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Introduction

Currently over 3.2 million people in the UK have been diagnosed with diabetes mellitus type 2 (T2DM).
Moreover, 90% of these cases represent T2DM. T2DM is a growing problem in the UK, with a dramatic
increase recorded each year. Based on current trends it is estimated that there will be 5 million people in

the UK with diabetes by 2025 (1).

T2DM can increase the risk of stroke, kidney failure, retinopathy, cardiac failure, angina and amputations
resulting in increased costs to the NHS. Obesity is one of the major risk factors for DMT2. Other risk
factors include age, hypertension, tobacco consumption, pre-diabetes, parental history of diabetes, statins
and ethnicity (2,3). Both pre-diabetes and diabetes may be diagnosed by an impaired fasting glucose
(IFG) and an impaired glucose tolerance (IGT) test along with symptoms such as polyuria. The glucose

concentrations by diabetes state and glucose measure are detailed in Table 1 (4).

Table 1 Glucose measures and the outcomes for determining both pre-diabetes and diabetes.

Glucose measure

Diabetes state | Impaired fasting glucose (IFG) | Impaired glucose tolerance (IGT)
Pre-diabetes | =6.1 mmol/L and <7 mmol/L | 27.8 mmol/L and <11.1 mmol/L
T2DM >7 mmol/L 211.1 mmol/L

Research suggests that a combination of measures may be more effective than a single measurement in
diagnosing type 2 diabetes (5-8). Hu (6) and Inoue (8) found a combination of FPG and HbA1c was more
sensitive than using either measurement alone for type 2 diabetes and IGT diagnosis. In morbidly obese
patients, using fPG with the WHO recommended cut-off of 6.1 mmol/l identified 95% of subjects with
unknown diabetes, whilst additional OGTT tests identified the remaining subjects (9). Sullivan (10) found
stratification of high risk patients identified by IFG had improved identification of risk level when used in
combination with the PreDx Diabetes Risk Score, with an incremental cost-effectiveness ratio of
$17,100/QALY at 5 and cost saving in 10 years. Pajunen (11) found that based on the OGTT tests, 60% of

subjects would have been undiagnosed if based on HbAlc >6.5%.

Seif-Rabiei (12) found IFG had an 80.25% sensitivity whilst Cambuli (13) found IFG did not detect IGT in

children, with a predictive value of 73% and sensitivity 17.6%.

Other tests for predicting diabetes included the ‘muffin test’ and Oral disposition index (DI(0)). The
‘muffin test’ had 100% sensitivity compared to OGTT when diagnosing IGT (14). DI(0) was effective in
predicting the development of diabetes (15).



Previously, a wide range of mathematical methods have been used to model diabetes progression. An
ordinary differential equation model of diabetes categorised people with diabetes into two stages either
with or without complications. The simulations gave information about the evolution of people between
these two stages. Different scenarios which aimed at altering the rate of this progression where evaluated
in terms of their cost-effectiveness and output (16). Some models have focused on diabetes as a single
discrete state (17) whereas other models have simulated the glucose levels of individuals with time.

Individuals in these models get diabetes when their glucose levels are within the predefined range (18).

This EConDA diabetes model included two discrete states: pre-diabetes and diabetes. A microsimulation
model will be used to study the impact of obesity on the prevalence of different stages of diabetes.

Previous models have focused on diabetes as a single state disease.

Model structure

The microsimulation model has been extended to include the ability to model diabetes by state. The

structure of the model is shown in Figure 1.
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Figure 1 Schematic of diabetes multistate model structure. Risk factors BMI, age and sex are used
to determine the incidence risk of transitioning between the two stages of diabetes. These stages
include pre-T2DM and T2DM. Remission is only possible for individuals in the pre-T2DM state of
the disease.

The modelling process used in this study is a dual modelling process. Firstly, BMI projections to 2035
have been created by fitting cross-sectional data to multivariate categorical regression models. The cross-
sectional data used in this study has varied dependent on the country studied. For example in the UK,
Health Survey for England annual datasets from 2000 until 2012 have been used. These BMI projections
are used as input data for the microsimulation model. The microsimulation model originally developed
for the Foresight: Tackling Obesities project (19) was adapted and further developed as part of the
European Commission funded project EConDA (econdaproject.eu) to model multiple stages of T2DM. The

BMI trends are used in the model to define an individuals’ BMI based on their age and sex and control



how their BMI will change with time as they age. An individual’s BMI, age and sex will dictate the
probability of an individual contracting a disease or state of a disease such as diabetes. In this model
diabetes is not modelled as a terminal disease, so a simulated individual may die from other causes or

terminal diseases in the model.

