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Abstract

It has recently been suggested that differentially-expressed genes in a

microarray experiment are best identified using fold-change, rather than

a t-statistic, because the former results in lists of differentially-expressed

genes that are more reproducible (Shi et al. 2005, Guo et al. 2006, MAQC

Consortium 2006). We argue that reproducibility does not imply accuracy,

and we show that the question of whether to use fold-change or a modified

t-statistic to identify differentially-expressed genes is essentially biological,

rather than statistical. Finally, we demonstrate that the ordinary t-statistic

is inferior to the modified t-statistic in terms of both accuracy and repro-

ducibility, and therefore should be avoided in the analysis of microarray

data.
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1 Introduction

In the analysis of microarray experiments, many methods exist for the identifica-

tion of genes that are differentially-expressed between conditions; see, e.g, Allison

et al. (2006). The choice of method used to identify such genes can greatly affect

the set of genes that are identified (Jeffery et al. 2006). Despite the wealth of

available methods, biologists show a fondness for two of the earliest approaches,

fold-change and the t-statistic, presumably because of their simplicity and in-

terpretability. Given their tendency to use these methods, it is important to

determine which is best in the analysis of real biological data.

We used real and simulated microarray data in order to assess the reproducibil-

ity and accuracy of differentially-expressed gene lists based on the t-statistic, a

modified t-statistic, and two different versions of fold-change. As previous pa-

pers have indicated, fold-change results in more reproducible gene lists than do

the ordinary and modified t-statistics (Shi et al. 2005, Guo et al. 2006, MAQC

Consortium 2006). Through the use of an artificial statistic, we demonstrate that

a gene list’s reproducibility does not imply its accuracy. Simulations suggest that

whether fold-change or a modified t-statistic results in more accurate gene lists de-

pends on whether one is interested in an absolute change in gene expression or in

the change in gene expression relative to the underlying noise in the gene. There-

fore, a researcher’s decision to use fold-change or a modified t-statistic should be

based on biological, rather than statistical, considerations. Finally, we determine

that the ordinary t-statistic does not exceed the modified t-statistic in terms of

either reproducibility or accuracy, and thus should not be used in microarray

analysis.
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2 Statistical measures of differential expression

Let xij and yij denote the log2 expression levels of gene i in replicate j in the

control and treatment, respectively. We define the ordinary two-sample t-statistic

as

Ti =
xi· − yi·

si

(2.1)

where si is the standard deviation of the replicates for gene i. The modified

t-statistic is defined as

T ′
i =

xi· − yi·

si + so

(2.2)

where so is a constant chosen to minimize the coefficient of variation of T ′
i . In

our analysis, we chose so and computed the modified t-statistic using Significance

Analysis of Microarrays (Tusher et al. 2001).

There are two definitions of fold-change in the literature. The standard definition

of the fold-change for gene i is (e.g. Tusher et al. 2001)

FCi =
x′

i·

y′i·
(2.3)

where x′
ij and y′ij are the raw expression levels of gene i in replicate j in the control

and treatment, respectively. On the other hand, in Guo et al. (2006) and Choe

et al. (2005), the fold-change for gene i is defined as

FCi = xi· − yi· (2.4)

We will refer to these versions of fold-change as FCratio and FCdifference, respec-

tively. It is worth noting that as so in the denominator of the modified t-statistic is

increased, the resulting gene ordering approaches that obtained using FCdifference.
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Of course, the ordinary t-statistic results from setting so equal to zero. Therefore,

these three statistics can be thought of as the results of plugging three values of

so into a single function of so and the data.

In order to demonstrate that a statistic with high reproducibility is not nec-

essarily accurate, we construct the artificial statistic

Pi = (xi·)
3 − (yi·)

3 (2.5)

where P stands for “power”. We do not suggest this statistic for practical use.

