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Testing for Activation in Data from FMRI Experiments

Abstract: The traditional method for processing functional magnetic resonance imag-
ing (FMRI) data is based on a voxel-wise, general linear model. For experiments con-
ducted using a block design, where periods of activation are interspersed with periods
of rest, a haemodynamic response function (HRF) is convolved with the design func-
tion and, for each voxel, the convolution is regressed on prewhitened data. An initial
analysis of the data often involves computing voxel-wise two-sample t-tests, which
avoids a direct specification of the HRF. Assuming only the length of the haemody-
namic delay is known, scans acquired in transition periods between activation and rest
are omitted, and the two-sample t-test is used to compare mean levels during acti-
vation versus mean levels during rest. However, the validity of the two-sample t-test
is based on the assumption that the data are Gaussian with equal variances. In this
article, we consider the Wilcoxon rank test as well as modified versions of the classical
t-test that correct for departures from these assumptions. The relative performance
of the tests are assessed by applying them to simulated data and comparing their size
and power; one of the modified tests (the CW test) is shown to be superior.

Key words: Excess kurtosis, haemodynamic response function, Shapiro-Wilk test,
skewness, two-sample t-test, Welch test, Wilcoxon Rank test.

1. Introduction

Functional Magnetic Resonance Imaging (FMRI) is a non-invasive method that pro-
duces a time sequence of images of a subject’s brain that are sensitive to changes in blood
oxygenation caused by neural activation. The vast majority of analytical techniques that
are applied to FMRI data assume the transfer function between neural activation and
subsequent changes in blood oxygenation, the haemodynamic response function (HRF),
is known fully and the data follow the Gaussian distribution. In this article, we consider
the analysis of FMRI data collected in one of two states, called “activation” and “rest,”
based on two-sample tests. From knowledge of the length of the haemodynamic delay,
measurements during the transition period between activation and rest can be omitted.
The validity of the classical two-sample t-test is based on the assumption that the activa-
tion data and the rest data are Gaussian with equal variances. In this article, we propose
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use of a modified two-sample test for FMRI data that allows for departures from this as-
sumption. We study three competing tests. One is the Welch test (Welch, 1937), which is
a modification of two-sample t-test that allows unequal covariances. A second competitor
is the Cressie-Whitford (CW) test (Cressie and Whitford, 1986) that can be used with
non-Gaussian data. The third competitor is the Wilcoxon rank (WR) test (Wilcoxon,
1945). In what follows, we compare the classical t-test with the Welch, CW, and WR
tests for FMRI data based on a block design, where the blocks alternate between periods
of activation and rest.

The next section describes the physiological background and physical processes used in
FMRI and the most common methods used to process FMRI data; it also defines the four
two-sample tests (including the classical two-sample t-test) that are compared in Section 4.
Section 3 discusses the application of the two-sample tests for FMRI data and describes
the methods used to identify and quantify departures from Gaussianity for each voxel.
The size and power of the four tests are compared in Section 4 using a simulation study
of FMRI data, from which recommendations are given. Section 5 contains discussion and
conclusions.

2. FMRI Experiments

2.1 Some physiology

All neuronal activation is linked to an increase in oxygen consumption, causing a
local increase in the blood flow. The body’s response is to supply more oxygen than is
required for the neuronal activity. Due to the different magnetic properties of oxygenated
and de-oxygenated blood, the excess oxygenated blood that circulates during neuronal
activation alters the magnetic properties of the venous blood, resulting in the so-called
blood oxygenation level dependent (BOLD) signal. FMRI produces a sequence of brain
images that is sensitive to changes in the BOLD signal.

In a classical FMRI experiment, the subject is scanned every few seconds to obtain
an image of the brain; the subject is exposed to an experimental stimulus in some time
periods, and is in a rest state during the remaining time periods. The stimulus can
either be applied for brief periods in rapid, possibly random succession (an “event-related”
experimental design, Josephs et al., 1997), or for longer periods with interspersed rest
periods (a “block” experimental design, Frackowiak et al., 1997). In this paper, we focus
on FMRI experiments conducted using a block experimental design.

Even though neuronal activation occurs immediately after exposure to the experimen-
tal stimulus, the vascular response evolves more slowly, resulting in the BOLD signal.
The temporal relationship between neuronal activation and the observed BOLD signal is
called the haemodynamic response. To model the haemodynamic response, it is common
to convolve the experimental design with a so-called haemodynamic response function
(HRF). Poisson, gamma, and Gaussian distributions are used widely as HRFs (Friston et
al., 1994).

The region of the brain where there is neural activation is found by regressing the
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observed FMRI data on the expected BOLD signal, obtained as a convolution of the
experimental design with the HRF. Of course, this depends on a well-specified HRF.

2.2 FMRI data

Observed FMRI data are four-dimensional, in space and time. At each time point, a
three-dimensional image of the brain is acquired, called a volume. Each volume consists
of voxels, and each voxel has an associated one-dimensional time series of observed signal
intensities.

The most common approach to the analysis of FMRI data is to consider the voxels
independently. A widely-used approach assumes a general linear model (GLM) for the
voxel-wise time series (Friston et al., 1995). For example, after various preprocessing
steps, including prewhitening to achieve approximately independent errors, a two-sample
test statistic is computed for each voxel where the two samples correspond to activation
data and rest data. A voxel is declared to be significant if the test statistic exceeds
some threshold. The distribution theory associated with this approach is based on the
assumption of Gaussianity of the observed data and the proper specification of the HRF
leading to the expected BOLD signal.

For initial data analysis, it is enough for us to know the length of the haemodynamic
delay between neural activation and changes in the BOLD signal (Banddettini et al., 1993).
This knowledge is used to omit scans acquired in transition periods between possibly
“activated” BOLD signals and “resting” BOLD signals. The delay between the neural
activation and changes in the BOLD signal depends on many different factors; the type
of stimuli, the duration of each stimulus, and the brain activation regions can all effect
the length of the delay. Empirical studies have proposed methods for estimating HRFs
that can adapt to different experimental designs. By using the block designs described in
Section 2.1 and deleting transition data in our preliminary analysis, we have a sample of
data acquired under activation and a second sample of data acquired under rest. In the
next section, we describe four possible two-sample tests that might be used to test for the
presence of activation at each voxel.

2.3 Two-sample tests

The null hypothesis of no difference between the means of two populations can be
investigated with appropriate two-sample tests. In what follows, we summarize the four
tests to be compared where, under activation the voxel data are FY a = {Yi}i∈FA and,
under rest the voxel data are FY r = {Yj}j∈FR; here FA and FR denote the activation
and rest acquisition times, respectively.

The classical two-sample t-test

The classical two-sample t-test assumes:
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(A1) Observations FY a and FY r are uncorrelated.

(A2) The observations within each of FY a and FY r have identical Gaussian distributions;
that is,

FY f ∼ Gau(µf ∗ F1, σ2
f ∗ FI); f ∈ {a, r}.

(A3) σ2
a = σ2

r .

To test the hypothesis:

H0 : µa ≤ µr versus H1 : µa > µr, (2.1)

the classical two-sample t-test uses test statistic,

T ≡ Y a − Y r√(
1
na

+ 1
nr

)(
(na−1)s2

a+(nr−1)s2
r

na+nr−2

) , (2.2)

with

Y f =
1
nf

∑
i∈F

Yi and s2
f =

∑
i∈F

(
Yi − Y f

)2
nf − 1

; f ∈ {a, r},

where F is the set of activation times FA (rest times FR) if f = a (f = r), and na (nr)
is the number of the observations in the sample FY a (FY r).

If Assumptions (A1), (A2), and (A3) are satisfied, the classical two-sample t-test with
significance level α is:

Accept H0 if T < td(1 − α)
Accept H1 otherwise,

where td(1−α) is the 100(1−α) percentile of the t distribution on d = na +nr −2 degrees
of freedom.

The Welch test

The Welch test (Welch, 1937) is used to test the same hypotheses (2.1), but it assumes
only (A1) and (A2); that is, it is possible that σ2

a �= σ2
r . Welch (1937) has shown that

under the null hypothesis H0, the test statistic

T ∗ ≡ Y a − Y r√
s2
a

na
+ s2

r
nr

(2.3)

has approximately a t distribution with

e ≡
(

σ2
a

na
+ σ2

r
nr

)
(

σ4
a

n2
a(na−1) + σ4

r
n2

r(nr−1)

) (2.4)

degrees of freedom. In practice, the population variances σ2
a, σ2

r in (2.4) are estimated
from data using sample variances s2

a, s2
r. The Welch test with significance level α is:

Accept H0 if T ∗ < te(1 − α)
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Accept H1 otherwise,
where the cut-off value te(1−α) is based on fractional degrees of freedom and is obtained
by interpolation of the td(1 − α) cut-off levels based on the nearest integers d to e.

The CW test

The CW test (Cressie and Whitford, 1986) also tests hypotheses (2.1), but makes only
Assumption (A1); that is, it is possible that the data are non-Gaussian with unequal
variances. To account for this, we use the same statistic T ∗ given by (2.3) as Welch, but
modify its null distribution according to the skewnesses α3a, α3r and the excess kurtoses
α4a, α4r of the non-Gaussian activation and rest distributions, respectively.

By calculating the Cornish-Fisher expansion of T ∗, Cressie and Whitford (1986) show
that under Assumption (A1) and H0, the distribution of T ∗ is approximately that of the
random variable,

V = U +
α3aσ3

a
n2

a
− α3rσ3

r
n2

r

6
(

σ2
a

na
+ σ2

r
nr

)3/2
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a

− α3rσ3
r

n2
r

2
(

σ2
a
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r
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)3/2
U2 − 1

2
gUZ, (2.5)

where U,Z are i.i.d. N(0, 1) and

g ≡


σ4

a
n3

a
(α4a + 2) + σ4

r
n3

r
(α4r + 2)(

σ2
a

na
+ σ2

r
nr

)2 −
(

α3aσ3
a

n2
a

− α3rσ3
r

n2
r

)2

(
σ2

a
na

+ σ2
r

nr

)3


1/2

. (2.6)

The CW test with significance level α is
Accept H0 if T ∗ < v(1 − α)
Accept H1 otherwise,

where v(1−α) is the 100(1−α) percentile of the distribution of V , obtained by simulation.
As for the Welch test, the population moments in (2.5) and (2.6) are estimated from data
using sample versions; see Section 3.3.

The Wilcoxon Rank (WR) Test

The WR test (Wilcoxon, 1945) makes only assumption (A1), as does the CW test. In
addition, it assumes that the distribution function F (y) of the observations FY r is contin-
uous and the distribution function of the observations FY a is F (y − δ), for δ ∈ R. Then
the WR statistic tests the hypotheses,

H0 : δ ≤ 0 versus H1 : δ > 0. (2.7)

In order to test (2.7), the WR test sums the ranks of each of the FY a values in the
combined sample of N = na +nr data consisting of the FY a and FY r values ordered from
smallest to largest. Let Ri denote the rank of Yi; i ∈ FA. The test statistic for the WR
test is

W =
∑
i∈FA

Ri.

An exact p-value is then computed based on the null distribution (δ = 0) of W , which
is obtained by considering all possible N ! permutations of ranks of the FY a and FY r.
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However, this is computationally demanding for large na and nr. For large na and nr, we
approximate the distribution of the centered and scaled version of W ,

W ∗ =
W − .5 − na(na + nr + 1)/2√

nanr(na + nr + 1)/12
,

with a standard normal (Hollander and Wolfe, 1999). Hence the WR test with significance
level α is:

Accept H0 if W ∗ < z(1 − α)
Accept H1 otherwise,

where z(1 − α) is the 100(1 − α) percentile of the Gaussian distribution with zero mean
and unit standard deviation.

3. Methods of Analysis and Comparisons

In this section, we continue to consider inference based on a single generic voxel.
Simultaneous inference involving all voxels is considered in Section 4.

3.1 Application of Two-Sample Tests to FMRI Data

Let T be the set of acquisition times of the observed intensities associated with the
given voxel. Assuming the subject was exposed to only one type of neural activation,
T can be divided into three groups: the time points FA where activation of the BOLD
signal is expected, the time points FR during which the BOLD signal is expected to be in
a rest state, and the time points B corresponding to the transition periods between the
activation and the rest times. An example of such a division of time points is illustrated
in Figure ??. In the two-sample tests considered in this article, one sample corresponds
to FA and other sample corresponds to FR; intensities corresponding to B are omitted
from further analysis.

Figure 1 about here

Consider the two-sample tests of H0 versus H1 given in Section 2. For a given voxel
and a given test, accepting the alternative hypothesis H1 means that the associated voxel
is declared to be activated by the experimental stimulus.

