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Nonlinear Mixed Effects Modeling of Glucagon
Kinetics in Healthy Subjects

Edoardo Faggionato , Marcello C. Laurenti , Adrian Vella, and Chiara Dalla Man

Abstract—Objective: To date, the lack of a model of
glucagon kinetics precluded the possibility of estimating
and studying glucagon secretion in vivo, e.g., using de-
convolution, as done for other hormones like insulin and
C-peptide. Here, we used a nonlinear mixed effects tech-
nique to develop a robust population model of glucagon
kinetics, able to describe both the typical population ki-
netics (TPK) and the between-subject variability (BSV), and
relate this last to easily measurable subject characteristics.
Methods: Thirty-four models of increasing complexity (vari-
ably including covariates and correlations among random
effects) were identified on glucagon profiles obtained from
53 healthy subjects, who received a constant infusion of
somatostatin to suppress endogenous glucagon produc-
tion, followed by a continuous infusion of glucagon (65
ng/kg/min). Model selection was performed based on its
ability to fit the data, provide precise parameter estimates,
and parsimony criteria. Results: A two-compartment model
was the most parsimonious. The model was able to accu-
rately describe both the TPK and the BSV of model param-
eters as function of body mass and body surface area. Pa-
rameters were precisely estimated, with central volume of
distribution V1 = 5.46 L and peripheral volume of distribu-
tion V2 = 5.51 L. The introduction of covariates resulted in
a significant shrinkage of the unexplained BSV and consid-
erably improved the model fit. Conclusion: We developed a
robust population model of glucagon kinetics. Significance:
This model provides a deeper understanding of glucagon
kinetics and is usable to estimate glucagon secretion in
vivo by deconvolution of plasma glucagon concentration
data.

Index Terms—Biological system modeling, parameter es-
timation, diabetes, identification, population modeling.
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I. INTRODUCTION

IN THE sophisticated physiological control system that regu-
lates glucose homeostasis, glucagon is the principal hormone

responsible for the increase of endogenous glucose production
to protect against hypoglycemia, which may lead to coma and
death. Glucagon is secreted by the α-cells in the pancreatic
islets and, due to its hyperglycemic activity, is considered the
main antagonist of insulin, which conversely is secreted by the
pancreatic β-cells in response to glucose increase to protect
from hyperglycemia, whose long-term complication are cardio-
vascular disease, neuropathy, and nephropathy. A combination
of defective insulin secretion and impaired glucagon suppres-
sion leads to the development of impaired glucose tolerance in
patients with prediabetes [1]. However, while the contribution
of pancreatic β-cells has been well studied, the contribution of
α-cell dysfunction to the pathogenesis of type 2 diabetes remains
understudied in part due to the lack of appropriate methodologies
to accurately assess glucagon secretion and action.

To date, the state-of-the-art estimate of insulin secretion is
performed by deconvolution of C-peptide plasma concentration
employing population parameters of C-peptide kinetics derived
from the well-known Van Cauter model [2]. In fact, plasma
C-peptide concentration is a better marker of insulin secretion
than insulin, since insulin and C-peptide are secreted in a 1:1
ratio, but whereas insulin is extracted by the liver, C-peptide
is not. Compared to insulin, the degree of glucagon extraction
seems smaller [3] and independent of the glycemic state [4],
thus, neglecting the hepatic extraction might be an acceptable
hypothesis in the case of glucagon. Therefore, in principle, the
same approach used for C-peptide could be used to estimate
glucagon appearance, provided that a model of glucagon kinetics
is available.

In recent work, we developed a one-compartment model of
glucagon kinetics in otherwise healthy individuals [5] and, as be-
fore [2], we proposed a model to predict parameters of glucagon
kinetics from subject’s body mass index (BMI), sex and body
surface area (BSA). This was the first attempt at deriving stan-
dardized glucagon kinetic parameters in a medium-sized group
of subjects. However, as discussed in [5], the adopted approach
suffered from some limitations. For instance, the limited number
of samples per subject, coupled with the relatively high lower
limit of detectability (LLoD) of the assay, favored a single-
compartment to the detriment of a two-compartment model,
notwithstanding that the latter performed better in a percentage
of the analyzed subjects. This likely provided an estimate of
the glucagon volume of distribution (8.2 L on average), which
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TABLE I
SUMMARY OF THE COVARIATES

