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SUMMARY

Removal of, or adjustment for, batch effects or center differences is generally required when such effects
are present in data. In particular, when preparing microarray gene expression data from multiple cohorts,
array platforms, or batches for later analyses, batch effects can have confounding effects, inducing spurious
differences between study groups. Many methods and tools exist for removing batch effects from data.
However, when study groups are not evenly distributed across batches, actual group differences may induce
apparent batch differences, in which case batch adjustments may bias, usually deflate, group differences.
Some tools therefore have the option of preserving the difference between study groups, e.g. using a two-
way ANOVA model to simultaneously estimate both group and batch effects. Unfortunately, this approach
may systematically induce incorrect group differences in downstream analyses when groups are distributed
between the batches in an unbalanced manner. The scientific community seems to be largely unaware of
how this approach may lead to false discoveries.
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1. INTRODUCTION

Extraneous variables, if left unaccounted for, have the potential to lead an investigator into drawing
wrong conclusions. A common example is “batch effects” caused by reagents, microarray chips, and
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Fig. 1. We simulated expression of one gene from three study groups unevenly distributed in two batches, designed
to illustrate the spurious effects that may arise from different batch adjustments. The Y -axis represents the expres-
sion values, while the X -axis is used to visually separate the groups and batches. Circles, triangles, and crosses
indicate values from each of the three groups. Surrounding boxes indicate batches. For each group, the filled bar
indicates mean and its 95% confidence interval, which give some indication as to which group differences would
be found significant. (a) The “true values” measured in a system without batch effects. The first two groups are
drawn from normal distributions with the same mean and variance, while the third has a lower mean. (b) Batch
effects have been added to the “true values”, as indicated by the shifting of the batch frames, leading to apparent
differences between the first two groups. (c) The measurements in (b) are adjusted by mean-centering each batch.
All groups appear significantly different. (d) The measurements in (b) are adjusted with two-way ANOVA-based
batch centering (using limma). Again, all groups appear to be significantly different. (e) The least squares esti-
mates of the group means from a two-way ANOVA have the same means as in (d), but more appropriate confidence
intervals.

other equipment made in batches that may vary in some way, which often have systematic effects on the
measurements. A similar example is “center effects”, when samples or data come from multiple sources.
See Luo and others (2010) for more examples.

In a typical experiment comparing differences between study groups, presence of batch effects will
decrease statistical power, since it adds variation to the data. If the batch–group design is unbalanced, i.e.
if the study groups are not equally represented in all batches, batch effects may also act as a confounder
and induce false differences between groups (Leek and others, 2010) as illustrated in Figure 1(b).

The standard way to handle an extraneous variable is to include it in the statistical model employed
in the inquiry. However, many analysis tools for high throughput data do not cater for this option, and
when available, it could still be outside the competence of the investigator. Therefore, an alternative two-
step procedure has emerged. First the batch effects are estimated and removed, creating a “batch effect
free” data set. Then, the statistical analyses are performed on the adjusted data without further consid-
eration of batch effects. This appealing compartmentalization is also convenient for practical purposes,
for example when data-processing and statistical analyses are performed by different personnel. Unfortu-
nately, as we demonstrate in this paper, when the batch–group design is unbalanced, this approach may be
unreliable.

A simple removal of batch effects can be achieved by subtracting the mean of the measurements in
one batch from all measurements in that batch, i.e zero-centering or one-way ANOVA adjustment as
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implemented in the method pamr.batchadjust from the pamr package in R. When the batch–group
design is balanced, zero-centering will remove most, but not necessarily all, of the variance attributed to
batch and leave the between-group variance, thus increasing statistical power. However, when the batch–
group design is unbalanced, batch differences will in part be influenced by group differences, and thus batch
correction will reduce group differences and thereby reduce statistical power. In very uneven group–batch
designs with multiple groups, spurious group differences may even be induced in this way. Figure 1(c)
illustrates both of these effects.

