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The last decade has seen a rapid development of experimental techniques that allow data
collection from individual cells. These techniques have enabled the discovery and characterization of variability within a population of genetically identical cells. Nonlinear mixed effects (NLME) modeling is an established framework for studying variability between
individuals in a population, frequently used in pharmacokinetics and pharmacodynamics,
but its potential for studies of cell-to-cell variability in molecular cell biology is yet to be exploited. Here we take advantage of this novel application of NLME modeling to study cell-tocell variability in the dynamic behavior of the yeast transcription repressor Mig1. In particular, we investigate a recently discovered phenomenon where Mig1 during a short and transient period exits the nucleus when cells experience a shift from high to intermediate levels
of extracellular glucose. A phenomenological model based on ordinary differential equations describing the transient dynamics of nuclear Mig1 is introduced, and according to the
NLME methodology the parameters of this model are in turn modeled by a multivariate probability distribution. Using time-lapse microscopy data from nearly 200 cells, we estimate this
parameter distribution according to the approach of maximizing the population likelihood.
Based on the estimated distribution, parameter values for individual cells are furthermore
characterized and the resulting Mig1 dynamics are compared to the single cell times-series
data. The proposed NLME framework is also compared to the intuitive but limited standard
two-stage (STS) approach. We demonstrate that the latter may overestimate variabilities by
up to almost five fold. Finally, Monte Carlo simulations of the inferred population model are
used to predict the distribution of key characteristics of the Mig1 transient response. We find
that with decreasing levels of post-shift glucose, the transient response of Mig1 tend to be
faster, more extended, and displays an increased cell-to-cell variability.
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Introduction
Cell biology data has traditionally been acquired by analyzing samples containing a large number of cells. However, data that has been produced by averaging the properties of individual
cells may result in misleading interpretations of actual behaviors and underlying mechanisms
[1–3]. Today, experimental methods are available that make it possible to measure certain
quantities at the level of individual cells. These methods include techniques such as flow cytometry, fluorescence microscopy, and single cell transcriptomics, proteomics, and metabolomics. The development of experimental methods operating on single cells have enabled the
study and characterization of cell-to-cell variability, adding a new dimension to the understanding of cell biology. For instance, flow cytometry has been used to study the population
variability of the GAL regulatory network in yeast [4] and T cell activation [5]. This method
produces snapshot data of the population at one or several time points. Each cell is only used
for one single measurement, but the method can on the other hand be used to analyze a very
large number of cells. For the generation of time-resolved data of the same particular cells, fluorescence microscopy of cells expressing proteins tagged with fluorescent proteins, e.g., GFP,
has emerged as a powerful technique. Compared to the high-throughput capabilities of flow cytometry, time-laps imaging using fluorescence microscopy is typically carried out on a low- or
medium-throughput scale. However, this data is substantially richer in information than snapshot data due to the temporal tracking of the same individual cells. Time-resolved data from
single cells generated by the combination of microscopy and fluorescent proteins have been
used in a large number of studies, including for instance investigations of nuclear accumulation
of transcription factor activator ERK2 [1], golgi maturation in yeast [6], and stress-induced nuclear translocation of yeast kinase Hog1 [7] and transcription factors Crz1 [8] and Msn2 [9].
Although various cell-to-cell variability aspects of such data are increasingly being quantified
and classified, the development of appropriate mathematical models and modeling approaches
is still in its infancy. The need for suitable modeling approaches to describe the variability in
dynamic behavior of cell populations has previously been pointed out by the authors of the
present work [10], and by others [11], and research activities within this field are expected
to increase.
Cell-to-cell variability between genetically identical cells, cultured under the same conditions, originates from the inherently stochastic nature of biochemical reactions. The sources of
contribution to variability in gene expression can be separated into the effect of intrinsic noise
on the actual reactions themselves, and extrinsic noise in the concentration of components participating in gene expression [12–14]. The latter concentrations are in turn ultimately also determined under the influence of intrinsic noise. Similarly, cell-to-cell variability may
additionally originate from the intrinsic and extrinsic fluctuations in other parts of the cellular
machinery, such as signalling pathways, and may further be impacted by small local differences
in the external environment of individual cells. To mathematically model aspects of variability
that are dominated by intrinsic noise, thus displaying noisy dynamics, stochastic approaches
are required [2, 15, 16]. These typically involve the chemical master equation, or more commonly, approximations thereof. However, in many cases noise will establish itself as different
expression-levels of various proteins, such as metabolic and signalling enzymes [5, 11, 14] and
it is in fact often argued that such extrinsic noise is the dominant source of variability [12, 14,
17–19]. Cell-to-cell variability caused by different levels of protein expression can be described
by deterministic models, where the values of parameters describing protein concentrations, enzymatic rate constants, etc., are distributed across the population. This approach was taken in a
computational study on the behavior of protein kinase cascades [20]. Here, the authors explored the variability in signalling activity through simulations where enzyme concentrations
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were randomly sampled from log-normal distributions. In another study on the heterogeneous
kinetics of ATK signalling [21], an ordinary differential equation model was fitted to average
population data. The behavior of individual cells was then simulated by log-normal sampling
of parameters representing enzyme concentrations. Still other examples can be found in
modeling of the cell-to-cell variability of apoptosis signalling [18, 22, 23]. Importantly, in neither of these studies were the parameter distributions estimated using single-cell data.
Estimation of parameter distributions for models of heterogenous cell populations has previously addressed the special case of single cell snapshot data. This has been done using Bayesian approaches, for models with either deterministic [24] or stochastic [19] dynamics, and
using maximum likelihood approaches for deterministic models [25]. Recently, Bayesian estimation methods for models with stochastic dynamics have also been customized for the case of
time series measurements of the same single cells [26, 27]. In this work we extend on the approaches of deterministic single-cell dynamic modeling by incorporating parameter variability
by means of so called nonlinear mixed effects (NLME) modeling, and estimating parameters
from time series data using a maximum likelihood approach. NLME is a well-established and
wide-spread approach to describe inter-individual variability between subjects of a population.
It has a long history with numerous successful applications within various scientific fields [28],
in particular including dynamical models in population pharmacokinetics and pharmacodynamics, but is sofar largely unexploited for addressing cell-to-cell variability in cell biology-oriented fields. An essential feature of the NLME framework is that all individuals of a population
share the same model structure and that differences between subjects are due to different values
of model parameters. Thus, the approach is suitable if it is reasonable to assume that the same
mechanisms are controlling the behavior of different cells but quantitative details represented
by parameter values may differ from one cell to another. This is implemented in the model by
letting a subset of the parameters be described by a multivariate probability distribution, whose
statistical properties are in turn parameterized by a set of additional parameters. Furthermore,
as NLME facilitates the identification of parameters by considering the information from all individuals simultaneously, it is an especially appropriate modeling strategy when considering
the often sparsely in time sampled data from single cells. We here apply NLME modeling in
the novel context of single-cell data, using it to quantify the dynamic behavior of the yeast transcription factor Mig1.
Glucose and fructose are the most preferred carbon sources in Saccharomyces cerevisiae and
the presence of any of these sugars activates the transcriptional repressor Mig1. This mechanism is referred to as glucose repression and involves genes required for the uptake and utilization of alternative carbon sources, gluconeogenic genes and the genes required for respiration
[29]. A central role in glucose repression is played by the yeast AMP-activated protein kinase,
Snf1 [30]. Snf1 is activated in response to glucose depletion by phosphorylation of the Thr210
residue within its activation loop [31]. This activation is promoted by any of the upstream activating kinases Sak1, Elm1 and Tos3 [32–34]. Snf1 phosphorylation is mainly antagonized by
the activity of the Reg1-Glc7 protein phosphatase 1 (PP1) [35]. Active Snf1 phosphorylates the
transcriptional repressor Mig1 promoting its dissociation from the co-repressor complex Ssn6
(Cyc8)-Tup1 and its nuclear export [36, 37]. Addition of glucose results in a rapid dephosphorylation of Snf1 and Mig1 and subsequently in nuclear accumulation of Mig1 [38, 39].
We recently published single-cell time-series data of Mig1 localization [39]. One of the interesting findings in that study was the behavior of Mig1 when glucose-grown cells experienced
a shift in extracellular glucose from a high level (4%) to an intermediate level (1.5, 1.0, and
0.5%). In contrast to shifts to low concentrations of extracellular glucose, in response to which
Mig1 persistently re-localized to the cytosol, shifts to intermediate levels of extracellular glucose caused Mig1 to first rapidly exit from the nucleus but then gradually return to its original
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nucleocytoplasmic distribution. Thus, it appears that the Snf1-Mig1 system can respond to a
change in glucose concentration but depending on the absolute concentration level the system
may perform some kind of adaptation. Such a transient response was an unexpected finding
and the mechanism behind the apparent adaptation is unknown. In fact, considering a recent
study involving 24 different mechanistic mathematical model variants [40], all based on up-todate understanding of the Snf1-Mig1 system on the molecular level, none of the investigated
models would be able to account for the transiently cytosolic Mig1. This can be realized by recognizing that in response to a change in extracellular glucose concentration, the accumulation
of activations and inhibitions of every possible path for going from extracellular glucose to
Mig1 will drive the Mig1 localization equilibrium in the same direction. Hence, none of the
pathway combinations which were implemented in the different model variants are sufficient
to explain the non-monotonic nature of the re-entry response. Furthermore, our single-cell
time-series data clearly indicated that the extent and timing of the transient re-localization differed between individual cells. Although previous mathematical modeling efforts of the
Snf1-Mig1 system have had access to data at the single cell level [40, 41], cell-to-cell variability
has not yet been addressed.
In the present work, we set out to describe and quantify the previously reported nuclear exit
and re-entry observations, focusing especially on the population variability aspect. Due to the
lack of a mechanistically based hypothesis, a simple phenomenological model is developed.
Using the NLME approach we are able to show that this model successfully captures the main
characteristics of the transient behavior as it varies between individual cells. Importantly, we
provide a model-based quantification of the cell-to-cell variability. This variability is reported
in terms of estimated distributions of the model parameters. We show that there is a strong
correlation between the two parameters determining the time-scales of nuclear exit and reentry, respectively. This is an interesting finding as it offers a clue to the actual mechanism behind the exit and re-entry behavior. The NLME approach is furthermore compared to the simpler two-stage-approach [42]. While the latter appears to provide reasonable estimates of the
median parameter values, it severely overestimates the population variability of the parameters
and thus clearly demonstrates why NLME should be preferred. Finally, once parameter estimates have been obtained, the parameter variability of the population can be translated into
variability of any model-derived property through Monte Carlo simulations. This type of analysis is used to investigate three key characteristics of Mig1 behavior, namely the median and
variability of 1) the response time of Mig1 to a glucose shift, 2) the maximal response of nuclear
exit, and 3) the duration of Mig1 cytosolic re-localization. A comparison with a simple nonmodel-based analysis suggests that these characteristics may not be immediately accessible
from data alone. Hence, from a data quantification point of view the model, although only of
phenomenological character, is crucial for extracting quantitative information about the process generating the data.

