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 Abstract 
Real-time quantitative PCR (qPCR) is the gold standard for fast, accurate, sensitive and cost-
efficient gene expression analysis.  Despite its conceptual simplicity and ease of use, the multi-step 
qPCR workflow contains many potential pitfalls. An intelligent experiment design and setup, high 
quality reagents and assays, quality controls in each step of the workflow, proper quantification 
models and appropriate bio-statistical analyses pave the way to successful gene expression results. 
This chapter will cover all data analysis aspects from the evaluation of pilot studies and quality 
controls, through universally applicable quantification models and bio-statistics, to the reporting of 
experiment results. 

 Analyzing pilot studies 
Prior to starting a qPCR based gene expression profiling, three types of pilot experiments should be 
performed. In the first type, newly designed assays are validated, while a second type of pilot study 
has to be performed if you start working on a new sample type or treatment condition to determine 
the best set of reference genes for normalization. The third pilot experiment is needed to assess the 
variability and magnitude of the observed differential gene expression, enabling a power study to 
determine how many samples are required to reach statistical significance. The search for stably 
expressed reference genes and the power analysis may be combined in one experiment. 

 Assay quality controls 
High quality assays are one of the key elements required in order to obtain precise and accurate 
results. The design and in-silico evaluation of new assays is not the subject of this chapter.  More 
information on this topic can be found in Chapters 4 and 5. Once new assays have been ordered 
they need to be empirically tested in a pilot experiment, which requires three kinds of quality 
control: specificity determined by melt curve analysis (when using a double-stranded DNA specific 
binding dye), specificity determined by product size analysis and amplification efficiency calculated 
from a dilution series (also called standard curve). Importantly, commercially purchased pre-
designed assays should also undergo this empirical quality control to demonstrate performance in 
your laboratory setting. 
Melt curve analysis (Figure 1) is possible if an intercalating dye such as SYBR Green I is used to 
monitor the qPCR reaction and a melt step is included after the amplification process in the qPCR 
program. A good assay should reveal a single peak in the plot depicting the negative first derivative 
of fluorescence over temperature (-dF/dT) while additional peaks usually indicate the presence of 
non-specific amplification products. A lower more flattened peak typically points to primer dimer 
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formation and in some rare events a single specific PCR product may show two peaks as a result of 
a non-random distribution of GC content across the amplicon, especially if a long amplicon is 
melted. 

Confidence in assay specificity can be increased by performing a one-time only product size 
analysis. This is typically done using agarose gel electrophoresis but recently more convenient, 
microfluidic based alternatives (such as Caliper's LabChip GX and Shimadzu's MultiNA) have 
become available. Specific assays should show a single band (peak) in such analyses. 

Although alternatives are being investigated (Ruijter et al., 2009; Rutledge and Stewart, 2008; Zhao 
and Fernald, 2005), dilution series are still the gold standard for assessment of amplification 
efficiencies. A detailed protocol for the creation of proper dilution series can be found at 
http://medgen.ugent.be/CMGG/onderzoek.php?topic_id=11. A typical dilution series contains six 4-
fold dilution points for a representative reference sample (e.g. a mixture of all samples to be 
analyzed), and a no-template control.  The (relative) quantities and corresponding Cq values are 
used to create a standard curve in which Cq values are plotted against log transformed quantities 
and a linear trend line is fit to the data. Consequently, the slope of the trendline is used to estimate 
the PCR efficiency. An optimal efficiency (100%), reflecting a doubling of the PCR product each 
cycle, is characterized by a slope of -3.32. In general, assays with amplification efficiencies 
between 90% and 110% are considered as acceptable. The R² and the error on the estimated 
amplification efficiency can be used to evaluate the quality of the efficiency determination (Fig 2). 
The mathematical formulas to determine amplification efficiencies and their corresponding errors 
have been described by Hellemans et al.(Hellemans et al., 2007).  Most qPCR instrument software 
packages include basic tools to calculate efficiency values from standard curves and a 
comprehensive analysis of the PCR efficiency including the error on the estimated efficiency is 
available in Biogazelle's qbasePLUS software (http://www.qbaseplus.com). 
Good assays should pass all three types of QC, i.e. have a single melt peak, a unique band of the 
expected size and an amplification efficiency in the 90% - 110% range. Assay QC is best to be 
repeated whenever experiment conditions are modified or a fresh batch of primers is ordered.  
Experimental conditions are known to have an effect on specificity, whereas the oligonucleotide 
provider appears to affect amplification efficiency (S. Derveaux, unpublished) 

