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Abstract

A novel meal-detection algorithm is developed based on continuous glucose measurements.
Bergman’s minimal model is modified and used in an unscented Kalman filter for state
estimations. The estimated rate of appearance of glucose is used for meal detection. Data from
nine subjects are used to assess the performance of the algorithm. The results indicate that the
proposed algorithm works successfully with high accuracy. The average change in glucose levels
between the meals and the detection points is 16(£9.42) [mg/dI] for 61 successfully detected meals
and snacks. The algorithm is developed as a new module of an integrated multivariable adaptive
artificial pancreas control system. Meal detection with the proposed method is used to administer
insulin boluses and prevent most of post-prandial hyperglycemia without any manual meal
announcements. A novel meal bolus calculation method is proposed and tested with the UVA/
Padova simulator. The results indicate significant reduction in hyperglycemia.
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[. Introduction

Post-prandial glucose control in patients with type 1 diabetes (T1D) is one of the main
challenges for artificial pancreas (AP) closed-loop control systems. Many studies have
shown that the AP systems are able to maintain blood glucose concentrations (BGC) in
target range during night time when there is no meal consumption [1]-[5]. Food intake
increases plasma/serum glucose levels rapidly and can cause hyperglycemia if sufficient
amount of insulin is not infused in an acceptable period of time. A hybrid closed-loop AP
system may decrease the number of post-prandial hyperglycemic episodes [6]. In a hybrid
AP system, meal information is used either as an announced disturbance [5], [7]-[10], or as
an indicator for a constant bolus insulin infusion [11], [12]. Because of manual meal
announcements, hybrid APs cannot be considered as a fully automated system. For a fully
automated AP, no information should be manually entered to announce measurable
disturbances for feed-forward control. Thus, there is a need for an algorithm that can detect
meals from real-time measured variables. Once meals are detected, the information can be
transferred to the controller and appropriate amount of insulin can be infused to prevent
post-prandial hyperglycemia.

To date, only a few studies have investigated the detection of meals from real-time
measurable variables such as a continuous glucose monitor (CGM) measurements. Dassau
et. al [13] proposed a voting algorithm based on Kalman filter estimation, backward
difference, combination of Kalman filter and backward difference and second derivative of
glucose (CGM) measurements. A meal is considered to be detected when two-out-of-three
or three-out-of-four algorithms detects a meal. Lee et al. [14] proposed a meal detection and
meal size estimation algorithm and combined with model predictive control based AP
system. Meal times and sizes are estimated based on various thresholds and if/then rules
using first and second derivatives of glucose measurements. Cameron et al. [15] developed a
probabilistic method for meal-detection. First, CGM signals are compared to no-meal
predictions made by a simple insulin/glucose model. The residuals are fitted to predefined
meal shapes used for detection of meals. Later, the method was extended for use in a model
predictive control algorithm for blood glucose regulation [16].

In this paper, we propose a new method for meal-detection in patients with T1D that
requires only CGM readings. A modified version of the Bergman’s minimal model [17] is
used. Unscented Kalman filter (UKF) is used for simultaneous estimation of states and
parameters of the minimal model. Finally, meals are detected based on rate of appearance of
glucose estimations and some safety rules. An insulin bolus calculation algorithm is added
for detected meals. The paper is structured as follows. Model development and UKF are
described in the Methods section. The Results section presents the outcomes of the proposed
method tested on nine real patients data and the performance of the bolus calculation
algorithm which is tested with the UVa/Padova simulator [18]. The performance of the
meal-detection algorithm as a new module for the integrated multivariable adaptive AP
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(IMA-AP) control system is evaluated in the Discussion section. Conclusions are provided
in the last section.

[I. Methods
A. Minimal Model

Bergman et al. [17] developed the first three-compartment “minimal model” to analyze
plasma glucose and insulin dynamics during an intravenous glucose tolerance test.
Modifications of the minimal model have been proposed to separate the effect of glucose
production from utilization [19], [20] and to capture absorption, distribution and disposal
glucose/insulin dynamics [21]. The effects of free fatty acids [22] and exercise [23] are also
incorporated into the minimal model. The dynamical equations for plasma glucose
concentration G(t) and effective insulin concentration I are given by [22]:

dG (t
dt< ):—plG (t)—pg[eﬁ (t) G (t)+p1Gy+Ra (t) (1)
dl o4 (t

where Gy and I, represent basal plasma glucose concentration and plasma insulin
concentration respectively. The rate of appearance of glucose R,(t) can be defined as a two
compartment model [24]:

