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Summary

There is an ongoing search for less in-
vasive, relatively inexpensive, and lo-
gistically more suitable tools designed 
for large clinical studies in order to es-
timate glucose metabolism parameters. 
Nonlinear mixed effects modelling pro-
vides estimates of population means, 
variances and co-variances of individual 
parameter values, as well as measures 
of intra-individual and inter-individu-
al variability. This method could be a 
powerful tool to obtain accurate assess-
ments of indices of insulin sensitivity 
and β-cell function from different toler-
ance tests, especially in epidemiological 
studies with large numbers of sparsely 
sampled individuals. Methodological 
developments and new applications in 
this rich class of models in the statisti-
cal and subject-matter literature could 
provide a tool to allow the design of less 
invasive and expensive clinical protocols 
and epidemiological studies of the glu-
cose disposal-metabolic system.
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Introduction

The prevalence of diabetes mellitus has 
reached pandemic levels worldwide, 
with a disproportionately rapid increase 
in developing countries [Ampofo 2020]. 
Intensive research on diabetes in the 
past few decades has enhanced our un-

derstanding and knowledge about this 
chronic disease, paving the way for the 
development of novel methods for eval-
uating insulin resistance and multilater-
al effects of drugs [Theodorakis 2017, 
Rizzo 2018].

Several protocols and model-based 
approaches have been developed for di-
rect measurement of glycemic burden, 
such as oral glucose tolerance testing 
(OGTT) and the meal tolerance test 
(MTT) [Breda 2001, Dalla 2002]. How-
ever, there is an ongoing search for less 
invasive, relatively inexpensive, and lo-
gistically more suitable tools designed 
for large clinical studies. In clinical prac-
tice the widely accepted method is to an-
alyze the data from OGTT model identi-
fication in individuals using the standard 

two-stage (STS) approach, rather than 
its application at the population level. 
The results of such an approach very 
often lead to scarcely available data, 
particularly when performing large, 
epidemiological studies. It also means 
that less data is available for analysis, 
leading to imprecise or even incorrect 
conclusions. 

Two other tests that are predomi-
nantly used in research settings to as-
sess glucose metabolism, insulin resis-
tance, and β-cell function, namely the 
clamp technique [DeFronzo 1979] and 
the intravenous glucose tolerance test 
(IVGTT) [Toffolo 1995], can frequent-
ly result in insufficient data. These two 
techniques are extremely useful, but of 
little use in population studies. In addi-
tion, the homeostatic model assessment 
(HOMA), a method for assessing β-cell 
function and insulin resistance (IR), re-
presents a widely used tool in clinical 
and epidemiological studies that can 
result in useful data. However, robust 
primary input data are required, and 
they should be interpreted carefully, as 
is common with all models [Wallace 
2004]. 

Furthermore, logarithmically trans-
formed HOMA-IR, the Quantitative In-
sulin Sensitivity Check Index (QUICKI) 
model, carries the same limitations as 
the use of the HOMA equations when 
compared with the computer model. 
Therefore, population analysis meth-
ods have been proposed as a meaning-
ful improvement over the current pa-
rameter estimation techniques and may 
be of particular significance when ana-
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a powerful tool to obtain accurate as-
sessments of indices of insulin sensitivity 
and β-cell function from the OGTT, es-
pecially in epidemiological studies with 
large numbers of sparsely sampled sub-
jects. 

The ability of the population ap-
proaches to borrow information across 
the population and use it to improve the 
individual parameter estimates has been 
featured as their main benefit. In addi-

tion, the use of covariates in the mod-
el further increases the power of such 
techniques making them very alluring 
methodologies to study glucose-insulin 
metabolism. For example, a population 
approach has been proposed to solve the 
problem of estimation of the Disposition 
Index (DI), which is the product of the 
acute insulin response and the insulin 
sensitivity index from IVGTT [Santos 
2016]. Denti et al. further explored the 

lyzing data from large clinical studies. 
Mathematical and statistical techniques 
based on “population approaches” such 
as population mixed effects modelling, 
have been widely applied in the fields of 
pharmacokinetic and pharmacodynam-
ics studies in drug development [Denti 
2009] and predicting insulin absorption 
[Faggionato 2021]. However, except for 
a few instances [De Gaetano 1996], their 
application in the context of metabolism 
research and investigation is largely un-
exploited, and the usefulness and appli-
cability of such approaches in the study 
of diabetes mellitus remains to be fully 
evaluated.

