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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
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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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Quantification: classical approach
Once the presence/absence of the target in each droplet has been
determined, the original concentration can be determined assuming a
Poisson distribution of the number of target molecules in the droplets.

Let Y ∗
j denote the number of target copies in droplet j (j = 1, . . . ,N).

What we observe is the digital outcome

Yj = min(Y ∗
j , 1) =

{
0 if Y ∗

j = 0 (negative droplet)

1 otherwise (positive droplet).

Positive/Negative digital observations (Bio-Rad Laboratories)
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Quantification: classical approach
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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Quantification: classical approach

ddPCR 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

Vdoplet

where Vdoplet is the average droplet volume (e.g. 0.85 nL).

The classical approach consists in utilising the Poisson distribution:

λ̂ = − ln ̂P {Y ∗ = 0} = − ln ̂P {Y = 0} = − ln
number of negative droplets

total number of droplets
.
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Quantification: classical approach

Good scientific practice requires reporting of standard error (or confidence
interval) of ĉ

A classical solution relies on estimating the standard error of ĉ , say sĉ .
An approximate 95% confidence interval (CI) is then given by

[ĉ − 1.96 sĉ , ĉ + 1.96 sĉ ]

For the calculation of the standard error sĉ :

Approximation methods exist

For more complicated designs, ad-hoc calculation methods are
applied.
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Quantification: GLM

It has been shown that the estimation can be done with GLM software:

Yj ∼ Bernoulli(p)

p = P {droplet j is negative}
ln(− ln(p)) = β

Hence,
β = ln(− ln(p)) = lnλ.

−→ GLM software provides estimates and standard errors
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Quantification: GLM

The mean number of copies per droplet is still

E {Y ∗} = λ = exp(β)

which can be estimated as
λ̂ = exp(β̂),

and from the confidence interval on β̂ the confidence interval on λ̂ can be
obtained directly.

Using GLMs in this simple setting seems an overkill, but in the next part
the power of statistical models will become clear.
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Quantification: GLMM

Suppose that data from r replicate runs are available.

A typical design:

one biological sample for which a target concentration has to be
estimated

r technical replicates
(e.g. separate runs and/or separate sample preparations)

for each technical replicate i , ni droplets are measured.

Solutions:

pool digital outcomes / replicates

use GLMM
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Quantification: GLMM
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Quantification: GLMM

We introduce an unobservable latent variable Y ∗
ij denoting the number of

target copies

in droplet j

of replicate i .

What we observe is the digital outcome

Yij = min(Y ∗
ij , 1) =

{
0 if Y ∗

ij = 0 (negative droplet)

1 otherwise (positive droplet)

Olivier.Thas@UGent.be dPCR Data Analysis May 15, 2018 11 / 33



Quantification: GLMM

Within a replicate (i) the target copy numbers may be described by a
Poisson distribution (as before).

Each replicate comes with a replicate effect, say Ri .

We write for the within-replicate droplets

Y ∗
ij | Ri ∼ Poisson(λi )

with replicate-specific mean

λi = exp(β)× exp(Ri ) or ln(λi ) = β + Ri

and
Ri ∼ N(0, σ2).

This model gives the mean target copy number

E
{
Y ∗
ij

}
= exp(β + 0.5σ2).
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Quantification: GLMM

The parameters will have to be estimated from the observed digital data.

Generalised Linear Mixed Model (GLMM)

pi = P {negative droplet in replicate i}

Yij | Ri ∼ Bernoulli(pi )

ln(− ln(pi )) = β + Ri .

Once β and σ2 are estimated, the target concentration is estimated as

ĉ = λ̂/Vdroplet = exp(β̂ + 0.5σ̂2)/Vdroplet.

The GLMM software will give β̂ and σ̂2 and their estimated standard
errors.
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Quantification: GLMM versus pooling
Pooling: merge digital outcomes over replicates and hence ignore
inter-replicate variance.
Figure shows variance ratio of β̂ for pooled analysis versus GLMM.

Variance ratio
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Copy number variation

Copy number variation (CNV) is defined as

CNV =
ctarget
cref

Nb,

where Nb is ploidy of the genome (for humans Nb = 2).

The GLMM can be used for

one or more target genes

one or multiple reference genes

single channel or multiplex measurements
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Copy number variation: designs
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Copy number variation: models
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(Supplementary Material 4, Section 3). Example analyses are given
in Sections 2.1 and 3.2 of Supplementary Material 1.