Results
Data description
This study relies on single cell data that we recently published [39]. In brief, these data were acquired from a Mig1-GFP expressing yeast strain using an experimental setup that is combining
microfluidics, optical tweezers, fluorescence microscopy, and image processing. We study the
scenario where glucose-grown cells are experiencing an instantaneous shift in extracellular glucose, going from 4% glucose to an intermediate level. In total, data from nearly 200 yeast cells,
divided over four different data sets, are being used. The experiments are listed in Table 1.
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Table 1. Experiments.
Exp Nr

Number of cells

From

To

1

56

4%

1.5%

2

46

4%

1.5%

3

46

4%

1%

4

46

4%

0.5%

List of experiments showing the experiment number, the number of cells used, and the levels of
extracellular glucose.
doi:10.1371/journal.pone.0124050.t001

The data from experiments 1 to 4 is shown in Fig 1. The main feature of Mig1 behavior during these glucose exposure patterns is an initial rapid exit from the nucleus, followed by a
slower re-entry, where Mig1 levels are readapting towards the baseline level prior to the glucose
shift. Both the degree of Mig1 exiting the nucleus and the duration of the complete transient
phase seem to increase with decreasing levels of extracellular glucose. All cells seem to share
these characteristics but the baseline level of nuclear Mig1 and the timing and degree of exit
and re-entry are varying between individual cells.

Setting up a model
Signalling pathways are notoriously challenging to model because of the limited and uncertain
knowledge of their components and the interactions between them [43–45]. Since state-of-theart mechanistic modeling of the Snf1-Mig1 system does not support the transient Mig1 behavior described here [40], we instead aim for a phenomenological model that is as simple as possible, yet flexible enough to describe the Mig1 data. The simplicity of such a model is particularly
important in our cases since there is only one measured species from which to calibrate the
model, and since we are looking to infer not only parameters values but
parameter distributions.
A minimal model of perfect adaptation was considered for modeling the dynamics at the
single cell level. This model structure captures the main characteristics of the observed Mig1
behavior, while still providing some degree of interpretability with respect to the components
and interactions of the model. The model is illustrated in Fig 2. It consists of two state variables,
one representing the time-dependent concentration of Mig1(t) in the nucleus and one representing the time-dependent lumped effect, here denoted X(t), of one or several unknown components involved in the adaptation. Since we do not know the scaling factor between the
observed fluorescent light intensity and the underlying actual concentration of Mig1 molecules,
we chose to formulate the model in terms of the observed light intensities. The rate of accumulation of both state variables respond linearly to the level of extracellular glucose, Glu(t), which
is treated as an experimentally controlled input to the system. Considering that the amounts of
the involved components of the Snf1-Mig1 system are of the order 4 to 40 thousand molecules
per cell [40], a deterministic model is assumed to be sufficient [46]. The mass balance equations
for the state variables are defined by
dMig1ðtÞ
¼
dt
dXðtÞ
¼
dt
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Fig 1. Visualization of all single cell data. Time-series data of fluorescent light intensity for nuclear Mig1 in single cells, shown for the four different
experiments. At time zero, the extracellular glucose concentration is changed according to Table 1.
doi:10.1371/journal.pone.0124050.g001

where the rates are deﬁned as
r1

¼

k1  GluðtÞ

r2

¼

k2  XðtÞ  Mig1ðtÞ

r3

¼

k3  GluðtÞ

r4

¼

k4  XðtÞ:

The initial conditions are
Mig1ð30Þ ¼

Ms

Xð30Þ ¼

Xs ;

where we have chosen the initial time to -30 s with the convention that the input to the system
is changed at time 0. The input to the system, the extracellular level of glucose, is
GluðtÞ
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Fig 2. Illustration of the mathematical model. Extracellular glucose is controlling the rate of production of
nuclear Mig1 and a hypothetical component X. The level of X in turn modulates the degradation of nuclear
Mig1.
doi:10.1371/journal.pone.0124050.g002

where H(t) is the Heaviside step function and g is equal to either 1.5, 1, or 0.5 depending on the experiment. An observation of nuclear Mig1 at time t, yt, is modeled by introducing an additive error
yt

¼

Mig1ðtÞ þ et

where et * N(0, s), with s denoting the variance of the measurement error. In a previous study of
GFP-Mig1 [41] a moderate bleaching effect was identiﬁed from averaged single cell data. However,
these experiments involved a substantially larger number of measurements (80 per cell and experiment compared to our 15) and the samples were likely bleached to a higher degree. We did not include the effect of ﬂuorophore bleaching in our model, as the majority of cells displayed intensity
levels which eventually returned close to the starting levels. In fact, a comparison of the intensities
before the glucose shift and at 20 minutes showed that there was an average recovery level of 96%,
a number that was determined despite the fact that all cells might not fully have completed their
re-entry during the course of the experiment.
It is straightforward to show that the steady-state value of the response variable in the
model is independent of the input signal [47]. In the context of Mig1-observations, this means
that the model is limited to the experiments where the re-entry phenomena with perfect adaptation is manifested. To be able to describe Mig1 localization in response to a general perturbation in the glucose level, it is clear that some other kind of model would be necessary.
An important question in modeling arises when a model structure has been proposed but
parameter values needs to be estimated from experimental observations; is there enough information in the data to uniquely determine the parameter values? If we in addition to Mig1(t)
had been able to measure X(t), all parameters would have been structurally identifiable [48,
49]. However, when X(t) is not measured it turns out that the model is not identifiable, irre~
spective of the amount and quality of the data being used. If we let XðtÞ
¼ aXðtÞ, k~2 ¼ k2 =a,
and k~3 ¼ a  k3 , and multiply the differential equation for X(t) with α, the model equations can
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be written
dMig1ðtÞ
dt
~
d XðtÞ
dt

~  Mig1ðtÞ
¼ k1  GluðtÞ  k~2  XðtÞ
~
¼ k~3  GluðtÞ  k4  XðtÞ:

This transformation leaves the measured state variable Mig1(t) unchanged, and in this sense
results in an equivalent model. Thus, there is a redundancy in the dependence between X(t), k2,
and k3 which prevents us from uniquely identifying these parts of the model. The crucial point,
however, is that by choosing α to contain either the factor k2 or 1/k3, one of the parameters will
cancel out and the transformed model will contain one parameter less. For instance, choosing
α = k4/(k3Glu(−30)), the parameter k3 will no longer appear in the equations and does not
~
have to be estimated. This particular α also yields a very simple initial condition for XðtÞ.
In
this way we reduce the complexity of the original model but fully preserve its ability to describe
~
the observed state variable Mig1(t). The fact that XðtÞ,
k~2 , and k~3 are different from the corresponding state variable and parameters of the original model is of no concern to us since they
anyway represent aspects of a hypothesized process that is not deﬁned on the molecular level,
and hence there is no loss of interpretability. The model could have been reduced with respect
to the parameter k2 instead, but since k2 will determine the turnover-timescale of Mig1(t) reduction with respect to k3 is more convenient.
For simplicity in notation, we will now drop the tildes and let the original names of variables
and parameters refer to the reduced model. The equations defining the model in Fig 2 are
dMig1ðtÞ
¼
dt
dXðtÞ
¼
dt

k1  GluðtÞ  k2  XðtÞ  Mig1ðtÞ
k4

GluðtÞ
 k4  XðtÞ:
Gluð30Þ

Further model simplification can be achieved by acknowledging that the modeled system
should be in steady-state at the beginning of each experiment. By assuming a steady-state at t =
−30, we see that
0 ¼

k1  Gluð30Þ  k2  Xs  Ms

0 ¼

k 4  k 4  Xs ;

and thus that the values of the model parameters are constrained by the initial values. From the
second equality, we require that Xs = 1. We furthermore let the parameter k1 be a function of
the other parameters and of the input according to
k1 ¼

k2 Ms
:
Gluð30Þ

This particular choice of reparameterization is motivated by the fact that the parameter k2 can
be interpreted in terms of the turnover-timescale for Mig1(t) and Ms as the basal level of Mig1,
making the resulting model most convenient.
We now turn to the population aspect of the mathematical model and how to account for
the variability of the measured Mig1 dynamics in individual cells. In contrast to the non-random parameter values typically encountered in computational biology, variability between subjects is introduced by letting parameter values be described by probability distributions.
Specifically, we chose to let the parameters of the dynamical model described above to be
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defined as the product of a so called fixed effect parameter, which involves no randomness, and
a so called random effect parameter according to
Ms

¼ Ms eZ1

k2

¼ k2 eZ2

k4

¼ k4 eZ3 :

Here, the vector of random effect parameters, η = (η1, η2, η3), is normally distributed with zero
mean and covariance matrix Ω. This means that the parameters Ms, k2, and k4 are log-normally
distributed. Their median values are determined by the parameters Ms , k2 , and k4 , and their degree of variability is determined by Ω. The particular choice of a log-normal distribution is motivated by the universal appearance of this distribution in nature, ultimately originating from
the fundamental laws of chemistry and physics [50, 51]. For instance, the concentrations of
several mammalian signalling proteins have been shown to be log-normally distributed [5].
Since the proposed model is not a molecular-level mechanistic model, population variability of
its parameters are meant to capture the aggregated effects of the underlying variability in all
components relevant to Mig1 localization, ranging from proteins directly involved in Mig1
nucleocytoplasmic transport to proteins involved in sensing and signalling, etc.

Estimating parameters
The experimental data described previously was used to estimate the parameters of the dynamical population model. This was done by maximizing the so called FOCE approximation of the
population likelihood, using a gradient-based optimization scheme [52]. Three types of parameters were included in the parameter estimation:
• The fixed effect parameters of the model, Ms , k 2 , and k 4 .
• The variance of the measurement noise, s.
• The parameters used to define the random effect covariance matrix, ω11, ω12, ω13, ω22, ω23,
and ω33. Details of the parameterization of the random effect covariance matrix Ω are explained in the Methods section.
There are in a total 10 parameters to be estimated, collected in the vector
θ ¼ ðMs ; k2 ; k4 ; s; o11 ; o12 ; o13 ; o22 ; o23 ; o33 Þ:
Each of the four experiments were considered separately, resulting in one set of estimates
per experiment. The estimated values of the parameters for the different data sets are shown in
Table 2. For each estimated parameter, its relative standard error (RSE) is shown within parenthesis. The estimate of the initial median level of nuclear Mig1, Ms , is similar throughout the
set of experiments. Experiments 1, 2 and 3 are similar with respect to the estimates of the parameters k2 and k4 , while experiments 4 shows a slightly larger k2 and a k4 that is roughly double in size. The estimates of the measurement error variance differ for the different
experiments. Moreover, it is clear that the parameters of the dynamical model are determined
with high certainty, especially Ms which has a RSE of at most 2% in all of the four experiments.
The values of the parameters used for constructing the covariance matrix for the random effect
parameters are on the other hand somewhat more uncertain but the RSEs are in general still acceptable. One exception to this is RSE for ω13 in experiment 1. However, considering that RSE
is a relative measure and that the estimate of this parameter value is close to zero, the absolute
uncertainty is still low (standard error is 0.00128).
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Table 2. Parameter estimates.
Parameter

