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Foreword 
Affymetrix is dedicated to helping you design and analyze GeneChip® expression profiling 
experiments that generate high-quality, statistically sound, and biologically interesting results. 
With the material provided here and in the accompanying course, we are providing the 
information, resources, tools, and training to help you easily design and analyze experiments 
and maximize the value derived from your GeneChip data.  

There is a diverse range of experimental objectives and uses for GeneChip microarray data, 
which makes the areas of experimental design and data analysis quite broad in scope. As 
such, there are many ways to design expression profiling experiments, as well as many ways 
to analyze and mine data. This guide focuses on experimental design elements, statistical 
tests, and biological interpretation relevant to functional genomics expression profiling 
experiments, including transcriptional analysis of normal biological processes, discovery and 
validation of drug targets, and studies into the mechanism of action and toxicity of 
pharmaceutical compounds. 
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Overview of  Experimental Design Strategy 
The best microarray experiments begin with well defined goals, anticipation of technical 
pitfalls, and minimization of cost. This design phase is critical, as overlooking these key 
elements can result in highly variable or un-interpretable data. In this document, we 
summarize microarray experimental design concepts, as well as standard statistical tests and 
biological interpretation of results. This should assist you in avoiding costly errors—in time 
and money when planning your microarray experiments. 

The initial task is to define the objectives of the experiment. Each experimental design 
should optimize the chances of answering a key hypothesis. There is a natural temptation to 
test all of the interesting questions in a single experiment, but this approach is dangerous, as 
overly complex experiments may be un-testable, meaning the data are not statistically 
powerful enough to answer all questions. In practice this is the direct result of too few 
replicates or too little experimental control. 

We recommend that initial experiments focus on a thorough test of a single key hypothesis. 
Testing of more complex hypotheses are best postponed for follow up studies. This serial 
approach minimizes cost, maximizes statistical power, and simplifies biological 
interpretation. For example, in a study of the toxic effect of a drug in mice, your critical 
variable is dose. You will want to maximize the number of doses, minimize the number of 
time points, and maintain a single controlled rodent diet. The temptation to test many time 
points or a new diet at the same time may undermine your ability to statistically test the dose 
response. Ideally, you want replication to be maximized. 

To explain further, true statistical replication means that all test variables are changed 
independently, one at a time. To achieve this for each new variable added to a design, the 
required number of arrays is multiplied. For example, to replicate five doses, a minimum of 
three arrays are needed to replicate each dose, or a total of 15 arrays. If you test two time 
points to represent acute and chronic reactions, we need 30 arrays to have the same 
statistical power. If we insist on adding diet, we now need 60 arrays. However, if you test 
dose and time first, you can discover the maximum effective non-toxic dose and the critical 
time point. You can then follow up and re-test diet at just that one dose and one time point. 
If you use a control dose and single dose at three replicates each, and test two diets, you 
require only 12 arrays. Totaling the two serial experiments, you have used just 42 arrays 
rather than 60 to answer the dose, time, and diet questions. Of course, the interactions 
between these variables are not tested by serial experiments, but in general, interactions are 
less important than main effects. Thus, using the information from an earlier study to refine 
a further test is a practical way to avoid costly and complex experiments that may be difficult 
to execute. 

We also recommend pilot microarray studies for practical reasons. If there are any 
unforeseen difficulties in the acquisition of biological sample, the assay, or the data analysis, 
a pilot study will often find them. Refining methods after a small scale study is far cheaper 
and more effective than complex mathematical fixes well after the fact. Pilot studies provide 
a safety net if there are problems and, if there are no issues, the few early answers can be 
continued into the complete experiment. Generally, pilot studies are limited designs that 
focus on a single variable versus a control state. Pilot studies will also provide a good 
estimate of the variance of gene expression, which is useful in determining how many 
replicates your key question will require. 
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If you do not have extensive experience with statistics, enlist help from a statistician or 
textbook either before pilot study or just after. After the pilot study, a statistician may help 
calculate the statistical power of your design, as well as determine the analytical approach and 
any software you may require. Applying statistics in these planning stages can make the 
entire process easier and will help you avoid common pitfalls. 

In the following sections, we detail some of the sources of technical variability and suggest 
ways to minimize it. In addition, we also discuss some of the statistical methods often used 
for microarray analysis. 

Mitigating Technical and Biological Variance  
Before consideration of sources of biological variability can be entertained, other, non-
biological sources of variability must be identified and mitigated. In the GeneChip 
experimental process, the sources of variability in descending order are: biological, sample 
preparation (total RNA isolation, as well as labeling), and system (instruments and arrays). 
As a result of the standardization of the hybridization, staining, washing, and scanning, as 
well as the quality controls built into manufacturing 
processes (16), system noise is not a significant source of 
technical variation and does not need to be addressed. 
However, without careful technique and planning, sample 
preparation can be a large, unexpected, and unnecessary 
source of variation. 

Obviously, all equipment used in the process should be 
calibrated regularly to ensure accuracy. Once the 
equipment calibration is validated, the next consideration, 
in controlling variability in sample preparation, is the isolation of total RNA. This is an 
important step of a microarray experiment and care should be used during experimental 
planning to ensure that the RNA is of high quality and consistently suitable for labeling and 
array hybridization. Standard protocols are given in the GeneChip Expression Analysis 
Technical Manual (1), though modifications to this protocol may be needed for some tissues 
that are difficult to collect or have high quantities of potential contaminants.  

Sources of variability in 
decreasing order 
•  Biological 
•  Sample preparation 
•  System 



 EXPERIMENTAL DESIGN STATISTICAL ANALYSIS AND BIOLOGICAL INTERPRETATION 
 

 
 Page 7 of 56 

To assess sample quality following isolation of total RNA, the sample should be 
electrophoresed through an agarose gel to examine the ribosomal RNA bands. Non-distinct 
ribosomal RNA bands indicate degradation, which will surely lead to poor dsDNA synthesis 
and labeling. A260/A280 absorbance reading should be measured for both total RNA and 
biotinylated cRNA, with acceptable ratios falling between 1.8 and 2.1. Ratios below 1.8 
indicate possible protein contamination, and ratios above 2.1 indicate presence of degraded 
RNA, truncated cRNA transcripts, and/or excess free nucleotides. A more thorough 
discussion of metrics that describe RNA quality can be found in the Data Analysis 
Fundamentals Guide (2). 

 

Sample Quality Assessment Following Total RNA Isolation 
Action Expected Results Comments 
Electrophorese sample 
through an agarose gel. 

Distinct ribosomal RNA 
bands. 

Non-distinct ribosomal RNA bands indicate 
degradation, which will lead to poor dsDNA 
synthesis and labeling. 

Measure 260/280 
absorbance for total RNA 
and biotinylated cRNA. 

Ratios between 1.8 and 2.1. Ratios below 1.8 indicate possible protein 
contamination. 
Ratios above 2.1 indicate presence of 
degraded RNA, truncated cRNA transcripts, 
and/or excess free nucleotides. 

 

Reduction in process variability is the next step to minimizing variability in microarray 
results. A measurable source of potential variability in the labeling process is operator-to-
operator differences. It is important to emphasize that care must be taken in the reverse 
transcription and labeling protocols to ensure consistency 
throughout the entire process. Common practices include 
isolating RNA en masse on the same day, or running 
experiments on the same day and at the same time of the 
day, under as similar conditions as possible. However, this is 
often not practical, as some experiments can be quite large 
and occur over an extended period of time. Thus, it is 
important to measure, and then mitigate, variations in the 
labeling process, both within and between the bench 
scientists. 

This process validation can begin by following the sample 
from the isolation of the total RNA to the actual 
fragmentation of transcript following IVT. The use of gel 
electrophoresis will aid in following the sample from step to 
step in the assay and hybridization protocol. Gel 
electrophoresis can be performed after cDNA synthesis (if using poly-A mRNA as starting 
material), after cRNA synthesis, and after fragmentation. This will be helpful in estimating 
quantity and size distribution of the labeled sample. During this phase of technical 
evaluation, cRNA yield from a standard total RNA sample is another simple and effective 
method to assess consistency. 

Metrics for assessing process 
variability within and 
between technicians include:
•  Correlation coefficient 

>0.95 
•  False change in 

comparison analysis 
<1 or 2% 

•  Change from P to A and
A to P 
<10% 
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A simple method to assay process variability is to examine the correlation or concordance 
between data derived from standard total RNA samples, both within and between 
technicians. The most abundant and sensitive data point is the Signal intensity derived from 
a GeneChip array (see Example 1 below). Two identical total RNA samples are labeled 
separately and hybridized to two arrays and the data are compared. The correlation 
coefficient (r) should be very high (>0.95), and the false change in comparison analysis 
between the two labeling reactions (I/D > 1 signal log ratio) should be less than 1% or 2%, 
depending on the array used. In addition, the change from Present (P) to Absent (A) and A 
to P calls for the same genes should be under 10% overall. These metrics should also hold 
true when comparing data generated by the same or different technicians. 