makes it difficult to relate it to the blood volume. Moreover, the
two-step procedure (i.e., first, estimating the individual kinetic
parameters and, then, calculating the statistical moments) is
prone to provide upwardly biased results, as uncertainties on
estimated parameters are not considered [6]. However, these
drawbacks can be solved by resorting to nonlinear mixed effects
(NLME) modeling, which has been proven to improve the
quality of the individual parameter estimates and to provide
a better description of their between-subject variability in the
population with respect to a standard two-stage approach [6].
This allows propagating the uncertainty in the data directly to
all the estimates, thus, avoiding biased results. Such approach
is widely used in pharmacokinetics-pharmacodynamics studies,
but moving from an individual to a population framework has
proven to be beneficial also in modeling of glucose-insulin
interaction [7], [8] and subcutaneous insulin kinetics [9].

The aims of this work were, first, to test whether a two-
compartment model can be identified from the data presented in
[5] by switching to the more sophisticated identification frame-
work of NLME models and, second, to incorporate covariates
into the model, so that the coefficients linking them to the
kinetic parameters are treated as other model parameters and
are estimated directly from the data.

II. METHODS

A. Database

The database is the same as used in [5] and consists of
glucagon pharmacokinetic data gathered from 53 healthy sub-
jects (36 females and 17 males, age = 54.5 ± 12.5 years, weight
= 81.3 ± 15.3 kg). Common demographic and anthropometric
characteristics of the subjects, hereafter referred as covariates,
were also available for the analysis (a summary is reported in
Table I).

The study was performed after the approval of the Mayo
Institutional Review Board (Mayo Clinic College of Medicine,
Rochester, MN, September 15, 2017, protocol no. 17-006493).
Volunteers received a primed infusion of labeled [3-3H] glucose
(10 µCi prime and 0.1 µCi/min continuous) from -180 minutes
until the start of the experiment (t = 0 min), when a ‘prandial’
labeled [3-3H] glucose infusion was administered to reproduce
an oral ingestion of 75 g of glucose. Simultaneously, an infusion
of somatostatin (60 ng/kg/min) to inhibit endogenous glucagon
and insulin secretion, and a variable infusion of insulin to replace

Fig. 1. Mean (black solid line) ± standard deviation (grey area) of
the measured glucagon concentration during the experiment. Black dots
indicate sampling times. Black dashed line represents LLoD. The figure
differs from Fig. 1 in [5], since there data below LLoD were considered
zero.

normal insulin levels were started and lasted till the end of the
experiment (t= 300 min). Finally, from t= 120 min to the end of
the experiment, exogenous glucagon was infused at a constant
rate (65 ng/kg/min).

Blood samples were collected at t = [-30 010 20 30 60
90 120 122 124 126 128 130 135 140 145 150 160 170 180
210 240 270 300] min after the start of the experiment to
measure plasma glucagon concentration using a two-site ELISA
(Mercodia, Winston Salem, NC). The essay had a LLoD of
1.7 pmol/L and an upper limit of detectability of 130 pmol/L.
Mean time course and standard deviation of measured glucagon
concentration are reported in Fig. 1. More detailed information
about the experimental protocol is available in [5].

B. Models

The analysis of glucagon kinetics was conducted within a
NLME estimation framework. This approach provides estimates
of the so-called fixed effects, which comprises typical population
values of the kinetic parameters together with the covariate
contributions to each kinetic parameter, and the so-called ran-
dom effects, which describe the between- and within-subject
variability of model parameters.

A NLME model consists in a hierarchy of models, each one
aiming to describe the various levels of variability present in the
data. For the purposes of this work, a two-level hierarchy was
considered: the individual subject response, modeled through a
structural kinetic model, and the overall population variability,
modelled through a stochastic model. The remaining variability
was considered as unexplained residual noise, modeled though
an error model.

Structural model: Similarly to what we did previously [5], we
tested both a delayed one-compartment (Fig. 2, Panel A) and a
delayed two-compartment model (Fig. 2, Panel B).



FAGGIONATO et al.: NONLINEAR MIXED EFFECTS MODELING OF GLUCAGON KINETICS IN HEALTHY SUBJECTS 2735

Fig. 2. Compartmental representation of the two tested kinetic mod-
els. Panel A: Delayed one-compartment model. Panel B: Delayed two-
compartment model. Signals ir and y represent constant infusion of
glucagon and measurements of plasma hormone concentration, re-
spectively. Q, Q1, and Q2 represent the amount of glucagon in their
respective compartment.