3.2 Simulated FMRI data

Six datasets were obtained from 3 healthy volunteers (1 female, 2 males) using a 1.5T
Signa scanner. The data were collected under rest conditions; that is, the subjects were
not exposed to any stimulus during the experiment and they were instructed to relax in
the scanner with their eyes closed. One such rest dataset was obtained from the first male
subject (30 years old), two rest datasets were obtained from the second male subject (27
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years old), and three rest datasets were obtained from the female (30 years old). Each
dataset consisted of 200 volumes, every observed volume contained 28 slices, and each slice
had 64x64 voxels. These datasets were preprocessed for motion correction and prewhitened
to make the time series uncorrelated (using the software FEAT, which is part of the FSL
package; see Smith et al., 2001).

We created activation datasets by essentially adding a signal having known magnitude
and location of the activation to each preprocessed rest dataset. The signal component was
calibrated against an image acquired from a previous unrelated visual-activation FMRI
experiment; see Figure ?? for an example. By applying the signal in the locations acquired
from a previous visual experiment, we avoided the possibility of applying the signal near so-
called default regions (regions which show decreased neuronal activity during the activation
of the stimulus) and their confounding effects on the simulated signal. The activation
datasets alternated blocks of 10 time points of rest with 10 time points of activation. The
average peak-signal change, defined as a ratio between the average of the intensities under
the activation and the average of the intensities measured during the rest periods for the
most activated voxel, was set to be 3%. Each dataset contains 200 time points; the three
sets of time points FA, FR, and B were obtained assuming a haemodynamic delay of 3
time periods, resulting in na = 70 and nr = 73.

Figure 2 about here

3.3 Violations of equal variances and Gaussianity assumptions

Several methods were used to assess the degree of departure of the activation datasets
from (A2) and (A3). Consider a generic voxel and recall from Section 1 that FY a =
{Yi}i∈FA make up the so-called “activated” sample and FY r = {Yj}j∈FR make up the
“rest” sample.

To investigate the violation of Assumption (A3) given in Section 2, thereby allowing
σ2

r �= σ2
a, we computed the sample variances for FY a and FY r for each voxel in each

activation dataset. The pairs of sample variances of active and rest samples for all voxels
that are located in subject’s brain (out of all 64 × 64 × 28 = 114, 688 voxels, only 2, 2340
of them were located in subject’s brain) are plotted in Figure ??; the 45-degree line
corresponding to equal variances is superimposed. In all panels, and especially in 3(c), we
see some points far from the diagonal, which suggests that the assumption of homogeneity
is violated for three voxels. A formal F-test (α = 0.05) of equal variances detected 1, 225
out of 22, 340 (5.5%) brain voxels to have significantly different sample variances, and
visual inspection of these voxels indicated no spatial pattern. This indicates that, overall,
unequal variances may not be a serious problem for these FMRI data.

Figure 3 about here

To investigate departures from Gaussianity, Assumption (A2), we computed the sample
skewness and sample excess kurtosis for FY a and FY r, for all six activation datasets. For
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the activation sample these are:

α̂3a =
√

na
∑

i∈FA(Yi − Y a)3

{∑i∈FA(Yi − Y a)2}3/2
,

α̂4a =
na
∑

i∈FA(Yi − Y a)4

{∑i∈FA(Yi − Y a)2}2
− 3,

and likewise we computed α̂3r and α̂4r for the rest sample.

To illustrate graphically the relationship between skewness and kurtosis, we chose one
activation dataset. The pairs (α̂3a, α̂4a) for the 22,340 brain voxels from one activation
dataset are plotted on the left panel of Figure ??, and the pairs (α̂3r, α̂4r) are plotted on
the right panel. For Gaussian data, the plotted pairs should be very close to the origin.
In Figure ??, we observe strong departures from zero skewness and zero excess kurtosis in
both panels. Thus, we might expect an improvement in hypotheses testing for activation
using the CW test or the WR test over the classical two-sample t-test or the Welch test.

Figure 4 about here

More formally, we calculated the Shapiro-Wilk test (e.g., Royston, 1982) for normality
(α = .05) for each voxel and rest/activation combination. For the dataset used in Figure
??, Table ?? summarizes the number (out of 22,430) of brain voxels that were significantly
non-Gaussian. About 12% of activated samples and about 11% of rest samples were de-
clared significant by the Shapiro-Wilk test; if the samples were Gaussian, we would expect
only 5% to be declared significant. More than 20% of voxels were declared significant in
at least one of the activated or rest samples.

Table 1: Brain-voxels declared significant using Shapiro-Wilk test (α = .05),
based on one of the six datasets.

Activated samples

Significant Not significant Total

Rest Significant 647 2095 2742 (12.3%)
samples Not significant 1774 17824 19598

Total 2421 (10.8%) 19919 22340

The spatial distribution of the voxels declared significant is shown in Figure ??; while
they are distributed fairly homogeneously between regions of the brain, there is some
indication that, within a region, they can clump together.

Figure 5 about here

4. Results
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All four two-sample tests were used to test for activation in each voxel. We obtained
p-values as in Section 2 where the p-value for the CW test was obtained from simulation
of the random variable given by (2.5) and that for the WR test was obtained from the
standard normal approximation to W ∗.

Because of the multiple hypotheses being tested (one for each brain voxel), the voxels
declared as active were obtained by comparing the p-values with α∗ ≡ α/{# of brain voxels}
with α = .05. This is the voxelwise Bonferroni-adjusted level of significance based on an
overall level of significance of α = .05. Voxels with p-values less than or equal to α∗ were
pronounced active. Because the activation pattern of each dataset was known, we can
estimate and compare the sizes and powers of the two-sample tests.

Let A denote the set of voxels to which an activation signal has been added and R
the set of voxels with no added activation. Let Aright denote the voxels in A declared
to be active, and let Awrong denote the voxels in A not declared active. All voxels from
category R can be similarly divided into Rright, those non-activated voxels not declared
active, and Rwrong, those non-activated voxels which were declared active.

The achieved size of each test was estimated by

α̂ ≡ (|Rwrong| / |R|),

where |C| ≡ # voxels in the region C of the brain. The quantity α̂ is also called the
false-positive rate and should be comparable to the desired familywise level of significance
α (= .05). If α̂ < α, the test is conservative. The power of each test was estimated by

π̂ ≡ (|Aright| / |A|) ,

which is the true-positive rate.

Table ?? lists the estimated sizes and powers of each test for all six simulated FMRI
datasets. All four tests were consistently very conservative, with the Wilcoxon test being
the most conservative. The classical t-test and Welch test had equivalent power, which was
consistently greater than that of the Wilcoxon test. The CW test was the most powerful
test, uniformly over the six datasets.

Table 2: Estimated size and power of the four two-sample tests for the six
datatsets.

TEST

Dataset Classical t-test Welch CW WR

α̂ π̂ α̂ π̂ α̂ π̂ α̂ π̂

1 .496E-4 .289 .496E-4 .288 .992E-4 .305 0 .277
2 0 .208 7.466E-4 .208 19.927E-4 .224 4.479E-4 .200
3 0 .221 0 217 0 .235 0 .202
4 .583E-4 .233 .583E-4 .233 1.750E-4 .253 .583E-4 .224
5 0 .205 0 .205 0 .223 0 .188
6 0 .239 0 .237 27.527E-4 .251 1.101E-4 .227



82 �ÿ¶}

Table ?? gives a more detailed comparison of the classical t-test and the CW test for
one of the datasets. While 626 out of 2, 173 activated brain voxels were correctly detected
as significant by both tests, 37 additional activation voxels were correctly detected by the
CW test that were not identified by the classical t-test. Only one activation voxel was
identified by the classical t-test that was missed by the CW test.

Table 3: Comparison of the performance of the CW test and the classical t-test,
based on one of the six datasets

CW test
Voxels from A Voxels from R

Aright Awrong Rright Rwrong
Voxels Aright 626 1 · ·

Classical from A Awrong 37 1509 · ·
t-test Voxels Rright · · 20165 1

from R Rwrong · · 0 1

5. Discussion and Conclusions

While the results were obtained from only one type of scanner, the 1.5T Signa GE, and
with FMRI data for three subjects, they show that FMRI data can exhibit both unequal
variances and non-Gaussianity. Using the Shapiro-Wilk test, more than 20% of voxels in
the dataset were declared significant in one or both of the rest or activated samples. We
believe that more powerful scanners will lead to data that are even more non-Gaussian,
since their finer spatial resolution involves less averaging of the response.

The Welch test is valid for unequal variances but when non-Gaussianity is suspected,
the CW test accounts for both. The WR test is a nonparametric analog of the classical
t-test. In the six datasets studied in Section 3, non-Gaussianity was a bigger problem
than unequal variances. The results in Section 4 showed that the CW test performed
better than the other three tests. These results suggest that the CW test should replace
any standard use of the classical parametric or nonparamentric two-sample tests based on
FMRI data.
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An Evaluation of Multiple Behavioral Risk Factors for Cancer in a
Working Class, Multi-Ethnic Population

Abstract: Behavioral risk factors for cancer tend to cluster within individuals, which
can compound risk beyond that associated with the individual risk factors alone. There
has been increasing attention paid to the prevalence of multiple risk factors (MRF) for
cancer, and to the importance of designing interventions that help individuals reduce
their risks across multiple behaviors simultaneously. The purpose of this paper is to
develop methodology to identify an optimal linear combination of multiple risk factors
(score function) which would facilitate evaluation of cancer interventions.

Key words: Community based research, conditional logistic regression, multiple risk
factors, random effects.

1. Introduction

Despite the considerable biomedical advances of the last half-century, facilitating improvement
in lifestyle behaviors remains the most efficacious population-level strategy for reducing cancer
risk. Estimates vary, but suggest that over fifty percent of new cancer cases and up to one-third of
cancer mortality could be prevented though improvements in health behavior practices (American
Cancer Society, 2004; Doll and Peto, 1981). A 19 percent decline in the rate at which new cancer
cases occur, and a 29 percent decline in the rate of cancer deaths, could potentially be achieved by
2015, if prevention efforts were heightened and behavior change sustained. This would translate
to the prevention of approximately 100,000 cancer cases and 60,000 cancer deaths each year, by
the year 2015 (National Cancer Policy Board and Institute of Medicine, 2003).

There is ample epidemiological evidence for the consideration of red meat consumption, phys-
ical activity, and folic acid intake in cancer prevention efforts. Regular physical activity lowers the
risk of cancers of the colon, breast, and possibly prostate ( Colditz, Cannuscio, and Frazier, 1997;
Friedenreich and Rohan, (1995).). An additional 30 percent of cancer deaths can be attributed
to adult diet ( Anonymous, 1996); higher intake of red meat has been associated with increased
risk of colon ( Sandhu, White and McPherson, 2001) and prostate cancers ( Michaud, Augusts-
son, Rimm, Stampfer, Willett, and Giovannucci 2001). Associated with both physical inactivity
and diet is obesity, which may account for between 25-30 percent of cancers of the colon, breast
(postmenopausal), endometrium, kidney, and esophagus (Vainio and Bianchini, 2002). Folic acid is
protective against colon cancer ( Giovannucci, Stampfer, Colditz, Hunter, Fuchs, Rosner, Speizer,
and Willett, 1998); long-term multi-vitamin use, in particular has been found to reduce risk for
colon cancer, likely because of its folic acid content (Giovannucci et al. 1998).

The risk for many diseases, including colon cancer, is associated with multiple behavioral risk
factors (MRF); these behaviors are highly interrelated and tend to cluster within individuals. For
example, those who eat high-fat diets are also more likely to be sedentary, suggesting that the
behaviors may be mutually reinforcing (see e.g., Emmons, Marcus, Linnan, Rossi, and Abrams,
1999). Change in one behavioral risk factor thus may serve as a stimulus or gateway for change
in the other health behaviors (see e.g., Emmons et al. 1999), and there are overarching behav-
ioral principles and intervention frameworks that guide behavior change efforts across risk factors.
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Consequently, to facilitate population-level reductions in cancer risk, it may be inefficient to tar-
get discrete behavioral risk factors, when similar principles might be applied simultaneously to
multiple behaviors (Institute of Medicine, 2000).

The literature provides little consensus as to the most appropriate analytic strategy for eval-
uating the efficacy of MRF interventions; most studies have analyzed the various outcomes in-
dependently or by creating a simplistic sum (e.g., 1 RF + 1 RF = 2RFs) (see e.g., Prochaska
and Sallis 2004; Campbell, James, Hudson, Carr, Jackson, Oakes, Demissie, Farrell, and Tessaro,
2004). This could be problematic, because the use of separate analytic strategies may result in
improper inferences regarding the effect of an MRF intervention because of correlation among the
factors. Such strategies may overlook the clustering effect brought about by the agglomeration
of multiple behavioral risk factors and have been criticized as being too simplistic. The purpose
of this paper is to develop a methodology to identify an optimal linear combination of multiple
behavioral risk factors (MRF score function) for cancer that would best facilitate evaluation of an
MRF cancer intervention.