To mitigate the above problems, one may simultaneously estimate batch effects and group differences,
e.g. using a two-way ANOVA, and only remove the batch differences from the data. Effectively, group
differences are estimated based on within-batch comparisons, and applied to the batch-adjusted data.
In a balanced group–batch design, estimates of group differences and batch effects are independent,
and this approach becomes identical to the above-described zero-centering per batch. However, if the
group–batch design is heavily unbalanced, estimation of group differences and batch effects are inter-
dependent, and when applying the estimated group differences across the entire data set, point estimates
are used while the estimation errors are ignored. One way to view this is that the original batch effects
are removed, but instead a new batch effect is introduced by the batch effect estimation errors. If the
original batch effects are larger than their estimation errors, this still represents an improvement over
not correcting for batch effects. However, in cases where the original batch effects are small and their
estimates inaccurate, it may actually worsen the problem. In any case, subsequent analyses that do not
account for batch effects may systematically underestimate the size of estimation errors and exagger-
ate the confidence in group differences. Figure 1(d) illustrates how confidence intervals are deflated by
this batch adjustment method by comparing them to confidence intervals from the original ANOVA in
Figure 1(e).

Several tools exist for batch-adjusting gene expression data. Some of these also allow covariates to be
included in the batch adjustment: e.g. the commercial software Partek Genomics Suite, the R packages
limma (Smyth and Speed, 2003), ber (Giordan, 2013), and ComBat (Johnson and others, 2007), which
is included in the sva package (Leek and others, 2012). Most of these use two-way ANOVA, while Com-
Bat uses an empirical Bayes approach to avoid over-correcting which is critical for use with small batches.
While the packages allow study group to be included as a covariate during batch adjustment, this feature
has generally not been actively promoted, and both Partek and the relevant method “removeBatchEffect”
in limma provide warnings that they are not intended for use prior to linear modeling, although we suspect
this warning is not always heeded. With ComBat, however, this feature has been more heavily promoted,
and it was through this use of ComBat that we ourselves encountered this problem. We note that the sva
package has been updated to address these concerns.

When sample or batch sizes are small, statisticians would most likely take extra precautions. However,
batch adjustment using two-way ANOVA or ComBat on unbalanced data sets may be just as harmful for
large samples and batch sizes as for small. For example, group comparisons using one-way ANOVA on the
batch adjusted data will essentially result in F-statistics that are inflated by a fixed factor which depends
on the unevenness of the design, rather than the size of the sample or batches. The effect of this may be
further exacerbated by running these analyses a large number of times, e.g. on thousands of genes, and
using false discovery rate (FDR) to determine significant cases: an approach that is particularly sensitive
to inflated false positive rates.

The failure to obtain a “batch effect free” data set when batch-adjusting data where study groups are
unevenly distributed across batches has also been observed in Buhule and others (2014). Proper statis-
tical analysis of unbalanced designs require models that handle batch effects as part of the analysis.
However, the best approach is to ensure a balanced study design from the start, to avoid data analysis
problems as well as the loss of statistical power that ensues when batch and group effects need to be
disentangled.
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2. METHODS FOR BATCH EFFECT CORRECTION

2.1 Model for data with batch effects

We will base our discussion on a simple, two-way ANOVA model for data with batch effects:

Yi jr = α + β j + γi + εi jr (2.1)

where i = 1, . . . , m are the different batches, j = 1, . . . , M are different study groups that we wish to
compare, and εi jr ∼ N (0, σ 2) are the error terms for samples r = 1, . . . , ni j within batch i and group j .

When combining data from more diverse data sources, e.g. different microarray platforms, a more
general model is required. ComBat also uses empirical Bayes estimates across genes to stabilize estimates,
which is critical for use with small batches, and will also moderate the side-effects of batch adjustments.
However, for cases with large batches or substantial batch effects, this should be similar to the two-way
ANOVA approach.

2.2 Standard batch correction methods

A common ambition of batch effect adjustments is to remove batch differences in such a way that
downstream analyses of the adjusted data may be done without further corrections for batches. We
illustrate this using Figure 1, where the first frame contains the “true” values with no batch differ-
ences, and the remaining frames show values with various levels of batch effects and batch effect
corrections.

