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SUMMARY

RNA Expression Microarray technology is widely applied in biomedical and phar-

maceutical research. The huge number of RNA concentrations estimated for each

sample make it difficult to apply traditional sample size calculation techniques and

has left most practitioners to rely on rule-of-thumb techniques. In this paper, we

describe and demonstrate a simple method for performing and visualizing sam-

ple size calculations for microarray experiments. We then summarize simulation
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results showing that this method performs well, even under a variety of depar-

tures from our simplifying assumptions, provided that the underlying formula for

computing sample size has been appropriately selected. Although we demon-

strate sample size calculation only for the two-sample pooled t-test, it is trivial to

substitute an alternative sample size formula appropriate to the problem at hand.

The described method has been implemented in the ssize R package, which is

available from the Bioconductor project (http://www.bioconductor.org) web

site.
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1. Introduction

High-throughput microarray experiments allow the measurement of expression

levels for tens of thousands of genes simultaneously. These experiments have

been used in many disciplines of biological research, including as neuroscience

(Mandel et al., 2003), pharmacogenomic research, genetic disease and cancer di-

agnosis (Heller, 2002). As a tool for estimating gene expression and single nu-

cleotide polymorphism (SNP) genotyping, microarrays produce huge amounts of

data which are providing important new insights.

Microarray experiments are rather costly in terms of materials (RNA sample,

reagents, chip, etc), laboratory manpower, and data analysis effort. As a conse-

quence, such experiments often employ only a small number of replicates (2 to

8) (Yang and Speed, 2003). In many cases, the selected sample size may not be

adequate to provide reliable statistical answers to the scientific question of inter-
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est. Conversely, a given sample size may be larger than necessary for answering

the question at hand. Either case can result in a waste of resources. It is im-

portant, therefore, to perform proper experimental design, including sample size

estimation, before carrying out microarray experiments. Since tens of thousands

of variables (gene expressions) may be measured on each individual chip, it is

essential to take into account multiple testing and dependency among variables

when calculating sample size. Estimating sample size for large number of statis-

tical tests adds new questions to those traditionally posed by sample size calcu-

lations, including: Should one use one or multiple values for power? Should a

single value for minimum effect size be used? How should error rates be adjusted

for multiple-testing? How can we account for dependency among the variables?

Further, traditional methods for sample size calculation apply only to a single hy-

pothesis test and cannot be directly applied to the microarray problem where tens

of thousands of hypothesis tests are preformed.

Possible approaches to estimating sample size for microarray experiments

range between two extremes. At one extreme, sample size estimation can be

performed by constructing a model for the entire system, including the realistic

error structures and interdependencies among variables. Provided that the model

is appropriate, this choice should generate a highly accurate answer. However,

it can take tremendous effort to find an appropriate and general model, not to

mention the complexity necessary for fitting such a model. Since the behavior of

microarray data from different microarray technologies and for different biologi-

cal systems is extremely varied, the applicability of such model and its heuristic
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parameters to a particular problem is uncertain.

At the other extreme, standard sample size calculation methods can be applied

individually to each gene, and a summary can be constructed to provide an overall

estimate of the required sample size. With this choice, the calculations are simple

to set up, the results can be obtained quickly, and it is easy to incorporate available

data. Further, such methods are easy to understand and to explain to applied

scientists. However, this approach might not capture enough of the structure of

the system, leading to incorrect estimates for sample size.

Several papers have addressed the sample size calculation. For example, (Zien

et al., 2003) applied the first approach and proposed a hierarchical model includ-

ing several different sources of error and suggest heuristic choices for the key pa-

rameters in the model. Unfortunately, the model itself is non-identifiable, prevent-

ing the use of historical data to directly estimate the necessary parameters. Some

proposed methods have set the parameter being the same and address the sam-

ple size calculation for different microarray designs (Lee and Whitmore, 2002),

(Dobbin and Simon, 2005) or specific purposes such as classification (Hua et al.,

2005). Several recent papers investigated the problem of multiple testing such as

controlling the false discovery rate (FDR) (Liu and Hwang, 2005), (Yang et al.,

2003), (Pawitan et al., 2005), (?),(?). The sample size calculation has been an

applied topic that attracts many statisticians.

We have applied this simple approach, i.e., to calculate sample size individu-

ally for each gene. We propose a new visualization method that can inform biolo-

gists about the tradeoff between sample size and power. This has been applied in
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our consultation work and proved to be very helpful in deciding sample size with

consideration of experimental costs and statistical power. The proposed method

in this paper can be combined with other methods mentioned above as long as

the calculation of sample size per gene is available. Since the method is based on

simplified assumptions, we also describe a simulation study demonstrating that

our method functions well despite its simplicity.