2. Methods

2.1 Study design

The data analyzed in this paper are from the Harvard Cancer Prevention Program Project
(HCPPP) Healthy Directions, which is composed of two randomized controlled trials, one in health
centers (HC) ( Emmons, Stoddard, Gutheil, Suarez, Lobb, and Fletcher 2003), and another in small
businesses (SB) (Hunt, Stoddard, Barbeau, Wallace, and Sorensen 2003). The overarching goal
of the HCPPP was to create a new generation of cancer prevention interventions that would be
effective among working class, multi-ethnic populations. Together, the two arms of the trial were
successful in enrolling a sub-population of the multi-ethnic working class population in eastern
Massachusetts. The study aims and sampling strategies are published in greater detail elsewhere
(Emmons et al., 2003; Hunt et al., 2003).

2.2 Health centers

Healthy Directions-HC (Emmons et al.) was a randomized controlled trial conducted in col-
laboration with a large health care delivery system, comprised of 14 multi-specialty medical group
practices that serve over 270,000 patients. Ten of the fourteen health centers were invited to
participate in this study, and all agreed. Health center served as the unit of randomization and in-
tervention. Briefly, patients who resided in low income, multi-ethnic neighborhoods (defined using
census block-groups that were predominantly working class, impoverished, or with low levels of ed-
ucation) were identified and approached for participation through their health center. Individuals
identified through geocoding to be residents in the target neighborhoods were deemed eligible if
they met the following criteria: (1) being 18-75 years old, (2) having a well-care or follow-up visit
scheduled with a participating provider, (3) being able to speak and read either English or Span-
ish, (4) not having cancer at the time of enrollment, (5) not being employed by the participating
health centers, (6) not being employed by a worksite participating in the companion small business
study, and (7) providing consent to participate in the randomized study. All providers practicing
in the Internal Medicine Departments of the health centers were approached for permission to
recruit from among their patient pools. Provider participation averaged 83% across sites (range
50%-100%; 97 clinicians). Patients scheduled for appointments with the participating providers
and in the eligible age range were identified through the automated central appointment system.
Study staff attempted to recruit 8,963 potentially eligible candidates; 2,547 (28%) individuals were
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unreachable. Among the 6,414 potential subjects reached, 867 (14%) were ineligible, 3,330 (52%)
refused, and 2,219 (35%) were enrolled. Assuming that 14% of those not reached were also inel-
igible, the response rate is 29% of those assumed eligible. The cohort recruited at baseline was
contacted by telephone after the intervention period to complete a follow-up survey. Of the 2,219
who completed the baseline survey (n=1088 intervention condition; n=1131 control condition),
1,954 (88%) completed the follow-up survey. The follow-up response rate was equivalent across
conditions.

2.3 Small business

The Healthy Directions-SB study (Hunt et al., 2003) was a randomized controlled trial in which
the worksite was the unit of randomization and intervention. Worksites were identified using the
Dun and Bradstreet database to locate small businesses with Standard Industrial Classification
(SIC) codes 20-39 (manufacturing industries) and employing between 50-150 employees. Additional
inclusion criteria included: (1) employing a multi-ethnic population (defined as 25% of workers
being first-or second-generation immigrants or people of color), (2) having a turnover rate of less
than 20% in the previous year, (3) being autonomous in decision-making power to participate in
a study, and (4) agreeing to be randomly assigned to the intervention condition. One hundred
thirty-three (133) companies met the eligibility criteria, and of these, 26 agreed to participate (
Barbeau, Wallace, Lederman, Lightman, Stoddard and Sorensen 2004).

Data were collected using interviewer-administered surveys among individuals who were per-
manent employees and worked 20 hours or more per week. On site interviews were administered
on company time in the language (either English, Spanish, Portuguese, or Vietnamese) preferred
by respondents. Two cross-sectional samples were collected, one at baseline in which 1,740 par-
ticipants from 26 worksites completed the survey (response rate 84%). The second sample was
collected at follow-up 1,408 participants in 24 worksites (during the course of the intervention two
worksites dropped out, one intervention and one control) with a response rate of 77%. 974 par-
ticipants (518 in control worksites and 456 in intervention worksites) completed both the baseline
and follow-up surveys forming the embedded cohort used in this analysis.

2.4 Data and analysis

The goals of the intervention were to: (1) increase fruit and vegetable intake, (2) decrease red
meat consumption, (3) increase physical activity levels, and (4) increase daily multivitamin usage.
The following variables assess the individual risk factors measured on a continuous scale: number
of servings of fruit and vegetables per day, number of servings of red meat consumed per week
(RM), and hours of moderate or vigorous physical activity per week (PA). The fourth measure
is a binary variable indicating use of a multi-vitamin on 6 or 7 days per week (MV). In order to
keep all variables on an equivalent time scale, we created a new variable for fruit and vegetable
consumption that calculated the amount of fruits and vegetables consumed in one week (FV) by
multiplying the current measure of fruit and vegetable intake by seven. The continuous variables
(FV, RM, PA) were standardized using the formula in Equation 2.1;

STV =
V − P05

P95 − P05
, (2.1)

where V are the original values for the continuous variables (FV, RM, PA), P05 and P95 are
the fifth and ninety-fifth percentile values respectively for a given variable and STV are the new
standardized variables (STFV, STRM, and STPA respectively). Standardization was implemented
for consistency (to make a one unit change in one variable similar to a one unit change in another)
and interpretability. The 5th and 95th percentiles were used to minimize the influence of outliers.
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For the purposes of identifying an optimal linear combination that would show an intervention
effect we restricted our sample to only those subjects who received the intervention, responded to
both the baseline and follow-up surveys, and have complete data for the four risk behaviors. As
opposed to the usual situation of observing how the covariate vector or a linear combination of the
covariate vector will change because of treatment, the idea here is to determine how the covariate
vector or the linear combination will predict the intervention status. This is similar in spirit to a
matched case-control analysis.

A popular method for the analysis of longitudinal data with a dichotomous outcome is a mixed
effects logistic regression model. A mixed effects logistic regression model with a logit link will
have the form:

log
[

pr(Yij = 1)
1 − pr(Yij = 1)

]
= ai + β′Xij . (2.2)

Here Yij , i = 1, ..., n, j = 1, 2, denotes the indicator of intervention time (i.e. pre-intervention Yi1 =
0 and post-intervention Yi2 = 1), Xij is the covariate vector, and ai is a random cluster effect. The
subscript i is an indicator for individual and the subscript j is an indicator for time. Each individual
subject i is a cluster of two sets of observations, pre-intervention and post-intervention. The random
effect variable ai can be thought of as measuring an individual’s demographic characteristics (i.e.,
age, gender, race). In our analysis, we want to control for an individual’s specific demographic
characteristics, therefore, we treat the random effect variable ai as a nuisance parameter and
condition it out of the model. We can condition them out by using the conditional likelihood
based on the fact that Yi1 + Yi2 = 1. We are left with a conditional logistic regression model.
These types of models are often used to analyze matched case-control studies, where the outcome
of interest is whether a subject is a case or control.

In this framework we intend to model

logit(Pr(Yij = 1|ai)) = β′Xij , (2.3)

where an optimal linear combination, or the best score, will be β̂′X .

We set up our data as if it came from a 1:1 matched case-control study; each individual is
a cluster of two observations, one “case” and one “control”. One observation is pre-intervention
(“control”/baseline) and the second observation is post-intervention (“case”/follow-up). At each
time point (pre and post-intervention) each subject has a vector (containing STFV, STRM, STPA,
and MV) of covariates.

For matched case-control studies with one case per matched set, the likelihood function for the
conditional logistic regression reduces to the partial likelihood of the Cox model for the continuous
time scale (Hosmer and Lemeshow 1998). We created dummy survival times so that all cases have
the same event time and the corresponding controls are censored at a later time. We used Proc
PHREG in SAS1 to fit the conditional logistic regression model by forming a stratum for each
matched set (individual id number). This allowed us to obtain estimates for β̂.

3. Results

Using the combined Health Center and Small Business data from the Healthy Directions base-
line and follow-up surveys on the 1,209 study participants that received the intervention, we found
an optimal score function for the four risk factors:

score = 1.05 ∗ STFV + 1.70 ∗ MV + 0.25 ∗ STPA− 1.35 ∗ STRM. (3.1)

The score is a summary measure of the health behaviors of a subject based on these four factors.
From this score, we can see that increasing the number of fruits and vegetables consumed per week,
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taking a multivitamin six or more days a week, increasing the amount of physical activity done
in a week, and/or decreasing the amount of red meat consumed in a week will increase the score
for a subject which in turn means an overall improvement in health behaviors. The dynamics of
the score are consistent with the goals of the intervention. A participant can increase their health
behavior score by changing one risk factor, or combinations of the four risk factors in a manner
consistent with the goals of the intervention.

We believe that these factors not only have individual effects, but that some factors may
also have compounding effects. This belief is based on previous evidence of the interrelationships
seen in modifying behavioral risk factors (see e.g., Emmons et al., 2004; Butterfield et al., 2004).
Therefore, we looked for significant interactions between the four variables. Table ?? shows the
analysis of maximum likelihood estimates for our final model. In our final score function (see
Equation 3.2), we multiply the effects (parameter estimates) by 100 to increase the range of the
scores as well as to simplify interpretation.

Table 1: Analysis of Maximum Likelihood Estimates

Standardized Variable Parameter Estimate Standard Error P-Value

STFV 0.576 0.303 0.0570
MV 2.008 0.2078 <.0001
STPA 0.232 0.193 0.2294
STRM -1.515 0.343 <.0001
STFV*STRM 1.229 0.565 0.0296
MV*STRM -0.707 0.343 0.0392

score = 57.6 ∗ STFV + 200.8 ∗ MV + 23.2 ∗ STPA− 151.5 ∗ STRM

+ 122.9 ∗ STFV ∗ STRM − 70.7 ∗ MV ∗ STRM (3.2)

There was a significant interaction between the amount of fruits and vegetables consumed per
week and the amount of red meat consumed per week, sugessting that changing both behaviors
simultaneously is better than changing either behavior alone, but the effect of changing both
behaviors is not equal to the sum of the individual changes on the MRF score. There was also a
significant interaction between multivitamin usage more than six times a week and the amount of
red meat consumed per week, suggesting that changing either behavior alone is good, but changing
both behaviors simultaneously will result in an even larger increase on the MRF score.
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Table 2: Examples of changes in individual risk factor measures and resulting
MRF score

FV MV PA RM MRF Score

Baseline values 20 0 4 5 −30.23

Case 1: Optimal values at final
Final values 35 1 10 1 247.46
change +15 +1 +6 −4 +277.69

Case 2: Improves only FV
Final values 35 0 4 5 17.39
change +15 0 0 0 +47.62

Case 3: Improves only MV
Final values 20 1 4 5 135.22
change 0 +1 0 0 +165.45

Case 4: Improves only PA
Final values 20 0 10 5 −19.09
change 0 0 +6 0 +11.14

Case 5: Improves Only RM
Final values 20 0 4 1 14.64
change 0 0 0 −4 +44.87

Case 6: Improves FV and RM
Final values 35 0 4 1 72.82
change +15 0 0 −4 +103.05

Table ?? displays a few examples of how a change in an individual risk factor from the baseline
case to the optimal case will change the score. If we consider the first row of Table ?? to be a baseline
value in which a subject consumes 20 servings of fruits and vegetables per week, does not take a
multivitamin six or more days a week, has four hours of physical activity per week, and consumes
five servings of red meat per week (the average values for study subjects at baseline, meeting only
the recommend level of physical activity), the standardized values would be 0.32,0,0.32, and 0.5
respectively. Therefore the score for a subject at baseline would be

score = 57.6∗0.32+200.8∗0+23.3∗0.32−151.5∗0.5+122.9∗0.32∗0.5−70.7∗0∗0.5 = −30.2. (3.3)

We can consider an arbitrary optimal case as a subject who consumes 35 servings of fruits and
vegetables per week (or five a day), takes a multivitamin 6 or more days a week, engages in 10 hours
of physical activity per week, and eats one serving of red meat per week (meeting and/or exceeding
all of the recommended levels). Table ?? shows the effects of these changes on the score from the
baseline case to the optimal case for each variable alone and the effects of combinations of two
and three variables. Figure ?? compares our final model (MRF, Equation 3.2) with a main effects
model (a model without interactions) showing that the main effects model can both overestimate
and underestimate scores predicted from the MRF model due to the absence of the two significant
interactions.
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Table 3: Score changes with one, two, and three variable changes

Variables Changed Score Change

FV 47.62
MV 165.45
PA 11.14
RM 44.87
FV + MV 213.07
FV + PA 58.76
FV + RM 72.82
MV + PA 176.59
MV + RM 238.60
PA + RM 56.00
FV + MV + PA 224.21
FV + MV + RM 266.55
FV + PA + RM 83.96
MV + PA + RM 249.73

Although we used only those subjects that received the intervention to develop the score, the
score is generalizable to the entire study population. It was created, and is most useful for, the
purpose of comparing the subjects that received the intervention to those that received usual care,
because it provides a summary measure of the health behaviors of a subject on all intervention
risk factors pre and post-intervention. There were 1,297 subjects that received usual care and took
both the baseline and follow-up surveys. These subjects can be considered controls for the effect of
the intervention. Figure ?? shows box plots of score comparing baseline and follow-up for subjects
that received the intervention compared to those that received usual care. In the intervention
group, the mean score at baseline was 48.1, while the mean score at follow up was 104.3. In the
usual care group the mean score at baseline was 40.4, and the mean score at follow-up was 53.2.
The mean change in score for the usual care group was 12.8, while the mean change in score for
the intervention group was 56.2. There was a statistically significant difference in the mean change
in score from baseline to follow-up when comparing the usual care group to the intervention group
(p<0.001). The intervention group showed greater improvements in score at follow-up proving the
intervention quite successful.

