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Abstract: Glycaemic control can be used to enhance critically ill patient outcome. This paper presents the
in-silico design of a computerized model-based controller for a Belgian medical intensive care unit (CHU
of Liege, Belgium). In silico trials are used to assess the current clinical protocol efficiency and safety and
to compare this protocol with the existing Stochastic Targeted (STAR) control approach. The objective of
this research is to optimize a glycaemic controller for its future clinical implementation and clinical
workflow requirements. Results suggest that the currently used, paper-based sliding scale protocol is too
general to achieve safe and effective glycaemic control. The computerized model-based protocol STAR
leads to better glycaemic outcomes associated with increased safety. In particular, time in target band is
higher than 80% with STAR targeting 90-150 mg/dL and 100-160 mg/dL. Time in the desired 100-150
mg/dL band is improved using STAR, and BG < 80 mg/dL is reduced. Results suggest that control
targeting 100-160 mg/dL is associated with increased time in band and increased safety.

1. INTRODUCTION

Critically ill patients often present stress-induced
hyperglycaemia and high glycaemic variability that worsen
patient outcome (Egi et al., 2006, Krinsley, 2003). Effective
glycaemic control (GC) should reduce patient glycaemic
levels and variability and should also account for inter-patient
variability, evolving physiological patient conditions and
minimizing hypoglycaemic risk (Suhaimi et al, 2010,
Krinsley and Keegan, 2010). During glycaemic control,
protocols are used to specify insulin and nutrition rates, and
control frequency (time interval between glycaemia
measurements). Protocols must also be designed to meet
clinician expectations, fit into clinical practice of a unit, and
provide patient-specific, safe and effective GC.

The STAR (Stochastic Targeted) model-based controller
enables adaptive, patient-specific and computerized GC
(Evans et al., 2012, Fisk et al., 2012). STAR accounts for
evolving patient condition by identifying patient insulin
sensitivity (SI) and by forecasting patient SI until the next
glycaemia measurement using a stochastic model of SI future
potential variability (Lin et al., 2006, Lin et al., 2008). The
STAR protocol framework can be customized in terms of its
glycaemic target, control approach (insulin and nutrition,
insulin-only, enteral and/or parenteral nutrition...), and
clinical resources (control frequency) to best fit clinical
practice.

This research presents a STAR protocol customized for the
clinical practice needs of a Belgian medical intensive care
unit (ICU) at the University Hospital of Liege, Belgium. This
particular ICU currently uses a sliding scale GC protocol but
are interested in performance improvements that may arise
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from adopting STAR. The main objective of this study is the
development and the clinical implementation of a
computerized controller using the STAR framework. First,
this research assesses the current clinical protocol for
efficiency, safety and GC compliance in silico. Then, these
results are compared with the STAR protocol to optimize
control and assess potential improvements. The work is based
on a retrospective and comparative analysis of GC protocols
using retrospective clinical data and a clinically validated
virtual trial approach (Chase et al., 2010).

2. METHODS

2.1 Clinical protocol

The current clinical protocol follows an experimental sliding
scale and targets patient glycaemia to be between 100 and
150 mg/dL. The protocol is characterized by an insulin
infusion-only approach with a 1-4 hour time interval between
blood glucose (BG) measurements. Insulin rate is adjusted
depending on current BG level and previous insulin infusion
rate (Table 1). The nutrition rate is left to attending clinicians,
but is increased (12 g bolus of exogenous glucose) when BG
becomes lower than 40 mg/dL for severe hypoglycaemia.

2.2 STAR protocol

The glycaemic target of STAR is customizable to different
targets. This study examines 3 target bands (80-140 md/dL,
90-150 mg/dL and 100-160 mg/dL) to determine the best
option of the mix of patients in this medical ICU. An insulin
infusion-only approach is used and the nutrition rate
corresponds to the clinical one as it was left to attending
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clinicians, but nutrition rate 1is increased to avoid
hypoglycaemia the same way it is done by the clinical
protocol. Measurement frequency during the GC varies from
1 hour to 3 hours.

Table 1: Current sliding scale clinical protocol.

Calculation of time interval

If two consecutive BG measurements are within 100-180 mg/dL: 2 hours;
otherwise 1 hour.