 Reference gene selection 
It is generally recognized that reliable expression results can only be obtained if multiple stably 
expressed reference genes are used to normalize the data. Identification of the best set of reference 
genes is typically done in a pilot geNorm experiment (Vandesompele et al., 2002).  In such an 
experiment a number of candidate reference genes (typically 10) are measured in a representative 
set of samples. The candidate reference genes should not contain genes that are co-regulated (e.g. 
genes from the same pathway or members of the same gene family) because such genes may falsely 
appear to be stably expressed. If you plan to analyze different groups of samples (e.g. patient vs 
control, or treated vs untreated), you should have an equal representation of samples from all groups 
to avoid a bias towards reference genes that are stably expressed in the largest group, but not really 
stable in samples of the other groups. A reliable selection of reference genes can only be made on a 
sufficiently large set of representative test samples. As a guide, 10 samples are sufficient if no 
clearly distinct groups are present whereas 12 samples are required if 3 sample groups can be 
recognized (3 x 4 samples). 
A geNorm analysis requires a table with relative quantities (RQ, see below for calculation details) 
for all sample – target combinations as input. This table should have sample names as row headers, 
target names as column headers, an empty 'A1' cell and no missing RQ values and the file should be 
imported into the geNorm package, which can be freely downloaded from 
(http://medgen.ugent.be/~jvdesomp/genorm/), before starting the analysis.  Alternatively the raw Cq 
values can be input from your qPCR experiment into qbasePLUS for fully automated analysis and 
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interpretation based on an enhanced geNorm algorithm. In a geNorm analysis, two types of graphs 
are generated.  The first graph (fig 3a) ranks the candidate reference genes according to their 
expression stability in the tested samples. Genes with variable expression (high geNorm M stability 
measure) are found on the left, the most stably expressed genes (low M value) are located on the 
right side. The best 2 reference genes cannot be separated because a geNorm stability analysis 
requires at least 2 genes.  The second graph (fig 3b) can be used to determine the minimum number 
of reference genes that are required for reliable normalization. Starting with the two best reference 
genes, additional genes should be added to the selection until the V-value drops below 0.15 
(Vandesompele et al., 2002). 

 Determination of the statistical power 
The objective of a gene expression experiment is to draw a clear-cut conclusion based on the 
results. This is only possible if the statistical test yielded a p-value < 0.05 (significant difference) or 
a p-value > 0.05 with a sufficient 'power' to find a significant difference if there was one. Typically, 
at least 80% power is required (the higher the power, the higher the chance of finding a significant 
difference if there is one). Determination of the power of an experiment is done in a so-called power 
analysis experiment; based on the observed variance and magnitude of differential expression, the 
minimal sample size is calculated to ensure that statistical significance is reached if there is indeed a 
true difference with a minimal expected magnitude. There are many free software tools online1,2 
(URLs) to perform a power analysis. The required input info is the accepted false positive rate 
(alpha value, typically 0.05), the observed variance (standard deviation), the minimal fold change 
you want to see (typically 2-fold) and the power level (typically between 80% and 99%).  
Importantly, a power analysis should be performed before the final experiment; it is completely 
useless to do power analysis on the final experiment, Also, beware of an 'overpowered' study; when 
the sample size is large enough you can always find a significant (small) difference, but this is often 
biologically or clinically irrelevant. Finally, for reasons explained later, all input parameters 
(expected minimal difference and standard deviation) should be on the log scale. 
 
1 http://biostatistics.mdanderson.org/SoftwareDownload/SingleSoftware.aspx?Software_Id=41 
2 http://www.cs.uiowa.edu/~rlenth/Power/  