The paper is organized as follows. Section 2 describes our proposed method in

detail. Simulation studies to check the performance of the method under a variety

of conditions are outlined in Section 3. Section 4 presents results and observations

from the simulation study. Section 5 provides discussion of the simulation results

and comparison of our method with other proposed methods.

2. Method

To illustrate our method, we assume that a microarray experiment is set up to

compare gene expressions between one treatment group and one control group.

The scanned intensity data for microarray experiments usually go through qual-

ity control, transformation and normalization, as reviewed in (Smyth et al., 2003;

Quackenbush, 2002). We assume that data first go through those steps before ap-

plying statistical tests. Before the experiment, we have no observations to check

the distribution. It seems reasonable to make a convenient assumption that the

distribution of the pre-processed data is normal and hence a standard 2-sample

pooled-variance t-test is applicable detect differentially expressed genes. The

same assumption has been made by other methods to calculation sample size for
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microarray experiments (Yang et al., 2003), (Liu and Hwang, 2005), (Dobbin and

Simon, 2005), (Pawitan et al., 2005). The tested hypothesis for each gene is:

H0 : µT = µC

versus

H1 : µT 6= µC

where µT and µC are means of gene expressions for treatment and control group

respectively.

The proposed procedure to estimate sample size is:

1. Estimate standard deviation (σ) for each gene based on control samples

from existing studies performed on the same biological system.

2. Specify values for

(a) minimum effect size, ∆, (log of fold-change for log-transformed data)

(b) maximum family-wise type I error rate, α

(c) desired power, 1−β.

3. Calculate the per-test Type I error rate necessary to control the family-wise

error rate (FWER) using the Bonferroni correction:

αG =
α

G
(1)
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where G is the number of genes on the microarray chip.

4. Compute sample size separately for each gene according to the standard

formula for the two-sample t-test with pooled variance:

1−β

= 1−Tn1+n2−2

(
tαG/2,n1+n2−2| ∆

σ

√
1

n1
+ 1

n2

)

+ Tn1+n2−2

(
−tαG/2,n1+n2−2| ∆

σ

√
1

n1
+ 1

n2

)
(2)

where Td(•|θ) is the cumulative distribution function for non-central t-

distribution with d degree of freedom and the non-centrality parameter θ.

5. Summarize the necessary sample size across all genes using a cumulative

plot of required sample size verses power. An example of such a plot is

given in Figure 1 for which we assume equal sample size for the two groups,

n = n1 = n2.

On the cumulative plot (Figure 1), for a point with x coordinate n, the y coor-

dinate is the proportion of genes which require a sample size smaller than or equal

to n, or equivalently the proportion of genes with power greater than or equal to

the specified power (1−β) at sample size n. This plot allows users to visualize

the relationship between power for all genes and required sample size in a single

display. A sample size can thus be selected for a proposed microarray experiment

based on user-defined criterion. This will provide not just a single number but the
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Figure 1. After estimation for each gene separately, all estimated sample sizes are
summarized in this cumulative plot. Sample size can then be selected by balancing
the number of genes achieving the desired power against the required sample size.
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Figure 2. Given sample size, this plot allows visualization of the fraction of genes
achieving a specified power.
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Figure 3. Given sample size, this plot allows visualization of the fraction of genes
achieving the specified power for different fold changes.
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tradeoff in selecting sample size with respect to statistical power. For the plot in

Figure 1, for example, requiring 70% of genes to achieve the 80% power yields a

sample size of 10.

Similar plots can be generated by fixing the sample size and varying one of

the other parameters, namely, significance level (α), power (1−β), or minimum

effect size (∆). Two such plots are shown in Figures 2 and 3.

Our method for computing sample size is easily adapted to other statistical

tests for detecting differentially expressed genes. For example, if several groups

of treatments are to be compared using ANOVA, our method can be modified by

replacing the pooled t-test sample size formula (2) with the corresponding formula

for the F-test. Similarly, formula (2) can be replaced with a paired t-test sample

size formula to allow the use of a paired t-test.

3. Simulation Study

Given the simplifying assumptions used by our proposed method, we chose to

perform a simulation study in order to check its performance under violations of

our assumptions and to determine the influences of additional factors that could

affect the accuracy of the results in the context of 2-sample t test. Similar studies

can be performed to other tests that will be applied for microarray study.