Exp 1

Exp 2
3

Exp 3
3

Exp 4
3

Ms

3.27 × 10 (1)

3.36 × 10 (1)

3.64 × 10 (2)

3.14 × 103 (1)

k2

0.00579 (4)

0.00473 (6)

0.00592 (9)

0.00815 (7)

k4

0.00846 (4)

0.00971 (9)

0.00999 (9)

0.0229 (8)

s

8.73 × 103 (6)

38.1 × 103 (6)

20.8 × 103 (6)

24.1 × 103 (6)

ω11

0.0653 (11)

0.0712 (20)

0.0624 (12)

0.0228 (34)

ω12

0.0391 (28)

0.0447 (53)

0.0568 (22)

0.0691 (13)

ω13

47.5 × 10−6 (25598)

−0.0377 (49)

−0.0649 (24)

−0.0322 (46)

ω22

0.231 (12)

0.144 (44)

0.313 (13)

0.252 (15)

ω23

0.0398 (108)

0.193 (35)

0.526 (16)

0.281 (25)

ω33

0.255 (12)

0.439 (17)

0.567 (12)

0.432 (16)

Estimated parameter values and their corresponding relative standard error (expressed in percentage in the parenthesis), considering each of the four
experiments separately.
doi:10.1371/journal.pone.0124050.t002

Table 3 shows the covariance matrix for the random effect parameters, and the corresponding correlation matrix. For each matrix entry its RSE is shown within parenthesis. The correlation in population variability between η1 and η2 (associated with Ms and k2, respectively) is not
very strong, and not showing a clear tendency across the experiments, but is on the other hand
not very precisely estimated either. For experiments 2 to 4 there is a moderate negative correlation between η1 and η3 (associated with Ms and k4, respectively), and here correlation estimates
are less uncertain. In these three experiments we also see that there is a substantial correlation
Table 3. Covariance and correlations matrices.
Exp Nr
1

2

3

4

Ω
0
B
B
@
0
B
B
@
0
B
B
@
0
B
B
@

6

0:0058 ð20Þ 0:009 ð35Þ 12:  10 ð25684Þ
0:055 ð26Þ

0:01 ð112Þ

C
C
A

0:065 ð25Þ
0:0085 ð27Þ 840:  106 ð735Þ
0:058 ð54Þ
0:011 ð22Þ 0:016 ð66Þ
0:37 ð25Þ

1

0

C
0:085 ð46Þ C
A

B
B
@

0:19 ð35Þ
1

0

0:017 ð58Þ

0:037 ð31Þ

C
C
A

B
B
@

1

0

C
0:12 ð37Þ C
A
0:19 ð32Þ

B
B
@

0:3 ð27Þ
0:32 ð25Þ

0:0063 ð25Þ 0:0083 ð75Þ
0:14 ð31Þ

Corr
0
1 0:51 ð24Þ
B
B
1
@

1

0:014 ð55Þ

620:  106 ð24736Þ
0:17 ð102Þ
1

1

0:038 ð652Þ 0:41 ð41Þ

1
C
C
A

1

C
0:8 ð22Þ C
A
1
1
0:25 ð60Þ 0:61 ð17Þ
C
1
0:86 ð6Þ C
A
1
1
0:28 ð69Þ 0:41 ð39Þ
C
1
0:74 ð14Þ C
A
1
1

1

1

Covariance and correlations matrices and their corresponding relative standard error (expressed in
percentage in the parenthesis), considering each of the four experiments separately. The random effect
parameters described by the ﬁrst to the third row of these matrices, are associated with the ﬁxed effect
parameters Ms , k 2 , and k 4 , respectively.
doi:10.1371/journal.pone.0124050.t003
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between η2 and η3 (associated with k2 and k4, respectively), with the precision in the estimates
being quite good. Experiment 1 on the other hand only suggest a weak correlation between η2
and η3, but may nevertheless be compatible with the other experiments since the estimated correlation is highly uncertain.
We additionally determined the maximum a posteriori estimates of the random effect parameters for each individual cell. These are the most likely values of η for an individual given
the already estimated probability distribution for these parameters, and are also known as the
empirical Bayes estimates (EBEs) [53]. To be able to trust further analysis involving the EBEs
we determined the so called η-shrinkage, defined as the relative decrease in standard deviation
of the EBEs compared to the standard deviation defined by the population estimate Ω. These
values are shown in S1 Table. It is recommended that shrinkage should not be greater than 20
to 30% to avoid misleading conclusions in EBE-based diagnostics [53]. Although two of the
percentages in experiments 2 are approaching such levels, the set of values as a whole should be
considered feasible.
The EBEs were used to further investigate the correlation between k2 and k4. Fig 3 shows
how the EBE values of the random effect parameters associated with k2 and k4 , namely η1 and
η2, are distributed in each of the four experiments. For each experiment, a normal distribution
ﬁtted to the EBE values is illustrated by two black ellipses, indicating the regions of one and

Fig 3. The distribution of maximum a posteriori η. For experiments 1 to 4 (A to D), the EBEs of η2 and η3 are shown as red points. The regions of one and
two standard deviations of a normal distribution fitted to the EBEs, and the NLME population estimate of the distribution of η2 and η3, are shown as black and
filled gray ellipses, respectively.
doi:10.1371/journal.pone.0124050.g003
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two standard deviations. The distribution of η2 and η3 deﬁned by the population estimate Ω is
similarly illustrated by ﬁlled grey ellipses. This analysis conﬁrmed the results displayed in
Table 3. Again, there is only a slight correlation of the EBEs in experiments 1 (0.16), as shown
in Fig 3A, but a pronounced correlation for the other three experiments (0.86, 0.87, 0.70), as
shown in Fig 3B, 3C and 3D. The somewhat worse shrinkages of experiment 2 are also seen in
Fig 3B as a difference between the ﬁlled and non-ﬁlled ellipses, respectively (although yielding
very similar variances, please note that the black ellipses are based on ﬁtting the EBEs to a normal distribution while the η-shrinkage is just based on the variance of the EBEs). In experiment
3, Fig 3C, ﬁve cells (with numbers #1, #2, #14, #26, and #29) stand out a bit from the others. Because of their comparatively more negative values of the random effect parameters, these cells
have smaller effective values of k2 and k4 and should therefore display slower dynamics in response to the glucose shift. These cells may constitute a subgroup, but because of the relatively
small sample size, and because of potential uncertainty in the EBEs of those cells, it is difﬁcult
to say with certainty. To make sure that these cells were viable and intact we went back to the
raw images and inspected them manually. All cells looked normal although cell #29 appeared
to be smaller and with a less developed nucleus.

Comparing the inferred model to data
The behavior of the model using the estimated parameter values was examined. We simulated
the Mig1 dynamics of a typical cell by setting the random effect parameters to zero. For each of
the four experiments, this simulation is shown together with the data from all cells in the first
row of Fig 4. Additionally, we used the derived EBEs to simulate the model for specific cells
and compared the results to the experimental observations. This was done for four representative cells per experiment and the results are shown in rows two to five in Fig 4. Plots of all individual cell data and model simulations for the four different experiments are shown in S1, S2,
S3, and S4 Figs, respectively. Despite its simplicity the proposed model captures the different
single cell Mig1 dynamics well, including cells with a “median response” (Exp 2 #21), high
(Exp 2 #30) and low (Exp 3 #31) initial levels of Mig1, respectively, with fast (Exp 4 #9), and
slow (Exp 4 #41) dynamics of the transient behavior, respectively, as well as cells with fewer
data points (Exp 1, #30). We also note the unusually slow dynamics of cell #2 in experiment 3.
This is one of the cells which we showed previously (Fig 3C) to have values of the EBEs that deviated from the others cells, and whose slower dynamics was already predicted at that point.

Accounting for background fluorescence
The model was built under the assumption that the observed fluorescent light intensities are
proportional to the actual concentration of Mig1. This assumption does not account for the
presence of background fluorescence. To test whether the simplification of disregarding any
background fluorescence is critical for the outcome of the analysis, we repeated the parameter
estimation using the modified observational model
yt

¼ b þ Mig1ðtÞ þ et ;

where b is a parameter to be estimated from data. The details of the parameter estimation are
described in S1 Text, the results of the parameter estimation is shown in S2 Table and the corresponding random effect covariance and correlation matrices are shown in S3 Table, and
plots of all individual cell data and model simulations for the four different experiments are
shown in S5, S6, S7, and S8 Figs. In summary, changing the observation model to account for
background ﬂuorescence gave a marginally better ﬁt to data but the parameter estimation
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Fig 4. Model simulations and data. The first row show plots of all single cell data together with a simulation of a cell using the median parameters for each
experiment, respectively. Rows two to five shows data and corresponding model simulations (derived using the EBEs) for a subset of all cells, exemplifying
the fit on the individual level. The simulated median cell is shown in dashed for comparison. Columns one to four correspond to experiments 1 to 4.
doi:10.1371/journal.pone.0124050.g004

suffered from issues with practical identiﬁability [54] and this model variant was therefore not
considered further.

Using all data sets simultaneously
Having estimated parameters successfully for each experiment separately, we decided to use all
four data sets simultaneously for estimating the model parameters. The details of this analysis
are described in S2 Text, the results of the parameter estimation is shown in S4 Table and the
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Fig 5. The distribution of EBEs of η for all cells in all experiments. The EBEs from individual cells are color-coded according to the experiments in which
their data was produced using blue, pink, yellow, and green, for experiments 1 to 4, respectively.
doi:10.1371/journal.pone.0124050.g005

corresponding random effect covariance and correlation matrices are shown in S5 Table, and
plots of all individual cell data and model simulations for the four different experiments are
shown in S9, S10, S11, and S12 Figs. We then reinvestigated the distribution of the EBEs of the
random parameters associated with k2 and k4 , shown in Fig 5. As in Fig 3, a normal distribution
ﬁtted to the EBE values is illustrated by two black ellipses indicating the levels of one and two
standard deviations, and the distribution of η2 and η3 deﬁned by the population estimate Ω is
similarly illustrated by ﬁlled grey ellipses. To separate the EBEs belonging to individual cells
from the same experiment, we color-coded the dots for experiments 1 to 4 in blue, pink, yellow,
and green, respectively. While the EBEs for experiments 1 to 3 display apparently similar distributions, though the ﬁve cells from experiment 3 still stand out, it is clear the cells from experiment 4 have consistently higher values of their random effect parameters, especially η3. Thus,
even if the simulated Mig1 dynamics compare well with the single cell experimental observations, a model using the same parameter distributions k2 ¼ k2 eZ2 and k4 ¼ k4 eZ3 for all experiments is in some sense still misleading, and the results from the separate analysis should be
considered more trustworthy.

