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Abstract Digital polymerase chain reaction (digital PCR,
dPCR) is a direct nucleic acid quantification method, thus
requiring no standard curves unlike quantitative real-time
PCR (qPCR). Nevertheless, evaluation of the linear dynamic
range, accuracy, and precision of an assay or platform is recommended, as there are several potential causes of important non-linearity, bias, and imprecision. Ignoring these
quality issues may lead to erroneous quantification. This
necessitates an approach akin to the construction of standard
curves. We study the pitfalls associated with the evaluation of
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such an experiment, and provide guidelines for the assessment of linearity, accuracy, and precision in dPCR experiments. We present simulation results and a case study
supporting the importance of a thorough evaluation. Further,
typically presented plots and statistics may not reveal problems
with linearity, accuracy, or precision. We find that a robust
weighted least-squares approach is highly advisable, yet
may also suffer from an inflated false-positive rate. The
proposed assessments are also applicable to other analyses,
such as the comparison of results obtained from qPCR and
dPCR. A web tool for quality evaluation, dPCalibRate, is
available.
Keywords Digital PCR · Quality control · Linearity ·
Accuracy · Precision
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Quantitative real-time polymerase chain reaction (qPCR)
for the quantification of nucleic acids has become a mainstream technique since its conception over two decades ago
[1]. Currently, a lot of interest is directed at an alternative nucleic acid quantification method termed digital PCR
(dPCR) [2]. Its many potential advantages such as its simplicity, precision, and sensitivity is steadily turning dPCR
into an appealing method for many researchers across a
multitude of medical and life sciences disciplines [3–7].
A common application is that of quantifying the amount
of nucleic acid in a sample with unknown concentration.
For qPCR, this problem is typically tackled by constructing a standard or calibration curve as obtained from a series
of dilutions of a source with a known concentration of
nucleic acid. From the calibration curve, the concentration
of the unknown samples can then be estimated. Further, key
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quality control parameters such as the efficiency of the PCR
or the R2 of the linear fit can be determined. Reporting of
these parameters is considered essential by the MIQE guidelines to allow a correct interpretation of PCR results [8].
The calibration curve can also be used to determine the linear dynamic range of the assay, i.e., the range in which the
results can be suitably described by a linear model.
Because dPCR is a direct quantification method, a calibration curve is not strictly required to estimate the concentration of an unknown sample. Nevertheless, a calibration
curve can (and should) still be used to determine, for example, the linear dynamic range, accuracy, and precision of
a dPCR assay or platform [9, 10]. Nonlinearities, lack of
accuracy, and imprecision of an assay or platform may invalidate the concentration estimates. In any case, it provides the
researcher with more information on the assay or platform
under consideration [10].
A common misconception in the evaluation of such
experiments is that high R2 values are taken to be proof for
good linearity, or as a proof of a dynamic range spanning the
concentrations used to construct the calibration curve (e.g.,
[6, 11–13], among many others). As we will show, this is a
logical fallacy: it is perfectly possible to obtain high R2 values in the presence of a serious deviation from linearity. This
fallacy may lead to a false sense of security and/or wrongful
conclusions. Consequently, it is of importance that linearity
is thoroughly investigated and the results clearly reported.
To address this problem, we will describe additional qualitycontrol procedures, some of which may be widely known
but are very rarely reported. We will argue that it is essential
that these are detailed to allow suitable scientific scrutiny.
Moreover, accuracy of the results is often not thoroughly
studied nor extensively discussed (e.g., [9, 11], among many
others). If quantification by dPCR is accurate, it is expected
that the observed concentration (i.e., the output concentration, as measured by the dPCR instrument) is equal to the
expected concentration (i.e., the input concentration with
known concentration such as a certified reference material or international standard). There are several reasons
why dPCR may not be accurate, especially at high concentrations, including, but not limited to, sample or assay
dependent parameters such as amplification inhibition and
platform dependent parameters such as volume variability [7].
Finally, the measurement uncertainty is often not studied
(e.g., [9, 11], among many others), while it is of paramount
importance when determining the practical use of these
measurements, especially at very high or low concentrations
as this is where problematically large variability tends to occur.
It is important that researchers and reviewers are aware
of the pitfalls accompanying assessment of linearity, accuracy, and precision. Ignoring these may invalidate research
findings [14, 15].

In this paper, we show that substantial bias may lead to
what are typically considered sufficiently high R2 values. We
show that, perhaps surprisingly, a bias at more than one dilution
level may lead to a higher R2 value than a bias at a single
dilution level. We demonstrate that commonly used plots
for visual inspection of the linear curve can be misleading,
and suggest some alternative visualizations. Furthermore, we
highlight the importance of inspecting the residuals from the
model fit and what to look out for. We study several statistical
tests and procedures that may allow to detect deviation from
linearity. We detail a qualitative and quantitative method to
assess accuracy and comment on the importance of precision assessment. Finally, by reanalyzing publicly available
dPCR data, we show that relying solely on R2 values and
visual inspection may indeed obscure potential issues.
Throughout these sections, we will compare the use of an
ordinary least-squares and a robust weighted least-squares
approach for calculating the linear fit, and show the superiority of the latter. At the same time, we highlight the
lesser-known, and thus frequently disregarded, inflated type
I error rate of the (robust) weighted least-squares approach.