Many variables could affect the accuracy of our sample size estimation method.For

example, our method assumes independence between tests. However, biology

predicts–and measured gene expressions demonstrate–strong dependency patterns

among genes (e.g. among co-regulated genes). Unequal variance between the
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Table 1
Tested Variables in Simulation Study. FDR indicates the Benjamini and

Hochberg (1995) procedure to control false discovery rate

Description Variable Tested Levels

Proportion of genes 100%, 80%,
that are dependent γ 50%, 0%
Proportion of genes with 100%, 50%,
true differential expression a 10%, 5%
Variance ratio
between two groups r 1, 3, 10
Minimum effect size 2-fold
for scientific relevance ∆ 4-fold
Choice of multiple Bonferroni,
comparison method m.method FDR

control and treatment groups is another potential violation of our method’s as-

sumptions. Table 1 summarizes each of the variables that we included in our

simulation study.

For different combinations of the parameters in Table 1, we simulated hun-

dreds of micrarray data sets with sample size determined by the calculation under

the simplified assumptions as described in Method. We then obtained the real

power after performing hypothesis testing. Then the comparison between the

simulation and calculation would show whether the proposed method provide a

reasonable guide in practice.

The simulation passes for each combination of the simulation parameters fol-

low the steps outlined in Figure 4.

Each pass starts by generating a “true” underlying distribution by sampling
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standard deviations (for independent genes) and covariance matrices (for groups

of interdependent genes) from a reference data set. Our reference data set contains

gene expression values for smooth muscle cells from a control group of untreated

healthy volunteers processed using Affymetrix U133 chips and normalized per

the Robust Multi-array Average (RMA) method of Irizarry et al. (2003). The co-

variance matrices were calculated by selecting for each gene the most correlated

49 genes and calculating the covariance matrix for the 50 genes as a group. Then

we have 12625 covariance matrices to sample from and each matrix has the di-

mension of 50x50. A specified fraction a of the genes is randomly selected as

exhibiting a true change in expression consequent to the applied treatment. For

these genes, the mean is set to the selected effect size ∆. For all other genes, the

mean is set to 0.

We then mimic the process of using our method in practice. This can be

viewed in two branches. For initial sample size estimation (left branch in Fig-

ure 4), we generate a set of samples based on the generated “true” underlying

distribution for use as the historical reference population in our sample size esti-

mation method. This serves the role of pilot study which is often available before

designing experiment in real problem. We then compute a standard deviation for

each gene based on this data set. These standard deviations are then used as to

estimate the cumulative sample size curve for 80% power.

Once the sample size estimation has been completed, 985 separate experimen-

tal populations are generated (right branch of Figure 4). We elected to use 985

samples sets after calculating that 983 samples are required to provide 95% confi-
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dence that the power obtained from simulation result is within a margin of 2.5% of

true power. The standard two-sample t-test with pooled variance is then applied to

each individual population using a range of sample sizes. Error rate within pop-

ulations is controlled using one of two different methods, either the Bonferroni

method for family-wise Type I error rate or the Benjamini and Hochberg proce-

dure (1995) for False Discovery Rate (FDR). The tests from all populations are

then pooled to determine the true power for each gene at each sample size. This

allows the generation of the true cumulative sample size by summarizing across

genes, which is then compared with the estimated curve generated by our pro-

posed method. If the violations to the assumptions does not affect the accuracy of

the sample size calculation, we would expect to see the overlap of the two curves

obtained from simulation and from calculation.

4. Results

4.1 Dependency

Independence of the genes is a convenient statistical assumption, allowing ap-

plication of statistical tests separately to each gene, which is applied in the pro-

posed method. However, there is considerable biological and statistical evidence

that the expression levels of genes are not independent (e.g. many transcription

factors collaborate to regulate the expression of any one gene). To check the per-

formance of the proposed method in estimating sample size when gene expres-

sions are dependent in groups, we compared estimation of sample size based on

proposed method with different proportions (γ) of genes that are in fact interdepen-
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Figure 4. Simulation study performed to check the performance of proposed
method. One set of gene expression sample is generated and calculated for sample
size following the steps descried in Method. Many sets of gene expression data are
generated and tested with standard pooled-variance t-test. Test results are pooled
to get the true power for each sample size. Estimated sample size and simulation
results are compared at the end.
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dent in groups containing up to 50 genes. The covariance structure are based on

our reference data set as described in Simulation Study. Figure 5 presents the re-

sult for the two most extreme cases: all genes are independent of each other (panel

(a)) and 100% of genes come from interdependent groups (panel (b)). The other

parameters for the two displayed panels are identical: α = 0.05, 1− β = 80%,

a = 1, r = 1, ∆ = 1 (2-fold change) and Bonferroni adjustment is applied to con-

trolling family wise type I error (FWER). In both cases, as well as at intermediate

levels of dependency, the estimated sample size curve overlaps the results from

simulation. This demonstrates that interdependency among genes has little or no

effect on sample size estimation using our method. This result is reassuring, given

the high degree of interdependence known to exist among genes.