The differential equations of the one-compartment model are:{
Q̇ (t) = −k01Q (t) + ir (t− t0)

y (t) = Q(t)
V

(1)

whereQ(t) (pmol) is the amount of glucagon in the system, k01
(min-1) is the glucagon fractional clearance rate, ir (pmol/min)
is the infusion rate of the pump, t0 (min) is a zero-order delay
from the start of glucagon infusion, y (pmol/L) is the plasma
glucagon concentration and V (L) is the glucagon volume of
distribution.

The differential equations for the two-compartment model
are:⎧⎪⎨
⎪⎩
Q̇1 (t)= − (k01 + k21)Q1 (t) + k12Q2 (t) + ir (t− t0)

Q̇2 (t) = −k12Q2 (t) + k21Q1 (t)

y (t) = Q1(t)
V1

(2)
where Q1(t) and Q2(t) are the amounts of glucagon in the
central and peripheral compartment, respectively, k12 and k21
(min-1) are the between-compartment transfer rates, and V1 and
V2 (L) are the glucagon volumes of distribution in the central
and peripheral compartment, respectively.

The models were then reparametrized, to explicit the clear-
ance rate and volume instead of the fractional rates. This repa-
rameterization allows for a more physiological interpretation
of model parameters, as it separates the effect of the organs
responsible for the elimination of the hormone from the volume
of distribution. This may introduce minor differences when iden-
tifying the model at an individual level, but it becomes crucial
in a population framework, where systems are not deterministic
and parameters are random variables [10]. In addition, constant
rates measured in time−1 blend the functionality of the organ
and body size effects in one parameter, making the introduction
of physiological and pathophysiological characteristics into the
model more challenging. The equations to switch from one
formulation to the other are:

CL = V1k01 (3)

BCL = V1 k21 = V2k12 (4)

whereCL (L/min) is the glucagon clearance rate,BCL (L/min)
is the between-compartment clearance and V2 (L) is the volume
of distribution of the peripheral compartment.

The time lag, t0, was introduced to account for the delay
elapsed from the activation of the pump to the time it takes for
glucagon to overcome the threshold of detectability. This lag was
due to three main contributions: first, the mechanical friction of
the pump in pushing the solution with glucagon through the
length of the cannula to the vein (∼5 minutes), second, the
transport of glucagon from the site of injection to the sampling
artery (∼2 minutes) and, finally, the delay due to the sparse
sampling schedule after t = 130 min, which, considering the
relatively high LLoD, might considerably delay the detection of
the first sample above the LLoD. Neglecting t0 in the model,
would have led to a significant over-estimation of V and V1 (not
shown).

Stochastic model: The variability of kinetic parameters was
described through a stochastic model assuming that each param-
eter follows a log-normal distribution:

ψi,j = θi exp (ηi,j) (5)

where ψi,j is the ith individual parameter of the jth subject, θi
is the ith population parameter (the so-called fixed effects) and
ηi,j are Gaussian random variables η ∼ N(0,Ω) (the so-called
random effects). The covariance matrix, Ω, includes diagonal
elements, ω2

n, representing the variance of the nth random effect
but may also include out-of-the-diagonal elements, ρmnωmωn,
where ρmn represents the correlation between the mth and the
nth random effect.

Moreover, covariate effects can also be included in the
stochastic model. In this case, the model of the individual
parameter becomes:

ψi,j = θi exp
[
βi,k log

(cj,k
c̄

)
+ ηi,j

]
(6)

where the coefficient βi,k quantifies how much a deviation of the
individual covariate, cj,k, from the median in the population, c̄,
translates into a variation of the individual parameter ψi from
the estimated fixed effect θi.

Error model: The residual unexplained variability was as-
sumed to be an additive Gaussian random noise with standard
deviation that is the sum of two components, one constant, a,
and one proportional, through the parameter b, to the measured
concentration, y(t).

Here, parameters a and b are fixed to 0.07 pmol/L and 0.049 ,
respectively, that were determined experimentally by the quality
control of the Mayo Clinic laboratory.

C. Allometric Scaling

Allometric models describe the dependences of common
pharmacokinetic parameters on measurable body size metrics.
These models are supported by physiological considerations and
fractal geometric concepts and confirmed by observations in
different biological fields [11]. The most common body size
relation is a power function of the form:

ψj = α ·
(
Wj

W̄

)β

(7)

where ψj is the individual physiological parameter of the jth

subject,Wj is the individual body size (e.g., body weight), W̄ is
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the mean body size in the population, and α and β are empirical
coefficients. Normalization by W̄ is introduced to avoid bias
in the estimation of the fixed effect α. Usually, when applied
to physiological volumes, such as V , this relationship is linear,
β = 1, whereas for metabolic rates, such as CL, it is a power
function with β = 3/4 [11].

