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6.1.5 Results metrics

All prediction methods are assessed on two criteria:

1. Point SI(t) and G(t) predictions

2. G(t) prediction band widths

Leads of 1 to 6 hours are assessed. For leads >1 hour, only the Chase et al.

and the developed prediction method are tested as the Lin et al. model cannot

be easily made to predict leads exceeding 1 hour. For the Lin et al. [2006, 2008]

model, the area under the conditional probability distribution function pd.f of

St+1 given St is scaled to 1.0. Point predictions are calculated by numerically

integrating the conditional pd.f of St+1 from either tail until an area of 0.5 is

obtained. Similar to the calculation of the AR prediction bands, prediction bands

for the Lin et al. model are defined as quantiles of the conditional pd.f. For a given

β, a 100β% prediction interval can be calculated by integrating the conditional

pd.f from both tails individually until the area of 1/2 100β is obtained.

Using the fixed parameter AR(3) method of Chase et al., bootstrap prediction

bounds are calculated as outlined in Subsection 6.1.3 for the developed prediction

method. As an example, the St prediction bands for Patient 1 calculated from

both the method developed here (top plot) and the Lin et al. method (bottom

plot) is shown in Figure 6.7 for a 1-hour prediction lead.
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Figure 6.7 Bootstrap prediction bounds for Patient 1 are calculated using the method of
Thombs and Schucany [Thombs and Schucany, 1990] for the diurnal cycle and AR(4) method
(top plot) and the Lin et al. method (bottom plot) for a 1-hour prediction lead.

6.2 Results

6.2.1 Point predictions

6.2.1.1 Point SI predictions

The absolute point SI prediction errors are shown in Table 6.2 with the median

values shown in Figure 6.8. The Lin et al. method is compared to the other

methods for a 1 hour lead only. The diurnal cycle and AR(4) method results in

lower point SI prediction errors compared to all other methods. For a 1 hour

lead, the median (inter-quartile range or IQR) absolute percentage prediction

errors are 14.9% (5.6-31.2%) for the diurnal cycle prediction model vs. 20.6%

(6.6-42.7%) for the Lin et al. stochastic model and 23.6% (0.7-48.5%) for the
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fixed parameter AR(3) model. This result is an improvement of ∼28% from Lin

et al. and ∼37% from the fixed parameter AR(3) model. With increasing lead,

the diurnal cycle model reduces the absolute percentage prediction error from

the fixed parameter AR(3) model by 22%-30% from lead 2 to 6 hours. While

the point SI forecast errors are large at longer leads, there is a marked reduction

compared to the fixed parameter AR(3) method.

Figure 6.9 and Table 6.3 show the absolute point SI prediction errors. For

all leads, median absolute prediction errors are zero, and IQR is approximately

symmetrical. These are good indicators that all tested methods are unbiased.

The error IQR is smallest for the diurnal and AR(4) method, and saturates

at 4 hours (leads 4 to 6 hours have the same prediction error IQR). The fixed

parameter AR(3) model error IQR increases up until the prediction lead of 6

hours, following the more classical decrease in precision with increasing lead.
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Figure 6.8 The median absolute point SI prediction errors. The Lin et al. method is
compared to the other methods for a 1 hour lead only.
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Figure 6.9 The absolute SI point prediction error. For all leads, median absolute prediction
errors are zero, and IQR is approximately symmetrical, good indicators that all tested methods
are unbiased. The error IQR is smallest for the diurnal and AR(4) method, and saturates at
4 hours (leads 4 to 6 hours have the same prediction error IQR). The fixed parameter AR(3)
model error IQR increases up until the prediction lead of 6 hours, following the more classical
decrease in precision with increasing lead.

From Figure 6.10 to 6.12 and Table 6.4, the per patient correlation coefficients

between the point SI forecasts and the actual SI values are shown for leads 1

to 6 hours. As expected, the correlation coefficient decreases with increasing

prediction lead. With the fixed parameter AR(3) model, the median correlation

coefficient drops from 0.87 to 0.10 from a 1 to 6 hour lead in Figure 6.10. With

the diurnal cycle and AR(4) model, the median correlation coefficient drops from

0.96 to 0.63 for equivalent prediction lead in Figure 6.11. For all leads, the median

correlation coefficients between point forecast SI and actual SI are higher for the

diurnal cycle and AR(4) model compared to the fixed parameter AR(3) method,

and for a lead of 1 hour, the Lin et al. method as well as shown in Figure 6.12.