3 Overview of the genes selected using the dif-

ferent measures

In order to gain an understanding of the circumstances that result in extreme

values of the various measures of differential gene expression, we simulated data

so that the log expression values of the replicates for each gene were normally

distributed, and computed FCdifference, FCratio, the ordinary t-statistic, and the

modified t-statistic for each gene. The genes with the most extreme 10% of

values for these statistics are plotted in Figure 1. The ordinary t-statistic selects

genes with low standard deviations, the fold-changes select genes with large shifts

between control and treatment, and the modified t-statistic selects genes with low

standard deviations and large shifts. Since the fold-changes and the ordinary t-

statistic select completely different sets of genes, a researcher must decide whether

a gene’s importance is best quantified by the shift in expression or by the shift

relative to the standard deviation. The modified t-statistic provides a middle

ground between these two possibilities.
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Figure 1: Data were generated so that the logs of the replicates for each gene were
normally distributed. The log standard deviations and log shifts of the simulated
genes are shown on the x and y axes. The ten percent of genes with the most
extreme values of each statistic are plotted in black; the remaining genes are plotted
in gray.
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4 Simulated and real data

Concordance is defined as the percentage of genes in one gene list that also are

present in another gene list. For instance, we can compute the concordance be-

tween the list of 50 most differentially-expressed genes in one data set and the

list of 50 most differentially-expressed genes in another data set. We can measure

reproducibility of gene lists obtained using a given statistic by computing the

concordance between the gene lists constructed using that statistic for two data

sets obtained by performing the same experiment twice, or for two halves of a

single data set; this was done in Guo et al. (2006). On the other hand, in order to

assess the accuracy of a gene list obtained using a given statistic, we examine a

single data set, and compute the concordance between a gene list obtained using

that statistic and the true gene list that reflects the actual extent of differential

expression of the genes in the data set. Of course, this true gene ordering is un-

known for real data. We simulated data in order to compare the accuracies of the

statistics in question.

We used two different simulations to generate our data, both of which make

reference to a real data set. Our first simulation was based on a normal shift model.
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Simulation 1.

1. Fix n, the number of differentially-expressed genes, and k, the num-

ber of standard deviations that comprise the shift between con-

trol and treatment expression levels for the differentially-expressed

genes.

2. For each gene i, draw the mean µi from the uniform distribution on

the range of observed means of the log data, and draw the standard

deviation σi from the uniform distribution on the range of observed

standard deviations of the log data.

3. For each gene i, simulate log control data N(µi, σi
2) and log treat-

ment data N(µi + kσi1i≤n, σi
2).

Our second simulation maintains the observed control and treatment means

and standard deviations for each gene. This preserves an important feature of real

data: the shift in expression and the standard deviation are highly correlated.

7



Simulation 2.

1. For each gene, compute the mean µc of the log control data, the

standard deviation σc of the log control data, the mean µt of the log

treatment data, and the standard deviation σt of the log treatment

data.

2. Simulate log control and treatment data as N(µc, σc
2) and N(µt,

σt
2).

In effect, Simulation 2 uses the observed standard deviation and mean of the

actual data as the true standard deviation and mean of the simulated data.

In addition to the data that we simulated, we examined the rat toxicogenomic

data set of Guo et al. (2006); in particular, we compared the comfrey-treated liver

samples to the control liver samples for the Affymetrix sites. We also used the

prostate data set of Singh et al. (2002).

5 Analysis of the accuracy of the different mea-

sures

Under the normal shift model (Simulation 1), accuracy (as a function of the num-

ber of genes selected) is defined as the percentage of the selected genes with the

most extreme values of a given statistic that truly are differentially expressed.

(Recall that in this simulation, only a subset of the genes are differentially ex-

pressed between control and treatment). Figure 2 indicates that the t-statistics

and FCdifference have roughly the same accuracy under this model. FCratio has
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lower accuracy. More details can be seen in Supplementary Figure 1.