Materials and methods
Data and data simulation
We obtained concentrations from an HIV genome fragment
dilution series from a publicly available source [9]. The aim
of the experiment was to determine the dynamic range of
an HIV assay on the RainDance RainDrop dPCR platform.
The dilution series consists of seven ten-fold dilutions. At
each of these dilution levels, estimated concentrations of
five replicates are available. These measurements were used
to set up a simulation experiment.
For each of the seven dilution levels, we calculated the
sample variance of the five observed concentrations at a
given dilution point. The expected concentrations and the
sample variances observed at those concentrations may then
serve as a model from which dilution series data can be
generated. We assume a normal distribution at each of the
dilution levels. Additional information is given in Electronic
Supplementary Material 1 (ESM1), Section 1.
We simulated dilution series data as follows: there are
seven dilution points, each dilution being a tenfold dilution from the previous dilution concentration. For each
of these dilution levels, we generated a given number of
replicates, depending on the scenario (see further). As the
true data-generating mechanism is known, we can assess
the performance of various approaches using Monte Carlo
simulations. Each of the Monte Carlo simulation studies
involved 10,000 simulation runs.
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Calibration curve fitting
Throughout all assessments, we fitted calibration curves
in two different ways. We obtained a first fit using the
(arguably) most commonly used method: ordinary least
squares. The second fit is obtained using a robust weighted
least-squares approach. This latter approach is a multi-step
procedure, motivated by research on heteroscedastic linear models, i.e., linear models for which the variability
of the dependent variable depends on the value(s) of the
independent variable(s) [16–19]. First, we fitted a weighted
least-squares model with weights estimated as the inverse
of the sample variance at the given dilution level. Subsequently, we performed inference using HC3-type robust
covariance estimators [17, 19]. Our simulation results show
that this latter method is best at retaining a correct type I
error rate. Additional information is given in ESM1, Section 2.
Scenarios
Impact of bias on R 2
In a first experiment, we aimed to assess the impact of different downward biases on the value of the R2 statistic,
and to compare the R2 values as obtained from a robust
weighted least-squares fit versus an ordinary least-squares
fit. We generated five replicates at each of the seven dilution
levels. To mimic scenarios where biases occur at the highest concentration levels, we consider five scenarios: (i) no
bias at any concentration level, (ii) a single bias of 10% at
the highest concentration level, (iii) a single bias of 20% at
the highest concentration level, (iv) a double bias where the
highest concentration level has a bias of 20% and the second highest level a bias of 10%, and (v) a double bias where
both the highest and second highest concentration level have
a bias of 20%. We subsequently calculated R2 values from
linear models fitted with both ordinary least squares and
robust weighted least squares. We then compared R2 values from both approaches and under the different simulation
scenarios w.r.t. discriminatory power: can we use R2 values
effectively to establish a deviation from linearity and if so,
under what circumstances?

the log-transformed observed concentration as a function
of the log-transformed expected concentration, along with
the fit of an ordinary least-squares simple linear regression
model, (ii) a plot displaying those same quantities, but with
a 10% bias at the highest concentration level and (iii) a
plot displaying the biased data, but with a robust weighted
least-squares fit.
We furthermore constructed plots displaying the observed
and fitted concentrations for each of the concentration levels
separately, for both the biased and unbiased scenario. We
generated a table displaying the signs of the residuals from
the robust weighted least-squares models fitted to both the
unbiased and the biased data.
Linearity: quantitative assessment
We generated data with the same biases as outlined for
the assessment of R2 values, but with numbers of replicates ranging from 2 until 8. We fitted models with both
the expected concentration as well as the squared expected
concentration as predictors (i.e., a quadratic model) and
using both ordinary least squares and robust weighted least
squares. Finally, we compare the p value for the quadratic
term to a 5% level of significance. This allows us to assess
the type I error rate (false-positive rate): in the absence of
any bias, we expect the type I error rate to be controlled at
the 5% significance level. We may also calculate power to
detect a deviation from linearity (i.e., a quadratic coefficient
that is significantly different from zero) for the scenarios
where a bias was introduced.
We generated data in the same way to assess the type I
error rate and power for the Wald–Wolfowitz runs test [20]
(as implemented in the randtests R package version 1.0)
and the frequency within a block test [21], relying on the
residuals of a simple linear regression model to assess the
randomness of the residuals. We performed these assessments using both ordinary least squares and robust weighted
least squares.
In a fourth and last assessment, we performed an Ftest for lack of fit [22], and for both ordinary and robust
weighted least-squares fits.
Direct quantification accuracy

