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ABSTRACT

A novel combination of mode! predictive control (MPC) and iterafive learning control (ILC), referred fo learning-type MPC
(L-MPC), is proposed for closed-loop control in an artificial pancreatic B-cell. The main motivation for L-MPC is the
repetitive nature of giucose-meal-insulin dynamics over a 24-h period, 1.-MPC learns from an individual's lifestyle,
inducing the control performance to improve from day to day. The proposed method is first tested on the Adult Average
subject presented in the UVa/Padova diabetes simulator. After 20 days, the blood glucose concentrations can be kept
within 68-145 mg/dl when the meals are repetitive, L-MPC can produce superior control performance compared with that
achieved under MPC. In addition, L-MPC is robust to random variations in meal sizes within £75% of the nominal value or
meal fimings within £60 min. Furthermore, the robustness of L-MPC to subject variability is validated on Adults 1-10 in the
UVa/Padova simulator, © 2009 American Institute of Chemical Engineers AIChE J, 2010
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Output regulation is a fundamental issue in control design.[1} For output regulation issue, the control objective is to make
the oufputs approach a given target Y, as closely as possible. To achieve the control objective, a command is required to

tell the controller what to do, and this command is named sef-point. In most cases, the set-point is chosen to be the same
as the target Y. Logically, this leads to the question of whether the target is the best choice for the set-point.

This prompts an additional question: what is the optimal set-point, and how can it be determined? If a process exhibits a
repetitive behavior, e.g., baich processes and periodic continuous processes-iterative Eeafnlng control (ILC) could be used
to update the set-point and search for the optimal one. Therefore, there are two loops in the closed-loop system, as shown
in Figure 1: a local controller is used to stah:hze the system and regulate the outputs; an ILC is used to optimize the set-
point for the local controller.

Figure 1. Block diagram of indirect iterative learning control.The narrow
arrow lines denote the measurement information; the wide arrow line
denotes the management decision. [Color figure can be viewed in the
online issue, which is available at www.interscience.wiley.com.}
[Mormal View 13K | Magnified View 31K]

Generaliy speaking, there are two ways to use ILC: (1) #tis utilized to determine the control signal directly, a method which
is called direct ILC[2]; (2) it is used to update some parameters for the local controller, a method which is named indirect
1ILC.[2] According to this classification method, the algorithm proposed in ihls work is considered an indirect ILC algorithm.
In a recent survey,[2] 207 articles from the Web of Science that featured “iterative learning control” in the title were
reviewed, and only 16 of them were deemed to focus on indirect ILC. For indirect ILC, two essential issues need to be
established; what algorithms are used to design the local control, and which parameters of the local controlier are updated
by ILC. Among the 18 indirect-ILC-related articles mentioned previously, ILC was used to update the set-point for the local
control in only two works.[3][4] in the first study,[3] IL.C was used to update the set-point for a PID controller, and then a
standard PID with adaptive gain was used to replace the ILC-based PID. In the other work,[4] an anticipatory-type ILC (A~
[LC) was used to adjust the set-point for a Pil> controller, and the proposed scheme was implemented on an X-Y platform.

In the present work, the local contro] is chosen as model predictive control (MPC) because of its superior abilities in
dealing with multivariate processes, constraints, and nonlinearities. Furthermore, the ILC method proposed in this arlicle is
much easier to use and more intuitive than that used in the aforementioned references. In this novel combination, MPC is
applied to the system and ILC is used to opfimize the set-point for MPC. Hence, the proposed algorithm is denoted L-MPC.
it shouid be pointed out that ILC and MPC have long been used together, in combinations such as BMPC [5] 2D-GPILC [8]
and MPILC.{7] However, in each of these, MPC was used to design the updating law of ILC; therefore, these methods are
in the direct IL.C category. To the best knowledge of the authors, this article is the first work on ILC-based MPC, or L-MPC.

To evaluate the proposed algorithm, it is applied fo closed-loop control of an artificial pancreatic E%cell for Type 1 diabetes
meliitus (T1DM). T1DM is a metabolic disease characterized by damaged B-cells, which are responsible for insulin
secretion. In 2000, ~17.1 million persons worldwide have Type 1 diabetes mellitus,[8][9] and a clear rising trend in the
incidence of the disease has been reported.[10] The hyperglycemia (high blood glucose concentration) resulfing from
insulin deficiency can cause many serious, long-term complications, such as heart disease, hypertension, retinopathy,
nephropathy, and neuropathy. To reduce the glucose level, exogenous insulin delivery is required for subjects with T1DM.
However, excessive insulin infusion can result in hypoglycemia (low blood glucose concentration), which will cause
impaired brain functions or even death.[11] Hence, managing the insulin delivery to achieve normal glucose levels is a
daily challenge.

MPC has been used previously for glycemia control. [12]{1 3} Because of the clinical disturbances, e.g., meals, the glucose
level controlled by MPC is not flat enough if the set-point is fixed to be the target. On the other hand, people generally
consume meals at the similar time from day to day; hence the glucose-meal-insulin dynamics can be considered a
continuous process with periedic disturbances. This is the main motivation for using L-MPC for the artificial pancreatic B-
cell. The foliowing simulation results will illustrate that the ILC-based sef-point can substantially improve the conirol
performance of MPC,

The rest of this arlicle is organized as follows: A nonlinear physiological model describing the virtual subject and an auto-
regressive exogenous {ARX) model for control design are intfroduced in “Virtual Subject and ARX Model.” The controller is
designed in “Learning- Type Model Predictive Control * where the MPC-based local controller and the 1LC-based set-point
are introduced separately. “Experiment Results” presents numbers of simulation results that demonstrate the excellence
of the proposed method. Finally, some conclusions are provided in “Conclusions.”

Virtual Subject and ARX Model

hitp://www3.interscience.wiley.com/cgi-bin/fulltext/122666530/main.html ftx_abs 2/16/2010
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In previous studies,[14-16] an in sifico model for T1DM was proposed. This in sifico subject is comprised of three
subsystems: the glucose subsystem, the insulin subsystem, and the meal subsystem. The giucose subsystem is described
as a two-compartment mode! (glucose mass in plasma and rapidly equifibrating tissues; glucose mass in slowly
equilibrating tissues); another two-compartment model (periphery degradation and liver degradation) is used to describe
insulin kinetics, and the meal subsystem is also assumed to be two compartments (one for the liquid and another for the
solid phase). On the basis of this model, a simutation environment was built by researchers from University of Virginia and
University of Padova,[17] named the UVa/Padova diabetes simulator for short. The core of the simulation environment is a
set of in silico subjects. In this work, 11 in sifico subjects (adults 1-10 and adult average) from the simulator were used in a
viriual subiect platform built in MATLAB® (The MathWorks, Natick, MA}.

An identification technigue is required to develop a model of the virtual subject for controller design, because the
aforementioned physiological model serves only as the virtual subject. In clinical practice, the available variables for model
identification: are insulin delivery rate, glucose concentration, and carbohydrate (CHO) count; however, the CHO count
needs 1o be estimated by a human, so an accurate value is difficulf to determine. Therefore, an ARX model will be used to
approximate the relationship between the insulin and the glucose levels. For this study, the input, insulin delivery rate, is
denoted as uif) and the output, glucose concentration, is denoted as y(f), where t is the time step index. The sample time
is set at 5 min, in accordance with the DexCom Seven® system.[18]

To develop the model between insulin and glucose levels, an open-loop experiment without meals (i.e., fasting condition)
is conducted on the virtual subject for 24 h. The insulin delivery rate has a step change, so the step-response identification
method can be used to identify the model between u(f) and y(f). For simplicity, an ARX maodel is used to approximate this
retationship, as shown here.

Alz ™ wlE) = Ble ™ Jult — ad) + w(f) 1
where 271 is the backward shift operator, nd is the time delay, and w(f) denctes uncertainties or disturbances.

Learning-Type Model Predictive Control

HEEFE-H

Model predictive control

A short overview of the basic MPC algotithm is provided here; a more detailled overview of MPC can be found in textbooks,
for example the book.[19] The key algorithmic components of MPC include: prediction model, cost function, and receding

horizon optimization. On the basis of the ARX model in Eq. 1, the prediction model can be built. Given that the set-point for
MPC is y,(f), the cost function is given as

H
02y o et +5) — ot + 510
7=1

kg
+3 Eag (ke + 487 + as (Ault+ g;t})*]
Py

where the integers N and M (N > M) are referred to, respectively, as the prediction horizon and control horizon. §{# -+ jit}
denotes the prediction of y(t + j) based on the known information at time £ u(tﬂ}f)ffiﬁ denotes the possible control
sequence in the control horizon, and fu denotes variations of the control signal over time. Weights &.,, &, and &, adjust

the relative importance of tracking etror suppression, input penalty, and input variation penalty, respectively. Guidelines for
choosing {N,M,e.; @&, 0.5} can be found in the literature.[19] The following optimization problem is solved fo obtain the

updating law:

wii + i, = argmin 0 3
w{EHiff)

In this work, the optimization problem (3) is solved using the MPC toolbox in MATLAB. After a feasible solution u{tﬂ}t}iﬁiﬂ
is obtained, only the first term u(fif) is implemented; at time ¢ + 1, the optimization procedure will be repeated.

Learning-type set-point

Because of the repstitive nature of meal intake, glucose measurement, and insulin delivery over & 24-h period, the
giucose-meal-insulin dynamics can be interpreted as a continuous process with periodic disturbances. Therefore, the
tracking error from the previous day can be used to adjust the set-point in the current day. Because the period of the
characteristic dynamics is 24 h and the sampie time is 5 min, the period for time step fis 7= 288. Hence, fand £7

http://www3.interscience. wiley.com/cgi-bin/fulltext/122666530/main himl,ftx_abs 2/16/2010
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correspond fo the same moment in two neighboring days, so the meal disturbances at these two points are the same or
simitar. It is reasonable to assume that

wlt) —yit) e~ Ty — (- T) 4

On the basis of this assumption and given the tracking error e(t- 1) = Y; - y{t- T), one obtains
elf) = Yo ~g(t} = ¥o ~ ot} + g:lt) ~ 9(8)
Y~ pelt) + 9l - T) -9l - 1) 5
e gt~ T} et — T — ()

Letting e(®) = 0 in (5), the “optimal” choice for the set-point y (£} is
pel) = et — T) + {5 — T 6

however, this aggressive scheme might lead to overshoot, which should be avoided, hence, a more reasonable and robust
scheme is introduced for updating the set-point

wll) =5l - T)+ Kelt - T); gt} =Y, when £ €[0, 17 7
This is a typical P-type ILC,[20}{21] wheré 0 < K <1 is the learning gain.

in the literature,[22] a sufficient condition for asymptotical stability of a closed-loop system under indirect IL.C was
established. Under this condition, the tracking error e{f) will converge to zero, Therefore, according to (7), y(f) will be

similar to y,(f- T), in other word, the ILC-based set-point will converge to a periodic profite. The range of the imit periodic

profile could be great, which is a potential risk when there exist batch-wise variations; hence, some constraints on the set-
point is introduced in (12).

In other words, within the L-MPC framework, MPC works as the local control; an i..C is used fo update the sei-point for
MPC. For clarity, the block diagram of L-MPC is shown in Figure 2.

Figure 2. Block diagram of learning-type model predictive control. The
solid arrow lines denote the real-time information; the dotted arrow lines
denote the information in the previous cycle; components in the dashed
frame comprise an iterative learning controller (ILC). [Color figure can be
viewed in the online issue, which is available at
www.interscience.wiley.com.]