 The quantification model 
Any quantification model is based on raw quantification cycle (Cq) values, which can be 
determined by two different algorithms. The baseline/threshold method first defines the baseline 
cycle range below which amplification does not occur and then uses a multiple of the standard 
deviation of the noise levels in the baseline to establish a threshold line which, upon crossing the 
amplification curves, generates Cq values. Other methods are based on identification of a unique 
point in the sigmoidal amplification curve (e.g. the first maximum of the second derivative of the 
fluorescence over time; these curve shape based methods are generally more objective and less 
sensitive to user based interpretation of the data. In our hands, they also result in smaller standard 
deviation of the PCR replicates). 
Different quantification models for relative quantification have been proposed since the invention 
of the qPCR technology (Higuchi et al., 1993). The first model, known as the delta-delta-Cq method 
(equation 1, formerly know as 2^delta-delta-Ct), is still very popular despite its known limitations: 
normalization with a single reference gene only and assuming 100% amplification efficiency 
(doubling in PCR product amount in every cycle, base of exponential amplification = 2) for both the 
gene of interest and the reference gene (Livak and Schmittgen, 2001).  An improved quantification 
model (equation 2) taking gene specific amplification efficiencies into account was developed soon 
afterwards by Pfaffl (Pfaffl, 2001). A universally applicable quantification model (equation 3) with 
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multi-gene normalization possibilities was finally described in detail in 2007 (Hellemans et al., 
2007). This publication includes full mathematical details and a corresponding error propagation 
approach. The qbase quantification model is not fundamentally different from its predecessors as it 
can be simplified to the Pfaffl model if a single reference gene is used, and to the delta-delta-Cq 
model if also 100% amplification is assumed. 

The polymerase chain reaction is an exponential process whereby the specifically amplified product 
ideally doubles each cycle. The Cq values derived from the amplification plot are logarithmic 
values that need to be converted into linear relative quantities (RQ), the exponential function that 
transforms delta-Cq values into RQ values is given in equation 4. In this formula, delta-Cq is 
defined as the difference between a reference Cq value (Cq value of a calibrator sample (e.g. 
untreated control), or preferably the average Cq across all samples to minimize overall errors if 
error propagation is done (Hellemans et al., 2007)) and the Cq value for the sample of interest. If 
repeated qPCR measurements are included in the experiment, Cq values may be replaced by 
average Cq values. 
 It is important to realize that the calculated relative quantities represent the measured difference 
between samples and not necessarily the differences in gene expression level between samples 
because experimentally induced variations also contribute to the observed difference (fig 4). Such 
variations include both differences in cDNA reaction input amounts as well as the often-
underestimated run-to-run variation that occurs if measurements for a given assay are spread across 
multiple runs. Both types of variation can be corrected for, provided that appropriate controls are 
included in the experiment. 

The variation in cDNA input amount is corrected for by means of a normalization procedure 
(equation 5, step 1 in fig 4). Normalized relative quantities (NRQ), reflecting gene expression 
differences (and possibly technical run-to-run variation) are obtained by dividing RQ values by a 
sample specific normalization factor (NF), determination of which is dependent upon the 
experiment setup. Traditionally, this normalization factor equals the relative quantity of a single 
reference gene in that sample.  If multiple reference genes are included in the experiment, the NF is 
defined as the geometric mean of the RQ values for all reference genes measured in that sample 
(Vandesompele et al., 2002). Therefore, both approaches require the inclusion of at least one, but 
preferably multiple validated reference genes. As recently proposed, normalization factors may also 
be based on the RQ values for all genes, provided that the screened set of genes is sufficiently large 
and not biased towards a specific pathway or a set of genes that have been implicated in a related 
condition (Mestdagh et al., 2009). 

Although technical run-to-run variation can often be avoided by using the preferred sample 
maximization approach (Hellemans et al., 2007) or by using a sufficiently large measurement 
platforms (e.g. a 384-well instead of a 96-well instrument), it still may be part of the observed 
variation in some experiments. This type of variation can be minimized by standardizing the 
operating procedure as much as possible (e.g. using the same reagents and Cq determination 
method, to name a few). However without the inclusion of one (or preferably more) inter-run 
calibrator(s) (IRC, i.e. a given sample measured in all runs for all genes) one cannot determine 
whether the variation is acceptably low. The inclusion of IRC samples in all runs (and for each 
gene) allows a calibration factor (CF) to be determined for every gene-run combination. This CF is 
defined as the geometric mean of the NRQ values of all the IRCs in a given gene-run combination, 
and allows NRQ values to be converted into calibrated normalized relative quantities (CNRQ) 
(equation 6, step 2 in fig 4).  By then, all the experimentally induced variation has been corrected 
for and the obtained CNRQ values truly represent the differences in gene expression. 
The equations in this chapter are represented in simplified form, full mathematical details have been 
described elsewhere (Hellemans et al., 2007). The correct calculation of CNRQ values, along with 
proper error propagation of all the contributing errors is non trivial and time-consuming when 
performed manually in a spreadsheet. Most qPCR instrument software packages include basic 
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analysis tools but usually fail in some of the aspects described above (e.g. multi-gene normalization, 
correction for run-to-run variation or proper error propagation).  Professional qPCR data analysis 
software packages such as qbasePLUS (http://www.qbaseplus.com) offer the entire range of 
quantification tools, irrespective of the instrument that has been used to generate the Cq values. In 
addition to this, a set of important quality controls (see below) are included to ensure the highest 
quality of results by excluding bad repeated measures or non-stably expressed reference genes. 