The reduction in correlation coefficient and correlation coefficient IQR reflects

the more precise results obtained with the patient-specific, diurnal cycle and

AR(4) model compared to the cohort based fixed parameter AR(3) and Lin et

al. methods.
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Figure 6.10 The correlation coefficients between the point SI forecasts and the actual SI

values are shown for leads 1 to 6 hours for the fixed parameter AR(3) method. As expected, the
correlation coefficient decreases with increasing the prediction lead with the median correlation
coefficient dropping from 0.87 to 0.10 from a 1 to 6 hour lead.
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Figure 6.11 The correlation coefficients between the point SI forecasts and the actual SI

values are shown for leads 1 to 6 hours for the diurnal cycle and AR(4) method. The median
correlation coefficient drops from 0.96 to 0.63 from a 1 to 6 hour lead.
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Figure 6.12 The correlation coefficients between the point SI forecasts and the actual SI

values are shown for a 1 hour lead for the fixed parameter AR(3) method, diurnal cycle and
AR(4) method, and the Lin et al. method. The median correlation coefficients between point
forecast SI and actual SI are higher for the diurnal cycle and AR(4) model compared to both
the fixed parameter AR(3) and Lin et al. methods.
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6.2.1.2 Point G(t) predictions

For clinical use, the SI(t) forecasts are translated into forecasts of glucose ex-

cursion G(t) over the prediction lead for a given insulin and/or nutrition input.

Glucose predictions are performed by substituting the SI forecasts into the G(t)

model equations from Chapter 3 and determining the G(t) evolution over the

prediction lead compared against the G(t) excursion using the actual SI (identi-

fied from patient data). For prediction bands, the equal-tailed prediction interval

in G(t) is calculated from the equal-tailed prediction intervals of SI(t), which is

an acceptable approximation for clinical real-time use [Lin et al., 2008]. Using

the diurnal cycle and AR(4) method, the G(t) prediction bands for Patient 1 are

shown in Figure 6.13 as calculated from the SI(t) prediction bands in Figure 6.5.
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Figure 6.13 The G(t) prediction bands for Patient 1 calculated using the SI(t) bootstrapped
prediction bands and diurnal cycle and AR(4) method in Figure 6.5.

From Table 6.5 and Figure 6.14, the median (90% range) absolute percentage

G(t) prediction error per patient is shown. As for the SI(t) forecasts, the diurnal

cycle and AR(4) model predicts G(t) more accurately for all leads compared
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to both fixed parameter AR(3) and Lin et al methods. At 1 hour, the G(t)

prediction error is 4.0%, compared to 7.2% and 5.6% for the fixed parameter

AR(3) and Lin et al. methods respectively, reflecting the accuracy obtained with

the SI(t) point forecasts. For a 1 hour lead, the 90% range of the G(t) prediction

error for the diurnal cycle and AR(4) model is 73% and 13% smaller than the

fixed parameter AR(3) model and Lin et al. methods respectively. For leads 2-6

hours, the diurnal cycle and AR(4) method median point G(t) prediction error

is 48-73% smaller than the fixed parameter AR(3), while the 90% range of the

G(t) prediction error is smaller by 19-10%. Hence, the diurnal cycle and AR(4)

method performs more accurately and more consistently across the tested cohort

compared to both comparison methods.
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Figure 6.14 The median (90% range) absolute percentage G(t) prediction error per patient
is shown. As for the SI(t) forecasts, the diurnal cycle and AR(4) model predicts G(t) more
accurately and more consistently for all leads compared to both fixed parameter AR(3) and
Lin et al methods.
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6.2.2 Prediction bands

6.2.2.1 Percentage of actual G(t) in the 90% and 50% G(t) prediction

bands

The median (90% range) for the percentage of actual G(t) within the 90% and

50% G(t) prediction bands is shown in Table 6.6 and Figure 6.15. For the diurnal

cycle and AR(4) model, the median percentage of actual G(t) in the 90% and

50% prediction band have a 90% range from 88-90% and 44-49% respectively

across all prediction leads. Compared to the fixed parameter AR(3) model, the

figures are 96-97% and 61-68% respectively. For a 1 hour prediction lead, the Lin

et al. model results in a median 92% and 61% of actual G(t) within the 90% and

50% prediction bands, respectively.
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Figure 6.15 The median (90% range) for the percentage of actual G(t) within the 90% and
50% G(t) prediction bands. For the diurnal cycle and AR(4) model, the median percentage of
actual G(t) in the 90% and 50% prediction band have a 90% range from 88-90% and 44-49%
respectively across all prediction leads. Compared to the fixed parameter AR(3) model, the
figures are 96-97% and 61-68% respectively. For a 1 hour prediction lead, the Lin et al. model
results in a median 92% and 61% of actual G(t) within the 90% and 50% prediction bands
respectively.
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The median percentage of actual G(t) in the respective prediction bands is

only slightly overestimated by the diurnal cycle and AR(4) model, but underes-

timated by both fixed parameter AR(3) and Lin et al. methods. The patient-

specific method also results in a more consistent percentage of actual G(t) within

the respective prediction bands. For the Lin et al. method, the percentage of

actual G(t) in the 90% and 50% prediction bands have a 90% range between

48-97% and 23-78% for a 1 hour lead. The same figures for the diurnal cycle and

AR(4) method are 81-93% and 34-54% respectively, and for the fixed parameter

AR(3) model, this figure is 93-100% and 33-88%. The patient-specific, diurnal

cycle and AR(4) method has a 90% range that is only 12% wide across the entire

cohort compared to the population-based Lin et al. method, which is 49% wide.