4. Discussion

Increasing attention has been paid to multiple risk factor interventions, across a range of disease
outcomes, both because adverse behavioral risk factors tend to cluster within individuals and
because of recognition of the utility of facilitating change across multiple risk behaviors. However,
most MRF studies to date have used individual risk factor methods to analyze intervention effects
(see e.g., Prochaska and Sallis (2004); Campbell et al., 2004). As shown in Figure ??, the main
effects model both over-estimates (e.g., FV & PA & RM) and under-estimates (e.g., MV & PA &
RM) the scores predicted from the MRF model, depending on the combination of variables and
the degree of change for a given participant in the intervention. Thus, such analytic models may
compromise determinations of the efficacy of a MRF intervention. We were successful in modeling
a linear combination of behavioral risk factors including interactions between risk factors, an effort
that represents an advance over the existing methods for analyzing MRF intervention efficacy.

To illustrate, note that in our final model there are two interaction terms. One between the
amount of fruits and vegetables consumed per week and the amount of red meat consumed per
week, and another between multivitamin usage more than six times a week and the amount of red
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meat consumed per week. Looking at Table ??, we can see that with all the other variables held
constant, a change in fruit and vegetable consumption alone from 20 to 35 servings per week will
increase the score by 47.62, and a decrease in red meat alone from 5 to 1 servings per week will
increase the score by 44.87. However, because of the interaction term, if both variables are changed
by the amounts indicated the score would increase by 72.82, which because of the interaction is
a smaller than 92.49, the sum of the individual changes. Similarly, if a subject begins to take
a multivitamin daily the score will increase by 165.45, and if they decrease red meat from 5 to
1 serving per week the score will increase by 44.87. However, if a participant begins to take
a multivitamin daily and decreases red meat consumption by 4 servings per week the score will
increase by 238.60, a larger increase than 210.32 that you would get by adding 165.45 from taking a
multivitamin daily and 44.87 by decreasing red meat consumption. Cluster effects are not captured
by main effects models and are an advantage of this method.

There are some limitations to the method proposed here, namely that the score function
depends on the efficacy of the intervention to determine variable weighting. For example, if the
intervention was most effective at increasing multivitamin use, the weight (coefficient) for the
multivitamin use variable would be largest in magnitude, whereas if the intervention was least
effective in changing the participants’ physical activity patterns, the weight (coefficient) for the
physical activity variable would be the smallest in magnitude. In some cases then, the weights
may be a proxy for the amount of participant effort necessary to change the health behavior. For
example, in this study we saw that multivitamin usage had the largest weight and thus the most
influence on the score.

There are at least two potential explanations for this finding. First, the promotion of multi-
vitamin usage may require less participant burden when compared to the other health behaviors
(e.g., physical activity). Thus, it may be easier for participants to modify their multivitamin use;
this supposition appears to be supported by the finding of an almost thirty percent increase from
baseline to follow-up of the number of subjects taking a multivitamin daily. However, it is impor-
tant not to undermine the significance of a change in multivitamin usage which is strongly related
to the prevention of disease outcomes. Sustained use of multivitamins containing folic acid have
been associated with the reduction in risks for numerous conditions including colorectal cancer
and cardiovascular disease (Ggiovannucci et al., (2002); Fairfield and Fletcher, 2002). Physical
activity on the other hand, is among the most challenging health behaviors addressed in the study
to intervene upon. In this population, 66 percent of the subjects were getting the recommended
level of physical activity at baseline, and 69 percent at follow-up. Of those subjects that were not
at or above the target level of physical activity at baseline, almost 9.5 percent were at or above the
target level at follow-up. Another factor to consider is that multivitamin usage was treated as a
binary variable in our models. That is, many potential changes are captured in the categorization
of either taking a multivitamin 6 or more times a week or not doing so. Relative to increasing one
serving of fruits and vegetables a week, decreasing one serving of red meat in a week, or increasing
an hour of physical activity a week, this is a substantial change.

Although the purpose of our method was to develop a health behavior score (composite vari-
able), there are some limitations to using this type of variable. The purpose of such a variable
is to allow for easy comparisons of the four factors with one number. When there are changes in
the score, however, a composite variable does not provide any insight into which individual risk
factor(s) have contributed to the change.

Another potential limitation of applying this method to the HCPPP data is the merging of
the two cohorts, small businesses and health centers. Our method develops a score function that
is independent of the population but not independent of the intervention. By combining the two
data sets, we have made the assumption that the interventions given to these two populations are
the same. In reality, although the two interventions were quite similar, they were not identical. We
decided, however, to combine the two cohorts in order to increase power, and to create a universal
score that could be applied to both cohorts. This not only allowed us to make comparisons within
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a cohort, but between cohorts. Taking these limitations into account, our methodology remains
preferable compared to existing techniques that do not accord weights to the risk factors or adjust
for cluster effects.

In summary, we have developed a score that effectively integrates multiple behavioral cancer
risk factors into one measure, irrespective of individual demographic factors. We believe that the
methods are generalizable to other working class multi-ethnic populations, and future research
should be done to evaluate the effectiveness of these methods in other groups. The primary
strength of the methodology used to develop the score is that it can be easily implemented to
develop scores for other populations, for other combinations of behavioral risk factors, or for other
disease outcomes (e.g., cardiovascular disease). Given the increasing attention being paid to the
development of MRF interventions, we believe the described method to be the preferred means
of analysis in comparison to previously used strategies. Ultimately, we believe that analytic focus
on examining clusters of behavioral risk factors will enhance the design of multiple risk factor
intervention approaches.

Figure 1 about here

Figure 2 about here
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Reducing Subjectivity in the Likelihood

Abstract: Some scientists prefer to exercise substantial judgment in formulating a
likelihood function for their data. Others prefer to try to get the data to tell them
which likelihood is most appropriate. We suggest here that one way to reduce the
judgment component of the likelihood function is to adopt a mixture of potential
likelihoods and let the data determine the weights on each likelihood. We distinguish
several different types of subjectivity in the likelihood function and show with examples
how these subjective elements may be given more equitable treatment.

Key words: Mixture likelihood, model averaging, subjectivity.

1. Introduction

We propose methods for modeling the likelihood function that will require fewer subjective
judgments. We first discuss the nature of the problem of subjectivity in the likelihood function;
then we review some related research; and finally, we define a mixture likelihood function and
suggest estimation procedures that reduce the effects of subjective views imposed on the observed
data.

1.1 Statement of the problem

It is sometimes desirable that beliefs of experimenters should be brought into a scientific
analysis in ways that minimally distort the measured data (see, for example, Hogarth, 1980; Kyberg
and Smokler, 1980; Lad, 1996). But that having been said, scientists observing data sometimes
interpret the data points subjectively, according to what they want the data to show, and according
to how precisely they believe the data points were measured. The latter procedure is of course quite
common. This subjective interpretation of observed data may be totally at the unconscious level,
or it may be purposeful (with the purposeful interpretation, the analysis may become fraudulent;
see for example, Grayson, 1995, 1997; Howson and Urbach, 1990; and Press and Tanur, 2001).

The subjective interpretation of empirical data in medicine was discussed by Kaptchuk (2003).
He stated (page 1, op. cit.):

Doctors are being encouraged to improve their critical appraisal skills to make
better use of medical research. But when using these skills, it is important to remem-
ber that interpretation of data is inevitably subjective and can itself result in bias.
Facts do not accumulate on the blank slates of researchers’ minds, and data simply
do not speak for themselves. Good science inevitably embodies a tension between
the empiricism of concrete data and the rationalism of deeply held convictions. Unbi-
ased interpretation of data is as important as performing rigorous experiments. This
evaluative process is never totally objective or completely independent of scientists’
convictions or theoretical apparatus.
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Statistical analysis of a data set most often proceeds by summarizing the distribution of the
data in terms of its likelihood function. In order to specify the form of the likelihood function,
various assumptions are made about the data, such as mutual independence, identical distributions,
unimodality, etc. After the likelihood function has been specified, additional assumptions are
sometimes made (significance levels thought to be appropriate are specified, a prior distribution
about the underlying unobservable quantities may be brought in, etc.). Analysis of the data
generally proceeds by trying to keep the likelihood function treatment of the data as simple as
possible, so that the scientist or analyst will introduce minimal distortion of the data. The analyst
tries not to discard data, and tries to maximize the chance of understanding what nature is trying
to tell us through the revealed data about the underlying phenomenon. In this way, when the
analysis of the data has been completed, the claim can reasonably be made that the conclusions
drawn from the analysis approximate, if not precisely reflect, the laws of nature, rather than the
possible misinterpretations and misunderstandings of the laws of nature by human beings. It will
be useful to first briefly define what we mean by objectivity and subjectivity, in this context.

According to Mandik (2001)1,

The word objectivity refers to the view that the truth of a thing is independent
from the observing subject. The notion of objectivity entails that certain things exist
independently from the mind, or that they are at least in an external sphere. Objective
truths are independent of human wishes and beliefs. The notion of objectivity is
especially relevant to the status of our various ideas, and the question is to what
extent objectivity is possible for thought, and to what extent it is necessary.

This is but one of many definitions that have been suggested. The elusive quest for objec-
tivity in science has been, and remains, an important topic of discussion among historians and
philosophers of science (for extensive additional discussions of the meaning of “objectivity”, see
for example, Bower, 1998; Porter, 1995, 1996; and Daston and Galison 1992). For some, scientific
objectivity involves the search for certainty in knowledge about one of nature’s well-kept secrets,
independent of what human beings believe; but in many cases, we find that what we earlier thought
to be true about nature, turns out later to be questionable.

In an interesting example from physics, Folger, 2003, pointed out that:

Pioneer 10, launched in 1972, is now some 8 billion miles from home. But is
has been slowing down, as if the gravitational pull on it from the sun is growing
progressively stronger the farther away it gets. Milgrom proposed (see the MOND
pages-MOdified Newtonian Dynamics) 2 that Newton’s laws might change at these
accelerations. If Milgrom is right, Newton’s and Einstein’s laws will be in for some
major tweaking.

Sometimes the scientist has such deep understanding and insight into the phenomenon he/she
is studying that the scientist’s own predictions of what should be found from the analysis are far
superior to what the data analysis seems to indicate. In some cases the beliefs of the scientist or
analyst are so strong, even before actually taking any data that bear on the phenomenon, that
the data are interpreted or manipulated so that they will reflect these preconceived views of the
scientist. Any preconceived personal views (views held before taking any data), weak or strong,
are what we refer to in this context as subjectivity.

1Mandik, P. (2001). The Internet Encyclopedia of Philosophy,
http://www.utm.edu/research/iep/o/objectiv.htm.

2MOND pages — http://www.astro.umd.edu/ ssm/mond/
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1.2 Related Research

One approach to reducing the effects of differing assumptions about likelihoods may be found in
a line of research that involves use of the empirical likelihood function. In this approach, most useful
in large samples, a discretized, binned, version of the empirical cdf, instead of a specific likelihood
function, is used. Inference is then made from a multinomial distribution. An unfortunate feature
of this approach is the additional unknown parameters that are concomitantly introduced into
the model. See: Owen, 1988, 2001. For typically small and moderate size samples this could be
a problem, but for the massive data sets typical of data mining applications (see, for example:
Berry and Linoff (1997); and Hastie, Tibshirani, and Friedman, 2001) such an approach could be
a helpful alternative.

