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Abstract

Type  1  diabetes  (T1D)  is  an  auto-immune  disease  characterized  by  insulin-deficiency.  Insulin  is  a
metabolic  hormone  that  is  involved  in  lowering  blood  glucose  (BG)  levels  in  order  to  control  BG
level  to  a  tight  range.  In  T1D  this  glycemic  control  is  lost,  causing  chronic  hyperglycemia  (excess
glucose in blood stream). Chronic hyperglycemia damages vital tissues. Therefore, glycemic control
must  be  restored.  A  common  therapy  for  restoring  glycemic  control  is  intensive  insulin  therapy,
where the missing insulin is replaced with regular insulin injections. When dosing this compensatory
insulin  many factors  that  affect  glucose metabolism must  be  considered.  Linkura  is  a  company that
has developed tools for monitoring the most important factors, which are meals and exercise. In the
Linkura  meal  and  exercise  tools,  the  nutrition  content  in  meals  and  the  calorie  consumption  during
exercise  are  estimated.  Another  tool  designed  to  aid  control  of  BG  is  the  bolus  calculator.  Bolus
calculators  use  input  of  BG level,  carbohydrate  intake,  and  insulin  history  to  estimate  insulin  need.
The accuracy of  these insulin bolus calculations suffer  from two problems.  First,  errors occur when
users  inaccurately  estimate  the  carbohydrate  content  in  meals.  Second,  exercise  is  not  included  in
bolus  calculations.  To reduce these problems,  it  was  suggested that  the  Linkura web tools  could be
utilized in  combination with a  bolus  calculator.  For  this  purpose,  a  bolus  calculator  was developed.
The bolus calculator was based on existing models that utilize clinical parameters to relate changes in
BG levels to meals, insulin, and exercise stimulations. The bolus calculator was evaluated using data
collected from Linkura’s web tools. The collected data showed some inconsistencies which cannot be
explained  by  any  model.   The  performance  of  the  bolus  calculator  in  predicting  BG  levels  using
general  equations  to  derive  the  clinical  parameters  was  inadequate.  Performance  was  increased  by
adopting an update-algorithm where the clinical parameters were updated daily using previous data.
Still, better model performance is prefered for use in a bolus calculator.  The results show potential in
developing bolus calculator tools combined with the Linkura tools. For such bolus calculator, further
evaluation  on  modeling  long-term  exercise  and  additional  safety  features  minimizing  risk  of  hypo-
glycemia are required.
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Abbreviations

BG - Blood glucose

CarbF - Carbohydrate factor

CGM - Continuous glucose meter

CorrF - Correction factor

CSII - Continuous subcutaneous insulin infusion

DIA - Duration of insulin action

MET - Metabolic Equivalents of Task

ODE - Ordinary differential equation

TDD - Total daily dose (of insulin)

T1D - Type 1 Diabetes

T2D - Type 2 Diabetes
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Section 1

Introduction

1.1. T1D and insulin therapy

Type 1 diabetes (T1D) is an auto-immune disease where the insulin-producing Β-cells in the pancreas
are destroyed. The loss of Β-cells leads to diminished insulin production, which is followed by loss of
glycemic  control  and  chronic  hyperglycemia  (excess  of  glucose  in  blood  plasma).  In  time,  chronic
hyperglycemia  causes  damage  to  the  blood  vessels.  This  damage  leads  to  severe  complications  in
several  vital  tissues,  including  kidney,  heart  and  nerve  cells.  Therefore,  it  is  vital  for  persons  with
T1D to reduce their elevated blood glucose (BG) levels by restoring glucose control. 

A  common  therapy  for  restoring  glucose  control  is  insulin  therapy,  which  involves  frequent  and
regular  subcutaneous  injections  of  insulin.  However,  a  major  obstacle  of  BG  control  with  insulin
therapy  is  the  risk  of  causing  hypoglycemia  (shortage  of  glucose  in  blood  plasma)  by  injecting  too
much insulin.  Hypoglycemia can be dangerous and should be avoided.  The range within which BG
levels must be kept to avoid hyper- as well as hypoglycemia is quite narrow. Therefore, insulin doses
must be chosen wisely at all times, a difficult task since many factors affect BG. The most important
factors  are  insulin,  meals,  and  physical  activity  (Bellazzi et al., 2001)  and  other  factors  include
physical  health  and  stress.  In  order  to  understand  the  effect  of  these  factors  on  BG  levels,  many
different models of the glucose-insulin system have been developed.

1.2. Estimating insulin dose

Models of the glucose-insulin system range from simple algebraic models relating BG concentration
and carbohydrate intake to insulin need  (Walsh et al., 2011), to dynamic models developed to mimic
the  physiological  effects  of  food  intake  and  insulin  (Dalla Man et al., 2007b, Bergman et al., 1981).
Also  the  effect  of  physical  activity  on  BG  concentration  has  been  modeled
(Roy and Parker, 2007, Derouich and Boutayeb, 2002, Dalla Man et al., 2009).  Beside  understanding
the glucose-insulin system and what affects it, the objective of developing such models is to increase
level of BG control for T1D persons. For example, such models has been used for in silico  trials in
the  development  of  algorithms  for  dose  selection  aid  (Campos-Cornejo et al., 2010).  Also,  such
models  have  been  used  in  research  to  estimate  an  optimal  insulin  dose  through  model  predictions
(Hovorka et al., 2004, Breton et al., 2012, Percival et al., 2011).  However,  most  of  these  algorithms
and control tools have not yet reached the market.
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1.3. Tools for glycemic control

The most common tool that is designed to aid insulin dose selection is the bolus calculator. The bolus
calculator  calculates  and  suggests  insulin  doses  using  input  data  such  as  BG  levels,  carbohydrate
intake,  and  insulin  dosing  history.  Bolus  calculators  are  today  incorporated  in  most  insulin  pumps.
However, insulin pumps are used by a minority of T1D persons. Only about 8000 of all 50000 T1D
persons  in  Sweden  use  insulin  pumps  (Tandvårds- och läkemedelsförmånsverket, 2012).  Although
this number is likely to increase – during 2011 alone more than 2000 insulin pumps were prescribed
–  a  great  majority  still  uses  insulin  pens  for  manual  injection  of  insulin.  For  the  insulin  pen  users
bolus calculators are today available as smart phone applications and web tools. 

Although existing bolus calculators are helpful, they suffer from two problems. The first problem is
that  users  estimate  the  carbohydrate  content  in  meals  and  provide  this  to  the  bolus  calculator.  This
estimating  is  difficult  even  for  a  group  of  T1Ds  with  several  years  of  experience  of  carbohydrate
counting. In a recent study (Shapira et al., 2010),  such an experienced group estimated the carbohy-
drate content of meals with 25-50 % deviation from the real value. The second problem is regarding
physical activity, which generally is not included in the calculations. This lack of adjusting for physi-
cal activity may cause problems since physical activity is one of the most important factors affecting
BG concentration (Bellazzi et al., 2001). Physical activity affects the glucose-insulin system in many
ways,  including  direct  and  prolonged  BG  reduction,  increased  insulin  utilization,  and  increased
sensitivity to insulin (Derouich and Boutayeb, 2002).

1.4. Monitoring diet and physical activity

Linkura  (linkura.se)  is  a  company  in  Linköping  that  develops  tools  designed  to  aid  persons  in  for
example controlling nutrition content in meals, balance food intake and calorie need, etc. These tools
could also be useful  in  the development of  a  bolus calculator  that  does not  lack from the described
problems with carbohydrate estimation and physical activity. In the Linkura meal tool,  the carbohy-
drate content of meals are estimated using a database of nutrition information of different foods and
recipes.  In  a  bolus  calculator,  this  carbohydrate  content  could  be  used  as  input  rather  than  a  rough
guess from the user. Similarly, in the Linkura exercise tool the caloric use of physical activities can
be estimated. Using this information in a bolus calculator where exercise is included could increase
the accuracy of  the bolus calculator.  For  diabetic  persons,  Linkura today has a  physiology web tool
which  can  be  used  to  keep  track  of  BG  levels  and  insulin  doses.  However,  no  bolus  calculator  is
included in any of Linkura’s tools.
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Combining data of carbohydrate content and physical activity from Linkura with an appropriate bolus
calculator  could  produce  an  excellent  and  unique  tool  for  diabetic  persons.  Such  a  combined  tool
could exceed the performance and safety of existing tools from its improved estimate of meal carbohy-
drate  content  and  the  additional  input  of  physical  activity.  However,  the  feasibility  of  combining  a
bolus calculator with Linkura's web tools has not been established.

In  summary,  it  is  important  for  T1D  persons  to  increase  their  glycemic  control,  since  this  reduces
T1D-related complications. A combination of the Linkura tools and a bolus calculator may be useful
in supporting T1D persons in their struggle to restore glycemic control.

1.5. Objective

The objective of this project is to evaluate the usefulness of a bolus calculator for insulin dose calcula-
tion which uses data acquired from Linkura’s web tools as input. To be able to do this evaluation, a
bolus calculator implementation that predicts BG level in response to external inputs such as meals,
insulin  injections,  and physical  activity  should  be  developed.  This  bolus  calculator  should  be  based
on  existing  models  of  the  glucose-insulin  system,  and  it  should  be  developed  in  the  software
Mathematica.

1.6. Outline

To fulfill the objective, this report will first provide some background to T1D, the company Linkura,
and modeling of glucose metabolism in T1D. This leads to the choice of a model that will be used for
the bolus calculator implementation. Following this decision, methods for developing and evaluating
the bolus calculator using the chosen model are described. Then, results from using the bolus calcula-
tor on collected data are presented and the performance of the model evaluated and discussed.
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Section 2

Background

This background section provides some T1D background, including diabetes metabolism, targets and
tools  for  restoring  glycemic  control,  and  diabetes  therapies.  This  is  followed  by  an  introduction  to
Linkura,  the  tools  developed  by  Linkura,  and  the  future  plans  that  Linkura  has  regarding  a  bolus
calculator tool. Some potential models for such bolus calculator are then described, and one model is
selected for the bolus calculator development.

2.1. Type 1 diabetes

2.1.1. Loss of glycemic control

Normally,  when  BG  raise  after  a  meal,  Β-cells  in  the  pancreas  start  releasing  the  hormone  insulin.
Insulin is a metabolic hormone with many effects. One effect is stimulating glucose uptake from the
blood  stream  by  skeletal  muscle  and  adipose  tissue  (Figure  2.1,  left).  Another  effect  is  inhibiting
release  of  glucose  from  the  liver.  These  are  all  anabolic  effects,  leading  to  synthesis  of  glycogen,
protein,  and fat  for  energy storage in liver,  skeletal  muscle,  and adipose tissue.  Catabolic hormones
such  as  glucagon  and  adrenaline  counter-act  the  effect  of  insulin.  Together,  these  metabolic  hor-
mones control BG levels to the tight range of around 4-8 mM (normoglycemia). 

Figure 2.1: Insulin effects on glucose homoeostasis (left) and  metabolic effects of insulin loss (right). Source of left
figure: (Rosen and Spiegelman, 2006). Right figure adapted from left figure.
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The insulin loss that characterizing T1D leads to loss of glycemic control through diminished periph-
eral  glucose  uptake  and  increased  hepatic  glucose  release  (Figure  2.1,  right).  In  type  2  diabetes
(T2D), a disease with similar symptoms as T1D, glycemic control is lost due to insulin resistance in
target tissues. The symptoms of T1D and T2D are similar because they arise from the consequence of
the lost glycemic control, which is hyperglycemia. Hyperglycemia is defined as BG levels above 11.1
mM, and causes both acute and long-term symptoms. Acute symptoms include thirst, high pulse, and
low blood pressure.  Long-term complications are caused by the damaging effect  hyperglycemia has
on  blood  vessels.  These  complications  include  neuropathy  (nerve  damage),  nephropathy  (kidney
damage),  retinopathy  (eye  damage),  skin  problems,  and  heart  problems.  Too  little  glucose  in  the
blood  stream,  hypoglycemia,  is  defined  as  BG  levels  below  3.1  mM.  Symptoms  of  hypoglycemia
include shaking, nausea, headaches, seizures, loss of consciousness and, in rare cases, brain damage
and death.

