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ABSTRACT

We describe the statistical analysis of an experiment to
compare gene expression in treated and control mouse liver
samples. Experimental replication was achieved by using
two arrays to study the two samples and by spotting genes
multiple times per array. We apply the analysis of vari-
ance to estimate the quantities of interest and identify other
sources of variation. In particular, we uncover a striking
example of a gene-specific dye effect. We use a “bootstrap-
ping” technique to put error bars on estimates of relative
expression between the two samples.

1. INTRODUCTION

Spotted cDNA were used to study the expression of genes
in the liver related to type II diabetes. An introduction to
microarray technology can be found in [1] and in previous
work by the authors [4] [5] [6]. NZO/HILt male mice rep-
resent a model of maturity-onset type II diabetes. Mice of
this strain are large at weaning, and gain weight rapidly
thereafter. The rapid development of post-weaning obesity
leads to the development of insulin resistance, and eventu-
ally type II diabetes in males [8]. If the diet fed to wean-
ling mice is supplemented with 0.001% CL316,243, a beta-
3 adrenergic receptor agonist, the metabolic defects are in
large part normalized such that obesity is blunted and dia-
betes is averted.

In order to study the nature of the genes underlying
the dysregulated metabolic pathways, we compared gene
expression in livers of NZO/HILt male mice fed for 4 weeks
from weaning with chow diet supplemented with 0.001%
CL316,243 with livers from males fed unsupplemented diet.
Prototype mouse arrays were printed on CMT-GAPS coated
slides using Corning proprietary technology. Two arrays
spotted with 78 genes were used to compare the tissues.
Seventy-six genes were spotted four times on each array and
the remaining two genes were spotted 16 times per array.

2. EXPERIMENTAL DESIGN AND ANALYSIS

Table 1 shows the experimental design, which is sometimes
called a “dye swap,” “flip fluor,” or Latin Square design
[6]. Following convention, we sometimes use “red” and
“green” to refer to the two dyes. As discussed in [6], the
Latin Square design has a particularly neat mathematical
structure that is conducive to efficient estimation of vari-
ous effects in the data. As in [6] and [4], we identify four
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fundamental experimental factors: arrays (A), dyes (D),
the treated and control RNA varieties (V), and genes (G).
With four factors there are 2* = 16 possible factorial effects.
However, not all of these effects are identifiable. Table 2
gives the confounding structure of the Latin Square experi-
mental design. Each experimental effect is confounded with
one other effect, its alias. Non-aliased effects are orthogo-
nal.

| | Dye 1/“Green” | Dye 2/“Red” |
Control
Treatment

Treatment
Control

Array 1
Array 2

Table 1: Experimental Design

mean ~ ADV G ~ ADVG
A ~ DV AG ~ DVG
D ~ AV DG ~ AVG
A% ~ AD VG ~ ADG

Table 2: Confounding structure of the latin square design.
The ~ identifies aliased effects.

The effects of interest are expression levels of genes
specifically attributable to varieties, i.e. variety xgene (VG)
interactions. In order to measure VG effects it is necessary
to assume that ADG effects are 0. A three-way interaction
of arrays, dyes, and genes, would mean that every measure-
ment depends on the channel and array where it is taken,
and that this dependence is different for every gene. In ef-
fect, this says there is no consistency across arrays and that
the technology is ineffective. An advantage of the Latin
Square design is that VG effects are orthogonal to all other
effects. This means that other factorial effects will not bias
estimates of VG effects, and accounting for other sources
of variation does not reduce the precision of VG estimates.
The clean structure of the Latin Square design is not shared
by other strategies for microarray experiments, including
some commonly used designs [4].

Following the recommendation of [9], we plotted the dif-
ference of the two readings for each spot against the mean
with the data on the log scale. If most genes are not dif-
ferentially expressed one expects to see a horizontal band
in these plots. Instead, we see curvature (Figure 1 (a) and



(b)). Consequently, we applied the “shift-log” data trans-
formation [3], which assumes there is a differences in the
dyes that is additive on the raw data scale. The transfor-
mation requires estimating a single parameter, the shift,
for each array. Fix an array 7 and let R be the vector
of red signal intensities and G be the vector of green sig-
nal intensities. We estimate a constant shift s; for array
i = 1,2 to minimize the absolute deviation from the me-
dian of log(G + s;) — log(R — s;). The estimated shifts are
s1 = 1728.8 and s = 1801.6. In other words, for array 1
the transformed data is log(G+1728.8), log(R—1728.8) and
similarly for array2. Figure 1 (c) and (d) show the differ-
ence versus mean plots for the shift-log data. Comparing
(a) with (c) and (b) with (d), we see the shift-log transform
straightens these plots.

Like symbols were used in Figure 1 to plot the four (or
sixteen) points corresponding to the four spots of each gene.
Counsider the four squares above the mass of the data in the
plots for array 1. Notice that these squares are below the
mass of points in array 2. It is logical that the points are
in opposite positions in the plots for the two arrays because
the dyes were switched. On the other hand, consider the
diamonds in the upper-left corner of the plots for array 1.
Under close inspection we see these points stay in approx-
imately the same position for array 2. This gene, IGF2,
consistently produced higher signal in the green fluor, re-
gardless of which sample was labeled green. Note that if
only one array had been used in this experiment instead
of two, dye and variety would be completely confounded.
There would have been no way to detect that the differen-
tial signal was an artifact of the dyes and not due to dif-
ferential expression between the varieties. One would have
been tempted to falsely conclude that IGF2 is differentially
expressed.