We show in the next section how we might understand and account for some types of subjec-
tivity that sometimes enters the likelihood function, and might not be desired. We will use the
definition and form of the likelihood function in which for absolutely continuous random variables,
up to a proportionality constant, it is the joint probability density function of the observables given
the unobservables.

2. Types of Subjectivity in the Likelihood Function

We distinguish three of the types of likelihood subjectivity problems that may occur:

(a) how to determine the distributional form of the likelihood function in a way that is largely
objective, but permits the data themselves to guide the modeling as to whether the data are
Normally-distributed, or Gamma-distributed, or possibly follow some other convenient distribution.
We call this problem, “distributional subjectivity”;

(b) how to treat observed data that have possibly been weighted subjectively so that some data
points are valued more heavily than others, and some are even ignored; we call this problem,
“weighted-data subjectivity”;

(c) how to account for the nature of the experiment used to obtain the data that may have favored
one type of response over another; we call this problem, “experiment subjectivity”.

We treat each of these types of subjectivity in Section 3.

3. Reducing Likelihood Subjectivity

3.1 The mixture likelihood

We use a convex mixture of various likelihoods for the data; the usual likelihood function
results as a special case.

Suppose an experiment is repeated n times with the resulting one-dimensional data outcomes:
x1, x2, . . . , xn. We suppose that there are J models for the data that potentially we might reason-
ably entertain. For simplicity, merely to suggest a general type of approach, we consider problems
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involving only one unknown parameter, namely, the means of the J distributions, ω.

In some situations, the parameters may be quite different from one another but they can
generally be related functionally. For example, the case of distinguishing between the means of
normal and log-normal distributions, where the mean parameter has different meanings in the
two cases is sometimes particularly interesting. In such cases, functional relationships among the
parameters are required.

Suppose, in the one-parameter problem, we can assume these data to be mutually independent
and identically distributed, and we agree to adopt the likelihood function for Model mj :

�j(x1, . . . , xn |mj , ω) ≡ �j(x |mj , ω).

Define a “mixture likelihood function”,

LM (x1, . . . , xn |ω) ≡ LM (x |ω),

such that:

LM (x |ω) = E{ likelihood } = EModel[�(x) |ω]] =
J∑

j=1

�j(x |ω)P (mj |ω) (3.1)

where �j(x|mj , ω) denotes the usual likelihood function of the data under model mj, �(x|ω) denotes
a model-independent likelihood function, and P (mj |ω) denotes the prior probability of model mj .
The mixture likelihood function is of course a likelihood function itself. If there were only one
model (J = 1), LM reduces to the ordinary likelihood. The mixture likelihood function explicitly
assumes that we should combine different models in a linear way. Other possibilities exist of course,
and perhaps in certain cases, they are even more desirable. But because for a wide variety of cases,
the linear assumption seems appropriate, we will retain this assumption throughout. We next
address the issue of how to reduce model subjectivity (how to choose the weights).

3.2 Reducing “model subjectivity”

In some instances, the scientist has very strong, theory-based, beliefs about how the data
were generated, and how the corresponding likelihood function should behave. In such instances,
especially in small samples, the analyst should surely use that information to permit the desired
likelihood function to emerge. In other situations where the scientist/analyst wants the data to
speak as loudly as possible relative to the scientist’s pre-conceived beliefs, there is no unique way
to accomplish this objective. The approach suggested here is to take equal weights in the mixture.
Accordingly, take all P (mj |ω) in eqn. (3.1) to be equal (discrete uniform distribution). This
interpretation of equal treatment for the different models is:

(1) in keeping with the approach frequently used for weighting in mixture models to express
indifference or ignorance among the various components in the mixture;

(2) it is the procedure suggested by Laplace when he adopted his Principle of Insufficient Reason
(Laplace, 1812, 1814);

(3) it is consistent with a basic result of information theory that the distribution that corresponds
to maximum entropy, or minimum information, is the uniform distribution.
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This gives the mixture likelihood function (equally-weighted average likelihood):

LM (x |ω) =
1
J

J∑
j=1

�j(x |mj , ω). (3.2)

For example, suppose there are just two potential models (J = 2) that might reasonably
represent the data: N(ω, 1) and a Student t-distribution centered at ω, with 3 degrees of freedom
(a fat-tail distribution that has a population mean). Then, the mixture likelihood function becomes:

LM (x |ω) =
1
2

{
n∏

i=1

1√
2π

exp{−1
2
(xi − ω)2} +

n∏
i=1

mm/2/B(1/2, m/2)
[m + (xi − ω)2](m+1)/2

}
. (3.3)

Clearly each term in equation (3.3) is non-negative and integrates to one (with respect to x), so
LM{x|ω} is a bone fide likelihood function for the data (as would be the case whichever models we
choose). In some situations, one scientist might favor the normal distribution for representing the
distribution of the data, while another might favor the Student t-distribution. By using LM{x|ω} to
represent the likelihood function for all inferences, the analyst reduces the model subjectivity in the
description of the data distribution. Maximum likelihood estimation of ω is now more complicated
numerically than it would be with use of either the normal or the Student t distributions separately,
but the numerical problem is straightforward (see numerical example below) and easily generalizes
to more than two possible ordinary likelihoods.

We next numerically illustrate the example suggested in this section of how to reduce model
subjectivity when the models under consideration are the N(ω, 1) and the Student t3 centered at ω.
We randomly generated a total of 20 observations, 10 observations from t3, a Student t-distribution
with 3 degrees of freedom centered at x = 10, and 10 observations from N(10, 1). The resulting
data are shown in columns 2 and 3 of Table 1a. Then, using the Newton-Raphson method, we
calculated the mixed MLE. It is given at the bottom of Column 2 as: ω̂ = 9.9168. To illustrate
variability, there are four replications of this entire process shown in Table 1a; the four resulting
mixed maximum likelihood estimates (mixed MLE’s) are also shown in Table 1a.

Table 1a: Four replications of model subjectivity

t normal t normal t normal t normal

1 11.1861 9.6734 8.1266 11.182 8.9931 8.331 11.476 9.8325
2 9.9749 11.542 11.092 10.175 10.641 10.131 10.922 11.051
3 8.5632 10.259 11.374 11.720 9.8717 7.8108 10.270 10.642
4 5.5471 9.4442 9.3422 10.757 8.8824 8.3177 8.3906 9.0293
5 9.5188 10.779 13.189 9.8871 9.7579 9.4354 11.899 8.8359
6 10.994 9.3448 9.6007 9.715 10.385 10.092 9.5234 10.566
7 9.1875 9.9779 9.9069 9.7106 13.659 9.4326 14.559 9.495
8 11.283 9.2274 8.3785 9.8394 9.5543 10.361 10.177 10.247
9 8.7574 10.724 10.073 11.637 9.2285 9.0399 10.155 9.0938
10 7.9804 11.263 10.379 9.4837 11.274 9.7291 9.2795 10.366

Mixed MLE 9.9168 10.240 9.6237 10.116

For comparison purposes, we also computed the separate ordinary MLE’s assuming all 20
observations were generated from a normal, and then, that all 20 observations were generated from
a t3 distribution. Results are given in Table 1b.
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Table 1b: Separate MLE’s For normal and Student data

Normal MLE 9.761 10.278 9.7463 10.291
t3-MLE 9.924 10.187 9.6104 10.111

Thus, it may be seen that in the first instance, while the mixed MLE is 9.9168, the MLE
assuming all 20 observations came from a normal is 9.7614, whereas the MLE assuming all 20
observations came from a t3 is 9.9240. Results for the other 3 cases are shown in Tables 1a and
1b as well. Depending upon the assumptions made for the modeling, results for the mixture MLE
obtained from the model averaging may differ substantially from those of the separate models, or
not.

3.3 Reducing “weighted-data subjectivity”

We examine two distinct cases of weighted data subjectivity and model the two cases separately
below.

Case 1 — Several Observers (Scientists) Rate the Same Data Points Differently

In this case, different observers (scientists) might interpret the same points differently. Some
observers might view certain points as mistakes (outliers that were generated from different dis-
tributions from the other points), and therefore delete them from the analysis; and others might,
according to their own beliefs, weight certain points more heavily than others (perhaps difficult-to-
measure points might be weighted less heavily because the error associated with the measurement
might be greater than with most of the other points; perhaps certain points obtained were measured
under censored conditions; etc.).

For simplicity, assume the data points are mutually independent. We define the likelihood
function for Observer Ok as:

�(x |ω) =
n∏

j=1

[f(δjkxj |Ok, ω]pk(δjkxj |Ok), (3.4)

where: pk(δjkxj |Ok) = 1, if Observer Ok includes the data point xj in the analysis, and pk(δjkxj |Ok) =
0 if not; δjk denotes the weight that Observer k places on observation xj , f(xj |ω) denotes the pdf
(probability density function) of Xj , conditional on ω. The mixure likelihood function may be
defined as:

LM (x |ω) = E{likelihood} = Edata{�k(x |ω)}

=
K∑

k=1

�k(x |ω)Pk(Ok), (3.5)

where Pk(Ok) denotes the prior probability that the data analyst places on the model that has
been developed by Observer k. To be objective (or indifferent among the choices), in the sense we
have been discussing, we take Pk(Ok) = 1/K, for all k. Then,

LM (x |ω) =
1
K

�k(x |ω) (3.6)

As a simple example, suppose that all K observers adopt the same distribution for the data,
say, N(ω, 1) (in Section 3.2 the analyst adopted two different possible distributions for the data),
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and assume that they weight the points in the same way, so that δjk = 1 for all k, for all points they
include in their analyses, but they may include different points. Then, since the n observations are
independent,

�k(x |ω) =
n∏

j=1

[
1√
2π

exp{−1
2
(xj − ω)2}

]pk(xj|Ok)

. (3.7)

To be specific, suppose that n = 102, and that there are two observers, O1 and O2. Suppose
further that O1 believes x102 is an outlier, and O2 believes that both x101 and x102 are outliers,
but they agree that the first 100 points (x1, . . . , x100) should be included in their analyses. Then,

p1(xj‖O1) = 1 for j = 1, 2, . . . , 101,

= 0, for j = 102,

also,

p1(xj‖O2) = 1 for j = 1, 2, . . . , 100,

= 0, for j = 101, 102,

Then,

�1(x |ω) ≡ �1 =
(

1√
2π

)101

exp{−1
2

101∑
j=1

(xj − ω)2}, (3.8)

and

�2(x |ω) ≡ �2 =
(

1√
2π

)100

exp{−1
2

100∑
j=1

(xj − ω)2}, (3.9)

Then,

LM (x |ω) =
1
2


(

1√
2π

)101

exp{−1
2

101∑
j=1

(xj − ω)2}

+
(

1√
2π

)100

exp{−1
2

100∑
j=1

(xj − ω)2}
 (3.10)

We may now estimate ω by maximizing LM (x|ω) with respect to ω. Note first that if we
let n1, n2 be the numbers of data points used in the respective analyses of Observers O1 and
O2, they are also the numbers of terms in the two summations, and in this example, n1 = 101
and n2 = 100. We may readily find by ordinary differentiation, the mixture maximum likelihood
estimator (mixture MLE) to be:

ω = α(ω)x̄1 + [1 − α(ω)]x̄2, 0 ≤ α(ω) ≤ 1, (3.11)

where:
α(ω) ≡ n1�1(ω)

n1�1(ω) + n2�2(ω)
(3.12)

x̄1 ≡ 1
101

101∑
j=1

xj , x̄2 ≡ 1
100

100∑
j=1

xj . (3.13)

That is, we find the interesting result that (ω̂|�,�2) is a weighted average (actually a convex
combination) of the separate MLE’s that the two observers might adopt separately, and the weights
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are their respective proportions of their ordinary likelihoods, an intuitively sensible result. But note
that because α(ω) depends upon ω, equations.(3.11) and (3.12) must be jointly solved numerically
for ω̂.

While in large samples, the (continuous) data will generally ultimately swamp any prior distri-
bution weights placed on the data points (see Le Cam, 1956), in small or moderate size samples,
certain very influential points that may have been deleted from an analysis can have substantial
effects on the interpretation of the experiment outcomes.

We next illustrate this example numerically. We randomly generated 18 points from N(0, 1).
We then ordered the points, and added 2 larger outliers. We assumed the first observer dropped the
largest point as an outlier, and the second observer dropped the two largest points as outliers. We
then calculated the mixture MLE numerically from equation. (3.11) using the Newton-Raphson
method. We replicated the procedure four times to examine variation. Data are shown in Table
2a.