4.2 Proportions of Genes with True Differential Expression

The proportion of genes with true differential expression will vary consid-

erably among treatments. We suggest using all available genes for calculating

cumulative plot unless information is available indicating that a specific subset of

genes is more likely to be truly differentially expressed. In this latter case, this

subset or “focus” list of genes can be used for sample size estimation instead of

or in addition to performing the calculations for all genes.

We simulated four proportions of genes with true differential expression, a =

100%,50%,10% and 5%. None of the tested levels showed any effect on the

accuracy of sample size estimation, i.e., the estimated sample size curve over-

lapped with true result from simulation for all tested proportions of differentially
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Figure 5. Effect of interdependency of genes on sample size estimation. Cumu-
lative plots for sample sizes from both estimation and simulation result are gen-
erated for the following variable values: a = 1,r = 1,∆ = 1 (2-fold change) and
Bonferroni adjustment is applied for controlling family-wise type I error. Dashed
green lines are estimated sample sizes while solid black lines are sample sizes
obtained from simulation result.
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Figure 6. Effect of the proportion of genes with true differential expression
on sample size estimation. Cumulative plots for sample sizes from both es-
timation and simulation result are generated for the following variable values:
γ = 1,r = 1,∆ = 1 (2-fold change) and Bonferroni adjustment is applied for con-
trolling family-wise Type I error. Dashed green lines are estimated sample sizes
while solid black lines are sample sizes obtained from simulation result.
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expressed genes (Figure 6).

4.3 Variance Ratio

As described here, our method employs the sample size formula for the two-

sample pooled-variance t-test. This test is only valid when the comparison groups

have approximately equal variance. To determine the sensitivity of our method to

the equal variance assumption, we simulated variance ratio between two groups

of 1, 3 or 10. Since the problem is symmetric, it was unnecessary to test the ratios

1/3 and 1/10.

As expected, when the equal variance assumption is satisfied (variance ratio
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is 1) the estimated sample size agrees exactly with the true sample size (Figure

5 and 6). When the variance ratio is larger than one, the simulations show that

the true sample size increases while the estimated sample size remains constant

(Figure 7). This is as expected and simply confirms that the two-sample pooled

t-test (2) is not robust against unequal variance.

Thus, when the treatment and control groups are expected to have a variance

ratio greater than 3 or smaller than 1/3, we recommend replacing the pooled t-test

sample size formula (2) with an appropriate unequal variance t-test sample size

formula, and, of course, using the unequal-variance t-test for detecting differen-

tially expressed genes.

4.4 Minimum effect Size

As the minimum effect size (∆) increases, genes that are truly differentially

expressed are easier to detect and the required sample size is correspondingly

smaller. In our simulation, when we require at least 80% genes to achieve 80%

power, a per-group sample size of 6 is required to detect 2-fold changes (∆ = 1),

while only 4 samples per group is needed to detect 4-fold changes (∆ = 2) when

γ = 1, a = 1, variance ratio = 1 and using the Bonferroni correction to control

family-wise type I error. Our simulations demonstrate that, as expected, change

in ∆ has no effect on the accuracy of our sample size estimation methods since the

value of ∆ is explicitly included in the sample size formula 2.
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Figure 7. Effect of variance ratio between treatment groups on sample size esti-
mation. Cumulative plots for sample sizes from both estimation and simulation
results are generated for the following variable values: γ = 1,a = 1, ∆ = 1 (2-fold
change) and Bonferroni adjustment is applied for controlling family-wise Type I
error. Dashed green lines are estimated sample sizes while solid black lines are
sample sizes obtained from simulation result.
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4.5 Multiple Comparison Method

Many different methods have been proposed to control error rate for multiple

testing. These include the Bonferroni correction for strong control of family-wise

Type I error (FWER), the Benjamini and Hochberg (1995) method for control-

ling false discovery rate (FDR) and Storey’s (2002) q-value procedure to control

FDR or positive FDR (pFDR) . Both the FDR and pFDR methods control the

proportions of false positives among all positive findings. These allow a certain

proportion of Type I errors within the list of positive calls, usually resulting in

higher power than Bonferroni adjustment which attempts to control the probabil-

ity of any Type I error.