Calculation of insulin rate adjustment

IBased on current blood glucose level (BG) [mg/dL] and previous insulin rate]
(u) [U/h]

Conditions Insulin rate adjustment
180 <BG and
u<2Uh +0.5U/h
2Uh<u<10Uh +1 U/h
10U/h<u<20Uh +2 U/h
20U/h<u +4 U/h
80 <BG <180 +0 U/h
60 <BG < 80 or BG reduction higher
than 50 mg/dL per hour
and
u<2Uh -0.5U/M
2Uh<u<10Uh -1 U
10 U/h<u<20U/h -2 U/
20U/h<u -4 U/
40 <BG <60 0 U/
IBG <40 0 U/

+12 g exogenous glucose (bolus)
Then, once BG > 80 mg/dL, set u to half the rate applied before BG < 40|
img/dL and stop bolus of exogenous glucose.

Specific case 1:

'When BG decreases below 100 mg/dL whereas during previous 24 hours BG
was within 100-180 mg/dL and insulin was unchanged - reduce insulin rate]
by 20 % and set time interval to 1 hour.

Specific case 2:

When nutrition is stopped, stop insulin and when nutrition starts again,
administrate the same insulin rate than before stop.

The insulin rate and time interval are adjusted based on
glycaemic levels and previous insulin and nutrition rates.
This adjustment process is composed of four steps. This step-
by-step process is partly illustrated in Figure 1.

Step 1. Previous and current BG measurements are used to
identify a patient-specific SI value for the prior time interval
(Hann et al., 2005). This step accounts for inter-patient
variability (Lonergan et al., 2006, Chase et al., 2007, Chase
etal.,2011).

Step 2. Insulin rates are limited to the range 0 - 8 U/h, in 0.5
U/h increments, except between 0 U/h and 1 U/h. Thus,
allowable insulin rates are 0, 1, 1.5, 2, 2.5, 3, 3.5...8 U/h. The
increment is defined to reduce nurse workload associated
with making small and frequent changes in insulin rates. The
maximum insulin rate of 8 U/h is defined for safety and to
avoid insulin saturation effects (Rizza ef al., 1981, Black et

al., 1982). Possible time intervals are limited to 1 hour, 2
hours and 3 hours.

However, in two specific cases, no insulin and hourly
measurement are required. First, when the current BG value
is more than 18 mg/dL below the 5™ percentile expected from
the last protocol intervention; second, when the current BG
level is lower than a hypoglycaemic threshold value (40
mg/dL). In this case, nutrition is increased (12g bolus of
exogenous glucose).

Moreover, time interval is limited to only 1 hour when
current BG level is lower than the low bound of the target
band and when there is a hyperglycaemia (BG > 180 mg/dL).

Step 3. For each possible time interval defined is Step 2 (1
hour or 1-3 hours), insulin rate resulting in the forecast 5"
percentile BG value closest to the lower bound of the target
range (80 mg/dL, 90 mg/dL or 100 mg/dL), but above 80
mg/dL, is selected among the possible insulin rates defined in
Step 2. The step is composed of three phases that are repeated
for each possible time interval (1 hour or 1, 2 and 3 hours).

- Phase a. The stochastic model (Lin et al., 2006, Lin
et al., 2008) provides the distribution of likely SI
values for the next time interval based on current SI
value (Step 1). This phase accounts for intra-patient
variability, as SI can be quite variable over time for
a patient.

- Phase b. Based on SI distribution and for each
possible insulin rate defined in Step 2, the associated
glycaemic outcome predictions (the 95 and the 5"
percentile values) are calculated using the 5™ and
95™ percentile SI values (calculated in Phase a),
respectively. This accounts for the glycaemic
variability due to intra-patient variability.

- Phase c. For the given time interval, the selected
insulin rate is the one resulting in the forecast 5"
percentile BG value closest to the lower bound of
the target range (80 mg/dL, 90 mg/dL or 100
mg/dL), but above 80 mg/dL. For 3 hour forecasts,
an additional constraint of the median BG < central
value of the target band (110 mg/dL, 120 mg/dL or
130 mg/dL) is also implemented.

This step leads to one selected insulin rate per allowable time
interval. Note that there is always at least one
recommendation for the 1-hour interval and a maximum of
three recommendations when hourly measurement are not
required.

Step 4. Among selected insulin rates from Step 3, the insulin
rate associated with the longest possible time interval is
selected to minimize nurse workload. The time interval is set
to that longest possible time interval.

During the in silico trials, the insulin adjustment cannot be
calculated using this method for the first BG measurement as
the previous BG is needed. Hence, the first STAR controller
intervention is based on the clinical protocol (Section 2.1)
and time interval is set to 1 hour.
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Figurel: Step-by-step description of STAR framework.