If the technician is not able to achieve these conditions, then potential sources of variability 
should be investigated. As stated above, calibration of all equipment should be done on a 
regular basis. In addition, seemingly subtle events may make a difference. For example, 
reaction times should be standardized within the recommended time window, pipetting 
techniques should be investigated to ensure consistency, etc. Following validation of the 
bench scientists’ techniques for labeling and hybridizing samples, the remainder of the 
variability (equipment and array) should be a negligible portion of the total variability of the 
system. 

Ultimately, variability in the final data is the important issue. GeneChip Signals are designed 
to be robust against noise so that patterns in quality control metrics may not influence your 
results. Before throwing out data or attempting a complex correction, check the effect on 
Signal. Strong biological effects can be reliably measured even in the presence of technical 
noise. If quality metrics and Signal data both indicate that a given array is unacceptable, we 
recommend removing the data rather than attempting a mathematical repair. Most corrective 
measures are based on a theory of error, whether explicitly stated or implied. Unless you are 
sure that theory is a good model of reality you may accidentally create a new class of false 
positives. 

Every biological level of organization results in variation in gene expression so that, as a rule, 
biological variation should exceed technical variation in a well controlled process (3). Unlike 
technical variation, these key variables are system dependent and may be more difficult to 
control or even be uncontrollable. Fortunately there are methods for handling variance, 
whether controllable or not. 

Clearly, controlling as many variables as possible is the best option. For example, when 
working with a mouse model, use the same gender, the same light/dark cycle, sacrifice the 
animals at the same time in the same way, etc. What is not as 
obvious as these examples are seemingly innocuous changes 
in conditions that microarrays often detect. For example, 
Arabidopsis is so touch sensitive that simply spraying water 
on leaves triggers a suite of specialized genes (4). Heat shock, 
hypoxia, pH stress, and nutrient deficiencies are all examples 
of effects that induce gene transcription and can occur in 
whole animal, plant, and cell culture studies. 

If you do not normally control those variables in your system 
when measuring large scale phenotypes, you may unwittingly 
introduce problems of interpretation into your data set. 
Again the pilot study is very helpful here. Looking only at control arrays, you can rank genes 
by variance at every quartile of intensity. That is, rank the lowest 25% of Signals, and then 

Examples of effects that 
induce gene transcription 
•  Heat shock 
•  Hypoxia 
•  pH stress 
•  Nutrient deficiencies 
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check the next 25%, and so on. By entering the top 100 probe set IDs into the Gene 
Ontology Analysis Tool in the NetAffx™ Analysis Center we can quickly see if a particular 
process is indicated. (Please refer to the “Biological Interpretation of GeneChip Expression 
Data” section of this document.) If this process is controllable, then your pilot study has 
paid off. 

Of course, we know that there are many factors that we cannot control and some factors 
which we only suspect may influence results. Controlling every possible biological factor is 
simply impossible. Fortunately, statistics offer workable solutions for many of these 
problems. First, if you cannot control a factor, then randomize it. As long as replication is 
sufficient, random selection will dampen the factor’s influence on your data. If you don’t 
have that level of control, you can stratify your data and weight each stratum in the final 
analysis. For example, imagine that you have a cancer liver study with samples from several 
ethnic populations. You would like to make a statement about the entire U.S. population 
using this sample. To do this, you might split samples by ethnicity and weight those samples 
by their frequency in the general population. As long as you have sufficient replication for 
each ethnicity, this weighted sample will be representative. For randomizing and 
representational weighting techniques, we recommend discussing your experimental design 
with a statistician or consulting a statistical textbook prior to beginning the full-scale 
experiment. 
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Example 1 -- Correlation Matrix 
The following information represents a Correlation Matrix for the Tutorial Data found in 
Affymetrix® Data Mining Tool (DMT). The samples were prepared by multiple Affymetrix 
personnel and run on Hu6800 series arrays. There were three tissues with six biological 
replicates per tissue. 

Correlation of all six replicates, tissue one of DMT Tutorial Data 

(Obs=7129) 

      | Rep1 Rep2 Rep3 Rep4 Rep5 Rep6 

-------------+------------------------------------------------------ 
 t1_r1 | 1.0000 
 t1_r2 | 0.9934 1.0000 
 t1_r3 | 0.9909 0.9882 1.0000 
 t1_r4 | 0.9912 0.9918 0.9936 1.0000 
 t1_r5 | 0.9861 0.9857 0.9942 0.9907 1.0000 
 t1_r6 | 0.9915 0.9934 0.9936 0.9935 0.9911 1.0000 
 

Correlation of all six replicates, tissue two of DMT Tutorial Data 

 (Obs=7129) 

      | Rep1 Rep2 Rep3 Rep4 Rep5  Rep6 

-------------+------------------------------------------------------ 
 t2_r1 | 1.0000 
 t2_r2 | 0.9858 1.0000 
 t2_r3 | 0.9857 0.9775 1.0000 
 t2_r4 | 0.9902 0.9880 0.9924 1.0000 
 t2_r5 | 0.9900 0.9800 0.9938 0.9946 1.0000 
 t2_r6 | 0.9884 0.9868 0.9921 0.9943 0.9915 1.0000 
 

Correlation of all six replicates, tissue three of DMT Tutorial Data 

 (Obs=7129) 

      | Rep1 Rep2 Rep3 Rep4 Rep5 Rep6 

-------------+------------------------------------------------------ 
 t3_r1 | 1.0000 
 t3_r2 | 0.9947 1.0000 
 t3_r3 | 0.9878 0.9873 1.0000 
 t3_r4 | 0.9916 0.9925 0.9927 1.0000 
 t3_r5 | 0.9862 0.9864 0.9921 0.9918 1.0000 
 t3_r6 | 0.9905 0.9906 0.9926 0.9953 0.9907 1.0000 
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The graphs below demonstrate the effect of starting material quality on the correlation 
coefficient. Graph A is a figure comparing total RNA that has been degraded for 15 minutes 
(X-axis) with un-degraded total RNA (Y-axis). Graph B demonstrates the impact of 240 
minutes of RNA degradation when compared to un-degraded total RNA (X-axis, degraded; 
Y-axis, un-degraded). Note the lower correlation between samples than was observed in the 
example given above where true sample replicates were compared. 

 

 

 

 
 

R2 = .75

R2 = .43

Graph A

Graph B
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Determination of  Arrays per Sample Type 
One objective of a pilot study is to determine the optimal number of arrays to include in an 
experimental design. If this was a single measurement assay (treatment vs. control test), then 
finding the critical number of arrays would be easy. Under the assumption of normality 
(please refer to the “Statistical Analysis” section of this document for further explanation) 
there is a standard formula based on the t-statistic. However, microarrays are anything but 
simple, statistically speaking. Rather than a single measure we have thousands. More to the 
point, each of these thousands of genes has a different standard deviation (the normal or 
parametric method of estimating variance). This is why no 
simple answer exists to the question: how many arrays do I 
need? Finding the appropriate number depends on at least 
two considerations: the variability of your system and the 
minimum significant change you want to measure (the effect 
size). Significant change is the difference between means 
relative to the noise in the system, with the t-test being the 
most familiar example of a measure of effect size. However, 
since each gene on a microarray has a different variance no 
simple answer to the ideal array number is possible. Rather, 
each user must select a threshold of significance. Ideally, data 
from a pilot study will help us select the proper threshold, where known gene expression 
changes are declared significant. For planning purposes, the appropriate number of arrays is 
at least three and may go up to five arrays. However, the actual optimal number may vary 
depending on your samples and variance inherent in your experimental system. 

For some systems, there is so much inherent variability that only a large number of arrays 
will allow production of statistically significant results. For example, human neural tissues 
often have a high level of sample-to-sample variability due to a high level of patient 
variability. This is in addition to the difficulty of sample collection in the operating room and 
the inherent sample preparation difficulties due to the high concentration of lipids. By 
contrast, data from cultured cells should have less variation due to the ability to tightly 
control the environmental conditions. 

In addition, the optimal number of samples per condition may vary with the experimental 
condition. In an experiment investigating induced myocardial infarction, it was found that 
variation was increased in the experimental animals when compared with the control rats (5). 

A simple method to determine the optimal number of samples per condition is to examine 
the coefficient of variation (CV) as a percentage of the mean value for each gene. This can 
be done on a continuum as depicted in the Affymetrix Technical Note on small sample 
preparation (6) or by sampling a number of data points from each quartile in the data (easily 
done in Microsoft Excel). When this value is stabilized, that is, does not change from one 
biological replicate to the next, then it is unlikely that additional replicates will improve the 
accuracy of the samples’ standard deviations, which are ultimately used to determine 
statistical significance in parametric statistical tests. In the example experiment summarized 
on pages 13 and 14, there appears to be no significant improvement in CV between the third 
and fourth replicate array, which indicates a sufficient number of replicate experiments have 
been performed. Use of this strategy will result in n+1 number of optimal replicates, but this 
will serve to increase the degrees of freedom, thus increasing the power of statistical tests. 

Considerations for 
determining the optimal 
number of arrays 
•  System variability 
•  Minimum significant 

change to be measured 
(effect size) 
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Comparison of CV%s between replicates of the 25th percentile of Signal intensities. 