Comparing population parameter estimates to the statistics of single
subject estimation
If every cell contains sufficient information to precisely estimate the parameters of the dynamical model, the parameters describing the population variability could simply be derived by fitting a parameterized distribution to the collection of all individual estimates. This
straightforward approach to population modeling is known as the standard two-stage (STS)
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Table 4. Comparison of STS to NLME.
Parameter

Exp 1
All cells

Exp 1
3 cells removed

Exp 2
All cells

Exp 2
2 cells removed

Exp 3
All cells

Exp 4
All cells

Exp 4
2 cells removed

Ms

101

100

100

101

100

102

103

k2

105

101

149

104

100

99

96

k4

94

98

140

99

100

97

88

s

30

67

31

58

70

27

64

Var[Ms]

101

97

123

107

109

412

394

Var[k2]

217

132

8797

490

129

510

177

Var[k4]

182

153

3329

206

142

839

217

The parameters estimates from the STS approach, either including all cells or removing cells with outlier estimates, expressed as percentages of the
corresponding values derived from the NLME approach.
doi:10.1371/journal.pone.0124050.t004

approach [42]. However, even moderate issues with identifiability for the parameter estimation
of single cells may lead to biased estimates of population median parameters and overestimation of parameter variability. Being a much easier method to implement, and requiring substantially shorter times for computing the estimates, we decided to test whether the STS
approach would be a feasible alternative to NLME. For each of the four experiments, the values
of all random effect parameters were set to zero and the values of Ms, k2, k4, and s were estimated for every cell. The resulting sets of parameter values were subsequently fitted to log-normal
distributions. To avoid that extreme parameter estimates from uninformative single cell data
sets had an unreasonably large impact on the estimated distributions, we repeated the analysis
by removing single cell estimates that had at least one parameter value that differed more than
15 times from the median value of the set of individual estimates. This meant the exclusion of 2
cells from experiment 1, 3 cells from experiment 2, and 3 cells from experiment 4. No outliers
were removed from experiment 3. The results of the comparison between STS and NLME is
shown in Table 4, expressing the STS parameter estimates as percentages of the corresponding
NLME estimates. The STS approach performed acceptably for estimating the median values of
all experiments except for experiment 2 when all cells were used. When the outlier estimates
had been removed it performs satisfactory for estimating median values in all experiments.
The estimates for the measurement variance, s, were in all cases substantially lower. However,
this parameter was not assigned to be distributed in the NLME approach, making the comparison more difficult. Importantly, with a few exceptions regarding the variance of Ms, there is a
clear overestimation in the variance of the model parameters, and this bias is in some cases
considerable. It is obvious that a naive application of the STS approach, i.e., without screening
for deviating values first, will give highly questionable estimates of the variability. Additionally
we observed that even with a more careful use of the STS approach, variances may still be severely overestimated. For instance, the variance of k2 in experiment 2 is nearly five times larger
when comparing the STS estimate to that of the NLME approach.
To illustrate why the STS approach gives different results than NLME three specific cells
were examined more closely (Fig 6). Many cells contain an amount of information that is sufficient for the STS approach to produce similar estimates as the NLME at the single cell level. Fig
6A shows one such example where the simulations using the two different estimates practically
look identical. In this example the NLME simulation used the value-triplet (3565, 0.00667,
0.00754) for the parameters (Ms, k2, k4), and the STS simulation used the highly similar values
(3578, 0.00668, 0.00738). When all cells are included in the analysis, a few rare time-series
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Fig 6. Comparing simulated Mig1 dynamics for individual cells using parameter from the STS and NLME approaches. Simulations with parameter
values from the STS analysis are shown in blue, and in black for NLME. Simulations of typical cells are shown in dashed. A. An information-rich data set
which by itself allows precise estimation of model parameters. The typical STS cell was simulated using the median parameters considering removal of
outliers. B. The extreme case of an uninformative data set (only one data point). Here the STS approach may produce arbitrary parameter estimates which
leads to questionable simulations as well as corrupting the population statistics of individual estimates. In this example the typical STS cell was simulated
using the median parameters without considering removal of outliers, producing a different results compared to the typical NLME cell. C. A cell where the
information content is too low for estimating all parameters with high precision. Model fits like this contribute to overestimation of parameter variability on the
population level. The typical STS cell was simulated using the median parameters considering removal of outliers.
doi:10.1371/journal.pone.0124050.g006

containing only one or two data points will be used. Fitting all model parameters to such data
will produce completely arbitrary estimates due to lack of identifiability. This kind of scenario
is shown in Fig 6B. Because the NLME approach is “borrowing” information (in form of the
empirical prior) from the other cells when computing the estimate for a single cell, this simulation still resembles the median cell, while the STS simulation on the other hand produces a
much more extreme behavior. We can also see that the simulated median cell of the population
differs when the median parameters has been determined from all individual estimates. In this
example the NLME simulation used the values (3007, 0.00442, 0.0104), while the STS used the
very different values (2732, 0.0201, 0.00509). The inclusion of cells like these in the analysis is
the reason why the STS approach where no estimates were discarded performed so badly. Fig
6B also shows that the dynamics of a typical cell derived from the STS approach without discarding outliers may differ to the typical cell of the NLME approach. As shown in Table 4 the
STS approach can be improved by removing obvious outliers from the set of individual cell parameters. Although it is straightforward to remove parameter estimates from obviously noninformative data sets, e.g., time-series containing only a single data point, such preprocessing will
to some extent be arbitrary. Consider for instance the single cell data in Fig 6C where the
NLME and STS simulations used the values (3360, 0.00619, 0.0171), and (3185, 0.0151,
0.0557), respectively. There are 13 data points for this cell, yet it lacks the good identifiability
properties from the example in Fig 6A. In such cases the STS approach tend to produce exaggerated, but not extreme, estimates, which contributes to bias and variability overestimation on
the population level.

Predicting the variability of the response activation time, amplitude, and
duration
Having established an NLME model, it is possible to repeatedly simulate this model in order to
determine the population-distribution of any property being described by the model. This was
done to compute the population statistics of three quantitative measures of the transient Mig1
dynamics:
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• Response time. The time it takes to reach the lowest concentration of nuclear Mig1 after a
shift in extracellular glucose.
• Amplitude. The amplitude of the response measured in % below the baseline.
• Duration. The total time during which nuclear Mig1 remains below the level of halfmaximum response.
These measures are illustrated in Fig 7A. According to the estimated population variability of
the parameters Ms, k2, and k4, we randomly created 100 000 in silico cells per experiment and
simulated their Mig1 dynamics. The distributions and the typical values (medians) of the response time, amplitude, and duration are shown in Fig 7B, 7C and 7D, respectively. The typical
values are also shown in Table 5. We observe that the simulated median response time is similar for concentrations of 1.5% and 1% glucose, respectively, but decreases markedly at 0.5%.
Additionally, there is an increased variability of the response time for the intermediate concentration. The simulated amplitude of the Mig1 response exhibited quite small differences between the three conditions, both with respect to the median and the variability. A clear increase
in median duration of the simulated response was observed as glucose concentrations decreases. The variability of the duration also increased with decreasing glucose levels. A similar
behavior of the response duration was observed also when this quantity was defined by other
levels than 50% of the maximum response (not showed).
As a comparison to the model-based predictions of Mig1 dynamics, a simple non-modelbased analysis was performed directly on the data and on dense data sets generated by smoothing and resampling the experimental data. The results from the simple analysis are shown together with the model-based predictions in Table 5. The simple analysis gave similar results for
the amplitude, but did not identify an increased duration with decreasing extracellular glucose
concentrations, and did furthermore suggest an opposite dependence of the typical response
time on extracellular glucose concentrations when compared to the model-based predictions.
Also, compared to the smooth distributions from the model-based analysis, the corresponding
population histograms from the simple analysis were much less informative due to the limited
number of cells and/or a binning based on the rather few discrete time points of the data, as
shown for the simple analysis of the experimental data in S13 Fig.

Discussion
State-of-the-art experimental techniques such as fluorescence microscopy allow time-resolved
data to be collected from individual living cells. This development has provided researchers
with tools enabling them to investigate various aspects of cell-to-cell variability in cell populations. The progress of single cell experimental methods requires a parallel advancement in the
development of mathematical models for describing cell population heterogeneity. We propose
that so called nonlinear mixed effects (NLME) models, a class of models that for example is
used for modeling variability between individuals in pharmacological studies, also may be
adopted for modeling cell-to-cell variability in molecular biology. The usefulness of this framework was demonstrated by applying a model of this type to study the localization dynamics of
the yeast transcription factor Mig1. This protein is a key component in the regulation of carbon
metabolism, responsible for repressing a larger number of genes in the presence of glucose.
Using an NLME model we were able to quantify and simulate the cell-to-cell variability of
yeast cells with respect to their behavior of Mig1. Comparing the proposed modeling methodology to a second more intuitive approach, we showed that the former is crucial in order to not
overestimate the variability. An additional comparison of the NLME model to a simple non-
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Fig 7. Distribution of the model-derived quantities response time, amplitude, and duration. A.
Illustration of response time, (negative) response amplitude in % of baseline, and duration of half-maximal
response. Distribution of activation (B), amplitude (C), and duration, for experiment 1 and 2 (blue), experiment
3 (pink), and experiment 4 (yellow). The typical cells (median response) are indicated by vertical dashed
lines. Distributions of the model-derived quantities were determined from 100 000 Monte Carlo simulations
per experiment.
doi:10.1371/journal.pone.0124050.g007

PLOS ONE | DOI:10.1371/journal.pone.0124050 April 20, 2015

18 / 32

A Nonlinear Mixed Effects Approach for Cell-To-Cell Variability

Table 5. Typical values of response time, amplitude, and duration.
Quantity

Method

Exp 1 and 2 (1.5%)

Exp 3 (1%)

Exp 4 (0.5%)

Response time [s]

Model

204

211

137

Response time [s]

Simple analysis, experimental data

240

270

420

Response time [s]

Simple analysis, smoothed data

229

265

413

Amplitude [%]

Model

21

26

23

Amplitude [%]

Simple analysis, experimental data

23

29

23

Amplitude [%]

Simple analysis, smoothed data

23

28

22

Duration [s]

Model

639

758

844

Duration [s]

Simple analysis, experimental data

780

630

780

Duration [s]

Simple analysis, smoothed data

768

597

757

Typical values of time to full response, the amplitude of the response, and the duration of the response, obtained from the NLME model and from a simple
non-model-based analysis using either the original or smoothed experimental data. The typical values of derived using the model were determined from
100 000 Monte Carlo simulations per experiment.
doi:10.1371/journal.pone.0124050.t005

model-based analysis indicated that modeling may be required for reliable interpretation of
population data.