2.1.2. Development and diagnosis of T1D

Insulin  loss  in  T1D  can  occur  in  two  ways.  The  most  common  is  through  an  auto-immune  attack
destroying  the  insulin-producing  Β-cells  in  the  pancreas,  possibly  mediated  by  auto-reactive  T-cells
(Rani et al., 2010), giving T1D type A. T1D type A is characterized by the presence of immunologi-
cal  markers  such  as  autoantibodies  targeting  insulin  and  the  insulin  receptor  in  blood  stream at  the
onset  of  the  disease  (Madácsy, 2011).   Insulin  loss  can  also  occur  through  an  idiopathic
(spontaneous,  unknown)  loss  of  Β-cell  function,  giving  T1D  type  B.  Both  types  of  T1D  are  most
commonly  diagnosed  in  children  and  young  adults,  and  of  the  50000  people  in  Sweden  who  have
T1D  about  8000  are  under  18  (Tandvårds- och läkemedelsförmånsverket, 2012).  The  disease  is
hereditary, but only 15 % of T1D patients have a first-degree relative with T1D. Also, identical twin
studies show only 30-50 % concordance, i.e. in 30-50 % of identical twin cases both twins have T1D
if  one has it  (Madácsy, 2011).  Therefore,  environmental  factors  must  play an important  role for  the
development  of  T1D.  In  fact,  research  has  implicated  environmental  toxins,  microbes  and  dietary
factors  as  possible  triggers  initiating  this  auto-immune  response  (Rani et al., 2010).  After  the  auto-
immune  response  is  triggered,  the  development  of  T1D  is  gradual.  Only  when  the  Β-cell  mass  or
function  is  reduced  below  50  %  do  the  levels  of  insulin  in  blood  stream  decrease  and  BG  levels
increase  above  the  normal  range  of  4-8  mM.  Acute  symptoms  of  T1D such  as  increased  thirst  etc.
typically occur when the Β-cell mass or function is reduced below 10 %. (Madácsy, 2011)

Diabetes (T1D or T2D) is usually diagnosed by a physician, often from the combination of common
symptoms  of  hyperglycemia  and  an  unusually  high  BG  measurement
(Svenska Diabetesförbundet, 2009).  The  Swedish  Diabetes  Foundation  provides  no  threshold  BG
level used for diagnisis. BG levels provided by the Amercian Diabetes Association (2007) suggest a
BG level  above  11.1  mM in  combination  with  diabetes  symptoms,  or  a  fasting  BG level  above  7.0
mM. T1D type A can also be diagnosed through detection of the autoantibodies that cause the Β-cell
destruction, even before symptoms have been developed. However, no method for stopping the auto-
immune response and inevitable Β-cell destruction exists at this time.
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2.1.3. Metabolic effects of meals and exercise

Meals and exercise cause large changes in glucose metabolism in order to sustain glycemic control.
Therefore, meals and exercise are common triggers for hyper- and hypoglycemia in a T1D person. To
control  BG  levels  during  these  activities,  the  underlying  metabolic  mechanisms  regulating  glucose
metabolism during meals and exercise must be understood.

Meals

Meals cause an uncontrolled increase in BG concentration in a T1D person. This increase is an effect
of  the  insulin  dependent  and  thus  largely  diminished  glucose  uptake  from  blood  stream  to  liver,
skeletal  muscle,  and adipose  tissue (Figure  2.1,  right).  The diminished glucose uptake in  peripheral
tissues  causes  lack  of  glucose  in  liver  cells,  skeletal  muscle  cells,  and  adipocytes,  and  to  deal  with
this low level of glucose a fasted state is induced in these cells, in spite of the large amounts of glu-
cose  present  in  blood  stream  (Figure  2.2).  Consequences  of  this  fasted  state  include
(Silverthorn et al., 2007):

Figure 2.2: Fasted state glucose metabolism from insulin loss. Figure adapted from Figure 2.1.
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è Breakdown of proteins for ATP synthesis and amino acid transportation from muscle to 
liver.

è Breakdown of fat for ATP synthesis, and fatty acid transportation to the liver. Also leads to 
production of ketone bodies, which enter the blood stream and can cause diabetic 
ketoacidosis, which can cause coma.

è Glucose remains in blood since uptake is diminished, causing hyperglycemia. Breakdown 
of glycogen stores in liver for glucose utilization, and subsequent glucose release into blood 
stream worsens the hyperglycemia.

This induces fasted state thus causes the cells to starve, although extremely large amounts of nutrient
is available in the blood stream. The cell can simply not use it since the key to open the door from the
blood stream to the cells, the hormone insulin, is missing.

Exercise

During (physical)  exercise,  muscle  contractions  greatly  increases  glucose  need  in  muscle  cells.  The
ATP stores in muscle cells lasts for 15 seconds of exercise, after which new ATP must be manufac-
tured (Silverthorn et al., 2007). ATP is manufactured from fatty acids and glucose, and the uptake of
these fuels are therefore increased during exercise. For glucose, the increased glucose is compensated
by an increased hepatic glucose release and a reduced peripheral glucose uptake (Figure 2.3). These
metabolic  pathways  are  stimulated  by  an  exercise-induced  reduction  of  insulin  and  BG  level  com-
bined with an increase of the catabolic hormones adrenaline, cortisol, and glucagon.

Figure 2.3: Glucose metabolism during exercise in a healthy person or a T1D person with good glycemic control.
Figure adapted from Figure 2.1.
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In T1D, the effects of exercise depend greatly on the level of glycemic control (Berger et al., 1980).
For a T1D person with good glycemic control, i.e. BG levels close to normal, physical activity gener-
ally induces the normal response described above. However, if a large insulin bolus is injected before
exercise, the normal metabolic response to exercise is disrupted since the injected insulin cannot be
lowered  in  the  body  (Figure  2.4,  left).  High  levels  of  insulin  induce  pathways  which  lowers  BG
levels,  such  as  reduced  hepatic  glucose  production  and  increased  peripheral  glucose  uptake
(Berger et al., 1980).  This  potentially  results  in  hypoglycemia.  To  minimize  the  risk  of  exercise-
induced hypoglycemia, insulin injections should be decreased before exercise (Chipkin et al., 2001).
Insulin levels normally drops to no less than 50 % during exercise and the same rule should account
for reducing insulin injections (Walsh et al., 2003). In an opposite reaction, exercising with too high
BG concentration can result  in worsened hyperglycemia. The combination of very low insulin, high
BG  concentration,  and  the  normal  effects  of  exercise  (increased  hepatic  glucose  production  and
decreased  peripheral  glucose  uptake)  can  cause  a  rise  in  the  already  elevated  BG  concentration
(Berger et al., 1980). For this reason, exercise should be avoided if BG concentrations are extremely
high (>20 mM) (Walsh et al., 2003).

Figure 2.4: Glucose metabolism during exercise in a T1D person with excess insulin. Figure adapted from Figure
2.1.
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2.2. Restoring glycemic control in T1D

2.2.1. Insulin therapy

Glycemic targets for insulin therapy

As described,  it  is  vital  for  a  T1D person to restore glycemic control  and reach BG levels closer to
normoglycemia.  Since  insulin  loss  causes  the  hyperglycemia,  replacing  this  missing  insulin  will
restore  BG  levels.  Fine-tuning  control  to  reach  normoglycemia  is  difficult,  and  the  recommended
glycemic  targets  are  therefore  usually  slightly  above  normal  BG  levels  (4-8  mM).  The  level  of
glycemic  control  is  usually  evaluated  by  monitoring  the  HbA1c-value
(Svenska Diabetesförbundet, 2009).  The  HbA1c  value  is  the  level  of  glycosylated  hemoglobin  in
blood  stream,  and  this  glycosylation  level  reflects  the  mean  BG  concentration  over  the  last  8-10
weeks. Advice from some organisations are stated below.

Recommended glycemic targets:

è HbA1c < 6 % (Svenska Diabetesförbundet, 2009)

è Fasting  BG 5.0-7.2 mM (90-130 mg/dl) (American Diabetes Association, 2007)

è Postmeal BG < 10.0 mM (< 180 mg/dl) (American Diabetes Association, 2007)
< 9.0 mM (160 mg/dl) (International Diabetes Federation, 2011)

To reach sufficient glycemic control, there are two different approaches to insulin therapy.

Approaches to insulin therapy

There are today two fundamentally different insulin therapies available. These therapies are conven-
tional insulin therapy and intensive insulin therapy.

Conventional  insulin  therapy  involves  between  one  and  three  insulin  injections  per  day,  dosed  to
match the average need of insulin during one day.  Usually,  insulins with different action curves are
mixed, since the insulin in this way can be timed to cover more than one meal. This regimen requires
a highly routine life-style since the same amount of insulin is injected every day. To ensure glycemic
control,  meals,  activities  and  timing  of  thes  must  be  adapted  to  the  insulin  doses.  One  benefit  of
conventional insulin therapy is that it requires less work and knowledge from the user.
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Intensive  insulin  therapy  is  the  recommended  therapy  for  T1D  (Svenska Diabetesförbundet, 2009).
This  therapy  was  developed  after  the  development  of  home  BG  monitoring  devices  since  frequent
and regular BG measurements are required. This therapy is based on the cyclic behavior of the nor-
mal  insulin  response to  meals  (Figure 2.5,  top).  Timed insulin  doses  are  used to  mimic this  normal
insulin  curve  (Figure  2.5,  bottom)  (Anderson et al., 1993, Delahanty and Halford, 1993).  Rapid-
acting insulins are used to mimic the fast insulin response to meals (bolus injections) and slow-acting
insulins are used to maintain basal glucose uptake during the day.

Figure 2.5: The normal insulin response to meals (top) is mimiced in intensive insulin therapy (bottom). The princi-
ple of MDI therapy is illustrated.

Benefits  of  intensive  insulin  therapy  compared  to  conventional  insulin  therapy  has  been  shown  to
include  both  delayed  onset  and  reduced  progression  rate  of  complications  related  to  T1D
(The Diabetes Control and Complications Trial Research Group, 1993).  In  this  study,  these  benefits
arised from a 1.5 percentage point decrease in HbA1c value. One setback was that BG was controlled
to the tight normoglycemic range, which increased hypoglycemic events almost three-fold. To reduce
hypoglycemic  events  in  intensive  insulin  therapy,  recommended targets  are  therefore  slightly  above
normoglycemia. In this way, glycemic control is improved compared to conventional insulin therapy
without increasing severe hypoglycemic events (DAFNE Study Group, 2002, Trento et al., 2011).
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There are two different approaches to intensive insulin therapy. Either an insulin pen is used to inject
insulin  manually  multiple  times  per  day  (multiple  daily  injections  (MDI)  therapy,  Figure  2.5,  bot-
tom),  or  insulin  is  infused  continuously  with  an  insulin  pump  (continuous  subcutaneous  insulin
infusion (CSII) therapy). Aside from the method of delivery, there are three main differences between
MDI and CSII therapy. First,  the basal delivery is in MDI therapy delivered with daily injections of
long-acting insulin, and in CSII therapy continuously infused. Second, insulin boluses can in SCII be
infused with different shape. A meal bolus can for example be constantly infused during one hour, or
at a higher rate at first and then declining, etc. Third, insulin pumps are today  “smart”, meaning that
they usually have bolus calculators.

Tools for insulin therapy

Insulin therapy requires synthetic insulin as well as tools for insulin delivery and measurement of BG
concentrations.

Insulin analogues

An  injection  of  regular  insulin  initiates  lowering  of  BG  after  about  30  minutes,  peaks  in  its  action
curve at 2-4 hours and keeps lowering BG levels until 6-8 hours after injection (Walsh et al., 2003).
This  pharmacokinetic  behavior  is  not  optimal  compared  to  insulin  and  glucose  activity  in  healthy
people.  In a healthy person, a meal only raise BG levels about 2-3 hours,  and fasting BG levels are
kept by a steady basal  insulin level.  To better mimic this behavior,  the use of genetical engineering
enabled the design of so-called insulin analogues when the recombinant DNA technology was devel-
oped in the 1980’s. These insulin analogues are insulin receptor ligands with altered pharmacokinet-
ics  compared  to  regular  insulin.  The  insulin  analogues  are  sorted  into  groups  depending  on  their
activity profiles, i.e. time to peak insulin effect and duration of insulin effect (Figure 2.6).

è Rapid-acting insulin analogs have shorter time from injection to start of insulin action, 
peak action and clearance. Their activity profiles have been shown to vary less from 
day to day (Canadian Agency for Drugs and Technologies in Health, 2007), increasing 
their predictability. Since these insulin start acting shortly after injection, they can be 
injected in connection to meals. For example Humalog or Novorapid start lowering 
insulin within 10-15 minutes, peaks around 1.5 hours and have a duration of about 
3.5-4 hours (Walsh et al., 2003). 

è Short-acting insulin: This group in insulins include regular insulin. Short-acting insulins 
should typically be injected 30-45 minutes before a meal (Walsh et al., 2003).

è Intermediate-acting and long-acting insulin analogs have longer time from injection to 
start of insulin action, peak action and clearance. They are stable for a longer period of 
time, and are therefore used for basal glucose uptake.
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Insulin delivery

Insulin  can  be  delivered  either  with  syringes,  for  example  insulin  pens,  or  with  insulin  pumps.  The
Swedish  Diabetes  Association  recommends  insulin  pumps  for  users  with  highly  oscillating  BG,
which  are  difficult  to  manage  with  MDI  therapy  (Svenska Diabetesförbundet, 2009).  As  mentioned
in the introduction, a majority of T1D persons uses insulin pens. Of the in total 50000 T1D persons
and the 100000 insulin dependent type 2 diabetic persons, only about 7000-8000 uses insulin pumps
(Tandvårds- och läkemedelsförmånsverket, 2012).  This  number  is  however  likely  to  increase,  since
during 2011 alone more than 2000 insulin pumps were prescribed. 

Glucose monitoring

BG  concentration  must  be  measured  to  ensure  that  the  acute  insulin  treatment  works.  This  can  be
done  either  with  a  glucose  meter  or  a  continuous  glucose  monitor  (CGM).  The  glucose  meter  is  a
device  which  analyses  capillary  glucose  concentration  using  a  tiny  droplet  of  blood  drawn  from  a
finger, and the CGM continuously measures the glucose in the interstitial fluid. CGMs are expensive
since  the  sensor  only  lasts  a  few  days  before  it  must  be  exchanged.  Also,  they  must  be  calibrated
using  capillary  measurements,  and  it  is  important  to  remember  that  there  sometimes  will  be  a  lag
between capillary glucose concentration and the glucose concentration of interstitial fluid.