[Normat View 16K | Magnified View 37K}

Experiment Results
Controiler design

The foliowing simulations are completed on the Adult Average subject from the UVa/Padova diabetes simulator. An open-
foop simulation is performed to idenfify the model in Eq. 1. The insulin delivery rate is chosen as

A 08Uk, 0<Li< 60
wt) = {(}.5 U/h, 60 <1< 144 8
Then, the ARX modef can be obtained as shown below
Alz™Y) =1~ L9860z + 0986427 o

B{z™%) = —0.0030; nd =1

Obviously, it is impossible to describe the virtual subject {comprised of three nonlinear sub-models introduced in “Virtual
Subject and ARX Model™) accurately by using this simplified model. Next, the control law will be designed, based on the
simplified model in (9).

To compare the tracking performance in different cases numerically, the following criterion is introduced

10
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BT

ATE(R) & 3 )~ %R/T
ety T8 1

which is the average tracking error (ATE) for kth day. Obviously, a smaller ATE equates to a better tracking performance.

Because the glucose-insulin dynamics are relatively slow, the prediction horizon is chosen as 50; for tuning, the control
horizon is chosen as 5. In the MPC module, three weights need to be designed: the tracking error weight &, the input

penalty weight t.,,, and the input variation penalty weight &,. Three parameters can be combined to yield two degree of
freedom: if &, is fixed to be unit, only o, and ©, should be tuned. The ATE values of MPC and L-MPC are compared in
Figure 3 under four groups of weights: {8} = {2.5,1,1}, {10,1,1}, {6,0.5,1}, or {5,2,1}, respectively. lt is clear that

MPC is robust to different weight settings and L-MPC can improve the closed-loop performance in all cases. On the basis
of the simulation results, intermediate values are chosen in this study: oy = 5,8, = 1, and oy = 1. To guarantee

continuous insulin delivery, the following constraint is introduced:

wit) 2 .24 U/h 11
. o, Figure 3. Comparison of average tracking error under different
R o i aiahts Where » denotes ATE for MPC and © denotes ATE for L-MPC:
e TR (a) 2, 2, 6.3} = (2.5,1,1); (b) {21, 2, 3} = {10,1,1); (6) {o1, 22, 43} =
g = 2 £5,0.5,1}; (d) {t£1, t.2, &3} = {5,2,1}. [Color figure can be viewed in the
£ e % wmmierl - online issue, which is available at www.interscience.wiley.com.]
. u < [Normal View 34K | Magnified View 87K]

Other than the set-point, alt parameters are the same for L-MPC and MPC.

Repetitive diets

In this section, it is assumed that the subiect consumes three meals a day at {7:00, 13:00, and 18:00} with fixed amounts
of carbohydrate, {60 g, 100 g, and 70 g}, respectively. In the first day, an optimized basal and bolus open-loop therapy is
used as follows: the basal rate is subject-specific as defined in the UVa/Padova simulator, and meal-related boluses are
calculated using subject-specific insulin-to-carbohydrate ratios and meal sizes. The feedback control is engaged on the
second day. The target for output is chosen as Y, = 110 mg/dl. In this work, hyperglycemia is defined as blood glucose

concentration greater than 180 mg/dl.[23] While the definition of hypoglycemia has a wide range (60-70 mg/d})[24] and is
associated with or without clinical symptoms. For simplicity, we have selected 60 mg/di as hypoglycemia threshold where
any deviations below this level are termed significant hypoglycemia.[24][25] Accordingly, blood glucose concentrations
between 80 ma/di and 180 mg/dl are considered to be within the safe range for T1DM.

For ILC, only the learning gain needs to be designed. The ATE values for three different learning gains are compared in
Figure 4. The ILC does not begin to adjust the set-point in the first day, so the ATE values in this day are the same and,
hence, are omitted. Evidently, farger K values result in faster convergence rates in the cycle direction; however, larger K
values will induce worse robustness to variations. In this article, an intermediate value of K = 0.5 is chosen to sirive a
compromise between these two effects.

i

[

| 3

g
Wi

i

Saay, : Figure 4. Comparison of average tracking error for t!?ree different
Z9cs, “atnassay,,| learning gains.[Color figure can be viewed in the online issue, which is
*e2eeenpgieseugs  @vailable at www.interscience.wiley.com.]

S [Normal View 21K | Magnified View 54K}
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The control results under L-MPC for 20 days are given in Figure 5: Figure 5a shows the glucose levels for 20 days; Figure
5b shows the insulin delivery rates; for clarity, the glucose and insulin curves in the last day are enlarged in Figures 5c, d,
respectively. For comparison, Figure 6 shows the control results under MPC for 20 days. From Figure 6a, one can see that
the control performance becomes steady after the 3rd day. As shown in Figure 6c, the range of glucose concentrations
under MPC is about 68-201 mg/d!, For the L-MPC case, as shown in Figure 5a, the control performance keeps improving
from day to day, and the glucose level in the last day can remain in the range of about 68-145 mg/dl, as shown in Figure
5c, which is excellent for T1DM. Clearly, L-MPC can improve the control performance over MPC.

http://www3.interscience.wiley.com/cgi-bin/fulltext/122666530/main.html,ftx_abs 2/16/2010
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Figure 5. Control performance under 1.-MPC in 20 days.(a) Glucose level,
safe range, and set-point; (b) insulin delivery rate, where logarithmic
scale was used for the Y-axis; (¢) last day’s results; (d) last day's insulin.
[Color figure can be viewed in the online issue, which is available at
www.interscience.wiley.com.]

[Normal View 46K | Magnified View 149K]

Figure 6. Control performance under MPC in 20 days.(a) Glucose
concentration; (b) insulin delivery rate, where logarithmic scale was
used for the Y-axis; (c) last day's glucose; (d) last day’s insulin. [Color
figure can be viewed in the online issue, which is available at
www.interscience. wiley.com.]

[Normal View 43K | Magnified View 128K]

In most cases, it is difficult or even impossible to achieve exact tracking due to unmeasured disturbances, constraints, and
other uncertainties. Therefore, the set-point wili keep updating such that it has a large variation, as shown in Figure 5a.
The excessive range of the set-point creates potential risks, especially in the presence of non-repetitive variations, such as
meal amount and timing variations. To avoid the potential risks and improve L-MPC's robustness, some limitations are
added fo the ILC-based set-point:

(1) == max {61 ¥, min [Ba¥z, el — T}+ Kﬁ{t - T}]} 12

where 0 < 81 <1 and 52 > 1 are designed parameters. In fact, these limitations conduce a boundary layer for the set-point,
and the thickness of the layer is (&, - §,)Y,. Therefore, a larger 8, - &, will introduce more freedom for L-MPC but may
result in worse robustness. In practice, 51 and 52 can be designed based on the acceptable range for the output. As an

example, because the immediate danger from hypoglycemia (glucose concentrate lower than 80 mg/dl) is much greater
than that from hyperglycemia (glucose concentration higher than 180 mg/di), &2 = (.7 and 52 = 2 were chosen in this work,

so the range for the set-point is between 77 mg/di (>60 mg/df) and 220 mg/dI. The control results under constrained L-
MPC are shown in Figure 7.

Figure 7. Control performance under constrained L-MPC in 20 days.(a)
Glucose concentration; (b} insulin delivery rate, where logarithmic scale
was used for the Y-axis; (c) last day's glucose; {d) last day's insulin.
[Cotor figure can be viewed in the online issue, which is available at
www.interscience.wiley.com.] . ‘
[Normal View 44K | Magnified View 135K}

As shown in Figures 5 and 7, L-MPC eventually gives bolus-like patterns to compensate for meals. In addition, nocturnal
insulin delivery has been redesigned by the algorithm in the form of extended bolus to optimize fasting insulin requirements
for a set-point of 110 mg/di.

ATE values for MPC, L-MPC, and constrained L-MPC are compared in Figure 8. The ATE values under MPC remain
constant from the 4th day, while the ATE values under 1.-MPC and constrained L-MPC continuous fo decrease. The ATE
values in the last day are 12.6, 21.4, and 28.6, respectively, under L-MPC, constrained L-MPC, and MPC. L-MPC exhibits
better performance than constrained L-MPC, which may be explained by the difficuity of obtaining rapid insulin boluses
without allowing large variations in the sef-point. Both L-MPC and constrained L-MPC have superior performance over
MPC. In subsequent sections, only constrained L-MPC is used; for convenience, the terminology “constrained” is omitted.

Figure 8. Comparison of average tracking error for MPC, L-MPC, and
constrained L-MPC.[Color figure can be viewed in the online issue,
which is available at www.interscience.wiley.com.]

hitp://www3.interscience.wiley.com/cgi-bin/fulltext/122666530/main.html,ftx_abs 2/16/2010
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Robustness to meal variations

in the previous sections, it is assumed that the sizes and timings of meals remain the same from day fo day. For practical
application, the proposed algorithm should be able to remain effeciive in the presence of significant variations. Hence, the
robustness of L-MPC in the presence of variations in meal amounts and meal imings must be studied. The effects of each
factor on the control performance are considered separately at first, then in combination. The nominal values for meal
amounts and meal timings are still set at {60 g, 100 g, 70 g} and {8:00, 13:00, 18:00}.

To study the effects of variations in meal amounts, the meal times are fixed. A uniform distributed random variable is
added independently o the nominal meal amount. The statistical results are given in Tabie 1. For variations as large as
+75%, the minimum size of lunch is 25 g and the maximum size is 175 g, which is quite a large difference; however, the
control performance is stilt acceptable. The glucose and insulin curves over 20 days are given in Figures 9a, b,
respeciively. For clarity, the control results in the last day are shown in Figures 9c, d. The proposed scheme has excellent
robustness in the presence of meal amount variations.

Figure 9. Control results of average subject with +75% variation in meal
amounts.(a) Glucose curve; (b) insulin curve, where logarithmic scale
was used for the Y-axis; {c) last day's glucose; {d} last day's insulin.
[Color figure can be viewed in the online issue, which is available at
www.interscience.wiley.com.]

[Normat View 45K | Magnified View 139K]

Table 1. Robustness Statistic Results for L-MPC

Mean Percentage
ATE Percentage of Percentage of  in Safe
(mg/dl) Hyperglycemia Hypoglycemia Range

Nominal 21.45 4.85% 0.00% 95.15%
25%  21.60 4.05% 0.00% 95.95%
+50% 2251 - 552% 0.51% = 93.97%
+75% 2462 7.05% 2.12% 90.84%
£20min  22.05 4.89% 0.16% 94.95%
+40 min  23.04 4.69% 1.07% 04.24%
+60 min  24.32 4.51% 1.96% 93.53%
+50%  24.81 6.55% 1.65% 91.81%
and 140

min

For each case, 110 days' simulations were done, and the
last 100 days' simulation results are analyzed in this table.
Mean ATE is the average of the last 100 days' ATE.

Now, the meal amounts are fixed in nominal values so that the effects of meal time variations may be studied. As shown in
Table 1, the robustness of L-MPC to meal time variations is impressive: performance indices in all cases are very close to
those in nominal cases. If the variation range is 60 min, the duration between two meals in some cases will be as short as
3 hor as long as 7 h. According to our experience, this is wide enough to describe real life uncertainties for most
individuals. The control results with 60 min variations are shown in Figure 10, which validates the superior robustness of
{-MPC to account for meal fiming variations. :

http://www3.interscience. wiley.com/cgi-bin/fulltext/1226665 30/main.html ftx_abs 2/16/2010
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Figure 10. Control results of average subject with 260 min variation in
meal times.(a) Glucose curve; (b) insulin curve, where logarithmic scale
was used for the Y-axis; (c) last day's glucose; (d) last day's insulin.
[Color figure can be viewed in the online issue, which is available at
www.interscience.wiley.com.]