 Data quality control 
Data quality control (QC) is an essential aspect of qPCR experiments, not only in the pre-analytical 
steps (sample and assay QC) but also during the data analysis phase. A first type of quality control 
is the inspection of melt curves for all measurements to verify that assays have the same specificity 
as determined initially in the pilot experiment.  Additional types of QC inspect Cq values (controls 
and replicates) or intermediate results (reference gene stability or consistency of inter-run 
calibrators).  

Several types of controls can be included in an experiment.  The most widely used control is the so 
called no template control (NTC), a reaction to which no (c)DNA has been added, serving as a 
control for contamination.  An NTC should be included for every assay and every time a new run is 
setup. Ideally, NTCs should not result in any amplification and, as a result, have no Cq value. 
However, observing a Cq value for a no template control does not necessarily mean that the results 
for that assay should be discarded. If the difference in Cq value between the NTC and the sample 
with the lowest expression (highest Cq value) is sufficiently large (e.g. > 5 cycles), the level of 
potential contamination can be neglected (only 2^-5 or about 3% for a 5 cycles difference). The 
same reasoning can be applied to all other types of negative controls such as the no amplification 
and the so-called minus-RT control (used to assess genomic co-amplification). Positive controls on 
the other hand should have a clear Cq value, preferably within a predetermined Cq interval. 
PCR replicates may improve accuracy, but are mainly included to detect aberrant reactions that 
result in outlying Cq values and incorrect estimation of relative expression levels. With 3 or more 
PCR replicates, outliers can be detected and excluded from further calculations but very often only 
2 repeated measurements are included in a study. This is sufficient to evaluate the overall quality of 
the measurements and allows the identification of bad replicates. Replicate QC is then based on the 
evaluation of the difference in Cq value between the replicates with the highest and lowest Cq 
values. A threshold for the maximum allowed difference in Cq value between the PCR replicates 
(typically 0.5 cycles (corresponds to a standard deviation of 0.35), preferably 0.3 cycles for 
experiments in which small differences in expression are expected) can be used to evaluate which 
and how many repeated measurements pass this QC. Software solutions such as qbasePLUS are 
convenient in that they provide users with a summary of the overall quality of PCR replicates, and 
flag those that fail this quality control. There are different ways to deal with bad duplicates: 1) 
exclude both measurements because they can't be trusted, 2) keep both measurements, 
acknowledging that there will be a higher uncertainty on the results (reflected by larger error bars), 
or 3) remove one of the replicates.  The latter approach can only be used if there is additional 
information pinpointing the bad replicate, e.g. a known pipetting error, abnormal melting curve or 
an abnormally high Cq value for that assay. 

In addition to performing a pilot experiment in which the best set of reference genes is determined 
by means of a geNorm analysis, it is good practice to re-evaluate the stability of the selected 
reference genes in the actual experiment. One or more of the included reference genes may appear 
to be no longer stably expressed due to (for example) modifications in experimental procedures or 
the inclusion of samples with a deviating gene expression profile. Two types of stability parameters 
have been proposed (Hellemans et al., 2007): the geNorm M value on the relative quantities and the 
coefficient of variation (CV) on the normalized relative quantities of a reference gene.  Lower 
values for these parameters indicate more stably expressed reference genes. Reference values for 
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acceptable reference gene stability measures are given in table 1. If all reference genes are of poor 
quality (high M and CV values), one should repeat the geNorm pilot experiment on a representative 
set of samples to find reference genes that are sufficiently stably expressed. In situations where only 
one out of three or more reference genes has substantial higher M and CV values than the proposed 
reference values, the inappropriate reference gene should be excluded from the normalization 
procedures. As explained in the original geNorm paper, there is a trade-off between cost-
effectiveness (fewer reference genes) and accuracy (more reference genes). The program calculates 
the minimal number of genes required for reliable normalization. 