The bolus calculator

Today,  most  new  insulin  pumps  features  a  bolus  calculator  (Zisser et al., 2008),  which  is  a  device
designed to simplify calculations and increase precision of insulin doses. Bolus calculators use algo-
ritms to  calculate  insulin  boluses  from inputs  given by the  users.  The main  inputs  are  carbohydrate
intake  and  elevated  glucose  readings.  A  set  of  equations  are  then  used  to  translate  these  inputs  to
insulin  need  using  the  user’s  clinical  parameters.  Bolus  calculators  also  feature  algoritms  to  avoid
insulin stacking . Note that although most bolus calculators are designed for CSII therapy, the princi-
ple for MDI therapy is the same. A bolus calculator should account for (Zisser et al., 2008):

è current / target BG level

è the clinical parameters of the individual

è meal carbohydrate content

è insulin stacking
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2.2.2. Restoring glycemic control during meals

Since  meals  causes  BG  levels  to  raise,  T1D  persons  inject  insulin  is  association  with  meals.  The
amount of insulin needed to compensate for a meal and avoid hyperglycemia mainly depends on the
insulin sensitivity of the individual and the amount of carbohydrates in the meal (Walsh et al., 2011).
The  insulin  sensitivity  is  related  to  a  clinical  parameter  known  as  the  carbohydrate  factor  (CarbF).
The carbohydrate factor states how many grams of carbohydrates one unit of insulin covers (eq. (1))
and can be estimated by a physician or approximated with simple equations. One of these equations
is described in 2.4.2 Algebraic glucose-insulin model. 

(1)insulin need =
meal carbohydrates

CarbF

The  carbohydrate  content  is  normally  estimated  by  weighing  ingredients,  reading  ingredients  lists,
and  guessing.  As  mentioned  in  the  introduction,  errors  in  estimations  from  such  rough  estimations
has been shown to range between 27.9 % and 44.5 % (Shapira et al., 2010). These errors were done
by T1D persons with several years of experience with carbohydrate counting and insulin pump use.
To estimate the level of accuracy needed for the carbohydrate estimations, a study analyzed the range
of  meal  sizes  compensated  by  an  insulin  bolus  chosen  for  a  fixed  meal  (Smart et al., 2009).  They
found that an insulin dose calculated for 60 g carbohydrates will keep glucose levels within interna-
tional postprandial recommendations for a meal containing 50-70 g carbohydrates. This suggests that
the estimation errors of the Shapira et. al study would cause high excursions of BG levels.

2.2.3. Restoring glycemic control during exercise

When  a  person  with  T1D  decides  to  exercise,  changes  must  be  made  to  adapt  to  the  metabolic
changes  the  exercise  will  cause.  The lowering effect  of  exercise  on BG can be counteracted in  two
ways. First, the glucose utilized by the skeletal muscles can be compensated for with extra carbohy-
drates.  Second,  the  increased  insulin-independent  uptake  of  glucose  by  the  skeletal  muscles  can  be
compensated  by  reducing  insulin  boluses  before  exercise.  To  balance  exercise  with  extra  carbohy-
drates or reduced insulin, the effect the exercise will have on BG levels must be determined.

The effect  of  exercise  on BG levels  arise  from the  increased glucose  utilisation by skeletal  muscle.
All  glucose  used  during  exercise  must  be  compensated  with  either  reductions  of  insulin  or  extra
carbohydrates. Not all energy during exercise derive from glucose. The fraction of the calories used
that  derive  from  glucose  increase  as  the  intensity  of  the  exercise  increases,  from  about  40-50  %
during  mild  exercise  to  about  70  %  during  intensive  exercise.  This  applies  to  aerob  exercise,  i.e.
jogging,  biking,  etc.,  and  not  anaerob  exercise  such  as  weight  lifting  and  sprint.  This  is  because
anaerob  exercise  induces  other  metabolic  pathways,  for  example  release  of  high  levels  of  glucose
when glucose is reformed from lactate through hepatic gluconeogenesis. (Walsh et al., 2003)
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The  origin  of  the  utilised  glucose  is  both  local  glycogen  stores  in  the  muscle  and  increased  uptake
from blood  stream,  the  latter  compensated  by  increased  hepatic  glucose  release.  At  the  start  of  the
exercise  local  glycogen  stores  in  muscle  constitute  most  of  the  glucose  used.  During  the  first  30
minutes  of  exercise  only  about  20  %  of  the  glucose  used  is  obtained  from  the  blood  stream.  The
amount  of  glucose  obtained  from blood  stream increases  as  the  duration  of  the  exercise  extends  to
about  40  %  during  the  first  2  hours  of  exercise.  To  replace  the  carbohydrates  taken  from  blood
stream, and rebuild the glycogen stores in muscle and liver, extra carbohydrates must be eaten and/or
insulin  reduced  both  during  and  after  exercise.  The  rebuilding  of  the  glycogen  stores  takes  3-36
hours, with longer rebuilding time the higher the intensity and the longer the duration of the exercise.
(Walsh et al., 2003)

2.3. Linkura

2.3.1. Linkura’s objective and future plans

Linkura recognises the growing problem of diet-related diseases that  is  caused partly by keeping an
unhealthy  diet.  Linkura’s  web  tools  were  developed  with  the  objective  to  increase  knowledge  and
simplify healthy meal and exercise choices.  Also,  Linkura aims to increase the user’s knowledge of
what he or she eats and how this affects their body. One disease that Linkura aims specifically for is
diabetes. For diabetics, the tools can also be used to connect insulin doses and BG readings to meals
and exercise, to increase the user’s capability to understand the connection between these factors.

For  the  future,  Linkura  aims  to  increase  the  usefulness  of  their  web  tools  for  diabetics  by  adding
functionality for bolus calculations. This project is an initiation of this plan, and the shape and func-
tionality of such bolus calculator has not yet been decided. Development of bolus calculator funcional-
ity is part of Linkura’s future plans of working together with health care providers, effectively linking
information from T1D patients to physicians and back.

2.3.2. The Linkura web tools

The web tools developed by Linkura handles meals, exercise and diabetes physiology. The meal tool
utilises a database of nutrition contents of foods to estimate nutrition contents of whole meals. Hun-
dreds  of  recipes  are  already  included  in  the  meal  tool.  By  adding  foods  and  recipes  to  a  calendar,
meal  plans  are  created  (Figure  2.7).  At  the  bottom  of  the  calendar,  the  total  calories  and  protein,
carbohydrate, and fat content of the day’s meals is summarized. 
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Figure 2.7: Meal planning in Linkura’s web tools. Recipes and foods are added to meals (left). The total calories, as
well as protein, carbohydrate, and fat content of the meal is displayed. Total calories as well as protein, carbohy-
drate, and fat intake for one day are estimated (right). Source: www.linkura.se

The exercise tool consists of a database of many different physical activities, and a method for estimat-
ing calorie usage during these activities. In the calendar, exercise sessions are added, and the calorie
use of each activity shown (Figure 2.8). Note that for the total amount of calories at the bottom of the
page is now reduced by the calories used during exercise. 

Figure 2.8:  Exercise planning in Linkura’s  web tools.  Exercise type and duration is  added,  and the total calories
used during the exercise is calculated  (left).  For the calculation of total calorie intake during one day, the amount
used during exercise is subtracted (right). The fraction reduced is shown in yellow. Source: www.linkura.se

The diabetes physiology tool consists of a page where the insulin injected and BG readings of each
day are added and shown in a diagram (Figure 2.9).

Figure 2.9: Diabetes physiology data registration in Linkura’s  web tools. Data of insulin injections and BG read-
ings are shown.  The gray area corresponds to a chosen acceptable range of BG levels. Source: www.linkura.se
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2.4. Modeling of T1D

2.4.1. Mathematical modeling in general

Glycemic  control  is  achieved  through  highly  complex  biological  control  systems,  involving
metabolic  pathways  initiated  by  several  different  hormones.  This  control  is  acting  both  on  whole-
body level through systemic control of glucose uptake and release in different tissues and organs, and
also on the cellular level through precise signaling pathways regulating cellular metabolism. Under-
standing  such  complex  systems,  and  predicting  consequences  of  perturbing  them,  requires  much
knowledge,  and  the  outcome  of  a  perturbation  is  not  always  intuitive.  This  high  complexity  is  the
reason why mathematical models of such systems are developed. The model is a simplification where
chosen  characteristics  of  the  system can  be  analysed  separate  from the  whole  system.  Two  models
describing the same original system (for example glycemic control in humans) can be entirely differ-
ent,  depending on the purpose of  the model  (Figure 2.10).  For example,  the model  can be designed
for analysing intracellular responses to insulin, where cell signaling pathways of insulin are modeled.
It can also be designed for analysing the effect of a meal on BG levels, making meal effects on whole
organs more important. 

Figure  2.10:  Diagrams  of  different  models  of  the  glucose-insulin  system.  A  minimal  model  of  glucose-insulin
regulation (left) and a simple model of cell metabolic response to insulin (right).

It  is  always  difficult  to  decide  how much details  to  include in  a  model;  what  aspects  of  the  system
should be included in the model and what aspects are reduntant. For deciding this, there are also two
fundamentally  different  approaches  to  modeling.  The  first  is  minimal  modeling,  where  the  desired
model is as small as possible, while still able to produce the correct behavior to a certain stimuli. The
other  is  physiological  modelling,  where  the  model  is  designed  to  resemble  the  true  system.  The
prefered  complexity  of  the  model  depends  on  the  purpose  of  the  model.  Models  can  also  be  devel-
oped to describe different aspects of the system, for example the mechanism for a reaction, the opti-
mal input for a desired output, etc. 
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There  are  many  different  approaches  to  modeling.  Three  such  approaches  are  algebraic  modeling,
ordinary  differential  equation  (ODE)  modeling,  and  transfer  functions  modeling.  Algebraic  models
can  be  used  if  the  equations  relating  the  variables  in  the  system  are  indepentent  of  time,  such  as
y = f HxL.  Often,  however,  the  dynamics  of  the  system  change  over  time,  and  derivatives  (rates  of
change) for the variables are needed. Then, ODE models can be used. An ODE model consist of a set
of ODEs, such as dy � dt = f HyHtLL. The solution to ODE models, y(t), can become very complex with
increasing numbers of  variables and parameters.  To simplify calculations,  ODE models can then be
defined  as  transfer  functions,  which  are  algebraic  equations  directly  relating  an  input  to  an  output
using  the  Laplace  transform.  Transfer  functions  (TF)  are  applicable  to  linear  differential  equations,
and are on the form Y HsL = TF * X HsL, where X(s) are the different inputs to a system defined by the
transfer functions, and Y(s) the output. To transform a differential equation to a transfer function, the
model  is  transfered  from  the  time  domain  (y(t))  to  the  frequency  domain  (Y(s)).  A  derivation  with
respect to t  in the time domain corresponds to a multiplication with s  in the frequency domain, and
the differential equations have been translated to algebraic equations.

2.4.2. Meal and insulin models

In this section, three models of the glucose-insulin system will be presented.

Algebraic glucose-insulin model

This algebraic model (Walsh et al., 2011)  forms a simple, linear model that uses clinical parameters
to  relate  meal  and  insulin  perturbations  to  changes  in  BG  level.  This  is  the  type  of  model  that  is
typically used in bolus calculators. The three variables in the system are BG, insulin, and meals, and
as the relationships between them are described with two clinical  parameters.  These parameters are
the correction factor  and the carbohydrate  factor  (also described in  the  “Restoring glycemic control
during meals” section). The correction factor describes how much one unit of insulin lowers BG level
(eq. (2)). The correction factor can be derived using a persons total daily dose of insulin (TDD) (eq.
(3)) (Walsh et al., 2011). The carbohydrate factor (CarbF) is a measure of how many grams of carbo-
hydrates  one  unit  of  insulin  covers  (eq.  (4)).  It  is  thus  directly  related  to  insulin  sensitivity.  The
carbohydrate  factor  can  be  derived  using  a  persons  TDD  of  insulin  and  body  weight  (eq.  (5))
(Walsh et al., 2011).  According  to  this  equation  a  person  with  higher  weight  is  more  sensitive  to
insulin since one unit of insulin then covers more carbohydrates.

(2)insulin need =
desired reduction in BG concentration

CorrF

(3)CorrF  =
109

TDD
CorrF units :

BG HmM L
insulin HUL
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(4)insulin need =
meal carbohydrates

CarbF

(5)CarbF =
5.7* BW

TDD
CarbF units :

carbohydrates HgL
insulin HUL

Using these relationships, the change in BG level following a meal (eq. (6)) and the total effect of a
meal and an insulin injection (eq. (7)) can be estimated.

(6)D BG concentration = CorrF *
meal carbohydrates

CarbF

(7)D BG concentration = CorrF *
meal carbohydrates

CarbF
-CorrF * insulin

These equations do not state the duration of meal or insulin effects on BG level, which is particularly
problematic  for  insulin.  If  new  insulin  is  injected  before  previous  insulin  doses  have  cleared  from
plasma,  there is  a  risk of  hypoglycemia.  The model  must  therefore be completed with an algorithm
that  adjusts  doses  for  insulin  remaining  in  plasma  (bolus  on  board,  BOB).  Most  bolus  calculators
adjust  for  BOB  for  correction  bolus  calculations  and  some  also  for  meal  bolus  calculations
(Zisser et al., 2008). To calculate BOB, the duration of insulin action (DIA) and the insulin clearance
curve is approximated. The DIA states how long the insulin will remain in plasma after injection, and
varies between insulin analogues and between individuals (Heinemann et al., 1998). The most simple
model of insulin clearance assumes constant insulin action (eq. (8), Figure 2.11). An appropriate DIA
for linear clearance is 4-5.5 hours (Walsh et al., 2011).