Nonlinear mixed effects 
modelling and glucose 
parameters

Theodorakis et al. have applied nonlin-
ear mixed effects modelling to plasma 
glucose, insulin and C-peptide data ob-
tained from a 120 minute OGTT. They 
confirmed that this method provides es-
timates of population means, variances 
and co-variances of model parameters 
and empirical Bayes estimates of indi-
vidual parameter values, as well as mea-
sures of intra-individual (within-subject) 
and inter-individual (between-subject) 
variability [Theodorakis 2017]. The au-
thors suggest that population analysis is 

Figure 1: Applications of nonlinear mixed effects modelling.
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advantages of population techniques 
by proposing integration of covariates 
in the IVGTT glucose minimal model 
analysis [Denti 2010]. A conjectural ba-
sis would thus be established about the 
physiological explanation of the rela-
tionships discovered and open the door 
for less invasive and inexpensive meth-
ods that may be used in epidemiological 
studies of glucose-insulin metabolism.

Given the rapidly increasing global 
prevalence of diabetes, reliable tools and 
population-based methods to investigate 
qualitative patterns characterizing fast-
ing [Aniley 2019] and/or postprandial 
hyperglycemia that are appropriate for 
use in large studies are required. Con-
sidering the high possibility of aberrant 
2-hour responses regardless of fasting
euglycemia, a mixed effects modelling
tactic may be useful in the early identi-
fication of populations at risk for occur-
rence of impaired glucose tolerance and
in the progression to type-2-diabetes.
Some potential applications of nonlin-
ear mixed effects modelling are shown
in Figure 1.

Recent findings indicate the practica-
bility of a population mixed effects mod-
eling approach in analyzing the sparse 
data of the OGTT in a large population 
with varying levels of glucose tolerance. 
We suggest that other cardio-metabolic 
risk factors [Abate 2014, Bayram 2014, 
Rizzo 2007, Rizzo 2009, Toth 2014] 
could be included in future endeavours. 
The impact of dietary or lifestyle habits 
and the concentrations of various bio-
markers should be taken into consid-
eration as possible confounders which 
could affect the results. Although further 
investigation is imperative, it seems like-
ly that the modeling of metabolic sys-
tems can notably profit from application 
of these techniques. Nonlinear mixed 
effect modeling specifically permits not 
only a more exact assessment of the pop-
ulation characteristics but also increas-
es the individual parameter accuracy, 
further improving the overall estimated 
precision [Denti 2009].

On the contrary, Erichsen et al. re-
ported no strong benefit with use of a 
population-based method in a data-rich 
situation, hence opposing the notion 
that greater number of studies provid-
ed a significant improvement for both 
the population and individual parameter 

estimates [Erichsen 2004]. However, it 
is possible that population methods are 
inherently more robust and able to com-
pensate for the deficiency of individual 
data by loaning it across all subjects. 
The insertion into the model of other 
clinical covariates such as individual 
characteristics of each subject (e.g. age, 
height, weight, abdominal fat or genetic 
profile) may ameliorate its deficiencies 
and make a model more powerful. In 
this context, one of the main advantag-
es of nonlinear mixed-effects models is 
that the regression coefficients for the 
physiologic variables are optimized by 
the algorithm together with the popu-
lation parameters. Further studies will 
be helpful in identifying the most signif-
icant covariates and their incorporation 
into the model [Theodorakis 2017].

Modeling may accelerate translation 
from basic science to clinical medicine, 
streamlining experimentation, data ac-
quisition, and technology development, 
overcoming translational bottlenecks, 
and promoting interdisciplinary re-
search. Although the available evidence 
is promising, not much is known about 
the technique of nonlinear mixed effects 
population modeling as applied to dif-
ferent bioactive markers. 

The use of simulated clinical trials 
and “virtual” patients can be incorporat-
ed in models that include data obtained 
from a clinical, as opposed to a labo-
ratory setting. It is expected that these 
scales will bridge a key gap between 
bench biology and clinical medicine, 
and a growing number of translation-
al applications of the models including 
patient-specific modeling for diagnosis 
and therapy planning. However, no one 
model can indicate safety and effective-

ness alone [Erdemir 2020]. Close over-
sight from regulatory agencies to stim-
ulate the development and validation 
of tools and data resources to support 
modeling in, for example, cardiovascu-
lar device design, will be essential.

Conclusion

Methodological developments and new 
applications in this rich class of models 
in the statistical and subject-matter lit-
erature could provide a tool to allow 
the designing of less invasive and ex-
pensive clinical protocols, pharmaco-
kinetic, and epidemiological studies of 
the glucose disposal-metabolic system. 
This may have a particular relevance 
during this difficult and long pandemic 
time for patients with chronic diseases, 
like those with diabetes, which are now 
exposed to an higher risk of severe com-
plications [Stoian 2020]; we therefore 
encourage more research on this topic, 
which may have a significant impact in 
clinical practice for a better management 
of diabetic patients.
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