2.2.1 Zero-centering batches. The most common method for removing batch effects is to zero-center
each batch: Ỹ 0

i jr = Yi jr − Ȳi where Ȳi = (1/ni−)
∑M

j=1

∑ni j

r=1 Yi jr , ni− = ∑M
j=1 ni j . An alternative is to

center each batch to the common average by adding the average value Ȳ across the entire data set: i.e.
Ỹ avg

i jr = Ỹ 0
i jr + Ȳ . When comparing groups, the common value Ȳ has no effect, and so this mean-centering

is equivalent to zero-centering each batch. If the groups are unevenly represented in the different batches,
the batch average Ȳi will tend to capture, through β̄i , group differences, as well as batch effects:

Ỹ 0
i jr = Yi jr − Ȳi = β j − β̄i + εi jr − ε̄i where β̄i =

M∑
j=1

ni j

ni−
β j , ε̄i = 1

ni−

M∑
j=1

ni j∑
r=1

εi jr . (2.2)

Thus, batch centering will tend to reduce group differences in an unbalanced design, and reduce the power
of downstream analyses. By reducing the differences between some groups, i.e. those found together in
the same batches, one may also induce false differences between other groups, as is demonstrated in
Figure 1(c).

2.2.2 Batch adjustment using two-way ANOVA to estimate batch effects. Removing batch effects while
retaining group differences can be achieved by subtracting the batch effects γ̂i estimated from the two-way
ANOVA model (2.1), yielding Ỹ cov

i jr = Yi jr − γ̂i = α + β j + (γi − γ̂i ) + εi jr . This gives batch-adjusted val-
ues, where any systematic bias induced by the batch differences has been removed, while the group differ-
ences are retained.

The estimation error γ̂i − γi affects all values within the same batch in the same manner. Thus, while the
aim is to remove spurious dependencies within batches, it may also induce new dependencies. The batch
effect estimation errors will influence group effects in proportion to how well the group is represented
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(a) (b) (c)

Fig. 2. This is a sanity check where the use of ComBat with a covariate fails, adapted from the user guide in the
sva package. Real data are substituted with random numbers from a normal distribution, but the batch–group design
is retained. ComBat is applied, followed by an F-test. (a) p-Value distribution; (b) QQ plot of the F-statistics; (c) p-
value distributions for 3 equally unbalanced random number experiments with different sample sizes, 12 120 and 1200
samples from two study groups with a 1:5 and 5:1 distribution in two batches, respectively. A random batch effect is
added for 10% of the 20 000 genes. This example is not from the sva package.

in each batch:

Ỹ cov
− j = 1

n− j

m∑
i=1

ni j∑
r=1

Ỹi jr = α + β j + ε̄− j −
m∑

i=1

ni j

n− j
(γ̂i − γi ) where n− j =

m∑
i=1

ni j (2.3)

so that

Ỹ cov
− j − Ỹ cov

− j ′ = (β j − β j ′) + (ε̄− j − ε̄− j ′) −
m∑

i=1

(
ni j

n− j
− ni j ′

n− j ′

)
(γ̂i − γi ). (2.4)

In a balanced group–batch design, the estimation error γ̂i − γi has the same effect for all groups, and
thus does not influence group comparisons. In an unbalanced design, however, it will induce increased
differences between groups which, when ignored in downstream analyses, may lead to over-confidence
in estimated group differences. In Figure 1(d), the effect of batch correction using group as a covariate
is shown with confidence intervals of the corrected data. For comparison, least square mean estimates
(R package lsmeans) are used in Figure 1(e) to illustrate more appropriate confidence intervals that
incorporate the uncertainties of the batch effect estimates.

3. RESULTS

3.1 A simple sanity check

The undesired consequences of preserving group effects when correcting for batch effect is readily
illustrated with a sanity check using random numbers. The documentation accompanying the sva library
(v3.8.0) has an executable example demonstrating how to adjust a data set with ComBat, followed by an
F-test. Replacing the real data with random numbers from a standard normal distribution, N(0, 1), but
otherwise following the instructions, will generate the p-value distribution shown in Figure 2(a).

As can be seen from the QQ plot in Figure 2(b), the main effect of the procedure is to inflate the
F-statistic by a factor. The size of this factor depends on how unbalanced the group–batch design is, rather
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than on the sample size in itself. Thus, increasing the sample size will not reduce the problem as shown in
Figure 2(c).