Population model of Mig1 dynamics
We recently reported on a novel and unexpected aspect of Mig1 dynamics, namely the transient exit and subsequent nuclear re-entry of this protein in response to a shift from high to intermediate concentrations of extracellular glucose [39]. Similar transient responses followed by
perfect adaption have been observed for other signalling proteins such as nuclear ERK2 in response to EGF levels [1], and the yeast kinase Hog1 in response to hyperosmotic shock [55].
Since the current understanding of the Snf1-Mig1 system does not provide a mechanistic basis
for the apparent adaptation behavior, a simple phenomenological model of perfect adaptation
was introduced to describe the observed Mig1 dynamics. The proposed model is a well known
dynamical modeling motif and has previously been presented as one of the basic signal-response elements of regulatory networks [47]. Due to its simpler structure, the qualitative behavior of the model is limited to adaptation, with the parameter values controlling the the
quantitative details of this behavior, and it can therefore not be used as a general-purpose
model of Mig1 localization in response to extracellular glucose. To account for the observed
cell-to-cell variability of Mig1 dynamics so called random effect parameters were introduced to
the model. In contrast to most dynamical models used in computational biology, a subset of
the model parameter values are now stochastic variables characterized by a distribution rather
than scalar values. Although the model was not based on known molecular mechanisms for
Mig1 regulation, it was successful in describing the experimental observations of Mig1 dynamics. It is however clear that even though such a phenomenological model can fit the data it may
not provide the same fundamental insights of a mechanistically based model. Though, given
the circumstances of limited knowledge of the mechanistic details of the Snf1-Mig1 system, we
believe that the proposed model has an appropriate level of complexity, especially considering
the population variability aspect, and that it may be a stepping stone towards future
mechanistic models.
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Parameter estimates
The model performs well with similar median values of the time constants k2 and k4 both for
1.5% and 1% glucose, although with some variations in their variability. However, in experiment 4 the estimated time constant of the adaptation process, k4, was larger and a slightly larger value of k2 was obtained as well. The fact that other parameter values are required for this
particular experiment can be seen as an indication that this level, 0.5% glucose, is close to a
threshold in the behavior of the Snf1-Mig1 system. Indeed, this was also observed in experiments, where the transient behavior disappears for extracellular glucose levels below 0.5% [39].
It also suggests that to model all four experiments simultaneously, the linear response to glucose, as defined by the adaptation model, may not be sufficient.
Although the estimates of k2 and k4 appeared to be determined with good precision in the
separate analysis, we decided to ﬁx these parameters, including their distribution within the
population, and estimate them from all experiments simultaneously. The resulting estimates
were close to the average of the separate estimates. However, from the distribution of the EBEs
(the maximum a posteriori estimates of the random parameters η) it was obvious that the
EBEs from the fourth experiment formed a separate cluster. This most likely violates the assumption that the random effect parameters from the different experiments are identically distributed and conﬁrms what was already suspected based on the different and quite welldetermined values of k2 , and k4 in the separate analysis of experiment 4. Thus, the simultaneous
analysis of all four experiments again suggests that the characteristics of Mig1 regulation is
changing at a glucose level around 0.5%.
To account for background fluorescence we set up an alternative model of the measurement
process. This did only result in a marginal improvement in the ability to explain the data, and
since parameter estimation for this model appeared to experience problems with practical
identifiability, it was not considered further. We want to stress that this does not mean that
there is no background fluorescence, only that with the alternative model and the available
data it appears unfeasible to estimate it. Finally, even though the results from this altered
model should be interpreted cautiously due to the issues with parameter identifiability, we note
that the model behavior was highly similar to the original model and that the correlation in
population variability between k2 and k4 remained.

Interpreting the model
Mig1 is continuously being transported in both directions across the nucleocytoplasmic interface and that its localization is dependent on the balance between these fluxes [39]. A change in
Mig1 localization is thus due to a change in the balance between the rates of nuclear import
and export. In light of this, the model can be interpreted as two counteracting mechanisms on
Mig1 cellular localization: One quickly responding mechanism that promotes transport of
Mig1 into the nucleus in response to an extracellular glucose signal (r1), and another delayed
mechanism that counteracts the first one by promoting nuclear exit in response to glucose (the
modulation of r2 by X). However, our present understanding of the signalling network controlling Mig1 activity does not include any mechanism that operates by favoring phosphorylation
and cytosolic localization in response to the presence of glucose. Moreover, we observed a
strong correlation in the cell-to-cell variability of k2 and k4, the parameters which determine
the time scales of the two counteracting mechanisms. This means that if a mechanism of the
second kind existed, it must be highly coordinated with the first one. As this might require a
very precise orchestration in the expression of the hypothetically involved signalling components, we consider the explanation of counteracting mechanisms for the transient behavior
even less likely. Taken together, it appears more plausible that the transient pattern is already
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present in the dynamics of an upstream pathway component that is controlling Mig1 localization according to the first type of mechanism. At least three candidate components may be
considered for transmitting such a transient signal to Mig1:
• Snf1. This is a strong candidate since we know that on the averaged population level, Snf1
displays a temporal phosphorylation pattern that is similar to that of Mig1 localization [39].
However, the dynamics of Snf1 phosphorylation on the single cell level has not
been investigated.
• Glc7-Reg1. Although mathematical modeling results and the lack of direct experimental evidence disfavor a direct regulation of Mig1 by Glc7-Reg1 [40], this scenario can not be ruled
out. This phosphatase may alternatively transmit a transient signal indirectly via its effect on
Snf1 phosphorylation.
• It has been observed that constitutively phosphorylated Snf1, as the result of overexpressing
its upstream kinase Sak1, did not affect either Mig1 phosphorylation or its localization in the
presence of glucose [40]. Based on this it was suggested that Snf1 activation is a necessary but
not sufficient condition for mediating glucose de-repression, and that there must be a second
glucose-regulated step directing Snf1 to Mig1. Such a mechanism may constitute the upstream source of the transient signal.
A combination of these scenarios would also be possible. Furthermore, the transient pattern
need not emerge at the level of one of these components but could be present even further upstream, perhaps even in glycolysis itself which in a not fully understood manner generates the
signal(s) for Snf1-Mig1 regulation. Further investigating the origin of the transient behavior,
and the mechanisms behind its cell-to-cell variability, would be an interesting proposition for
future single-cell studies.
A moderate negative correlation in the population variability of Ms and k4 was also found.
This suggests a negative correlation between the levels of Mig1 and the timescale of the hypothesized adaptation process. This may very well be reasonable considering that molecular processes of the Snf1-Mig1 system which directly involve the Mig1 protein, such as
phosphorylation and inter-compartment transport, may be subject to saturation effects. Thus,
in cells where Mig1 levels are higher than average, the adaptation tends to be slower since a
higher number of molecules has to be regulated by a capacity-limited system.

Predicting the variability in response time, amplitude, and duration
Estimates of how parameters vary across the population can not only be analyzed as such, but
they can also be used to derive the population variability of any system behavior described by
the model. This can be achieved by Monte Carlo simulations using the inferred population
model. Such model-based quantification is a powerful tool since it allows us to compute the
cell-to-cell variability in aspects of Mig1 regulation which are not easily measurable directly
from the time-series data. We used this approach to predict the population variability in three
key determinants of the transient Mig1 response. From the results of this analysis (Fig 7) the
following was concluded:
• The response time decreases as the level of the secondary glucose concentration decreases.
Compared to the 1.5% level, the intermediate level (1%) additionally displays an increased
cell-to-cell variability in the response time.
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• The amplitude of the response, as determined relative to the baseline Mig1 level of each cell,
appears to be largely independent of the glucose level, both with respect to its median value
and with respect to its variability.
• The duration of the transient response is increased as the glucose level is decreased. Compared to the 1.5% level, there is also a clear increase in cell-to-cell variability of the duration.
To summarize, as the level of glucose after the shift is decreased, the transient Mig1 response
tended to be faster and more extended, as well as showing an increased cell-to-cell variability in
both of these two characteristics. Interestingly, we also note that all distributions of the investigated response characteristics appear to be log-normally shaped.
The model-based simulations of variability in response time, amplitude, and duration were
also compared to a simple analysis based directly on the experimental data and on the corresponding smoothed and resampled data. Contrary to the model-based results, the simple data
analysis did not identify an increasing duration of the response with decreasing extracellular
glucose concentration, and did furthermore imply an increasing, rather than decreasing, response time with decreasing extracellular glucose concentration. Although such differences
will depend on both the particular model used and on how the simple analysis is executed, the
comparison suggests that a model-based approach may be more reliable for studying cell-tocell variability in sparse or noisy data.

NLME should be preferred to STS
We compared the results from NLME modeling to the more naive STS approach, which consists of performing parameter estimation on single cell data separately and subsequently fitting
parameterized distributions to the resulting set of point estimates. Since the estimation of parameters for individual subjects do not rely on information from the rest of the population, the
STS approach may tend to over-fit the data, potentially leading to biased estimates but even
more commonly to overestimation of parameter variability [42]. Although the two methods
provided comparable estimates of the median parameter values, the STS approach severely
overestimated parameter variability. The results were particularly bad when estimates from
some of the most sparse data sets were included. On the other hand, the NLME modeling approach was fully capable of handling these sparse data sets. In fact, even individuals with just a
single observation were feasible and added information to the estimation. For the present study
this meant that we did not have to discard any data, allowing us to use the available measurements optimally. Our data included up to 15 data points per individual cell. It is however realistic to assume that some single cell studies may involve substantially sparser sampling of certain
quantities, creating an even stronger motivation in favor of the NLME approach compared to
STS.
It must be recognized that sparseness in data, determined from counting the number of observations as such, may be a poor indicator for determining if the STS approach will be appropriate. Our comparison of the individual fit of the STS approach to the EBE-based estimate
resulting from the NLME population estimation in Fig 6C illustrates this point. If this data set
had been very rich in information the NLME-derived population prior would have had a
minor impact on the EBE parameter estimate, and the resulting dynamics, and the two approaches would have produced similar results for this cell. Since this was not the case, it is clear
that data sets which are not obviously sparse in the sense of containing very few observations
(this data sets contained 13 data points) are not automatically suitable for the STS approach.
The important question is rather whether the balance between information content in the data
and the complexity of the model allows parameters to be estimated with high precision,
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considering the individual data sets in isolation. Thus, the advantage of NLME over STS is ultimately determined not only by the data sets at hand but also by the particular model being
used. Another way of looking at the NLME approach compared to the STS approach would
therefore be that the complexity of the model can be allowed to increase, beyond the point of
practical identifiability in single subjects, as long as there is enough data on the
population level.
Parameter estimates of individual single cell data have previously been performed in a
model of the NF-κB signalling pathway [56]. Here, 6 parameters were estimated for 20 different cells using 15 data points per cell, and the authors noted that some of the parameters were
estimated with a quite high uncertainty. Had parameter distributions been fitted to these single
cell estimates, the risk of overestimating parameter variability would probably had been high.
In another mathematical modeling study of cell-to-cell variability [23], parameter estimation at
the single cell level was performed by complementing the single cell time lapse data with other
types data, with the purpose of increasing parameter identifiability.

