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−→ final choice in region where estimates are stable
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Abstract Digital PCR is rapidly gaining interest in the field
of molecular biology for absolute quantification of nucleic
acids. However, the first generation of platforms still needs
careful validation and requires a specific methodology for data
analysis to distinguish negative from positive signals by de-
fining a threshold value. The currently described methods to
assess droplet digital PCR (ddPCR) are based on an underly-
ing assumption that the fluorescent signal of droplets is
normally distributed. We show that this normality assumption
does not likely hold true for most ddPCR runs, resulting in an
erroneous threshold. We suggest a methodology that does not
make any assumptions about the distribution of the fluores-
cence readouts. A threshold is estimated by modelling the
extreme values in the negative droplet population using
extreme value theory. Furthermore, the method takes
shifts in baseline fluorescence between samples into ac-
count. An R implementation of our method is available,

allowing automated threshold determination for absolute
ddPCR quantification using a single fluorescent reporter.

Keywords Droplet digital PCR . Data analysis . R software .

Rain . Automation . Extreme value distribution . Threshold
determination

Abbreviations
csv Comma separated value
ddPCR Droplet digital polymerase chain reaction
dPCR Digital polymerase chain reaction
HTML HyperText Markup Language
NTC Negative template control
QQ plot Quantile–quantile plot

Introduction

With recent technological developments, digital PCR (dPCR)
is becoming widely available and has the potential to become
the reference measurement procedure for absolute quantifica-
tion of nucleic acids in molecular biology. Digital PCR en-
ables direct quantification without the need for a standard
dilution series and, in theory, offers an increased accuracy
compared to quantitative PCR [1, 2]. However, the first gen-
eration of digital PCR platforms still needs careful validation
before being used broadly in clinical diagnostics.

To date, the droplet digital PCR system (ddPCR, Bio-Rad)
is the most widely used dPCR platform. By using
microfluidics, it can generate up to 20,000 droplets from an
initial 20-μL PCR mix with each droplet representing an iso-
lated endpoint PCR reaction. Subsequently, fluorescently la-
beled probes enable a simple readout of the endpoint fluores-
cence in each droplet and allow the classification of droplets

Electronic supplementary material The online version of this article
(doi:10.1007/s00216-015-8773-4) contains supplementary material,
which is available to authorized users.
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Threshold setting: Need for a threshold
The calculation of dPCR data starts from 0/1 outcomes,
but measurements consists of intensity measurement.

Figure: Measuring presence/absence (Bio-Rad Laboratories)

Even negative droplets show an intensity signal.

Yj =

{
0 if intensity if droplet j < threshold (negative droplet)
1 if intensity if droplet j > threshold (positive droplet)
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Threshold setting: Classical approach to quantification
dPCR data analysis methods rely on the Poisson assumption,

Y ∗
j ∼ Poisson(λ) j = 1, . . . ,N,

where λ = E
{
Y ∗
j

}
is the average number of target copies in a droplet.
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Threshold setting: Classical approach to quantification

dPCR data analysis methods rely on the Poisson assumption,

Y ∗
j ∼ Poisson(λ) j = 1, . . . ,N,

where λ = E
{
Y ∗
j

}
is the average number of target copies in a droplet.

If λ can be estimated, say λ̂, the target concentration can be estimated as

ĉ =
λ̂

Vdroplet

where Vdroplet is the average droplet volume (e.g. 0.85 nL).
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Threshold setting: Classical approach to quantification
What we observe is the digital outcome

Yj = min(Y ∗
j , 1) =

{
0 if Y ∗

j = 0 (negative droplet)

1 otherwise (positive droplet).

The distribution function of the Poisson distribution is given by

P {Y ∗ = y} =
λy

y !
exp(−λ).

Hence, for the observable Y , the probability of a negative droplet is

P {Y = 0} = P {Y ∗ = 0} =
λ0

0!
exp(−λ) = exp(−λ).