2.3 Stochastic model of insulin sensitivity variability

The objective of a stochastic model of insulin sensitivity
variability is to forecast a likely distribution of patient SI
based on current condition and current SI. Such stochastic
model is based on historical SI variations in ICU population
data. These clinical data can come from a specific type of
patients and can be selected in function of the patient days of
stay. The stochastic model used in this research was based on
all types of patients included in the SPRINT GC study (Chase
et al., 2008b) and all patient days of stay (Lin et al., 2006; Lin
et al.,, 2008). It used clinical data from 393 critically ill
patients (Christchurch Hospital, New Zealand) (Lin et al.,
2008). This large number of patients and data is critical to
reliably capture stochastic variation of insulin sensitivity.

Based on a current, identified SI value, SI,, the stochastic
model returns the probability density function for future
insulin sensitivity values, SI,.; where nt1 represents a time
step of 1-3 hours.

2.4 Patient data

In this research, we have used retrospective clinical data from
20 non-diabetic patients whose glycaemia was controlled
during their stay in a medical ICU at the University Hospital
of Liege, Belgium. All patients were admitted in 2011. The
selection criteria for patients were: (1) GC for at least 60
hours; (2) insulin administration at the beginning of the
control; (3) clinical data clarity; and (4) at least 10 BG
measurements during control. Diabetic patients were
excluded as they received subcutaneous insulin and clinicians
wished to analyse an insulin-infusion approach. Patient
characteristics are summarized in Table 2 and clinical data in
Table 3 (first column).

Table 2: Patient characteristics. Data is presented as median
[IQR] when it is appropriate.

Number of patients 20

IAge (years) 68 [54-76]
SAPS(*) I 67 [51-76]
INumber of women (%) 11 (55%)
Length of ICU stay (days) 18.5[12.8-25.8]
Initial BG (mg/dL) 153.5[131.8-175.8]

(*)SAPS refers to Simplified Acute Physiology Score (Le Gall et al., 1993).

2.5 Virtual trials

Virtual trials are a safe, rapid, and efficient method to
analyse, develop, and optimise or validate GC protocols.
Virtual trials could be divided into two phases: the fitting and
the simulation (Fig.2). During the fitting, clinical data are
used to identify hourly SI values and create a SI profile over
ICU stay (Hann et al., 2006). This profile reflects the patient
state evolution and its glycaemic response to insulin and
nutrition inputs (Chase et al., 2007, Chase et al., 2010). This
SI profile can then be used to simulate glycaemic response to
different insulin and nutrition inputs, associated with
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different control protocols (Chase et al., 2010). This second
phase is the simulation phase and allows in silico assessment
of protocol performance and safety.

Clinical data (BG levels,
nutrition and insulin inputs)

Fitting

Simulations of a given
control protocol,

‘ SI profile Protocol ‘

‘ Glycaemic outcomes ‘

Figure 2: Virtual trial process.

2.6 Analysis

Control efficiency is assessed by median BG levels and
interquartile range (IQR), by percentage of BG levels in
different glycaemic bands. Number of patients with severe
hypoglycaemic event (BG < 40 mg/dL), and the percentage
of BG below 80 mg/dL, and below 60 mg/dL are used to
evaluate control safety (Finfer ez al., 2013). GC compliance
is assessed by comparing clinical data and in silico trial of the
clinical protocol. P-values are calculated using the Mann-
Whitney U-test. Analysis is performed using glycaemic data
resampled hourly from modelled or interpolated data to
provide a consistent measurement frequency for fair
comparison between different protocols.

3. RESULTS

Tables 3 and 4 present the clinical data and in silico trial
glycaemic outcome. Insulin inputs given the GC approach are
shown in Figure 3.

Table 3: Whole cohort glycaemic statistics for clinical data
and results of in silico clinical protocol virtual trials.

Table 4: Whole cohort glycaemic statistics for results of in
silico  STAR protocol virtual trials with three different
glycaemic target bands.