The use of allometric scaling allows describing a fraction of
the parameter inter-subject variability in a deterministic fashion
employing easily accessible metrics. Therefore, in principle, al-
lometric scaling can be employed to improve the performance of
the model without the need of estimating additional parameters.

In this work, we used allometric relationship in the stochastic
models of glucagon volume of distributions, V , V1 and V2, and
of glucagon clearances, CL and BCL, so that:

Vj = V pop

(
Wj

W̄

)
exp (ηV,j) (8)

CLj = CLpop

(
Wj

W̄

)3/4

exp (ηCL,j) (9)

where V pop and CLpop are the fixed effects and ηV,j and ηCL,j

the random effects associated to relative kinetic parameters.

D. Model Identification

For model identification, we employed the software Mono-
lix (version 2020R1, ©Lixoft, Antony, France [12]), which
implements the Stochastic Approximation of the Expectation
Maximization (SAEM) algorithm in combination with the
Metropolis-Hastings algorithm to estimate the parameters that
maximize the likelihood of the data. When possible, estimates
of the kinetic parameters were initialized to the mean values
obtained in [5]. V pop

1 and V pop
2 in the two-compartment model

were both initialized to a reasonable value of 5 L, as no informa-
tion was available for those parameters in the literature. Initial
values of ω and ρ were set to 1 and 0, respectively. A priori
information obtained from [5] was employed for the estimation
of the time lag, tpop0 . Models were identified only on data
collected from 120 min onward, when one can safely assume
that the endogenous glucagon is absent due to the somatostatin
infusion.

It is worth noting that, in a NLME model identification,
data below the LLoD can be taken into account in estimating
model parameters [12]. In fact, Monolix, implements an exten-
sion of the SAEM algorithm able to compute the likelihood
also for censored data [13]. Therefore, such information is
efficiently used in the estimation of model parameters. This
is not the case when one resorts to an individual weighted
least-squares approach, in which data below the LLoD are
often not weighted in the analysis, thus leading to biased
results.

E. Model Selection

The best NLME model of glucagon kinetics was selected
using a three-stage procedure.

First, we compared the one-compartment and the two-
compartment structures. In this first stage, the covariance matrix

Ω was assumed to be diagonal and no covariates were included
in the models. See Table II-A in the Results.

Second, the covariance matrix of the best model was popu-
lated by forward inclusion of correlation parameters (ρV1,CL,
ρV1,V2

, etc.) followed by a backward elimination to select only
the stable features. However, a priori we excluded any correla-
tion between the time lag, t0, and the other model parameters,
since t0 is related to the experimental set-up and not to phys-
iological processes. At this stage, ten models were evaluated
in total, one is the model with only diagonal elements in the
Ω matrix, six including only one out-of-diagonal element, and
three including a new combination of out-of-diagonal elements
(all the possible combinations allowed by the software, which
accepts only full blocks of correlations in Ω [12]). The model
with full Ω was not tested since model performance did not
improve in the previous step. See Table II-B in the Results.

Finally, allometric scaling was applied to the model with the
best covariance matrix to find the best body size descriptor for
each kinetic parameter. As before, the adopted strategy used a
forward inclusion followed by a backward elimination. Since
the available body size descriptors were highly correlated one
to each other, no more than one covariate per kinetic parameter
was employed in each tested model. As in the previous stage,
we a priori excluded any possible covariate effect on the lag, t0.
Twenty-four models were evaluated in total, one is the model
without any covariate effect, twenty are models associating one
kinetic parameter (CL, V1,BCL and V2) to one of the available
covariates (total body mass, TBM, lean body mass, LBM, height,
H, body surface area, BSA, body mass index, BMI), keeping
at each step the most significant covariate-parameter pair, and
three are the models were we tried to remove the selected pairs
(backward elimination). See Table II-C in the Results.

At each stage, the tested models were compared in terms
of physiological plausibility of the estimates, ability to fit the
data by inspection of the residual distribution, and precision of
estimates by computing the relative standard error (RSE).