 
Comparison of CV%s between replicates of the 50th percentile of Signal intensities. 
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Comparison of CV%s between replicates of the 75th percentile of Signal intensities. 

 

If you choose a fixed number of arrays instead of assessing the variance of the system, keep 
in mind that the statistical estimates of variance may not be accurate due to the insufficient 
sample size, which will thus decrease the accuracy of subsequent statistical tests.  

Sample Pooling 
At times, due to limited sample quantities, pooling of total RNA samples is necessary. It 
should be noted, however, that protocols are available for labeling as little as 10 ng of sample 
(6). Pooling is also a common variance mitigation strategy, which for reasons explained 
below, we do not recommend for microarrays. While pooling can be an effective way to 
overcome limitations in sample quantity and reduce variance, there are consequences that 
should be considered. 

First, pooling results in irreversible loss of information. Once RNA samples are mixed there 
is no way to identify whether any one sample was a biological outlier. Recall that microarrays 
measure a very wide range of genes to a high level of sensitivity. It is reasonable then to 
expect that each sample may have an outlying measurement for at least a few genes. Those 
outlier genes may indicate a control variable that needs adjusting. As pooling averages values 
across those outliers, this information about system variability is lost. In addition, subsequent 
investigation of sample-specific attributes, such as how a particular age group or ethnicity 
develops cancer, is irretrievable from a data set generated from pooled samples. 
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Pooling introduces a bias in microarray experiments. That is, physical mixing produces a 
signal that is like the arithmetic mean of the samples. While 
this sounds reasonable, and is for many experiments, 
microarrays are special. Gene expression data are best 
measured over several orders of magnitude, and the noise 
around a large Signal is greater than the noise around a small 
one. This means that outlier measurements are common. 
Since a simple average is sensitive to outliers, results from 
pooling will likewise be sensitive to outliers. This sensitivity 
is a bias because it is one sided. That is, high Signals add 
more noise than low Signals, so the pooled Signal will be 
biased high. 

Finally, errors can be made in creating pools. If a researcher 
has clear cut class definitions, such as in a drug treatment 
study, constructing several pools may be done safely. 
However, for some studies, such as cancer studies, where tumors may be misclassified or 
there are potentially unknown classes, pooling is risky. Keeping individual cancer samples 
separate allows a researcher to define new classifiers, which have been shown to be more 
subtle discriminators than histological methods as demonstrated in numerous microarray 
studies (7). 

Even if classification is perfect, bias is minimal and no outliers exist; pools are not 
substitutes for replication. In the extreme example, where only a single pool exists for each 
treatment, pooling is especially problematic. The loss of variance measures ensures that 
genes are selected on the basis of changes in magnitude rather than the consistency or 
reliability of that change. In addition, the researcher misses those small magnitude changes 
that are reliable and may be biologically important. 

Despite these significant concerns, pooling may be useful if applied carefully. If the amount 
of RNA from individual samples is very limited and pooling cannot be avoided, a researcher 
can benefit from statistical tests by using at least three pools for every condition being 
studied. For example, 30 mice are treated and three RNA pools derived from the samples 
from 10 mice each are created. In this way the individual idiosyncrasies of the mice are 
mitigated and replication is preserved. Thus, careful experimental design can alleviate some 
of the disadvantages of pooling. If a researcher can accept the irreversible loss of 
information, and the decrease in variance between pools is sufficient to separate two 
previously inseparable classes, then pooling may warrant the risks. 

Sample pooling is not 
generally recommended 
because: 
•  It results in irreversible 

loss of information. 
•  It introduces a bias in 

microarray experiments. 
•  Errors may be 

introduced if clear cut 
class definitions do not 
exist. 
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Experimental Design 
As discussed previously, the first determination that must be made when creating an 
experimental design is how many biological replicates are needed to produce meaningful 
data. The use of pilot experiments may help to determine the number of arrays potentially 
required for the study and may also assess whether or not biological variables are being 
controlled sufficiently. In addition, when planning a time-course experiment, you can select 
the ideal times for array hybridizations in a similar manner. 

The simplest pilot experimental design is to test only one variable with a single treatment or 
a condition against a control. Initially, the data can be collected for a small number of genes 
(five or more) using a quantitative PCR method. The genes 
selected should be those which you know, or strongly 
suspect, will change and, if possible, should comprise the 
anticipated range of expression levels. In this way, you can 
assess the anticipated variance of the system, as well as 
determine the optimal time points to choose for the large-
scale expression experiments using GeneChip arrays. This 
also provides the opportunity to refine the experimental 
design, if necessary, prior to beginning pilot experiments 
with GeneChip arrays or a full-scale GeneChip experiment. 

Another important consideration is which statistical test will 
be used to analyze your data. The size and complexity of an 
experimental design will determine whether to use two-
sample or multi-sample tests or whether parametric or non-
parametric tests are most appropriate. Most experimental designs are essentially variations on 
two types: two-condition experimental design and multivariate experimental design. The two 
types of design are discussed in the following sections. 

Two-Condition Experimental Design 
The simplest experimental design is a two-condition design, for example, normal and 
diseased tissue. A simple array comparison analysis can be done using the Affymetrix® 
Microarray Suite (MAS) software to obtain Increase/Decrease, Marginal Increase/Marginal 
Decrease, or No Change calls. While this approach is good as a first pass data analysis, 
ultimately a parametric or non-parametric (based on numerical or rank-ordered data, 
respectively) test of the two samples must be performed. Use of these tests makes the 
assumption that the minimal number of arrays per sample type has been determined as 
previously described. Increases in sample numbers beyond this will increase the degrees of 
freedom with a corresponding incremental increase in statistical power; that is, the accuracy 
of the variance may not change but the certainty of its accuracy is increased with increasing 
sample size. 

As an example of a standard two-sample design, you could imagine an experiment where you 
are looking for differences in expression between samples of normal and diseased tissue. As 
a part of this design, you have performed pilot studies using quantitative PCR on a small 
selection of genes from your samples and used this to estimate the ideal number of arrays to 
run for each condition. You can then begin your experiments with GeneChip arrays and 
monitor the CV of intensities of the replicate samples to determine the exact number of 
arrays required for each condition. 

Important experimental 
design considerations 
•  How many biological 

replicates need to be run 
to produce meaningful 
data? 

•  In time-course 
experiments, what are 
the ideal times for array 
hybridization? 

•  What statistical test will 
be used to analyze data? 
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As a variation on this common, two-sample experimental design, there is also the possibility 
of designing a paired experiment that takes advantage of the greater statistical power found 
in paired-sample tests. In this case, samples are identical in all attributes except for the 
experimental treatment. In this type of design, the comparisons are made between the 
individual control and the corresponding experimental sample, and then the statistics are 
performed on the results of those individual comparisons within the group. While this 
design is extremely powerful, it is also very limited in practicality and, except in very clear 
cases, the use of these statistics may be challenged. For example, a paired statistical analysis 
may be questioned when comparing data from biopsies in the same patient before and after 
treatment, as the patient’s status (nutrition, health, age, hormonal cycles, etc.) have, of 
course, changed between the first and second biopsy. However, removing a tumor from a 
mouse and comparing treated vs. control with in vitro experiments on separate sections of the 
same tumor may be acceptable for a paired statistical analysis. 

An advantage of the GeneChip technology is the ability to add additional conditions to an 
existing study to expand beyond a two-sample design. Using the above example of normal 
vs. diseased tissue, it is reasonable to assume that following discovery of some putative 
expression changes found by a two sample test, various experimental conditions will be 
added to the study to determine if these changes can be enhanced or reduced. If this is a 
possibility, then careful pre-planning for this contingency can save repetition of already 
existing data. A reasonable design in this case may be the following. An N of 2 for the 
normal and diseased tissue is used and analysis is done in the MAS software to look for 
consistency of Increase/Decrease calls (putative targets). Following annotation of the data 
using the NetAffx Analysis Center, further experiments are planned using a multivariate 
design, and data points are added to the original conditions by following the previously 
described guidelines for determination of number of samples. 

Multivariate Experimental Design 
Multivariate experiments can be very powerful when the goal is to examine similarities or 
changes within groups. Using the example given above of normal and diseased tissues, we 
will now add two treatment groups, A and B. The final data analysis will be comprised of 
four separate data groups, each with their distinct number of samples per group, as the 
variance can sometimes be greater in treated samples than control.  

With this experimental design, there may also be opportunities to take advantage of higher-
level analyses of variance, such as 2-way tests. Again, considering the above example, we may 
also want to examine differences in male/female response to treatment. In this case, we 
would assay a sufficient number of each gender within each sample group to allow us to 
examine differences between the various conditions, as well as find any differences between 
male and female response. 