The need for population modeling frameworks
The idea of applying hierarchical modeling, such as NLME, to longitudinal population data acquired at the level of single cells has previously been acknowledged and outlined by the authors
of this work [10]. Since then, initial efforts towards single cell modeling using the NLME approach have in fact been considered in a few cases [57, 58], but the full potential of the approach has yet to be realized. The present study is to our knowledge the first one to combine,
and in detail cover, aspects of NLME modeling such as uncertainty of estimates, investigation
of EBEs and comparison of simulations to single cell data, and using an estimated model for
prediction. Also, this is the first study in which NLME has been applied not only with a focus
on its technical aspects but also with an ambition to advance the understanding of cell biology.
In parallel with the developments within NLME modeling, single cell time series data have
recently also been approached using hierarchical Bayesian methods [26, 27]. In addition to extrinsic variability these efforts also considered intrinsic noise. Although a deterministic approach seems to describe the single cell Mig1 data studied here quite well, an extension of the
NLME approach to also cover uncertainty in the dynamics would be interesting. One way of
achieving this would be to replace the ordinary differential equation by so called stochastic differential equations (SDEs). The combination of NLME and SDE has previously been considered in pharmcokinetics and pharmcodynamics [59–61]. Not only would this allow intrinsic
noise to be addressed within the NLME framework, but the SDEs could also be used to account
for miss-specification of the deterministic parts of a model. Applying dynamical modeling with
SDEs towards this end has previously proven useful for guiding the process of model development [62]. This strategy may be especially rewarding for modeling of signalling transduction
pathways, as these systems typically suffer from limitations and uncertainty in the information
needed for setting up models.
The need for modeling frameworks that are able to address single cell data is perhaps most
clearly demonstrated by a growing number of studies in which such data was collected but
then averaged during the computational analysis [41, 63]. We predict that hierarchical modeling frameworks such as NLME modeling will become even more important as single cell experimental methods continue to develop, and as the biological questions will involve the single cell
perspective to a larger extent. In the future, dynamical modeling of non-genetic cell-to-cell variability may not only be relevant for basic research but also become an important ingredient in
various applied fields of life science such as quantitative pharmacology [11] and industrial biotechnology [64]. As previously pointed out [58], an intriguing future prospect of single cell
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NLME modeling is the inclusion of so called covariates in the model. Covariates are known individual-specific variables which are used to account for predictable sources of the variability.
In pharmacokinetic modeling, which frequently uses the NLME approach, covariates may for
instance include weight, age, and sex. In the context of single cell modeling, the addition of covariates to the model could be used to incorporate cell-specific information such as size, shape,
or age, in addition to the time-series data. Another important challenge for system identification from population data is the development of methods that can handle the combination of
measurements at the single cell level with the traditional type of data produced from averaging
over many cells.

Methods
The yeast strains, experimental setup, and imaging and image analysis, have been described
previously [39].

Parameter estimation for NLME models
NLME models are often used in situations where sparse time-series data is collected from a
population of individuals subject to inter-individual variability. These models contain both so
called fixed effect parameters, being non-random, and so called random effect parameters,
which are determined by some statistical model. Given a set of population data and a NLME
model, the fixed effect parameters can be estimated according to the maximum likelihood approach. The likelihood subject to maximization is the so called population likelihood. This is a
special kind of likelihood that has been marginalized with respect to all random effect parameters, and that is taking the observations from all individuals of the population into account. We
now state the general form of a NLME model, the population likelihood, and its approximation
by the so called FOCE method.
Consider a population of N subjects and let the ith individual be described by the dynamical
system
dxi ðtÞ
dt
xi ðt0 Þ

¼ f ðxi ðtÞ; ui ðtÞ; Zi ; θ; ηi ; tÞ
¼ x0i ðui ðt0 Þ; Zi ; θ; ηi Þ;

where ui(t) is a time dependent input function, Zi a set of covariates, θ a set of ﬁxed effects parameters, and ηi a set of random effect parameters which are multivariate normally distributed
with zero mean and covariance Ω. The covariance matrix Ω is in general unknown and will
therefore typically contain parameters subject to estimation. These parameters will for convenience of notation be included in the ﬁxed effect parameter vector θ. A discrete-time observation model for the jth observation of the ith individual at time tij is deﬁned by
yij ¼ hðxij ; uij ; tij ; Zi ; θ; ηi Þ þ eij ;
where
eij  Nð0; Rij ðxij ; uij ; tij ; Zi ; θ; ηi ÞÞ;
and where the index notation ij is used as a short form for denoting the ith individual at the jth
observation. Furthermore, we let the expected value of the discrete-time observation model be
denoted by
^ ij ¼ E½yij :
y
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Given a set of experimental observations, dij, for the individuals i = 1,. . ., N at time points
j = 1,. . ., ni, we deﬁne the residuals
^ ij ;
ϵij ¼ dij  y
and write the population likelihood
LðθÞ ¼

N Z
Y

p1 ðdi jθ; ηi Þp2 ðηi jθÞ dηi ;

ð1Þ

i¼1

where



1 T 1
ϵ
exp

R
ϵ
ni
Y
2 ij ij ij
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
p1 ðdi jθ; ηi Þ ¼
j¼1
det ð2pRij Þ

and



1
exp  ηTi O1 ηi
2
pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ :
p2 ðηi jθÞ ¼
det ð2pOÞ

The marginalization with respect to ηi in Eq 1 does not have a closed form solution. By writing
Eq 1 on the form
N Z
Y
LðθÞ ¼
exp ðli Þ dηi ;
i¼1

where the individual joint log-likelihoods are

i 
1X
ϵTij R1
ij ϵij þ log det ð2pRij Þ
2 j¼1
n

li

¼ 

1
1
 ηTi O1 ηi  log det ð2pOÞ;
2
2
a closed form solution can be obtained by approximating the function li with a second order
Taylor expansion with respect to ηi. This is the well-known Laplacian approximation. Furthermore, we let the point around which the Taylor expansion is done to be conditioned on the ηi
maximizing li, here denoted by ηi , and we approximate the Hessian used for the expansion
with ﬁrst order terms only. Thus, the approximate population likelihood La becomes

1 !
N
Y
Dli ðηi Þ 2

:
LðθÞ  La ðθÞ ¼
exp ðli ðηi ÞÞ det
2p
i¼1
where
Dli ðηi Þ  

ni
X
1
rϵTij R1
ij rϵij  O ;
j¼1

and
rϵij ¼
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This variant of the Laplacian approximation of the population likelihood is known as the ﬁrst
order conditional estimation (FOCE) method [65].
The maximum likelihood estimate of θ is obtained by maximizing the approximate population likelihood La(θ). The parameters being estimated are all parameter included in θ, namely
the fixed effect parameters of the dynamical model, including the fixed effect parameters of the
observational model, and any parameters appearing in the random effect covariance matrix Ω.
The optimization problem resulting from the desire to maximize La with respect to θ was
solved using the BFGS method [66]. Note that every evaluation of La requires the determination of ηi for all individuals due to the conditional nature of the FOCE approximation. Thus,
the optimization of La with respect to θ involves a nested optimization of li with respect to ηi
for every individual, making the parameter estimation a challenging problem. An exhaustive
account of how the gradient-based optimization was performed for the FOCE approximation
of the population likelihood can be found in [52].
Since the approximate population likelihood involves a marginalization over the random effect parameters ηi, these are not explicitly estimated. However, once the estimate of θ has been
obtained, the maximum a posteriori estimates of the random effect parameters for each individual cell (referred to as empirical Bayes estimates in the results section) can be determined.
These are in fact equivalent to ηi , meaning that they are already provided as an indirect effect
of the ﬁnal evaluation of La.

Parameterization of the random effect covariance matrix
The elements of the random effect covariance matrix Ω cannot be chosen independently from
one another. To ensure that Ω will be positive semi-definite and symmetric, and thus a covariance matrix, it is decomposed into Ω = U UT, where U is an upper triangular matrix which can
be parameterized according to
0
1
o11 o12 o13
B
C
B
C
o22 o23 C:
U¼B
@
A
o33
Such decomposition is only unique if Ω is strictly positive deﬁnite and if the diagonal elements
of U are positive. The sought-after covariance matrix can for practical purposes always be considered positive-deﬁnite, and since we are not interested in U as such we do not care about the
signs of its diagonal entries. With the parameterization above, Ω becomes
0 2
1
o11 þ o212 þ o213 o12 o22 þ o13 o23 o13 o33
B
C
B
C
o222 þ o223
o23 o33 C:
O ¼ B o12 o22 þ o13 o23
@
A
o13 o33

o23 o33

o233

Uncertainty of parameter estimates
The uncertainty of parameter estimates are reported as relative standard errors. The relative
standard error is computed by taking the absolute value of the ratio between the standard error
of the parameter estimate to the estimated value, expressed in percentage. Parameter standard
errors are obtained by taking the square root of the diagonal elements of the inverse of the negative Hessian, calculated at the points of the estimated parameter values. Since the uncertainties
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in the entries of Ω (and the corresponding correlation matrix) depend on various combination
of parameter uncertainties, they were determined by computing the RSE from a large number
of sampled covariance and correlation matrices.
We note that measures of confidence based on the exact likelihood, such as likelihood profiling, typically are superior to the results from asymptotic theory. Although preferable, such
methods are too time-consuming for the large NLME problems considered here.

Starting values for the optimization algorithm
To reduce the time of computing the parameter estimates and to increase the chances of reaching a meaningful, and hopefully global, optimum, it is important to provide the optimization
algorithm with starting values of the parameters that are as good as possible. By visually inspecting the data we were able to obtain educated guesses of some of the parameters. The same
values were used to initiate the parameter estimation for all four data sets. The starting value of
Ms was set to 3300. Noting that the parameter k4 determines the relaxation time-scale of X and
that the observed re-entry took place at roughly 200 s, we set k4 = 1/200 = 0.005. If X is considered constant, the initial relaxation time-scale of Mig1 is given by k2. If we by a very crude visual assessment determine this time-scale to 50 s, we consequently set k2 = 1/50 = 0.02. The
measurement noise appear to be on the scale of a hundred to a few hundreds and its variance,
s, was set to 40 000. Choosing staring values for the parameters of the random effect covariance
matrix is more difficult. We have chosen ω11 = ω22 = ω33 = 0.1 and ω12 = ω13 = ω23 = 0. This
roughly corresponds to parameter standard deviations of ± 10% with no covariance between
random effect parameters. When all experimental data was used simultaneously for estimation,
the experiment-specific parameters inherited the starting values defined above.

Avoiding a constrained problem
The parameters Ms, k2, k4, and s are only meaningful for nonnegative values. To avoid a constrained optimization problem, any strictly positive parameter, θ, is transformed according to
~
y ¼ ey , with the new starting value y~s ¼ log ys . When the parameter estimates have been determined, the values of the transformed parameters must then be transformed back. However,
when the parameter uncertainties are determined through the calculation of the Hessian, no
parameter transformations are performed. In this case it is not needed since we only evaluate
the likelihood function and its gradient for values of the parameters that are known to be positive. As a result, the Hessian and the coefﬁcients of variations derived from it are valid for the
original, untransformed parameterization of the model.

Simple analysis of Mig1 dynamics
A simple analysis was designed to extract the typical values (medians) of the response time,
amplitude, and duration of Mig1 dynamics directly from data, without the use of a dynamical
model. The amplitude for each cell was defined by maximal difference between the baseline
and the subsequent data points, and the response time was defined as the time for the maximizing data point. The duration was defined as the difference in time between the first two data
points to in each direction cross the level determined from 50% of the amplitude. The simple
analysis was also applied to smoothed and densely resampled data. Smoothed data was generated for each cell by fitting a cubic B-spline to its experimental data, and from this smooth function sampling 1000 data points equidistantly in time.