This gives an expression for λ,

λ = − ln P {Y = 0} .
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Threshold setting: Classical approach to quantification

The probability P {Y = 0} is easily estimated as

̂P {Y = 0} =
number of negative droplets

total number of droplets
.

The Poisson parameter can thus be estimated as

λ̂ = − ln

(
number of negative droplets

total number of droplets

)

The concentration (target molecues/volume) is then estimated as:

ĉ =
λ̂

Vdroplet

with Vdroplet a known constant (e.g. 0.85 nl).
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Threshold setting: Rain

positive/negative droplets
are not always well
separated: rain

setting of threshold should
control probabilities of
false positives/negatives

bad choice of threshold
may cause biased copy
number estimates

No-template control (NTC,
negative control) is
typically used for setting
threshold
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Threshold setting: Sample heterogeneity

Baseline shifts between replicates

NTC replicates cannot be pooled; normalisation is needed
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Threshold setting: Baseline correction
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Threshold setting: Normality Assumption

Thresholds defined as mean ± X× s.d. rely on normality
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Threshold setting: Normality Assumption
Thresholds defined as mean ± X× s.d. rely on normality
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Threshold setting: Normality Assumption
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Threshold setting: Extreme Value Procedure

Step 0: Raw fluorescence measurements of no template controls (NTC)
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Threshold setting: Extreme Value Procedure
Step 1: Baseline correction and merging
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Threshold setting: Extreme Value Procedure

Step 2: Create blocks (randomly) and determine block maxima
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Threshold setting: Extreme Value Procedure
Step 3: Fit the GEV distribution to the block maxima and determine
threshold

Olivier Thas 4BIO Summit September 13-14, 2018 20 / 56



Threshold setting: Extreme Value Procedure
Step 4: Process samples
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Threshold setting: Shiny App
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Threshold setting: Shiny App
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Threshold setting: Shiny App
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Threshold setting: Shiny App
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Threshold setting: Shiny App
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Threshold setting: Shiny App
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Threshold setting: Shiny App
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Quality Control
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PAPER IN FOREFRONT

Quality control of digital PCR assays and platforms
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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 rec-
ommended, as there are several potential causes of impor-
tant 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

Electronic supplementary material The online version of this
article (doi:10.1007/s00216-017-0538-9) contains supplementary
material, which is available to authorized users.
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6 National Institute for Applied Statistics Research Australia
(NIASRA), School of Mathematics and Applied Statistics,
University of Wollongong, NSW 2522, Australia

such an experiment, and provide guidelines for the assess-
ment of linearity, accuracy, and precision in dPCR exper-
iments. 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

Introduction

Quantitative real-time polymerase chain reaction (qPCR)
for the quantification of nucleic acids has become a main-
stream technique since its conception over two decades ago
[1]. Currently, a lot of interest is directed at an alterna-
tive nucleic acid quantification method termed digital PCR
(dPCR) [2]. Its many potential advantages such as its sim-
plicity, 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 construct-
ing 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

For qPCR the MIQE guidelines say that

calibration curve based on dilution series is needed

R2 for the linear fit should be reported (QC)

For dPCR no calibration curve is needed for absolute quantification, but it
can be useful for QC:

linear dynamic range

accuracy

precision
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Quality Control

Often a large R2 is considered as proof of

linear dynamic range spanning the concentrations used for constructie
the calibration curve

good accuracy (i.e. estimated concentration = true concentration,
i.e. slope of calibration curve is 1)

good precision (small uncertainty on estimated concentration)

These considerations hold for qPCR and dPCR.

Olivier Thas 4BIO Summit September 13-14, 2018 31 / 56



Quality Control: R2

Quality control of digital PCR assays and platforms

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

No bias

Single bias 10%

Single bias 20%

Double bias 20% + 10%

Double bias 20% + 20%

0.980 0.985 0.990 0.995 1.000

R
2

a

No bias

Single bias 10%

Single bias 20%

Double bias 20% + 10%

Double bias 20% + 20%

0.980 0.985 0.990 0.995 1.000

R
2

b

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 exper-
iments: due to the large dynamic range and heteroscedastic-
ity, the residuals at low concentrations are dwarfed by those
at high concentrations, making inspection of the residuals at
low concentrations cumbersome. However, it remains pos-
sible 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 dilu-
tion 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 order-
ing of signs within a given concentration level, which may
affect the sequences of positive or negative residuals.