Table 2a: Four replications of weighted-data subjectivity

Observation N(10, 1) N(10, 1) N(10, 1) N(10, 1)

1 8.3959 7.6748 8.1260 7.7977
2 8.4063 7.8796 8.5249 8.8122
3 8.559 7.9954 9.6225 8.9922
4 8.7975 8.7684 9.6490 9.0079
5 9.3082 8.9002 9.7041 9.0501
6 9.6001 8.9819 9.7444 9.1783
7 9.8433 9.2957 9.7660 9.2580
8 9.9802 9.3553 10.0400 9.3645
9 10.2570 9.3687 10.1180 9.4404
10 10.5710 9.5069 10.3150 9.7344
11 10.6690 9.6790 10.4280 9.8685
12 10.6900 9.8179 10.5690 10.0880
13 10.7120 9.8868 10.5780 10.2120
14 10.7140 10.0860 10.6230 10.2380
15 10.8160 10.3790 10.6770 10.3900
16 10.8580 10.4620 10.7310 10.4440
17 11.1910 10.5510 10.7990 10.5690
18 11.2540 10.9440 10.8960 10.7810
19 12.0000 12.0000 12.0000 12.0000
20 13.0000 13.0000 13.0000 13.0000

Calculations of MLE’s for the data in Table 2a are given in Table 2b:
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Table 2b: MLE’s for data with outliers

Mixture MLE 10.0406 9.4205 10.0568 9.6267

x̄18 10.0346 9.4185 10.0506 9.6237
x̄19 10.1380 9.5544 10.1532 9.7487

We see that for the data in column 2 of Table 2b, for example, the mixture MLE was 10.0406.
Had the observers carried out separate MLE’s, with Observer 1 dropping only the last observation,
he would have found his MLE to be 10.1380, while Observer 2 who dropped both of the last 2
observations would have found her MLE to be 10.0346. While the differences are not large they
are intended to be illustrative.

Case 2 — One Observer (Scientist) Rates Each Data Point Differently

The second case of weighted-data subjectivity involves a single scientist weighting the impor-
tance of the data points differently from one another. Here we envision a single scientist who has
carried out an experiment many times, but sometimes, for one reason or another, the scientist car-
ried out the experiment with extremely small error, whereas on some other occasions, the scientist
associated the experimental outcomes with considerably more error. Thus, which observed results
had small associated error, and which had large associated error might differ from one replication
of the experiment to the next.

In this context there is just one scientist who rates his/her experimental data differentially,
according to how ”well” the data point was measured, or what he/she thought should have occurred,
or whatever. This is the more typical situation, compared with the first case. The mixture
likelihood function is obtained from equations (3.4) and (3.5), for K = 1, as:

LM (x |ω) = �1(x |ω)P1{O1} =
n∏

j=1

[f(δj1xj |O1, ω)]p1(δj1|O1) . (3.14)

To follow the paradigm suggested here we should take δj1 = 1 for every j. Of course the
individual scientist would often argue that he/she knows better than anyone else that certain
points were really not as good as others, and should therefore be down-weighted.

A now-classical example of this type of subjectivity of special historical interest has been doc-
umented with real data. It involves the data collected by R. A. Millikan (1868-1953). Dr. Millikan
was an American physicist who successfully measured the charge on a single electron, winning a
Nobel Prize in 1923 for this famous oil-drop experiment (as well as other prizes). Holton (1978)
scrutinized Millikan’s laboratory notebooks and found that Millikan had repeated his oil-drop ex-
periment 39 times, obtaining outcomes: x1, . . . , x39 for the charge on the electron. Holton reported
that Millikan had given each of his original sets of observations a personal quality-of-measurement
rating: “best”, “very good”, “good”, “fair”, and no rating at all for discarded measurements (we
interpret his weights to represent his prior probabilities for these measurements). The distribution
of his rating results is summarized in the Table 3.
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Table 3: Millikan’s measurements

rating effective δj1 = Weight number of
descriptions raating measurements

best 4 4/10 2
very good 3 3/10 7
good 2 2/10 10
fair 1 1/10 13
discard no rating —— 7

For Millikan, p1(·) = 1, for 32 data points and p1(·) = 0 for the discarded 7 points. We order
the measurements according to their effective ratings, from “best” to “fair”, and form the weighted
average. The estimated value of the charge on the electron is then given by the weighted average:

ê =
4
10

2∑
j=1

xj +
3
10

9∑
j=3

xj +
2
10

19∑
10

+
1
10

32∑
j=20

xj .

Millikan formed the weighted average of his measurements and accordingly estimated the charge
on the electron as 4.85 × 10−10 esu (electrostatic units). The ordinary equally weighted average
would have been 4.70 × 10−10 esu. In his reported value he also averaged in the values obtained
by other researchers. By contrast, the accepted value for “e”, the charge on the electron, today,
is 4.77 × 10−10 esu. But the impressive closeness of Millikan’s values with today’s accepted value
is deceptive; it occurred only because his values were based upon, “a faulty value for the viscosity
of air, which when corrected, increases the discrepancy with the modern value by over 40%”
(Mathews, 1998).

3.4 Reducing “experiment subjectivity”

Suppose there are two experiments that might be performed: Eg (“g” for “good”), and Eḡ (“ḡ”
for “not good”). In Eg the scientist knows that the experiment will contain one or more variables
that might produce effects that will be confounded with the effect of fundamental interest. In
Eg, there are likely to be fewer such confounding variables, so the scientist believes that he/she is
more likely to be able to distinguish the effect he/she is seeking. Concomitantly, it may be that by
carrying out Eg, the scientist is missing the important variables that suggest that the effect sought
is really artifactual, and the seeming effect is explainable in other ways. Because the scientist is so
convinced that the effect sought is real and not artifactual, he/she reasons that Eg is a “cleaner”
and more promising experiment. The scientist might even argue, in a moment of enthusiastic zeal,
that Eg is cheaper and/or less subject to error.

In both experiments, for simplicity of interpretation, we assume the data are normally dis-
tributed with variance equal to 1. Suppose that the scientist referred to above, call him/her
Scientist A, would like to show that the population mean for the underlying phenomenon of inter-
est is positive. If Scientist A carries out Eg, it is more likely that the sample mean x̄ will be positive
than if Scientist A carries out Eḡ wherein the sample mean ȳ will imply the alternative hypothesis
Hḡ: that the population mean is not positive. If Eḡ is performed the scientist believes results are
either unlikely to be supportive of the theory, or they are likely to be sufficiently marginal so that
the theory will be in doubt. A priori, the experimenter adjudges the chances for concluding Hg:
the population mean is positive, when performingEg as greater than the chances for concluding
that the population mean is positive when performing Eḡ. Consequently, Scientist A decides to
perform Eg.
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Suppose some other scientist, say Scientist B, performs Eḡ, and subsequently observes ȳ (using
the same sample size, n). Let θ denote an indexing parameter such that θ = 1 if the hypothesis
Hg is true, and θ = 0 if the hypothesis Hg is false.

LM{data | θ} = E{lokelihood} = Eexperiment[�(data | θ)]
= �(x̄ |Eg, θ)P{Eg} + �(ȳ |Eḡ, θ)P{Eḡ}

The mixture likelihood function becomes:

LM{data | θ} = P{Eg}
√

n√
2π

exp{−n

2
(x̄ − θ)2} + P{Eḡ}

√
n√
2π

exp{−n

2
(ȳ − θ)2}.

An investigator cognizant of both experiments has both and available. In the same spirit of a
desire for equity of treatment in the likelihood function, the investigator takes P{Eg} = P{Eḡ} =
0.5. Then,

LM{x̄, ȳ | θ} =
1
2

[ √
n√
2π

exp{−n

2
(x̄ − θ)2} +

√
n√
2π

exp{−n

2
(ȳ − θ)2}

]
.

Define z = (x̄ + ȳ)/2. Then, combining terms shows that:

LM{z | θ} =
1
2

√
n√
2π

exp{−n/4} exp{−n(z − θ)2}.

Thus, the MLE for θ is clearly: θ̂ = z = (x̄ + ȳ)/2. If Scientist A were correct in his/her a
priori assessments of what was likely to happen in the experiment, θ̂ is likely to be closer to zero
than x̄ (or even negative), a result that would tend to vitiate Scientist A’s conclusions.

For example, for Scientist A’s experiment, Eg, we generated 100 observations from N(1, 1) and
found x̄ = 1.0598. Then, for Scientist B’s experiment, Eḡ, we generated 100 observations from
N(−1, 1) and found ȳ = −.9531. So the generalized MLE, θ̂, is 0.053, a sample value just barely
positive, which might not be convincing in many contexts for asserting that the population mean
is really positive.

4. Conclusions

We have been concerned with how to reduce the effects of a scientist’s pre-conceived beliefs in
the analysis of his/her supposedly objectively-observed data. We have found that we can reduce
the effect of some of those subjective interpretations by using a mixture likelihood function, and
then choosing the mixture weights that weigh the various interpretations of the data equally.
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Application of One Sided t-tests and a Generalized Experiment Wise
Error Rate to High-Density Oligonucleotide Microarray Experiments:

An Example Using Arabidopsis

Abstract: Motivation: A formidable challenge in the analysis of microarray data
is the identification of those genes that exhibit differential expression. The objectives
of this research were to examine the utility of simple ANOVA, one sided t tests,
natural log transformation, and a generalized experiment wise error rate methodology
for analysis of such experiments. As a test case, we analyzed a Affymetrix GeneChip
microarray experiment designed to test for the effect of a CHD3 chromatin remodeling
factor, PICKLE, and an inhibitor of the plant hormone gibberellin (GA), on the
expression of 8256 Arabidopsis thaliana genes.
Results: The GFWER(k) is defined as the probability of rejecting k or more true
null hypothesis at a given p level. Computing probabilities by GFWER(k) was shown
to be simple to apply and, depending on the value of k, can greatly increase power. A
k value as small as 2 or 3 was concluded to be adequate for large or small experiments
respectively. A one sided t-test along with GFWER(2)=.05 identified 43 genes as
exhibiting PICKLE-dependent expression. Expression of all 43 genes was re-examined
by qRT-PCR, of which 36 (83.7%) were confirmed to exhibit PICKLE-dependent
expression.

Key words: ********** Please add keywords ***

1. Introduction

The advent of inexpensive microarray technology has enabled individual laboratories to easily
obtain a global perspective on the expression pattern of thousands of genes. This powerful tech-
nology has allowed investigators to diagnose early cancers (Kim, J. W. and Wang, X. W., 2003;
Zhang et al., 2003), discover genes that contribute to quantitative traits (Gu et al., 2002), and
detect coordinated gene regulation during pivotal developmental events such as embryogenesis and
sexual maturation (Girke et al., 2000; Lo et al., 2003; Ruuska et al., 2002).

The first generation microarrays were generally based on two dye methodologies. These cDNA
microarray experiments involve hybridizing two mRNA samples, each of which has been converted
into cDNA and labelled with its own fluorophore, on a single glass slide that has been spotted with
10,000-20,000 cDNA probes. In contrast, more recent high-density oligonucleotide microarrays,
such as those offered by Affymetrix , provide direct information about the expression levels in an
mRNA sample and can have a much higher density (Yang and Speed, 2002).

The majority of methodologies for microarray analysis have been developed for two dye spotted
arrays (Kerr et al., 2000; Kerr and Churchill, 2001; Lee et al., 2003, Nguyan et al., 2004, for review
see Quackenbush, 2001 and Yang and Speed, 2002). Unfortunately these two-dye spotted arrays
also pose other statistical issues, such as normalization to correct for dye bias. Furthermore if more
than 2 treatments are used, it is not possible to compare all treatments on the same chip thus
necessitating an Incomplete Block Design (IBD) type design (Kerr and Churchill, 2001). As such,
special experimental designs, such as the reference and rotational design are needed for correct
analysis (Kerr and Churchill, 2001; Quackenbush, 2001 and Yang and Speed, 2002).
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In contrast, oligonucleotide microarrays use a single dye technology and pose some advantages,
including a greatly increased density of genes and simplified experimental design because treatment
effects are tested independently on each chip, eliminating the need for IBD designs. Nevertheless,
statistical issues remain, such as normality of residuals, homogeneity of residual variance, correla-
tion of errors within an array, and correlation of biological samples across arrays.

Mixed model methods for analysis of microarray experiment, proposed by Wolfinger et al.
(2001), solves most of these issues (see Craig et al., 2003 for review). However, the complexity of
analysis dramatically increases with these advanced methods. Unfortunately, many of the current
practitioners of microarray technology do not possess the mathematical expertise necessary to
meaningfully employ these methods. On the other hand ANOVA is a tool that is easy to implement
with methods common to most researchers. Kerr and Churchill (2001) conclude that “The analysis
of variance (ANOVA) is a natural tool for studying data from experiments with multiple categorical
factors”.