For single state diseases the incidence risk is calibrated based on the different BMI RR’s because we do
not have accurate incidence risk data by BMI category (e.g. healthy weight). For multistate diseases the
calibration is applied to each state transition for both incidence and remission risk data. Further details of

this method are described in the technical appendix B4.

Disease statistics

Many different disease statistics are required to model a multistage disease. These include relative risks,
incidence and prevalence data. Diabetes is modelled as a non-terminal disease so survival data is not

required in this instance.

Prevalence

Prevalence data for both stages of diabetes were obtained from the International Diabetes Federation.

The prevalence data for pre-diabetes was represented by individuals with IGT.

Incidence
Incidence data collected for diabetes was separated into the incidence of diabetes from stage 0
(normoglycaemia) and the incidence of diabetes from stage 1 (pre-diabetes). The method used in the

process is discussed in more detail in the technical appendix B4.

These two sets of incidence statistics (stage 0 to stage 2 and stage 1 to stage 2) were used along with the
prevalence data for pre-diabetes and diabetes and the pre-diabetes remission data to approximate the

incidence of pre-diabetes. This method is detailed in the technical appendix B4.

Relative risks

Relative risk data for diabetes and pre-diabetes was approximated by BMI category (healthy weight,
overweight and obese) from the Prevention of Renal and Vascular End-Stage Disease (PREVEND)
longitudinal study.

PREVEND database analysis

The PREVEND database contains a maximum of four follow ups (FU) for each individual in the study.
Impaired fasting plasma glucose levels were analysed at each FU, if an individual fasted prior to the
glucose measurement. The following definitions were used to classify individuals as either

normoglycaemic, pre-diabetic and T2DM.

1. Normoglycaemia = IFG levels <6.1 mmol/L and not taking any antidiabetic treatment.
2. Pre-diabetes = IFG levels 26.1 mmol/L and <7 mmol/L and not taking any antidiabetic treatment.
3. Diabetes = Either IFG levels 27 mmol/L and not taking any antidiabetic treatment or any IFG

level and taking antidiabetic treatment.



In this analysis it has been assumed that pre-diabetics are not prescribed antidiabetic treatment. Any
subjects with incomplete data were removed from the analysis. Moreover, any subjects who were already
categorised with diabetes mellitus and on insulin at baseline were excluded from the analysis. It was

assumed that these individuals already had type I diabetes.

Incidence risk data

Incidence statistics were approximated for the following transitions:

Normal state (state 0) -> Pre-diabetes (state 1)
Normal state (state 0) -> Diabetes (state 2)

Pre-diabetes (state 1) -> Diabetes (state 2)

Bw b

Pre-diabetes (state 1) -> Normal state (state 0)

Between each pair of follow ups the incidence of pre-diabetes and diabetes was recorded and stratified by
BMI and time between follow up. The BMI category was determined based on the person’s BMI at the end

follow up for each follow up analysis. The following BMI categories were used in this analysis:

1. Healthy weight = BMI < 25 kg/m?
2. Overweight = 25 < BMI < 30 kg/m?
3. Obese = BMI = 30 kg/m?

The time between two follow ups varied for each individual and was approximated to the nearest year.
All of the data collected between different pairs of follow-ups was pooled and analysed by the number of
years between two follow-ups. The observed transitions for a 2, 3 and 4 year follow up are stratified by
BMI category and summarised in Table 2, Table 3 and Table 4.

Table 2 A summary of the diabetes state transitions of healthy weight (BMI < 25 kg/m?)

individuals by 2, 3 and 4 years between follow-ups. Where the possible diabetes states are
normoglycaemia (0), pre-diabetes (1) and diabetes (2).

Initial State Final state
0 1 2
2 year transitions
0 1278 8 5
1 36
2 7 1 25

3 year transitions

0 1686 48 7
1 10 4 4
2 3 2 42

4 year transitions

0 1273 31 16
1 5 2 0
2 0 1 10




Table 3 A summary of the diabetes state transitions of pre-obese (25 < BMI < 30 kg/m?)
individuals by 2, 3 and 4 years between follow-ups. Where the possible diabetes states are
normoglycaemia (0), pre-diabetes (1) and diabetes (2).

Initial State Final state
0 1 2
2 year transitions
0 1407 28 11
1 43 17 15
2 13 4 61
3 year transitions
0 1522 71 17
1 21 18 19
2 5 4 81
4 year transitions
0 1226 57 23
1 16 9 16
2 2 2 29

Table 4 A summary of the diabetes state transitions of obese (BMI = 30 kg/m?) individuals by 2, 3
and 4 years between follow-ups. Where the possible diabetes states are normoglycaemia (0), pre-
diabetes (1) and diabetes (2).

