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Abstract: Models of the blood glucose metabolism in critically ill patients allow an enhanced understanding of the underlying
pathology. Especially for the development of assisted insulin therapy the knowledge of the glucose dynamic is relevant. In
modeling of blood glucose dynamic, identification of model parameters is a crucial step, also regarding personalized health
care. Therefore, we present a workflow of parameter identification to obtain patient-specific model parameter and estimation

of insulin sensitivity.
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I. Introduction

Patients in the intensive care unit (ICU) can suffer from
stress-induced hyperglycemia exceeding 180 [mg/dL] and
high glycemic variability. The change in insulin sensitivity
which describes the effectiveness of insulin, plays a central
role in this dynamic. Insulin therapy is a common treatment
used to lower blood glucose (BG) level [1]. Critically ill
patients showed an improved recovery in the ICU using
intensive insulin therapy, which requires tight monitoring
of the BG level to avoid hypoglycemia [2]. Assisted insulin
therapy based on continuous glucose measurement can
assist clinical staff and improve therapy [3, 4]. The
development of such systems requires adequate models
describing the BG metabolism. However, identification of
model parameters based on clinical data is crucial. In the
following, we present the optimization of parameters for a
given model of the BG metabolism using novel clinical
data. The variance in identified parameters allows to
estimate their uncertainty, which is useful for a robust
control design. In addition, parameter identification
facilitates personalized models to improve insulin therapy.

Il. Material and methods

L.l Clinical Dataset

The clinical data were acquired at University Hospital
Aachen in context of a retrospective study based on 100
patients over a time of 30h in the ICU. The data were
postprocessed in MATLAB to extract BG measurements,
insulin infusion and nutrition data.

L.Il. Modeling Critically Il Patients

The BG metabolism in critically ill patients is described
using the so-called ICING Model [5]. The model describes
the interaction between plasma glucose, BG, and plasma
insulin, I. The remote insulin compartment, @, accounts for
the insulin being utilized in the interstitium (see fig. 1).

The model inputs are intravenous exogenous insulin, U,
enteral nutrition, D, and parenteral nutrition, PN.
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Figure 1: ICING model with its inputs. Solid arrows describe
direct mass flows, dashed arrows represent a direct influence.

The effect of interstitial insulin on the plasma glucose is
influenced by the insulin sensitivity, S,, which is as a time
variant parameter. High insulin sensitivity leads to a strong
influence of interstitial insulin on blood glucose. For a
detailed description of the model, the reader is referred to
[5]. The model is implemented in MATLAB Simulink, the
workflow of simulation is given in fig. 2.
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Figure 2: Flow chart of simulation in MATLAB Simulink.
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L.IIl. Parameter Optimization

The model parameters are optimized for each patient as in
[5-7]. Here, we use a combination of particle swarm and
nonlinear optimization. Thereby, the insulin sensitivity is
treated as time variant parameter. Thus, the optimization
procedure is performed in two phases. In the first phase, the
constant model parameters are optimized:

e Define vector with parameters as in [5]: p = p,

e Define boundary constraints for optimization,
ﬁmin < ﬁ < ﬁmax

e Apply particle swarm optimization and further
local nonlinear optimization to obtain optimal
local solution, p = P,

In the second phase, the previously constant insulin
sensitivity is adjusted over time. Therefore, the change
S;(£)/S;, is identified each hour. The resulting parameter

vector ¥ = [S,(to)/SIVO,...,S,(tN)/S,,O]T is optimized as
following:

e Define boundary constraints for optimization, to
restrict variations: X, < X < Xmax

e  Define auxiliary constraint with approximation of
first derivative of ¥ to avoid high fluctuations and
overfitting of insulin sensitivity:
A-Z<Db

e Local nonlinear optimization to obtain optimal
solution, X = X,

For the optimization, the MATLAB nonlinear optimization
solvers fmincon and particleswarm are used. The functions’
objective is the minimization of the error between the
simulated and the measured data set (see fig. 3).
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Figure 3: Optimization procedure of system parameter and time
variant insulin sensitivity.

lll. Results and discussion

In fig. 4 BG, insulin infusion and nutrition of a single
patient are given. The blood glucose values comprise the
simulated BG using the optimized parameter set and the
measured data from the clinical data set. Furthermore, the
scaled change in insulin sensitivity is plotted. The
simulation shows a good convergence of the identification

procedure. The algorithm identifies parameter without
converging towards the constraint boundaries.
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Figure 4: Simulation of a single patient after optimization. The
top plot shows the simulated and measured BG. The plot in the
middle shows the external inputs. The plot at the bottom shows the
estimated change in insulin sensitivity.

The parameters are within the range as provided in [5].
However, in patients with only few measurement values,
naturally, the solver identifying the insulin sensitivity can
overfit the data. A possible solution would be to scale the
number of data points for the insulin sensitivity depending
on the frequency of BG measurements.

IV. Conclusions

The proposed workflow allows an effective way to optimize
model parameters to a new clinical data set. The combined
particle swarm and local nonlinear optimization allows fast
convergence. Deviation in individual parameters enhances
an estimation of parameter uncertainty for robust controller
synthesis. Finally, trained parameter sets allow a
personalized, optimal insulin therapy.
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