(8)BOB =
DIA - time since injection

DIA
* bolus size

A non-linear curve of insulin clearance more accurately mimics the delayed start and gradual tailing
off in insulin activity (Figure 2.11) and the DIA should be 4.5-6.0 hours (Walsh et al., 2011). 
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Figure 2.11: Two models of insulin clearance. A linear clearance model with a 5-hour DIA (solid line) and a non-
linear model with delayed start and gradual tailing off (dashed line).
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Benefits and setbacks of the algebraic glucose-insulin model

Algebraic equations describing the effect  of  insulin and meals on BG level  constitute a  fairly crude
model.  The  main  benefits  of  the  model  are  the  simplicity,  the  utilisation of  the  clinical  parameters,
and that  it  is  feasible with sparse data.  Some setbacks concern model assumptions.  First,  the model
assumes a linear relationship between the amount of insulin injected and the following change in BG
level.  Second,  the  model  assumes  a  linear  relationship  between  the  amount  of  carbohydrates  con-
sumed  and  a  following  change  in  BG level.  This  linearity  is  approximate  since  slow carbohydrates
give a lower but broader peak in BG concentration compared to fast carbohydrates. Third, the effect
of  perturbations  sometimes  depend  on  BG  level.  Another  issue  with  this  model  is  that  the  general
parameters  used  in  the  model  equations  are  derived  from  mean  population  values.  Taking  these
assumptions and problems into account, predictions will likely be mediocre at best.

Linear transfer function model

The effect of insulin and carbohydrates on BG concentration have also been modeled with a transfer
function  model  (Percival et al., 2010).  The  model  consists  of  two  transfer  functions.  The  functions
describe  the  change in  BG level  caused by an  insulin  injection (eq.  (9))  and a  meal  (eq.  (10)).  The
parameter  K  corresponds  to  the  gain  of  the  system,  i.e.  the  maximum  response  magnification.  The
parameter Θ  correspond to the time delay, which is the time from the input (injecting insulin or eat-
ing) until the BG concentration starts to change. The parameter Τ is the time constant of the system,
and states how fast the change in BG concentration will reach 63.2 % of its maximum. Index i marks
a parameter in the insulin funcion, and c a parameter in the meal function. The parameter values are
identified from the step response (Figure 2.12).

(9)yHtL = D BG  =
Ki * expH-Θi sL

sHΤi + 1L * insulin dose

(10)yHtL = D BG  =
Kc * expH-Θc sL

sHΤc + 1L * carbohydrates in meal

Figure 2.12: Diagram of the system in eq.(9) and (10) illustrating identification of the parameters K, Θ and Τ. y(t) is
the change in BG level as response to a step input of insulin or carbohydrates.  Source: (Percival et al., 2010)
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Figure 2.12: Diagram of the system in eq.(9) and (10) illustrating identification of the parameters K, Θ and Τ. y(t) is
the change in BG level as response to a step input of insulin or carbohydrates.  Source: (Percival et al., 2010)

The model parameters are not known and differ between individual persons. In Percival et al. (2010),
experiments  with separated meals  and boluses  were conducted under  frequent  BG measurements  in
order  to  identify  these  parameters.  They  found  that  there  was  a  great  intersubject  variability  and
therefore  personalized  parameters  are  required.  Also,  they  could  connect  the  K  parameters  of  their
model to the clinical parameters described above, with Ki = -CorrF and Kc = CorrF*CarbF. However,
none of the calculated clinical parameters showed significant correlation to the values of the clinical
parameters specified by the patients before the experiments.

Benefits and setbacks of the linear transfer function model

The main benefits of this model are the simplicity of the model, the (possible) relation of some of the
parameters to clinical parameters,  and the fact  that  the dynamics of the system responding to meals
and  insulin  boluses  can  be  studied.  However,  to  obtain  individual  parameters  for  this  model,  sepa-
rated meals and insulin boluses during close BG measurements are required. This is a problem since
the  data  acquired  through  Linkura’s  web-tools  is  sparse.  The  only  parameters  that  possibly  can  be
identified are the gain parameters (Ki and Kc).

Dynamic physiological glucose-insulin model

The  Dalla  Man  model  (Dalla Man et al., 2007b)  is  a  dynamic,  physiological  model  designed  for
simulation of the effect of a meal on the glucose-insulin system (Figure 2.13). It was developed using
data from 204 normal subjects.

Figure 2.13: Block diagram of the Dalla Man model, illustrating the glucose and insulin systems, their connection
to the intestines, the liver, muscle and adipose tissue as  well as  the Β-cells of  the pancreas.  Also,  diagrams  of the
measured fluxes of glucose and insulin between the tissues are shown. Source: (Dalla Man et al., 2007a)
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The  Dalla  Man  model  constitute  of  ODEs  describing  the  fluxes  of  glucose  and  insulin  through  the
different compartments. The model is highly complex (eq. (11) illustrates the glucose subsystem).

(11)

Glucose subsystem

d �dt HGpL = EGP HtL + Ra HtL - Uii HtL - E HtL - k1* Gp HtL + k2* Gt HtL, Gp H0L = 175 mg �kg

d �dt HGtL = -Uid HtL + k1* Gp HtL - k2* Gt HtL, Gt H0L = 135 mg �kg

G HtL = Gp HtL �VG, G H0L = 95 mg �dl

The many variables and parameters in the equations are all physiologically relevant. Glucose kinetics
is described using a two compartment model of plasma glucose (Gp, mg/kg) and tissue glucose (Gt,
mg/kg).  Plasma  glucose  increases  through  endogenous  glucose  production  (EGP,  mg/kg/min)  and
intestinal  glucose  absorption  (rate  of  appearance,  Ra,  mg/kg/min).  Insulin-independent  glucose
utilization (Uii, mg/kg/min) and renal excretion (E, mg/kg/min) reduces plasma glucose levels. Also,
diffusion between tissue and plasma occur with rate parameters k1 and k2 (min-1). Tissue glucose is
reduced by insulin-dependent glucose utilization (Uid, mg/kg/min). (Dalla Man et al., 2007b)

This model has been developed in three different versions; "normal",  "type 1 diabetic",  and “type 2
diabetic”. In the T1D version, insulin secretion by the Β-cells has been substituted by a subcutaneous
insulin  infusion  module  (Dalla Man et al., 2007a).  The  physiological  relevance  of  the  Dalla  Man
model has lead to its acceptance from the US Food and Drug Administration (FDA) to replace pre-
clinical animal trials in the development of some T1D treatments (Kovatchev, 2008). This means that
the Dalla Man model can be used for in silico (simulated) experiments.

A simulation software (GIM) has been developed using this model. In this software, the plasma BG
concentration (among other things) can be predicted in a person with T1D. However, to individualize
this software for a specific subject, the subject’s basal BG production must be known. The simulated
responses in plasma BG and insulin levels to a day with breakfast, lunch, and dinner and increasing
doses of insulin are shown in Figure 2.14. 
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Figure 2.14: Simulations of a T1D person’s  response to meals of 40,  70,  and 50 g of carbohydrates and different
insulin doses,  using the Dalla Man model in the GIM software  (Dalla Man et al., 2007a).  Increasing insulin doses
causes reductions in plasma BG level and higher peaks in plasma insulin level.
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Benefits and setbacks of the dynamic physiological glucose-insulin model

The  Dalla  Man  model  is  a  highly  relevant  model  for  prediction  of  BG  levels  to  meal  and  insulin
stimuli that has even been FDA approved to replace animal testing in certain T1D treatment develop-
ment. The main benefit of the model is its physiological relevance. It is also dynamical, allowing for
analysis of the dynamical response to meals and insulin. Setbacks include its complexity and that the
estimated parameters are an average of those in the studied population.

2.4.3. Exercise models

In this section, two models of physical exercise will be presented.

Algebraic exercise model

The extra carbohydrates burned from a physical activity can be approximated with fairly simple rules
using carbohydrate utilization to caloric use, intensity, and duration of exercise. As described in the
“Restoring glycemic control during exercise” section, the fraction of the energy used during exercise
that  comes  from  carbohydrates  depend  on  the  intensity  of  the  exercise.  The  fraction  ranges  from
0.4-0.5 for mild exercise to 0.7 for intensive exercise. Also, one gram of carbohydrates corresponds
to about four kilocalories (kcal). Using these relationships, the carbohydrates burned by exercise can
be approximated (eq. (12)).

(12)burned carbohydrates  =
1

4
* kcal used * f HintensityL,

f HintensityL = 0.7, intense workout

f HintensityL = 0.6, moderate workout

f HintensityL = 0.5, mild workout

To define the intensity of an exercise, the Metabolic Equivalent of Task (MET) standard can be used.
This  is  a  standard  where  the  metabolic  rate  of  a  physical  activity  is  expressed  as  the  ratio  of  the
metabolic rate of the activity and the resting metabolic rate. The resting metabolic rate is defined as 1
MET,  and  equals  to  1  kcal/kg/h.  (Ainsworth et al.)  The  MET  can  be  calculated  by  dividing  the
calories  used  during  the  exercise  with  the  duration  of  the  exercise  and  the  bodyweight  (eq.  (13)).
Mild  to  moderate  exercise,  such  as  walking,  uses  2-4  METs  (Ainsworth et al., 2011)  depending  on
the pace. This means that walking uses 2-4 times as much energy as resting. Intensive exercise, such
as jogging, compare to about 7 METs. Standardized MET values can be used to approximate the total
energy  cost  of  a  physical  activity,  through restructuring of  eq.  (13).  This  is  exactly  how the  caloric
use  is  calculated  today  in  Linkura’s  web  tools.  These  burned  carbohydrates  will  cause  a  change  in
BG concentration which can be roughly estimated with the same relations as in the algebraic glucose-
insulin model (eq. (14)).
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(13)MET =
kcal used

duration* body weight

(14)D BG concentration = -
burned carbohydrates

CarbF
* CorrF

To avoid this change in BG concentration, all burned carbohydrates need to be replaced by reducing
insulin  and/or  eating  extra  carbohydrates.  After  choosing  a  fraction  of  the  carbohydrates  to  be
replaced  by  extra  carbohydrates,  the  carbohydrates  required  and  the  reduced  insulin  dose  can  be
calculated according to eq. (15)-(16). Generally, the fraction insulin reduction should increase when
the  duration  of  the  exercise  increases.  Using  these  relations  (eq.(12)-(16)),  Walsh  et.  al  (2003)  has
constructed  a  table  of  compensation  suggestions  for  an  exercise  with  known  intensity  and  duration
(Table 2.1).

(15)extra carbohydrates = fraction* burned carbohydrates

(16)insulin reduction = H1 - fractionL *
burned carbohydrates

CarbF

Table 2.1: Compensating exercise

Exercise Exercise intensity

duration Mild Moderate Intense
Carbs Bolus Basal Carbs Bolus Basal Carbs Bolus Basal

15 min +0g normal normal +0g normal normal +20g -10% normal

30 min +10g normal normal +20g -10% normal +40g -20% normal

45 min +18g -10% normal +30g -20% normal +50g -30% normal

60 min +25g -15% normal +40g -30% normal +60g -40% -10%

90 min +38g -20% normal +55g -45% -20% +90g -50% -20%

120 min +50g -30% normal +70g -60% -20% +110g -70% -30%

240 min +80g -50% -10% +120g -60% -20% +200g -70% -40%

Extra carbohydrate and reduced insulin to compensate for exercise. The carbohydrate amounts are calculated for a
person weighing 45 kg and should be multiplied with body weight and divided by 45. Source: (Walsh et al., 2003)

Benefits and setbacks of the algebraic exercise model

This algebraic model of exercise effect on BG level is designed to work with the algebraic model of
the  glucose-insulin  system.  Benefits  of  the  model  are  its  relative  simplicity,  since  the  effects  of
exercise  on  BG are  defined  by  a  few rules  and  equations.  However,  exercise  also  affects  BG long-
term  through  changes  in  insulin  sensitivity.  This  model  therefore  works  best  with  regular  exercise.
Also, this algebraic exercise model is feasible to Linkura’s sparse data.
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Dynamic physiological exercise model

This  exercise  model  (Dalla Man et al., 2009)  is  an  extension  to  the  dynamic  physiological  glucose-
insulin model described earlier. Since this is a dynamic model, a continuous input of exercise inten-
sity is required. Here, heart rate is used as input. Heart rate can be assumed to correspond to momen-
tary exercise intensity, and the duration of elevated heart rate to the duration of the exercise. Exercise
is  modeled to affect  the glucose-insulin system in two ways.  The first  is  a  fast  on/fast  off  switch in
insulin-independent glucose clearance, corresponding to the increased glucose uptake and utilization
in peripheral tissues. The second is a fast on/slow of increase of insulin sensitivity, proportional to the
duration and intensity of the exercise. 

Benefits and setbacks of the dynamic physiological exercise model

Benefits of this model include that the model takes short-term and long-term effects on insulin utility
and  sensitivity  into  account.  One  setback  of  the  model  is  that  only  in  silico  experiments  were  per-
formed.  The  model  has  yet  not  been  validated  with  in  vivo  experiments.  Also,  the  model  requires
continuous data on heart rate, and this is not aquirable through Linkura’s web tools.

2.4.4. Control algorithms for BG control

Model predictive control 

Model  predictive  control  involves  using  a  model  to  predict  the  outcome of  an  input  -  and  then  use
this knowledge to optimize the input with regard to achieving a certain output (Figure 2.15, left). The
main  benefit  of  this  control  type  is  that  it  utilises  what  is  known  of  the  system  to  predict  optimal
input.  Also,  this  control  method  is  useable  with  sparse  data,  given  that  the  model  with  sufficient
accuracy can predict BG level. The main setback is the limitation of using models, which are simplifi-
cations of the true system and therefore may not respond  in the same way as the true system.  