Linearity: qualitative assessment
We generated a single calibration curve (five replicates,
seven dilution levels) with no deviation from linearity (no
bias at any concentration level). Next, we plotted both the
original calibration curve and that same calibration curve
but with an introduction of a 10% bias at the highest concentration level in multiple ways. We constructed three
types of plots: (i) a plot displaying the unbiased data, with

We generated data for all seven dilutions levels, with the
number of replicates ranging from 2 until 8. We generated
data in three ways: (i) without bias, (ii) with a bias of 5%
for all dilution levels, and (iii) with a bias of 10% for all
dilution levels, i.e., with an expected slope of 1, 0.95, and
0.9, respectively. We subsequently calculated the type I error
rate and power to detect a slope different from one for all
scenarios.
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To allow a qualitative assessment of accuracy, we constructed plots displaying the observed concentrations and
the expected concentration for each of the concentration levels. To construct the calibration curves, we generated data as
before, with five replicates at seven dilution levels and with
a 10% bias at the highest concentration level.
Direct quantification precision
We evaluated precision in terms of the coefficient of variation by generating data for a given dilution level, with the
number of replicates ranging from 2 until 8. For each Monte
Carlo simulation run, we calculated the coefficient of variation (CV, estimated as the sample standard deviation divided
by the sample mean). Eventually, we normalized the CVs
by dividing by the true data-generating coefficient of variation. The result is indicatory of the (relative) bias and the
variability of the precision estimate.
Software
We performed all simulations using R version 3.3.2,
including the packages sandwich version 2.3-4, lmtest
version 0.9-35 and randtest version 1.0. Our R code is
available at https://github.com/CenterForStatistics-UGent/
dPCalibRate.

Results and discussion
We considered multiple scenarios to study the performance
of several approaches aiming to assess linearity, accuracy,
and precision. A scenario without any deviation from linearity or accuracy was included, as well as several scenarios
where we introduced biases. More specifically, we introduced a single bias at the highest concentration level, or a
double bias, at the two highest concentration levels. These
bias-scenarios correspond to non-linearities and inaccuracies that are likely to occur in a typical dPCR experiment.
Too high DNA concentrations may hinder the PCR reaction,
for example due to high concentrations of inhibitors [23].
High DNA concentrations may also lead to underestimation
as a consequence of e.g., volume variability [24, 25].
While these scenarios represent only a subset of cases
that do not show good linearity and/or accuracy, they serve
to demonstrate that the currently reported assessments in the
dPCR literature are unsatisfactory.
High R2 values do not imply good linearity
Figure 1 displays the distributions of R2 values obtained
from a set of simulations of dPCR dilution series data without bias and with varying degrees of bias. The R2 values for

ordinary least squares under different scenarios are all very
high, with a large majority of R2 values above 0.995. This
immediately indicates that ordinary least squares R2 may be
inadequate to detect deviations from linearity and that alternative measures may be required: as in qPCR, R2 values of
0.985-0.99 and higher are generally considered sufficiently
high to indicate linearity in dPCR experiments [26–28].
Yet, even in the severely biased scenarios, high R2 values
around and above 0.985–0.99 may be obtained. This finding
is partially alleviated when using a robust weighted leastsquares approach, but still a large majority of R2 values in
the bias-scenarios are larger than 0.985 (Fig. 1b).
Figure 1a furthermore indicates that higher R2 values
may be obtained when a bias is present at more than one
dilution level. Indeed, R2 values are lowest when there is
a single bias of 20% at the highest concentration, but R2
values shift closer to 1 when biases are present at the second highest concentration level. Perhaps most strikingly,
the best R2 among the considered biased scenarios are
obtained when the two highest concentrations suffer from
the highest biases considered (both 20%), thus confirming
the inadequacy of the R2 measure for the assessment of
linearity. In contrast, when using a robust weighted leastsquares method, lower R2 values typically correspond to
more biased measurements (Fig. 1b). Still, there is significant overlap in the distribution of R2 values for different
scenarios. Consequently, determination of linearity based
on the R2 value of a given experiment is not to be recommended. It is not unlikely that high R2 values may still be
obtained even in the presence of large biases. Reporting of
R2 values alone is thus inadequate to determine linearity.
Especially if the R2 value has been obtained from an ordinary least-squares fit, which is currently common practice in
the dPCR literature, its informativeness is typically limited.
Linearity: qualitative assessments
Qualitative assessments of linearity may be performed in at
least two ways: a visual assessment of the linearity using
suitable plots and an inspection of the residuals obtained
from a linear fit.
Visual assessment may show obvious deviations from
linearity, but the clarity of such deviations depends on
the type of plot constructed. Often, log-log plots are constructed, as they seem to allow an assessment at each of
the dilution levels. Such plots are shown in Fig. 2, panels a-c, and it seems that there is reasonable linearity along
the whole range of dilutions studied, even though the highest concentration in both panel b and c has a bias of 10%.
From such plots it is hard to observe a deviation from linearity as deviations become less pronounced on the log
scale. An assessment of linearity using this type of plot is
unsatisfactory.
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Fig. 1 R2 values as obtained
from data generated under
different scenarios for (a)
ordinary least squares, (b)
robust weighted least squares.
Single bias scenarios introduce a
10 or 20% downward bias at the
highest concentration level.
Double bias scenarios introduce
a 20% downward bias at the
highest concentration level and a
10 or 20% downward bias at the
second highest concentration
level

a

Double bias 20% + 20%
Double bias 20% + 10%
Single bias 20%
Single bias 10%
No bias
0.980