 Statistics 
It is beyond the scope of this chapter to review all statistical tests to determine significance of a 
difference in gene expression between 2 or more groups, to identify a diagnostic or prognostic RNA 
marker with high confidence, to find correlations between gene expression patterns or samples, or 
to identify relevant pathways or new sample subgroups. However, a few important points can be 
considered.  
First, it is good practice to log transform the final gene expression results (i.e. the (calibrated) 
normalized relative quantities), in order to make the data distribution symmetrical (as gene 
expression data is often log normally distributed) (Figure 5). Together with the Central Limit 
Theorem, this allows the use of parametric statistical tests and calculations that rely on a 
distribution that resembles a normal distribution (e.g. classic t-test, confidence intervals, Analysis 
Of Variance) (Motulski, H. Intuitive biostatistics; Oxford University Press: 1995).  
Secondly, independent biological replicates are required to draw meaningful and reliable 
conclusions. The minimum number of such biological replicates depends on the statistical test and 
on the power one wants to achieve (e.g. for confidence interval analysis, at least 3 replicates are 
needed, for a non-parametric paired test (Wilcoxon signed-rank test), at least 6 pairs are needed). It 
must be clear that statistics on repeated measurements (e.g. PCR replicates) are absolutely 
nonsense, as only technical variation is measured.  
Third, the statistical test should be selected prior to doing the actual experiment, whereby the choice 
is based on the question that needs to be addressed, the number of data points, and the distribution 
of the data. If in doubt, a (bio)statistician should be consulted. Table 2 provides an overview of 
basic statistical tests to assess the significance of differential gene expression. More than 10 years 
of experience shows us that the majority of gene expression questions can be addressed by the tests 
in Table 2. Three steps need to be taken to select the proper test are: 1) log transform the data (see 
above), 2) evaluate whether a paired test is needed, and 3) assess the distribution of the population 
and select the corresponding test. Pairing is needed when the value of one subject in the first group 
is expected to be more similar to a particular subject in the second group (e.g. measurements before 
and after an intervention). The choice between a parametric or non-parametric test is the most 
difficult one, but less important when the sample size is large (e.g. > 20 data points per group): the 
central limit theorem allows use of parametric tests, even if the population is non-Gaussian; non-
parametric tests work well with large samples from Gaussian populations. For small groups, one 
cannot rely on the central limit theorem: the p-value might be inaccurate for data from non-
Gaussian populations and non-parametric tests on data from Gaussian populations tend to result in 
too high p-values (these tests lack statistical power). When dealing with small groups, try to 
increase the sample size. If this does not work, then it's better to be safe than sorry. Many bio-
statisticians prefer to be conservative: statistical significance obtained by a non-parametric method 
is likely to represent a true difference (type I error (false positive rate) is lower, but type II error 
(false negative rate) is higher). In conclusion, selecting a non-parametric test is always a good and 
safe choice.  

Fourth, important to realize is that the generally accepted threshold (alpha value or type I error) of 
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0.05 to designate statistical significance is only relevant when applying only one statistical test, to 
verify one hypothesis only. As soon as you need to test multiple hypothesis (e.g. assessing the 
differential expression of more than 1 target), the accepted threshold of 0.05 should be modified. In 
simple words, the more tests you run, the lower the threshold should be to keep the false positive 
rate under control. When 10 independent hypotheses are tested, there is a 40% probability of one or 
more p-values being less than 0.05 by chance (false positives). According to the conservative Šidák 
method for multiple testing correction, a threshold of 0.0051 (1-(1-0.05)^(1/10)) should be used to 
identify significant changes with a false positive rate of 5%. Less conservative methods (i.e. 
resulting in fewer false negatives) have been developed and are successfully being used (e.g. 
Benjamini-Hoghberg, 1995). 
Fifth, if the data speak for itself, then let it do so. Sometimes, the difference is so striking or obvious 
that there is no need to perform a statistical test. 

 Reporting 
A valuable tool to evaluate the procedures applied to a qPCR experiment is the MIQE checklist 
(http://www.rdml.org/miqe.php).  This checklist is part of the Minimum Information for Publication 
of Quantitative Real-Time PCR Experiments (MIQE) guidelines that have been developed to 
provide authors, reviewers and editors specifications for the minimum information that must be 
reported for a qPCR experiment in order to ensure its relevance, accuracy, correct interpretation and 
repeatability (Bustin et al., 2009).  The benefit for the researcher is that adherence to these 
guidelines, including important sections on validation and data analysis, may help avoid stepping in 
to any of the pitfalls of qPCR experiments and guarantee the highest quality of data possible. 