In particular, the goodness of residuals was assessed by visual
inspection of the individual weighted residual (IWRES) distribu-
tion and of the normalized prediction distribution errors (NPDE),
a non-parametric version of the population weighted residual
distribution [14]. A final overview of model predictive ability
was summarized with the so-called visual predictive check
(VPC) plot, which compares the percentiles of data obtained
from multiple Markov chain Monte Carlo simulations with the
empirical percentiles of the observed data. Since glucagon infu-
sion was normalized to the LBM of the subject, the prediction-
corrected VPC (pcVPC) plot was used [15].

Models that performed satisfactorily in terms of previous
metrics were compared using a Bayesian information criterion
corrected for NLME models (BICc) [16], and finally, the model
that scored the lowest BICc was selected as best one.

III. RESULTS

A. Structural Model Assessment

Results obtained with both the one- and the two-compartment
models were satisfactory in terms of residual distribution
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TABLE II-A
COMPARISON BETWEEN STRUCTURAL MODELS

TABLE II-B
COMPARISON AMONG STOCHASTIC MODELS

and precision of the estimated parameters, with the one-
compartment model providing the most precise parameter esti-
mates and the two-compartment providing the highest likelihood
(Table II-A). The parsimony criteria suggested the selection of
the two-compartment model since it scored a lower value of
the BICc (3272.22) compared to the simpler one-compartment
model (3535.96).

B. Covariance Model Assessment

According to the forward inclusion and backward elimination
algorithm, models including two or more correlation terms did
not perform better than models including just one correlation
term. All the six models including one correlation term pro-
vided good residual distribution and precision of the estimates,
whereas models with more than one correlation term presented at
least one parameter estimated with RSE>100%. Among the six
former models, the model providing the lowest BICc (3252.76)
was the one including the correlation between CL and V1,
ρCL,V1

= 0.72 (Table II-B). The addition of ρCL,VC1
did not

significantly change any of the estimated parameters, except V2

that dropped from a value of 8.72 L to a value of 5.47 L after
the inclusion of such a correlation term. It is worth noting that
this was also the parameter estimated with less precision (RSE
= 44% and 39%, before and after including the correlation,
respectively).

TABLE II-C
COMPARISON AMONG MODELS INCLUDING COVARIATES

C. Allometric Model Assessment

All the tested models provided good residual distribution and
precision of the estimates. Among them, the model providing
the lowest BICc (3234.77) was the one employing TBM for
the allometric scaling of V1, and BSA for CL, V2, and BCL
(Table II-C).

Allometric scaling did not significantly change any of the
model parameter estimates.

D. Final Model

The equations of the final NLME model are reported in (10)
and (11), shown at the bottom of the next page.

ψ :

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

CL = CLpop .
(

BSA
BSA

) 3
4

. exp (ηCL)

V1 = V pop
1 .

(
TBM
TBM

)
. exp (ηV1

)

BCL = BCLpop .
(

BSA
BSA

) 3
4

. exp (ηBCL)

V2 = V pop
2 .

(
BSA
BSA

)
. exp (ηV2

)

t0 = tpop0 . exp (ηt0)

(10)
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TABLE III
ESTIMATED MODEL PARAMETERS

Fig. 3. Evaluation of the goodness of residuals of the best model.
Panel A: Empirical distributions of IWRES (grey bars) compared with
a standard Gaussian distribution (black line). Panel B: Empirical dis-
tributions of NPDE (grey bars) compared with a standard Gaussian
distribution (black line).

All population parameters were within physiological ranges
and both CL and t0 were in agreement with that estimated in
[5]. The estimated parameters are reported in Table III together
with their precision. IWRES and NPDE are reported in Panel
A and B of Fig. 3, respectively. The pcVPC plot is shown in
Fig. 4.

The model in (10) can be used to predict the kinetic parameters
of a subject without performing any experiment, by simply fixing
the random effects, η, to their expected value (zero in this case).

Fig. 4. Visual predictive check obtained with the final model. The 90%
prediction intervals of the 10th (blue lower area), 50th (red central area),
and 90th (blue upper area) percentiles are compared with the 10th, 50th,
and 90th empirical percentiles (black solid lines).