GeneChip arrays may also be used to examine changes in gene expression over a given 
period of time, such as within the cell cycle. For example, a researcher could examine, in a 
normal cell, the numerous genes involved in the cell cycle and determine when and if the cell 
should undergo mitosis. Also built into this network are mechanisms designed to protect the 
body when this system fails due to mutations within one or more of the control genes, as is 
the case with cancerous cell growth. A GeneChip expression experiment could be designed 
where cell cycle data are generated in multiple arrays for each time point and then referenced 
to time zero, as well as the other time points. 
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This type of experimental design is fundamentally equivalent to a multi-sample design with 
each time point representing a discrete sample set. Multivariate analyses can be used to 
determine which genes are changing in relation to the other time points. However, this is a 
discrete treatment of the data and other curve-fitting algorithms may be required for more 
sophisticated analysis. 

When planning multiple-sample experiments, there are also the equivalent paired 
multivariate analyses, which would be subject to the same restrictions as the paired two-
sample tests. 

Statistical Analysis 
In this section the intent is to help researchers establish a general understanding of which 
statistical methods may be used for advanced analysis of gene expression data. We recognize 
that there are a number of novel and very complex tests that are available or are being 
developed for analysis of large data sets, such as microarray data. However, the statistics 
subsequently discussed are available in common statistical software and are sufficiently 
robust to accurately determine statistical significance. As this is an overview, we suggest you 
consult one of the many statistical textbooks for the finer points of biostatistics (8).  

A common early step in microarray data analysis is log transformation. Typically, log base 10 
is used; however, log base 2 or natural log will work equally well. Log transformation has 
several important effects on the data (9). The most critical reason to log transform 
microarray data is that some of the error in the Signal intensity measurement increases as the 
magnitude of Signal intensity increases. That is, small numbers have less error in an absolute 
sense than higher numbers. Fortunately, higher numbers have roughly the same percentage 
error as small numbers. This roughly constant factor can be 
simply calculated and subtracted to normalize the data once 
the signals have been log transformed. There are additional 
effects of logging that make log transformed microarray data 
more closely fit statistical assumptions when applying 
statistical test methods. Log transformation makes data more 
symmetrical, one of the standard assumptions of normality. 
Log transformation also reduces the influence of a single 
measurement. Means on a log scale are more like geometric 
means, which are resistant to the effects of outliers, and it 
follows that outliers result in better estimates of variance. So, 
by log transforming data, common statistical methods are 
made more reasonable and provide more accurate insights to 
the biologist. 

The key to using statistics when analyzing data is to 
determine which test is most appropriate to use, which in part is determined by the 
experimental design. Most common statistical methods fall into one of two categories. The 
first category, parametric statistics, uses the numerical data, such as the arithmetic mean, 
standard deviation, etc., to determine significant differences between sets of data. To utilize 
these statistical tests, assumptions regarding the normal distribution of the data, equality of 
variance among the groups, and general population normalcy must be made. These 
assumptions are often sufficiently satisfied to make parametric statistics extremely useful and 
a viable starting point for analysis. However, if data are generated from populations that do 

Log transformation effects 
on microarray data 
•  Allows normalization of 

data even though error 
in Signal intensity 
increases as the 
magnitude of Signal 
intensity increases 

•  Makes data more 
symmetrical 

•  Reduces the influence of 
a single measurement 
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not meet these assumptions, these methods become unreliable because the mean and 
variance will no longer completely describe the population. This is a critical point, as 
parametric statistical methods essentially test for the degree of overlap of the population 
variance and determine the chance occurrence of this overlap when comparing differences 
between populations. Skewing of the data from non-normal variances will thus lead to false 
conclusions regarding the data set. 

There are numerous statistical tests that can estimate if a population follows a normally 
distributed pattern. Unfortunately, these tests can be quite elaborate and are not robust 
enough to provide unambiguous conclusions. A simple method for examining the 
distribution of data is to compare the mean and median values. The mean is simply the sum 
of the data points within a group divided by the number of members in that group. The 
median is the data point that lies directly in the middle of all of the values. In other words, 
there are an equal number of data points on each side of this central value (i.e., the median 
value falls on the 50th percentile of the data set). 

In a normally distributed population, roughly 67% of the data fall within one standard 
deviation from the mean. In this same group, 95% of the data should fall within two 
standard deviations of the mean. If the same population is examined using the median, then 
the number of data points found within the 16th percentile and 84th percentile should be 
close to 67%. It should also be expected that 95% of the data points will fall between the 
2.5th percentile and 97.5th percentile. Thus, if a sample population does follow a normal 
distribution, the mean and median should be of similar values with the data having a similar 
distribution around these values. 

 

 
 

When assessing if a population follows a normal distribution, the data should form a graph 
with the following characteristics. 

•  The graph should have a single peak at the center, which occurs at µ (the mean).  
•  The graph should be symmetrical. 
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•  The graph should continue along the horizontal axis to infinity.  
•  The area under the graph should always equal one. 
•  Approximately 68% of the data should lie within one standard deviation (y) from the 

mean, 95% should lie within two standard deviations (2y), and 99.7% should lie 
within three standard deviations (3y).  

Parametric statistics test the hypothesis that one or more treatments have no effect on the 
mean and variance of a chosen variable. As mentioned earlier, these tests are based on the 
assumption that the data are taken from a normally distributed population. However, 
experiments often yield data that are not consistent with these assumptions of data 
normality. In these cases, objects can also be tested in an ordinal, rather than an interval scale 
using a second, non-parametric approach that uses ranks of numerical data rather than the 
data themselves. This technique uses information about the relative sizes of observations 
without making any assumptions about the means and variances of the populations being 
tested and, thus, non-parametric methods can be used for analysis of any data set. However, 
if the data are normally distributed, then the parametric methods will be more powerful, that 
is, detect more data of significance.  

In the following section, we review a series of statistical tests that can be used when 
analyzing GeneChip array data. Note that the choice of tests to be used is highly dependent 
on experimental design. We highly encourage users of GeneChip expression arrays to plan 
experiments carefully to maximize the power of these tests for their projects.  

Two Sample Statistical Tests 

T-test 
Student’s t-test, often known as a simple t-test, is likely the most commonly used parametric 
statistical test. The t-test assesses whether the means of two groups are statistically different 
from each other. This statistic accomplishes this task by examining the differences between 
the means relative to the spread, or variance, of the data. The formula for the t-test consists 
of determining the ratio of the difference between the two means and the measure of the 
variability between the two data sets.  

To test for significance, a risk level needs to be established; that is, a rate for acceptable false 
error. In most scientific research, this level is set at 0.05. This is considered to be the 
statistical determination of true differences between the two conditions tested, with a chance 
of being incorrect one in 20 times (a Type I error). The degrees of freedom are directly 
related to the number of data points and are determined by the experimental design. In the  
t-test, the degrees of freedom are the sum of the samples in both groups minus 2. Given the 
predetermined level of significance and the degrees of freedom, a t-value can be looked up in 
a standard table to determine whether it is large enough to be significant. If it is, you can 
conclude that the difference between the means for the genes in the two groups is different 
(even given the variability) with a set probability of false acceptance. 

There are two basic versions of the t-test—the unpaired t-test (see Example 2 below) and 
the paired t-test (see Example 3 below)—where the data points in both groups are from two 
separate experimental populations. A typical experiment would be if we were comparing 
expression patterns of genes in two groups of patients. This is an example requiring the 
unpaired t-test, which is more common in most experiments involving expression data. 
Unpaired t-tests also have the advantage that the data do not require the two groups to be 
the same size. 
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It is possible that an experiment could be designed to examine the effect of an experimental 
maneuver in a single individual. An example would be measuring expression patterns of a 
particular gene within a single tissue sample before and after a treatment with a drug. In this 
case, the paired t-test would be the correct technique to use. A paired t-test is very powerful 
in that it compares the exact data point (e.g., a gene) between the two treatments within an 
experiment, and so, variations in baseline and experimental values between experiments are 
mitigated. It should be noted that this test should be used only in cases where the sample 
population is truly paired and not in some of the more ambiguous scenarios (cell lines in the 
same passage, for example). 

Example 2 -- Unpaired T-test 
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In the following example, the Signal values for probe set X from 12 arrays are given (n1 =6 
control and n2 = 6 experimental). The unpaired t-test divides the difference between the 
means by the square root of their pooled variance. It is then determined at what level of 
significance the resulting t score falls. 

 

 Control Group Experimental Group 

Signal R1 3700 4900 

Signal R2 4000 5200 

Signal R3 4200 4900 

Signal R4 3900 5000 

Signal R5 4100 4800 

Signal R6 4000 4750 

 

Mean1 = 3983    Sum of Squares 1 = 148334 v1 = 5 

Mean2 = 4925    Sum of Squares 2 = 128750 v2 = 5 
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8.29666
55
1287501483342 =

+
+=pS  

63.140
6

8.29666
6

8.29666
21 =+=−meanmeanS  

70.6
63.140
49253983 −=−=t  

:Horeject  then 2.228 6.7 as  228.210,05.0 >=t  

P < 0.0001. The two means are not the same. 
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Example 3 -- Paired T-test 
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In the following example, the Signal values for probe set X from 12 arrays are given (n1 =6 
control and n2 = 6 experimental). The paired t-test divides the differences between the 
means by the Standard Error of the differences between the means. The Standard Error is 
the product of the standard deviation of each pair’s differences divided by the square root of 
the number of pairs. The level of significance between which the resulting t score falls is 
then determined. 