[Normal View 44K | Magnified View 134K]
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The previous results consider the robustness of L-MPC to meal amount and meal timing variations separately; however,
these variations can appear together in real life. In the next phase, itis assumed that there are both meal size variations
within £50% and meal timing variations within £40 min. The control performance indices are also included in Table 1. The
control results for 20 days are shown in Figure 11. These results demonstrate that L-MPC has very good robusiness to
real-life variations in diet.

Figure 11. Control results of average subject with {£50%, £40 min) meal
variations.{a) Glucose curve; (b) insulin curve, where logarithmic scale
was used for the Y-axis; (c) last day's glucose; (d} last day's insulin.
[Color figure can be viewed in the online issue, which is available at
www.interscience.wiley.com.]

[Normal View 45K | Magnified View 133K]

Robustness to subject variations

The preceding results were all conducted on the Adult Average subject. In clinic, biometric values such as weights, insulin
resistances, and ages have wide distributions. A good therapy should be robust enough to treat a reasonable distribution
in the population.

In this section, Adults 1-10 are tested under L-MPC. Except for the ARX models identified by using the step-response
identification method, all other parameters for L-MPC are the same as those used for the Adult Average subject. All control
results for the 10 subjects under L-MPC are shown in Figure 12.

Figure 12. Control results of 10 subjects under L-MPC.Where a cons{ant
insulin delivery rate, 0.6 U/h, was used in the first day to challenge the
proposed algorithm. Subfigures (a)-(j) correspond to Adults 110
respectively. The meals are repetitive and the same in all cases. {Color
figure can be viewed in the online issue, which is available at
www.interscience wiley.com.]

[Normal View 50K | Magnified View 155K}

From Figure 12, it is seen that the control performance can be improved from day to day for most subjects, which is one of
the advantages of L-MPC. After a few days, an absolute majority of glucose values have converged within the safe range
with little variation in all 10 cases. This demonstrates that L-MPC has good robustness to subject variations. it should be
noted that using fixed parameters for all subjects results in suboptimal control results for some cases (e.g., Adult 8), which
can be easily fixed by adjusting controlier parameters. To highlight the function of learning, Figure 13 compares the ATE
values for 10 subjects under 1L.-MPC and MPC. In all cases, the tracking performance under L-MPC is better than that
under MPC, due to the function of ILC-based set-point. The values of ATE in the last day for two control algorithms are
compared for the 10 cases, and L-MPC reduce ATE by 21 1% in average.

Figure 13. Comparison of tracking performance for 10 subjects under
MPC and L-MPC, respectively.’+ denotes ATE for MPC; " denotes ATE
for L-MPC. Subfigures (a)-(j) correspond to Adults 1-10 respectively.
[Color figure can be viewed in the online issue, which is available at
www.interscience.wiley.com.]

[Normal View 38K | Magnified View 113K}
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Conclusions
E - EEEFEE

This is the first work using L.C to adjust the set-point for MPC, a method termed L-MPC in this work. To validate this novel

Page 9 of 10

combination, the proposed method was implemented in the artificial pancreatic B-celt for T1DM. By exploiting the repetitive

nature of the glucose-meal-insulin dynamics, the control performance under |L.-MPC can be improved from day to day. it
has been shown that the proposed algorithm is robust to meal variations and subject variability. In addition, this algorithm
does not rely on the subject's intervention, so, it will be suitable for pediatric populations and for those who do not wish to
take control of their diabetes.

The design of ILC is independent of the local controller, so the proposed ILC can be transplanted td combinations with
other methods, such as internal model control, PID control, and H_, control. In addition, whereas only output regulation is

considered in this article for simplicity, the proposed idea can be implemented for output tracking issue.

Notation

Indices

A(z1) auto-regressive function for ARX model, dimensionless
ATE average tracking error, mg/d|

© B(z") exogenous function for ARX model, dimensionless

nd  time delay, dimensionless

T period for the continuous process, dimensionless

t time-step index, multiplier of the sample time (5 min), dimensionless

1 backward shift operator, dimensionless

Uy cost function for MPC, dimensionless

Parameters

K learning gain, dimensionless

M control horizon, dimensionless

N prediction horizon, dimensionless

oy weight for tracking error suppression in the cost function, dimensionless

@&, weight for input penally in the cost function, dimensionless

®,  weight for input variation penally in the cost function, dimensionless

5:1 a design parameter for the lower boundary of the set-point, dimensionless
5.2 a design parameter for the upper boundary of the set-point, dimensioniess

Variables

e{} output tracking error, mg/dl

u(y  input, insulin delivery rate, U/h

w(fy uncertainties or disturbances, dimensionless

Y, targetfor the output, mg/di

y{} ouiput, glucose concentration, mg/d]
¥} set-point for MPC, mg/d

#{-1 the prediction of the output y(-), mg/di
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Glucose Monitoring

etection of a Meal Using Continuvous

Implications for an artificial B-cell

Bruce A. Bucxancaam, MD”

Evar Dassav, PHD"
Francss J. Dovis, IH, pup’

B. WaynE BEQUETTE, PHD®

OBIECTEVE — The purpose of this study was to introduce a novel meai detection algorithin
(MDA) to be used as part of an artificial B-cell that uses a continuous glucose monitor (CGM}.

RESEARCH DESIGN AND METHODS — We developed our MDA on a dataset of 26
imeal events using records from 19 children aged 1—6 years who used the MiniMed CGMS Gold.
We then applied this algorithm. 10 CGM records from a DirecNet pilot study of the FreeStyle
Navigator continuous glucose sensor. During a research center admission, breakfast insulin was
withheld for 1 h, and discrete ghucose Jevels were obtained every 10 min after the meal.

RESULTS — Based on the Navigator readings, the MDA detected a meal at a mean time of 30
min from the onset of eating, at which time the mean serum glucose was 21 mg/dl above baseline
(range 2-36 mg/dD), and >90% of meals were detected before the ghicose had risen 40 mg/dl

from baseline.

CONCLUSIONS ... The MDA will enable avtomated insulin dosing in response to meals,
facititating the development of an artificial pancreas.

B-cell is a challenging task that has

drawn together different disciplines
within engineering, science, and medi-
cine for the past 30 years (1). In the most
likely scenario, the subject is connected to
both a continuous subcutaneous insulin
infusion system and a continuous glucose
monitor {CGM). The loop is “closed” in-
side a computer/personal data manager
by software that regulates the glucose
level by changing the insulin infusion rate
of the pump. The success of such an arti-
ficial B-cell depends on the following: 1)
predictive mathematical models of pa-
tients that can mimic glucose absorption
secretion and insulin action (e.g., the
pharmacokinetic/pharmacodynamic

The development of an artificial

Diabetes Care 31:295-300, 2008

models in refs, 2 and 3); 2) reliable and
accurate sensors that transmit real-time
glucose measurements; 3) automated in-
sulin pumps that can be controlied by
software; and 4) a controlier (algorithm)
that can regulate glucose by changing the
infusion rate based on sensor glucose
measurements. A variety of controliers
that are capable of regulating glucose can
be found in the literature. Several are
based on mathematical models and de-
signed as proportional integral derivative
or model predictive control (4--7); others
are based on fuzzy logic (8). However, as
was noted by Hovorka et al. (9), a number
of challenges remain to be solved before
the artificial B-cell is realized: one of the
critical challenges is the regulation of glu-
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cose levels after a meal (10). The meal
challenge can be met, in principle, by
three different approaches. The first one is
the feed-forward control approach in
which the user of the artificial f-cell will
inform the controller that a meal is occur-
ring (or is about to occur) by clicking a
button, thus initiating an insulin bolus.
The second way is to rely strictly on feed-
back control, whereby the algorithm will
respond only after a sufficiently large rise
in glucose has occurred. This particular
strategy has proven difficult in practice
owing to the tradeoff between the need to
respond quickly due to the delay in insu-
lin absorption and the need to have a con-
servative scheme that does not deliver an
overdose of insulin. The third approach is
discrete meal detection; this will trigger
an insulin bolus as part of an algorithm
using continuous feedback from a CGM.
One can envision that the first and third
schemes could be combined, such that
the discrete meal detection algorithm is a
failsafe mode for a patient-initiated feed-
forward scheme. This article details a re-
liable meal detection suite of sclutions
that was validated with historical CGM
and can be implemented as part of an ar-
tificial B-cell controller.

RESEARCH DESIGN AND
METHODS . Meal-related glucose
excursions were initially assessed using
the data from 26 meal events when sub-
jects were wearing a MiniMed Gold CGM
{(Medtronic Diabetes, Northridge, CA)
and had marked the onset of a meal.’
These records were obtained from 19
children aged 1-7 years (mean age 5
years) who were participating in an out-
patient study (11). The data presented
here were taken from a DirecNet pilot
study (a complete list of the participating
centers and investigators can be found in
the arrenoi) of the FreeStyle Navigator
real-time continuous subcutaneous glu-
cose sensor {(Abbott Diabetes Care, Ala-
meda, CA} (12), which is currently an
investigational device. This study of 30
children with type 1 diabetes treated with
insulin infusion pumyp therapy included a
clinical research center (CRC) admission.
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All subjects aged >8 signed an assent,
and all parents signed a consent approved
by the institutional review board at each
participating DirecNet center. Twenty-
one of the subjects had their breakfast
dose of insulin withheld for 1 h to induce
a tapid increase in blood ghucose levels.
Some children did not undergo this test
because of their weight and the amount of
previous blood sampling. For those par-
ticipating in the meal challenge, blood
samples were obtained every 10 min for
1 haafter completion of breakfast. All sub-
jects had been admitted to the CRC the
previous day, and all were wearing a Free-
Style Navigator continuous giucose sen-
sor that was recording interstitial blood
glucose levels every minute. The average
age of the subjects was 11 * 4 years
(range 4--17 years), and 40% were girls.
Mean duration of disbetes was 6 £ 3
years. Mean A1C was 7.1 % 0.6%.

Rate of change calculation

The glucose rate of change (ROC} is esti-
mated by two different methods; both are
based on real-time glucose measurements
sampled at 1-min intervals. The first ap-
proach is a calculation of glucose ROC
using a three-point (current and two pre-
vious samples) backward difference (13):

dG, 3G, — 4G, t G
dr 24t &Y
where G is the glucose measurement, t is
time, At is the time difference between
two sample intervals, and the subscripts i,
i—1, and i—2 are the current and two pre-
vious samples, respectively.