2.2. Copy number variation

For the estimation of CNV, data on both a target and at least
one reference must be available. Several experimental designs are
appropriate for obtaining target and reference measurements. Fig. 1
shows six examples, ranging from single reference settings with
single channel experiments (panel A) or duplex experiments (panel
B) to multiple reference studies with single channel (panel C) or
duplex (panel D, E) or multiplex (panel F) experiments. In this sec-
tion, a GLMM methodology is outlined that is applicable to all of
these designs, also in the presence of replicates.

The general guideline for obtaining valid statistical estimation,
error propagation and hypothesis testing, is that the data analysis
method should account for dependencies and sources of variability
implied by the experimental setup. For example, as in Section 2.1,
random replicate effects should be included in the model to take
care of the dependence between droplets within the same replicate.

2.2.1. Single reference designs
The same notation (Yij and Y∗

ij) as before is used, but the partition
index j may  now refer to a measurement which can be from a target
or a reference. The distinction between target and reference is made
by a dummy  regressor Xij which is defined as zero when partition (i,
j) comes from the target and one when it comes from the reference.
For the designs A and B (Fig. 1), the model for the unobservable
number of copies is written as

Y∗
ij | Ri∼Poisson(!ij) (16)

where

log !ij = ˇ0 + Xijˇ1 + Ri (17)

and

Ri∼N(0, "2). (18)

Thus within replicate i, the mean number of target copies per par-
tition again equals exp(ˇ0 + 0 × ˇ1 + Ri), and the mean number of
reference copies per partition equals exp(ˇ1 + 1 × ˇ1 + Ri).

Let ctarget,i and cref,i denote the concentrations of target and ref-
erence in replicate i, respectively, and Nb the ploidy of the organism.
For design A (Fig. 1), the CNV based on replicate i for the target and
replicate i′ for the reference, is given by

CNVi,i′ =
ctarget,i

cref,i′
Nb =

exp(ˇ0 + 0 × ˇ1 + Ri)/Vpartition

exp(ˇ1 + 1 × ˇ1 + Ri′ )/Vpartition
Nb

= exp(−ˇ1 + Ri − Ri′ )Nb. (19)

The overall CNV is then given be the average of CNVi,i′ over
all replicates (see Supplementary Material 4, Section 2 for details),
resulting in

CNV = E{CNVi,i′ } = exp(−ˇ1 + "2)Nb. (20)

As before, the model parameters may  be estimated by reformulat-
ing the model for the digital outcomes Yij. In particular, a GLMM
with a complementary log-log link is obtained:

log(− log(P{Yij = 0 | Ri})) = ˇ0 + Xijˇ1 + Ri, (21)

with ˇ0, ˇ1 and Ri as in model (17).
For design B (Fig. 1), the CNV based on replicate i, which now

contains droplets with both target and reference (duplex), is given

by

CNVi =
ctarget,i

cref,i
Nb =

exp(ˇ0 + 0 × ˇ1 + Ri)/Vpartition

exp(ˇ1 + 1 × ˇ1 + Ri)/Vpartition
Nb

= exp(−ˇ1)Nb. (22)

Note that the random effect cancels out and that the CNV does not
depend on i. Hence, an overall CNV estimate is given by exp(− ˆ̌ 1)Nb,
with the estimates again calculated from the GLMM with a com-
plementary log-log link. The random effect can however not be
omitted altogether, as it influences the variance on the fixed effect
parameters, and thus the inclusion of the random effect is essential
for a correct error propagation.

2.2.2. Multiple reference designs
The model can be further extended to contain multiple reference

loci. The number of copies and the deduced binary outcome for
partition (i, j) are denoted by Y∗

ijk and Yijk, respectively, in which
the index k refers to the reference k = 1, . . .,  K, with K the number
of reference loci and with k = 0 referring to the target. Consider the
dummy  Xijk, which is defined as one when the signal belongs to
the kth reference and zero when the signal comes from the target.
Reference-to-reference differences are allowed by making use of
nested random effects.

For designs C and D, for a given replicate i and for a given target
or reference k, the Poisson model for the unobserved counts Y∗

ijk has
log-mean

log E{Y∗
ijk | Sk, Ri(k)} = log !ijk = ˇ0 + ˇ1Xijk + SkXijk + Ri(k) (23)

with Sk the effect of reference k on the log-mean, and Ri(k) the effect
of the ith replicate of the experiment with the PCR mix  contain-
ing reference k (or k = 0 for target in design C). The variability of
these two random effects are described by independent normal
distributions:

Sk∼N(0, "2
1 ) and Ri(k)∼N(0, "2

2 ). (24)

Hence, Sk is a random effect for the between reference locus
variation and Ri(k) is a random effect for the interreplicate variation
nested within a given target or reference. Note that the model for-
mulation assumes that the random effects are exchangeable (see
Supplementary Material 4, Section 4 for more information).