The first objective of this research was to examine the utility of simple ANOVA for analysis of
replicated oligonucleotide microarrays experiments. The motivation was given eloquently by Kerr
and Churchill (2001) who stated “An advantage of model based data analysis such as ANOVA is
that a model helps the analyst explore the data. If one finds a model inadequate, discovering why
it is inadequate can help the analyst identify sources of variation and bias.” A secondary objective
of this study was to show how using a one sided t-test can be used to increase power. The final
objective was to introduce an alternative method to increase power by accepting a base number of
false positive with high probability.

The ANOVA is particularly suited to analyzing data from microarray experiments that employ
a replicated factorial arrangement of treatments. An example of such an experimental design is
one in which the investigator looks at gene expression in wild-type and mutant plants in the
presence or absence of an added chemical. Many microarray studies incorporate this type of
experimental design, e.g. the response of genes in nontumorigenic and tumorigenic tissues to
different concentrations of toxic or therapeutic drugs (Lundquist et al., 2002; Martinez et al.,
2002) or the response of genes from different tissues to estrogen or other hormones (Abe et al.,
2003; Faccioli et al., 2002; Fujita et al., 2003; Goda et al., 2002). This design easily extends into
any number of genotypes (or tissues) by any number of developmental time points (or biochemical
exposures).

The primary biological objective of this research was to understand how a CHD3-chromatin
remodeling factor, PICKLE, and a plant growth regulator, gibberellin (GA), regulate gene ex-
pression during germination of Arabidopsis seeds (Rider et al., 2003). PICKLE is necessary for
repression of embryonic traits in Arabidopsis (Ogas et al., 1997). Expression of the embryonic state
in pickle seedlings is inhibited by the plant growth regulator gibberellin (GA) and is enhanced by
application of uniconazole-P, an inhibitor of GA biosynthesis (Izumi et al., 1985; Ogas et al., 1997).
Specifically, gene expression was examined in wild-type and pickle seeds grown in the absence and
presence of 10−8 M uniconazole-P. Thus the genotypes were ‘wild type’ vs. the pickle mutant,
and biochemical exposure was to either 10−8 M uniconazole-P or no uniconazole-P during seed
germination.

Our working hypothesis was that PICKLE functions during germination to repress genes that
promote embryonic identity. In support of such a hypothesis, the transcript levels of two posi-
tive regulators of embryogenesis, LEAFY COTYLEDON1 (LEC1) and LEAFY COTYLEDON2
(LEC2) (Lotan et al., 1998; Stone et al., 2001), are elevated during germination of pickle seedlings
(Ogas et al., 1999; Rider et al., 2003). Our interest was to find new genes that exhibited PICKLE-
dependent expression, i.e. were up regulated. As such, we had a natural one sided test.

2. 21 Biological Methods
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Seeds and tissues from the Arabidopsis pickle-1 mutant (in a Columbia ecotype background)
and wild-type Columbia were used for all investigations. Plants were grown as described previously
(Ogas et al., 1997; Rider et al., 2003).

The Affymetrix GeneChip Arabidopsis Genome Array6 contained 8256 sets of oligos represent-
ing approximately 30% of the Arabidopsis thaliana transcriptome. A 2 × 2 factorial arrangement
of treatments were examined. The first treatment was genotype (pickle mutant vs. wild type), the
second treatment was uniconazole (applied vs. control), the treatment combinations were desig-
nated pkl, Upkl, wt and Uwt (pickle mutant untreated, pickle mutant treated with uniconazole-P,
wild type untreated, and wild type treated with uniconazole-P) were each represented by four
biological replicates (n = 4) for a total of 16 chips (Rider et al., 2003).

3. StatisticalL Methods

3.1 The ANOVA, partitions, and transformations

The model for the completely randomized design (CRD) associated with the k-th spot (or
gene) is Y k

ij = µ + τk
i + εk

(i)j where Y k
ij is the expression (or log transform) for the k-th gene, in the

j-th replicate of the i-th treatment; µk is the overall mean; τk
i is the effect of the i-th treatment

on that gene, and εk
(i)j is random residual. For maximum information treatment effects are further

partitioned into main effects and interactions. The partitioning should be reduced to single degree
of freedom tests by use of orthogonal contrasts. Because the ANOVA must be completed for each
spot on the array, methods to automate the test are needed. To accomplish this goal, we use the
well-known result that any single degree of F tests can equivalently be constructed as a t-test (Gill,
1978). A simple t-test for any contrast can be computed with the means procedure in SAS or
in any standard spreadsheet, such as Excel. The t-test also offers the advantage of being able to
test for a one sided alternative. In some experiments, as in this one, the researchers may only be
interested in genes that are either up or down regulated, as a result, the power to detect those
genes will be greatly increased.

For expression type data, the variance is usually correlated with the mean, violating a critical
assumption for the ANOVA. For such data, transforming to logs will usually correct this problem.
Interpretation of log transformed data also better meets the interest of the biologist as significant
differences are interpreted as being significant ratios on a non-transformed basis, i.e. the difference
between logs of numbers is the same as the log of a ratio. A log base 2 is interpreted as fold change,
while base 10 is interpreted as orders of magnitude difference. Natural logs have not been widely
used for array data but perhaps represents the most valid biological interpretation due to kinetics.
A common rate equation in chemistry is where the rate of change in product (∂Y ) per unit of
time (∂t) is proportional (c) to the product (Y ), thus ∂Y = cY ∂t. The solution to this differential
equation is Y = cet. Therefore by taking natural logs, the expression is linearized into a rate
equation, ln(Y ) = ln c+t. If t is constant across biological replications, then variation in expression
is due to linear differences in the rate constant c, the gene regulatory factor. Differences due to
treatments are then interpreted as linear differences in gene regulatory factors (rate constants).

The vast majority of array data will require such a transformation, however, curiously these
data better met the assumption when non-transformed. To check this assumption for any data,
compute the within gene variance for each gene (the residual error variance in the ANOVA), then
plot that against the average expression level for that gene. Any slope significantly different from

6part no. 510429, Affymetrix, Santa Clara, CA
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zero (a zero slope is parallel to the x axis) indicates that the data require a transformation before
the analysis proceeds.

For a given gene, because each treatment combination was randomized onto each of 4 biolog-
ical replicates, the experiment as detailed above is a 2 × 2 factorial arrangement of treatments
in a completely randomized design (CRD). The ANOVA for this design with treatment effects
partitioned is given in Table 1.

Table 1: ANOVA table with partitions.

Source of Variation Degrees of Freedom Mean Square

Treatments t − 1 MS(T)
Genotypes (C1) 1 MS(C1)
Inhibitor (C2) 1 MS(C2)
Interaction of 1 MS(C3)
Genotype x Inhibitor (C3)

Within Error t(r − 1) MS(E)

The mean squares for the partitions can be found using the following formula along with the
contrast coefficients given in Table 2

Table 2: Coefficients for partitions of treatment effects.

Treatment Treatment Combination Contrast Coefficients (Cmj)

Genotype Inhibitor C1j C2j C3j

1- pkl pickle None 1 1 1
2- Upkl pickle Uniconazole 1 −1 −1
3- wt wild type None −1 1 −1
4- Uwt wild type Uniconazole −1 −1 1

MS(Cm) = r(
∑

j

Cmj Ȳij)2I(
∑

j

)C2
mj). (3.1)

The F test, which is distributed as F with 1 and t(r−1) degrees of freedom, is then computed
as the ratio of F = MS(Cm)/MS(E). This test is equivalently computed as t

Tm =

∑
j Cmj Ȳij·√

1
r MS(E)

∑
j C2

mj

(3.2)

which has t(r − 1) degrees of freedom. From these formula it is easy to verify that the calculated
value F = t2 and from tables one can verify corresponding critical values, i.e. F1,t(r−1) = (tt(r−1))2.
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However, when calculated as a t-test the sign of the contrast is preserved, thus allowing a one tailed
test. This approach will extend to any contrast for any number of treatments, provided the sum
of the coefficients for that contrast is zero. To be orthogonal with other contrasts the sum of the
cross products must also sum to zero.

For this analysis, our hypothesis was that one or more genes existed for which the expression
level was elevated in pickle mutants, regardless of uniconazole treatment. This hypothesis was
based on an expression pattern similar to that of LEC1 and LEC2. Thus the primary contrast of
interest was the main effect of genotype (C1). Because we were only looking for a similar pattern
(up regulation), the power to detect up regulated genes increased. Use of prior information to
increase power is more cost effective than increasing the number of biological replicates. In other
experiments additional contrasts may be of equal or greater importance, this may be particularly
true of the interaction of genotypes with uniconazole treatment (C3), which test the hypothesis
that application of uniconazole has a different effect on one genotype than the other.

The critical value of t depends on a number of factors, including one- vs. two-sided alternatives,
degrees of freedom (df) for estimation of error variance, and acceptable type I error rates. Choosing
an acceptable Type I error rate is discussed in the next section.

3.2 Generalized experiment wise error rate (GFWER(k))

Experimenters have long recognized that if a comparison wise type I error rate (CWER) is
used across a great number of tests, a large proportion of declared significant differences would
be false. For example analysis of array data involves thousands of comparisons, consequently, if
a per comparison error rate of 0.05 were used for our analysis, more than 413 of the 8256 tests
would be expected to be declared significant by chance alone. The most widely used approaches
to control Type I errors in multiple tests is based on controlling the family wise Type I error rate
(FWER) (Fernando et al., 2004). The FWER is the probability of rejecting one or more true null
hypotheses, i.e. the probability of accepting one or more false positives. A common method for
controlling the FWER is the Bonferroni or Sidak (1967) adjustments.

However, the FWER with those adjustments is too conservative if the cost of false negatives
is high relative to the cost of false positives, i.e. they sacrifice power to avoid accepting false
positives. Methods have been developed to address this issue by allowing for some false positives
among those declared significant, such as the false discovery rate (FDR, Benjamini and Hochberg,
1995; Reiner. et al., 2003; see Nguyen, 2005 for general discussion on this issue). Alternatives
to the FDR have since been proposed that take into account the expected number of false null
hypothesis and other modifications (see Fernando et al., 2004 for review). However, all methods
used to estimate an FDR make assumptions about the distribution of truly expressed genes. As a
result, the FDR will either be too liberal or conservative.

Here we present an alternative that does not attempt to establish an FDR. Rather the method
is an extension of the FWER methodology to allow for a higher family wise error rate. The devel-
opment is as follows: Assume a strictly null distribution from which N independent test statistics
are computed, from which N independent decisions are made at the same critical threshold level.
The probability that any one decision is incorrect is p. An incorrect decision is defined as rejecting
a true null hypothesis. With multiple tests, the probability of exactly m incorrect and N − m
correct decisions is

P (m = incorrect |N = decisions ) =
(

N

m

)
pm(1 − p)N−m (3.3)

The usual FWER = ξ(1) is the probability of rejecting 1 or more true null hypotheses found as:
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ξ(1) =
N∑

m=1

pm(1 − p)N−m (3.4)

or equivalently, 1 minus the probability of no incorrect decisions,

ξ(1) = 1 − (1 − p)N (3.5)

which is Sidak’s (1967) equation. The value of p per comparison (CWER) is found such that the
ξ(1) is achieved, i.e.

p = 1 − e[ln{1−ξ(1)}/N ] (3.6)

Stated in the reverse, there is a 1-FWER probability of no incorrect decisions among the N
decisions made, i.e.

ω(k) =
k−1∑
m=1

(
N

m

)
pm(1 − p)N−m (3.7)

A generalization of this procedure is to divide the total probability of making Type I errors
into parts associated with how many errors are likely to be made at a given probability. Among
the N decisions made, define ξ(k) as the probability of rejecting k or more true null hypotheses
and ω(k) as the probability of rejecting fewer than k true null hypotheses, ξ(k) + ω(k) = 1, where

ξ(k) =
N∑

m=k

pm(1 − p)N−m (3.8)

ω(k) =
k−1∑
m=0

pm(1 − p)N−m (3.9)

If for a given k, the value for ξ(k) is set to a small value, then among those tests declared signif-
icant, one accepts that there will be a high probability of k−1 false positives plus a low probability
of k or more false positives. Therefore, a new type of error rate is defined as GFWER(k), which is
strictly the probability of making k or more incorrect decisions at a given level of p, and ignores
the probability of less than k Type I errors. The latter type of errors are considered acceptable
in order to gain power and decrease the Type II error rate. For a more general development of
the generalized family wise error rate see van der Laan (2004). The GFWER(k) cannot be solved
for directly, but solutions can be found by iteration. SAS source code used to compute adjusted p
values for any ξ(k) and N is given at our web site. However, Equations (3.8) and (3.9) can also be
approximated by the normal as follows: If X is binomial with n trials and probability of success
p, then

P [X > r] ≈ Φ

(
r − np√
np(1 − p)

)
,

where Φ is the cumulative distribution of standard normal distribution.