The second approach is based on op-
timal estimation theory, using a Kalman
filter (14,15), an established method
that has been used as part of different
algorithms in the context of glucose
management such as the following: hypo-
glycemic/hyperglycemic prediction
(16,17), improved glucose monitoring
{18,19), and feedback control (7). This
method assumes that the glucose sensor
signal varies primarily through two con-
tributions: 1) real changes to the under-
lying glucose value (g,) and 2} measure-
ment noise (w,). Hence, the glucose can be
expressed in terms of its ROC (d,):

G = gt d; {2)

such that the value at time k + 1 is the
value at the previous time-step k plus the
ROC. Similarly, the ROC can be ex-
pressed i terms of the rate in the previous

CGMS
Data from
the last 5
min

¥
Wait for next ROC Calculation Kalman
data point esfimation,
on raw dala 6.0 G
z .
“ #
ROC Calculation
Based on Kalman
Glucose’
estimation
¥
No Detection Algarithm (B0, Kalman,
BD + Kakman and &)
Voting system
on meal event

(314} or (2/3)

Yes

Meal Flag to the
conbroller

Figare 1— Algorithm for implementing a safe meal detection that will minimize false-positive
detection (invoking an unnecessary insulin bolus). The different detection methods are backward
difference (BD), Kalman filter estimation (Kalman), combination of BD and Kalman
(BD+Katman), and second derivative of glucose (G"). The voting algorithm consists of either a
two-out-of-three (BD, BD+ Kalman, and G") or three-out-of-four (BD, Kalman, BD+ Kalman,

and G") scheme, respectively.

time step plus the acceleration or the ROC
of the ROC (fi.):

disy =+ fi (3

where the acceleration term is a stochastic
signal that is changed by a random
amount that can be interpreted as process
noise (wy,):

for =i+ @

where w, has a mean value of O and a
covariance of ©. The glucose measure-
ment is corrupted by random measure-
ment noise with zero mean and
covarjance R:

Gy ™ G+ Wi (3

Equations 2-3 can be written in matrix-
vector form as

g 11 0fig 0
di =|0 1 1|id| +|0iw, (6
fley LO 0 1iLfL LD
g
G.=[100]d| +v N
fk }

Equations 6 and 7 are commonly called
discrete state space models, and the fol-
lowing notation is commonly used in the
systems and control literature:

Xy & @x}: + rwWﬁ

Yo = O+ vy B
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Table }—Results summary showing the meal times with the glucose value at the time of the meal with the four detections methods, detection
time, and glucose level in deviation form from the onset of the meal value

Meal BD Kalman BD + Kalman ey
Subject Time G (mg/d) AT (min)* AG (mg/dDt AT (min)* AG (mg/dDt AT (min)* AG (mg/d)t AT (min)* AG (mg/dht
01 7:28 134 2748 36 23 26 20 18 11 3
02 8:02 63 35% 9 428 a5 21 9 38 19
03 8:04 218 3048 30 34 47 30 30 30 3¢
04 8:41 a7 22% 8 27 25 23§ 11 20 3
06 8:31 263 27 2 39 24 378 18 27 2
07 8:47 173 34 10 43 30 3848 18 38 18
08 8:17 88 36 4 50 27 49 24 37% 3
09 733 106 10% 5 19 22 12§ 12 9 3
10 7.52 223 23 —4 32 39 2848 9 28 9
11 8:05 203 32 7 38 20 348 12 33% 10
12 7.34 105 40 3 47 © 28 42§ 10 41% 7
13 8:03 86 38% 23 41 31 398 25 34 16
14 8:14 85 33% 27 348 29 30 15 52 84
16 7:32 182 24% 22 27 R 258 26 19 11
17 8:07 146 18 8 35% 34 32 28 30% 22
18 810 98 41 1l 47 26 428 13 41% 11
20 @02 175 17 9 24 35 2048 18 20 18
Average 20 13 35 30j| 31 18 30 16

*Detection time from the onset of the meal. TDi#ference between the ghicose (G) level o detection mimms the glucase leve} at onset of the meal. $Trigger of meal flag
by the voting scheme algorithm of three-out-of-fowr methods, mean detection time of 32 min from the onset of eating, at which time the mean serum glucose was
21+ 9 mg/d] above baseline. §Trigger of meal flag from the voting scheme algorithm of two-ott-of-three (backward difference [BD], BD + Kalman filter estimation
{Kalman], and G*) mean detection time of 30 i from the onset of eating, at which time the mean serum glicose was 15 :£ 10 mg/dl above baseline. {The mean
blood glucose using the Kalman algorithm was significantly higher compared with that using the other methods (P << 0.001).

where x is a vector of states and y is the
measured output. In this application, the
matrices and vectors have the following
values:

1190 0
=10 1 1| v=|0],
0 0 1 1
b4
C={100,x=1d|,y=G {9
f

Because both the measurement and
process noise are considered stochastic
" processes, their unknown covariances
can be used as the tuning parameters.
Hence, the tuning parameter used is re-
lated to the ratio of the expected process
to sensor noise variance (Q/R = 5 X
107%). The states are estimated using a
predictor corrector equation of the form

Spr = PRy e (_10)

Rup = Ry + Ll — Cayp-) (11
where % is the estimatios: of the states; the
subscript kJk—1 indicates the estimation
at time step k using the previous value; the

process model is transformed using the
standard notadon ($, ", and C); and L is
the Kalman gain. More details on the use
of Kalman estimation in general and in the
context of diabetes can be found in refs.
14-16,

The best estimate, at the current sam-
ple time, of the states (glucose, ROC of
glucose, and ROC of the ROC of glucose)
is

g
d| =z

f 41

(12)

In the discussion that follows, we will
simply refer to these estimated states as G,
', and G"; that is, at any sample time

G £
Gi=14 (13}
GJ.' f "

Detection algorithm

The proposed algorithm for meal detec-
tdon is divided into five stages as illus-
trated in the flowchart in Fig. 1 and
detatled below (20):

1. The first stage is data acquisition, in
which the last 5~min reading from the
CGM is conveyed to the algorithm.
These data are processed in parallel by
a ROC component and a Kalman filter
estimation algorithm.

2. In the second stage, the ROC estima-

tion can be broken down into 1) back-
ward difference ROC calculation
based on the raw data, 2) backward
difference estimation based on the glu-
cose estimation from the Kalman filter
{(backward difference and Kalman), 3)
Kalman filter estimation of glucose (G)
and the ROC{G") {Kalman), and 4) the
Kalman estimate of the ROC of the
ROC (G"). Thus, four separate infer-
ences of the actual ROC are generated.
3. The estimated ROC is compared with
a threshold value that corresponds toa
meal-telated rise in glucose and is
screened using multiple heuristics to
minimize false-positive detections.
We have idemtified four design vari-
ables that can be tuned according to
individual subjects: I} a glucose ROC
threshold (1.8-3 mg/di-min); 2) a
maximum glucose ROC (2-5 mg/di-
min); 3) a glucose threshold (150-220
mg/dl); and 4) an acceleration thresh-
old (0.4~0.8 mg/dl per min®). A sec-
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Figare 2— A zoomed view of a sample of one data record of the chailenged meal of a subject with meal detection using the four different methods
(backward difference [BD], Kalman filter estimation [Kalman], combination of BD and Kalman [BD+Kalman], and second derivative of glucose
[G".  reql-time measurements that have been collected using CGMS; ®, freestyle finger stick data; M text, annotation of events including meal
(start and/or stop) and snacks; & , meals were detected anywhere from 9 to 19 min from the onset, and the glucose level had increased by 3-22 mg/dl

(20},

ondary screening condition to
minimize notse artifacts is the require-
ment that the glucose values will in-
crease monotonically. As a safety
interfock measure, a meal declaration
will niot be issued if such a declaration
is issued 15-20 min earlier, and a
night safety condition prévents any
meal announcement during the night,
This condition can be adjusted for the
lifestyle of an individual patient. These
safety layers can minimize false detec-
tions and lead 1o a roore reliable auto-
mated system.

4. A voting algorithra is fmplemented to
minimize the risk of an unnecessary
insutin bolus. A meal flag will be sent
only if two of three methods or three of
four methods consistently detect a
meal in the same 5-min time window.

5. Finally, the controller will receive a

meal flag and/or the algorithm will re-
set for the next data point.

Statistics

. Kruskal-Wallis one-way ANOVA on

ranks was used to assess significance of
the mean time from onset of the meal and
the mean increase in ghucose values from
baseline when a meal was recognized by
the four proposed algorithms (SigmaStat,
SYSTAT, San Jose, CA).

RESULYS — The results from the 17
subjects admitted to the CRC as part of
the DirecNet study (21) are summarized
in Tabie 1. Subjects consuined an average
of 56 g of carbohydrate for breakfast
(range 22~105 g). The wble details, for
each meal detection method, the time it
rook to detect the meal (AT) and how
much the glucose had increased from

baseline when the meal was detected
(AG). An example of meal detection is
provided in Fig. 2. In this example, the
four different methods succeeded in de-
tecting the breakfast meal within <20
min of the onset of that meal, and there
was a <22 mg/dl increase of the glucose
from the preprandial value. In this figure 2
false-positive meal detection is seen,
where " detected a meal before break-
fast. The voting scheme, however, would
have prevented this from being a false-
positive event. In Table 1 the meal detec-
tion time for each of the voting schemes
(three-out-of-four and two-out-of-three
methods) is denoted for each. of the 17
breakfast meals. Using a voting scheme of
three-out-of-four, the overall mean detec-
tion time from all datasets was 32 min
with a mean increase in the serum glucose
of 21 = 9 mg/dl from the onset of eating.
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Figure 3— Increment of glucose values from onset of the challenged meal until detection of the
meal for the four different detection methods: backward difference (BD), Kalman filter estimation
(Kalman), combination of BD and Kalman (BD+ Kalman), and second derivative of glucose (G").

Using a voting scheme of two-out-of-
three, the mean detection: time was 30
min with a mean increase in the serum
glucose of 15 = 10 mg/dl from the onset
of eating.

A summary of the results showing
how well the “chalienge” breakfast meal
was detected in all 17 cases by the four
different methods is presented in Table 1
and Fig. 3. The average detection time
from the onset of the challenge meal was
29, 35, 31, and 30 min, respectively (Ta-
ble 1), for the backward difference, Kal-
man, backward difference and Kalman,
and G” dlgorithms, and the average detec-
tion time from the end of the meal was 11,
18, 13, and 12 min, respectively. The glu-
cose only increased by a mean of 2 mg/dl
from the onset of the meal to the comple-
tion of the meal, despite a mearn of 17 min
to complete a meal. One can infer from
Fig. 3 that the Kalman estimation is more
conservative than the other methods. This
is a result of how the Kalman filter was
tuned and, in our opinion, is beneficial in
improving the robustmess of the voting
scheme and providing an additional layer
of safety. A second critical factor is the
increase in glucose by the time of meal
detection. This information is presented
in Fig. 3, which shows that 100, 94, 100,
and 94% of meals were detected before 2
40 mg/dl increase in the glucose using the
backward difference, Kaiman, backward
difference and Kalman, and G’ methods,

respectively, and 94, 59, 100, and 94% of
meals were detected before a 30 mg/dl
inerease in the glucose using the respec-
tive methods.

CONCLUSIONS — Meal detection is
a critical and enabling comiponent of a
control algorithm for an artificial B-cell.
Independent of whether one uses a pro-
portional integral derivative, model pre-
dictive contzol, or another control
algorithm, the ability to have an auto-
mated meal announcement that does not
Tequire patient input is an important fac-
tor. In reviewing the literature, we were
unable to find another article in the med-
ical or engineering literature that specifi-
cally addressed the issue of meal detection
by using a continuous glucose sensor. We
therefore evaluated meal detection algo-
rithms using a FreeStyle Navigator that
measures interstitial glucose. In addition,
the insulin bolus for breakfast was de-
layed by 1 hour, allowing us to evaluate
the ROC of glucose values following a
meal without the confounding effects of
an insulin bolus at the time of the meal.
The content of the breakfast meals was
decided by the study subject, and these
meals varied significantly in their compo-
sition and grams of carbohydrate, as

would occur in their home environment..

These conditions therefore mimic the ex-
pected conditions for recognizing a meal
in a fully closed-loop artificial B-cell.