0.985

0.990

R

b

0.980

A clearer visualization of deviation from linearity is
obtained by zooming in on the individual dilution levels of
the plots, as exemplified in Fig. 3: in case of no bias, points
are randomly scattered around the estimate obtained from
the regression line (panel a), while there are clear patterns
in case of deviation from linearity (panel b).
This plot is similar to an assessment of the residuals, but a
typical residuals plot is not useful in the case of PCR experiments: due to the large dynamic range and heteroscedasticity, the residuals at low concentrations are dwarfed by those
at high concentrations, making inspection of the residuals at
low concentrations cumbersome. However, it remains possible to inspect the signs of the residuals, which should not
display obvious patterns such as long sequences of positive
or negative residuals. An example of sign inspection is given
in Table 1 for an unbiased dilution curve and a biased dilution curve (10% bias at the highest concentration level). For
the latter scenario it is apparent that the signs display a clear
pattern, i.e., long stretches of positive or negative residuals,
in the biased scenario. Note that there is no natural ordering of signs within a given concentration level, which may
affect the sequences of positive or negative residuals.

0.985

0.990

1e+05

1e+03

1e+05

1.000

There are several quantitative ways to assess deviations
from linearity. Firstly, one can model the observed concentration by means of a regression model with a linear
and a quadratic effect term. A coefficient representing
the quadratic term that is significantly different from zero
indicates a deviation from linearity.
Secondly, quantitative assessment may also be done
using a Wald–Wolfowitz runs test on the residuals of the
model [20]. The runs test aims to detect unusual patterns
(stretches of positive or negative residuals, so-called runs)
in the residuals. When linearity is satisfied, it is expected
that there will be an equal number of positive and negative
residuals and that their ordering is completely random, i.e.,
long runs are unlikely to occur. In case of deviation from
linearity, equal numbers of positive and negative residuals
are not necessarily expected, and long runs are more likely
to occur. The runs test allows to statistically determine the
significance of the runs as qualitatively observed in Table 1.
A third quantitative approach is the frequency within a
block test [21]. This test can be used to determine whether
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Linearity: quantitative assessments
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1e+05

1e+07
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Fig. 2 Log-log plots of observed and expected concentrations. a No bias is introduced. b, c A bias of 10% is introduced at the highest
concentration. Panels a and b show an ordinary least-squares fit, and panel c shows a robust weighted least-squares fit

M. Vynck et al.

observed concentration

a

308%
3
08
0
8%

6%
%

5%
5
%

2%
2
%
2%
%

4%
4
%
1%
%

3%
%

0.5%
0
5
5%

154%
54%
4

2%
2
%
1%
%
--1%
1%
1
%

-5%
5%

-0.5%
-0
05
5%

-3%
3%
--2%
2%
2
%

50

--2%
2%
2
%

-6%
6%

-10%
10%
1
0%

500

5000

--1%
1%
1
%

50000

5e+05

5e+06

5e+07

expected concentration

b
observed concentration

Fig. 3 Observed (circles),
average of observed (dashed
line) and fitted (triangles, full
line) values at different
concentrations. Percentages
(gray) indicate the percentage
deviation from the fitted values,
serving to reflect the variability
of individual estimates and
discrepancies between fitted and
average of observed values.
Fitted values were obtained
from a robust weighted
least-squares fit. Note that the
scale of the y-axis is variable
and has been omitted for
compactness. a No bias. b A
bias of 10% is introduced at the
highest concentration
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the signs of the residuals within a block are random, i.e.,
the frequency of positive residuals is equal to the frequency
of negative residuals, or whether either negative or positive residuals are more prevalent than can be explained by
chance, indicating a deviation from linearity within that
block. A block can here be considered as a dilution level.
A fourth quantitative assessment of linearity is an F-test
for lack of fit [22]. This lack of fit assessment consists
of comparing the pure error of the full model (the withindilution level variability) with the total error from a reduced
model (the residual error as obtained from the linear model,
which is a combination of the pure error and error as a consequence of deviation from the linear fit). If the total error
is significantly larger than the pure error, there is evidence
of a deviation from the linear model.
Of note, even if deviations from linearity are present,
these tests may fail to reach significance if there is not
enough statistical power to detect such deviations (e.g., too

few replicates or dilution levels). Table 2 shows the type I
error rate and power for the four different quantitative methods and for data simulated under scenarios with different
biases, for even numbers of replicates ranging from 2 until
8 (full results are available in ESM1, Table 1).
The most apparent conclusion from this simulation is
that this exploration has little value when not using robust
weighted least squares. When using an ordinary leastsquares approach, the power is extremely low, even for some
of the scenarios with major deviations from linearity.
As a consequence of heteroscedasticity, the type I error
rate (false-positive rate) is furthermore not controlled when
using ordinary least squares: depending on the type of
assessment, the type I error rate is either deflated (quadratic
regression approach, F-test for lack of fit) or severely
inflated (runs test, frequency within a block test), with
increasingly undesirable behavior for increasing numbers of
replicates. Thus, even if a runs test and frequency within a