6.2.2.2 SI(t) and G(t) prediction band width

The per patient median SI(t) and G(t) prediction band widths are shown in

Table 6.7 to 6.10. For a 1hr prediction lead, the diurnal cycle and AR(4) method

produces a median 90% G(t) prediction band width that is 0.8 times larger than

the Lin et al. method, with a 90% range that is 0.4 times larger. This result

can again be expected given that the patient-specific diurnal cycle and AR(4)

method is patient-specific.

Naturally, the AR prediction bands will be narrow if the residuals xt are

small, which will be the case if the patient data set St is well approximated with

the diurnal cycle st. Conversely, the AR prediction bands will be wide if the

residuals xt are large, which will be the case if patient St is poorly approximated

by the diurnal cycle st, all of which results in a wider range in G(t) prediction

band width. This ensures that the percentage of actual G(t) in the respective

prediction bands (as shown in Table 6.6) remains as close as possible to the

theoretical figure. The fixed parameter AR(3) method produces a median 90%

G(t) prediction band width that is 0.3 times larger and with a 90% range 0.4

times larger than the diurnal cycle and AR(4) method.
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From Table 6.7 to 6.10, the prediction band widths of both SI(t) and G(t)

are very large for the fixed parameter AR(3) method compared to the diurnal

cycle and AR(4) method. This result is expected given that a wider variation in

SI(t) is modelled using the AR(3) model, rather than the residuals after removal

of the patient-specific diurnal cycle as in the case of the diurnal cycle and AR(4)

method. The resulting width of the bands may explain the underestimation of

the percentage of actual G(t) in the respective prediction bands.

Table 6.10 The per patient median G(t) prediction band widths. For a 1hr prediction lead,
the diurnal cycle and AR(4) method produces a median 90% G(t) prediction band width that is
0.8 times larger than the Lin et al. method with a 90% range that is 0.4 times larger (continued).

Median (90% confidence band)
of the 90% and 50%
G(t) prediction band

widths [mmol/l]
Prediction lead

[hours] 5 6
90% 50% 90% 50%

Diurnal cycle 4.6 2.0 4.6 2.0
+AR(4) (1.8-8.1) (0.7-3.4) (2.1-7.5) (0.7-3.2)

Fixed parameter 7.0 3.6 6.8 3.8
AR(3) (2.7-13.4) (1.6-7.7) (2.8-13.5) (1.4-7.8)

6.3 Discussion

From the results presented, the diurnal cycle and AR(4) method to predict SI

and, hence, G(t), outperforms the fixed parameter AR(3) and Lin et al. methods

for the cohort tested. Median per patient point prediction error is significantly

reduced (4.0%) over both comparison methods (5.6% and 7.2%), and the percent-

age of actual G(t) within the respective prediction bands match the theoretical

figure more consistently over the entire cohort.

In a glycaemic control situation, insulin interventions are determined in order

for the lower bound of the 0.90 probability prediction interval for G(t) to be at

a suitable minimum glucose level, e.g., 4.0mmol/l [Lin et al., 2008]. From a

safety perspective, there is greater possibility of hypoglycaemia if the percentage

of actual G(t) within the 0.90 probability prediction interval is less than 90% for

any normal glycaemic target. The diurnal cycle and AR(4) method results in 90%
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of the cohort having a percentage of actual G(t) in the 90% G(t) prediction band

of between 81-93%, compared to 48-97% of the Lin et al. method, an advantage

of the patient-specific approach over a population-based method.

The 90% range of the G(t) prediction band width by the diurnal cycle and

AR(4) method is 0.4 times larger (1.7-9.1mmol/l) compared to the Lin et al.

method (2.1-7.5mmol/l). While the frequencies of the diurnal cycle and AR

model parameters are determined per patient, the AR model order is formulated

for this cohort as a population. As a result, the widths of the prediction intervals

reflect a more realistic model uncertainty for that particular patient. A poor

match to the diurnal cycle model results in higher residuals and widening of

the prediction band width, while an excellent match reduces the residuals and

narrows the prediction band width. As 90% of patients have 81-93% of actual

G(t) within the 90% G(t) prediction interval, this indicates that the prediction

intervals are probably of acceptable width compared to the Lin et al. method.