Dassau and Associgtes

A critical element of a meal detection
algorithm is minimization of the time be-
rween the actual meal and the detection
flag. This depends on a variety of factors
including the meal composition, the time
it took to consume the meal, insulin on
board, and the amount of noise in the
data. Using our algorithm that employed
a voting scheme of two-out-of-three
methods to detect 2 meal, the mean detec-
tion time from the onset of the meal was
30 min and the mean increase in the se-
rum glucose was only 15 mg/di. It is our
impression that this algorithm. combined
with a rapid-acting insulin will provide
the means to prevent significant post-
prandial hyper- and hypoglycemia in a
closed-loop system, but this theory re-
mains 1o be tested.
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APPENDIX

The DirecNet Study Group clinical cen-
ters (listed in alphabetical order with clini-
cal center name, city, and state. Personnel
are listed as principal investigator [PI], co-
investigator [1], and coordinators [C1). 1)
Barbara Davis Center for Childhood Dia-
betes, University of Colorado, Denver,
CO: Peter Chase (PI), Rosanna Fiallo-
Scharer (1), Laurel Messer (C), and Bar-
bara Tallant (C); 2) Department of
Pediatrics, University of lowa Carver Col-

lege of Medicine, lowa City, 1A: Eva

Tsalikian (PT), Michael J. Tansey (D), Linda
F. Larson (C}, Julie Coffey (C}, and
Joanne Cabbage (C); 3) Nemours Chil-
dren’s Clinic, Jacksonville, FL: Tim
Wysocki (PT), Nelly Mauras (I), Larty A.
Fox (1), Keisha Bird (C}, and Kim Englert
{C); 4) Division of Pediatric Endocrinol-
ogy and Diabetes, Stanford University,
Stanford, CA: Bruce A. Buckingham (P1),
Dairel M. Wilson (D), Jennifer M. Block
(C), Paula Clinton (C}, and Kimberly Ca-
swell; 5) Department of Pediatrics, Yale
University School of Medicine, New Ha-
ven, CT: Stuart A. Weinzimer (P}, Wil~
liam V. Tamborlane (1), Elizabeth A. Doyle
{(C}, Heather Mokotoff (C), and Amy Ste-
flen (C). Coordinating center: Jach Center
for Health Research, Tampa, FL: Roy W.
Beck, Katrina J. Ruedy, Cralg Kolbman,
Dongyuan Xing, Andrea Kalajian, and
Cynthia R. Stockdale. University of Minne-
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fes,

Jean M. Bucksa, Maren L. Nowicki,

Carol A. Van Hale, and Vicky Maklky. Na-
tional Institutes of Health: Gilman D.
Grave, Barbara Linder, and Karen K.
Winer. Data and Safety Monitoring Board:
Dorothy M. Becker, Christopher Cox,
Christopher M. Ryan, Neil H. White, and
Perrin C. White,
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Abstract

Maintaining good glycemic control is a daily challenge for people with type 1 diabetes, Insulin requirements are changing constantly
due to many factors, such as levels of stress and physical activity. The basal insulin requirement also has a circadian rhythm, adding
another level of complexity. Automating the adjustment of insulin dosing would result in improved glycemic conirol, as well as an
improved quality of life by significantly reducing the burden on the patient. Building on our previous success of using run-to-run control
for prandial insulin dosing (a strategy adapted from the chemical process industry), we show how this same framework can be used to
adjust basal infusion profiles. We present a mathematical mode} of insulin-ghucose dynamics which we augment in order to capture the
circadian variation in insulin requirements, Using this model, we show that the run-to-run framework can also be successfully applied to

adjust basa] insulin dosing.
© 2007 Elsevier Ltd. All rights reserved,

Keywords: Type 1 diabetes; Run-to-run control; Basal infusion; Circadian varjation

1. Introduction

Type 1 diabetes mellitus is a metabolic disease characteri-
zed by hyperglycemia (high blood glucose concentration),
which is caused by an absolute deficiency of insulin secre-
tion. There are an estimated 18 million people worldwide
with the disease [1,2], and with a clear rising trend in its
incidence [3]. People with type 1 diabetes fully depend on
exogenous ipsulin, and managing their disease is a daily
challenge.

Insulin dosing is divided into two regimens: basal and
bolus insulin. The basal insulin covers the requirements
in the absence of meals. The insulin bolus is associated with

* Corresponding author. Address: Department of Chemical Engineer-
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5080, United States.
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(959-1524/% - see front matter © 2007 Elsevier Ltd. All rights reserved.
doi:10.1016/j jprocont.2607.07.010

the carbohydrate content of meals (the insulin-to-carbohy-
drate ratio), and is calculated to offset the appearance of
glucose from a meal. Both of these require adjustment over
time,

The two main insulin delivery methods are continuous
subcutancous insulin infusion (CSII} pumps and muitiple
daily injections. CSII pumps are becoming the preferred
method to deliver insulin, as CSII therapy significantly
improves glycemic contrel [4]. Pumps have the advantage
that basal insulin delivery can be set at different rates for
distinct segments of the day (e.g., the Paradigm® pump,
Medtronic MiniMed, Inc., Northridge, CA supports up
to 48 segments). These segments are selected to accommo-
date changing insulin requirements due to the sleep-awake
cycle and activity levels; a range of one to seven segments
are common. The CSII pump is also used to deliver the
meal-related insulin boluses.

Since the Diabetes Control and Complications Trial [3],
the first large, prospective clinical trial, the accumulated



C.C. Palerm et al. | Journal of Process Control 18 (2008) 258-265 259

evidence is strong that blood ghucose levels must be nor-
malized in order to avoid the complications associated with
diabetes [6]. Tight glucose control (i.e., as close to normal
as possible) should be maintained for life in order to accrne
the full benefits. Many factors influence the insulin dose
requirements, including weight, physical condition, and
stress levels. Due to the constantly changing insulin
requirement, frequent blood glucose monitoring is man-
dated. Based on these glucose levels the insulin dosage
must be modified, dietary changes implemented (such as
alteration in the timing, frequency and content of the
meals), and activity patterns changed.

Automating insulin delivery has, therefore, been an
active field of research. There have been multiple algo-
rithms proposed for closed-loop control of glycemia,
including MPC [7-10), PD [11-13], PID [14-17], and H
[18,19] — for a recent review of the literature in this area
see [20]. All of these controllers are based on the assump-
tion that a continuous glucose semsor is available, and
although sensor technology has improved significantly over
the last few years, it is still short of the reliahility and acou-
racy required for commercial implementation of such a
closed-loop system [20].

Even before continuzous glucose monitoring, there have
been substantial efforts to develop algorithms that use
sparse blood glucose measurements. Most of these have
evolved from within the medical community, and consist
of beuristics based on clinical experience [21-29]. None of
these algorithms use the newer monomeric insulin formula-
tions, and most are aimed at multiple insulin injection ther-
apy, rather than the use of CSII pumps.

We have previously tested a run-to-run control strategy
to adjust the insulin-to-carboliydrate ratio based on post-
meal blood glucose measurements [30-34), with the clinical
results of the latest version of the algorithm being very
encouraging [35] The basal insulin infusion rate in these
studies has been manually adjusted by the physician using
retrospective continuous glucose monitoring [36].

Adjusting the basal irifusion rates is not straightforward,
as the effect of glucose appearance from a meal and the
related insulin bolus make it difficult to distinguish if blood
glucose changes are due to the basal or bolus dose. A com-
mon situation for many individuals is to have their basal
rates set too fow, and to compensate for the difference in
the prandial bolus, which is not the best strategy. CSII
pump manufacturers are introducing features to help sub-
jects adjust their basal rates, but none provides rate adjust-
ment recommendations.

In this paper we present the use of run-to-run control to
adjust basal infusion rates using sparse blood glucose mea-
surements. The performance measure used in our algo-
rithm is derived, in part, from our clinical heuristic. The
paper is organized as follows: we first introduce the clinical
heuristic; we follow that with an overview of the run-to-run
algorithm, and the derivation of the performance measure.
We present simulation results of our control strategy, for
which we introduce modifications to one of the previously

published models of glucose kinetics in order to capture the
circadian variation in insulin sensitivity and changes in
physical activity. We conclude the paper with a discussion
of the results.

2. Clinical adjustment of basal infusion rates

When starting a subject on CSil therapy, there are a
pumber of steps the physician will follow [37]. The first
one is to estimate the total imsulin requirement, which
depends on the subject’s weight and other factors such as
physical condition and stress. For a nominal subject under
typical stress levels, this is calculated as

U
where W is the subject’s weight, Basal insulin requirements
are roughly 50% of the total daily dose

B =05l (2)

The change in insulin sensitivity over the course of the day
is driven by the circadian variation in hormone levels.
Rasal insulin needs are highest in the early morming, stable
during the day, and lowest in the middle of the night, when
hormones are at their nadir [37]. For this reason, a day is
divided into four segments: midnight to 4:00, 4:00 to
10:00, 10:00 to 18:00 and 18:00 to midhight. For each seg-
ment the basal infusion rate is set to

038 midnight—4:00

24h
L3 4:00-10:00
_ ) 24
Binfusion rate = L% 10:00-18:00 ®

L2 18:00-midnight

as the initial estimate. From this starting point, it is neces-
sary to fine-tune the infusion rates based on the subject’s
response. Initially, the same basal rate is used for the third
and fourth segments, This is to provide a transition point
from the outset at a time of the day when some people
may have a drastic change in physical activity levels. Based
on the person’s actual patterns the physician can choose
different ways of segmenting the day, but in most cases
these four suffice.

In order to optimize the basal rates, the subject wears a
continuous giucose monitoring system for a period of three
days. Such a system records the blood glucose concentra-
tion every five minutes, thus providing a full history of
the glucose changes. During this time they skip a meal each
day, with the purpose of obviating the effects of the pran-
dial insulin bolus and the glucose appearing from the cor-

“responding meal. Basal infusion rates are adjusted to target

a fasting blood glucose of 90mg/dL. The process is
repeated as necessary until fasting levels, in the absence
of a meal, are at the target level [36].

Fig. 1 shows a two-day sequence before the basal rate is
adjusted, with the subject skipping breakfast on the second
day. The hyperglycemic excursion during the course of the
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Fig. 1. Two-day sequence (starting at midnight} of CGMS blood glucose
data before the adjustment of basal rates; the subject skipped breakfast on
the second day. The hyperglycemic excursion during the night indicates
that the basal infusion rate for this period is too low, while the morning
sepment of the second day is correct. Diamonds indicate the capillary
blood glucose calibration measurenaents.

night indicates that the overnight basal infusion rate is too
low (midnight-4:00), while the moming segment (4:00-
10:00) is within the clinically acceptable range. Fig. 2, first
day, shows the overnight segment, and again no breakfast
in the morning. This figure also shows the effects of dinner
“and the three meals on the following day, highlighting why
manuzal adjustment requires meals to be skipped.

Once these basal infusion rates are set, they require peri-
odic re-adjustment. Sometimes a person will realize that
their blood glucose levels have not been under control,
and at that point will seek assistance in adjusting their dos-
ing. In the meantime, they have gone for several days with
less than optimal glycemic control.
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Fig. 2. Two-day sequence {starting at midnight) of CGMS blood glucose

data after the adjustment of basal rates; the subject skipped breakfast on

first day. Nighttime and morning basal rates are correctly set. Diamonds

indicate the capillary blood glucose calibration measurements.

3. Run-fo-run control

Taking the clinical heuristic as a starting point, we have
adapted a run-to-run control algorithm to adjust basal
insulin infusion rates using only sparse blood glucose mea-
surements. The strategy is adapted from the chemical
process industry [38], in the same spirit as the insulin-to-
carbohydrate ratio adjustment algorithms previously devel-
oped [30-35]1

The standard run-to-run control algorithm [38] consists
of the following steps:

(1) Parameterize the input profile for run k, u(s), as
9 {t,v). Also consider a sampled version, i, of the
output y,(2), such that it bas the same dimension as
the manipulated variable vector v;. Thus we have

Y = Fwe)

{2) Choose an initial guess for v, (when k= 1}.

(3) Complete the run using the input ux(?) corresponding
to v, Determine v from the measurements y;(f).

(#) Update the input parameters as

Vit = Vi + KW~ )

where K is an appropriate gain matrix and ¥ repre-
sents the reference values to be attained. Increment
k for the mext rum, and repeat steps 3-4 umtil
convergence.