Table 1 Signs of the residuals
in an unbiased (top row) and
biased (bottom row) scenario
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Table 2 Type I error rate (no bias) and power to observe deviation from linearity using an OLS and robust WLS approach and for different biases
and replicate sizes (Rep)
Robust WLS

OLS

Type I

Power

Type I

Power

Rep

No bias

10%

20%

20% + 10%

20% + 20%

No bias

10%

20%

20% + 10%

20% + 20%

Quad

2
4
6
8

0.18
0.10
0.08
0.07

0.82
0.99
1.00
1.00

0.93
1.00
1.00
1.00

0.81
1.00
1.00
1.00

0.40
0.82
0.99
1.00

0.08
0.00
0.00
0.00

0.52
0.55
0.72
0.87

0.89
0.99
1.00
1.00

0.57
0.66
0.83
0.95

0.05
0.00
0.00
0.00

Runs

2
4
6
8

0.03
0.03
0.04
0.04

0.07
0.14
0.21
0.30

0.14
0.34
0.55
0.70

0.30
0.86
0.98
1.00

0.38
0.96
1.00
1.00

0.05
0.55
0.65
0.76

0.00
1.00
1.00
1.00

0.00
1.00
1.00
1.00

0.34
0.95
0.99
1.00

0.15
0.85
0.98
1.00

Freq

2
4
6
8

0.00
0.02
0.01
0.01

0.00
0.22
0.44
0.72

0.00
0.52
0.86
0.98

0.00
0.96
1.00
1.00

0.00
0.99
1.00
1.00

0.00
0.95
0.99
1.00

0.00
1.00
1.00
1.00

0.00
1.00
1.00
1.00

0.00
1.00
1.00
1.00

0.00
1.00
1.00
1.00

LoF

2
4
6
8

0.43
0.20
0.14
0.11

0.35
0.16
0.12
0.10

0.35
0.17
0.12
0.10

1.00
1.00
1.00
1.00

1.00
1.00
1.00
1.00

0.03
0.00
0.00
0.00

0.02
0.00
0.00
0.00

0.02
0.00
0.00
0.00

0.47
0.71
0.93
0.99

0.84
1.00
1.00
1.00

Methods studied are a quadratic regression (Quad), a runs test (Runs), a frequency within a block test (Freq), and an F test for lack of fit (LoF)

block test have high power to detect deviations from linearity when a bias is present, the high type I error rate renders
these approaches useless, as it is not possible to distinguish
between false positives and true positives. Indeed, the runs
test and frequency within a block test will often indicate that
there is deviation from linearity when in fact there is none.
With respect to type I error rate control, the robust
weighted least squares performs much better, although
power is still unsatisfactory for some scenarios (e.g., the
20% + 20% bias scenario in the quadratic regression
approach) when the number of replicates at each dilution
level is limited. Moreover, the robust weighted least-squares
approach also suffers from an inflated false-positive rate for
the quadratic regression approach and the F-test for lack of
fit approach. An explanation can be found in the estimation of the weights: with relatively few replicates there is
insufficient data for precise weight estimates, resulting in
variable standard error estimates and consequently in unstable p values and hence poor type I error rate control, even
when using a best-in-class robust approach (ESM1, Section 2).
Similarly as with ordinary least squares, this complicates
the interpretation of p values obtained from such an analysis, albeit to a lesser extent. Using larger numbers of
replicates (partially) alleviates this complication, providing

another argument for performing these experiments with
sufficiently high numbers of replicates.
It is interesting to note that some methods perform uniformly better than others. When using the superior robust
weighted least-squares method, a frequency within a block
test achieves power higher than the runs test (except for the
two replicate scenario). This may result from the fact that
it is a more appropriate test than the runs test: the ordering
of the residuals for the runs test is not clear, as there are
multiple measurements at the same dilution level, while the
frequency within a block test naturally deals with multiple
measurements at the same dilution level, as it considers the
signs of the residuals at each dilution level separately.
In many cases, however, the best method depends on the
scenario under consideration. For single biases at the highest concentration level, the quadratic regression approach
outperforms all other methods. This may stem from the fact
that it suffers from an inflated type I error rate for low numbers of replicates, but its superiority is maintained for higher
numbers of replicates where the inflation of the type I error
rate is limited.
For the most severely biased scenario under consideration (20% + 20% bias scenario), the quadratic regression
approach is outperformed by the frequency within a block
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test and the F-test for lack of fit, although this latter
approach suffers from a severe inflation of the type I error
rate, hampering its practical use.
In conclusion, the quadratic regression approach is to be
preferred, but one should be wary of its result when the number of replicates is low (i.e., less than five). In such a case, a
frequency within a block test may be preferred, as it does not
suffer from type I error rate inflation. Its power is, however,
lower in most scenarios under consideration, in part because
the frequency within a block test tends to be conservative.