PLOS ONE | DOI:10.1371/journal.pone.0124050 April 20, 2015

27 / 32

A Nonlinear Mixed Effects Approach for Cell-To-Cell Variability

Supporting Information
S1 Fig. Plots of all individual cell data and model simulations for experiment 1.
(PDF)
S2 Fig. Plots of all individual cell data and model simulations for experiment 2.
(PDF)
S3 Fig. Plots of all individual cell data and model simulations for experiment 3.
(PDF)
S4 Fig. Plots of all individual cell data and model simulations for experiment 4.
(PDF)
S5 Fig. Plots of all individual cell data and model simulations for experiment 1 when accounting for background fluorescence.
(PDF)
S6 Fig. Plots of all individual cell data and model simulations for experiment 2 when accounting for background fluorescence.
(PDF)
S7 Fig. Plots of all individual cell data and model simulations for experiment 3 when accounting for background fluorescence.
(PDF)
S8 Fig. Plots of all individual cell data and model simulations for experiment 4 when accounting for background fluorescence.
(PDF)
S9 Fig. Plots of all individual cell data and model simulations for experiment 1 when using
all data sets simultaneously.
(PDF)
S10 Fig. Plots of all individual cell data and model simulations for experiment 2 when
using all data sets simultaneously.
(PDF)
S11 Fig. Plots of all individual cell data and model simulations for experiment 3 when
using all data sets simultaneously.
(PDF)
S12 Fig. Plots of all individual cell data and model simulations for experiment 4 when
using all data sets simultaneously.
(PDF)
S13 Fig. Simple analysis histograms.
(PDF)
S1 Table. Shrinkage.
(PDF)
S2 Table. Parameter estimates when accounting for background fluorescence.
(PDF)

PLOS ONE | DOI:10.1371/journal.pone.0124050 April 20, 2015

28 / 32

A Nonlinear Mixed Effects Approach for Cell-To-Cell Variability

S3 Table. Estimates of random effect covariance and correlation matrices when accounting
for background fluorescence.
(PDF)
S4 Table. Parameter estimates when using all data sets simultaneously.
(PDF)
S5 Table. Estimates of random effect covariance and correlation matrices when using all
data sets simultaneously.
(PDF)
S1 Text. Parameter estimation when accounting for background fluorescence.
(PDF)
S2 Text. Parameter estimation when using all data sets simultaneously.
(PDF)

Acknowledgments
We thank Jacob Leander (FCC) for assisting in the setup of the parameter estimation using all
experimental data simultaneously.

Author Contributions
Wrote the paper: JA LB. Conceived and performed the computational analysis: JA. Performed
the interpretation of the results: JA LB MJ SH CBA MG. Edited the manuscript: JA LB MJ SH
CBA MG.

References
1.

Cohen-Saidon C, Cohen AA, Sigal A, Liron Y, Alon U. Dynamics and variability of ERK2 response to
EGF in individual living cells. Mol Cell. 2009 Dec; 36(5):885–893. doi: 10.1016/j.molcel.2009.11.025
PMID: 20005850

2.

Cheong R, Paliwal S, Levchenko A. Models at the single cell level. Wiley Interdiscip Rev Syst Biol Med.
2010; 2(1):34–48. doi: 10.1002/wsbm.49 PMID: 20836009

3.

Love KR, Panagiotou V, Jiang B, Stadheim TA, Love JC. Integrated single-cell analysis shows Pichia
pastoris secretes protein stochastically. Biotechnol Bioeng. 2010 Jun; 106(2):319–325. doi: 10.1002/
bit.22688 PMID: 20148400

4.

Ramsey SA, Smith JJ, Orrell D, Marelli M, Petersen TW, de Atauri P, et al. Dual feedback loops in the
GAL regulon suppress cellular heterogeneity in yeast. Nat Genet. 2006 Sep; 38(9):1082–1087. doi: 10.
1038/ng1869 PMID: 16936734

5.

Feinerman O, Veiga J, Dorfman JR, Germain RN, Altan-Bonnet G. Variability and robustness in T cell
activation from regulated heterogeneity in protein levels. Science. 2008 Aug; 321(5892):1081–1084.
doi: 10.1126/science.1158013 PMID: 18719282

6.

Losev E, Reinke CA, Jellen J, Strongin DE, Bevis BJ, Glick BS. Golgi maturation visualized in living
yeast. Nature. 2006 Jun; 441(7096):1002–1006. doi: 10.1038/nature04717 PMID: 16699524

7.

Babazadeh R, Adiels CB, Smedh M, Petelenz-Kurdziel E, Goksör M, Hohmann S. Osmostress-induced
cell volume loss delays yeast Hog1 signaling by limiting diffusion processes and by Hog1-specific effects. PLoS One. 2013; 8(11):e80901. doi: 10.1371/journal.pone.0080901 PMID: 24278344

8.

Cai L, Dalal CK, Elowitz MB. Frequency-modulated nuclear localization bursts coordinate gene regulation. Nature. 2008 Sep; 455(7212):485–490. doi: 10.1038/nature07292 PMID: 18818649

9.

Bodvard K, Wrangborg D, Tapani S, Logg K, Sliwa P, Blomberg A, et al. Continuous light exposure
causes cumulative stress that affects the localization oscillation dynamics of the transcription factor
Msn2p. Biochim Biophys Acta. 2011 Feb; 1813(2):358–366. doi: 10.1016/j.bbamcr.2010.12.004 PMID:
21167216

10.

Almquist J, Sunnåker M, Hagmar J, Kvarnström M, Jirstrand M. System identification from spatiotemporal cell population data. In: The 9th Int. Conf. on Systems Biology; 2008.

PLOS ONE | DOI:10.1371/journal.pone.0124050 April 20, 2015

29 / 32

A Nonlinear Mixed Effects Approach for Cell-To-Cell Variability

11.

Niepel M, Spencer SL, Sorger PK. Non-genetic cell-to-cell variability and the consequences for pharmacology. Curr Opin Chem Biol. 2009 Dec; 13(5–6):556–561. doi: 10.1016/j.cbpa.2009.09.015 PMID:
19833543

12.

Elowitz MB, Levine AJ, Siggia ED, Swain PS. Stochastic gene expression in a single cell. Science.
2002 Aug; 297(5584):1183–1186. doi: 10.1126/science.1070919 PMID: 12183631

13.

Swain PS, Elowitz MB, Siggia ED. Intrinsic and extrinsic contributions to stochasticity in gene expression. Proc Natl Acad Sci U S A. 2002 Oct; 99(20):12795–12800. doi: 10.1073/pnas.162041399 PMID:
12237400

14.

Kollmann M, Løvdok L, Bartholomé K, Timmer J, Sourjik V. Design principles of a bacterial signalling
network. Nature. 2005 Nov; 438(7067):504–507. doi: 10.1038/nature04228 PMID: 16306993

15.

van Kampen NG. Stochastic processes in physics and chemistry. North Holland; 2007.

16.

Wilkinson DJ. Stochastic modelling for quantitative description of heterogeneous biological systems.
Nat Rev Genet. 2009 Feb; 10(2):122–133. doi: 10.1038/nrg2509 PMID: 19139763

17.

Koeppl H, Zechner C, Ganguly A, Pelet S, Peter M. Accounting for extrinsic variability in the estimation
of stochastic rate constants. Int J of Robust Nonlinear Control. 2012; 22:1103–1119. doi: 10.1002/rnc.
2804

18.

Gaudet S, Spencer SL, Chen WW, Sorger PK. Exploring the contextual sensitivity of factors that determine cell-to-cell variability in receptor-mediated apoptosis. PLoS Comput Biol. 2012; 8(4):e1002482.
doi: 10.1371/journal.pcbi.1002482 PMID: 22570596

19.

Zechner C, Ruess J, Krenn P, Pelet S, Peter M, Lygeros J, et al. Moment-based inference predicts bimodality in transient gene expression. Proc Natl Acad Sci U S A. 2012 May; 109(21):8340–8345. doi:
10.1073/pnas.1200161109 PMID: 22566653

20.

Jeschke M, Baumgärtner S, Legewie S. Determinants of cell-to-cell variability in protein kinase signaling. PLoS Comput Biol. 2013 Dec; 9(12):e1003357. doi: 10.1371/journal.pcbi.1003357 PMID:
24339758

21.

Meyer R, D’Alessandro LA, Kar S, Kramer B, She B, Kaschek D, et al. Heterogeneous kinetics of AKT
signaling in individual cells are accounted for by variable protein concentration. Front Physiol. 2012;
3:451. doi: 10.3389/fphys.2012.00451 PMID: 23226133

22.

Schliemann M, Bullinger E, Borchers S, Allgöwer F, Findeisen R, Scheurich P. Heterogeneity reduces
sensitivity of cell death for TNF-stimuli. BMC Syst Biol. 2011; 5:204. doi: 10.1186/1752-0509-5-204
PMID: 22204418

23.

Kallenberger SM, Beaudouin J, Claus J, Fischer C, Sorger PK, Legewie S, et al. Intra- and inter-dimeric
caspase-8 self-cleavage controls strength and timing of CD95-induced apoptosis. Sci Signal. 2014
Mar; 7(316):ra23. doi: 10.1126/scisignal.2004738 PMID: 24619646

24.

Hasenauer J, Waldherr S, Doszczak M, Radde N, Scheurich P, Allgöwer F. Identification of models of
heterogeneous cell populations from population snapshot data. BMC Bioinformatics. 2011; 12:125. doi:
10.1186/1471-2105-12-125 PMID: 21527025

25.

Hasenauer J, Waldherr S, Doszczak NRM, Scheurich P, Allgöwer F. A maximum likelihood estimator
for parameter distributions in heterogeneous cell populations. Procedia Computer Science. 2010;
1:1649–1657. doi: 10.1016/j.procs.2010.04.185

26.

Woodcock DJ, Vance KW, Komorowski M, Koentges G, Finkenstädt B, Rand DA. A hierarchical model
of transcriptional dynamics allows robust estimation of transcription rates in populations of single cells
with variable gene copy number. Bioinformatics. 2013 Jun; 29(12):1519–1525. doi: 10.1093/
bioinformatics/btt201 PMID: 23677939

27.

Zechner C, Unger M, Pelet S, Peter M, Koeppl H. Scalable inference of heterogeneous reaction kinetics
from pooled single-cell recordings. Nat Methods. 2014 Feb; 11(2):197–202. doi: 10.1038/nmeth.2794
PMID: 24412977

28.

Davidian M, Giltinan DM. Nonlinear models for repeated measurement data: An overview and update.
J Agric Biol Environ Stat. 2003; 8:387–419. doi: 10.1198/1085711032697

29.

Gancedo JM. Yeast carbon catabolite repression. Microbiol Mol Biol Rev. 1998 Jun; 62(2):334–361.
PMID: 9618445

30.