Linearity: quantitative assessments

There are several quantitative ways to assess deviations
from linearity. Firstly, one can model the observed con-
centration 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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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
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Quality Control: New plot M. Vynck et al.

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 posi-
tive 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 within-
dilution 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 con-
sequence 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 meth-
ods 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 least-
squares 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

5 × 107 5 × 106 5 × 105 5 × 104 5 × 103 5 × 102 5 × 101

-+-++ -+++- ++--+ -++++ +++-+ ++-++ ++++-

----- +++++ +++-+ ----- ----- ----- -----
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Quality Control: Linearity

M. Vynck et al.

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 posi-
tive 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 within-
dilution 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 con-
sequence 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 meth-
ods 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 least-
squares 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

5 × 107 5 × 106 5 × 105 5 × 104 5 × 103 5 × 102 5 × 101

-+-++ -+++- ++--+ -++++ +++-+ ++-++ ++++-

----- +++++ +++-+ ----- ----- ----- -----
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Quality Control: Linearity

Linearity can also be assessed by fitting a quadratic model and testing
whether the quadratic term adds significant improvement (H0 : β2 = 0) to
the model fit (t-test).

observed dPCR conc = β0 + β1 × expected conc + β2 × (expected conc)2

Test based on RWLS performs best.
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Quality Control: Accuracy

Deviation from expected model is plotted:

observed dPCR conc = 0 + 1× expected conc.
Quality control of digital PCR assays and platforms

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
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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

Unlike for other quantitative assays, for example the bioan-
alytical 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 accept-
able should be determined by the field expert [31]. More-
over, 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 num-
bers 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 ana-
lyzed within this paper, and that these recommendations
depend on the amount of variability in the replicated mea-
surements, 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 follow-
ing 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.

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

Precision can be measured by the Coefficient of Variation (CV)

Quality control of digital PCR assays and platforms

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

164%4446444%4466

82%282%

-82%282%

-164%646464646444%4466-1

50

o
b

s
e

rv
e

d
 c

o
n

c
e

n
tr

a
ti
o

n

-9%9%9%9%9%9%-9%

-4.5%5-4 5%

500

-10%10%000000%%000011

-5%5%-5%

5000

2%2%%%%%%22

1%%1%%

50000

expected concentration

-2%-2%2%%%2-

-1%-1%%1%%1%%%%1-

1%1%%%%

2%2%%%%%2%2%%%%%%22

5e+05

-1%-1%%1%%%1%1%%%%%%%11-

-0.5%-0 5%5%%50-

0.5%0 5%5%550

5e+06

2%2%2-12-1222222222222222%2221

-6%6%6%6%6%6%6%6%%%%%%%66-

5e+07

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

Unlike for other quantitative assays, for example the bioan-
alytical 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 accept-
able should be determined by the field expert [31]. More-
over, 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 num-
bers 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 ana-
lyzed within this paper, and that these recommendations
depend on the amount of variability in the replicated mea-
surements, 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 follow-
ing 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.

Fig. 5 Precision and bias of the
coefficient of variation for
varying numbers of replicates
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Quality Control: Recommendations

1. Robust weighted least squares (RWLS) is preferred over LS for fitting
the calibration curve

2. Linearity: t-test in quadratic regression is preferred over the runs test,
unless the number of replicates is very small

3. Number of replicates at each concentration should be at least 5.
Otherwise the power of the tests is too small for detecting relevant
deviations.