Initial State Final state
0 1 2
2 year transitions
0 522 33 14
1 35 9 13
2 8 6 67

3 year transitions

0 454 62 30
1 16 11 13
2 3 4 101

4 year transitions

0 434 34 33
1 8 8 15
2 4 2 20

Approximating one year transition matrices

The follow ups in the PREVEND study were not completed annually. In order to obtain annual relative
risks so that they could be used directly in the model the incidence data obtained from 2, 3 and 4 year
follow ups was used to approximate the 1 year incidence risk for PREVEND. A small number of people

were followed up after 5 or 6 years, however, this dataset was too small to use for this analysis. The EM



algorithm was used to compute an estimation for the 1 year transition matrix (20). The application of this
method to the 2, 3 and 4 year follow up data (Table 2, Table 3 and Table 4) is described in the technical
appendix B4. An approximation for the one year transition probability by BMI category is shown in Table

5, Table 6, Table 7 and Table 8.

Table 5 The one year transition probability matrix for all BMI groups estimated from the

PREVEND study
All BMI categories Final state
Initial State 0 1 2
0 0.978 0.019 0.003
1 0.290 0.591 0.119
2 0.000 0.000 1.000

Table 6 The one year transition probability matrix for health weight individuals estimated from

the PREVEND study
Health Weight Final state
Initial State 0 1 2
0 0.986 0.012 0.002
1 0.496 0.460 0.043
2 0.000 0.000 1.000

Table 7 The one year transition probability matrix for overweight individuals estimated from the

PREVEND study
Overweight Final state
Initial State 0 1 2
0 0.980 0.018 0.002
1 0.244 0.629 0.128
2 0.000 0.000 1.000

Table 8 The one year transition probability matrix for obese individuals estimated from the

PREVEND study

Obese Final state

Initial State 0 1 2

0 0.944 0.044 0.011
1 0.278 0.579 0.142
2 0.000 0.000 1.000

The bootstrapping method as described in the technical appendix B4 was used to obtain a mean and 95%

CI for the RR’s. A summary of the results is shown in Table 9.



Table 9 Mean RR's approximated for pre-diabetes and diabetes by BMI category

BMI
Transitions
Normal Weight | Overweight (mean) | 95% CI Obese (mean) | 95% CI
0->1 1 1.462754 0.017145 3.622611 0.038722
1->2 1 2.390031 0.1118772 2.725526 0.1216039
0->2 1 1.373392 0.04173235 | 7.595739 0.1804023
1->0 1 0.5459446 0.008719087 | 0.6242302 0.00708018

A previous study has reported a RR of 4.7 (2.71-6.7) for developing diabetes given impaired fasting

glucose (pre-diabetes).

Dataset limitations

There w

1.

Model

ere a number of limitations with using the PREVEND database:

The study did not represent the whole population and was limited to an age range of
approximately 28 to 75 years in follow-up one and 37 to 85 years in follow-up four.

A closed cohort population was used for the study.

The study was relatively small and consisted of ~4200 participants.

Due to the relatively small sample size RR’s were only stratified by BMI category and not by age
and sex.

The duration between each follow-up varied for each individual.

A previous study observed that only 25% of individuals within a Caucasian population have both
IFG and IGT when compared to individuals having just one of these measures (21). The RR’s have
been approximated from the PREVEND dataset which only provides an IFG measurement as

opposed to IGT.

assumptions

There are a number of assumptions which have been made in the mathematical model:

1.

When an individual enters into the final stage of the diabetes disease they are unable to
transition back to pre-diabetes or normoglycaemia.

Pre-diabetes and diabetes are non-terminal diseases (22,23).

For the baseline model (without any interventions) pre-diabetes and diabetes screening is not
being considered.

The time lag between diagnosis and contraction of both diabetes and pre-diabetes is not being
considered.

BMI is assumed to be a risk factor for pre-diabetes and diabetes. The effects of diabetes on BMI

has not been considered.



6. Pre-diabetes has been determined from measurements for impaired fasting glucose (IFG)

measurements.



Bibliography

1.

10.

11.

12.

Diabetes UK. Diabetes: Facts and Stats. 2014.

Tabdk AG, Herder C, Rathmann W, Brunner EJ, Kivimadki M. Prediabetes: a high-risk state for diabetes
development. Lancet [Internet]. 2012 Jun 16 [cited 2014 Apr 10];379(9833):2279-90. Available from:
http://www.ncbi.nlm.nih.gov/pubmed/3891203

Risk factors | International Diabetes Federation [Internet]. [cited 2015 Nov 13]. Available from:
https://www.idf.org/about-diabetes/risk-factors

World Health Organization and International Diabetes Federation. Definition and diagnosis of diabetes
mellitus and intermediate hyperglycaemia: report of a WH [Internet]. Chemistry & .... 2006. Available
from: http://onlinelibrary.wiley.com/doi/10.1002/cbdv.200490137/abstract