The same model applies to design E, except that the index k in
Ri(k) should be replaced by an index k* which is an indicator of the
unique PCR mix  (each row in panel E of Fig. 1 represents a unique
PCR mix). The model for design F is also similar, except that the
replicate effect Ri(k) does not depend on reference k, because in this
multiplex experiment all references are potentially included in all
partitions, i.e. in each replicate all references are included in the
PCR mix. Hence, the nested random effect Ri(k) in model (23) has to
be replaced by Ri.

As before, the model parameters can be estimated from the cor-
responding GLMM for the binary outcome:

log(− log(P{Yijk = 0 | Sk, Ri(k)})) = ˇ0 + ˇ1Xijk + Sk + Ri(k). (25)

For design C the CNV is first given for target versus a single
reference k, based on replicates i and i′:

CNVi,i′;k =
exp(ˇ0 + Ri(0))

exp(ˇ1 + ˇ1 + Sk + Ri′(k))
Nb

= exp(−ˇ1 − Sk + Ri(0) − Ri′(k))Nb. (26)

The overall CNV is obtained by averaging over all replicates and
all references (see Supplementary Material 4, Section 2 for details):

CNV = E{CNVi,i′;k} = exp
!

−ˇ1 + 1
2

"2
1 + "2

2

"
Nb. (27)
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in Sections 2.1 and 3.2 of Supplementary Material 1.

2.2. Copy number variation

For the estimation of CNV, data on both a target and at least
one reference must be available. Several experimental designs are
appropriate for obtaining target and reference measurements. Fig. 1
shows six examples, ranging from single reference settings with
single channel experiments (panel A) or duplex experiments (panel
B) to multiple reference studies with single channel (panel C) or
duplex (panel D, E) or multiplex (panel F) experiments. In this sec-
tion, a GLMM methodology is outlined that is applicable to all of
these designs, also in the presence of replicates.

The general guideline for obtaining valid statistical estimation,
error propagation and hypothesis testing, is that the data analysis
method should account for dependencies and sources of variability
implied by the experimental setup. For example, as in Section 2.1,
random replicate effects should be included in the model to take
care of the dependence between droplets within the same replicate.

2.2.1. Single reference designs
The same notation (Yij and Y∗

ij) as before is used, but the partition
index j may  now refer to a measurement which can be from a target
or a reference. The distinction between target and reference is made
by a dummy  regressor Xij which is defined as zero when partition (i,
j) comes from the target and one when it comes from the reference.
For the designs A and B (Fig. 1), the model for the unobservable
number of copies is written as

Y∗
ij | Ri∼Poisson(!ij) (16)

where

log !ij = ˇ0 + Xijˇ1 + Ri (17)

and

Ri∼N(0, "2). (18)

Thus within replicate i, the mean number of target copies per par-
tition again equals exp(ˇ0 + 0 × ˇ1 + Ri), and the mean number of
reference copies per partition equals exp(ˇ1 + 1 × ˇ1 + Ri).

Let ctarget,i and cref,i denote the concentrations of target and ref-
erence in replicate i, respectively, and Nb the ploidy of the organism.
For design A (Fig. 1), the CNV based on replicate i for the target and
replicate i′ for the reference, is given by

CNVi,i′ =
ctarget,i

cref,i′
Nb =

exp(ˇ0 + 0 × ˇ1 + Ri)/Vpartition

exp(ˇ1 + 1 × ˇ1 + Ri′ )/Vpartition
Nb

= exp(−ˇ1 + Ri − Ri′ )Nb. (19)

The overall CNV is then given be the average of CNVi,i′ over
all replicates (see Supplementary Material 4, Section 2 for details),
resulting in

CNV = E{CNVi,i′ } = exp(−ˇ1 + "2)Nb. (20)

As before, the model parameters may  be estimated by reformulat-
ing the model for the digital outcomes Yij. In particular, a GLMM
with a complementary log-log link is obtained:

log(− log(P{Yij = 0 | Ri})) = ˇ0 + Xijˇ1 + Ri, (21)

with ˇ0, ˇ1 and Ri as in model (17).
For design B (Fig. 1), the CNV based on replicate i, which now

contains droplets with both target and reference (duplex), is given

by

CNVi =
ctarget,i
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Nb =

exp(ˇ0 + 0 × ˇ1 + Ri)/Vpartition

exp(ˇ1 + 1 × ˇ1 + Ri)/Vpartition
Nb

= exp(−ˇ1)Nb. (22)