 Before Treatment After Treatment 

Signal R1 3700 4900 

Signal R2 4000 5200 

Signal R3 4200 4900 

Signal R4 3900 5000 

Signal R5 4100 4800 

Signal R6 4000 4750 

 
Mean1 = 3983  v1 = 5 

Mean2 = 4925 v2 = 5 

( )
61.45065.228

5
21 ==

− ddSE
 

65.20
61.45
67.941 ==t  

:Horeject  then 2.228  20.65 as  228.210,05.0 >=t  

P < 0.0001. The differences between the means is greater than 0. 
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Mann-Whitney Test for Independent Samples 
This test is used in place of a two-sample, unpaired t-test when the data sets being compared 
are not normally distributed (see Example 4 below). This test derives its robustness under 
this condition because it does not use calculation of variance as part of the hypothesis test, 
but, rather, relies on rankings of the numerical values. It requires random samples of sizes n1 
and n2 from two completely independent groups. The test then consists of combining the 
two samples into one sample of size n1 + n2. The actual observations taken from the data 
are replaced with their ranks. For example, in a data set with 10 (5 control and 5 
experimental) samples, the highest ranking point would receive a value of 10 and the lowest 
a value of 1. In case of a tie, the values are given the average of the two ranks. A sum of the 
ranks for each group is then calculated. Continuing with our 10-sample scenario, if the 
values of the 5 samples from set one were all greater than those from set two, the values of 
the sums from set one would be 40, and set two, 15. Conversely, if the two data sets have 
the same distribution, then the sum of the ranks of both groups should be close to the same 
value. A p-value for the null hypothesis that the two distributions are the same can then be 
generated. 
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Example 4 -- Mann-Whitney Test 
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In the following example, the Signal values for probe set X from 11 arrays are given (6 
control and 5 experimental). The Mann-Whitney ranks the combined data set of unpaired 
members based upon their absolute values. The ranks are separated back to their respective 
groups and the resulting sums of ranks are then examined using the Mann-Whitney statistic. 
The resulting level of significance is then reported. 

 

n1 = 6; n2 = 5; N = 11; R1 = 22; R2 = 44 

Ranks of N are assigned in either lowest to highest or vice versa. 

( )( ) ( )( ) 2922
2

7656 =−+=U  

 

( )( ) ( )( ) 144
2

6556' =−+=U  

 

Critical values = 5 and 6 

 

P 0.05 = 23 as 29 > 23 then reject Ho: 

 

P = 0.01. The two groups are not the same. 

 Control Group Experiment 
Group 

Control Rank Experiment 
Rank 

Signal R1 4500 3700 7 9 

Signal R2 5200 3300 2 11 

Signal R3 4700 4600 4 6 

Signal R4 5500 3500 1 10 

Signal R5 5000 3900 3 8 

Signal R6 4650  5  
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The Wilcoxon Signed-Rank Test for Paired Data 
A test similar to the Mann-Whitney, the Wilcoxon Signed-Rank Test, is used when each 
experimental subject is observed before and after a single treatment, that is, it is the non-
parametric alternative to the paired t-test (see Example 5 below). This statistic consists of 
sorting the absolute values of the differences from smallest to largest, then assigning ranks to 
the absolute values regardless of sign. The sum of the ranks of the positive differences is 
determined next. As with the Mann-Whitney, the distribution of all possible values of the 
test statistic can be obtained in which the treatment has no effect. If the null hypothesis is 
true, the sum of the ranks of the positive differences should be similar to the sum of the 
ranks of the negative differences. However, if the test statistic value falls outside of this 
range, the null hypothesis can be rejected indicating that the treatment did indeed have some 
effect. 

Example 5 -- Wilcoxon Signed-Rank Test 
 
W + the value of the signed ranks 
 
In the following example, the Signal values for probe set X from 12 arrays are given (6 
control and 6 experimental). The Wilcoxon Signed-Rank Test ranks the absolute values of 
the difference between each pair. If the difference between a pair is equal to 0, then that 
value is not used any further. Also, if the difference is identical between 2 pairs, the average 
rank of the two groups is used. The Sum of the ranks is then calculated and compared to the 
appropriate critical values and levels of significance found in a Wilcoxon table. 

 

 Control Experimental Difference Ranks 

Signal R1 4500 3700 800 4 

Signal R2 3200 3300 -100 -1.5   

Signal R3 4700 4600 100 1.5 

Signal R4 5500 3500 2000 6 

Signal R5 5000 3900 1100 5 

Signal R6 4250 4400 -150 -3 

 

W = 12; n = 6 

The critical values for n = 6 and α = 0.063 are 1 and 20. These can be found in almost any 
basic level statistics manual. Since 1 < 12 < 20 we would accept the null hypothesis that the 
Control Group and Experimental Group are not significantly different. 
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Multivariate Statistics 

One-Way Analysis of Variance 
Analysis of Variance (ANOVA) is one of the most commonly used multivariate statistics. 
Essentially, an ANOVA employs multiple estimates of a population’s variance to determine 
the overall variability within a multiple-group analysis (see Example 6 below). There is no 
restriction on the number of groups that can be analyzed by ANOVA, and it is equally valid 
for testing differences between two groups or among twenty. In the special case where there 
are only two groups, ANOVA is equivalent to the t-test. Since it is also a parametric test, it 
has the same limitations as the t-test: the observations must follow a normal distribution, the 
variance in the groups must be equal, and the data points in each group must be from 
independent samples. 

With ANOVA, there are, in fact, two estimates of variance for each group taken. The first 
estimate of variance is based upon the standard deviation of each group. This variance is not 
affected by any differences in the means of the groups being tested since this information is 
generated within each group. Also, the variance should not differ, as this test makes the 
assumption of equal variance among groups. The second population variance estimate is 
based upon the variability between means of each group. If these estimates of each group’s 
variability are the same, then it is expected that the overall variance among the groups is not 
different. However, if there are significant differences between the means, then this will 
obviously lead to the possibility of a changing population variance estimate.  

Once these calculations have been determined, the ANOVA requires that the population 
variance estimate of the means be divided by the population variance estimate of the 
standard deviations. Depending on the size of the resulting test statistic, a p-value is 
generated and can be used to determine significance. 

At its simplest, a one-way ANOVA can be used to test the hypothesis that some variable of 
interest differs among groups. There are more sophisticated versions of ANOVA, (see 
below for descriptions): two-way ANOVA can test for differences among groups while 
controlling for other categorical variables, and ANCOVA (analysis of covariance) can 
control for continuous variables, both of which are described below. 
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Example 6 -- One-Way Analysis of Variance (One-Way ANOVA) 
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In the following example, the Signal values for probe set X from 18 arrays are given (6 
control, 6 with disease, and 6 disease + drug). The one-way ANOVA tests whether the 
means of more than two groups are equal. The one-way ANOVA examines the variation 
among the sample means by way of a measurement of the weighted average of the squared 
deviations around the mean of all of the sample data (MSTR – Treatment Mean Square). 
This value is derived from the sum of each group divided by the total number of replicates 
for each group. The sum of squares for each data point divided by the total number of arrays 
is then subtracted. Lastly, this value is once again divided by the number of classes minus 
one. This estimate of variance among groups is then divided by the variation within each 
group (MSE – Error Mean Square).  This is found in two steps. The first is by calculating the 
variance within each group and multiplying it by the number of replicates in each group 
minus one. The second step involves dividing the preceding value by the number of arrays 
minus the number of classes. The resulting F-value can be compared to the F table using the 
number of classes minus one as one degree of freedom, and the total number of arrays 
minus the number of classes as the other. 
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 Control Disease Disease + Drug 

Replicate 1 800 700 750 

Replicate 2 750 690 720 

Replicate 3 845 800 870 

Replicate 4 795 650 815 

Replicate 5 820 780 795 

Replicate 6 900 750 850 

Sum 4910 4370 4800 

 

17.13572
2

33.27144
2

18
11013689

6
4800

6
4370

6
4910

==






−














+






+








=MSTR  

 

778.3077
15

67.46166 ==MSE  

 

41.4==
MSE
MSTRF  

 

At the p-value = 0.05 level and degrees of freedom (2, 15) the critical value of F is 3.68. 
Therefore, 4.41 > 3.68 so we would reject that the groups are equal. 

Two-Way Analysis of Variance 
In a one-way ANOVA, the effects of various levels or treatment conditions of one 
independent variable on a dependent variable are examined. That is, we are investigating 
changes between multiple treatment conditions. Many experimental designs can be 
established to test the effect that two variables may have on a data set. For example, we may 
examine normal vs. tumor tissues, along with the effect of two different drugs, making a 
total of four different sample sets. If this investigation uses male and female subjects, then a 
two-way ANOVA can be used to investigate differences in gene expression between the 
different conditions, as well as male/female differences within and between each condition 
(see Example 7 below). In this case, two separate ANOVAs cannot adequately examine the 
possible interactions that can be generated between the two variables, and, so, a two-way 
analysis of variance is the best methodology. A two-way ANOVA consists of three 
significance tests: a test of each of the two main effects and a test of the interaction of the 
variables. 
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Example 7 -- Two-Way Analysis of Variance (Two-Way ANOVA) 
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m = # of blocks 
k = # of classes 
n = (k)(M) = total # of pieces of data 
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.......1 =kBB  
 
X = mean for all groups 
 
A Two-Way Analysis of Variance is designed to test whether the variance among several 
groups is the same. It is similar in concept to the one-way ANOVA. The major difference is 
that if a large portion of the variation within the groups can be due to a single extraneous 
variable. In this case, this extraneous source of variation will need to be isolated and 
removed so that it will be easier to detect true differences among the groups.  