Regulator control

Using a regulator to control a system involves using output to choose an input via a feedback algo-
rithm  (Figure  2.15,  right).  An  example  of  a  regulator  is  the  proportional  regulator,  which  changes
input  (insulin  dose)  proportionally  to  the  difference  between  current  and  target  output  (BG  level).
Another regulator is  the PID regulator,  which calculates appropriate input using not only the differ-
ence  between  target  and  current  output  but  also  the  integrated  difference  and  the  derivative  of  the
difference.  A  PID  regulator  has  been  used  with  a  glucose-insulin  model  to  create  a  closed-loop
control  system for  T1D (Marchetti et al., 2008).  However,  the  PID regulator  requires  frequent  mea-
surements, and is highly unstable with sparse data.
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Figure 2.15: Diagram illustrating model predictive control (left) and regulator control (right).

Another  example  of  regulator  control  of  BG  levels  involves  a  proportional  regulator
(Campos-Cornejo et al., 2010). This control method was used to develop a control algorithm for MDI
therapy and is therefore designed to handle sparse data. The method relies on the cyclic pattern of a
day  with  repeated  breakfast,  lunch,  and  dinner  (Figure  2.16).  Using  information  of  what  happened
yesterday  (and  the  days  before),  the  adviced  insulin  boluses  are  updated  to  achieve  better  control
today than yesterday. The insulin doses are updated using a correction term proportional to the regula-
tion error. To increase predictability, this control system also uses algorithms to update insulin sensi-
tivity using historical data, in order to increase model performance on varied meal inputs.

Figure  2.16:  Block  diagram  of  the  cyclic principle  in  the  run-to-run  control  algoritm,  with  six  glucose  measure-
ments  (G),  three meal  insulin injections (Ir)  and  two basal  insulin injections (Is).  The  peak BG levels are  used  to
update the meal doses and the fasting BG levels to update the basal doses. Source: (Campos-Cornejo et al., 2010)

Benefits  of  this  control  system  include  that  it  is  useful  with  sparse  data  -  since  this  is  what  it  was
designed  for.  However,  the  control  algorithm  has  only  been  tested  in  silico  and  not  on  real  data.
Although some variations in timing and size of meals was simulated, this variability can be very large
in real life with added and removed meals, extremely large variations in meal sizes, etc. The applica-
bility of the model on real life is therefore not certain.
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2.5. Model selection

Going  through  existing  research  into  mathematical  modeling  of  glucose  metabolism  in  T1D,  it  is
clear that this area has been, and still is, intriguing to many researchers. Many models exist, based on
different modeling methods and of very different character and complexity. For the objective of this
project, which was to evaluate the usefulness of a bolus calculator for insulin dose calculation on data
acquired from Linkura’s web tools, one criteria for model selection was simplicity. This criterion was
partly based on time-aspects, since the project should be finished in 20 weeks, and also that a simple
model  that  works  is  better  than  a  complex  model  that  works.  Also,  the  chosen  models  and  control
algorithms must be useful with Linkura’s data - i.e.  meal carbohydrate content, exercise calorie and
duration, insulin injections, and scarce BG readings.

Based  on  these  criteria,  the  algebraic  models  for  prediction  of  BG  level  from  meal,  insulin,  and
exercise inputs were selected. These models are simple, the principles of the meal and insulin models
are already used for bolus calculators in insulin pumps, and the data required for dose selection can
be aquired through Linkura’s web services. Such algebraic models require algorithms to avoid insulin
stacking. It was decided that correction boluses only should be adjusted for BOB, since this setup was
most common in existing bolus calculators. For modeling exercise, a simplified version of Table 2.1
was used to illustrate how the compensation of the used carbohydrates can be divided between extra
carbohydrates and reduced insulin.  Since these algebraic models  give insulin bolus doses as  output,
no control algorithm such as model predictive control or regulator control is required.

The next step in this project is the implementation of these models in a bolus calculator. In the next
sections  the  methods  for  development  and testing of  this  bolus  calculator  will  be  described and the
performance of the bolus calculator will be evaluated.
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Section 3

Methods

In this methods section, the methods for data collection, data analysis, and bolus calculator develop-
ment and evaluation are described.

3.1. Experimental protocol

Data  for  analysis  of  the  models  were  collected  through  Linkura’s  web  services.  Participants  were
asked to use Linkura’s web tools to collect information of all insulin injections, meals, exercise, and
BG measurements, according to Table 3.1. For the meals, the participants were asked to use Linku-
ra’s meal tool, enabling extraction of information of time points and meal carbohydrate contents. For
exercise,  the participants were asked to use Linkura’s  exercise tool,  enabling extraction of  informa-
tion  on  time  points,  calorie  consumption,  and  exercise  duration.  For  BG measurements  and  insulin
injections, the participants were asked to use Linkura’s physiology tool, enabling extraction of infor-
mation of time points, dose sizes and BG readings. The participants were asked to measure BG levels
before and 1-2 hours after meals, exercise, and insulin injections.

Table 3.1: Experimental protocol

what to collect when to collect
insulin injections time point, dose, basal�bolus all injections

meals time point, carbohydrate content all meals

exercise time point, duration, calorie use all exercise

BG measurements time point, BG reading
pre & post meals

pre & post exercise

A total of six people were asked to participate in this study, of which three agreed, and two collected
complete data of whole days. The characteristics of these two subjects are summarized in Table 3.2.

Table 3.2: Subject information

subject 1 subject 2

gender male female
age 24 years 42 years

body weight 62 kg 60 kg

time since diagnosis 12 years 38 years

insulin treatment intensive intensive
insulin delivery insulin pen insulin pump
average TDD 69.5 U 23 U
target BG level 7 mM 6 mM
percieved DIA 5 hours 5 hours

time of data collection 5 days 6 days
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3.2. Bolus calculator development

The  bolus  calculator  implementation  was  developed  and  analysed  in  the  software  Mathematica.
Mathematica  is  a computational software developed by Wolfram Research. The tool was developed
using  relations  described  in  2.4.2  Algebraic  glucose-insulin  model  and  2.4.3  Algebraic  exercise
model.  Exercise was difficult  to model in this way due to its  long-term effects on future BG levels,
and the need to reduce boluses as well as eat carbohydrates both before and after exercise. Therefore,
the  exercise  effect  was  not  included  in  the  main  bolus  calculation.  Instead,  the  carbohydrates  used
during the exercise and a suggestion of how to divide the compensation of these carbohydrates was
formulated as a separate advice.

3.2.1. Steps in bolus calculation

The parameters used in the bolus calculator implementation are summarized in Table 3.3. The devel-
oped bolus  calculator  implementation will  be  demonstrated  using  day  1  data  of  subject  1  (for  meal
and  correction  insulin  bolus  calculation)  and  day  2  data  of  subject  2  (for  exercise  carbohydrate
compensation).

Table 3.3: Subject parameters

subject 1 subject 2

CarbF 5.1 g�U 14.9 g�U
CorrF 1.6 mM�U 4.7 mM�U

body weight 62 kg 60 kg

average TDD 69.5 U 23 U

target BG level 8 mM 6 mM

percieved DIA 5 hours 5 hours

Step 1: Calculate the meal bolus

If  a  meal  is  given  as  input  in  to  the  bolus  calculator  implementation,  it  calculates  the  insulin  bolus
needed to compensate this meal (eq. (17)). This is done using eq. (4), where the individual TDD and
body  weight  parameters  given  in  Table  3.3  have  been  used  to  estimate  of  the  carbohydrate  factor
according to eq. (3).

(17)meal insulin bolus =
meal carbohydrates

CarbF
=

meal carbohydrates

5.1
U
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Figure  3.1  shows  the  output  of  applying  eq.  (17)  on  the  meals  planned  by  subject  1  during  day  1.
Note that meal boluses are proportional to the amount of carbohydrates in the meals.

Meals and calculated meal boluses
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Figure 3.1: Diagram of meals (square) and calculated insulin meal boluses (circle) for subject 1, day 1. 

Step 2: Calculate the correction bolus

If a BG reading is given as input to the bolus calculator implementation, the calculator should com-
pare  this  BG  reading  to  the  individual  correction  target  given  in  Table  3.3.  If  the  BG  reading  is
higher, the correction bolus that lowers the BG to the correction target should be calculated. This is
done through reorganising eq. (2), giving eq. (18). Figure 3.2 shows the output of applying this equa-
tion for correction insulin bolus calculaton of the given BG levels from subject 1 during day 1.

(18)correction insulin bolus =
Hcurrent BG - target BGL

CorrF
=

current BG - 8

1.6
U

Measured BG and calculated correction boluses
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Figure 3.2: Diagram of BG readings (line) and calculated correction boluses (circle) for subject 1, day 1.
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Step 3: Account for BOB

Any  time  a  correction  insulin  bolus  is  calculated,  the  remaining  insulin  in  plasma  from  previous
insulin boluses (BOB) should be estimated and subtracted from this calculated bolus. BOB is calcu-
lated  with  eq.  (19).  The  value  of  the  DIA  parameter,  i.e.  the  insulin  clearance  time  frame  of  the
individual, is given in Table 3.3. Figure 3.3 shows the calculated BOB for subject 1 during day 1.

(19)
BOB = â

All injections

within DIA

DIA - time since bolus

DIA
* bolus size = â

All injections

since 5 hours

5 - time since bolus

5
* bolus size

Bolus on board (BOB)
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Figure 3.3: Diagram of injected insulin (circle) and BOB (small circle) for subject 1, day 1.

Subtracting the BOB from the calculated correction boluses gives the correction boluses (Figure 3.4).

Measured BG and BOB-adjusted correction boluses
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Figure 3.4: Diagram of BG readings (line) and BOB-adjusted correction boluses (circle) for subject 1, day 1.
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Step 4: Account for exercise

Since subject 1 did not exercise during the time span of data collection, data from subject 2 day two
is used to illustrate the bolus calculator implementation for exercise adjustments. 

The implementation first approximates the amount of carbohydrates used during the exercise. This is
done using relations between exercise intensity and carbohydrate utilization described in eq. (12). All
these carbohydrates should be compensated for, either by replacing the carbohydrates or by reducing
insulin boluses. A simplification of Table 2.1 was used to calculate a suggestion for how to compen-
sate  the  used  carbohydrates.  In  this  simplification,  the  duration  of  the  exercise  was  used  to  decide
what fraction should be compensated for with carbohydrates, bolus insulin, and basal insulin (Table
3.4). This model for exercise compensation is illustrated in Table 3.5, where an exercise using approxi-
mately 54 g of carbohydrates can be compensated with 38 g of extra carbohydrates, an insulin bolus
reduction of 0.7 U and an insulin basal reduction of 0.3 U. Exercise advice was modeled and adviced
separate from the general bolus calculation.

Table 3.4: Fractions for carbohydrate compensation during exercise

duration fraction of total used carbohydrates

extra carbs reduce bolus reduce basal

< 15 min 1 0 0

15-30 min 0.8 0.2 0

30-60 min 0.7 0.2 0.1

> 60 min 0.5 0.3 0.2

Table 3.5: Carbohydrate use during exercise and compensation suggestion

time total total compensation suggestion

kcal used carbs extra carbs reduced bolus reduced basal

2012-10-06,15:30:00 306. 54 38 -0.7 -0.3

3.2.2. Model equations

Eq. (20) was used for meal and correction boluses excluding exercise.

(20)

calculated insulin bolus = meal bolus + correction bolus - BOB =

meal carbohydrates

CarbF
+

Hcurrent BG - target BGL
CorrF

- â
All injections

within DIA

DIA - It - tinjM
DIA

* bolus size
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Eq. (21) - eq. (24) was used to calculate exercise compensation. Fractions for dividing the compensa-
tion between extra carbohydrates and bolus reductions are specified in Table 3.4.

(21)MET =
kcal used

duration* body weight

(22)extra carbohydrates = fraction carbs*
1

4
* kcal * f HMETL,

f HMETL = 0.7, MET > 6

f HMETL = 0.6, MET Î @3, 6D
f HMETL = 0.5, MET < 3

(23)reduction bolus insulin = fraction bolus*

1

4
* kcal

CarbF
* f HMETL

(24)reduction basal insulin = H1 - fraction carbs - fraction bolusL *

1

4
* kcal

CarbF
* f HMETL

3.3. Bolus calculator evaluation

The bolus calculator was evaluated in two different ways. First, the difference between the calculated
insulin  bolus  and  the  injected  insulin  bolus  was  analysed  together  with  measured  BG  levels.  Such
analysis implies if calculated boluses could have resulted in better control. Second, the performance
of the model in predicting changes in BG level was analysed. The predicted BG level was calculated
according to eq. (25) (excluding exercise) and eq. (26) (including exercise). 

Only the acute exercise effect was included. This acute effect was modeled as a reduction in insulin
need corresponding to 20 % of the total carbohydrates used during the exercise. This percentage was
chosen since this approximates the amount of BG used during exercise (20-40 %). Thus, rebuilding
of glycogen stores and long-term effects of exercise were not included.