Tables 3 and 4 give p values for, respectively, a one- and two-tailed alternative, and ξ(k) = .05.
Associated critical values of t are given in Tables 5 and 6 for experiments with 6 and 60 df for
estimating error variance. Note that for all k values, the critical value of t for a one-sided test
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is between 12 and 13% smaller, with corresponding increases in power. Table 3 shows that by
allowing for 2 or more false positives in a 1 sided t-test increases the adjusted p value by 6.5 times,
and thereby also increasing the power of the test. Results presented in Tables 3 show that for the
range of N examined (i.e. N > 1000) the ratios of p values for GFWER(k) to that of GFWER(1)
are independent of N . Thus, for such chips, once the Sidak p values are found, GFWER(k) can
be found by multiplication using the constants given in the table.

Table 3: Adjusted p values for k = 1 to 5, chips of size 1,000 and 50,000 and a
one-tailed GFWER(k)=5%.

k Number of Tests

1,000 50,000

p-value×106 Ratio∗ p-value ×106 Ratio∗

1 51.29 1.025
2 335.02 6.5 6.70 6.5
3 783.41 15.3 15.66 15.3
4 1320.01 25.7 26.38 25.7
5 1913.31 37.3 38.23 37.3

∗ Ratio of p-values to that of GFWER(1)

Table 4: Adjusted p-values for k = 1 to 5, chips of size 1,000 and 50,000 and a
two-tailed GFWER(k)=5%.

k Number of Tests

1,000 50,000

p-value×106 p-value ×106

1 25.63 .521
2 167.5 3.35
3 391.7 7.83
4 660.0 13.19
5 956.65 19.15

An important issue is what value of k should one use. The value of k should be set as small as
possible without sacrificing too much power. For an experiment of a given size, the rate at which
power increases is dependent on the critical value of t. Examination of Tables 5 and 6 shows that
the greatest decrease in the critical value of t, with either large or small experiment, comes from
increasing k from 1 to 2. For large experiments increasing k beyond 2, or for small increasing k
beyond 3, brings about much smaller incremental decreases in t. From these results, some general
guidelines can be deduced for choice of k. Regardless of the number of spots on a chip, a k value
of 2 or 3 should be adequate for large and small experiments respectively.
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Table 5: The six genes for which the qRT-PCR assay detected no expression in
untreated wild type seed. Transcripts were detected in untreated pickle seeds.
Transcripts were also detected for both wild type and pickle seeds (Uwt and
Upkl) germinated in the presence of uniconazole-p, thus permitting calculation
of Upickle fold change relative to Uwt. The mean values from the arrays are
included for illustration. #Pr is the number of times Affymetrix Microarray
Suite software (v. 5.0) labeled a gene ’present’ for the 16 gene chips used for
this investigation.

AGI Code Mean values (4 chips) qRT-PCR fold change Putative ID/function

#Pr wt pickle Uwt Upickle wt pickle Uwt Upickle

At3g16410 16 4535 14225 3630 18074 − + 1 204.3 Jacalin type lectin
At4g27140 15 1000 2365 417 3214 − + 1 8.95 2S1 seed storage protein
At1g67330 4 170 701 97 1255 − + 1 3.75 uncharacterized
At5g13930 16 18459 37623 18471 46304 − + 1 1.75 TT4/chalcone synthase
At3g23220 16 1611 2606 1364 2560 − + 1 1.43 ERF1/transcription factor
At1g09750 16 2005 3200 2178 5193 − + 1 0.58 nucleoid-like protein

Table 6: Presence of uniconazole-p increases derepression of PICKLE-
dependent genes in pickle seedlings.

qPCR Ratios Putative Function

AGI Code pkl/Wt Upk/Wt Upk/pkl

At5g01600 2.90 8.82 3.04 maturation
At3g16420 4.75 11.41 2.40 defense
At1g73190 1.79 2.96 1.65 maturation
At2g28790 1.77 2.90 1.64
At1g20620 2.33 3.51 1.50 maturation
At5g54740 2.97 4.10 1.43
At4g19810 2.43 3.33 1.37
At3g52500 5.55 7.55 1.36
At3g16430 1.55 2.08 1.34 defense
At1g05510 1.88 2.53 1.34
At3g16460 4.64 5.22 1.13 defense
At4g08685 2.61 2.78 1.06
At2g35810 4.24 4.24 1.00
At2g19590 2.50 2.24 0.90
At4g37410 2.38 1.95 0.82
At5g12030 5.36 2.68 0.50 desiccation

4. Biological Verification: QRT-PCR analysis

Those genes found significant with ANOVA were re-analyzed using qRT-PCR to compare
results. The qRT-PCR method, while more precise than the chip analysis, is still subject to
error. The method is based on PCR amplification of mRNA in the sample until a pre-determined
threshold is obtained. Because the amplification is a doubling with each cycle, the accuracy of
the method is questionable if there exists less than a 2 fold difference in mRNA between the two
treatments. qRT-PCR is also subject to biological variability between samples and should therefore
also be replicated and treated to statistical analysis. However, replicated qRT-PCR analysis for
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each gene would be extremely expensive and time consuming. Therefore within the limitations of
this experiment, and recognizing those limitations, we defined confirmation of PICKLE-dependent
expression as a two-fold or greater increase in expression level of a given gene in pickle versus
wild-type seed when grown in either the absence or presence of uniconazole-P. qRT-PCR was used
to compare transcript levels in pickle versus wild-type seed grown in the absence of uniconazole-P
as well as transcript levels in pickle versus wild-type seed grown in the presence of uniconazole-P.

Quantitative RT-PCR was performed on an ABI sequence detection system using RNA from
one of the biological replicates previously generated (Rider et al., 2003). Oligonucleotide primer
sequences and primer concentrations used are listed in supplementary Table 2S available at the
web site.

5. Results and Discussion

5.1 Statistical issues

For this experiment, we used ξ(2) = .05. Allowing for one false positive raised the adjusted
p value from 6.21 × 10−6 to 4.1 × 10−5 and correspondingly increased the power of the test The
ANOVA method selected 43 genes, less than one of which was expected to be a false positive based
on the experimentwise selection criteria that we employed (8256 × 4.1 × 10−5 = .33). Our qRT-
PCR analysis supported 36 of the 43 genes (Figure 1). A surprising result of this study was that
qRT-PCR did not detect transcripts in wild-type seeds for 6 of the 43 genes identified as having
expression differences based on analysis of the array data (Table 5). Although this observation is
consistent with the hypothesis that PICKLE represses expression of these genes in wild-type seeds
to facilitate the developmental transition from embryo to seedling, the array expression values did
not suggest absence of transcripts in wild-type seeds.

figure 1 about here

There are at least two possible explanations for the elevated number of observed false posi-
tives. Affymetrix constructed this GeneChip when the sequence of the Arabidopsis genome was
only partially completed. Inflated expression values for some oligos may have arisen from cross
hybridization to unintended targets. In fact, two of the false positives were false because qRT-PCR
detected no expression in germinating seeds under any condition. Alternatively, as previously dis-
cussed, the discrepancy may be due to different criteria used to determine success for each method.
The qRT-PCR data should only be viewed as supporting evidence, not confirmatory.

5.2 Biological Inferences

PICKLE is necessary to repress expression of embryonic traits in Arabidopsis seedlings. Pre-
vious analysis of genes that exhibit PICKLE-dependent repression identified genes associated with
various stages of seed development. ANOVA identified genes associated with seed development,
including 2S albumin genes, HSP17.6, and several lectin-like genes (Guerche et al., 1990; Lenman
et al., 1993; Ruuska et al., 2002; Sun et al., 2001). In all, 10 of the genes (28%) identified and
confirmed by qRT-PCR analysis were associated with embryo development or exhibit sequence
similarity to genes involved in embryo development (Table 1S, available at the web site). Addi-
tional studies will be necessary to determine if the other 26 genes that showed PICKLE-dependent
expression in the germinating seed are also involved in some aspect of embryo development. Pre-
vious expression analysis did not suggest a specific role for uniconazole-P in increasing penetrance



Çö�¹�d 115

of the pickle root phenotype in pickle seedlings (Rider et al., 2003). This analysis revealed that the
extent of derepression of many of the genes that exhibit PICKLE-dependent repression is enhanced
by the presence of uniconazole-P (Figure 1, black bars versus white bars). The magnitude of this
enhancement, however, was often due in large part to the fact that the presence of uniconazole-P
resulted in decreased expression of the gene relative to wild-type seed imbibed in the absence of
uniconazole-P (data not shown).

In order to examine the effect of combining the pickle mutation with exposure to uniconazole-
P, we compared the fold change values of genes in pickle versus wt seedlings (pkl/wt) and the
fold change values of genes in pickle treated with uniconazole-P versus wt seedlings (Upkl/wt) as
determined by qRT-PCR (Table 6). In order to make this analysis comparable to previous analysis
of the dataset, either the ratio pkl/wt or the ratio Upkl/wt or both had to be ≥ 2 for a gene to be
included in this analysis. Genes for which a transcript was not detected in wild-type seedlings were
excluded from this analysis. Sixteen genes identified with ANOVA met these expression criteria.
We found that the presence of uniconazole-P did increase expression of many of these genes in
pickle seedlings; the transcript level of 10 genes increased 33% or more when pickle seeds were
imbibed in the presence of uniconazole-P. In contrast, a previous analysis of the same array data
identified no genes for which the corresponding transcript was increased by treatment of pickle
seeds with uniconazole-P (Rider et al., 2003).

Uniconazole-P increases the probability that primary roots of the pickle mutant will express
embryonic differentiation traits (Ogas et al., 1997). Genes associated with seed development exhibit
elevated expression in pickle seedlings, suggesting that the expression of these genes contributes
to the ability of pickle seedling to express embryonic traits after germination (Rider et al., 2003).
The discovery that the presence of uniconazole-P enhances the expression of 10 genes in pickle
seedlings, 5 of which (50%) are involved in seed development or exhibit sequence similarity to
genes involved in seed development, suggests for the first time that the increased penetrance of
embryonic traits in pickle seedlings treated with uniconazole-P may be mediated in part through
changes in gene expression. Specifically, our results are consistent with the hypothesis that GA acts
in concert with PICKLE during germination to repress expression of genes that promote embryonic
traits. Further characterization of the genes identified here may facilitate subsequent genetic and
biochemical analysis of the GA signal transduction pathway that mediates this response.

5.3 Utility

We have shown that a simple ANOVA method can identify a manageable number of candidate
genes for differential expression from a gene expression array, most of which were real. Although we
only applied the approach to an experiment that incorporated a simple class-by-treatment design, it
is applicable to any full factorial design and is computationally straightforward. Previous analysis
of the array data employed a modified fold change (MFC) approach (Rider et al., 2003) and failed to
detect many of the genes identified by ANOVA. In addition, our current analysis demonstrates that
treatment of pickle seedlings with uniconazole-P enhances the derepression of PICKLE-dependent
genes during germination. These results reinforce the power of ANOVA versus a method that
emphasizes fold-change.

The practical utility of the GFWER(k) method is derived from allowing the user to influence
the number of genes identified by selecting the appropriate value for k, the number of false positives
allowed above the threshold significance level. A critical question is what value of k will result in the
greatest increase in power with the lowest number of Type I errors. A simple power analysis showed
that regardless of the number of spots on a chip, a k value of 2 or 3 should be adequate for large
and small experiments respectively. Although the GFWER(k) and FDR are closely related and
greatly increase the power of the experiment by relaxing the Type 1 error rate, the application of the
GFWER(k) does not attempt to project an FDR, rather, we only set the maximum number of false
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positives under the null hypothesis. Calculations for an exact FDR would require knowledge of 1)
the number of truly expressed genes, 2) the signal to noise ratio, and 3) their distribution. Without
knowing these factors, the FDR as calculated by any of the current methods is an approximation.
As a result, the GFWER(k) may be more or less conservative than FDR methods, depending on the
particular experiment. However, the GFWER(k) is constant and independent of the experiment,
which in itself is appealing. This gives rise to another interesting difference between the methods.
The expected number of false positives can be determined a priori with the GFWER(k) because
the rate is independent of the data, whereas with the FDR (and newer methods as reviewed by
Fernando et al., 2004) calculations are dependent on the data and one has to wait until the list is
generated to determine what the expected number of false positives will be. This difference could
be critical in the planning stage of an experiment.
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