produced to inspect deviations from a slope of 1 by plotting
the observed in function of the expected concentrations at
each of the dilution levels. Figure 4 shows a case where a
bias has been introduced at the highest concentration, which
can be readily observed. Note that the difference with Fig. 3 is
that the triangles now represent the expected concentration
(i.e., those corresponding to a slope of 1 and an intercept
of 0), rather than those obtained from the (robust weighted)
least-squares fit. Moreover, this plot allows an inspection of
accuracy at each of the dilution levels.

Direct quantification accuracy

Direct quantification precision

Additionally, for direct quantification methods such as
dPCR, it is of interest to investigate the accuracy or trueness
of the quantification. If the direct quantification is accurate, observed concentrations are expected to be equal to
expected concentrations; in other words, the slope of the
linear fit should be 1.
If accuracy assessment is to be performed, two practices
are advisable: (1) to check whether the slope is indeed 1 or
deviates from 1, and (2) to force the slope to be 1 and the
intercept 0, after which a residual inspection may indicate
concentrations for which direct quantification is either accurate or inaccurate. The reporting of the regression equation
alone is not sufficient, as it does not give any information
about the uncertainty on the estimated slope and intercept,
and thus whether they may differ from the ideal scenario.
The type I error rate and power to detect deviations from
a slope equal to 1 for different biases and number of replicates is listed in Table 3. The power to detect deviations
from a slope of 1 are very high, even for small numbers of
replicates (e.g., 2), but this may stem from an underestimation of the standard error, as noted earlier for quantitative
assessment of linearity and as outlined in ESM1, Section 2.
Indeed, the type I error rate is highly inflated. This observation is even worse for ordinary least squares, for which the
type I error remains high even for larger numbers of replicates. This again provides evidence that robust weighted
least squares poses an advantage over ordinary least squares.
Secondly, a visual assessment similar to Fig. 3 may be

Besides the importance of the quantification being accurate, i.e., being correct on average, it is furthermore of
importance that the quantification is not too imprecise, i.e.,
individual estimates should not deviate too much from the
average. If the assay or platform is imprecise, more technical replicates will be needed to obtain a reasonably correct
estimate of the quantity of interest.
This warrants an investigation of the variability at each
of the dilution levels in order to determine the practically
useful dynamic range of an assay or platform. The variability at each of the dilution levels should be relatively
small compared to the concentration at that dilution level.
In other words, the coefficient of variation (CV) should be
sufficiently low.
A fact that is often neglected is that the CV is variable
itself. Thus, the uncertainty with which it is estimated from
the data also depends on the number of replicates at a given
dilution level. Figure 5 shows the bias and variability of
the CV for varying numbers of replicates. Figure 5 indicates that the uncertainty of the CV is very high for the
typical duplicate or triplicate analyses and only diminishes
slowly with increasing numbers of replicates. For a typical experiment performed in duplicate or triplicate, the true
CV may be more than twice the observed CV with reasonable probability. Moreover, for low numbers of replicates,
the CV is typically an underestimate of the true CV. When
reporting a CV, it is thus highly advised to report it along
with its confidence interval [29]. Comparisons of CVs, for

Table 3 Type I error rate (no
bias) and power to detect
deviation from a slope of 1
using a robust weighted
least-squares and an ordinary
least-squares approach for
different replicate sizes (Rep)

Robust WLS

OLS

Type I

Power

Rep

No bias

5%

2
4
6
8

0.41
0.19
0.14
0.11

0.99
1.00
1.00
1.00

Type I

Power

10%

No bias

5%

10%

1.00
1.00
1.00
1.00

0.61
0.50
0.47
0.46

0.96
1.00
1.00
1.00

1.00
1.00
1.00
1.00

Fig. 4 Accuracy assessment
plot: A bias of 10% is introduced
at the highest concentration.
Triangles indicate the expected
concentration for perfect
accuracy, i.e., corresponding to a
slope of 1 and an intercept at 0.
Dots indicate the observed
concentrations. Percentages
indicate deviation from perfect
accuracy

observed concentration
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example those obtained from a qPCR and dPCR experiment,
should furthermore take into account that the CVs have been
determined with uncertainty.
Guidelines and recommendations for the design
and analysis of a quality evaluation experiment

Fig. 5 Precision and bias of the
coefficient of variation for
varying numbers of replicates