(25)final BG = initial BG + CorrF *
meal carbohydrates

CarbF
- â

All injections

within DIA

DIA - It - tinjM
DIA

* bolus size

(26)

final BG =

initial BG + CorrF *

meal carbs - 0.2*
kcal

4
* f HMETL

CarbF
- â

All injections

within DIA

DIA - It - tinjM
DIA

* bolus size

44   Modeling as a Tool to Support Self-Management of Type 1 Diabetes.nb



For  the  second  evaluation  strategy,  data  sets  with  an  initial  and  final  BG level  and  sets  of  stimulis
were  required.  Data  sets  were  selected  with  three  criteria.  First,  there  should  be  a  gap  of  stimulis
before the initial BG reading. Second, meals were assumed to instantly give full BG level response.
Third,  insulin  was  assumed  to  give  a  constant  lowering  effect  on  BG,  until  cleared  from  blood
stream.  This  type  of  data  formatting  gives  data  sets  where  the  same  starting  point  can  be  used  for
more than one data set, adding stimulis and changing final BG level. An example of this data format-
ting is shown in Table 3.6. This second evaluation was only done for subject 2.

Table 3.6: Formatting of prediction data

time carbohydrates BG concHmML exerciseHkcalLÈHhL insulinHULÈHhL
HgL fasting prandial calories duration bolus t bolus t bolus t bolus t

2012-10-05,12:11:00 31. 9 7.2 0. 0. 2.3 2 2.55 1

2012-10-05,12:11:00 74 9 7.4 0. 0. 2.3 4 2.55 3 1 2 1.8 1

Example of prediction data. Each row corresponds to a set of evaluation data - with an initial and a final BG level,
and  the  total  amount  of  carbohydrates  consumed,  exercise  conducted,  and  insulin  injected between the  measure-
ments. For insulin, the time passed since injectionis noted.

To quantify model performance for comparison of different models, the errors between the predicted
and measured BG level was used to calculate the least-squares “cost” of the model (eq.(27)). This is a
measure of model fit, where small errors (and good fit) gives a lower cost.

(27)model cost = â
All data sets

Hmeasured BG - predicted BGL2
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Section 4

Results

In  the  results  section  the  collected  data  is  first  inspected.  To  analyse  the  consistency  of  the  data,
points with only one perturbation (meal/insulin) are selected, and the qualitative consequences of the
perturbation noted. Then, the performance of the bolus calculator is evaluated in two ways. First, the
difference  between  calculated  and  injected  insulin  dose  is  analysed  together  with  measured  BG
levels.  This  analysis  indicates  if  the  bolus  calculator  advice  can  improve glycemic  control.  Second,
the performance of the model in predicting BG levels is analysed.

4.1. Initial inspection of data

4.1.1. Data from subject 1

Data from subject 1 consist of five days of complete insulin, meal and BG measurements data (Figure
4.1). No exercise was performed during this time span. Daily data consists of 5-8 BG measurements,
two basal insulin injections, 3-5 bolus insulin injections, and 3-5 meals.

Meal, insulin and BG data of subject 1
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Figure 4.1: Data from subject 1. BG readings (line) are plotted against left axis, units mM. Insulin boluses (circle)
are plotted against left axis, units U. Carbohydrates (square) are plotted against right axis, units g.

Data show daily BG readings in the hyperglycemica range (> 11 mM), implying bad glucose control.
Thrice  during  these  five  days  BG  readings  in  the  hypoglycemia  range  (<  3.1  mM)  are  recorded.
Breakfast BG readings are consistently above 15 mM, and at most 22 mM. The full table of data can
be studied in Appendix 1.1. 

Modeling as a Tool to Support Self-Management of Type 1 Diabetes.nb  47



The collected data shows some irregular responses to stimuli. For example, the ratio of insulin to the
consumed carbohydrates  in  the morning is  bigger  than that  in  the afternoon,  but  still  a  reduction of
BG level is only seen in the afternoon (Figure 4.2).

Data collected for subject 1, day 1
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Figure 4.2: Diagram of BG, meal, and insulin data from subject 1, day 1. BG readings (line) are plotted against left
axis,  units  mM.  Insulin  boluses  (circle) are  plotted against  left  axis,  units  U.  Carbohydrates  (square)  are  plotted
against right axis, units g.

Meal effects

Meals are consumed without insulin bolus injection, or recent insulin injection, at two occasions. The
meals are both times associated with increases in BG level (Table 4.1), which is the expected result.

Table 4.1: Carbohydrate effect on BG

time carbs BG conc before time BG conc after

2012-10-23,14:00:00 46.2 2.9 2012-10-23,14:48:00 7.5

2012-10-24,12:04:00 75.7 8.1 2012-10-24,13:01:00 28.4

Insulin effects

Correction  insulin  boluses  are  injected  unconnected  to  meals  twice.  Once  BG level  is  decreased  at
the next reading, which is the expected result, and once BG level is instead increased (Table 4.2).

Table 4.2: Insulin effect on BG

time insulin BG conc before time BG conc after

2012-10-20,11:18:00 6. 18.1 2012-10-20,14:02:00 21.3

2012-10-21,15:53:00 6. 14.7 2012-10-21,19:47:00 10.
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4.1.2. Data from subject 2

Data  from  subject  2  consists  of  six  days  of  complete  insulin,  meal,  and  BG  measurements  data
(Figure 4.3). Exercise was performed eight times during this time span. Daily data consist of 8-13 BG
measurements, constant basal insulin infusion, 2-9 bolus insulin injections, 5-8 meals, and 0-2 exer-
cise sessions. Basal insulin infusion is 0.5 U/hour, except for at two occasions when approximately 1
U extra basal insulin is injected (02:30 day 1, 07:50 day 5).

Meal, insulin and BG data of subject 2
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Figure 4.3: Data from Subject 2. BG readings (line) are plotted against left axis. Insulin boluses (circle) are plotted
against left axis. Carbohydrates (square) are plotted against right axis.

Data show a generally good BG control with many readings in the normoglycemia range. However,
hyperglycemia is recorded at four and hypoglycemia is recorded at six occasions. These occasions are
neither connected to a certain time point in the day nor to exercise. A table of all data can be found in
Appendix 1.2. 

Comparing  data  for  different  days,  varying  total  amounts  of  insulin  are  injected.  For  example,  nine
insulin boluses injected during day 1 while only two are injected during day 5. Still, glucose control
seem to be better during day 5 than day 1 (Figure 4.4). It should be noted that subject 2 has noted two
exercise sessions during day 5, and none during day 1.
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Data collected for subject 2, day 1
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Data collected for subject 2, day 5
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Figure 4.4: Top: Diagram of BG, meal, and insulin data from subject 2, day 1. Bottom: Diagram of BG, meal, and
insulin  data  from  subject  2,  day  5.  BG  readings  (line)  are  plotted  against  left  axis.  Insulin  boluses  (circle)  are
plotted against left axis. Carbohydrates (square) are plotted against right axis.

Meal effects

Meals are consumed five times without insulin or exercise stimuli (Table 4.3). Four times BG level is
increased, which is the expected result, and once slightly decreased.

Table 4.3: Carbohydrate effect on BG

time carbs BG conc before time BG conc after

2012-10-09,10:30:00 19.8 2012-10-09,12:10:00

2012-10-08,00:48:00 32.45 2.9 2012-10-08,06:01:00 9.3

2012-10-08,18:40:00 6.395 3.5 2012-10-08,19:54:00 5.9

2012-10-09,10:30:00 31.346 3.4 2012-10-09,15:12:00 4.6

2012-10-10,19:15:00 27.6 6. 2012-10-10,20:33:00 5.5
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Insulin effects

Three  correction  boluses  are  unconnected  to  meals  or  exercise  (Table  4.4).  Of  these,  two  are  con-
nected to reductions in BG level, which is the expected result, and one to a small increase in BG level.

Table 4.4: Insulin effect on BG

time insulin BG conc before time BG conc after

2012-10-06,05:09:00 3.5 13.7 2012-10-06,10:00:00 3.1

2012-10-07,16:43:00 3.55 16.4 2012-10-07,17:33:00 16.9

2012-10-07,17:33:00 3.55 16.9 2012-10-07,18:25:00 11.2

Exercise effects

For subject 2, exercise was conducted thrice unconnected to meals or insulin bolus injections (Table
4.5).  Twice, the exercise was associated with a reduction in BG level, which is the expected result.
Once, exercise was associated with an increase in BG level.

Table 4.5: Exercise effect on BG

time used kcal BG conc before time BG conc after

2012-10-06,15:30:00 306. 5.4 2012-10-06,16:05:00 5.7

2012-10-08,18:00:00 86 5.1 2012-10-08,18:40:00 3.5

2012-10-10,18:40:00 90 7. 2012-10-10,19:15:00 6.

4.1.3. Summary of single effects

For subject 1, all described meal perturbations resulted in an increase of BG level. For insulin, correc-
tion  boluses  once  resulted  in  an  increase  and  once  in  a  decrease  of  BG  level.  For  subject  2,  meal
perturbations  five  times  resulted  in  an  increase  and  once  in  a  decrease  of  BG  level.  For  insulin,
correction  boluses  once  resulted  in  an  increase  and  twice  in  a  decrease  of  BG level.  Exercise  once
resulted in an increase and twice in a decrease of BG level. This is summarized in Table 4.6.

Table 4.6: Summary of effects on BG

perturbation increased BG reduced BG

meal 6 1

insulin 2 3

exercise 1 2
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4.2. Bolus calculator output

The bolus calculator implementation described in 3.2. Bolus calculator development  was applied on
the collected data from subject 1 and 2. Here, the results of the bolus calculations are shown.

4.2.1. Insulin bolus calculation for subject 1

The  calculated  insulin  boluses  for  subject  1  are  generally  larger  than  those  injected  (Figure  4.5).
Seven calculated boluses are larger than 20 U insulin compared to one single injected insulin bolus of
this  magnitude.  These  large  calculated  insulin  boluses  are  a  consequence  of  both  the  generally  big
meals  consumed by subject  1,  generating large  meal  boluses,  and the  high BG readings,  generating
large correction boluses.

Calculated insulin boluses for subject 1
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Figure 4.5: Bolus calculation for subject 1. Bolus calculations (circle) and BG readings (line) (top). Injected insulin
(circle) and BG readings (line) (bottom).
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4.2.2. Insulin bolus calculation for subject 2

The calculated  insulin  boluses  for  subject  2  are  more  evenly  distributed  over  the  days  compared  to
those  injected  (Figure  4.6).  Note  that  exercise  effects   increase  the  number  of  BG-lowering  events
(insulin  injections  +  exercise)  for  the  later  days.  All  exercise  sessions  should  be  compensated  with
both extra carbohydrates and reduced insulin (Table 4.7).

Calculated insulin boluses for subject 2
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Figure 4.6: Bolus calculation for subject 2. Upper: Bolus calculations (purple circle) and BG readings (pink line).
Lower: Injected insulin (blue circle), exercise event (red “ex”, dimensionless),  and BG readings (pink line)

Table 4.7: Exercise carbohydrate use and compensation

time total total compensation suggestion

kcal used carbs extra carbs reduced bolus reduced basal

2012-10-06,15:30:00 306. 54 38 -0.7 -0.3

2012-10-07,13:00:00 609 107 75 -1.4 -0.7

2012-10-08,08:25:00 87 14 11 -0.1 0

2012-10-08,18:00:00 86 13 11 -0.1 0

2012-10-09,06:50:00 321 57 40 -0.7 -0.3

2012-10-09,18:00:00 321 57 40 -0.7 -0.3

2012-10-10,06:50:00 89 14 11 -0.1 0

2012-10-10,18:40:00 90 14 11 -0.1 0

Modeling as a Tool to Support Self-Management of Type 1 Diabetes.nb  53



4.3. Bolus calculator evaluation

4.3.1. Evaluation of bolus calculator advice

The performance of the bolus calculator was first analysed by looking at the difference between the
calculated insulin bolus and the given insulin bolus together with the BG level. 

For subject 1, the bolus calculator advices a larger insulin bolus a total of 15 times (Figure 4.7, purple
circles). In about half of these cases, a larger bolus may have been a good advice, since BG according
to  the  next  reading  was  in  the  hyperglycemic  range.  For  the  other  half,  a  larger  bolus  may  have
resulted  in  better  control,  but  may  also  have  resulted  in  hypoglycemia,  since  the  chosen  value
resulted  in  readings  near,  in,  or  below  normoglycemia.  In  7  cases,  the  bolus  calculator  adviced  a
smaller insulin bolus than that  taken.  Only in one of these cases,  this advice seems good, since one
hypoglycemic event may have been avoided.

Difference calculated and injected insulin for subject 1
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Figure  4.7:  Difference  between  calculated  and  injected  insulin  (circle)  and  measured  BG  level  (line).  A  positive
purple value means that the calculated insulin bolus was higher than the injected insulin bolus. 

For subject 2, larger insulin boluses was adviced about 30 times, but of these about 20 differ less than
1 U (Figure 4.8,  circles).  Looking at  the cases where the difference is  more than 1 U, about half  of
these may have counteracted the undesired increase in BG level. However, in three cases, this could
have resulted in an hypoglycemic BG reading. There are also about 30 cases where a smaller insulin
bolus  was  adviced.  In  all  three  cases  where  hypoglycemia  was  measured,  the  bolus  calculator  do
advice smaller  boluses before this  reading is  measured,  although for  the two last  cases these differ-
ences are small. Exercise was added to the bolus calculation illustrated as a decrease in insulin corre-
sponding to 20 % of the total carbohydrates used (Figure 4.8, red circles).
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Difference calculated and injected insulin for subject 2
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Figure 4.8: Difference between calculated and injected insulin (circle), measured BG level (line), and reduced need
of insulin from exercise (square). A positive purple value means  that the calculated insulin bolus was  higher than
the injected insulin bolus. A negative red value corresponds to a calculated  reduced need of insulin.