The algorithm allows for individualizing the namber of
segments and the corresponding timing. Using the run-
to-run strategy, each day is considered a run. For the
current day, a performance measure is calculated for each
segment and then used to automatically adjust the amount
of insulin for each corresponding segment on the following
day. Because the algorithin adjusts based on the glucose
measurements at the end of a segment, the number of seg-
ments dictates the number of glucose measurements
required, These measurements drive the algorithm to main-
tain, increase or decrease the amount of insulin infused for
the corresponding segment on the following day. This dose
correction process is designed to be independent of physi-
cian or subject intervention.

In the absence of meals or other events affecting blood
glucose levels (e.g., exercise), the basal insulin infusion rate
must keep the subject’s blood glucose in the normal range
of 70-110 mg/dL If the amount of insulin infused over the
time segment is too low, the blood glucose level will rise
above the desired range. If the basal dose is too large, it will
tend to lower blood glucose into the hypoglycemic range.

Given that the number of blood ghicose measurements
has to be minimized for the strategy to be practical, these
have to be taken at strategic times in relation to the seg-
menis chosen. Fig. 3 illostrates this. For segment one,
adjustment is made using measurements at start and end
of the segment (BG; and BG,). Segment two is adjusted
with the measurement right before breakfast (BG,),



C.C. Palerm et al [ Journal of Process Control 18 (2008) 258-265 261

0:00 4:00 10:00

Lunch —

+
B
T
g
@

Fig. 3. Nominal basal segments for a day, indicating roeal and blood
plucose measurement times,

in order to avoid the prandial glucose excursion, and the
measure at the start of the segment (BG,). In the case of
segment three, the first measurement (BG,) is delayed to
the start of Tunch to avoid effects from breakfast; this also
minimizes the number of fingersticks needed. Finally, for
segment four, the first measurement is not delayed, as
BG; is also used for the end of segment three; the ending
measurement (BGy) is also (BG;) for the following day.

Regardless of the blood glucose level coming into a seg-
ment, the perfect basal insulin dose should keep this level
constant during the segment. The deviation

AG = Gmd of segment § — “Tstart of segment § (4)

where G is the corresponding blood glucose measurement,
is the performance measure that is used as the controlled
variable (). The controlled variable vector {assuming four
segments) is then

v, =[AG, AG: AG: AG:Y (5)

where k is the current day.

Using the above formulation, there exist multiple “per-
fect” basal doses, which will keep blood glucose at a differ-
ent target over the segment. Because of this, a second
controlled variable vector is set to

0= [Cloy G Gy Gioy]’ (6)
where
Gin\lg = 0~5(Gstaﬂ of segment £ " Gend of segment i) (7)

such that the desired fasting blood glucose can be targeted.
The input parameters {the basal infusion rate for each
segment) are then updated using

Vit = Ve + K (7 —¥) + Ko {97 — 9,) (8)

where K; and K, are gain matrices, and " = 0 mg/dl and
¢ =80 mg/d} are the reference target values. The new
doses are implemented the following day, and the proce-
dure repeated.

In cases when there are too many complicating events to
capture the effect of the basal rate, the adjustment for that
day can be omitted. As the initial guess for v, at k =0, the
same settings as in the mapual adjustment procedure (3)
can be used.

Given that the insulin requirement to maintain blood
glucose constant for a given segment is independent of

the other segments, it is appropriate for the gain matrix
K to be designed as a diagonal matrix. For the same rea-
sons, the gain matrix K, is also designed as a diagonal
matrix. The tuning for each gain matrix can then be done
independently for each segment, allowing for the possibility
that different levels of aggressiveness in the adjustments be
allowed for different times of day.

The algorithm (8) is guaranteed to yield a single opti-
mum solution. Because the start of a segment coincides
with the end of the previous segment, this provides a suffi-
cient constraint to guarantee a unique solution at steady-
state, which is a blood glucose at the desired reference
value {see Appendix for proof).

4. Simulation model

Currently, there are no published models of insulin—
glucose dynamics that incorporate the circadian variation
of insulin sensitivity, nor the changing insulin requirements
due to changing levels of physical activity. Since the run-to-
run control strategy proposed is meant to compensate for
precisely these factors, one of the current models was
modified to incorporate an approximation of such effects.

The model used is that of Hovorka et al. [7), replacing
the subcutaneous insulin infusion model with that pre-
senfed in [39]. The core of the model consists of two com-
partments for glucose (plasma and tissue) and one
compartment for plasma insulin. The model divides the
action of insulin on glucose kinetics into three additional
components (x; for the effects of insulin on glucose distri-
bution/transport, x, for glucose disposal, and x; for endog-
enous glucose production), which are described by

Xy = kg1 (£) + kn I{Z) (9a)
Xy -—-kazxg(.t) + kbzf{t} (9b)
X3 = —kgaxs(t) + kysl (£} (9¢)

where the parameters kg, ko, and ks correspond to the
insufin sensitivity of each mechanism of action of insulin,
and I#) is the plasma insulin concentration.

The circadian change in insulin sensitivity has been
modeled by introducing a modulating gain which affects
all sensitivities equally. This is infroduced by replacing
K9 in Eq. (9) with I'(7) as given by

I'(t) = k(D) (2) , (10)

where the modulating gain k(1) is given, in the Lapalce
domain, by

e-“‘tds

ko (5) = Wﬁkp(s) (11)

with the input k,(f) being a step profile corresponding to
the desired gain for each segment. Given that the model
is now time-varying with respect to time of day, t=0 is
set to correspond to midnight. The dynamics are set
according to expected behavior based on what is known
of the underlying physiology. The delay introduced in the
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Table 1

For the standard segments of the day, 13 cases were created based on
subject data that had their basal rates manually optimized in 2 previous
study [36]

Case Segment 1 Segment 2 Segment 3 Segment 4
1 0.91 1.52 1.52 1.60
2 0.73 1.02 0.73 0.87
3 0.69 137 091 126
4 6.72 144 104 0.96
5 0.29 0.87 0.87 0.87
6 0.79 L35 .79 113
7 0.99 1.48 1.38 1.58
8 1.08 2.27 1.95 2.38
9 0.89 0.98 0.7% 0.53
10 029 0.91 0.29 .34
1t 0.60 142 1.20 1.035
12 0.53 1.60 1.00 0.71
13 0.87 1.03 0.87 0.87

input (7,7) is relative to when the infusion profile changes, as
the. change in sensitivity is known to start earlier. This
parameter is optimized such that the desired infusion pro-
file maintains the blood glucose concentration as close to
80 mg/di as possible, in the absence of any simulated meals,

A set of cases was created from actual subject pump
infusion profiles. We obtained 13 manually optimized basal
infusion profiles from a group of subjects [36]. Table 1
shows the multipliers for each segment assuming that the
basal insulin dose requirement has been calculated accord-
ing to the clinical guidelines (Eq. (2)). In all cases the timing
for the segments is the same as the nominal (i.c., midnight—
4:00, 4:00-10:00, 10:00-18:00 and 18:00-midnight). The
delay 7, was optimized independently for each case. The
median delay was 11 min, with a range of 10.4-16.7 min.

One of the limitations of the Hovorka et al. [7] model is
the component that describes the absorption of glucose
from the consumption of a mixed meal. In daily living con-
ditions, with the correct bolus dose of insulin fo cover a
meal, the blood glucose concentration is expected to return
1o basal levels within two to three hours after the start of
the meal [40,31]. The dynamics of the model for this case
are much slower than this, resulting in extremely long set-
tling times that are not physiologically correct. For this
reason, the time constants for the absorption part of the
model have been modified such that the settling time is
more consistent with the subject data. This results in an ini-
tial rate of change that is too aggressive, but this will not
affect the results of the simulations presented, as no blood
glucose measurements are nsed within the first two hours of
any postprandial period. The parameter in the Hovorka
et al. [7] model that was changed is £, g, from a value
of 40 min to a value of 5 min. '

5. Results

Fig. 4 shows the simulation over a day using the correct
basal and prandial dosing, which illustrates the adjusted
timing of the blood glucose measurements in order to

140 T T Y ; ¥
- [~ ~ ~BasalTarget ¥ Mealstan & BG measurement|
% 120
E
o 100
g
3 BD
jU]
60“ B g . g . @ VI
4 ] 12 16 20 24
3

N
o

Basal Insulin (Uh)
[ X

-

=

3 8 12 16 20 24
Time (h)

Fig. 4. Blood ghucose response over a day with the corresponding basal
infusion profile. The circles indicate the timepoints at which blood glucose
measurements are taken for use by the algorithm, and the triangles
indicating the starting time of meals.

minimize the effects of the meals. For all cases, the algo-
rithm is initialized using the clinical heuristics (Eq. (3)),
with the total basal dose calculated from the actual require-
ments according to the model (rounded down to the near-
est whole unit of insulin). Meals are assumed to be the
same from day to day, and the dose of the prandial insulin
bolus to be correctly maiched. There are constraints on the
rate of change of the dosing for any given segment from
one day to the next, with a 20% maximum increase and a
30% maximum decrease.

Clinically, it is desirable to have the basal infusion rates
converge within a time frame of seven days. Therefore, the
gains of the run-to-run controller were manually tuned to
meet this specification. For the simulations, the gain matri-
ces were set to be K; = kI, j= 1,2, where k; is a scalar, and
I'the identity matrix, which sets the same tuning for all seg-
ments. The gains were set to ky = 0.01 and k; = 0.0067.
Setting k, to be smaller than k, is desirable, as converging
to the desired blood glucose level is a secondary objective
to maintaining blood glucose steady throughout the corre-
sponding segment.

For the 13 cases, the algorithm was considered to have
converged once the basal profile was within 10% of the
actual profile for all four segments. On average, the algo-
rithm converged in 6.3 days, with a standard deviation of
2.1 days. There is one case (number 10) which does not
converge to within 10%, but does so within 15%. With
the 15% metric, all cases converge, with an average of
5.1 days and a standard deviation of 2.3 days. Case 10 is
a particularly challenging scenario, as the subject has a very
high insulin sensitivity, except during the 4:00-10:00 seg-
ment, in which the imsulin requirement is 2.7-3.1 times
higher than for the other segments. Over all the cases,
the constraints are rarely active, with the exception of
case 10. Overall, the median for the number of times a
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constraint is active over 15 days of simulation is one time,
with a range of 0-14.

Fig. 5 shows the simulation for a representative case
(number eight) over 10 days. This case takes five days to
converge, and has no active constraints. Fig. 6 shows day
seven of this run; this is the same profile as the perfect
day example shown in Fig. 4. The reason the profile does
not converge perfectly to the underlying profile is due in
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Fig. 5. Blood ghicose response over 10 days with the corresponding basal
infusion profile for case eight. The dotted line in the insulin plot indicates
the optimal basal infusion profile. Initial basal rates are set according to
the clinical heuristics, with segment one slightly underdosed, segment two
is overdosed, segment three is very ciose to target, and segwent four is
underdosed. These settings result in periods of byper- and hypoglycernia,
with levels converging to clinically acceptable levels by the fifth day.
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Fig. 6. Blood glucose response for day seven of the simvulation run for case
eight. The dotted line in the insuliz plot indicates the optimal basal
infusion profile. The blood ghucose profile shows good glycemic control
over the day, with the basal infusion rates being very close to the optimat
rates.
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Fig. 7. Blood glucose response over 15 days for the worst case (number
10). The initial setting based on the clinical heuristics are significantly off,
with the subject showing high insulin sensitivity in all but the morning
segment, which has significantly higher insulin requirements. The dotted
fine in the insulin plot indicates the optimal basal infusion profile.

large measure to the remaining effects of the meals, which
are not completely eliminated even after several hours.
Case 10 is shown in Fig. 7 for a simulation ruan of
15 days. Even small changes in the basal profile from one
day to the next, compounded with the deviations intro-
duced by the meals, introduce large changes in the blood
glucose response. In this case, an unconstrained design
would drive the subject to frequent hypoglycemia. De-
tuning the controller would alleviate this issue, but at the

expense of a very sluggish response for the remaining 12
cases.