The last item on the MIQE checklist is the submission of the unprocessed data (Cq values with or 
without fluorescence based amplification curves) using the RDML format. The Real-time PCR 
Data Markup Language (RDML) is a recently developed universal standard for the straightforward 
exchange of qPCR data between different users and different software packages, and for the 
submission of data along with a publication (e.g. as supplemental file) or into public data 
repositories (Lefever et al., 2009).  Compatibility with RDML is built in qbasePLUS as of version 
1,2 and is expected to be implemented in most qPCR instrument software in the near future. This 
evolution will greatly facilitate data processing and collaboration between researchers operating 
different qPCR machines. 
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 Tables 
Table 1: reference values for reference gene QC 

 M CV 
Homogeneous sample set 
e.g. cultures of the same cell type, blood from 
healthy individuals 

0.5 25% 

Heterogeneous sample set 
e.g. combination of different cell types, cancer 
biopsies 

1 50% 

 

Table 2: lookup table for statistical tests 
 

goal type of data 

 measurement from Gaussian 
population 

rank, score or measurement 
from non-Gaussian 
population 

compare 2 paired groups unpaired t-test Mann-Whitney test 
compare 2 unpaired groups paired t-test Wilcoxon test 
compare 3 or more unmatched groups one-way Anova Kruskal-Wallis test 
quantify association between variables Pearson correlation Spearman correlation 
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 Figures 

 
Figure 1: Melt curve analysis.  The upper plot reveals a unique melt peak, suggestive for specific 
amplification.  The plot at the bottom contains two clearly distinct melt peaks, indicative for non-
specific amplification. 

 

 

Figure 2: Typical standard curve obtained from a 6-point 4-fold dilution series for an assay with a 
good amplification efficiency (E=1.953 (base of exponential function), efficiency=95.3%) as 
calculated by qbasePLUS. A high correlation coefficient (r²=0.999) and low error on the estimated 
efficiency (SE(E)=0.3%) indicate a high quality standard curve from which reliable efficiency 
estimations can be drawn. 

Figure 1 

Figure 2 
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Figure 3: Outcome of a geNorm analysis on a heterogeneous cancer biopsy sample set. M values 
(line graph on top) for candidate reference genes start out rather high (~1.07 for B2M at the left), 
then gradually drop towards the more stably expressed genes at the right (GAPDH & HPRT1 with 
an M value of approximately 0.65). The analysis of V values (bar chart at the bottom) indicates that 
4 reference genes are minimally required for optimal normalization in this heterogeneous sample set 
(V4/5 is below 0.15, indicating that there is not need to include a 5th gene in the normalization 
factor). 
 

Figure 3 
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Figure 4: Calculation workflow. Identical relative quantities (RQ) of a given target between two 
samples (A and B) do not necessarily imply equal expression levels of the measured target by the 
applied assay. Differences in final cDNA concentration (represented by a different hue) or technical 
run-to-run variation (represented by a variable width) may obscure the picture of true differential 
expression. The normalization procedure removes the variation resulting from the use of different 
cDNA concentrations, thus yielding normalized relative quantities (NRQ) in which the expression 
level is only affected by possible run-to-run variation. This remaining variation can be removed by 
calibrating NRQs into calibrated normalized relative quantities (CNRQ) that truly reflect the 
differences in gene expression between the two samples. From a mathematical perspective 
normalization and inter-run calibration are equivalent procedures and are effected by division by a 
normalization factor (NF, geometric mean of reference gene NRQ values) or a calibration factor 
(CF, geometric mean of IRC sample NRQ values), respectively. 
 

 
 

 

Figure 4 
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Figure 5: The left panel shows the NRQ value of a target gene for 3 samples (A, B and C) in linear 
scale. While sample A has a 2-times lower expression compared to sample B, sample C has a 2-fold 
higher expression compared to sample B. Doing relative quantification, we understand that sample 
A is as different from sample B as is sample C (i.e. a 2-fold difference), However, in linear scale, 
sample C appears more distant (1 unit) from sample B as does sample A (0.5 units). This creates a 
problem when using a statistical test (e.g. t-test) that relies on the absolute difference. A simple 
workaround is to log transform the data (here base-2 logarithm, but any base is fine). In the right 
panel, sample C and A are equally distant from sample B (i.e. 1 base-2 log unit). Please note that 
specific error propagation rules are required to go from error bar values in linear scale to error bars 
on the log transformed bars (formulas in (Hellemans et al., 2007)) 
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