 
Microarray experiment makes a quantitative comparison between two RNAs. The samples 
from different tissues are paired onto arrays in the experimental layout that determines the 
confounding structure of the design. In reference design an extraneous ‘reference sample’ 
is used along with the test samples of interest. Every sample of interest is compared to the 
reference sample in a hybridization. This design is advantageous in the sense that it is 
readily extendable. Additional varieties can be added to the experiment by adding another 
array on which a new variety is compared to the reference sample. However, major 
drawback of this design is more data are collected on the reference variety than any other, 
although this variety will generally be of least interest and again no degrees of freedom is 
left to estimate the error variance. Two designs alternating loop design and Latin square 
design are proposed as an alternative of the reference design. In loop design a loop 
structure is seen, this design does not have the orthogonality of variety and dye effects, it 
retains the other advantages, namely collecting more data on the varieties of interest and 
providing degrees of freedom for estimating error. If every variety in a microarray 
experiment appears in the design labeled with the red and green dyes equally often, variety 
is orthogonal to dye. One consequence of orthogonality is that the estimates of the two 
factors are uncorrelated. A second consequence is that including or excluding one effect in 
the model does not alter the estimates obtained for the other effect. The Latin square 
arrangement results in uncorrelated estimates for all effects not in the same pair. It is 
possible that DG effects could be present in a microarray experiment. However, leaving 
them out of the Latin square analysis will not alter the estimates of other terms in the 
model. This is only true for designs in which the DG effect is orthogonal to the other 
effects. Omitting DG effects leaves degrees of freedom for estimating error. 
 
Another important and common question in DNA microarray experiments is the 
identification of differentially expressed genes, that is, genes whose expression levels are 
associated with a response or covariate of interest. The biological question of differential 
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expression can be stated as a problem in multiple hypothesis testing: the simultaneous test 
for each gene of the null hypothesis of no association between the expression levels and 
the responses or covariates. Researchers are interested in determining the direction of 
rejection of the null hypothesis, that is, in determining whether genes are over or under 
expressed. One may also be interested in testing several hypotheses simultaneously for 
each gene. Another aspect in which one may be interested is the two-dimensional testing 
problem where several hypotheses are tested simultaneously for each of thousands of 
genes. This problem of multiple hypothesis testing requires attention of the statisticians. 
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