STAR STAR STAR

80-140 mg/dL  90-150 mg/dL  100-160 mg/dL
Total hours of control 5006 5007 5014
Number of BG 2186 2112 2051
measurements
BG median [IQR] 109.6[102.1 - 1163[109.6- 125.7[119.5 -
(mg/dL) 128.0] 130.0] 135.4]
% BG > 180 mg/dL 4.76 497 5.15
% BG in 150-180
mg/dL 6.80 7.24 8.20
0, H "
70 BG in 100-150 69.18 81.46 84.64
mg/dL
0, 1 -
70 BG in 100-160 72.62 84.98 88.54
mg/dL
[ H N
% BG in 90-150 84.50 86.23 85.90
mg/dL
0, H n
/0 BG in 80-140 82.73 82.71 79.86
mg/dL
% BG < 100 mg/dL 19.26 6.33 2.01
% BG < 90 mg/dL 3.94 1.55 0.75
% BG < 80 mg/dL 1.05 0.46 0.24
% BG < 60 mg/dL 0.14 0.04 0.02
% BG < 40 mg/dL 0.00 0.00 0.00
Median [IQR] insulin
rate (Uhonr) 6.5[3.5-8.0] 45[25-80] 3.0[2.0-75]
Median [IQR]
exogenous glucose 9.7[8.8-11.6] 9.7[8.8-11.6] 9.7[8.8-11.6]
rate (g/hour)

Clinical data Clinical protocol P-
100-150 mg/dL. 100-150 mg/dL.  values

Total hours of control 5006 5009

Number of BG measurements 1391 2125

BG median [IQR] (mg/dL) 137.186%1.;]7.8 - 127.114[91.1(1)]9.3 - 0.00
% BG > 180 mg/dL 12.01 7.95

% BG in 150-180 mg/dL 24.71 16.33

% BG in 100-150 mg/dL 55.42 60.43

% BG in 100-160 mg/dL 66.43 68.50

% BG in 90-150 mg/dL 59.93 67.67

% BG in 80-140 mg/dL 50.70 62.46

% BG < 100 mg/dL 7.86 15.29

% BG < 90 mg/dL 3.35 8.05

% BG < 80 mg/dL 1.42 3.44

% BG < 60 mg/dL 0.12 0.26

% BG < 40 mg/dL 0.00 0.00

Median [IQR] insulin rate 0.00
(U/hour)[ QR] 2.5[2.0-3.0] 3.0[2.0-6.5]

Median [IQR] exogenous 97[8.8-11.7] 9.7[8.8-11.7]

glucose rate (g/hour)

1

0.75

Cumulative frequency
o
o

0.25

Insulin rate [U/hour]

=== Clinical Data

===+ Clinical protocol, 100-150 mg/dL
===~ STAR 80-140 mg/dL

—®— STAR 90-150 mg/dL

= STAR 100-160 mg/dL

Figure 3: Cumulative density functions for exogenous insulin
input, given the control protocol used.
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4. DISCUSSION

This research aims to develop and assess a computerized
glycaemic controller for clinical implementation in an ICU
using the STAR framework. Current clinical protocol
performance is assessed in Table 3 where in silico results for
retrospective patients show: 24.28 % of the BG are above the
target band (> 150 mg/dL), 60.43 % of the BG are within the
target glycaemic band (100-150 mg/dL) and 15.29 % of the
BG are below 100 mg/dL, with 3.44 % < 80 mg/dL.

The comparison between clinical data and results of the
clinical protocol simulation provides information about the
nurse compliance, in clinical practice, to this protocol as
differences in BG outcomes result from difference in insulin
rates and measurement frequency. In particular, results in
Table 3 show that the clinical protocol was not fully followed
during clinical implementation. Clinical data are associated
with higher patient glycaemic levels (p < 0.01), reduced low
BG and thus increased safety with reduced number of BG
measurements. These results are associated with significantly
reduced insulin administration during clinical practice (Table
3 and Fig.3), probably due to fear of hypoglycaemia.

STAR is patient-specific and accounts for evolving patient
condition. Results show that the STAR protocol enhances
control performance and safety compared with clinical data
and clinical control protocol. As shown in Table 4, STAR is
associated with the best percentages of BG within the desired
100-150 mg/dL glycaemic band and within the specified
band, and with reduced low BG (< 80 mg/dL). More
precisely, time within 100-150 mg/dL was increased from
60.43 % with the clinical protocol to 84.64 % with the STAR
framework targeting 100-160 mg/dL.

As expected given the insulin rate calculation used by STAR
(Section 2.2), less than 5 %, of BG are below 80 mg/dL
(Table 4). STAR is also associated with tighter GC as IQR is
reduced from 40.1 mg/dL (clinical protocol) to 25.9 mg/dL,
20.4 mg/dL and 15.9 mg/dL with STAR targeting 80-140
mg/dL, 90-150 mg/dL and 100-160 mg/dL, respectively.