Replicates

Unlike for other quantitative assays, for example the bioanalytical method validation guidelines for drug substances of
the FDA [30], there are currently limited guidelines as to
what constitutes acceptable accuracy, precision, or linearity
for nucleic acid quantification procedures. What is acceptable should be determined by the field expert [31]. Moreover, how these quality parameters need to be assessed is
often not specified or the suggested assessment procedures
are inadequate as shown by our analyses.
The EPA, for example, lists quality parameters that need
to be assessed for nucleic acid quantification procedures,
including linearity, accuracy, and precision, but does not
detail what is considered acceptable [32]. They mention that
linearity in PCR experiments can be assessed using the R2
statistic [32], which we have shown is inadequate in dPCR
experiments.
The FAO does provide some guidelines for nucleic acid
quantification in food samples, stipulating an imprecision
(more specifically, repeatability) of not more than 25% (CV)
over the entire dynamic range, a deviation from accuracy
(bias) not exceeding 25% and an “acceptable” linearity [33].
How to assess linearity is not specified, though it is mentioned
that “a sufficient number of standards” should be used.

CLSI guideline EP06 details that linearity may be
assessed using polynomial regression, and they suggest the
use of two replicates at each of five dilution levels [34]. Our
analyses suggest that this may result in poor power to detect
deviation from linearity in some cases and that higher numbers of replicates and/or dilution levels are recommended.
CLSI guideline EP06 furthermore mentions that weighted
regression with weights as the inverse of the variances of the
replicates may be used [34]. We have shown that this indeed
improves linearity assessment, but that using a robustified
version performs even better (ESM1, Section 2). Guideline
EP05 discusses the impact of the number of replicates on
the uncertainty of the precision estimate [31]. Likewise, we
have demonstrated that the typical duplicate or triplicate
experiment may result in large uncertainty of the precision
estimate. This may hamper a conclusive interpretation of
repeatability and/or reproducibility.
We summarize our findings as six recommendations.
Note that these recommendations are based on the data analyzed within this paper, and that these recommendations
depend on the amount of variability in the replicated measurements, the number of dilution levels, and the dynamic
range studied. It is not possible to give exact numbers of
dilution points or replicates, as this will depend on the dPCR
instrument, assay characteristics, etc. In general, the following statements can be made: increased variability warrants
more replicates, increased numbers of dilution levels trade
off with the number of replicates, and an increased dynamic
range requires more replicates as the uncertainty at very low
and very high concentrations is typically increased.
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1. A robust weighted least-squares approach should be
used, as the ordinary least-squares approach suffers
from a loss of control of the type I error rate.
2. Even if a best-in-class robust weighted least-squares
approach is adopted, the type I error rate is often
inflated and a careful interpretation is needed. The inflation of the type I error rate decreases with an increasing
number of replicates.
3. The quadratic regression approach gives a clear indication of deviation from linearity and is to be preferred
above a runs test, frequency within a block test, or Ftest for lack of fit. Both the runs test and the frequency
within a block test have lower power to detect deviations. The highly inflated type I error rate of the F-test
for lack of fit limits its practical use. However, care also
needs to be taken when interpreting the results from
a quadratic regression approach, as it suffers from an
inflation of the false-positive rate for small numbers of
replicates. In those cases, the result from the frequency
within a block test may prove useful, as it also displays
power to detect deviations but does not suffer from a
type I error rate inflation.
4. The number of replicates at each dilution level is ideally five or more. This will ensure a high power to
detect deviations and allow to determine the coefficient
of variation at each of the dilution levels with reasonable precision. The inflation of the type I error rate of
the assessments is furthermore limited for five or more
replicates.
5. If calculated from a robust weighted least-squares fit
and linearity has been confirmed, R2 values may still
be useful for comparative assessments, e.g., to compare
the relative performance in terms of precision of two
assays as in such a situation, the R2 values only reflect
the imprecision of the assay.
6. Qualitative assessments such as graphical displays for
linearity and accuracy assessment often yield useful
insight, even when the quantitative approaches fail to
detect significant deviations.
Case study: dynamic range of a KRAS dPCR assay
The data analyzed for this case study were obtained from an
experiment aiming to assess the dynamic range of a KRAS
mutation dPCR assay [9]. Note that solution concentrations
reported for the assay were limited to one significant digit
[9], preventing a conclusive statement on accuracy or bias
for this particular assay. The accuracy and bias findings
presented should consequently be considered educational.
The authors reported log-log plots similar to those displayed in Fig. 2 and R2 values for the fitted linear regression