4.3.2. Evaluation of bolus calculator predictions

The data  used  for  the  evaluation  of  the  bolus  calculator  is  shown in  Appendix  2  and  consists  of  43
data sets selected from subject 2. The bolus calculator was evaluated both including and excluding an
acute effect of exercise reducing BG.

Excluding exercise in the model

The performance of a model excluding exercise was evaluated comparing BG predictions according
to  eq.  (25)  with  measured  levels.  First,  the  errors  between  predicted  and  measured  BG levels  were
studied qualitatively (Figure 4.9). Here, the ability of the model to predict the direction of change in
BG level is analysed. The direction of change was correctly estimated for 30 of the 43 data sets.

Predicted and measured change in BG level
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Figure 4.9: Change from initial BG level to measured final BG level (square) and to predicted BG level (circle). A
qualitatively correct prediction corresponds to both dots on the same side of the x-axis.
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Also  the  magnitude  of  the  errors  between  predicted  and  measured  BG  level  was  analysed.  These
errors range between ± 15 mM (Figure 4.10). A total of 22 of the of the total 43 data sets gave predic-
tion errors within  ± 5 mM, and 4 data sets larger than  ± 10 mM. Predicted BG levels are higher than
the  measured  levels  for  about  70  %  of  the  data  sets.  The  cost  for  this  model  was  233  (calculated
according to eq. (27)). 

Difference predicted and measured BG level
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Figure 4.10: Errors in model prediction.

Including exercise in the model

Exercise was included in the predictions as an acute reduction in BG level corresponding to 20 % of
used carbohydrates (Figure 4.11). The long-term effects of exercise were not modeled. Including this
exercise effect, prediction errors within ± 5 mM increased from 22 to 27, but still 4 prediction errors
were larger than ± 10 mM. Also, model cost was reduced from 233 to 211. 

Difference predicted and measured BG level - including exercise
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Figure 4.11: Errors in model prediction including an acute BG-lowering effect on exercise.
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4.4. Improving model predictions

4.4.1. Fitting the clinical parameters

The  clinical  parameters  were  fitted  to  the  data  using  a  least-squares  fit,  thus  minimizing  the  cost
specified in eq. (27) (Figure 4.12). For the model excluding exercise, fitting clinical parameters to the
evaluation data changed the carbohydrate factor from 14.8 g/U to 17.0 g/U and the correction factor
from  4.7  mM/U  to  2.2  mM/U.  With  fitted  parameters,  prediction  errors  within  ±  5  mM  increased
from 22 to 38, and only one prediction error was larger than ± 10 mM. Also, model cost was reduced
from 233 to 125. From fitting the clinical parameters, it seems that the change in BG in data set 18 is
unusual. Including exercise and fitting the parameters gave a similar cost (121, not shown) as exclud-
ing exercise.

Difference predicted and measured BG level - fitted clinical parameters
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Figure 4.12: Errors in model predictions using fitted clinical parameters.

4.4.2. Daily update of clinical parameters 

The  clinical  parameters  were  fitted  according  to  an  updating  algorithm  where  the  fitted  clinical
parameters  from  the  closest  previous  day  was  used.  For  day  1,  the  general  parameters  were  used.
Fitted parameters to data for each day are summarized in Table 4.8. With daily update of the clinical
parameters, prediction errors within ± 5 mM increased from 22 to 36 compared to the general parame-
ters (Figure 4.13). However, 4 prediction errors were still larger than ± 10 mM. Also, model cost was
reduced from 233 to 144 (Table 4.9). Model cost was increased day 2 and reduced day 3, 4, 5, and 6.
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Table 4.8: General and fitted clinical parameters

General Fitted clinical parameters

parameters All days Day 1 Day 2 Day 3 Day 4 Day 5 Day 6 Mean Std

CarbF 14.8 17. 18.9 18. 12.4 25.3 32.9 17.2 20.8 7.2

CorrF 4.7 2.2 5.9 2.7 2.5 1.9 2.2 -0.8 2.4 2.1

General and fitted clinical parameters and mean values and standard deviations for the daily fitted parameters.

Difference predicted and measured BG level - daily fit of clinical parameters
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Figure 4.13: Errors in model predictions using daily update of clinical parameters. General parameters used day 1.
Thereafter clinical parameters are updated using a leasts-squares fit of the data from the day before.

Table 4.9: Model cost with general parameters and daily parameter update

Day 1 Day 2 Day 3 Day 4 Day 5 Day 6 Total

Cost general parameters 13 21 80 69 36 14 233

Cost daily updated parameters 13 25 41 54 5 6 144

Section 5

Discussion
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Section 5

Discussion

I  have  developed  a  bolus  calculator  based  on  algebraic  relations  between  BG level,  meals,  insulin,
and exercise. In the model, meals increase BG level, and insulin and exercise reduce BG level. The
bolus  calculator  is  based on two clinical  parameters.  These  are  the  correction factor,  stating insulin
effect on BG level, and the carbohydrate factor, stating amount carbohydrates covered by insulin. The
model evaluation showed that the model predicted direction of change in BG level better than tossing
a coin (30 accurate vs. 13 wrong). However, the quantitative errors in BG predictions were large. The
performance of the model in predicting BG levels was increased by fitting the clinical parameters to
data.

Data for model analysis was collected through Linkura’s web tools. There were some problems in the
design of the Linkura tools that made the data difficult  to use easily in a bolus calculator.  First,  the
data  sets  of  related  data  points  are  not  automatically  connected  in  the  Linkura  tools  since  meal,
exercise, and diabetes physiology data are added in different tools. Changing this could improve the
quality of the data. Second, adding of continuous pump infusions data is not supported in the Linkura
tools. Other problems include that data quality depend on the user. Meal sizes may be miscalculated,
exercise  such  as  leisure  walks  and  gardening  excluded,  etc.  Also,  subject  1  showed  very  bad
glycemic  control,  which  may  have  affect  the  metabolism  causing  unexpected  insulin,  meal,  and
exercise  responses.  Last,  infrequent  BG  measurements  are  a  major  obstacle,  since  unexpected
responses  may  not  be  detected  until  symptoms  occur.  Also,  an  earlier  unregistered  hypoglycemic
event may be the real cause of a later hyperglycemic reading, and if this is not known wrong conclu-
sions may be drawn.

The collected data was analysed to see general effects of meals, insulin, and exercise. As summarized
in  Table  4.6,  the  qualitative  effect  of  these  factors  on  BG  level  varies.  All  meals  do  not  result  in
increased BG level,  and all  insulin boluses and exercise sessions do not result  in reduced BG level.
Any model based on these factors alone cannot explain these inconsistencies.  These inconsistencies
may arise from errors in data, or unmeasured factors affecting BG level.

After this general data analysis, the bolus calculator implementation was developed. For this, general
equations were used to estimate the two clinical parameters utilised in the models. The derivation of
the  general  clinical  parameters  was  done  using  settings  data  from  insulin  pump  users  with  good
glycemic  control,  and  are  mean  values  of  the  clinical  parameters  of  this  group  of  diabetics.  The
equations  are  based  on  two  individual  parameters;  the  TDD  and  the  body  weight.  The  TDD  was
calculated using total insulin data from the five and six days of data collection respectively. If more
data  had  been  used,   more  accurate  TDDs may have  been  estimated.  Also,  the  users  were  asked to
estimate  the  DIA  for  their  bolus  insulin.  Differences  in  the  DIA  parameter  affects  correction  bolus
calculation and BG predictions. Subject 2 percieved that the DIA varies between 2.5 and 5 hours (not
mentioned in text).  A DIA value of 5 hours was used for both subjects since this parameter should
not be underestimated. Changing this parameter gave little effect on model performance (not shown).
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In  the  first  evaluation  of  the  bolus  calculator,  the  difference  between  bolus  calculator  doses  and
actual  insulin  doses  were  analyzed together  with  BG readings.  Here,  the  general  parameters  for  the
bolus calculator were used. This analysis showed that the calculated insulin boluses were very differ-
ent from the injected insulin boluses for both subjects. Although the absolute difference in bolus size
was  much  larger  for  subject  1  (about  -8  to  +20  U)  than  subject  2  (about  -5  to  +3  U),  the  relative
difference compared to mean insulin dose size is more similar. For subject 1 most calculated insulin
boluses were larger than those injected. This agrees with the generally bad glycemic control of sub-
ject 1, implying need of more insulin. About half of the adviced larger doses are associated with later
reading in the hyperglycemic range, but a few of the larger doses may have resulted in hypoglycemia.
For  subject  2,  it  is  more  difficult  to  establish  whether  calculated  doses  are  better  or  worse  than
injected doses, since it is very close between different stimulis. In general, many differences between
bolus  calculator  advice  and  injected  insulin  should  give  the  unwanted  direction  of  change  in  BG
level, indicating that this general model is inadequate.

For  the  second  evaluation,  model  predictions  of  BG  level  was  compared  to  measured  levels  for
selected data sets from subject 2. Qualitative analysis of the predicted and measured changes in BG
level showed that the model model predicts direction of change better than tossing a coin (30 correct
vs. 13 wrong). Also, only half the errors were within ± 5 mM and four errors were larger than ± 10
mM (Figures 4.10 and 4.11). These are extremely large values compared to the normoglycemic range
(4-8  mM).  Errors  are  mainly  positive  which  suggests  that  the  bolus  calculator  underestimates  the
effect of insulin. The model cost was 233 excluding exercise, and could be reduced to 211 by adding
an acute exercise effect. 

Next, the clinical parameters were fitted to the data. Fitting the parameters increased the errors within
the ± 5 mM range from 22 to 38 (of  43),  with most  prediction errors  in  the range of  -3 to +4 mM.
Model cost was reduced from 233 to 125. Including the acute exercise effect and fitting the clinical
parameters  improved  model  cost  slightly  (to  121,  not  shown).  Fitting  the  parameters  revealed  an
outlier  in  data  set  18,  where  the  large  increase  in  BG level  cannot  be  explained with  the  registered
stimulations. Fitting parameters is useful if the fitted parameters are better than the general parame-
ters  in  predicting  new  data,  and  therefore  daily  update  of  parameters  was  tested.  With  such  daily
updates, model performance was improved from 233 to 144 (Table 4.9) and 36 errors were within the
± 5 mM range (Figure 4.13). The fitted parameters were different from the general parameters, with
generally larger carbohydrate factors and smaller correction factors. However, the fitted daily clinical
parameters  also  showed  large  variability,  with  one  negative  correction  factor  implying  that  insulin
increased BG level this day. This variability may be an effect of over-fitting the parameters, using too
little data, but may also arise from errors in data or actual variations in BG responses. This variability
indicates how difficult changes in BG level are to predict.
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The  effect  of  exercise  was  evaluated  in  several  ways.  Data  analysis  indicated  the  importance  of
including exercise in the model. An exercise-induced reduced need of insulin agrees with BG data for
most exercise sessions, except for the second exercise where BG level rises high. The exercise effect
also helps to explain the reduced need of insulin for subject 2 during the last two days of data collec-
tion (Figure 4.8). Including an acute effect of exercise reduced model cost from 233 to 211 with the
general parameters and from 125 to 121 with the fitted parameters. A larger effect would be prefered
to choose to include this additional variable in the model. It is likely that the long-term effects are at
least as important as acute effects, and that including exercise in the bolus calculator in a more long-
term sense would increase model performance more.

There are some  problems with the developed bolus calculator that should be noted. First, the bolus
calculator implementation is static, and time aspects of meal-to-BG-increase, insulin-to-BG-decrease,
etc. are not accounted for in the model. The developed bolus calculator therefore cannot aid the users
in the important decisions of how to time their insulin doses. A dynamic model could provide possibil-
ities of including such timing advice in the bolus calculator. Second, hypoglycemic readings are not
modeled to induce reductions in calculated insulin boluses. Therefore, there is a risk that calculated
boluses worsen hypoglycemia. Third, there are no upper limitations incorporated to the bolus calcula-
tions, and also in the daily parameter update algorithm there are no limitations to the allowed values
of  the  clinical  parameters.  This  lack  of  limitations  for  example  caused  the  correction  factor  to  be
estimated to a negative value once. This is not realistic, and can cause very strange advice. Last, for
any bolus calculator based on this type of data, insulin dose advice should be given with a disclaimer,
ensuring that the users carefully assess the adequacy of the advice.
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Section 6

Conclusions

I  have  developed  a  bolus  calculator  based  on  algebraic  relations  between  BG level,  meals,  insulin,
and exercise. Meals are modeled to increase BG level and both insulin and exercise are modeled to
reduce BG level. The bolus calculator is based on two clinical parameters describing insulin effect on
BG  level  (correction  factor)  and  amount  carbohydrates  covered  by  insulin  (carbohydrate  factor).  I
have evaluated the usefulness of this bolus calculator on data from Linkura’s web tools. Analysis of
data collected from Linkura’s web tools showed that all changes in BG level cannot be predicted with
any model based on meals, insulin, and exercise.  These inconsistencies may result from user errors.
The performance of the bolus calculator to predict BG levels was evaluated. The evaluation showed
that general clinical parameters are unsuitable for use in a bolus calculator, since the errors in bolus
calculations  were  large.   Performance  was  increased  by  adopting  an  update-algorithm  where  the
clinical parameters were updated using previous data. Still, also with fitting and update of the clinical
parameters, better model performance is prefered for use in a bolus calculator. However, due to data
inconsistencies,  a  more  complex  model  may not  improve  bolus  calculator  performance.  The  results
show potential in developing bolus calculator tools combined with the Linkura tools.
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Section 7

Recommendations and future work

The developed bolus calculator must be further developed and evaluated before incorporation in any
commercial tool. The most important development regards the safety of the calculator. Hypoglycemic
readings  should  induce  reductions  in  calculated insulin  boluses  and limitations  to  insulin  doses  and
estimated clinical parameters should be included. The results suggest that an update algorithm would
increase  bolus  calculator  performance.  For  such  algorithm,  the  frequency of  parameter  update  must
be evaluated. Frequent updates increases model adaptability and sensitivity to changes in the insulin
sensitivity  of  the  user,  but  also  increases  risk  of  estimating  inaccurate  parameters  from  errors  and
inconsistencies  in  data.  It  should  also  be  evaluated  whether  a  weight-function  where  recent  data
affect  parameter  estimations more than old data  could increase the stability  and performance of  the
model.