Figure 2: The data were generated using Simulation 1 based on the rat toxicoge-
nomic data of Guo et al. (2006), with 6,000 out of 31,000 genes differentially
expressed, a shift of one standard deviation between treatment and control, and
six control and six treatment replicates. The modified t-statistic and FCdifference

have roughly the same accuracy. FCratio has slightly lower accuracy. The accuracy
of the ordinary t-statistic is equivalent to that of the modified t-statistic.

In order to compute the accuracy for Simulation 2, we must first develop a

notion of what it means for a gene to be differentially expressed between control

and treatment. In this case, in contrast with Simulation 1, no gene has identical

true control and treatment means. However, for some of the genes, the control

and treatment expression are similar enough that the gene is not of interest to a

biologist. One way to quantify the extent to which a gene is differentially expressed

involves the absolute difference between the true log control and log treatment

means, |µc − µt|. Another method divides this difference by the pooled standard

deviation, σ, resulting in the quantity |µc−µt

σ
|. The former method quantifies the

difference in expression, which is purportedly the quantity of interest, whereas the
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latter attempts to standardize for noisy genes in which large absolute differences

in expression may have less meaning due to high levels of variance in expression.

The two methods can result in vastly different gene orderings.

Under Simulation 2, when |µc − µt| defines the ordering of differential gene

expression, both versions of fold-change are more accurate than the t-statistics.

When |µc−µt

σ
| defines the gene ordering, the t-statistics are more accurate than the

fold-changes (Figure 3 and Supplementary Figures 2 and 3). This reflects the fact

that the fold-changes and the former ordering concern themselves only with the

numerical change in average gene expression, whereas both the t-statistics and

the latter ordering essentially compute the number of standard deviations of shift

between treatment and control.

Figure 3: The data were generated using Simulation 2 based on the rat toxicoge-
nomic data with six control and six treatment replicates (Guo et al. 2006). The
figures show the accuracy of the statistics, or the extent to which the gene lists
based on a given statistic capture the true ordering of differential gene expression.
On the left, this “true” ordering is defined by |µc−µt|; on the right, it is defined by
|µc−µt

σ
|. In the former case, the fold-changes are more accurate, and in the latter

case, the t-statistics are more accurate. Though only one version of fold-change
is plotted, the accuracies of the two versions are almost identical.
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Control Treatment FCdifference FCratio T
Gene 1 150, 200, 250 1, 50, 100 3.51 3.97 1.69
Gene 2 101.1, 101.2, 101.3 100.1, 100.2, 100.3 0.014 1.01 12.25

Table 1: Three replicates of two genes under control and treatment conditions.
Gene 1 results in high values for both versions of fold-change and a lower value
of the t-statistic, whereas Gene 2 results in low values of the fold-changes and a
high-value of the t-statistic.

The inherent difference in orderings obtained via fold-changes and the t-

statistic can be seen in the following example. Table 1 presents two genes, each

of which has three control and three treatment replicates. Gene 1 results in a

more extreme value for both versions of fold-change, whereas Gene 2 results in a

more extreme value for the t-statistic. Though the fold-changes and the t-statistic

result in quite different orderings here, it is not clear which is correct. Gene 2’s

data are less likely than Gene 1’s under the null hypothesis that the control and

treatment observations all are independent and identically distributed from the

same normal distribution. From this perspective, Gene 2 appears to be more

differentially expressed. On the other hand, a biologist might not be particularly

interested in an expression shift that is only 1% of the total expression; therefore,

Gene 1 might seem to be more differentially expressed.

From this perspective, the question of whether the fold-changes or a modi-

fied t-statistic results in more accurate gene orderings is really a biological one,

rather than a statistical one, as it depends on what types of expression differences

between control and treatment have biological relevance.