If the number of samples is increased and there are no actual batch effects present, the empirical Bayes
estimates used by ComBat will shrink the batch effect estimates and thus moderate the batch adjustments.
However, if batch differences are added that are not constant across all genes, the problem remains even
as the samples size increases.

3.2 Explanation for the simple two-group comparison

To explain more clearly what is happening, and to quantify the size of the problem, we may consider the
simple case of estimating the difference �β = βA − βB between two groups, A and B, when there are m
batches with batch i = 1, . . . , m containing ni A and ni B samples from each of the two groups.

3.2.1 Group comparison from two-way ANOVA. If we estimate the group difference within batch i ,
we get

�β̂i = Ȳi A − Ȳi B ∼ N

(
�β,

σ 2

νi

)
where Ȳi j =

∑ni j

r=1 Yi jr

ni j
, νi = 1

1/ni A + 1/ni B
, (3.1)

from which we may express the overall estimate of �β

�β̂ =
∑m

i=1 νi�β̂i

ν
∼ N

(
�β,

σ 2

ν

)
where ν =

m∑
i=1

νi . (3.2)

This is the same as would be obtained from a two-way ANOVA analysis.

3.2.2 Group comparison from one-way ANOVA after batch adjustment. If batch and group effects are
estimated using a two-way ANOVA, the estimate �β̂ will be as stated above, and so the estimated group
difference is unaffected. The batch effects are then removed, and the estimated group differences retained,
leaving the estimated �β̂ unchanged by the batch adjustment.

However, if this batch-adjusted data set is analysed without considering batch effects, the variance of
�β̂ will be computed under the assumption that it is derived from a comparison of n A = ∑m

i=1 niA versus
nB = ∑m

i=1 niB samples, and thus satisfy �β̂ ∼ N(�β, σ 2/ν0) where 1/ν0 = 1/n A + 1/nB . It follows from
Jensen’s inequality that ν0 � ν, with equality if and only if the ratios ni A : ni B = n A : nB for all batches
i = 1, . . . , m.

In effect, ν represents the effective sample size in the unbalanced group–batch design, while ν0 repre-
sents the nominal sample size when batches are ignored. The ratio ν/ν0 � 1 indicates to what extent the
two-step procedure leads to underestimates of the random variability, and hence false or over-confidence
in group differences.

3.3 Distribution of F-statistic in the general case

A one-way ANOVA checking for group differences between M study groups in a data set of size n, will
assume that the F-statistic follows an FM−1,n−M distribution as group differences have M − 1 degrees of
freedom, while there are n − M degrees of freedom used to estimate the variance within groups.

When the n observations are made in m batches, with ni j samples in batch i and group j , as in (2.1),
and a two-way ANOVA is used to estimate and remove the batch effects, the batch-adjusted values are no
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longer independent. If a one-way ANOVA comparing study groups is run on the batch-adjusted data, the
distribution of the F statistic becomes

F ∼
∑M−1

i=1 λiχ
2
1

χ2
n−M−m+1

≈ q̃σ̃ 2

(M − 1)σ 2
·
(

1 + m − 1

n − M − m + 1

)
· Fq̃,n−M−m+1 (3.3)

where the computation of λi , effective degrees of freedom q̃ , and σ̃ 2 are derived in the Supplemen-
tary Material, and they depend on the batch–group design, not on the sample size. These satisfy q̃σ̃ 2 �
(M − 1)σ 2 and q̃ � M − 1 with equalities if and only if the groups are evenly represented in all batches.

Even as sample size increases, assuming unchanged distribution of groups between batches, the factor
q̃σ̃ 2/(M − 1)σ 2 will remain, consistently biasing the F statistic towards higher values, as will the reduced
degree of freedom q̃ , which will increase the variance of the F statistic.

3.4 Examples of undesired consequences

The extent to which batch adjustment with group differences retained will confound subsequent analyses
depends on the batch–group balance. We have reanalyzed two cases with varying degree of unbalance.