Carlson M, Osmond BC, Botstein D. Mutants of yeast defective in sucrose utilization. Genetics. 1981
May; 98(1):25–40. PMID: 7040163

31.

McCartney RR, Schmidt MC. Regulation of Snf1 kinase. Activation requires phosphorylation of threonine 210 by an upstream kinase as well as a distinct step mediated by the Snf4 subunit. J Biol Chem.
2001 Sep; 276(39):36460–36466. doi: 10.1074/jbc.M104418200 PMID: 11486005

32.

Hong SP, Leiper FC, Woods A, Carling D, Carlson M. Activation of yeast Snf1 and mammalian AMPactivated protein kinase by upstream kinases. Proc Natl Acad Sci U S A. 2003 Jul; 100(15):8839–8843.
doi: 10.1073/pnas.1533136100 PMID: 12847291

PLOS ONE | DOI:10.1371/journal.pone.0124050 April 20, 2015

30 / 32

A Nonlinear Mixed Effects Approach for Cell-To-Cell Variability

33.

Nath N, McCartney RR, Schmidt MC. Yeast Pak1 kinase associates with and activates Snf1. Mol Cell
Biol. 2003 Jun; 23(11):3909–3917. doi: 10.1128/MCB.23.11.3909-3917.2003 PMID: 12748292

34.

Sutherland CM, Hawley SA, McCartney RR, Leech A, Stark MJR, Schmidt MC, et al. Elm1p is one of
three upstream kinases for the Saccharomyces cerevisiae SNF1 complex. Curr Biol. 2003 Aug; 13
(15):1299–1305. doi: 10.1016/S0960-9822(03)00459-7 PMID: 12906789

35.

Sanz P, Alms GR, Haystead TA, Carlson M. Regulatory interactions between the Reg1-Glc7 protein
phosphatase and the Snf1 protein kinase. Mol Cell Biol. 2000 Feb; 20(4):1321–1328. doi: 10.1128/
MCB.20.4.1321-1328.2000 PMID: 10648618

36.

DeVit MJ, Johnston M. The nuclear exportin Msn5 is required for nuclear export of the Mig1 glucose repressor of Saccharomyces cerevisiae. Curr Biol. 1999 Nov; 9(21):1231–1241. doi: 10.1016/S09609822(99)80503-X PMID: 10556086

37.

Papamichos-Chronakis M, Gligoris T, Tzamarias D. The Snf1 kinase controls glucose repression in
yeast by modulating interactions between the Mig1 repressor and the Cyc8-Tup1 co-repressor. EMBO
Rep. 2004 Apr; 5(4):368–372. doi: 10.1038/sj.embor.7400120 PMID: 15031717

38.

De Vit MJ, Waddle JA, Johnston M. Regulated nuclear translocation of the Mig1 glucose repressor. Mol
Biol Cell. 1997 Aug; 8(8):1603–1618. doi: 10.1091/mbc.8.8.1603 PMID: 9285828

39.

Bendrioua L, Smedh M, Almquist J, Cvijovic M, Jirstrand M, Goksör M, et al. Yeast AMP-activated protein kinase monitors glucose concentration changes and absolute glucose levels. J Biol Chem. 2014
May; 289(18):12863–12875. doi: 10.1074/jbc.M114.547976 PMID: 24627493

40.

García-Salcedo R, Lubitz T, Beltran G, Elbing K, Tian Y, Frey S, et al. Glucose de-repression by yeast
AMP-activated protein kinase SNF1 is controlled via at least two independent steps. FEBS J. 2014 Apr;
281(7):1901–1917. doi: 10.1111/febs.12753 PMID: 24529170

41.

Frey S, Sott K, Smedh M, Millat T, Dahl P, Wolkenhauer O, et al. A mathematical analysis of nuclear intensity dynamics for Mig1-GFP under consideration of bleaching effects and background noise in Saccharomyces cerevisiae. Mol Biosyst. 2011 Jan; 7(1):215–223. doi: 10.1039/C005305H PMID:
20967382

42.

Sheiner LB, Beal SL. Evaluation of methods for estimating population pharmacokinetic parameters. III.
Monoexponential model: routine clinical pharmacokinetic data. J Pharmacokinet Biopharm. 1983 Jun;
11(3):303–319. doi: 10.1007/BF01061870 PMID: 6644555

43.

Schaber J, Liebermeister W, Klipp E. Nested uncertainties in biochemical models. IET Syst Biol. 2009
Jan; 3(1):1–9. doi: 10.1049/iet-syb:20070042 PMID: 19154080

44.

Kaltenbach HM, Dimopoulos S, Stelling J. Systems analysis of cellular networks under uncertainty.
FEBS Lett. 2009 Dec; 583(24):3923–3930. doi: 10.1016/j.febslet.2009.10.074 PMID: 19879267

45.

Schaber J, Klipp E. Model-based inference of biochemical parameters and dynamic properties of microbial signal transduction networks. Curr Opin Biotechnol. 2011 Feb; 22(1):109–116. doi: 10.1016/j.
copbio.2010.09.014 PMID: 20970318

46.

Chen WW, Niepel M, Sorger PK. Classic and contemporary approaches to modeling biochemical reactions. Genes Dev. 2010 Sep; 24(17):1861–1875. doi: 10.1101/gad.1945410 PMID: 20810646

47.

Tyson JJ, Chen KC, Novak B. Sniffers, buzzers, toggles and blinkers: dynamics of regulatory and signaling pathways in the cell. Curr Opin Cell Biol. 2003 Apr; 15(2):221–231. doi: 10.1016/S0955-0674
(03)00017-6 PMID: 12648679

48.

Karlsson J, Anguelova M, Jirstrand M. An efficient method for structural identifiability analysis of large
dynamic systems. In: 16th IFAC Symposium on System Identification. vol. 16; 2012. p. 941–946.

49.

Raue A, Karlsson J, Saccomani MP, Jirstrand M, Timmer J. Comparison of approaches for parameter
identifiability analysis of biological systems. Bioinformatics. 2014 May; 30(10):1440–1448. doi: 10.
1093/bioinformatics/btu006 PMID: 24463185

50.

Limpert E, Stahel WA, Abbt M. Log-normal Distributions across the Sciences: Keys and Clues. BioScience. 2001; 51(5):341–352. doi: 10.1641/0006-3568(2001)051%5B0341:LNDATS%5D2.0.CO;2

51.

Limpert E, Stahel WA. Problems with using the normal distribution–and ways to improve quality and efficiency of data analysis. PLoS One. 2011; 6(7):e21403. doi: 10.1371/journal.pone.0021403 PMID:
21779325

52.

Almquist J, Leander J, Jirstrand M. Using sensitivity equations for computing gradients of the FOCE
and FOCEI approximations to the population likelihood. J Pharmacokinet Pharmacodyn. 2015; In
press. doi: 10.1007/s10928-015-9409-1 PMID: 25801663

53.

Savic RM, Karlsson MO. Importance of shrinkage in empirical bayes estimates for diagnostics: problems and solutions. AAPS J. 2009 Sep; 11(3):558–569. doi: 10.1208/s12248-009-9133-0 PMID:
19649712

PLOS ONE | DOI:10.1371/journal.pone.0124050 April 20, 2015

31 / 32

A Nonlinear Mixed Effects Approach for Cell-To-Cell Variability

54.

Raue A, Kreutz C, Maiwald T, Bachmann J, Schilling M, Klingmüller U, et al. Structural and practical
identifiability analysis of partially observed dynamical models by exploiting the profile likelihood. Bioinformatics. 2009 Aug; 25(15):1923–1929. doi: 10.1093/bioinformatics/btp358 PMID: 19505944

55.

Muzzey D, Gómez-Uribe CA, Mettetal JT, van Oudenaarden A. A systems-level analysis of perfect adaptation in yeast osmoregulation. Cell. 2009 Jul; 138(1):160–171. doi: 10.1016/j.cell.2009.04.047
PMID: 19596242

56.

Kalita MK, Sargsyan K, Tian B, Paulucci-Holthauzen A, Najm HN, Debusschere BJ, et al. Sources of
cell-to-cell variability in canonical nuclear factor-κ B (NF-κ B) signaling pathway inferred from single cell
dynamic images. J Biol Chem. 2011 Oct; 286(43):37741–37757. doi: 10.1074/jbc.M111.280925 PMID:
21868381

57.

Janzén D. Standard two-stage and Nonlinear mixed effect modelling for determination of cell-to-cell
variation of transport parameters in Saccharomyces cerevisiae. Linköpings universitet; 2012.

58.

Gonzalez AM, Uhlendorf J, Schaul J, Cinquemani E, Batta G, Ferrari-Trecate G. Identification of biological models from single-cell data: a comparison between mixed-effects and moment-based inference.
In: European Control Conference 2013; 2013.

59.

Klim S, Mortensen SB, Kristensen NR, Overgaard RV, Madsen H. Population stochastic modelling
(PSM)–an R package for mixed-effects models based on stochastic differential equations. Comput
Methods Programs Biomed. 2009 Jun; 94(3):279–289. doi: 10.1016/j.cmpb.2009.02.001 PMID:
19268387

60.

Berglund M, Sunnåker M, Adiels M, Jirstrand M, Wennberg B. Investigations of a compartmental model
for leucine kinetics using non-linear mixed effects models with ordinary and stochastic differential equations. Math Med Biol. 2012 Dec; 29(4):361–384. doi: 10.1093/imammb/dqr021 PMID: 21965323

61.

Leander J, Almquist J, Ahlström C, Gabrielsson J, Jirstrand M. Mixed effects modeling using stochastic
differential equations: illustrated by pharmacokinetic data of nicotinic acid in obese Zucker rats. AAPS
J. 2015; In press. doi: 10.1208/s12248-015-9718-8 PMID: 25693487

62.

Kristensen NR, Madsen H, Ingwersen SH. Using stochastic differential equations for PK/PD model development. J Pharmacokinet Pharmacodyn. 2005 Feb; 32(1):109–141. doi: 10.1007/s10928-0052105-9 PMID: 16215845

63.

Mettetal JT, Muzzey D, Gómez-Uribe C, van Oudenaarden A. The frequency dependence of osmo-adaptation in Saccharomyces cerevisiae. Science. 2008 Jan; 319(5862):482–484. doi: 10.1126/science.
1151582 PMID: 18218902

64.

Almquist J, Cvijovic M, Hatzimanikatis V, Nielsen J, Jirstrand M. Kinetic models in industrial biotechnology—Improving cell factory performance. Metab Eng. 2014 Jul; 24:38–60. doi: 10.1016/j.ymben.2014.
03.007 PMID: 24747045

65.

Wang Y. Derivation of various NONMEM estimation methods. J Pharmacokinet Pharmacodyn. 2007
Oct; 34(5):575–593. doi: 10.1007/s10928-007-9060-6 PMID: 17620001

66.

Nocedal J, Wright SJ. Numerical optimization. Springer-Verlag; 1999.

PLOS ONE | DOI:10.1371/journal.pone.0124050 April 20, 2015

32 / 32