Note that the random effect cancels out and that the CNV does not
depend on i. Hence, an overall CNV estimate is given by exp(− ˆ̌ 1)Nb,
with the estimates again calculated from the GLMM with a com-
plementary log-log link. The random effect can however not be
omitted altogether, as it influences the variance on the fixed effect
parameters, and thus the inclusion of the random effect is essential
for a correct error propagation.

2.2.2. Multiple reference designs
The model can be further extended to contain multiple reference

loci. The number of copies and the deduced binary outcome for
partition (i, j) are denoted by Y∗

ijk and Yijk, respectively, in which
the index k refers to the reference k = 1, . . .,  K, with K the number
of reference loci and with k = 0 referring to the target. Consider the
dummy  Xijk, which is defined as one when the signal belongs to
the kth reference and zero when the signal comes from the target.
Reference-to-reference differences are allowed by making use of
nested random effects.

For designs C and D, for a given replicate i and for a given target
or reference k, the Poisson model for the unobserved counts Y∗

ijk has
log-mean

log E{Y∗
ijk | Sk, Ri(k)} = log !ijk = ˇ0 + ˇ1Xijk + SkXijk + Ri(k) (23)

with Sk the effect of reference k on the log-mean, and Ri(k) the effect
of the ith replicate of the experiment with the PCR mix  contain-
ing reference k (or k = 0 for target in design C). The variability of
these two random effects are described by independent normal
distributions:

Sk∼N(0, "2
1 ) and Ri(k)∼N(0, "2

2 ). (24)

Hence, Sk is a random effect for the between reference locus
variation and Ri(k) is a random effect for the interreplicate variation
nested within a given target or reference. Note that the model for-
mulation assumes that the random effects are exchangeable (see
Supplementary Material 4, Section 4 for more information).

The same model applies to design E, except that the index k in
Ri(k) should be replaced by an index k* which is an indicator of the
unique PCR mix  (each row in panel E of Fig. 1 represents a unique
PCR mix). The model for design F is also similar, except that the
replicate effect Ri(k) does not depend on reference k, because in this
multiplex experiment all references are potentially included in all
partitions, i.e. in each replicate all references are included in the
PCR mix. Hence, the nested random effect Ri(k) in model (23) has to
be replaced by Ri.

As before, the model parameters can be estimated from the cor-
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one reference must be available. Several experimental designs are
appropriate for obtaining target and reference measurements. Fig. 1
shows six examples, ranging from single reference settings with
single channel experiments (panel A) or duplex experiments (panel
B) to multiple reference studies with single channel (panel C) or
duplex (panel D, E) or multiplex (panel F) experiments. In this sec-
tion, a GLMM methodology is outlined that is applicable to all of
these designs, also in the presence of replicates.

The general guideline for obtaining valid statistical estimation,
error propagation and hypothesis testing, is that the data analysis
method should account for dependencies and sources of variability
implied by the experimental setup. For example, as in Section 2.1,
random replicate effects should be included in the model to take
care of the dependence between droplets within the same replicate.

2.2.1. Single reference designs
The same notation (Yij and Y∗

ij) as before is used, but the partition
index j may  now refer to a measurement which can be from a target
or a reference. The distinction between target and reference is made
by a dummy  regressor Xij which is defined as zero when partition (i,
j) comes from the target and one when it comes from the reference.
For the designs A and B (Fig. 1), the model for the unobservable
number of copies is written as

Y∗
ij | Ri∼Poisson(!ij) (16)

where

log !ij = ˇ0 + Xijˇ1 + Ri (17)

and

Ri∼N(0, "2). (18)

Thus within replicate i, the mean number of target copies per par-
tition again equals exp(ˇ0 + 0 × ˇ1 + Ri), and the mean number of
reference copies per partition equals exp(ˇ1 + 1 × ˇ1 + Ri).