For including exercise in bolus calculations, the long-term effects of exercise must be further evalu-
ated. Also, a method for including long-term effects in bolus calculations must be developed.

Before incorporation of a bolus calculator in the Linkura tools,  the tools must be developed. If  data
from several tools,  for example the meal tool combined with the physiology tool,  is  to be used in a
bolus  calculator,  these tools  must  be  synchronized.  This  synchronization should for  example ensure
that data points correlate in time.

For further evaluating the usefulness of a bolus calculator in the Linkura tools, an experiment where
the user’s guess of the result of a set of stimulis is compared to calculator predictions was suggested.
Such an experiment would indicate whether a bolus calculator perform better than users in predicting
BG levels, without requiring users to follow bolus calculator advice.
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Appendix

A.1. Collected data

A.1.1. Subject 1

Table A1: Data from subject 1

time carbohydrates BG conc insulin HUL
HgL HmML basal bolus

1 2012-10-20,01:04:00 2.8

2 2012-10-20,08:05:00 88.6 18.7 16. 18.

3 2012-10-20,11:18:00 18.1 6.

4 2012-10-20,12:57:00 18.3

5 2012-10-20,14:02:00 60.2 21.3 9.

6 2012-10-20,15:52:00 6.9

7 2012-10-20,15:56:00 8.2

8 2012-10-20,19:21:00 38.7 9.7 13. 6.5

9 2012-10-21,07:57:00 88.6 22.1 14. 18.

10 2012-10-21,13:36:00 139.1 8.3 7.

11 2012-10-21,15:53:00 14.7 6.

12 2012-10-21,19:47:00 5.8 10. 14. 7.

13 2012-10-21,23:27:00 4.7

14 2012-10-22,02:15:00 2.9

15 2012-10-22,02:24:00 4.2

16 2012-10-22,07:09:00 88.8 16.4 15. 16.

17 2012-10-22,13:32:00 5.8 10.1 6.5

18 2012-10-22,18:42:00 91.9 10.8 15. 10.5

19 2012-10-22,21:40:00 8.

20 2012-10-23,08:19:00 88.6 20.6 16. 21.

21 2012-10-23,12:25:00 87. 9.7 7.

22 2012-10-23,14:00:00 46.2 2.9

23 2012-10-23,14:48:00 7.5

24 2012-10-23,16:04:00 1.4 5.2 5.

25 2012-10-23,19:51:00 8.8 16.

26 2012-10-24,07:39:00 88.6 19.2 16. 20.

27 2012-10-24,08:46:00 15.4

28 2012-10-24,11:00:00 29.7

29 2012-10-24,12:04:00 75.7 8.1

30 2012-10-24,13:01:00 28.4 14.

31 2012-10-24,18:25:00 113.7 15.3 18. 8.

32 2012-10-24,20:28:00 70.3 14. 5.

33 2012-10-24,21:54:00 9.9 4.

34 2012-10-24,23:15:00 10.4
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A.1.2. Subject 2

Table A2a: Data from subject 2, 1-50

time carbs BG conc exercise insulin HUL
HgL HmML HkcalL HhL basal bolus

1 2012-10-05,02:30:00 0.97

2 2012-10-05,03:55:00 3.7

3 2012-10-05,05:15:00 0.5

4 2012-10-05,06:30:00 20.5 2.45

5 2012-10-05,08:00:00 3.2 6.2

6 2012-10-05,09:40:00 4.5

7 2012-10-05,10:40:00 31.

8 2012-10-05,12:11:00 9. 2.3

9 2012-10-05,13:12:00 31. 2.55

10 2012-10-05,14:15:00 7.2 1.

11 2012-10-05,15:17:00 43. 1.8

12 2012-10-05,16:17:00 7.4 0.8

13 2012-10-05,17:10:00 6.5

14 2012-10-05,19:15:00 18.7 2.35

15 2012-10-05,19:57:00 14.2 11.9 3.4

16 2012-10-05,22:16:00 33.9 4.95

17 2012-10-05,23:37:00 4.

18 2012-10-06,05:09:00 13.7 3.5

19 2012-10-06,10:00:00 41.6 3.1 4.25

20 2012-10-06,12:15:00 19.9 2.4

21 2012-10-06,12:54:00 3.3

22 2012-10-06,13:59:00 6.5

23 2012-10-06,15:30:00 5.4 306. 0.58

24 2012-10-06,16:05:00 5.7

25 2012-10-06,17:25:00 15.1 6.3 2.35

26 2012-10-06,18:40:00 7.4

27 2012-10-06,20:04:50 2.6

28 2012-10-06,21:04:00 5.1

29 2012-10-06,21:36:00 19.8 4.6

30 2012-10-07,06:30:00 7.5 0.8

31 2012-10-07,07:30:00 26.9 2.6 2.

32 2012-10-07,10:56:00 63.8 3.3 3.8

33 2012-10-07,11:58:00 13.4 2.05

34 2012-10-07,12:31:00 22.8 8.8

35 2012-10-07,13:00:00 609 0.97

36 2012-10-07,14:03:00 6.6

37 2012-10-07,14:56:00 3.9

38 2012-10-07,16:43:00 16.4 3.55

39 2012-10-07,17:33:00 16.9 3.55

40 2012-10-07,18:25:00 11.2

41 2012-10-07,18:41:00 7.8 9.1 1.45

42 2012-10-07,19:27:00 1.6 5.7

43 2012-10-07,20:05:00 17.4 3.2

44 2012-10-07,22:27:00 4.1

45 2012-10-08,00:48:00 32.4 2.9

46 2012-10-08,06:01:00 9.3 1.3

47 2012-10-08,07:35:00 32.2 4.2 2.6

48 2012-10-08,08:25:00 87 0.38

49 2012-10-08,09:00:00 10.3

50 2012-10-08,09:50:00 19.6 2.3
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Table A2b: Data from subject 2, 51-91

time carbs BG conc exercise insulin HUL
HgL HmML HkcalL HhL basal bolus

1 2012-10-08,10:30:00 16.3 1.05

2 2012-10-08,12:14:00 40.6 2.9

3 2012-10-08,12:43:00 1.8

4 2012-10-08,13:20:00 6.

5 2012-10-08,13:57:00 7.2 0.8

6 2012-10-08,14:47:00 9. 1.55

7 2012-10-08,15:40:00 2.7

8 2012-10-08,16:44:00 5.1

9 2012-10-08,18:00:00 86 0.4

10 2012-10-08,18:40:00 6.4 3.5

11 2012-10-08,19:54:00 5.9

12 2012-10-08,20:43:00 7. 0.85

13 2012-10-08,21:54:00 6.1

14 2012-10-09,06:35:00 32.8 2.1

15 2012-10-09,06:50:00 321 0.57

16 2012-10-09,07:28:00 4.2

17 2012-10-09,07:50:00 1.25

18 2012-10-09,08:00:00 3.6

19 2012-10-09,09:12:00 0.5

20 2012-10-09,10:30:00 19.8 3.4

21 2012-10-09,12:10:00 11.5

22 2012-10-09,15:12:00 4.6

23 2012-10-09,17:50:00 18.9 5.4

24 2012-10-09,18:00:00 321 0.57

25 2012-10-09,18:45:00 8. 5. 1.05

26 2012-10-09,19:55:00 14.4 8.8 2.35

27 2012-10-09,21:20:00 12.3 5.8

28 2012-10-10,06:00:00 28.9 4.1 1.55

29 2012-10-10,06:50:00 89 0.42

30 2012-10-10,07:35:00 13.9 3.5

31 2012-10-10,08:15:00 5.2

32 2012-10-10,12:15:00 22.9 5.7 2.3

33 2012-10-10,13:15:00 0.8

34 2012-10-10,14:15:00 4.5

35 2012-10-10,16:10:00 6.4

36 2012-10-10,17:02:00 7.

37 2012-10-10,18:40:00 90 0.37

38 2012-10-10,19:15:00 27.6 6.

39 2012-10-10,20:10:00 3.2

40 2012-10-10,20:33:00 3.5 5.5

41 2012-10-10,21:50:00 6.1
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A.2. Prediction data

Table A3: Prediction data from subject 2

time carbs BG concHmML exercise insulinHULÈHhL
fasting prandial HkcalL HhL bolus t bolus t bolus t bolus t

1 2012-10-05,06:30:00 20.5 3.7 6.2 0. 0. 2.45 1.5

2 2012-10-05,06:30:00 23.7 3.7 4.4 0. 0. 2.45 3

3 2012-10-05,06:30:00 54.7 3.7 9 0. 0. 2.45 4.5

4 2012-10-05,12:11:00 31. 9 7.2 0. 0. 2.3 2 2.55 1

5 2012-10-05,12:11:00 74. 9 7.4 0. 0. 2.3 4 2.55 3 1 2 1.8 1

6 2012-10-06,05:09:00 0. 13.7 3.1 0. 0. 3.5 5

7 2012-10-06,10:00:00 41.6 3.1 2.4 0. 0. 4.25 2

8 2012-10-06,10:00:00 61.5 3.1 3.3 0. 0. 4.25 3

9 2012-10-06,10:00:00 61.5 3.1 6.5 0. 0. 4.25 4

10 2012-10-06,17:25:00 15.1 6.3 7.4 0. 0. 2.35 1.5

11 2012-10-06,17:25:00 17.7 6.3 5.1 0. 0. 2.35 3.5

12 2012-10-07,06:30:00 0. 7.5 2.6 0. 0. 0.8 1

13 2012-10-07,07:30:00 26.9 7.5 3.3 0. 0. 0.8 4.5 2 3.5

14 2012-10-07,07:30:00 26.9 2.6 3.3 0. 0. 2 3.5

15 2012-10-07,10:56:00 63.8 3.3 13.4 0. 0. 3.8 1

16 2012-10-07,10:56:00 66.1 3.3 8.8 0. 0. 3.8 2.5 2.05 1.5

17 2012-10-07,10:56:00 86.6 3.3 6.6 609 0.97 3.8 3 2.05 2

18 2012-10-07,10:56:00 90. 3.3 16.4 609 0.97 3.8 6 2.05 5

19 2012-10-07,16:43:00 0. 16.4 16.9 0. 0. 3.55 1

20 2012-10-07,16:43:00 0. 16.4 11.2 0. 0. 3.55 2 3.55 1

21 2012-10-07,16:43:00 0. 16.4 9.1 0. 0. 3.55 2.5 3.55 1.5

22 2012-10-07,16:43:00 7.8 16.4 5.7 0. 0. 3.55 3 3.55 2 1.45 0.5

23 2012-10-07,16:43:00 9.4 16.4 3.2 0. 0. 3.55 3.5 3.55 2.5 1.45 1

24 2012-10-07,16:43:00 26.8 16.4 4.1 0. 0. 3.55 5.5 3.55 4.5 1.45 3

25 2012-10-08,00:48:00 32.4 2.9 9.3 0. 0. 0. 5

26 2012-10-08,06:01:00 0. 9.3 4.2 0. 0. 1.3 1.5

27 2012-10-08,06:01:00 42.4 9.3 2.3 87 0.38 1.3 4 2.6 2.5

28 2012-10-08,07:35:00 42.4 4.2 2.3 87 0.38 2.6 2.5

29 2012-10-08,06:01:00 78.4 9.3 2.9 87 0.38 1.3 6 2.6 4.5 1.05 1.5

30 2012-10-08,07:35:00 78.4 4.2 2.9 87 0.38 2.6 4.5 1.05 1.5

31 2012-10-08,12:14:00 40.6 2.9 6 0. 0. 1.05 3 1.8 1

32 2012-10-08,12:14:00 40.6 2.9 7.2 0. 0. 1.05 3.5 1.8 1.5

33 2012-10-08,12:14:00 40.6 2.9 9 0. 0. 1.05 4.5 1.8 2.5 0.8 1

34 2012-10-08,12:14:00 43.3 2.9 5.1 0. 0. 1.05 6.5 1.8 4.5 0.8 3 1.55 2

35 2012-10-08,20:43:00 0. 7. 6.1 0. 0. 0.8 1

36 2012-10-09,06:35:00 32.8 2.1 4.2 321 0.57 0. 1

37 2012-10-09,06:35:00 36.4 2.1 3.4 321 0.57 1 2.5

38 2012-10-09,17:50:00 18.9 5.4 5 321 0.57 0. 1

39 2012-10-09,17:50:00 29. 5.4 8.8 321 0.57 1.05 1

40 2012-10-09,17:50:00 41.3 5.4 5.8 321 0.57 1.05 2 2.35 1

41 2012-10-10,06:00:00 28.9 4.1 3.5 89 0.42 1. 1.5 0.55 1

42 2012-10-10,12:15:00 23.7 5.7 4.5 0. 0. 2.3 2

43 2012-10-10,12:15:00 23.7 5.7 6.4 0. 0. 2.3 4
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