3.4.1 Experiment 1. In an experiment described in Towfic and others (2014), the effect of Copaxone
(glatiramer acetate, a medicine for multiple sclerosis, produced by Teva Pharmaceuticals) was compared
with the effect of Glatimer, a generic version of the drug produced by Natco Pharma. Cells were treated with
Copaxone (34 samples), Glatimer (11 samples), or one of 14 other treatments (60 samples), and mRNA
expression was measured using microarrays. A batch effect correlating to the chip (Illumina WG-6 V2,
six samples per chip, 17 chips in total) was observed and adjusted for with ComBat using treatment as
a covariate. Batch-adjusted data were then tested for differentially expressed genes, yielding hundreds of
differentially expressed probes (Table S5, Towfic and others, 2014) using a 5% FDR threshold. Unfor-
tunately, the batch–treatment design was highly unbalanced, with several batches having only one of the
main treatments of interest. We re-analyzed the cited data (GEO: GSE40566) as described, detecting 2011
differentially expressed genes at 5% FDR. When, instead of batch adjusting using ComBat, we blocked for
batch effect in limma (Smyth, 2004), only 11 differentially expressed genes were detected at FDR < 0.05.
The sanity check using random numbers, as described in Section 3.1, was also carried out. The distribution
of p-values for different settings are shown in Figure 3(a).

It should be noted that the original analyses by Towfic and others (2014) differed from our re-analysis
in one critical manner which was clarified upon contacting the authors. Their analyses were based on a dif-
ferent preprocessing of the microarray data (GEO: GSE61901), and included two technical replicates per
biological sample corresponding to the two different slots of the bead-microarray. The inclusion of techni-
cal replicates as separate observations has a strong influence on the results regardless of the batch adjust-
ment. For analyses where the two slots have been combined to provide one set of expression values per
sample, they refer the reader to Bakshi and others (2013) in which Partek was used for batch adjustment.

3.4.2 Experiment 2. The supporting information of the original ComBat article (Johnson and others,
2007) demonstrates the method on cells inhibited for the expression of the TAL1 gene compared to controls
on a microarray platform (denoted “Data set 2”). The experiment consists of 30 samples in 3 batches:
the number of treatment/control samples are batch 1: 6/2, batch 2: 3/4, and batch 3: 9/6. ComBat was
applied followed by a T-test, to identify differentially expressed genes. First, we reproduced their analysis,
including the adjustment by ComBat, but using limma instead of the T-test, resulting in 1003 probes
(q < 0.05). Then, we analyzed their data without batch adjustment in ComBat, but blocking for batch
in limma, resulting in 377 probes (q < 0.05). In addition, the sanity check using random numbers was
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(a) (b)

Fig. 3. Three analyses of two published data sets where batch effects were adjusted for with ComBat.
First, analyzed as described on the real data using ComBat. Secondly, with ComBat, but with random numbers instead
of real data. Thirdly, instead of ComBat, analyses of the real data with limma blocking by batch. (a) Reanalysis
of Towfic and others (2014), glatiramer acetate vs. generic, and (b) reanalysis of “Data set 2” (Johnson and others,
2007), TAL1 inhibition vs. control.

performed. The distribution of p-values for different settings are shown in Figure 3(b). In contrast to the
results obtained for Towfic and others (2014) (Figure 3(a)), the p-value distributions for the alternative
analysis do not indicate a huge difference. Nevertheless, the p-values may still be somewhat deflated in
the ComBat adjusted analysis.

4. DISCUSSION

The use of study group, or other form of outcome, as a covariate when estimating and removing batch
effects is problematic if the data are treated as “batch effect free” in subsequent analyses. When the group–
batch distribution is unbalanced, i.e. where batches do not have the same composition of groups, this will
lead to deflated estimates of the estimation errors, and over-confidence in the results. The problem is
essentially independent of sample size as illustrated in Figure 3(c).

The size and impact of the problem will depend greatly on how unbalanced the group–batch distribution
is: if it is only moderately unbalanced, it need not be a concern, whereas in heavily unbalanced cases it may
have a huge influence. The impact is also more likely to be notable when used to analyze a large number
of features, e.g. a large set of genes, followed by multiple testing corrections such as using the FDR, as the
effect is more pronounced for more extreme values.