IV. DISCUSSION

In this work, we developed a robust two-compartment NLME
model of glucagon kinetics, which overcame most of the limita-
tions of previously proposed models, including ours [5]. Moving
from an individual two-stage modeling to a NLME population
approach, we found that a two-compartment model was more
parsimonious than a single-compartment model to describe
glucagon kinetics. Indeed, working in a NLME framework and
using the SAEM algorithm to estimate the parameters that maxi-
mize the likelihood of the data, we could exploit the information
that some measurement was below the level of detectability
(LLoD), instead of simply discarding those samples. This, in
turn, allowed inclusion in the analysis of 2 of the 53 subjects
of the original data set that were discarded in [5]. In fact, in
those subjects, glucagon kinetics was so rapid that the first
glucagon sample above the LLoD had reached the steady-state
concentration, making it impossible to estimate the distribution
volume using a single-individual approach. Conversely, in a
NLME framework, the population estimates and the covariates
are used to help individual estimation of the kinetic parameters,
making this possible even in data-poor conditions. Indeed, pop-
ulation approaches are based on the assumption that all subjects
are random realizations of the population and they share some
typical features common to the population itself (fixed effects).

Ω =

⎡
⎢⎢⎢⎢⎣

ω2
CL

ρCL,V1
ωCLωV1

ρCL,V1
ωCLωV1

ω2
V1

0 0
0
0

0
0

0
0

ω2
BCL

0
0

0
0

0
0

0 0
ω2
V2

0
0
ω2
t0

⎤
⎥⎥⎥⎥⎦ (11)
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The population information is then employed to support the
individual parameter estimation process, because each subject is
characterized by random effects, which represent the deviation
from the typical behavior of the population.

Model ability to fit the data was good at both individual and
population levels (Fig. 3), even if the distribution of the IWRES
showed two symmetric heavy tails, suggesting that the unex-
plained residual variability was not entirely attributable to in-
strument error noise. Indeed, we assumed that the residual unex-
plained variability was an additive Gaussian random noise with
standard deviation linearly dependent on the model-predicted
glucagon concentration, whose driving coefficients were fixed to
values determined experimentally by repeated measures. How-
ever, other factors, besides instrument error noise, may affect
glucagon concentration data and contribute to data variability,
e.g., the possible discrepancy between the scheduled and the
actual sampling time, which is usually negligible but may be
not here, since glucagon kinetics are very rapid. Therefore, we
tried an a posteriori estimate of such coefficients. However, this
led to a distribution of the IWRES that was too skewed to the
center (not shown). We concluded that, likely, the best values of
such coefficients were somewhere in between the experimentally
derived and the a posteriori estimate.

All estimated parameters were physiologically plausible and,
overall, in line with the established literature reporting results of
intravenous experiments [5], [17], [18], [19], [20], except for the
volume of distribution, whose estimate might be affected by the
experimental protocol. Of note, here, the volume of distribution
of the central compartment, V1, was 5.46 L and that of the
peripheral compartment, V2, 5.51 L. The former value was very
close to the plasma volume of an adult individual, whereas the
latter can be interpreted as the extravascular space where the
glucagon distributes. Conversely, the one-compartment model
presented in [5] and [20] provided a much higher value of the
volume of distribution, which made the single compartment
difficult to interpret as a physical space. Comparable results
would have been obtained even with the NLME approach if
a single-compartment representation were assumed (7.23 L).

Glucagon clearance estimated in this work compared well
with that reported in studies that modeled glucagon kinetics after
subcutaneous hormone administration [21], [22]. This was not
the case for volume of distribution. However, the estimate of
this parameter is strongly dependent on model order (e.g., one
or two compartments) and different experiments, which do or
do not suppress endogenous glucagon secretion and use either
the intravenous or the subcutaneous route of administration (in
particular, with the latter, glucagon bioavailability may be lower
than 100%).

The parameter estimated with the poorest, despite acceptable,
precision was V2 (RSE = 42%), and this also presented the
highest variability among subjects. Interestingly, this parameter
was the one estimated with the poorest precision also in [5],
making the authors prefer the one-compartment structure. We
hypothesized that the inability to estimate this parameter with
precision was due, at least in part, to the experimental protocol
design, with a constant infusion of exogenous glucagon (after
the somatostatin-induced suppression of endogenous glucagon

secretion). To test this hypothesis, we used the model to simulate
53 glucagon profiles either after a bolus, a constant infusion, or
a primed-continuous infusion (i.e., a bolus followed by a con-
stant infusion) of glucagon, using the same sampling schedule
and the same LLoD of the present experiment. This analysis
confirmed that accounting for the data below the LLoD made
the constant infusion adequate to estimate V2, but results could
have significantly improved if one would have used a primed-
continuous infusion (RSE of V2 dropped to 29%). However,
using a primed-continuous infusion of glucagon may not be
feasible in practice, since rapidly injecting a large amount of
glucagon into the circulation is likely to cause nausea and
stimulate insulin secretion.