4. If linearity holds, R2 may still be used to compare experiments in
terms of precision

5. Graphical inspection is very informative.
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Quality Control: Shiny app
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Quality Control: Shiny app
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Analysis of complex experiments

Examples:

Absolute quantification with technical replicates
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one or more references
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a b s t r a c t

The use of digital PCR for quantification of nucleic acids is rapidly growing. A major drawback remains the
lack of flexible data analysis tools. Published analysis approaches are either tailored to specific problem
settings or fail to take into account sources of variability. We propose the generalized linear mixed models
framework as a flexible tool for analyzing a wide range of experiments. We also introduce a method
for estimating reference gene stability to improve accuracy and precision of copy number and relative
expression estimates. We demonstrate the usefulness of the methodology on a complex experimental
setup.

© 2016 The Author(s). Published by Elsevier GmbH. This is an open access article under the CC
BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

The number of publications on digital PCR (dPCR) have markedly
increased during the last decade, with a rapid growth of publi-
cations in the field of biomedical sciences in recent years. This
adoption has in part been possible due to an increase of com-
mercially available, user-friendly instruments [1,2] and is further
stimulated by positive reports on dPCR demonstrating the advan-
tages over quantitative PCR (qPCR) [3], particularly for applications
such as low-level quantification [4,5], absolute quantification [4,5]
and copy number variation (CNV) determination [6].

Despite the advantages and increasing popularity of dPCR and
as a consequence of the technique still being in its infancy, one
major drawback of dPCR remains the lack of dedicated data analysis
tools taking full advantage of the specific digital nature of the data.
Most published papers rely on data-analysis software provided by
hardware manufacturers. These software suites are typically black-
box tools providing the user with a limited amount of information
on the algorithms. They furthermore do not allow the user to

∗ Corresponding author.
E-mail address: matthijs.vynck@ugent.be (M. Vynck).

analyze more complicated experimental setups such as the correct
use of technical replicates or the use of multiple reference loci for
determining CNVs, even though such approaches may be advisable
[7–9].

Although several papers have been published that propose data
analysis methods, these methods have been developed to analyze
very specific experimental setups. For example, Whale et al. [6] and
Dube et al. [10] developed ad hoc methods for calculating CNVs, but
these methods can only be used to calculate CNVs using a single
reference locus and do not take into account interreplicate vari-
ability. Extending these methods to cope with other experimental
setups would require significant work, tailored to each of these spe-
cific designs. A major difficulty is the correct estimation of standard
errors and confidence intervals.

In this paper, we detail how the established generalized linear
mixed model (GLMM) framework [11] can be used to analyze dPCR
data from a wide range of experimental setups, ranging from simple
experiments such as absolute quantification to complicated studies
such as CNV estimation with multiple reference loci normalization
and handling of variable numbers of technical replicates, while cor-
rectly accounting for various sources of variability. The basis of this
GLMM framework has recently also been described by Dorazio and
Hunter [12]. We argue that known sources of variability should be

http://dx.doi.org/10.1016/j.bdq.2016.06.001
2214-7535/© 2016 The Author(s). Published by Elsevier GmbH. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-
nd/4.0/).
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Analysis of complex experiments: Designs CNV
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Analysis of complex experiments: CNV with single versus
multiple ref. genes
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Analysis of complex experiments: CNV with single versus
multiple ref. genes
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Analysis of complex experiments: Reference gene stability
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Analysis of complex experiments: CNV with single versus
multiple ref. genes

5 6 9 13 15 16 18 19 20

Sample

M
ea

n 
ab

so
lu

te
 d

ev
ia

tio
n 

fro
m

 in
te

ge
r c

op
y 

nu
m

be
rs

0.
0

0.
1

0.
2

0.
3

0.
4

Single reference gene
Multiple reference genes

Olivier Thas 4BIO Summit September 13-14, 2018 46 / 56



Analysis of complex experiments: Shiny App

Olivier Thas 4BIO Summit September 13-14, 2018 47 / 56



Analysis of complex experiments: Shiny App

Olivier Thas 4BIO Summit September 13-14, 2018 48 / 56



Analysis of complex experiments: Shiny App
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Analysis of complex experiments: Shiny App
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