6. Couclusions

Adjusting basal and prandial insulin dosing is a daily
chore for people with type 1 diabetes. The success in devel-
oping an algorithm to adjust prandial insulin dosing based
on medical expertise [31,35,41] has further motivated the
development of a similar strategy for basal insulin dosing.

A major hurdle has been the lack of a mathematical
model that incorporates the dynamics associated with the
circadian changes in basal insulin requirements. We pre-
sented a first approximation of such a model by using the
manually optimized profiles of a group of subjects.
Although not based on the underlying physiology, it serves
the purpose of challenging the algorithm appropriately.

Using only five, properly timed, blood glucose measure-
ments, we have shown that the proposed run-to-run algo-
rithm can successfully adjust basal infusion rates for the
nominal four segments. Different daily segments can be
easily accommodated by the algorithm, requiring only the
proper timing for the blood glucose ineasurements. Being
able to make dose adjustment decisions even in the pres-
ence of meals is a significant improvement over current
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clinical strategies. Even with the error infroduced by the
tail end of the meal response, basal rates converge in less
than a week on average.

In the clinical testing of the algorithm the additional
challenge will be that the meal-related insulin dose might
not be correct either. To avoid this potential confounding
factor, initial testing can be done by skipping meals as in
the manual adjustment protocol. Eventually, a strategy
that combines the adjustment of basal and bolus insulin
dosing will be required. Appropriate beuristics will need
to be incorporated, as the interplay between these two com-
ponents of insulin therapy are not negligible.

The benefits of tight glycemic control are significant,
and a run-to-run framework for the adjustinent of basal
and bolus insulin dosing can be an important tool in
accomplishing this goal.
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Appendix A

Without loss of generality, we can assume the four stan-
dard segments, with the initial and ending blood glucose
measurements coinciding for the end of a segment and
the beginning of the next one. Thus segment one uses Gy,
and G,,, segment two uses Gy, and G3, and so on.

To simplify the notation, we use deviation variable
form, thus

G,'dI,:Gf*—(pr, 1215 (Al)

and the update law in deviation variable form, with the ref-
erences being zero, is

Verl = Vi + K3 () + Ka(—0y,)

and without loss of generality, we can assume K;= ki,
7=1,2, where k; is a scalar, and I the identity matrix.

We know that once steady-state is reached, there will be
no further corrections, thus v = v;. For now drop the &
subscript as we refer to the same day. Looking at just the
first segment, we have

(A2)

k

k]{Gld - sz) = 52 (Gld -+ GZJ) (A3)

- 2k =k
Gy = ik Gy (A4
and let

2k -k

T 2k + ke (A.5)
then Gy == fG\, Similarly, we have
Gy = f*Gu (A.6)
Gag = > Gra (A7)
Gsy = f*Gia (A.8)

Since Gsy == G5 — ¢ and Gy = G; — ¢, we have

Gsg = Gy {A.9)
Gs— ¢ = f{G1— ¢') (A.10)
Gs = f*G1+ (1 - [ (A.11)
but Gs is the same as &, on the following day, thus

Gy, =Gy, + (1~ ¢ (A12)

and if we are indeed in steady-state, then Gy,,, = Gy,, thus

G = G+ (1- 1) (A.13)
G = o (A1)

thus we have only one solution, which holds for the other
segment endpoints as well. It is straightforward to show
that this still holds true when the measurements do not
coincide, as illustrated in the case shown in Fig. 3.
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Introduction

D iabetes is a disease characterized by the
improper production of insulin or insulin-mediated
glucose disposal. This insulin deficiency results in
hyperglycemia, as the hormone controls the metabolism
of ingested carbohydrates and the glucose generated from
gluconeogenic amino acids in protein. Complications
associated with diabetes include high blood pressure,
kidney disease, heart disease, and blindness, which result
from the inability to maintain tight glucose control.*® The
severity of these long-term complications can be reduced
through the regulation of blood glucose levels.® Currently,
there is no cure for type 1 diabetes mellitus (TIDM), and
although the only treatment is through insulin therapy,
a healthy life can be sustained when normoglycemia is
achieved and maintained.

Many TiDM subjects use manually controlled insulin
pumps to administer meal-time insulin boluses and
correction insulin boluses, but the insulin pump can
be preprogrammed to deliver basal insulin. Continuous
ghicose monitoring systems (CGMS) allow subjects with
diabetes to track absolute blood ghicose concentrations
and trends in real time.® The two technologies of
continuous glucose sensing and continuous insulin
infusion presently work independently, but much
research has been focused on developing a controller
that will combine these two technologies for closed-loop
glucose control and eliminate the need for the individual
with TIDM from insulin dosage decision making in this
control loop.

Model predictive control (MPC) and state estimation
have been the foundation of simulated studies of
glucose control, but only a few clinical studies have
been reported.*™ Parker et al.** developed several MPC

schemes, including controllers with state estimation,
which were tested on the 19-state Sorensen model.* Lynch
and Bequette® demonstrated plant-model mismatch with
linear Kalman filter {(KF} state estimation and designed
a model predictive controller based on the Bergman

“minimal” model® The discrete state space model used

by Lynch and Bequette included an augmented input
disturbance term. Control performance was tested in a
subject simulated by the higher order Sorensen model.”?
Hovorka and colleagues experimentally demonstrated
the capabilities of a complex, nonlinear MPC strategy
for TIDM subjects through fasting conditions; several
model parameters were adapted online using a Bayesian
approach.

The focus of this article was to develop a state estimation
method that implements a simple model capable of
online adaptation to capture glucose-insulin dynamics
in actual data generated in a clinical setting. This
estimation scheme was tested on a total of 97 meal
responses for three TIDM subjects and model prediction
degradation as the prediction horizon increased. Model
updating through parameter augmentation is presented
as a method for online adaptation. Additionally, advisory
mode MPC for 20 days of ambulatory subject data
validates the MPC strategy.

Modeling

A number of physiological, compartmental models have
been developed to describe insulin—glucose kinetics,
ranging from simple three-state models to comprehensive
models that include transport and diffusion rates®¥
Two models are considered in this article: the so-called
Bergman and Hovorka models.
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Bergman et al’* developed the “minimal model” to
characterize plasma insulin and plasma glucose dynamics
during an intravenous glucose tolerance test. The model
is described by

d_f =~ p,G(0) - XOGH + G) + %@ @
X %)+ pJ0 @
dat
dl
e wIH + 1) + UB/V, @

where G(f) is the differential plasma glucose relative to
the basal glucose value, G, (mg/dl), X (unitless) is the
insulin in the remote compartment, and I (mU/liter} is the
differential plasma insulin relative to the basal insulin
value, I,. The volumes of gut and insulin distributions are
V, and V,, respectively. The Bergman model parameters
used for this study are p, = 1.0e-2 min?, p, = 3.33e-2 mU
liter? min?, and p, = 1.33e-5 min®® Model inputs are the
plasma glucose appearance rate, m(#), and the plasma
insulin appearance rate, L, a modification for TIDM in
which insulin appears only from an exogenous source.”

The Bergman model describes the dynamics of insulin
and glucose where the inputs are appearance rates into
the bloodstream. For control applications and practical
estimation of input values, an additional meal submodel
is used to describe meal dynamics.  Hovorka and co-
workers® used the meal submodel described by a second-
order process model:

D_A_te v
U = ---Gg?—— @

max,G
where D, is the meal carbohydrate load (mg), A, is the
carbohydrate bioavailability, and t_ ¢ (min®) is the time-
of-maximum appearance rate of glucose in the accessible
glucose compartment. The meal submodel can be

expressed as a two-compartment gut absorption model

dm 1 1
—=- M+ ® 5
dt tmax,Gm (tmnx,G)g ( )
g _ .1 4g
dt B tmax,Gg(t) ’ (tmax,G)DG(t) (6)

where g{t) is the glucose appearance in the first
compartment and m(f) (mg) is the plasma appearance of
glucose, an input for the Bergman model.

There is also the need to incorporate the subcutaneous
insulin kinetics into the model. The model used to

describe the subcutaneous insulin transport to plasma
insulin was reported by Hovorka et al” as a two-
compartment insulin absorption model:

%, 50 50

S LA 7
dt tmax,l tmax,l ( )
A3, 5.6
vz Y(F) ~ L
- u(f) — (8

where §, is the amount of insulin in the first
compartment, S, is the amount of insulin in the
second compartment, tmax,l is the time to maximum of
absorption of subcutaneously injected insulin, and u{f) is
the administration of insulin, which can be either bolus
or basal infusion.® The plasma insulin appearance rate
that appears as an input in Equation (1) of the Bergman
model, U{f), is represented by

U = S0/, - ©

For in silico testing, the full model of Hovorka ef al
is used to describe the glucose—insulin dynamics of a
T1IDM subject. The physiological model, which describes
the glucoregulatory network, incorporates a two-
compartment glucose subsystem, an insulin subsystem,
and a three-compartment insulin action subsystem.

State Estimation

The KF is a state estimator used to estimate state
variables that canrniot be measured directly, It is based on
a linear discrete state space model,

xk +1

¥, = Cx, + 70, (10

= @x, + 'y, +IMw, 10

where x (nxl) is the state vector of n state variables, the
input vector, 4 (,x1), has n, inputs, ® (nxn), C (nxn), T (uxn,),
F# (nx1), and " {n yxi) are consistent matrices, and k is the
time index. The measured output, y (nyxl), is the output
vector of n , measurements. In this research, process noise,
w, and measurement noise, v, are assumed to be scalars
with zero means and variances denoted by

var(w) = 12)
var(y) = R 13

Because (Q and R are not measurable, they are considered
to be tuning parameters. The ratio of Q/R is adjusted
as a tuning parameter, reflecting the trade-off between
trusting the measurement and trusting the model
prediction. A large /R ratio is used when confidence
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is placed on the measurement, and a small /R ratio is
applied when the measurement noise is high, the model
is accurate, and thus is trusted more.

The KF algorithmn is illustrated in Figure 1 where £, , is
the state estimate at time k based on information at time
k - 1, i.e, the one-step ahead prediction, L, is the Kalman
gain, P, is the state covariance, and [ is the identity
matrix. The state estimate is based on the model:

Xeo1™ DX gy T T (14)
Vie-1= Coee {15)

where §,. . is the predicted output at time k. The
corrected estimate of the state vector, £, is obtained
by updating using the current measurement, y,, and the
Kalman gain, L,

Model Predictive Control

The control actions determined by MPC are caiculated
by minimizing the objective function,

min J = E'WPE + pufWrAu (17)

and the error is calculated over the prediction horizon, P:
E=(- Ve it (18)

where 7 is the set point, § is the vector of predicted
outputs, and the superscript T denotes transpose of the
matrices.”! Because all state variables are not measurable,
the KF is used to estimate the current model state across
P. The change in manipulated input from one sample
time to the next is Au, which is evaluated over the
control move horizon, and M, WY, and W* are diagonal
matrices with identical elements equal to w¥ and w?
respectively. For MPC applications, the first conirol move,
Ay, is implemented and the optimization is repeated at

"'ekik = ﬁklk -1 + Lk(]/k - Cﬁk!k- 1) (16) the next time step.
N F '
Prediction Update ‘ Correction Update
Kalman Gain
~ ~ T T -]
Initial Xeh-1 ™ (ka-l{k—l +1u, L, = ‘Plcgkwlc (CPW(_;C +R) State
estimate sstimate
%,, 5, | Error Covariance Correct State Estimate Xk

Calculation

'Pklk—l = (I)Pk—-lik-lq)T + FWQFWT

~

Xk

= fklk-i + Ly, - C£k|k-1 )

Error Covariance Prediction
R&gk = Pkpc—i (I-LC)

Figure 1. The recursive Kalman filter, which uses the previous estimated state, x,,,_, and current measurement, y,, to calculate the estimate of the

current state based on the error covariance, P2
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Advisory mode MPC is used to calculate control moves
based on historical data in order to test the validity of the
control system. This method is described by Seborg et al*
as a step in the implementation of MPC, referred to as
“prediction mode.” Because the control moves calculated
for advisory mode have no causal impact on historical
data, the moves are analyzed on a time-step by time-
step basis. For diabetes control, the advisory moves
are compared to insulin recommendations made by
physicians for the conditions of the historical data set.
Figure 2 compares the information provided to the
controller at a single time step and the recommended
MPC insulin move for actual glucose and insulin
infusion data. Because this insulin recommendation
is not implemented, the information provided to the
controller at the next time step only includes insulin and
glucose from the historical data set.