Another advantage of using NLME modeling is the possi-
bility to examine the causes underlying the variability present
in the data and identify whether some independently assessed
characteristics of the subjects, normally referred to as covari-
ates, significantly correlate with the model parameter values.
These features can be integrated into the population model itself
to improve its predictive power. The coefficients driving the
relationships between the individual parameter values and the
covariates can, in fact, be introduced in the model as additional
parameters and therefore optimized together with the remaining
population fixed effects. In this way, a part of the population
variability is explained in a deterministic fashion, rather than by
means of individual random effects.

Here, part of the variability present in the system was de-
scribed by scaling model parameters by some body size descrip-
tors in accordance with allometric relationships. In this way,
it was possible to introduce covariates into the model without
undermining estimates precision. The introduction of covariates
through allometric scaling led to a significant shrinkage of the
between-subject variability for parameters CL , V1 and BCL
compared to the model that did not employ covariates (with
a drop of their coefficient of variation of 5%, 2% and 6%,
respectively). In particular, BSA and TBM were good predictors
of model parameters. It is worth noting that these covariates do
not require sophisticated instrumentation to be obtained (such
as an X-ray scanner to measure LBM), making the model usable
by most of the investigators.

We also tried to incorporate age and gender into the model.
However, unlike other anthropometric descriptors, we could
not exploit allometric scaling and had to estimate one ad-
ditional parameter for each introduced covariate. This re-
sulted in an unacceptable degradation of the precision of
the parameter estimates, which resulted in their exclusion as
covariates.

In this work, glucagon kinetics were studied in the absence
of endogenous glucagon secretion thanks to the infusion of
somatostatin. Whether or not this hormone can affect glucagon
kinetics remains an open question. Another possible limitation
of this work is that the data base consisted of a limited number
of quite homogeneous subjects (53 healthy subjects, mainly
females and slightly overweight). Including more subjects with
a wider span of covariates and pathological statuses would have
allowed development of a more comprehensive model providing
a deeper insight into the kinetics of glucagon. However, at least
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in regard to glucagon clearance, a recent work reported that this
parameter was preserved in patients with type 2 diabetes [20].
In the absence of a suitable external dataset, we should note that
this population model was only validated on data used for the
identification.

Future work includes the extension of this model to other
populations, such as younger or older subjects, with type 1
or type 2 diabetes, the investigation of other covariates as de-
scriptors for model parameters, such as pathological statuses,
possible medications, or different genotypes, and the assessment
of model performance on an independent dataset.

V. CONCLUSION

In this work, a two-compartment model describing glucagon
kinetics in plasma has been developed in an NLME framework.
The model accurately predicted the glucagon profiles after an
intravenous continuous infusion, provided a robust estimate of
the between-subject variability that affects glucagon kinetics
parameters, employing also easily accessible subject covariates.

We believe that this will allow a step forward towards a
better understanding of glucagon secretion in humans, since
such a model can be used to estimate glucagon secretion via
deconvolution, as currently done for insulin. That would be of
great value since glucagon secretion and action and their role in
the pathogenesis of diabetes have been understudied, compared
to insulin, also due to the lack of appropriate methodologies to
accurately assess them. Finally, once validated in subjects with
type 1 diabetes, this model can be incorporated into diabetes
simulation platforms to assess the efficacy of dual-hormone
artificial pancreas.

ACKNOWLEDGMENT

The authors would like to thank Michele E. Krupa and Roy B.
Dyer from the Immunochemical Core Laboratory for their help
with glucagon measurement.

REFERENCES

[1] R. H. Unger and L. Orci, “The essential role of glucagon in the pathogenesis
of diabetes mellitus,” Lancet, vol. 1, pp. 14–16, Jan. 1975.

[2] E. Van Cauter et al., “Estimation of insulin secretion rates from C-peptide
levels: Comparison of individual and standard kinetic parameters for C-
peptide clearance,” Diabetes, vol. 41, pp. 368–377, Mar. 1992.

[3] T. Ishida et al., “Comparison of hepatic extraction of insulin and glucagon
in conscious and anesthetized dogs,” Endocrinology, vol. 112, no. 3,
pp. 1098–1109, Mar. 1983.

[4] K. C. Herold and J. B. Jaspan, “Hepatic glucagon clearance during insulin
induced hypoglycemia,” Hormone Metabolic Res., vol. 18, pp. 431–435,
Jun. 1986.

[5] Marcello C. Laurenti et al., “Assessment of individual and standardized
glucagon kinetics in healthy humans,” Amer. J. Physiol. Endocrinol.
Metab., vol. 320, pp. E71–E77, Oct. 2020.