4.1 Motivation for this warning

Our knowledge of the problem discussed in this article came through a typical use case when trying to
adjust for batch effects in an unbalanced data set using ComBat. Upon realizing that the confidence in
the estimated group differences was exaggerated, we searched the literature for a better understanding of
correct use and the potential limitations of ComBat. At the time, the authors of ComBat and the sva
package recommended including study group as a covariate as we had done: the supporting documenta-
tion of sva has now been changed. Studies investigating batch effects were mostly recommending Com-
Bat without much concern for potential limitations (Kupfer and others, 2012; Kitchen and others, 2011;



Exaggerated effects after batch correction 37

Chen and others, 2011). A brief inquiry into some of the articles citing ComBat (466 in Web of Science)
revealed few reported problems, although their method descriptions regarding ComBat were mostly sparse,
limited to one or two sentences. Some used ComBat with covariates, some without, but we did not find any
that addressed the potential problems related to use of covariates. However, the inability of batch adjust-
ment methods in dealing with unbalanced designs has been noted (Buhule and others, 2014).

A further indication of the carefree use of the procedure was the frequent omission of program param-
eters that were applied, i.e. batch labels or whether group labels were supplied as covariates. Often, no
effort was undertaken in order to substantiate the existence of batch effects, beyond stating the presence
of batches. The incorporation of ComBat and other batch adjustment methods into various analysis tools
(see Supplementary Material) may make them more accessible, but their use less transparent.

As we looked into the problems of batch-adjusting unbalanced data sets, we realized that these are
shared by other batch adjustment methods: indeed, the empirical Bayes approach used by ComBat may
dampen the batch adjustments and thereby reduce the problem slightly relative to a more direct two-way
ANOVA approach. Although some of the tools warn against performing subsequent analyses on batch-
adjusted data, these warnings are often somewhat vague and seem to be primarily concerned about the
degrees of freedom in the data set. Batch adjustment will reduce the degrees of freedom in the data
which may influence the distribution of the test statistics in subsequent analyses, e.g. the variance of the
F-statistics from ANOVA. For small data sets or where there are many small batches, this may be a prob-
lem, while it would be less of a concern when there are a fair number of samples in each batch. However,
we find that the main problem is a systematic inflation of the F-statistic by a factor, induced as estima-
tion errors during the batch adjustments are applied across the data, which can induce apparent group
differences in the adjusted data set even in the absence of batch effects.

We are concerned, in light of our findings, that many published results from batch-adjusted data using
the study group as a covariate may be unreliable. Furthermore, the frequent lack of proper method descrip-
tion accompanying published results makes it hard to judge if they are affected or not. We hope that our
warning will help caution the scientific community against this particular approach.

4.2 Practical advice

The main advice, particularly when batch effects are significant, is to ensure a balanced design in which
study groups are evenly distributed across batches.

For an investigator facing an unbalanced data set with batch effects, our primary advice would be to
account for batch in the statistical analysis. If this is not possible, batch adjustment using outcome as a
covariate should only be performed with great caution, and the batch-adjusted data should not be trusted
to be “batch effect free”, even when a diagnostic tool might claim so. Comparing results from batch-
adjusted data with and without covariates may indicate to what extent the outcome depends on the mode
of batch adjustment.

Alternatively, one may treat the results more like an ordered list of candidates, with the most likely true
positives on top, de-emphasizing the somewhat deflated p-values. This would, however, be hypothesis-
generating, rather than hypothesis-testing. While investigators should always assess the extent to which
findings make biological or clinical sense, this is particularly true when the statistical assessment may be
unreliable.

Knowing that adjustment for batch effects while preserving the group difference may lead to varying
degree of false results, to what extent can an investigator trust published results where such a method
has been applied? Essentially, when the batch–group configuration is balanced, group differences are not
affected by batch effects and results should be reliable. For unbalanced designs, however, where batch
effects may act as a confounder, the most rigorous path would be a reanalysis which accounts for batch
effect, rather than relying on the two-step approach. However, such a reanalysis may be infeasible or
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impractical, depending on the availability of raw data and proper method description, the ability of analysis
tools to handle batch effects, and the necessary statistics and bioinformatics resources. In any case, to reach
a reliable result, batch effects need to be handled in some way or another.