Let ctarget,i and cref,i denote the concentrations of target and ref-
erence in replicate i, respectively, and Nb the ploidy of the organism.
For design A (Fig. 1), the CNV based on replicate i for the target and
replicate i′ for the reference, is given by

CNVi,i′ =
ctarget,i

cref,i′
Nb =

exp(ˇ0 + 0 × ˇ1 + Ri)/Vpartition

exp(ˇ1 + 1 × ˇ1 + Ri′ )/Vpartition
Nb

= exp(−ˇ1 + Ri − Ri′ )Nb. (19)

The overall CNV is then given be the average of CNVi,i′ over
all replicates (see Supplementary Material 4, Section 2 for details),
resulting in

CNV = E{CNVi,i′ } = exp(−ˇ1 + "2)Nb. (20)

As before, the model parameters may  be estimated by reformulat-
ing the model for the digital outcomes Yij. In particular, a GLMM
with a complementary log-log link is obtained:

log(− log(P{Yij = 0 | Ri})) = ˇ0 + Xijˇ1 + Ri, (21)

with ˇ0, ˇ1 and Ri as in model (17).
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with the estimates again calculated from the GLMM with a com-
plementary log-log link. The random effect can however not be
omitted altogether, as it influences the variance on the fixed effect
parameters, and thus the inclusion of the random effect is essential
for a correct error propagation.

2.2.2. Multiple reference designs
The model can be further extended to contain multiple reference

loci. The number of copies and the deduced binary outcome for
partition (i, j) are denoted by Y∗

ijk and Yijk, respectively, in which
the index k refers to the reference k = 1, . . .,  K, with K the number
of reference loci and with k = 0 referring to the target. Consider the
dummy  Xijk, which is defined as one when the signal belongs to
the kth reference and zero when the signal comes from the target.
Reference-to-reference differences are allowed by making use of
nested random effects.

For designs C and D, for a given replicate i and for a given target
or reference k, the Poisson model for the unobserved counts Y∗

ijk has
log-mean

log E{Y∗
ijk | Sk, Ri(k)} = log !ijk = ˇ0 + ˇ1Xijk + SkXijk + Ri(k) (23)

with Sk the effect of reference k on the log-mean, and Ri(k) the effect
of the ith replicate of the experiment with the PCR mix  contain-
ing reference k (or k = 0 for target in design C). The variability of
these two random effects are described by independent normal
distributions:

Sk∼N(0, "2
1 ) and Ri(k)∼N(0, "2

2 ). (24)

Hence, Sk is a random effect for the between reference locus
variation and Ri(k) is a random effect for the interreplicate variation
nested within a given target or reference. Note that the model for-
mulation assumes that the random effects are exchangeable (see
Supplementary Material 4, Section 4 for more information).

The same model applies to design E, except that the index k in
Ri(k) should be replaced by an index k* which is an indicator of the
unique PCR mix  (each row in panel E of Fig. 1 represents a unique
PCR mix). The model for design F is also similar, except that the
replicate effect Ri(k) does not depend on reference k, because in this
multiplex experiment all references are potentially included in all
partitions, i.e. in each replicate all references are included in the
PCR mix. Hence, the nested random effect Ri(k) in model (23) has to
be replaced by Ri.

As before, the model parameters can be estimated from the cor-
responding GLMM for the binary outcome:

log(− log(P{Yijk = 0 | Sk, Ri(k)})) = ˇ0 + ˇ1Xijk + Sk + Ri(k). (25)

For design C the CNV is first given for target versus a single
reference k, based on replicates i and i′:

CNVi,i′;k =
exp(ˇ0 + Ri(0))

exp(ˇ1 + ˇ1 + Sk + Ri′(k))
Nb

= exp(−ˇ1 − Sk + Ri(0) − Ri′(k))Nb. (26)

The overall CNV is obtained by averaging over all replicates and
all references (see Supplementary Material 4, Section 2 for details):

CNV = E{CNVi,i′;k} = exp
!

−ˇ1 + 1
2

"2
1 + "2

2

"
Nb. (27)
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Copy number variation: single versus multiple ref. genes
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Copy number variation: single versus multiple ref. genes
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Copy number variation: selection of ref. genes
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Shiny Application GLMM: read data
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Shiny Application GLMM: absolute quantification
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Shiny Application GLMM: absolute quantification
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Shiny Application GLMM: gene stability
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Shiny Application GLMM: gene stability
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Shiny Application GLMM: CNV
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Shiny Application GLMM: CNV
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Shiny Application GLMM: CNV
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Shiny Application GLMM: CNV
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dPCR Website UGent

dpcr.ugent.be
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Summary

We propose to use GLMMs for analysis of dPCR data:

binomial distribution with a complementary log-log link
flexible framework that is adjustable to many settings
based on widely available methodology (e.g. in R)
R functions and easy-to-use Shiny applications are available
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