Although the FDR methods are applied more often in practice, we chose to

utilize the Bonferroni method in sample size estimation for two reasons: First, the

Bonferroni method is simple to apply. Second, it provides a conservative estimate

of power and hence sample size. To determine the extent of the conservatism, we

compared the estimated sample size when controlling FWER using the Bonfer-

roni correction with the true sample size needed when controlling FDR via the

Benjamini and Hochberg (1995) procedure (BH procedure). As expected, Figure

8 shows that the true sample sizes needed for the FDR method is considerably

smaller than the sample size estimated using the Bonferroni adjustment.

5. Discussions

The number of chips included in microarray experiments directly affects the re-

liability of any conclusions from data analysis. Thus, it is important to have an
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Figure 8. Effect of multiple comparison method on sample size estimation. Cu-
mulative plots for sample sizes from both estimation and simulation result are
generated for the following variable values: γ = 1,a = 1,r = 1,∆ = 1 (2-fold
change). Dashed green lines are estimated sample sizes while solid black lines
are for sample sizes obtained from simulation result.
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appropriate method for selecting the number of chips required to obtain reliable

data in order to avoid wasting effort and resources. The huge number of corre-

lated outcomes prevents traditional methods of estimating sample size from being

directly applied to microarray experiments, at the same time that the increasing

frequency of microarray experiments demands that appropriate methods be devel-

oped.

The literature proposes several methods of sample size calculation for microar-

ray experiments. None are as straightforward and flexible as the method proposed

here. Hwang et al. (2002) proposed a method that first identifies differentially ex-

pressed genes and then calculates power and sample size on a reduced parameter

space. Dow studied relationship between minimum detection size and sample size
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for a specific experiment (2003). Both methods cannot be applied to cases where

preliminary results, including a knowledge of differentially expressed genes, are

not available. Zien et al. (2003) proposed a hierarchical model which includes

several different sources of error and recommend heuristic choices for the key pa-

rameters in the model. After attempting unsuccessfully to fit this model to real

data, we discovered that that the model itself is non-identifiable. This makes it

inappropriate to employ across the variety of sample types we see in practice.

We have instead proposed a very straightforward method for estimating re-

quired sample size that is easy to apply and is simple to adapt or extend. The

key component of our method is the generation of cumulative plot of the propor-

tion of genes achieving a desired power as a function of sample size, based on

simple gene-by-gene calculations. While this mechanism can be used to select a

sample size numerically based on pre-specified conditions, its real utility is as a

visual tool for helping clients to understand the trade off between sample size and

power. In our consulting work, this latter use as a visual tool has been exception-

ally valuable in helping scientific clients to make the difficult trade offs between

experiment cost and statistical power.

In order to check the performance of our proposed method, we performed an

extensive simulation study. Of the variables tested in the simulation (Table 1), only

variance structure and the multiple testing method had some substantial impact on

the accuracy of the sample size estimation. Both of these were expected a-priori

due to the specific assumptions employed and are easily corrected by appropri-

ate modifications to the method (i.e. use of the appropriate sample-size formula
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and use of the appropriate multiplicity correction during sample size estimation,

respectively).

Neither the proportion of genes that are interdependent (γ) nor the proportion

of genes with true differential expression (a) have any meaningful effect on the

accuracy of our sample size estimates. This is fortunate, since a problem in either

area would be difficult to correct based on information available before the ex-

periment is run. That is, while we expect that genes have high correlation within

regulatory and functional groups, it is currently impossible to determine the level

of correlation among sets of genes for a given experiment before it is run. Like-

wise it is difficult to predict the fraction of genes with true differential expression

before running the experiment.

In all of the cumulative plots of sample size versus number of genes achieving

80% power we found that there is a steep increase at small sample numbers. For

example, Figure 5 shows that an increase of sample size from 4 to 5 assures 40%

more genes with desired power (from 22% to 64%). Another increase of one chip

(sample size = 6) results in about 80% of genes with the desired power. Taking

this into account, an ideal sample size might be the leftmost number at the top of

the steep portion of the curve.

Our simulation has also confirmed that the Benjamini and Hochberg procedure

for controlling FDR has much more power than Bonferroni adjustment (Figure 8).

A useful extension of proposed method would be the use of a FDR control instead

of the conservative Bonferroni adjustment. One approach, suggested by Yang et

al. (2003) computes an individual type I error to control FDR based on an initial
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guess of how many genes will be differentially expressed (n0). This could be used

to modify our method to provide a better estimate when a FDR adjustment will be

employed. Unfortunately, the proposed transformation of FDR to type I error rate

is conservative and may control FDR at a level more strict than desired. We have

a method that applies FDR-control during the sample size estimation process that

can has been shown to provide more accurate estimation and can be combined to

the tool that is presented here.
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