In this study, the same data sets are used for model formulation and iden-

tification, as well as in-sample forecasting, due to the small data sets available

per patient. Even with data splitting, a genuine test sample may be impossible

to obtain. Unavoidably, this study is hence subject to model selection bias and

model uncertainty. However, all models are identified and forecast on the same

data set (except the fixed parameter AR(3) method), which provides a compatible

comparison between methods.

The two frequency sinusoidal diurnal cycle and the AR(4) model chosen for

this study is shown to result in smaller prediction error and reduced forecast

variance in-sample compared to the other tested methods for all prediction leads.

While model specification error or model uncertainty is ignored in this study,

further application of the models and methods to longer data sets with data

splitting will permit out-of-sample forecasting for true evaluation of the model

predictions.

While parsimony of the diurnal cycle and AR(4) model is considered, it is

less parsimonious than the comparison methods tested with 12 fitted parameters.

This contributes to further model uncertainty and may result in wider forecast

variance in a genuine out-of-sample forecast competition. In reality, the genuine

out-of-sample prediction of all tested methods is likely to be worse than the in-
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sample results presented. Further research with split data sets with both training

and blinded test samples will permit true out-of-sample forecast comparison of

each method.

6.4 Conclusions

Circadian rhythmicity and sleep-wake phases have profound and independent

effects on effective insulin sensitivity. It is well documented in IDDM, and is

consistent and reproducible intra-subject. Identification and prediction of this

rhythm is thus of utmost clinical relevance, with potential for safer and more

effective glycaemic control with less frequent measurement.

A method for identifying the diurnal cycle in SI(t) (a model-based index

of effective insulin sensitivity), and modelling it in retrospective patient data

is presented. The method consists of fitting a two-frequency sinusoid to SI(t)

and an AR(4) model to the subsequent residuals. The aim of this study is to

increase predictive accuracy of the previously published glucose kinetics model

via modelling the driving parameter SI(t) over two comparison methods, a fixed

parameter AR(3), and a Markov stochastic model of Lin and colleagues [Lin et al.,

2006, 2008].

Median absolute percentage G(t) prediction error per patient is significantly

reduced (4.0%) over the fixed parameter AR(3) and Markov comparison methods

(7.2% and 5.6% respectively), and the percentage of actual G(t) within the re-

spective prediction bands match the theoretical figure more consistently over the

entire cohort. The diurnal cycle and AR(4) method results in 90% of the cohort

having a percentage of actual G(t) in the 90% G(t) prediction band of between

81-93%, compared to 48-97% of the Lin et al. method.

For leads 2-6 hours, the diurnal cycle and AR(4) method median point G(t)

prediction error is 48-73% smaller than the fixed parameter AR(3), while the 90%

range of the G(t) prediction error is smaller by 19-10%. The median prediction

band width produced by the diurnal cycle and AR(4) method is 0.8 times larger

with a 0.4 times larger 90% band width range (1.7-9.1mmol/l) compared to the

Lin et al. Markov method (2.1-7.5mmol/l). This demonstrates the characteristics

of the patient-specific over the population-based method. The widths of the
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prediction intervals reflect a more realistic model uncertainty for each individual

patient. A poor match to the diurnal cycle model results in higher residuals, and

a widening of the prediction band width, and vice versa.

This study shows that significant potential exists in the identification of a

dual frequency, sinusoidal diurnal cycle in SI(t), and a residual autoregressive

(AR) model to predict SI(t) evolution. With reduced prediction error compared

to comparison methods for all prediction leads up to 6 hours, reduced SMBG

frequency with no decline in glycaemic control effectiveness or safety is possible.

Further research with split data sets with both training and blinded test samples

will permit true out-of-sample forecast comparison of each method.

The objective of this chapter is to explore possible areas for further improving

the performance of the adaptive protocol developed in Chapters 4 and 5. In this

chapter, a method for identifying and predicting the circadian rhythm in SI is

presented. This ability to obtain accurate, long-range G(t) prediction is valuable

from a clinical aspect as reduced measurement frequency is then possible without

the usually associated disadvantages. The method presented promises to increase

the effectiveness of the adaptive protocol developed in this research, and will form

the basis for future work in this area. With the completion of this chapter, this

research is now concluded and the following chapters discuss the results that have

been obtained thus far and the possible future path of this research area.
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Conclusions

Diabetes has reached epidemic proportions worldwide. Type 1 diabetes while

less prevalent than Type 2 diabetes is also growing yearly along with insulin-

dependent Type 2 diabetes, which is treated somewhat similarly. In particular,

the total number of affected individuals and the level of associated complications

is growing for this chronic disease. Thus, the increasing number of major compli-

cations, such as heart disease, renal failure, blindness and limb amputation, are

beginning to consume a major and increasing portion of worldwide healthcare

costs.