Data Collection

Data were collected from three adult subjects with TIDM
[two females, one male; age: 45 + 18 years (mean + standard
deviation); body mass index: 20.9 £ 1.7 kg/m? weight:
61 * 7 kg; glycosylated hemogiobin Ale: 6.8 & 1.3%]
wearing continuous glucose sensors {CGMS5®, Medtronic
MiniMed, Inc., Northridge, CA). Five-minute glucose
sampling produced 288 measurements per day for a total
of 26 days. Insulin infusion information was retrieved
from the insulin pump after the test period. Meal size
estimates, exercise, and stress data were logged in a diary
by subjects. Data sets that included saturation at the
upper (400 mg/dl) or lower (40 mg/dl) limit of the CGMS
for more than 12 consecutive samples were discarded
from the analysis. Ninety-seven meal responses over 20
days of data were analyzed for the three subjects: 8 days
with 42 meals for subject 1, 8 days with 29 meals for
subject 2, and 4 days with 26 meals for subject 3.

Results

A KF based on the linearized Bergman minimal model
with online model adaptation was used for glucose
estimation and extended for application in MPC. State
estimation and MPC were initially validated on the
Hovorka model. These methods were then applied to
historical subject data.

Simulation Study

Plant-model mismatch, similar to the ones considered by
Lynch and Bequette,® was used to test the estimation
capability of the KF in silico. To simulate a subject with
TIDM, the Hovorka model was used to produce glucose
values for a meal response with 10% Gaussian noise on
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Figure 2. Two advisory mode MPC recommendations for the insulin
infusion rate. They were calculated at the times denoted by diamonds:
¢ = 745 minutes {a and b} and t = 750 minutes (c and d). Bach G plot
compares clinical glacose data (solid line} with the predicted trajectory
(dot—dash line) and the desired value of 80 mg/dl (dashed line).
Actual insulin infusion rates are denoted by hollow squares, whereas
the two advisory mode recommendations are shown as solid squares.
At f = 735 minutes, a 57-gram carbohydrate meal was ingested. The
correction insulin bolus at approximately ¢ = 855 minutes is shown as
a rectangular pulse.
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the measurements, which is in the expected range for
the physical system. The linearized Bergman-based KF
with Q/R = 0.1 was validated on meal response data
in Figure 3. The state vector for the Bergman model is
& =|G; X; L S; S, g ml|, where the initial steady-state
condition for linearization is x, = [81; 2.7e-3; -1.13; 0; 0; 6; 0]
for a basal insulin infusion rate of 425 mU/min. Estimated
glucose values were very close to those generated by the
open-loop meal response of the Hovorka model, showing
only minor mismatch at the onset of the meal response.
The maximum glucose excursion was reduced from G =
260 mg/dl to G, = 115 mg/dl, and an improvement in the
settling time from t > 1000 minutes to £, < 300 minutes
was accomplished using MPC (Figure 4). The MPC tuning
parameters were P = 12, M = 3, and w*/w* = 0.00L

Experimental Study

Glucose estimation and prediction obtained from a KF
were applied to historical data for ambulatory conditions

300 T r : r
2501

e 45 R prediction
- B0 rin prodiction
measurement

200
150

Glucose (mo/dl}

100+

50} . . , ; . , . . .
Q 20 240 360 480 600 720 840 960 1080
Time {min}

Figure 3. Giucose predictions vsing a constant model Kalman filter
with no meal information for a 50-gram carbohydrate meal at { = 200
minutes and prediction horizons of 45 and 60 minutes (Q/R = 0.1).
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to determine the maximum number of steps ahead that
glucose values can be accurately predicted by the model
(i.e., the maximum prediction horizon). It was determined
using qualitative analysis of the fit of the prediction
as well as the evaluation of the median relative absolute
difference (MRAD). The MRAD is calculated as

MRAD = median Klyk - ykl)jl x 100% (19)
k

The threshold for maximum model prediction for the 24~

hour period was specified in this study as MRAD = 16%.

Maximizing the prediction horizon is essential for the

successful application of advanced control strategies.

The KF was first evaluated with meal estimates for
the estimator based on the linearized Bergman model,
modified to include gut absorption and subcutaneous
insulin processing models with Q/R = 10. In Figure 5,
45-, 60-, and 90-minute-ahead glucose predictions show
the limits in the prediction capability of the model for
subject 2, day 6. The KF is able to predict the glucose
levels of these ambulatory subject data through meal
responses and subcutaneous insulin boluses, while
exhibiting only slight subject-model mismatch for the
smaller prediction horizons (45 or 60 minutes), but as the
horizon is increased to 90 minutes, the prediction is less
accurate. Maximum prediction horizons for the multiple
data sets (mean + standard deviation) are 33 £ 12 minutes
for subject 1, 48 £16 minutes for subject 2, and 44 = 19
minutes for subject 3.

Ideally, an artificial pancreatic B cell should remove
the subject entirely from the closed-loop system, which

400 . ' T

——— Measured
-'!? 0G| 45 min i
g’ GO min
& 200} ——— 80 rain -
1]
§ 100 Pt
G o x o % i o ~

1, i 1 1 L b
¢ 240 480 720 960 1200 1440
Time (min}
E 600 - : ; : oy 30
Y 500 e WflEE] AbSODEON ls B
E e T £
£ 400 1% o
¥ 300} Jis ::3%
2 2000 {2
2 o0l I LI
a . £
& 4] 1 L i L I s B
= Q 240 480 720 BE0 1200 1440
Time {min)

Tigure 4, Model predictive control with state estimation based on
linearized Bergman model with constant parameter values and insulin
infusion rates for 2 50-mg CHO meal at ¢ = 100 minutes and P = 12,
M = 3, and wfu¥ = 0.00L

Figure 5. Glucose predictions for prediction herizons of 45, 60, and 90
minutes ahead based on KF state estimation with Q/R = 10 and meal
estimate provided. Meal time is denoted by “0” and insulin bolus time
by “x” {top plot).
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requires the model and estimator to predict glucose
accurately with no meal information. Figure 6 illustrates
the KF glucose predictions for horizons of 45 and 60
minutes based on the modified, linear Bergman model
(Q/R = 10). With no meal information provided to the
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Figure 6. Glucose predictions for prediction horizons of 45 and 60
minutes based on KF state estimation with Q/R = 10 and no meal estimate
provided. Meal time is denoted by “o” and insulin bolus time by "x” {top
plot).
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model, the prediction exhibits no input-driven glucose
response. Maximum prediction horizons are 33 + 14,
34 * 11, and 40 & 13 minutes for subjects 1, 2, and 3,
respectively.

Model adaptation was introduced to compensate for
subject-model mismatch and the lack of meal information.
Two approaches were taken to allow online adaptation
of the modified Bergman model. First, Equation (1) was
revised with the augmentation and estimation of # in
the form:

9 pecm-xeGH+G)+ 2 o)
at Ve

W _y 21
=0 (21)

which was linearized for use in the Kalman filter.
Adaptation of f, improves the prediction ability for input
responses with no meal information given, as demonstrated
in Figure 7 (/R = 10%). The negative excursion in §, during
a meal response to simulate ghucose production allows the
model to respond to the glucose peak; maximum prediction
horizons are improved to 45 # 12 minutes for subject 1, 48 &
17 minutes for subject 2, and 45 + 28 minutes for subject 3.
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Figure 7. Glucose predictions for prediction horizons of 45 and 60 minutes
based on KF state estimation with fi, adaptation, Q/R = 10% and no meal
information provided. Meal time is denoted by “0” and insulin bolus
time by "x” (top plot).

Figure 8. Glucose predictions for prediction horizons of 45 and 60
minutes based on KF state estimation with 4 adaptation, /R = 10-4,
and no meal information provided. Meal time is denoted by “o” and
insulin bolus time by “x” (top plot).
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An alternative apProach incorporates an additive
disturbance term, d, for adaptation of Equation (1) in
the form:

46 _ | p, Gt - XBGH) + G) + md an @2
&t Ve

dd)

— 0, (23)

Because adaptation of either d or p, has an indirect effect
on G(f), the prediction capability for either type of model
adaptation is similar, as shown in Figures 7 and 8. Figure 8
presents model predictions for d adaptation and Q/R = 10
The maximum prediction horizons are 43 + 13, 49 & 16, and
44 + 30 minutes for subjects 1, 2, and 3, respectively.

A prediction horizon of 60 minutes was implemented in
an advisory mode MPC scheme, with KF state estimation,
to evaluate the controller action based on retrospective
subject data. The controller was tuned to generate
moderately aggressive control moves in response to meal
excursions. Advisory moves from MPC with P=12, M =3
and w*w? = 0.1 with the KF based on a constant model
with meal estimates given and Q/R = 10 are reported in

Figure 9 for subject 2, day 6. The controller recommends
significant increases in insulin at the moments that the
meals were reported to have begun (f = 735 minutes
and t = 1050 minutes), which resulted from the meal
estimates. This response preceded the insulin action
from a late meal bolus reported by the subject. Insulin
recommendations from MPC with the same controller
tuning and subject data are reported in Figure 10 for
conditions when the MPC received no meal information. The
KF was based on d adaptation with Q/R = 0.005. Although
the calculated MPC insulin action did not change at
the exact moment that the first meal was reported, the
increased insulin recommendation led the actual insulin
bolus. By responding early to the onset of the meal, the
glucose excursion could probably be reduced using MPC.

Conclusions and Future Work

Glucose estimation and prediction for TIDM subject data
were accomplished using a KF based on a linearized
version of a modified Bergman model. Maximum
prediction horizons were determined for 20 days of
ambulatory subject data. With meal estimates provided,
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Figure 9. Results for measured meal disturbance {meals: ¢ = 735 and
t = 1050). Glucose levels and advisory mode MPC recommendations
(/R =10, P = 12, M = 3, and wfw? = Q.1

Figure 10. Results for unmeasured meal disturbance (meals: t = 735
and ¢ = 1050). Glucose levels and advisory mode MPC recommendations
(/R = 0005, P = 12, M = 3, and wfu¥ = 0.1
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the constant model adequately predicted the glucose
levels through meal information with a maximum
prediction horizon of 48 minutes. By incorporating model
parameter adaptation, comparable prediction horizons
were obtained when no meal information was available.
Results of the advisory mode MPC indicate that this
control strategy could improve glucose control through
the meal response in subjects with TIDM. This was
demonstrated with advisory MPC insulin in response to
the rising glucose levels prior to the late insulin boluses
for the meals.

Future studies will include clinical implementation of
MPC to control glucose levels through the entire meal
responses. This control method will be validated for both
“normal” and days with abnormal insulin sensitivities
due to exercise or stress.
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