[6] M. Davidian and D. M. Giltinan, “Inference based on individual es-
timates,” Nonlinear Models Repeated Meas. Data, pp. 125–150, 1995,
doi: 10.1201/978020374502-5.

[7] A. De Gaetano, G. Mingrone, and M. Castageneto, “NONMEM improves
group parameter estimation for the minimal model of glucose kinetics,”
Amer. J. Physiol., vol. 271, no. 5, pp. E932–E937, Nov. 1996.

[8] P. Denti et al., “Nonlinear mixed effects to improve glucose minimal
model parameter estimation: A simulation study in intensive and sparse
sampling,” IEEE Trans. Biomed. Eng., vol. 56, no. 9, pp. 2156–2166,
Sep. 2009.

[9] E. Faggionato, M. Schiavon, and C. D. Man, “Modeling between-subject
variability in subcutaneous absorption of a fast-acting insulin analogue by
a nonlinear mixed effects approach,” Metabolites, vol. 11, no. 4, Apr. 2021,
Art. no. 235.

[10] M. Lavielle and L. Aarons, “What do we mean by identifiability in mixed
effects models?,” J. Pharmacokinetics Pharmacodynamisc, vol. 43, no. 1,
pp. 111–122, Feb. 2016.

[11] B. J. Anderson and N. H. Holford, “Mechanism-based concepts of size and
maturity in pharmacokinetics,” Annu. Rev. Pharmacol. Toxicol., vol. 48,
pp. 303–332, Feb. 2008.

[12] “Documentation of monolix, version 2020R1,” Dec. 14, 2021, [Online].
Available: http://monolix.lixoft.com/

[13] A. Samson, M. Lavielle, and F. Mentré, “Extension of the SAEM algorithm
to left-censored data in nonlinear mixed-effects model: Application to HIV
dynamics model,” Comput. Stat. Data Anal., vol. 51, no. 3, pp. 1562–1574,
Dec. 2006.

[14] K. Brendel et al., “Metrics for external model evaluation with an appli-
cation to the population pharmacokinetics of gliclazide,” Pharm. Res.,
vol. 23, no. 9, pp. 2036–2049, Sep. 2006.

[15] M. Bergstrand et al., “Prediction-corrected visual predictive checks for
diagnosing nonlinear mixed-effects models,” Amer. Assoc. Pharmaceut.
Scientists J., vol. 13, no. 2, pp. 143–151, Jun. 2011.

[16] M. Delattre, M. Lavielle, and M.-A. Poursat, “A note on BIC in mixed-
effects models,” Electron. J. Statist., vol. 8, no. 1, pp. 456–475, May 2014.

[17] F. P. Alford, S. R. Bloom, and J. D. Nabarro, “Glucagon metabolism in man.
Studies on the metabolic clearance rate and the plasma acute disappearance
time of glucagon in normal and diabetic subjects,” J. Clin. Endocrinol.
Metab., vol. 42, no. 5, pp. 830–838, May 1976.

[18] A. E. Pontiroli et al., “Pharmacokinetics of intranasal, intramuscular and
intravenous glucagon in healthy subjects and diabetic patients,” Eur. J.
Clin. Pharmacol., vol. 45, pp. 555–558, Sep. 1993.

[19] L. Hinshaw et al., “Glucagon sensitivity and clearance in type 1 diabetes:
Insights from in vivo and in silico experiments,” Amer. J. Physiol. En-
docrinol. Metab., vol. 309, pp. E474–E486, Sep. 2015.

[20] M. F. G. Grøndahl et al., “Glucagon clearance is preserved in type 2
diabetes,” Diabetes, vol. 71, no. 1, pp. 73–82, Oct. 2021.

[21] P. Herrero et al., “A composite model of glucagon-glucose dynamics for in
silico testing of bihormonal glucose controllers,” J. Diabetes Sci. Technol.,
vol. 7, no. 4, pp. 941–951, Jul. 2013.

[22] A. Haidar et al., “Pharmacokinetics of insulin aspart and glucagon in type
1 diabetes during closed-loop operation,” J. Diabetes Sci. Technol., vol. 7,
no. 4, pp. 1507–1512, Nov. 2013.

Open Access provided by ‘Università degli Studi di Padova’ within the CRUI CARE Agreement

https://dx.doi.org/10.1201/978020374502-5
http://monolix.lixoft.com/


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