Scientific evidence has so far shown that intensive insulin therapy aimed at

a HbA1c of 7% or lower reduced the incidence of complications by up to 76%

compared to conventional insulin therapy with an average HbA1c of ∼9% [DCCT

Research Group, 1993; DCCT/EDIC Research Group, 1999]. Moreover, the ef-

fects of intensive therapy over a 6.5y duration persists for at least 10y after, a so

called metabolic memory. Thus, effective early intervention can slow the momen-

tum of complications far more easily, and economically, than later intervention

[DCCT/EDIC Research Group, 1999].

This thesis aimed at developing a clinical, adaptive glycaemic control protocol

that is more effective and safer than current clinical protocols, while only requir-

ing little additional clinical or computational effort in order to be accepted in a

clinical setting. For similar reason, the protocol must use conventional SMBG

measurement and the subcutaneous MDI therapy. The protocol design incorpo-

rates physiological modelling and engineering techniques to adapt to individual

patient clinical requirements, and by doing so, produces accurate, patient-specific

recommendations for insulin interventions.
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7.1 General Outcomes

A simple, physiological compartmental model for the pharmacokinetics (PK) of

subcutaneously injected insulin is first developed. While the absorption process

itself is subject to much variability, such models enable a real-time estimation

of plasma insulin concentration. This information would otherwise be lacking in

the clinical environment of outpatient Type 1 diabetes management due to the

inconvenience, cost, and laboratory turnaround for plasma insulin measurements.

The plasma insulin and glucose model structure developed for application

in this study contains physiological insulin-independent and insulin-dependent

glucose losses. It also accounts for endogenous and exogenous glucose inputs and

appearance for accurate description of the relevant metabolic dynamics of glucose

and insulin. Combined with the convex integral-based fitting method, the overall

system model allows robust and fast estimation of effective insulin sensitivity, SI ,

the driving parameter. All models developed are validated on clinical data. The

models and methods are minimal, and are thus well suited for in silico simulation

or a clinical decision support setting.

In this study, an in silico simulation tool is also developed. A virtual patient

cohort is developed on patient data from a representative cohort of the broad

diabetes population. The simulation tool is used to develop the adaptive pro-

tocol for prandial insulin dosing against a conventional intensive insulin therapy

(IIT), as well as a controls group representative of the general diabetes popula-

tion. The effect on glycaemic control of suboptimal and optimal, prandial and

basal insulin therapies is also investigated with results matching clinical expec-

tations. To gauge the robustness of the developed adaptive protocol, a Monte

Carlo (MC) analysis incorporating realistic and physiological errors in insulin and

meal absorption, insulin dosing, meal carbohydrate counting and blood glucose

measurements is performed.

Due to the relatively infrequent glucose measurement in outpatient Type 1

diabetes, a method for identifying the diurnal cycle in SI and modelling it in

retrospective patient data is also presented. The method consists of identify-

ing deterministic and stochastic components in the patient SI profile. Circadian

rhythmicity and sleep-wake phases have profound effects on effective insulin sensi-

tivity. Identification and prediction of this rhythm is of utmost clinical relevance,
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with potential for greater control with less frequent measurement.

7.2 Specific Outcomes

Subcutaneous insulin pharmacokinetic model

The model accounts for the concentration dependency of subcutaneous regular

insulin injection, and the dose dependency of insulin glargine absorption. In

particular, 13 patient-specific model parameters over all insulin types are identi-

fied using 37 sets of plasma insulin mean time course data from reported clinical

studies. All fitted parameters have a coefficient of variation <100% (median 57%,

95th percentile 3.6 - 60.6%) and can be considered a posteriori identifiable.

The identified model is then validated using the PK summary measures tmax

and Cmax. Of the 37 model fits, 22 are validated on both measures reported by

each study. An additional 6 model fits are partially validated on one summary

measure. All partially validated model fits have errors not exceeding 12% of

reported or estimated Tmax or Cmax ranges. No model fit failed the validation for

both reported measures.

The results demonstrate the model’s ability to capture the fundamental dy-

namics of insulin action for all clinically relevant insulin types, and is charac-

terised by a unified and consistent, computationally-minimal, compartmental

structure. No such model has been previously developed and as such, it is a

foundation for future studies in this area.

Adaptive protocol and in silico simulation tool

The virtual patient cohort and its default control protocol (the data of which

is used for in silico simulation) can be considered a good representation of the

broad diabetes population. The simulation tool is used to develop a robust,

adaptive protocol for prandial insulin dosing and assess the effects of optimal

and suboptimal, basal and prandial insulin replacement.
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In simulation, the adaptive protocol significantly decreased HbA1c in con-

ditions of suboptimal basal insulin replacement for SMBG frequencies ≥6/day.

It also reduced mild and severe hypoglycaemia by 86-100% over controls across

SMBG frequencies 2 to 10/day in conditions of optimal basal insulin. Basal in-

sulin replacement has the single, most significant effect on HbA1c, much more so

than the difference between prandial insulin protocols.