In the following example, the signal values for probe set X from 18 arrays are given (6 Drug 
A, 6 Drug B, and 6 Drug C). The goal of the test is to compare the three drugs for their 
impact on expression for this probe set. The variability associated with the Individuals will 
be compensated for, as it will have a major effect on the overall variability within each 
system. The two-way ANOVA examines the variation among the sample means by way of a 
measurement of the weighted average of the squared deviations around the mean of all of 
the sample data (MSTR – Treatment Mean Square). This value is derived from the total sum 
of squares for each group divided by the total number of replicates for each group. 
However, this value is now described by three components (instead of just two for the one-
way ANOVA). The third calculation involves the sum of squares for the extraneous variable 
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as well. The sum of squares for each data point divided by the total number of arrays is then 
subtracted. Lastly, this value is once again divided by the number of classes minus one.  

This estimate of variance among groups is then divided by the variation within each group 
(MSE – Error Mean Square). In this case, the sum of squares for the extraneous variable is 
also addressed. The resulting F-value can be compared to the F table using the number of 
classes minus one as one degree of freedom, and the total number of arrays minus the 
number of classes, minus the number of blocks, plus 1 as the other. 

 Drug A Drug B Drug C Sum of Blocks 

Individual 1 500 650 800 1950 

Individual 2 625 700 750 2075 

Individual 3 575 675 675 1925 

Individual 4 600 685 795 2080 

Individual 5 595 645 725 1965 

Individual 6 565 650 695 1910 

Sum of 
Treatments 3460 4005 4440 11905 
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At the p-value = 0.05 level and degrees of freedom (2, 10) the critical value of F is 4.10. 
Therefore, 25.68 > 4.10 so we would reject that the groups are equal. 
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Analysis of Covariance 
The analysis of covariance (ANCOVA) is a combination of regression analysis with an 
analysis of variance. The ANCOVA design is a noise-reducing experimental design and is 
used when a response variable, in addition to being affected by the experiment, is also 
linearly related to a second variable. It adjusts for post-test values for variability on the 
covariate data before the test is run. The covariate is usually the variable that would be most 
highly correlated with the post-test. Because it is so highly correlated, when you remove it, 
you are removing more extraneous variability from the final results. The rule in selecting 
covariates is to select the data that correlate most highly with the outcome and, for multiple 
covariates, have little redundancy. An example of the use of this test can be illustrated by the 
following scenario. A researcher wants to examine the change in expression among smokers 
of three different brands of cigarettes. Because the within-treatment variability is high, a 
basic ANOVA may fail to detect differences. However, gene expression is likely affected by 
how many cigarettes are consumed at the beginning of the study. If the researcher uses 
number of cigarettes smoked daily as a covariate, he would be able to sharpen the analysis by 
reducing the within-treatment variability. 

Nested Analysis of Variance 
A nested ANOVA is an extension of a one-way ANOVA in that each group is divided into 
subgroups. The simple use of this would be an equivalent multivariate, paired-sample 
experimental design.  

In some experiments, we find that levels of one factor can have profound effects on levels 
of other factors. In a case like this, we can implement nesting. The nested variable would be 
a component in a subset.  

Mathematically, if Factor B is nested within Factor A, then a level of Factor B can only occur 
within one level of Factor A and there can be no interaction. This gives the following model:  

 yijk = m + ai bj(i) + eijk 
This equation indicates that each data value is the sum of a common value (mean), the level 
effect for Factor A, the level effect of Factor B nested within Factor A, and the residual.  

For a nested design we typically use variance component (i.e., ANOVA) methods to perform 
the analysis.  

It should be noted that all types of ANOVA do not tell you which groups are different from 
which other groups, just that there is an overall difference. To investigate this further it is 
necessary to do specific pair-wise comparisons using tests designed specifically for statistical 
determination of differences in multivariate groups. 

Kruskal-Wallis 
The Kruskal-Wallis (see Example 8 below) is the non-parametric equivalent to an ANOVA. 
It is equally valid for testing differences between two groups or among 20. In the special case 
where there are only two groups, the Kruskal-Wallis is equivalent to the Mann-Whitney. 
Because the Kruskal-Wallis test is non-parametric, there are no assumptions that need to be 
made regarding the distribution of the observations. All observations are ranked without 
regard for the group in which they are found. After the sums of each group’s observations 
are calculated, the distributions of the ranks are then compared. 
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As with the ANOVA, the Kruskal-Wallis is a statistic that examines overall variation among 
the groups. It does not offer information about which groups are significantly different. To 
determine these specifics, it is necessary to run multiple pair-wise comparisons. 

Example 8 -- Kruskal-Wallis  
 

( ) ( )
( )
12

1
....... 22

11

+
−−

=
NN

xxnxxn
H kk  

 
groupeach in  sindividual of #  .......1 =knn  
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X = the mean of all group’s ranks 
 
N = total # of individuals in all groups 
 

( ) ( ) ranks of sdifference squared of sum....... 22
11 ==−− SSDxxnxxn kk  

 
In the following example, the signal values for probe set X from 15 arrays are given (5 group 
1, 5 group 2, and 5 group 3). The Kruskal-Wallis tests whether the ranks of more than two 
groups are equal. It accomplishes this by first ranking each observation regardless of group. 
Then the Kruskal-Wallis statistic (H) is calculated by dividing the Sum of Squared 
Differences (SSD) by N(N+1)/12. This is used to generate a measurement that examines 
how the rank of each group compares with the average rank of all the groups. Lastly, the H 
statistic is compared to the Chi-square distribution with k-1 degrees of freedom. If the 
sample size is small, then it may be necessary to use k degrees of freedom to prevent an 
overly conservative estimate. 

 

 Group 1 Rank Group 2 Rank Group 3 Rank 

Replicate 1 800 10.5 700 3 750 5.5 

Replicate 2 750 5.5 690 2 720 4 

Replicate 3 845 14 800 10.5 870 15 

Replicate 4 795 8.5 650 1 815 12 

Replicate 5 820 13 780 7 795 8.5 

Sum of 
Ranks 

 51.5  23.5  45 

Mean of 
Ranks 

 10.3  4.7  9 

 

Mean of All Ranks = 8; df = k – 1 = 2 
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( ) ( ) ( ) 90.7389587.4583.105 222 =−+−+−=SSD  

 

( ) 695.3

12
11515

90.73 =
+

=H  

 

4.605 > 3.695 > 2.773; p-value 0.25 > H > .10 

At the p-value = 0.05 level and with degrees of freedom = 2; the groups are not significantly 
different. 

Mitigating Type I and II Errors 
With any statistical test, the possibility of making an erroneous assumption is always present. 
The reason for having numerous tests that vary, sometimes slightly, in their approach is to 
minimize the likelihood of making an invalid assumption. There are two types of errors that 
are discussed in general statistics. The first of these errors is the false assumption that two 
groups are in fact significantly different (Type I error of false positive). The p-value that is 
generated as a result of the statistical tests used is a direct estimate of the chance that you will 
make an error of this nature. For instance, a p-value of 0.05 indicates that the researcher 
expects to make a Type I error 5% of the time.  

The second type of error (Type II error false negative) deals with the false assumption that 
the null hypothesis is correct. In other words, groups that are significantly different will not 
be identified as such. It is much more difficult to detect errors of this type as the p-value is 
not an indicator. Replication and increased sample size are the most likely methodologies to 
understand this phenomenon. 

Parametric t-tests, like all two-sample analyses, should be used only when testing populations 
comprised of two samples. T-tests are invalid for doing multiple comparisons in a data set 
(e.g., sample 1 vs. 2, 1 vs. 3, 2 vs. 3), as the population variance is not taken into account 
when performing each individual test. This can easily lead to false acceptance of data. In 
these cases, one of the Analysis of Variance tests should be used (please refer to the 
“Multivariate Statistics” section of this document). 

The following table describes the potential for generating an increase in false positives by 
performing multiple pair-wise comparisons. In the table, k = the number of groups; K = the 
number of comparisons that are necessary; each subsequent column represents the chosen 
level of significance. As multiple comparisons are done, the table shows the actual level of 
significance that is being met. 
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k K  p = 0.1 p = 0.05 p = 0.01 p = 0.001 

2 1 0.1 0.05 0.01 0.001 

3 3 0.27 0.14 0.03 0.003 

4 6 0.47 0.26 0.06 0.006 

5 10 0.65 0.4 0.1 0.01 

6 15 0.79 0.54 0.14 0.015 

10 45 0.99 0.9 0.36 0.044 

Multiple Comparison Corrections 
After an ANOVA has been utilized to determine variation among multiple groups, it may be 
necessary to understand which groups are significantly different. As stated above, a strict 
pair-wise analysis using a standard t-test can increase the likelihood of generating a Type I 
error. The reason this occurs is because the level of significance used in each pair-wise test 
(commonly 0.05) is more likely to be met with an increase in the number of pair-wise tests 
used. Therefore, a number of correction statistics have been developed to address this issue. 