lines using an ordinary least-squares approach. Based on
those findings, they concluded that there was good linearity across the concentrations studied. As outlined before,
these assessments are insufficient for a thorough evaluation
of linearity. Furthermore, there was no mention of accuracy
or precision of the assay. We therefore applied the methods described in this paper to assess linearity, accuracy, and
precision.
From the preferable tests, neither the quadratic regression
approach (p = 0.42) nor the frequency within a block test
(p = 0.08) indicated a deviation from linearity. It should
be noted that the power to detect deviations for intermediate concentrations (as observed qualitatively in this case) is
very low for the quadratic effect test. Typically, only biases
at the end-points of the dilution curve (very high and/or
low concentrations) have a major effect on the estimated
quadratic effect. This highlights the utility of the qualitative
assessments.
Figure 6 shows the graphical procedures applied to the
data. Linearity seems to be good, except for the replicates
containing 5000 copies, where an underestimation of copies
is observed. Accuracy assessments confirm the underestimation for the replicates containing 5000 copies, and
additionally shows an overestimation for the replicates containing five million copies and an underestimation for those
containing 500 and 50 copies, with estimated biases of 5.2,
2.4, 14, and 4.8%, respectively. Furthermore, the outlying
value with the highest concentration at the highest concentration level (five million copies) may be worrisome, given
the overestimation at the second highest concentration level.
A larger number of replicates could have resolved whether
there are indeed potential issues.
Additionally, precision turns out to be potentially worrisome for the two lowest concentration levels, with coefficients of variation of 37% (95% CI [21% to 142%]) and
21% (95% CI [12% to 64%]).
dPCalibRate: a Web tool for quality assessment
The techniques described in this paper have been implemented in the Web tool dPCalibRate. dPCalibRate requires
a series of expected and observed concentrations only,
which can be entered in a spreadsheet-like interface or read
from a comma separated value (csv) file. Using the data supplied by the user, a report is subsequently generated. This
report contains all qualitative and quantitative assessments
as studied and discussed in this paper, allowing easy and fast
quality control of linearity, accuracy, and precision. dPCalibRate is freely available at http://antonov.ugent.be:3838/
dPCalibRate. The application code is available at https://
github.com/CenterForStatistics-UGent/dPCalibRate.
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Fig. 6 a Linearity assessment
plot for a dPCR KRAS assay.
Triangles indicate the fitted
values of the robust weighted
least-squares fit. Dots indicate
the observed concentrations.
Percentages indicate deviation
from the fitted value. b
Accuracy assessment plot for a
dPCR KRAS mutation assay.
Triangles indicate the expected
concentration for perfect
accuracy, i.e., corresponding to a
slope of 1 and an intercept at 0.
Dots indicate the observed
concentrations. Percentages
indicate deviation from perfect
accuracy
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Conclusions
Using real and simulated data, we have demonstrated that a
thorough assessment of linearity, accuracy, and precision for
dPCR experiments is required. The current common practice of reporting of the R2 value and regression equation
only is far from sufficient, as it may not reveal potential
issues. We have demonstrated the use of several qualitative and quantitative analyses that are able to properly
demonstrate deviations from linearity and accuracy and
have commented on the importance of precision assessment.
We have shown that the use of ordinary least squares is
inappropriate and that the advantages of a robust weighted
least-squares approach mandate its adoption, notwithstanding the fact that a robust weighted least-squares approach
also has its limitations, as it often suffers from an inflated
type I error rate.
Our assessments were performed for data generated on
the RainDance dPCR platform. The RainDance platform
is the platform that currently has the highest theoretical dynamic range, due to its high number of partitions.
A higher range of expected concentration corresponds to
higher leverage for the observations at the highest concentrations, while the variability is also larger for higher concentrations, increasing the effect of heteroscedasticity. Con-

sequently, the effect of heteroscedasticity and influential
observations is most likely more extreme for the RainDance
platform than for any of the other commercially available
dPCR platforms. All of the observed problems such as inflation
of the type I error rate are also present for these other platforms,
but may not be as manifest, as a consequence of a lower dynamic
range. The proposed assessments remain equally applicable
and will enable improved scrutiny of linearity, accuracy, and
precision compared to currently reported approaches.
It is noteworthy that the use of the proposed assessments
is not limited to the applications presented, but can also
be used to study the agreement between qPCR and dPCR
results. Typically, only R2 values are reported, but for these
agreement analyses it is also interesting to study the linearity, i.e., to study whether there is an agreement between both
methods along the whole range of concentrations studied
or whether there is an agreement for certain concentrations
but a non-linear relation at higher concentrations. Similar to
the accuracy assessment presented, deviation from a slope
of one can be assessed to determine whether the methods
agree completely over the entire or part of the range studied.
When comparing the precision of a qPCR and dPCR assay,
the uncertainty on the precision estimate (CV) should also
be taken into account, for example by reporting a confidence
interval for the CV.
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Ultimately, our findings demonstrate the need for a careful and thorough assessment and interpretation of key quality parameters in any dPCR experiment. It is finally up
to the subject expert to determine whether these comply
with subject-specific guidelines and to determine potential impact on the application of interest. Moreover, in the
absence of guidelines, increased awareness and reporting
of these important quality parameters and how to properly assess them may eventually lead to the development of
application-specific guidelines.
Supplementary material Electronic Supplementary Material 1
(ESM1) contains additional details on data simulation, comparison of
different linear model fitting procedures and full analysis results.
Data availability All data and code needed to reproduce our
analyses is available at https://github.com/CenterForStatistics-UGent/
dPCalibRate.
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