Better glycaemic outcomes are associated with more
dynamically changing exogenous insulin inputs and higher
insulin rates, except for the 100-160 mg/dL target band
(Table 4 and Fig.3). These improvements of glycaemic
outcomes could be explained by a GC protocol, STAR, that
can account for patient dynamics and evolving conditions,
while paper-based clinical protocol cannot. A more patient-
specific protocol could lead to enhance patient glycaemic
outcomes. As control efficiency could be associated with
higher and more dynamic exogenous insulin inputs than those
usually administrated in this ICU, simulations of protocols
have also been performed with a 30 % reduction of total
nutrition inputs. The results (not shown) suggest that reduced
nutrition should facilitate tighter control of glycaemic levels.
Reduced nutrition associated with the STAR protocol leads to
better glycaemic outcomes. Clinically, it should be noted that
the nutrition rules used correspond to 100 % of ACCP
guidelines (Cerra et al., 1997).

The glycaemic target of STAR is customized to different
ranges (80-140 mg/dL, 90-150 mg/dL and 100-160 mg/dL) to
assess the effect of a glycaemic target shift. Results in Table
4 show that a 10 mg/dL increase in target bounds to shift
from 80-140 mg/dL to 90-150 mg/dL is associated with a
reduction BG under 100 mg/dL (12.93 %), an increase of BG
within the 100-150 mg/dL desired band (12.28 %) and a
slight increase of BG over 150 mg/dL (0.65 %). But, the shift
between the 90-150 mg/dL and the 100-160 mg/dL target
band is associated with a reduction of BG under 100 mg/dL
(4.32 %), a small increase of BG within the 100-150 mg/dL
desired band (3.18 %) and a slight increase of BG over 150
mg/dL (1.14 %). These results suggest that the 100-160
mg/dL is the best target band as it’s associated with an
increased time in the desired band and a reduced low BG, and
thus increased safety; compared with the other assessed target
bands.

Considering the clinical implementation of STAR control
approach, we should pay attention to higher insulin inputs
associated with this approach compared with clinical data.
Nursing staff could be reluctant to make such practice
changes. We should simulate STAR with reduced maximum
insulin rate of 4 U/h and 6 U/h to assess impact of maximum
insulin rate on GC efficiency.

5. CONCLUSIONS

This research presents the assessment of a clinical protocol
performance using STAR framework in virtual trials. This
research shows that the STAR computerized model-based
glycaemic controller is associated with improved glycaemic
outcomes and increased safety compared to the existing
sliding scale protocol and could thus potentially improve
patient outcome. The 100-160 mg/dL glycaemic range seems
to be the target band best achieving the control objective:
maximizing time in the 100-150 mg/dL and ensuring safety.
STAR should be now implemented in a Belgian ICU to
assess its efficiency in real clinical conditions. This pilot
clinical trials should include 10 critically ill patients whose
glycaemia will be controlled during at least 24 hours.

REFERENCES

Black, P. R., Brooks, D. C., Bessey, P. Q., Wolfe, R. R. &
Wilmore, D. W. (1982). Mechanisms of insulin
resistance following injury. Annals of surgery, 196,
420-35.

Cerra, F. B., Benitez, M. R., Blackburn, G. L., Irwin, R. S.,
Jeejeebhoy, K., Katz, D. P., Pingleton, S. K,
Pomposelli, J., Rombeau, J. L., Shronts, E., Wolfe,
R. R. & Zaloga, G. P. (1997). Applied nutrition in
icu patients. A consensus statement of the american
college of chest physicians. Chest, 111, 769-78.

Chase, J. G., Le Compte, A. J., Suhaimi, F., Shaw, G. M.,
Lynn, A., Lin, J., Pretty, C. G., Razak, N., Parente,
J. D., Hann, C. E., Preiser, J. C. & Desaive, T.
(2011). Tight glycemic control in critical care--the
leading role of insulin sensitivity and patient

9917



19th IFAC World Congress
Cape Town, South Africa. August 24-29, 2014

variability: A review and model-based analysis.
Comput Methods Programs Biomed, 102, 156-71.

Chase, J. G., Shaw, G. M., Lotz, T., LeCompte, A., Wong, J.,
Lin, J., Lonergan, T., Willacy, M. & Hann, C. E.
(2007). Model-based insulin and nutrition
administration for tight GCin critical care. Curr
Drug Deliv, 4, 283-96.