Bonferroni Correction 
This correction is a simple modification of the Student’s t-test. In this case, the cut-off level 
of significance being used is divided by the number of means being compared. Therefore, if 
you are using an initial cut-off of 0.05 and there are four groups in your comparison, then to 
use this correction you would divide 0.05 by 4 to get a p-value of 0.0125 cut-off for these 
comparisons. The Bonferroni is a conservative correction that works well with a small 
number of data points within a group (generally, n < 8). As the number of data points 
increases, the resulting p-value can become increasingly conservative. For example, if you 
test one gene by PCR on a set of control mice and compare it to a set of treated samples you 
would say that the change is statistically significant if a t-test of the contrasts have a p-value 
of 0.05 or lower. For a microarray experiment you would perform one test for each probe 
set ID on the signals and you would then rank the 12,488 p-values. For 95% confidence you 
divide 0.05 by 12,488 to get 4.0 x 10-6. If any p-value is lower than 4.0 x10-6 it passes the 
Bonferroni multiple correction tests. If all genes fail then simply selecting the percentile with 
the lowest p-values will yield 125 genes in a principled manner.  

Thus, use of the Bonferroni correction for mitigating false error rates in data sets with large 
numbers of tests (i.e., microarray data) will result in highly conservative p-values. However, 
microarray data are not perfectly normally distributed, which means that using a parametric 
test, like Students t or ANOVA, gives better than expected values. In those cases the 
stringency of Bonferroni balances the overly significant result. Furthermore, Bonferroni is so 
easily calculated that you should at least look to see if a sufficiently large number of genes 
pass this threshold. Practically speaking, genes that pass the significance thresholds using the 
Bonferroni correction will have a very low false-error rate. Thus, in assessing the data for 
significant results, you can begin with this calculated threshold and empirically relax the 
criteria based on other indications of significance such as fold-change and biological 
significance. 
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There are other strategies for mitigation of Type I errors. As stated above, while Bonferroni 
is often too conservative for this purpose, it is easily applied, where other common methods, 
such as Westfall-Young (10), or False Discovery Rate (11), are computational intensive and 
generally require some programming to implement. Bonferroni, and methods like it, 
provides a greater confidence in the results. Microarrays are the unusual statistical case where 
the number of tests greatly exceeds the number of samples, so standard statistical methods 
for multiple comparisons are pushed to their limit. This is why non-statistical approaches 
must be used in conjunction with statistical methods to interpret and validate the biological 
importance of the data. 

Biological Interpretation of  GeneChip® Expression Data 
The last step in the analysis of gene expression data is the biological interpretation of the 
results, where expression profiles contribute to the functional genomics characterization of 
the biological system under investigation. Depending on the goals of the experiment, this 
step allows the testing of specific hypotheses, or the generation of new insights and 
hypotheses, that helps guide further research. Finding the functional relevance of expression 
data requires gathering and organizing a variety of additional bioinformatics associated with 
the sequences that show significant changes. It also involves correlating expression results 
with other types of data that maybe gathered as part of the experiment, such as genomic, 
proteomic, or metabolomic data. Such integrative approaches, sometimes termed ‘Systems 
Biology,’ aim to tackle the complexity of biological systems by gathering and incorporating 
all the available information into one comprehensive model. 

The challenges of biological interpretation and relative paucity of tools available have made 
this step the true bottleneck in microarray data analysis. One fundamental difficulty is the 
requirement for human review and understanding of complex types of data, scattered across 
a variety of sources, including online data bases and journal publications. While there are 
efforts to develop tools that would truly automate some of the biological interpretation 
tasks, such as knowledge mining tools and gene network modeling and prediction, most 
investigators rely largely on ‘manual’ interpretation of results, through the review of 
functional annotations, pathway information, and associated literature. Tools that assist in 
these tasks should allow for the efficient mining and organization of annotations, as well as 
presentation of expression data in a functional context, such as within known metabolic or 
signaling pathways. This section will introduce some tools useful for mining and organizing 
annotations, as well as visualizing expression data within functional contexts, in order to 
assist in the biological interpretation of GeneChip expression data. 

Statistical Significance vs. Biological Relevance 
As discussed in previous sections, a primary utility of significance metrics, such as p-values 
generated by statistical tests, is to rank results by confidence, and help in the estimation of 
false positives (Type I errors) and false negatives (Type II errors). These metrics allow the 
scientist to tune the analysis stringency to achieve the desired balance of sensitivity and 
specificity, resulting in a certain amount of flexibility (and arbitrariness) when interpreting 
significance metrics generated by a given test. As a result, the list of ‘interesting genes’ 
generated from an expression profiling experiment may change as the analysis is refined and 
as additional types of data, such as functional information, are added to the analysis. 

Gene expression changes are controlled through highly complex, non-linear interactions 
between proteins, DNA, RNA, and a variety of metabolites. Any complex biological process 
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is likely to involve many changes at the level of gene expression. Some of these changes will 
be of critical importance to the biological process of interest (either causal or directly 
consequential), while others may be peripheral or non-essential. The degree of ‘relevance’ of 
an observed change to the biological process under study is graded. In other words, 
biological processes are inherently “fuzzy” in terms of the importance of the vast range of 
interactions and changes that can be observed with a given biological assay (Figure A). Any 
type of biometric assay that attempts to pinpoint molecular changes in a complex biological 
system will be faced with the issue of applying discrete categorization on a continuum. 

 

Biological ‘Truth’ vs. Analytic Tests

Less

More

Test 1

Test 2

Test 3

Biological Truth, 
shaded by Interest

 

 

The set of true molecular changes associated with a complex biological 
process is shown as a “fuzzy” mass, whose members are graded in terms of 
their relevance or “interest” to the biological process. Various analytic tests 
(represented by the dotted ovals) estimate the truth, with some degree of 
error. 

Figure A 

 

Therefore, biologically relevant gene expression changes may or may not be effectively 
captured with a given statistical test. The list of genes found to be significantly changing by a 
t-test, for example, may contain the majority of actual biological changes, but as previously 
explained, it will also suffer from some false positives and false negatives. Furthermore, a 
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subset of the ‘true’ changes captured by the t-test may be biological noise or real biological 
changes that are not relevant to the process under investigation. One strategy to handle this 
inherent uncertainty when interpreting expression profiling data is to overlay functional 
information onto the statistical results, allowing biological context to help decide what is of 
interest and what is not. 

Annotations Mining Tools  
While investigating the function of genes is often the most interesting and relevant part of 
analysis, it has also become one of the most challenging, given the amount and complexity 
of information. Once a list of genes exhibiting statistically significant expression patterns is 
generated, there is no clear method delineating how to move forward with data 
interpretation. For instance, while there are many databases with functional gene 
information, such as LocusLink, HomoloGene, RefSeq and UniGene databases, the answer 
to a simple question such as “What function does this gene perform?” may be in all of them, 
some of them, or none of them.  

The Affymetrix® NetAffx™ Analysis Center (www.affymetrix.com/analysis/) was developed 
to help researchers avoid this serious data bottleneck and to reach biologically meaningful 
results more quickly. One of the primary functions of the Analysis Center is to address the 
need described in the preceding section: providing comprehensive functional annotations 
that can be overlaid onto statistical results, enabling the creation of a list of both statistically 
and biologically significant genes. This online resource provides access to integrated 
biological annotations from a broad range of both public and Affymetrix-specific databases 
through one streamlined interface. 

Rather than searching from database to database and entering information numerous times, 
the NetAffx resource provides a single interface through which scientists can search multiple 
databases simultaneously. Explanations of the contents of each of the databases are provided 
to help determine which are most appropriate for a given search. Searches can be as broad 
or specific as necessary, depending on researchers’ scientific goals. 

For example, if users are interested in assessing how a gene is represented in the entire 
public domain they can search multiple databases. More specific searches can be performed 
as well, allowing scientists to query a specific field within a particular database, such as 
expression sequence tags within liver tissue. The results of these queries can then be 
combined and compared to create datasets of interest. For example, expressed sequence tags 
within that liver tissue can be located on a specific array, or set of arrays. 
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Example of the NetAffx Query Interface 
 

 
 

Either general or specific queries of single or multiple databases can be performed using the 
NetAffx query tools to identify functional information of interest. 

In addition to searching, scientists can use the NetAffx resource to easily retrieve a 
comprehensive view of the annotations associated with sequences of interest. A powerful 
data engine queries each database of interest and assimilates all of the results into a single, 
customizable table for the user, including numerous public identifiers, GenBank 
information, and Gene Ontology classifications. Scientists can take advantage of the 
expertise built into the novel annotations generated by Affymetrix, including structural 
classifications and GPCR functionality predictions. 
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Example of a Probe Set Record 
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The probe record summarizes all of the annotations from the public domain and Affymetrix 
information associated with a probe set, providing links to more detailed information. 

