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sion plasmid into the cell lines, and selecting them in the presence 
of hygromycin (Supplementary Methods), an average of 75% of 
the hygromycin resistant subclones exhibited unique and correctly 
inserted exchange cassettes (Supplementary Fig. 1). Each of these 
clones expressed correctly spliced fusion transcripts whose trans-
lation products were of the expected size (Supplementary Figs. 2 
and 3). The tagged proteins reflected the known localization pat-
terns of their native counterparts (Fig. 1b, Supplementary Figure 4 
and Supplementary Table 3).

The physiological amounts of the tagged proteins were suffi-
cient to enable protein-protein interaction studies by a label-free, 
quantitative affinity purification–mass spectrometry approach5. 
Purification of nLAP-tagged Trp53 together with Prdx1 and their 
endogenous interaction partners by single-step affinity purification 
coupled to high-resolution LTQ-Orbitrap mass spectrometry (liquid 
chromatography–tandem mass spectrometry) recovered the baits 
plus several known interaction partners, such as TRIM24, Tp53BP1 
and CLTC for Trp53 or Prdx2 for Prdx1 (Fig. 1c).

The modified ESCs expressed high levels of Oct4, Nanog and 
Sox2 proteins, suggesting that they are pluripotent (Supplementary 
Fig. 5). nLAP-Trp53 ESCs efficiently contributed to all cell lineages 
of a transgenic embryo and replicated the enhanced Trp53 expres-
sion seen in the forebrain of embryonic day 14.5 mouse embryos 
(Fig. 1d) (http://www.eurexpress.org/).

In situ protein tagging in FlipRosaβgeo ESC lines enables sys-
tematic protein localization and protein-protein interaction stud-
ies under physiological conditions. It will be useful for applications 
ranging from proteome analysis in ESC differentiation cultures to 
the definition of tissue-specific proteomes in mice. The strategy 
is relevant for over 25,000 characterized and validated gene-trap 
lines currently available from the German Genetrap Consortium  
(http://www.genetrap.de/) and European Conditional Mouse 
Mutagenesis Program (http://www.eucomm.org/) resources.

Note: Supplementary information is available on the Nature Methods website.
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Data transformation practices in 
biomedical sciences
To the Editor: In over a century since it was first introduced by 
William Sealy Gosset (under the pseudonym Student), the t-test has 
become one of the most common tests in many fields of research1 
and is now a basic element in a biologist’s toolkit for statistical 
hypothesis testing. Our screen of the first 2010 issue of medical 
and biological science journals with an impact factor higher than 15 
revealed that in 88 of the 213 research articles, the authors had used 
t-tests to analyze their data (Supplementary Methods).

Applying a t-test is now so routine that many biologists may have 
forgotten that data should meet certain assumptions, and reminders 
of its correct use have been published2,3. For example, for a valid two-
sample t-test, the assumptions are that the samples are independent 
and drawn from populations with equal variances, and that the vari-
able is normally distributed in each group. Although the robustness 
of Student’s t-test to the violation of these assumptions is a matter of 
debate4, they are seldom verified and data are sometimes transformed 
in ways that guarantee that the assumptions are no longer met.

A frequent practice sometimes imposed by the nature of the data 
(such as interexperiment variability) is to normalize data (Fig. 1) 
before applying a t-test (not to be confused with the transforma-
tion applied to data to approach a Gaussian distribution). Of the 
88 articles presenting t-test results, in 24 articles the data had been 
normalized to control samples, which had been given arbitrary val-
ues of 1 or 100. Such normalization can be performed in two ways 
(Fig. 1a). In the first approach, all values of control and treatment 
samples are divided by the mean of the control sample, which thus 
becomes the arbitrary reference value (‘normalization i’). Such nor-
malization conserves the distribution and the relative variance of 
the samples, allowing the subsequent use of a t-test. A second way 
to perform the normalization is to divide the control and treatment 
values from each experimental run by the control value (‘normal-
ization ii’). Such normalization converts the distribution of the 
control sample into a uniform distribution with zero variance and 
renders the normalized data unsuitable for a t-test. We encountered 
the latter normalization in 15 articles.

We investigated the consequences of using normalization ii in 
terms of type I and type II error rates (percentage of false positives 
and false negatives, respectively). We used Monte-Carlo simula-
tions (Supplementary Methods) to compare error rates when we 
normalized or did not normalize the same data to control values 
before applying a two-sample t-test.

Applying normalization ii resulted in increased type I error rates 
as compared to those obtained for unnormalized data (Fig. 1c). The 
use of ‘robust’ versions of the t-test (Welch t-test) that do not require 
the assumption of equal variance2 only marginally compensated for 
this increase in type I error rates (data not shown). For sample sizes 
with n > 15, the incidence of false positives increased with data vari-
ability (Fig. 1c and Supplementary Fig. 1). The departure of type II 
error rates from expected values after normalization ii was minimal 
for low-variability data but strong for more variable data.

The direction of the change depended on whether the control 
sample had the smaller or the greater of the two compared means 
(Fig. 1d–f): type II error rates decreased when the control sample had 
the lower mean (for example, in gene expression upregulation) and 
increased when the opposite was true (for example, in gene expression 
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Note: Supplementary information is available on the Nature Methods website.
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downregulation). For very small sample sizes (less than five) both type 
I and II error rates were notably elevated irrespective of data variability 
(Supplementary Figs. 1 and 2).

The reason for such alterations of the t-test error rates resides in the 
distribution of the t statistic. When all three assumptions imposed on 
the data are met, the test statistic under a true null hypothesis follows a 
t distribution with 2n – 2 degrees of freedom. After the normalization 
ii to control values, the distribution of the test statistic departed from 
the t distribution in a manner dependent on data variability, explain-
ing the bias in the statistical decisions based on these test values (Fig. 
1b and Supplementary Fig. 3). 

Thus, an incorrect normalization of data can mask otherwise sig-
nificant differences or produce spurious results. We urge caution in 
data analysis and interpretation of published data with regard to the 
assumptions underlying any statistical test and to the transformations 
to which data are subjected before statistical analysis.

Figure 1 | Data normalization prior to applying t-test and its consequences on type I and type II error rates. (a) Example of correct (normalization i) 
and incorrect (normalization ii) normalizations applied on the same data. C, control; T, treatment. (b) Departure of t-statistic (Anderson-Darling 
goodness-of-fit test) from the expected distribution after normalization ii. S.d., standard deviation; n.s., nonsignificant (P ≥ 0.05); ***P < 0.001.  
(c) Increase in type I error rate after normalization ii. (d–f) Type II error rates for un-normalized data (d) and for data subjected to normalization ii 
when the control values are lower (e) or higher (f) than treatment values.
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