Here we could identify this gene-specific dye effect by
inspecting simple scatterplots because only 78 genes were
spotted. However, it is more typical for thousands of genes
to be spotted. Analysis of variance (ANOVA) methods [6]
provide a tool to automatically detect such artifacts in the
data as long as the experimental design does not confound
the relevant factors. Let y;;xg, be the shift-log transformed
data value from array i = 1,2, dye j = 1,2, variety k = 1, 2,
and spot r =1,... ,85 of gene g =1,...,78, where sy =4
or 16 depending on how many times gene g was spotted.
Consider the ANOVA model

Yijkgr =[L+Ai+Dj+Vk+Gg+...
A (AG)zgr + (VG)kg + (DG)]Q + €ijkgr,

where p is the overall mean, A; is the overall array effect,
Dj is the overall dye effect, V}, is the overall variety effect,
and Gy is the overall gene effect across the other factors.
The (AG);y, terms capture spot effects, which arise because
there is variation in the amount of DNA deposited in each
spot during the printing process. The (DG);g terms capture
gene-specific dye effects such as those observed for IGF2.
The (VG)rgy effects represent levels signal intensity for genes
that can specifically be attributed to the treatment and
control varieties. These are the effects of interest. The
€ITOT €;jkgr iS assumed to be independent have mean 0. We
note that all sixteen possible experimental effects of array,

dye, variety, and gene are directly or indirectly accounted
for in this model because of confounding.

Table 3 gives the analysis of variance for the trans-
formed data. Because genes were spotted multiple times
on the arrays, degrees of freedom remain to estimate er-
ror even though all factorial effects are represented. The
dyexgene effect has the smallest mean square, but it is 11
times larger than the residual mean square. Figure 2(a)
shows a histogram of the estimated dye xgene effects for
the 78 genes. There is one outlier in the distribution, cor-
responding to IGF2. This demonstrates how ANOVA au-
tomatically detects effects in the data.

| Source | SS df MS |

Array 0.11 1 0.11

Dye 3.35 1 3.35

Variety 45.69 1 45.69

Gene 917.53 7 11.92

Spot 145.19 289 0.46

Variety+*Gene 66.46 i 0.86

DyexGene 21.30 77 0.28

Residual 19.72 820 0.0241
Adjusted Total | 1219.35 1343

Table 3: Analysis of Variance. Notation: SS=sum of
squares; df=degrees of freedom; MS=mean square.

The experimental objective is to identify genes that
are differentially expressed between the treated and con-
trol sample. In statistical language, we are interested in
genes with significant variety xgene interactions. In order
to decide which genes show convincing evidence of differen-
tial expression we need to put error-bars on the estimates
of differential expression. The residuals from this analysis
are slightly heavier-tailed than the normal distribution, so
we use a bootstrapping procedure [2] [6]. Figure 2(b) is a
histogram of the estimates of (VG)2y — (VG)14 of the 78
genes. The vertical lines on the histogram show the thresh-
old for differential expression determined by the bootstrap-
ping procedure assuming 4x spot replication. Ten-thousand
bootstrap simulations were used. Figure 3 plots the 78 es-
timates of (VG)2g — (VG)14 in ascending order with 99.9%
bootstrap confidence bounds. The two genes spotted with
16-fold replication instead of 4-fold replication are easily
identified since their confidence intervals are half as wide.
There is strong evidence that five genes, which are labeled in
the plot, are differentially expressed. The gene that shows
the highest increase in expression in the treated sample is
Methalothionine 2, which is a toxic response gene in the
liver. The gene with the largest decrease in expression in
the treated sample is Ppara, which is a transcription fac-
tor involved in fatty acid metabolism. In addition to the
five labeled genes, a handful of other genes have confidence
bounds that do not contain (0. These genes are candidates
for further study, but the evidence of differential expression
is much less compelling.



3. DISCUSSION

The analysis of variance provides a statistical foundation for
analyzing microarray data. Standard methods of comput-
ing simple ratios of signal intensity do not provide a means
of determining which ratios are significant. It is common
for an arbitrary cut-off of two- or three- fold to be used.
In contrast, in the ANOVA framework one uses the data
to both estimate relative expression and also to learn the
magnitude of the noise in the data. This allows one to put
error-bars on estimates of relative expression and decide
which genes show evidence of differential expression.

The importance of replication in microarray experiment
has been stressed by many authors [4] [7]. In this exper-
iment, replication was achieved by using two arrays and
spotting genes multiple times per array. This provided de-
grees of freedom to measure all factorial effects with positive
residual degrees of freedom. Multiple spotting may not al-
ways be possible when there are thousands of genes to be
studied because there may not be space. In this case we
advocate replication by adding more arrays to the experi-
mental design.

In addition to replication, another fundamental aspect
of good design is balance. In the Latin Square design there
is total balance among arrays, dyes, varieties, and genes.
This means the effects of interest, VG, are orthogonal to
all other factorial effects except one, which is reasonably
assumed to be zero. In particular, VG effects are orthog-
onal to gene-specific dye effects DG. In this experiment,
ANOVA uncovered a striking example of DG effects. We
have seen them in other data, and thus advocate even de-
signs — designs where RNA varieties and dyes are balanced
[4]. This balance ensures that DG and VG are orthogonal
so that accounting for the former will not effect the lat-
ter. By minding the principles of good design, balance and
replication, experimenters can make the most of their mi-
croarray studies.
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