In the data that we examined, the accuracy of the ordinary t-statistic never ex-

ceeded those of the fold-changes or the modified t-statistic. Therefore, we cannot

recommend the use of the ordinary t-statistic on the basis of its accuracy.
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6 Analysis of the reproducibility of the different

measures

Figure 4: Both figures show the concordance between two gene lists obtained using
two separate sets of six control and six treatment replicates. The figure on the left
is based on the rat toxicogenomic data of Guo et al. (2006), whereas the figure on
the right is based on the prostate data of Singh et al. (2002). In both cases, P is
more reproducible than the other statistics. The two versions of fold-change have
almost identical reproducibility; only FCdifference is plotted.

Previous studies have shown that FCdifference results in more reproducible

gene lists than the ordinary and modified t-statistics (Shi et al. 2005, Guo et

al. 2006, MAQC Consortium 2006). This held true in the simulated data as well

as in the real data sets that we considered. In fact, both versions of fold-change

had very high reproducibility. However, we were able to construct a statistic, P ,

that is even more reproducible than fold-change under all of the circumstances that

we investigated (Figure 4, Supplementary Figure 4). Similarly, statistics obtained

by replacing the third power in the definition of P with numbers between 1 and

4 also result in quite reproducible gene lists.
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The sample mean itself is not a very robust statistic, in that a single obser-

vation that differs from the true mean can greatly affect the sample mean. The

statistic P cubes the sample mean, thereby substantially increasing the effect of

an unusual observation. P can be considered an “extreme” version of fold-change.

On the other hand, the statistic obtained by replacing the mean with the median

in the equation for fold-change is a “muted” version of fold-change, and is less

reproducible than fold-change. These observations suggest that it is fold-change

and P ’s non-robustness that render them reproducible, since noisy genes will con-

sistently result in large values for fold-change and P . Therefore, fold-change and

P can be seen as reproducible measures of the noise of a gene. Of course, biologists

are interested in measuring differential gene expression, and not noise.

In fact, P has low accuracy in both simulations (Figure 5, Supplementary

Figures 1, 2, 3). This emphasizes the distinction between reproducibility and

accuracy, and the fact that the former does not imply the latter. Therefore, in

making a choice between fold-change and a modified t-statistic, we should not be

swayed by the fact that fold-change is more reproducible.

The ordinary t-statistic’s reproducibility never exceeded that of the modified

t-statistic under the circumstances that we considered.

7 Conclusions

We summarize our findings as follows:

1. Fold-change is defined in two ways in the literature: as the ratio of the mean

control and mean treatment observations, and as the difference of the mean

log control and mean log treatment data. For the most part, the behaviors

of the two versions of fold-change are quite similar. Since FCdifference leads
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Figure 5: The data were generated using Simulation 2 based on the prostate data
of Singh et al. (2002) with six control and six treatment replicates. The figure
shows the accuracy of three statistics when the true gene ordering is defined by
|µc − µt|. P is not very accurate.
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to the same gene ordering that would result from letting the term so in the

denominator of the modified t-statistic become arbitrarily large, it follows

that FCdifference and the modified t-statistic both are generalized modified

t-statistics with two different choices of so. Indeed, it is possible that some

intermediate value of so might result in higher accuracy than either of these

statistics.

2. Under the circumstances that we considered, the ordinary t-statistic was

never superior to the modified t-statistic in terms of accuracy or repro-

ducibility. Therefore, we suggest that the modified t-statistic or fold-change

be used instead of the ordinary t-statistic in microarray data analysis.

3. A statistic’s reproducibility does not imply its accuracy; in fact, it is easy

to construct a statistic with very high reproducibility and low accuracy.

The issues of reproducibility and accuracy should be kept separate when

evaluating the performance of a statistic.

4. In the analysis of real microarray data, there is no correct answer as to

whether fold-change or the modified t-statistic should be used. However, the

question of which statistic to use is very important, as the choice of statistic

can dramatically affect the set of genes that is selected. A researcher should

choose the measure of differential expression based on the biological system

of interest. If large absolute changes in expression are relevant to the system,

then fold-change should be used; on the other hand, if changes in expression

relative to the underlying noise are important, then a modified t-statistic is

preferable.
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