With a conventional IIT in conditions of suboptimal basal insulin, the increase

in cohort compliance to clinical control guidelines saturates at a SMBG frequency

of 6/day. In addition, under conventional IIT, the basal insulin forced-titration

regimen requires a minimum SMBG frequency of 6/day to safely titrate the basal

dose without increased hypoglycaemia. Overaggressive basal dose titration with a

conventional IIT at lower SMBG frequencies is likely to be caused by uncorrected

postprandial hyperglycaemia from the previous night, resulting in an erroneous

assumed FPG used for basal dose titration.

With a SMBG frequency of 4/day and optimal basal insulin replacement,

97.5% of the cohort can be controlled to ADA clinical guidelines using the adap-

tive protocol, a result similar to a conventional IIT but which has 103% more

mild hypoglycaemia.

With regards to the validity of the in silico simulation tool, the HbA1c sim-

ulation results for the conventional IIT is shown to be in excellent agreement

with clinical results reported in literature, and the HbA1c distribution of the con-

trols cohort is also in agreement with published studies of the general diabetes

population.

Overall these results:

1. Match clinical expectations

2. Exceed clinically reported safety from hypoglycaemia reported for conven-

tional intensive insulin therapies

3. Utilise the simplest and lowest cost tools for diabetes management
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Monte Carlo analysis of adaptive protocol

A Monte Carlo (MC) analysis is then performed on the adaptive protocol for pran-

dial insulin dosing in conjunction with the Fritsche-Riddle basal insulin forced-

titration regimen in long-term control. Errors in insulin and meal absorption,

insulin dosing, meal carbohydrate counting, and blood glucose measurements are

simulated.

In a MC simulation of over 1,400,000 patient hours, the adaptive protocol

controlled 100% of the cohort to the ADA recommended threshold with a SMBG

frequency of just 6/day. Unlike the no error simulation, a defined peak in control

is observed at SMBG frequency of 8/day, with a small but significant decrease

in the time spent in the 4-8mmol/l band and a consequent increase in mild and

severe hypoglycaemia at SMBG frequency of 10/day. In addition, time spent in

the 4-6mmol/l band is not significantly different to the no error simulation for all

SMBG frequencies except 10/day.

For all SMBG frequencies, the cohort HbA1c distribution is reduced while

hypoglycaemia is increased over the no error simulation, as expected. While

statistically significant, the difference in the 95% confidence band of the time

spent in severe and mild hypoglycaemia is an acceptable 1% and 6% respectively

over the no error simulation for a 6/day SMBG frequency.

Overall, the adaptive protocol developed is robust in both effectiveness and

safety to the realistic and physiologic, simulated errors in Monte Carlo analysis.

More importantly, the increase in mild hypoglycaemia is an absolute 1% over the

no error simulation for a 6/day SMBG frequency, which can be considered an

acceptable penalty with no reduction in effectiveness.

Diurnal SI identification and SI variation prediction

Median absolute percentage G(t) prediction error per patient is significantly re-

duced (4.0%) over comparison methods, and the percentage of actual G(t) within

the respective prediction bands match the theoretical figure more consistently

over the entire cohort. The dual frequency, diurnal cycle and stochastic AR(4)

method results in 90% of the cohort having a percentage of actual G(t) in the
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90% G(t) prediction band of between 81-93%.

For leads 2-6h, the diurnal cycle and AR(4) method median point G(t) pre-

diction error is 48-73% smaller than comparison methods, with a 90% range of

the G(t) prediction error smaller by 19-10% from leads 2 to 6h. The median pre-

diction band width produced by the diurnal cycle and AR(4) method is 0.8 times

larger, with a 0.4 times larger 90% band width range (1.7-9.1mmol/l) compared

to the Lin et al. Markov method (2.1-7.5mmol/l).

This set of results demonstrates the advantages of the patient-specific method

over the population-based method. The width of the prediction intervals reflects

a more realistic model uncertainty for that particular patient. Finally, a poor

match to the diurnal cycle model results in higher residuals and widening of the

prediction band width, and vice versa.

This study shows that significant potential exists in the identification of a dual

frequency, sinusoidal diurnal cycle in SI(t) and a residual autoregressive (AR)

model to predict SI(t) evolution. With reduced prediction error compared to

comparison methods for all prediction leads up to 6 hours, a reduction in SMBG

frequency with no decline in glycaemic control effectiveness or safety is possible.

Further research with split data sets with both training and blinded test samples

will permit true out-of-sample forecast comparison of each method. However,

overall these results would offer significant clinical advantages in treatment.