We have provided explicit expressions both for the two-group comparison and the adjusted
F distribution for the more general linear model. Although it is possible to use these formulas to correct the
results, this is essentially the same as running two-way ANOVA or a general linear model including batch,
which in most cases would be an easier, safer, and more general solution, and more powerful as the former
approach does not fully exploit the degrees of freedom of the model. However, the expressions derived
in Sections 3.2 and 3.3 may still be used to assess the reliability of results based on batch adjusted data,
and we provide some support for performing these calculations at the Additional analyses page at GitHub.
The main concern would be batches where either of the groups of interest are missing or strongly under-
represented, which would contribute to the nominal sample size, but not to the effective sample size. In
Section 3.2, the ratio ν0/ν � 1 indicates by how much the effective sample size is overestimated when
comparing two groups. If the ν0/ν ratio is close to 1, results should still be reliable, while a ratio much
larger than 1 will indicate exaggerated confidence. A similar computation, summarized in Section 3.3,
although more complicated, can be made for multiple groups or general linear models. If the behavior of
the test statistic is well understood, as the F-statistic in ANOVA, one may adjust the test statistic accord-
ingly. However, this will require deep insight into the statistical behavior of the model. Down-sampling to
the effective samples size, i.e. to a ν/ν0 portion of the samples, may also be done to see if results persist.
However, none of these solutions are ideal.

Finally, we would like to emphasize the importance of proper description of how data have been prepared
for analysis, and what corrections and adjustments have been made (Sandve and others, 2013). In cases
where data preparation is performed prior to, and separate from, the data analysis, as is now often the
case, this is of particular importance, as artifacts may be introduced in the data preparation which could
influence the reliability of downstream analyses. When assessing published findings, we frequently found
it hard to determine how batch adjustments had been done, and occasionally suspected that the study group
had been used as a covariate without this being stated. Science not only depends on determining sound
methods and finding reliable results, but also on communicating sufficient detail to allow readers to assess
the extent to which findings can be trusted. Failing to do so may cause methodological problems to pass
undetected, but also to cast doubt on sound results. An increased focus on making research reproducible
is therefore of great importance.

SUPPLEMENTARY MATERIAL

Supplementary material is available online at http://biostatistics.oxfordjournals.org.

REPRODUCIBLE RESEARCH

Data and scripts used to generate these are available at https://github.com/ous-uio-bioinfo-core/batch-
adjust-warning-figures.git. Additional analyses and resources may be found at https://github.com/ous-uio-
bioinfo-core/batch-adjust-warning-reports.git.

ACKNOWLEDGMENTS

We would like to thank Ben Zeskind and coauthors of Towfic and others (2014) for their responsiveness
and sharing scripts and data. We are also grateful to Geir Kjetil Sandve for useful suggestions and discus-
sions. Conflict of Interest: None declared.

https://github.com/ous-uio-bioinfo-core/batch-adjust-warning-reports.git
http://biostatistics.oxfordjournals.org/lookup/suppl/doi:10.1093/biostatistics/kxv027/-/DC1
https://github.com/ous-uio-bioinfo-core/batch-adjust-warning-figures.git
https://github.com/ous-uio-bioinfo-core/batch-adjust-warning-figures.git
https://github.com/ous-uio-bioinfo-core/batch-adjust-warning-reports.git
https://github.com/ous-uio-bioinfo-core/batch-adjust-warning-reports.git


Exaggerated effects after batch correction 39

FUNDING

This work was supported by the EUROCAN platform (VN, FP7/2007-2013, grant 260791) and the
MetAction project (EAR). Funding to pay the Open Access publication charges for this article was pro-
vided by the Department of Tumor Biology, Institute for Cancer Research, Oslo University Hospital.

REFERENCES

BAKSHI, S., CHALIFA-CASPI, V., PLASCHKES, I., PEREVOZKIN, I., GUREVICH, M. AND SCHWARTZ, R. (2013). Gene
expression analysis reveals functional pathways of glatiramer acetate activation. Expert opinion on therapeutic
targets 17(4), 351–362.