C(t t
ot

R, (t)=

where C(t), V and zare the amount of consumed carbohydrate, the distribution volume and
the peak time of meal absorption, respectively. In the original Bergman’s model [17] and its
extensions [21], [22] the unknown model parameters py, pa, P3, P4, V and zare not time-
varying. However, due to the complexity of the human body and inter-subject variability, a
constant set of parameters may not be able to describe all time-varying dynamics for a
subject. Also, intra-subject variability may require different sets of parameters for different
subjects. In the proposed method, all unknown parameters and the basal plasma glucose
concentration Gy, are defined to be time-varying in order to overcome the inter-and intra-
subject variability. Using the first forward difference derivative approximation, Egs (1)—(3)
are discretized as:

G, (k)
hp, (k)

G, (k+1)=h [m ) (Gb )+ Sk (k)) —ps (k) L (k) G, (k)+ R, (k)} @

L (k+1)=h [pa (k) (ST (k) +p3 (k) L,(k)| (5)
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where a:e%, and h and w(k) represent sampling time and noise term, respectively. | is the
length of the window that is used for calculation of G}, and selected to be 30 minutes. The
notation for plasma glucose concentration G(t) in Eq (1) is replaced with subcutaneous
glucose concentration (CGM) Gg(k) in Eq (4). The relation between two variables was
shown to be a one compartment model with a delay parameter [25] which is neglected in our

study due to validation reasons.

B. Unscented Kalman Filter

The Unscented Kalman filter [26], [27] is a powerful tool for state estimation of nonlinear
systems. The drawbacks of linear approximation at an operating point and calculation of
Jacobian matrices in the Extended Kalman filter (EKF) are overcome by using a minimal set
of carefully chosen sample (sigma) points.

A nonlinear state space model is derived from Eqs (4)—(8):

z (k+1)=f (z (k))+w (k) o
y (k)=g (z (k) +v (k) @

where x(k) is the state vector. w(k) and v(k) are defined to be process and measurement
noises, respectively. The nonlinear functions f(-) and g(-) are defined from Eqs (4)—(8). The
state space model in Eq (9) has 8 states since some parameters in Eqs (4)—(8) are defined to
be part of noise term w(k).

Defining L as the dimension of x vector, the scalar weights W; are defined:

We=p/(L+p)
W¥=p/(L+p)+(1-a+38) (10
WE=WY=1/[2 (L4u)]
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where i =1, -, 2L and g = a2 (L + x). The tuning parameters «, #and «are selected to be 1,
2 and 0 [28], respectively. The sigma-points vectors y; are defined as:

Xo (k—1)=2 (k—1)
Xi (k=1)=2 (k—=1)+y xmn: @1
XivL (k_l):i' (k_l)_7 X 1;

where 77 is the it column (i = 1, -, L) of the squared root of the augmented covariance
matrix P(k — 1) and the parameter Y=V L+,

Prior sigma-points estimations -~ are calculated by propagating the sigma-points yj(k - 1)
through the nonlinear function f(-). The prior sigma-points are trimmed with a nonlinear
optimization to prevent non-realistic estimations such as negative values in concentrations.

X; (k)=min [Ax;]" [Axi]
Axi=xi (k)=f0G (k=1)) )
Xmin S X; (k) S Xmaz:
i=0,...,2L

The prior state estimations and covariance matrix are calculated as:

2L
2 (k)=>_Wix; (k) (@3)
1=0

2L
P (k)=Y_ WY [xi (k)—2~ (&) [x; (k)—&~ (k)]"+Q, (14)
1=0

where Qp is the covariance matrix of the process noise. The prior sigma-points estimations
are propagated through the nonlinear function g(-) for calculation of prior outputs sigma-

points Y

T (k=g (x; (k)

15
i=0,...,2L )

The measurement estimations are obtained from the output sigma-points as:

2L
g (k)=)_W7r: (k) ()
1=0

The innovation covariance and cross-covariance matrices are calculated as:

2L
Py, (k)= _"WY[T; (k)—g~ ()] [T (B) =5~ (R)]) +Qm @)
1=0
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where Qp, represent the covariance matrix for process measurement noise. Finally, the
Kalman filter gain and the updated state vector estimation and covariance matrix are
calculated:

K (k)="Pyy (k) (Pyy (’f)r1 (19)
& (k)=2"(k)+K (k) (y (k)=9~ (k) (20

P (k)=P~ (k)=K (k) Py (k) (K (k))" @)

C. Data Collection and Preprocessing

Data are collected from nine subjects undergoing multivariable AP control system
experiments [29], [30] without any announcement (meal or exercise). Subjects were
recruited from the University of Chicago Medical Center, Kovler Diabetes Center and were
scheduled for a visit at the University of Chicago General Clinical Research Center
(GCRC). Closed-loop control was performed for 32 hours for each subject. Based on the
study protocol, breakfast, lunch, dinner and a late time snack were provided. Additional
snacks were provided whenever requested by the subjects. The type of foods were selected
based on a subject’s personal requirements. No limitation on food or snack intake was
imposed. The subject’s own insulin type and pump were used during the experiments. Data
were continuously collected from the subjects with a sampling time of 5 minutes. Every 10
minutes insulin infusion rates were computed by the controller and used to adjust the pump.
The Guardian® REAL-time CGM (Medtronics, Northride, CA) were used to collect the
glucose concentration information.

To minimize the effect of CGM measurement noise on the first forward difference
derivative approximation, 1 minute sampled CGM data is obtained from original data
sampled every 5 minutes, using pchip interpolation [31]. The initial conditions and tuning
parameters are selected as:

[ L (0) ] 0
G,(0) CGM(1)
R, (0) 0
A Ra(_l) 0
2O=1 o || oo6s
p2(0) 0.037 (@2)
p4(0) L3
7(0) | 20

Qp=diag [ 10 107 107* 107 1072 107! 1072 107! |
P(0)=Isxs Qm=100
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where CGM (1) is the first measured glucose value and the initial values for p1, p» and p4
are adapted from Roy et al. [22].

[1l. Results

The meal detection algorithm is developed based on the state estimations x(k) from the UKF
algorithm. A meal is detected if the estimated rate of appearance of glucose R4(k) is above
the threshold of 2 [mg/dl/min]. Once the R(k) value goes below the threshold, a flag is lifted
and another meal is detected when the value gets above 2 mg/dl/min. For safety from
hypoglycemia, a meal detected is used for insulin bolus decision only when CGM values are
above 100 [mg/dI].

Figure 1 shows the performance of the proposed method for 27 different main meals
(breakfast, lunch and dinner) for 9 subjects. Each sub-figure shows the time interval of 30
minutes before and 120 minutes after a meal. The difference in glucose values (change in
glucose) between the time that meal starts and the time that meal is detected is used as the
evaluation criterion. Detection time is not used as an evaluation criterion due to time-
varying meal consumption lengths from subject to subject. Different types of foods have
different digestion and absorption rates which also prevents using detection time as an
evaluation criterion.

Table | summarizes the results for 9 subjects data. Overall, 51 main meal and 13 snack
periods are tested. Out of 63 cases, only two meals are missed. As shown in Figure 1, the
lunch for subject 6 is missed because there is almost no change in glucose values after the
consumption of 45 grams of carbohydrates. This might be due to insulin on board that is
already active. A meal is not detected for subject 4 because, a snack, which is detected by
the algorithm, is consumed by the subject before the undetected meal. Since the glucose
increase from the meal is almost linearly added to the increase from the snack, the algorithm
can not distinguish between the two consumptions and interprets them as one meal.
Considering only the successfully detected 61 meal and snack periods, the average change in
glucose is 16 (+£9.42) [mg/dl]. For all tested datasets, there is only one wrong alarm for
subject 4, where there was a rapid increase in glucose but no recorded meals at that time.
This might be because of a missed recorded meal.

The rate of appearance of glucose R,(k) estimations are used for calculation of meal boluses.
A meal bolus is given when the estimated R,(k) is above 2 [mg/dl/min] and measured CGM
value is above 100 [mg/dl]. A second meal bolus can be given only after the R,(k) values go
below the 2 [mg/dl/min] threshold and 30 minutes passes over the last infused meal bolus.
Once a meal bolus is infused, a flag is turned on to activate correction bolus (CB) infusion
and the 2 [mg/dl/min] threshold is increased to 3 [mg/dl/min]. While the flag is on, the R4(k)
value is checked every 15 minutes and a CB is given if the R4(Kk) is above the new threshold.
For each given CB, the threshold is increased by 1 [mg/dl/min] and the process is repeated
every 15 minutes until the flag is turned off. The correction boluses are calculated based on
measured CGM values G4(k) and subject’s body weight (BW) as a function of total daily
dose (TDD) as follow:

IEEE J Biomed Health Inform. Author manuscript; available in PMC 2017 January 01.
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CB= x TDD (23)
1800

r(k)=pGs (k)+(1-p)ro  (24)

G (k)

TDD= r(k)

x BW  (25)

where rg and 1 are the desired set-point, and the tuning parameter that affects the amount of
CB infusions, respectively. The values p are selected to be 0.55, 0.3 and 0.1 for sensitive,
normal and resistant adults or adolescents and 0.8, 0.7 and 0.45 for sensitive, normal and
resistant children, respectively [30]. The set-point rg is set to 100 mg/dl.

The proposed meal bolus calculation strategy was performed on the academic version of
UVa/Padova metabolic simulator [32] which has 30 subjects (10 adults, 10 adolescents and
10 children). For the consistency, the same three-day simulation scenario with the Turksoy
et al. [30] was generated and 300 simulations (10 for each subject) were performed. The
same scenario was used for adults and adolescents. The amount of carbohydrates in meals
was reduced for children.

Turksoy et al. [30] divided the 30 subjects of the UVa/Padova metabolic simulator into 3
subgroups (sensitive, normal, resistant) based on a subject’s insulin sensitivity. In this study,
the amount of meal boluses are defined based on these 3 subgroups. The meal boluses are
selected to be 4 [U], 3 [U] and 2 [U] for the resistant, normal and sensitive adult and
adolescent subjects and 1 [U], 0.85 [U] and 0.7 [U] for the resistant, normal and sensitive
child subjects, respectively.

Figure 2 shows the average glucose concentration (CGM) for all 30 subjects (means and
standard deviations). The mean glucose concentration for adolescents in the target range is
86.8% of the time and is stable during the night. Better glucose regulation is obtained in
adults subjects. During 94.7% of the simulation time glucose concentration stayed within the
target range even though meals with high carbohydrate content were provided. A successful
glucose regulation was obtained for the children subjects where 92% of the time glucose
concentration stayed within the target range. The time in hyperglycemic range is
significantly (p < 0.01) decreased with the proposed meal bolus calculation algorithm.

V. Discussion

Many studies have shown that an AP control system is able to keep BGC in target range [5],
[71-[12], [29], [30], [33]. In addition to being able to control BGC, a fully automated AP
system should not require any manual information from patients. We have already
developed an integrated multivariable adaptive AP (IMA-AP) control system without any
manual meal or exercise announcement [29], [30], [33]. The system has two different
modules. The first module is the adaptive control algorithm that is responsible for insulin
suggestions [30]. The second module is a hypoglycemia early alarm system that is able to

IEEE J Biomed Health Inform. Author manuscript; available in PMC 2017 January 01.
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detect hypoglycemic episodes around 25-30 minutes in advance and warn patients about
potential low glucose values [34]. The two modules are able to prevent most of
hypoglycemia and at the same time keep the BGC in target range. However, due to lack of
meal announcements, the IMA-AP system suffers from having some post-prandial
hyperglycemia.

The meal-detection algorithm developed provides the third module for the IMA-AP system.
The meal-detection module is completely adaptive and does not require any subject-specific
initialization. It works based on only CGM measurements. The early detection of meals by
the meal-detection module enables the IMA-AP system to provide a meal bolus (without any
manual announcements) that would prevent most of post-prandial hyperglycemia.

Since there are no simulators that provide physiological signals [29], [33] that are used by
the IMA-AP system, a single variable (only CGM measurements) version of the algorithm
was tested on the UVa/Padova simulator. The performance of the IMA-AP system for
preventing of hypoglycemia and keeping BGC in target range has already been
demonstrated [29], [30]. We are conducting clinical experiments by using the new version of
the IMA-AP system wtih meal-detection and insulin bolus. We are expecting to significantly
decrease the number of hyperglycemia without causing any additional hypoglycemic
episodes.

V. Conclusions

The meal-detection algorithm developed is able to detect almost all tested meals. Simulation
results indicate that using such a high performance meal-detection module in artificial
pancreas control systems can prevent most of hyperglycemia by providing bolus insulin for
meals before large increases in BGC without any manual information from patients.
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Fig. 1.

Meal detection of 27 different main meals for 9 subjects. (Vertical axis: glucose

concentration [mg/dl], horizontal axis: sample number)
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Average glucose concentration (CGM) for all subjects
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