Overall Summary

Finally, this research presents an entire framework for the realistic, and rapid

development and testing of clinical glycaemic control protocols for outpatient

Type 1 diabetes. The models and methods developed within this framework allow

rapid and physiological identification of time-variant, patient-specific, effective

insulin sensitivity profiles. These profiles form the responses of the virtual patient

and can be used to develop and test clinical glycaemic control protocols in a

broad range of patients. These effective insulin sensitivity profiles are rich in

dynamics, specifically those circadian in nature which can be identified, extracted

and potentially used for safer and more effective control.
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Future Work

The models and methods presented in this thesis have been developed to explore

the possibilities in the in silico simulation of clinical protocols for glycaemic

control, and their effect on clinically relevant outcomes, e.g., HbA1c. The subcu-

taneous insulin PK models have been initially validated using simple measures

and there is a measure of self validation in the in silico approach to the simulation

of long-term glycaemic outcomes from glycaemic control protocols.

Specifically, the results for the measurement frequency and HbA1c outcome

match clinical expectations. Additionally, the conventional IIT results match

clinical reports as well as the trend in HbA1c. Results overall reflect standard

clinical expectations and experience as well. For example, the impact of optimis-

ing basal insulin delivery has a larger impact than optimising prandial control in

its absence, a result that is reasonably well accepted in clinical studies. Hence,

there is a sense of cross validation with clinical expectations and published results

as traditional methods of validation may not be applicable or suitable due to the

nature of this study.

Even so, research has to be continued, especially to a full clinical validation

of the developed AC protocol, and its comparison against the CC protocol as

well as other comparative methods on individual subgroups of the broad Type 1

diabetes population. Additional optimisation can also be implemented to improve

the practical aspects of the protocols presented and further simplify their eventual

use.
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8.1 In Silico Validation with Real Patient Data

The in silico simulation in this thesis is performed with virtual patient profiles

generated using the the AIDA model [Lehmann and Deutsch, 1992b]. As an

additional validation before clinical validation, the in silico simulation should be

performed on real patient data profiles obtained from a broad range of Type 1

diabetes patients. Some of that data (n=21) has already been collected in the

study of diurnal variation modelling of SI in Chapter 6. With further sets of

data, a comparable in silico simulation can be performed to the one in this thesis

on the SI patient profiles of real Type 1 diabetes patient data.

8.2 Clinical Validation

Clinical validation is of vital importance to create confidence and credibility in the

developed protocol. Additional protocol validation is also necessary to strengthen

the results in repeatability and replicate the robustness of the protocol shown in

the Monte Carlo analysis in this thesis. Particularly important aspects include:

Effect of insulin dosing: This aspect was simulated in silico in the Monte

Carlo analysis presented in this thesis. In clinical validation, the effect

of errors in insulin dosing should be tested with sufficient subject numbers

for a significant result. In a controlled test environment, safety from hy-

poglycaemia can be assured while exploring this very fundamental source

of variability and error in the day to day implementation of the protocol.

Error and variability in insulin dosing is not specific to the AC protocol

and existing methods of glycaemic control have evolved to become robust

to this error. Only through clinical validation can this error be quantified

and accounted for in future iterations of the AC protocol.

Effect of carbohydrate counting: As with insulin dosing, this source of error

is simulated in silico in the Monte Carlo analysis presented in this thesis. In

clinical validation, the effect of carbohydrate counting and its errors on the

AC protocol effectiveness and safety can be safely explored in a controlled

test environment.
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Effect of CIR and ISF on the protocol effectiveness and safety: The ef-

fect of CIR and ISF are briefly explored in Chapter 4 and the potential to

optimise the two parameters for the calculation of the initial bolus dose

with the AC protocol has been shown. Methods for the systematic optimi-

sation of these two parameters should be further explored and developed in

silico before clinical validation with the aim of improving the effectiveness

of the overall protocol with a little or no increase in rate of hypoglycaemia.

8.3 Practical and Clinical Issues

8.3.1 Per Patient Adaptation of SMBG Frequency

From Chapter 5, the AC protocol is capable of controlling 97.5% of the cohort

to ADA recommendations with just 4 SMBG measurements/day (90% with just

2/day) in in silico simulation with Monte Carlo error. As such, there is a capabil-

ity to determine the minimum SMBG frequency, or adapt the SMBG frequency

to achieve a target HbA1c level per patient. As different patients exhibit varying

levels of brittleness [Gill and Lucas, 1999; Tattersall, 1997], this is a potentially

tremendous capability for a glycaemic control protocol and should be further ex-

plored in clinical implementation. Also, the ability to adapt SMBG frequency

may be seen as more attractive from a clinical implementation sense than a hard

recommendation for a minimum SMBG frequency.