BUHULE, O. D., MINSTER, R. L., HAWLEY, N. L., MEDVEDOVIC, M., SUN, G., VIALI, S., DEKA, R.,MCGARVEY, S. T.
AND WEEKS, D. E. (2014). Stratified randomization controls better for batch effects in 450 K methylation analysis:
a cautionary tale. Frontiers in Genetics 5, 1–11.

CHEN, C., GRENNAN, K., BADNER, J., ZHANG, D., GERSHON, E., JIN, L. AND LIU, C. (2011). Removing batch effects
in analysis of expression microarray data: an evaluation of six batch adjustment methods. PLoS One 6(2), e17238.

GIORDAN, M. (2013). A two-stage procedure for the removal of batch effects in microarray studies. Statistics in
Biosciences 6(1), 73–84.

JOHNSON, W. E., LI, C. AND RABINOVIC, A. (2007). Adjusting batch effects in microarray expression data using empir-
ical Bayes methods. Biostatistics 8(1), 118–127.

KITCHEN, R. R., SABINE, V. S., SIMEN, A. A., DIXON, J. M., BARTLETT, J. M. S. AND SIMS, A. H. (2011). Relative
impact of key sources of systematic noise in Affymetrix and Illumina gene-expression microarray experiments.
BMC Genomics 12(1), 589.

KUPFER, P.,GUTHKE, R., POHLERS, D.,HUBER, R.,KOCZAN, D. AND KINNE, R. W. (2012). Batch correction of microar-
ray data substantially improves the identification of genes differentially expressed in rheumatoid arthritis and
osteoarthritis. BMC Medical Genomics 5(1), 23.

LEEK, J. T., JOHNSON, W. E., PARKER, H. S., JAFFE, A. E. AND STOREY, J. D. (2012). The SVA package for removing
batch effects and other unwanted variation in high-throughput experiments. Bioinformatics 28(6), 882–883.

LEEK, J. T., SCHARPF, R. B., BRAVO, H. C., SIMCHA, D., LANGMEAD, B., JOHNSON, W. E., GEMAN, D., BAGGERLY, K.
AND IRIZARRY, R. A. (2010). Tackling the widespread and critical impact of batch effects in high-throughput data.
Nature Reviews. Genetics 11(10), 733–739.

LUO, J., SCHUMACHER, M., SCHERER, A., SANOUDOU, D., MEGHERBI, D., DAVISON, T., SHI, T., TONG, W., SHI, L.
AND HONG, H. and others (2010). A comparison of batch effect removal methods for enhancement of prediction
performance using MAQC-II microarray gene expression data. Pharmacogenomics Journal 10(4), 278–291.

SANDVE, G. K.,NEKRUTENKO, A., TAYLOR, J. AND HOVIG, E. (2013). Ten simple rules for reproducible computational
research. PLoS Computational Biology 9(10), e1003285.

SMYTH, G. K. (2004). Linear models and empirical Bayes methods for assessing differential expression in microarray
experiments. Statistical Applications in Genetics and Molecular Biology 3(1), Article 3.

SMYTH, G. K. AND SPEED, T. (2003). Normalization of cDNA microarray data. Methods 31(4), 265–273.

TOWFIC, F., FUNT, J. M., FOWLER, K. D., BAKSHI, S., BLAUGRUND, E., ARTYOMOV, M. N., HAYDEN, M. R., LADKANI,
D., SCHWARTZ, R. AND ZESKIND, B. (2014). Comparing the biological impact of glatiramer acetate with the bio-
logical impact of a generic. PLoS One 9(1), e83757.

[Received August 15, 2014; revised June 2, 2015; accepted for publication July 8, 2015]



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile ()
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.5
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 524288
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings false
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Preserve
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 175
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50286
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG2000
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 20
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 175
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50286
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG2000
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 20
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages true
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 175
  /MonoImageDepth 4
  /MonoImageDownsampleThreshold 1.50286
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects true
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /ENU ()
    /ENN ()
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