 

Not only does this enhance speed, but it allows for higher levels of analyses, and enables 
researchers to see patterns of function or potential pathways, which is impossible if genes 
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are analyzed on an individual basis. The summary annotation tables and Gene Ontology™ 
analysis tools both address this need. 

Example of Annotation Table for a Probe List 
 

 
 

The annotation table provides a summary of the annotations associated with a probe set list 
or gene list, enabling you to identify biologically significant patterns, pathways in this case. 



 EXPERIMENTAL DESIGN STATISTICAL ANALYSIS AND BIOLOGICAL INTERPRETATION 
 

 
 Page 43 of 56 

Gene Ontology™ 

The Gene Ontology (GO) classification is one of the most commonly used public domain 
sources of gene classification, providing controlled vocabulary hierarchies for biological 
process, cellular component, and molecular function. The NetAffx Gene Ontology Analysis 
Tool classifies probe lists against and throughout these hierarchies. As such, scientists can 
group interesting gene lists into broad or detailed gene categories. Furthermore, the tool 
provides visualization of these hierarchies, as shown in the example below. 

Example of Gene Ontology™ (GO) Graphs in the 
NetAffx™ Analysis Center 

 

An example of the output of the Gene Ontology tool in the NetAffx 
Analysis Center. This is a close-up of the Biological Process hierarchy, near 
the node, of a large set of transcripts that change during neutrophil 
maturation. Changes in maturing neutrophils affect a variety of biological 
processes, including cell communication and programmed cell death. This 
display summarizes a large number of changes, and provides a means to 
further mine and navigate the annotations associated with the changing 
transcripts. 

Please refer to Appendix I of this document for a full page representation of 
the above graphic. 

Figure B 
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Pathway Analysis and Modeling 
For most biologists using expression analysis in functional genomics studies, the desired 
analysis end point is a new or an improved pathway model of the biological process of 
interest. Pathway pictures are a useful and powerful way to summarize the network of 
molecular interactions that make up the biological process under study. Placing global gene 
expression data within the context of a pathway image enables you to identify affected 
pathways. 

One highly useful tool for biological pathway analysis of expression data, GenMAPP, was 
developed by the Conklin Laboratory at UCSF (http://www.genmapp.org). GenMAPP is a 
public resource. The program and associated files can be downloaded from the web site. 
GenMAPP allows the application of quantitative data, such as, but not limited to, GeneChip 
expression Signals, as colors to pathway elements on a pathway map. In most cases, the 
pathway images must be developed based on prior knowledge (GenMAPP has basic drawing 
functions). Gene Ontology groups and data from KEGG have been used to generate MAPP 
files for human and mouse, but a considerable amount of manual work may be required to 
develop an image of a specific pathway of interest. The premise behind its development is to 
provide a tool that helps expand and refine pathway knowledge through mapping of gene 
expression data. As more scientists use it and publish better MAPP files, it becomes more 
useful and powerful as an analysis tool. Figure C shows an example of pathway images with 
gene expression data overlaid as colors (cell cycle controls in maturing neutrophils). Red 
indicates an increase while blue indicates a Decrease; the median Signal Log Ratio (base 2) is 
shown to the right of each box. Note the step-wise change between day 4 and day 6, 
including downstream genes from p53 and CDK 4,6. 
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RNA Levels of Cell Cycle Genes Visualized with 
GenMAPP (maturing neutrophils) 
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Example of output from GenMAPP: two images of the G1/S phase 
transition cell cycle control pathway in maturing neutrophils at 4 days, then 6 
days after treatment with retinoic acid. Note the small down regulation in 
p53 and CDK 4,6 at 4 days, followed by greater change at 6 days, as well as 
downstream down regulation of Bax and E2F. 

Figure C 

In addition to GenMAPP, some sophisticated commercial products are emerging, such as 
VisualCell™ from Gene Network Sciences (www.gnsbiotech.com), which provides an 
environment for creating large and highly complex graphic representations of cellular and 
molecular processes, and the integration of a variety of biological data, including RNA 
expression. 

Analysis of Promoter Sequences of Regulated Transcripts 
Another area of follow-up is to analyze promoter sequences of regulated transcripts to 
identify elements that may be involved in transcriptional regulation. There are two primary 
directions that can be taken. The first involves looking for previously characterized elements 
in the promoters of transcripts that appear to be regulated by a known transcription factor. 
For example, Figure D shows a series of transcripts that appear to show an immediate-early 
response profile to stimulation with retinoic acid (through a nuclear receptor) in developing 
mouse neutrophils. The promoters of these transcripts may contain a Retinoic Acid 
Response Element (RARE). Indeed the gene MAD is known to contain a RARE in its 
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promoter and shows a typical immediate-early response to the Signal. Known sequence 
motifs can be located in promoter sequences using a variety of sequence search and 
alignment tools, such as those provided by the NCBI. Promoter sequences for many well 
characterized genes are available in public databases, such as GenBank and RefSeq, and their 
annotations continue to improve with time. In addition, the growing Eukaryotic Promoter 
Database (EPD) is a dedicated, though currently limited, resource on promoter information 
of eukaryotes (http://www.epd.isb-sib.ch). 

Transcripts Showing ‘Immediate–Early’ Change in 
Response to Retinoic Acid 
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Transcripts showing ‘Immediate Early’ change in response to retinoic acid 
(positive Median Signal Log Ratios indicate an increase relative to control; 
negative indicate a decrease. Signal Log Ratio is base 2). MAD, produced by 
a gene known to have a Retinoic Acid Response Element (RARE) in its 
promoter, serves as a positive control. The remaining 10 transcripts may 
have such elements, a hypothesis that can be tested by searching the 
promoters of these transcripts. 

Figure D 

The second direction of follow-up on promoter sequences is searching for novel motifs in 
the promoters of transcripts that appear to be co-regulated (14). This may be a more 
challenging task, especially if the putative transcription factor is unknown. This direction of 
research will continue to expand as more is understood about transcription factors and their 
binding sites on gene promoters. In addition to the EPD, a useful resource is TRANSFAC: 
the Transcription Factor Database (http://transfac.gbf.de/TRANSFAC/). 
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Future Directions: Systems Biology  
Expression profiling data can continue to provide insights into functional genomics 
questions and, therefore, grow in value as additional information is gathered and new 
experiments are performed. Whether generated as part of a basic research project, drug 
discovery program, or in a clinical research setting, expression data assist in deciding future 
experiments and help direct us to pathways and pathway members on which to focus further 
investigation. Furthermore, serving as a ‘skeleton’ of the molecular phenotype of cells, 
expression profiles provide a scaffold to associate a variety of other complex phenotypes, 
such as proteomic and metabolomic data. Indeed, research efforts that take this integrative 
approach to studying biological problems, often termed ‘Systems Biology,’ rely heavily on 
expression profiling with arrays. The goal of these integrative approaches is to model known 
molecular interactions, as well as discover new interactions and identify functions for 
uncharacterized molecules. Neural network models (15) and other advanced computational 
techniques are often employed by researchers attempting to integrate a variety of biological 
data types into a Systems Biology model. While these experimental approaches are not 
readily applicable to most research projects, they hold the promise of the development of 
more powerful data analysis and data integration tools.
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 Statistical Analysis Flow 
1. Are my observations approximately normally distributed? If yes, then use a 

parametric test. If not, use a non-parametric test. 

2. If using a parametric test, are variances between groups approximately equal? If yes, 
proceed. If not, apply weighting techniques. 

3. How many groups will I be examining? If two, go to step 4. If more than two, use an 
ANOVA or Kruskal-Wallis test, which can be utilized to examine overall group 
variability. 

4. If my number of groups equals two, are the observations paired or unpaired? If they 
are paired, use a paired Student’s t-test or Wilcoxon Signed-Rank test. If they are 
unpaired, then use an unpaired Student’s t-test or a Mann-Whitney. 

5. What if I have used an ANOVA and I want to examine which groups are different? 
In this case, you would want to use a multiple comparisons test. It will be necessary 
to correct for Type I error by either using a Bonferroni, or some other type of 
correction. 

6. Retrieve all relevant annotation information from the NetAffx Analysis Center. 

7. Do all significant genes require follow up? If yes, go to step 8. If no, filter using 
functional information and return to step 6. Researchers must “draw the line” with 
regard to the list of “interesting” genes by integrating other types of biological data 
with the statistical analysis. 

8. Are all significant genes well annotated? If no, identify further experiments and 
research. If yes, integrate other data types (cell biology, biochemistry, proteomics, 
histology, etc.). 

9. Are high-level biological patterns and gene groups present? If no, identify further 
experiments and research. If yes, prepare research findings for publication and then 
identify further experiments and research. 
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Statistical Analysis Flow Diagram 
 

 
The above statistical analysis flow diagram is one representation of many possibilities. 
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Appendix I – Example of  a Gene Ontology™ Graph in the 
NetAffx™ Analysis Center 
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