Chase, J. G., Suhaimi, F., Penning, S., Preiser, J. C., Le
Compte, A. J., Lin, J., Pretty, C. G., Shaw, G. M.,
Moorhead, K. T. & Desaive, T. (2010). Validation
of a model-based virtual trials method for tight
glycemic control in intensive care. BioMedical
Engineering OnLine, 9, 84.

Egi, M., Bellomo, R., Stachowski, E., French, C. J. & Hart,
G. (2006). Variability of blood glucose
concentration and short-term mortality in critically
ill patients. Anesthesiology, 105, 244-52.

Evans, A., Le Compte, A., Tan, C. S., Ward, L., Steel, J.,
Pretty, C. G., Penning, S., Suhaimi, F., Shaw, G. M.,
Desaive, T. & Chase, J. G. (2012). Stochastic
targeted (star) glycemic control: Design, safety, and
performance. J Diabetes Sci Technol, 6, 102-15.

Finfer, S., Wernerman, J., Preiser, J. C., Cass, T., Desaive, T.,
Hovorka, R., Joseph, J. 1., Kosiborod, M., Krinsley,
J., Mackenzie, 1., Mesotten, D., Schultz, M. J., Scott,
M. G., Slingerland, R., Van den Berghe, G. & Van
Herpe, T. (2013). Clinical review: Consensus
recommendations on measurement of blood glucose
and reporting glycemic control in critically ill adults.
Crit Care, 17, 229.

Fisk, L. M., Le Compte, A. J., Shaw, G. M., Penning, S.,
Desaive, T. & Chase, J. G. (2012). Star development
and protocol comparison. /[EEE Trans Biomed Eng,
59, 3357-64.

Hann, C., Chase, J. & Shaw, G. (2006). Integral-based
identification of patient specific parameters for a
minimal cardiac model. Computer Methods and
Programs in Biomedicine, 81, 181-192.

Hann, C. E., Chase, J. G., Lin, J., Lotz, T., Doran, C. V. &
Shaw, G. M. (2005). Integral-based parameter
identification for long-term dynamic verification of
a glucose-insulin system model. Comput Methods
Programs Biomed, 77, 259-270.

Krinsley, J. S. (2003). Association between hyperglycemia
and increased hospital mortality in a heterogeneous
population of critically ill patients. Mayo Clinic
Proceedings 78, 1471-1478.

Krinsley, J. S. & Keegan, M. T. (2010). Hypoglycemia in the
critically ill: How low is too low? Mayo Clinic
Proceedings 85,215-6.

Le Gall, J. R., Lemeshow, S. & Saulnier, F. (1993). A new
simplified acute physiology score (saps ii) based on
a european/north american multicenter study. JAMA,
270, 2957-63.

Lin, J., Lee, D. S., Chase, J. G., Hann, C. E., Lotz, T. &
Wong, X. W. (2006). Stochastic modelling of
insulin sensitivity variability in critical care.
Biomedical Signal Processing and Control, 1, 229-
242.

Lin, J,, Lee, D. S., Chase, J. G., Shaw, G. M., Le Compte, A.,
Lotz, T., Wong, J., Lonergan, T. & Hann, C. E.
(2008). Stochastic modelling of insulin sensitivity
and adaptive glycemic control for critical care.
Comput Methods Programs Biomed, 89, 141-52.

Lonergan, T., Le Compte, A., Willacy, M., Chase, J. G,
Shaw, G. M., Wong, X. W., Lotz, T., Lin, J. &
Hann, C. E. (2006). A simple insulin-nutrition
protocol for tight glycemic control in critical illness:
Development and protocol comparison. Diabetes
Technol Ther, 8, 191-206.

Rizza, R. A., Mandarino, L. J. & Gerich, J. E. 1981. Dose-
response characteristics for effects of insulin on
production and utilization of glucose in man. Am J
Physiol [Online], 240. Available:
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd
=Retrieve&db=PubMed&dopt=Citation&list_uids=
7018254 [Accessed Jun].

Suhaimi, F., Le Compte, A., Preiser, J. C., Shaw, G. M.,
Massion, P., Radermecker, R., Pretty, C. G., Lin, J.,
Desaive, T. & Chase, J. G. (2010). What makes tight
glycemic control tight? The impact of variability and
nutrition in two clinical studies. Journal of Diabetes
Science and Technology, 4, 284-98.

9918