8.3.2 Clinical Implementation of the AC Protocol

From the outset, the modelling principle is to minimise computational require-

ment. For example, the compartmental sc insulin PK model is chosen, as opposed

to the multiple coupled partial differential equations of similarly specified, more

physiological models. In addition, the lumping of the effects of insulin sensitivity

into one parameter, SI and the fast, convex, integral-based parameter identifi-

cation method used to identify the SI in real-time, are decisions focused on the

clinical implementation of the protocol.
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In this thesis, the implementation of the AC protocol software and the in silico

simulation on MATLABr (The Mathworks, Natick, MA, USA) is performed on a

PC notebook (Pentium M 1.7Ghz). This level of computing power is now readily

available in the majority of homes. However, the protocol may be more suitably

implemented on a hand held PDA device for portability.

The incorporation of the protocol into such devices can be seen as a first

step towards clinical implementation and may even be used in the clinical vali-

dation itself. An ideal setting for clinical validation would be a general hospital

ward where Type 1 diabetes patients are transitioned from intravenous insulin

administration, and enteral and parenteral nutrition, to sc insulin administration

and mixed meals. The controlled environment of a hospital ward would enable

patient and protocol adherence to be maintained at a high level, and accurate

carbohydrate counts and insulin dosing can be performed. This would enable the

protocol to be trialled for possible issues in clinical implementation before being

implemented in the target outpatient Type 1 diabetes population.

8.4 Potential Additional Applications

While designed for Type 1 diabetes, the AC protocol in its current form can

also be applied to the glycaemic control of long-term, insulin-dependent Type 2

diabetes. Long-term Type 2 diabetes is characterised by the cessation of residual

endogenous insulin secretion ala Type 1 diabetes. Possible differences between the

protocols for Type 1 and Type 2 diabetes are a lower effective insulin sensitivity in

Type 2 diabetes, which would increase the insulin dose demand proportionately.

As endogenous insulin secretion is not modelled currently and is not necessary

for Type 1 diabetes or long-term Type 2 diabetes, insulin resistant or early Type

2 diabetes will not be modelled adequately due to assumptions made and further

work is required if the model is to be made appropriate for this cohort. Even so, as

the majority of Type 2 diabetes patients are not insulin treated, the applicability

of the AC protocol for treatment in these individuals may be of questionable

value.
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8.4.1 Meal or Nutrition Control

Another aspect of glycaemic control that has been trialled successfully is meal

or nutrition control in addition to intensive insulin therapy. This approach has

been extremely effective in stress-induced, hyperglycaemic, critically ill patients

in intensive care fed enterally [Lonergan et al., 2006a,b]. The control of meals

(specifically timing of meals and meal sizes) to aid insulin therapy in reducing

postprandial glycaemic excursion may be valuable if the individual is highly in-

sulin resistant and may be more applicable in long-term Type 2 diabetes than

the current target population of Type 1 diabetes.

8.4.2 Use of Diurnal SI Cycles

A method for identifying the diurnal cycle in SI and modelling it in retrospective

patient data has been shown in this thesis. The identification and prediction of

this rhythm is of utmost clinical relevance, potentially leading to safer and more

effective glycaemic control with less frequent measurement up to a prediction lead

of 6 hours.

The use of diurnal SI cycles for effective glycaemic prediction with reduced

SMBG frequency must be investigated further. Further research with split data

sets with both training and blinded test samples will permit a true out-of-sample

forecast comparison of the method developed in this thesis.

Additionally, the method of identifying and predicting the diurnal cycles in

SI may even be incorporated into the AC protocol for further safety and effec-

tiveness. As with the AC protocol, clinical effectiveness or utility of this method

must be proven first in a clinical setting.

8.4.3 Modelling of Exercise

The modelling of exercise for glycaemic control has been attempted in litera-

ture [Arleth, 2005] and it is necessarily a complicated and challenging process.

There is considerable difficulty in quantifying the intensity of exercise and without
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quantitative measurements, only subjective quantification of exercise is possible.

However, exercise is part of daily life in outpatient Type 1 diabetes and insulin-

dependent Type 2 diabetes, and for completeness, a method to account or manage

its metabolic effects with respect to SI and G must be investigated.

8.5 Summary

Finally, the protocol and methods developed in this thesis offer great potential for

improved glycaemic control and treatment of Type 1 diabetes. In particular, the

developed adaptive protocol, its in silico simulation and Monte Carlo analysis,

as well as the modelling of SI diurnal cycle form a framework for the realistic,

and rapid development and testing of clinical glycaemic control protocols for

outpatient Type 1 diabetes.

In silico simulation using virtual patient profiles must be followed by simula-

tion using patient profiles identified from real patient data, and clinical validation

against current, widely used methods will provide confidence in the performance

of the protocol. From there, further work on the practical aspects of its clinical

implementation will ensure that the clinical realisation of the protocol is suffi-

ciently simple to prevent issues that affect clinical use and protocol adherence.

Additional potential applications of the protocol, such as in the control of

meals, and the use of the diurnal cycle in SI can further improve performance of

the protocol with little or no disadvantage to rate of hypoglycaemia or clinical

effort.
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