Selvin E, Crainiceanu CM, Brancati FL, Coresh J. Short-term variability in measures of glycemia and
implications for the classification of diabetes. Arch Intern Med [Internet]. 2007 Jul 23;167(14):1545—
51. Available from: http://www.ncbi.nlm.nih.gov/pubmed/17646610

Hu Y, Liu W, Chen Y, Zhang M, Wang L, Zhou H, et al. Combined use of fasting plasma glucose and
glycated hemoglobin Alc in the screening of diabetes and impaired glucose tolerance. Acta Diabetol
[Internet]. 2010 Sep;47(3):231-6. Available from: http://www.ncbi.nlm.nih.gov/pubmed/19760291

Petersen JL, McGuire DK. Impaired glucose tolerance and impaired fasting glucose--a review of
diagnosis, clinical implications and management. Diabetes Vasc Dis Res [Internet]. 2005 Feb;2(1):9-15.
Available from: http://www.ncbi.nlm.nih.gov/pubmed/16305067

Inoue K, Matsumoto M, Kobayashi Y. The combination of fasting plasma glucose and glycosylated
hemoglobin predicts type 2 diabetes in Japanese workers. Diabetes Res Clin Pract [Internet]. 2007
Sep;77(3):451-8. Available from: http://www.ncbi.nIm.nih.gov/pubmed/17346846

Hofsg D, Jenssen T, Hager H, Rgislien J, Hjelmesaeth J. Fasting plasma glucose in the screening for type
2 diabetes in morbidly obese subjects. Obes Surg [Internet]. 2010 Mar;20(3):302—7. Available from:
http://www.ncbi.nlm.nih.gov/pubmed/19949889

Sullivan SD, Garrison LP, Rinde H, Kolberg J, Moler EJ. Cost-effectiveness of risk stratification for
preventing type 2 diabetes using a multi-marker diabetes risk score. J Med Econ [Internet].
2011;14(5):609-16. Available from: http://www.ncbi.nlm.nih.gov/pubmed/21740291

Pajunen P, Peltonen M, Eriksson JG, llanne-Parikka P, Aunola S, Keindanen-Kiukaanniemi S, et al.
HbA(1c) in diagnosing and predicting Type 2 diabetes in impaired glucose tolerance: the Finnish
Diabetes Prevention Study. Diabet Med [Internet]. 2011 Jan;28(1):36-42. Available from:
http://www.ncbi.nlm.nih.gov/pubmed/21166843

Seif Rabiei MA, Moradi A. Evaluating a diabetes screening program in older than age 30 rural
populations, Hamedan District, Iran. Soc Work Public Health [Internet]. 2013;28(6):591-5. Available
from: http://www.ncbi.nlm.nih.gov/pubmed/23944169



13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

Cambuli VM, Incani M, Pilia S, Congiu T, Cavallo MG, Cossu E, et al. Oral glucose tolerance test in Italian
overweight/obese children and adolescents results in a very high prevalence of impaired fasting
glycaemia, but not of diabetes. Diabetes Metab Res Rev [Internet]. 2009 Sep;25(6):528—-34. Available
from: http://www.ncbi.nlm.nih.gov/pubmed/19496065

Traub ML, Jain A, Maslow B-S, Pal L, Stein DT, Santoro N, et al. The “muffin test”--an alternative to the
oral glucose tolerance test for detecting impaired glucose tolerance. Menopause [Internet]. 2012
Jan;19(1):62-6. Available from: http://www.ncbi.nlm.nih.gov/pubmed/21946089

Utzschneider KM, Prigeon RL, Faulenbach M V, Tong J, Carr DB, Boyko EJ, et al. Oral disposition index
predicts the development of future diabetes above and beyond fasting and 2-h glucose levels. Diabetes
Care [Internet]. 2009 Feb;32(2):335-41. Available from:
http://www.ncbi.nlm.nih.gov/pubmed/18957530

Boutayeb a, Twizell EH, Achouayb K, Chetouani a. A mathematical model for the burden of diabetes
and its complications. Biomed Eng Online [Internet]. 2004 Jun 28 [cited 2014 Mar 4];3(1):20. Available
from:
http://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=449725&tool=pmcentrez&rendertype=ab
stract

Al-Quwaidhi AJ, Pearce MS, Sobngwi E, Critchley J a, O’Flaherty M. Comparison of type 2 diabetes
prevalence estimates in Saudi Arabia from a validated Markov model against the International
Diabetes Federation and other modelling studies. Diabetes Res Clin Pract [Internet]. Elsevier Ireland
Ltd; 2014 Jan 3 [cited 2014 Jan 30];1-8. Available from:
http://www.ncbi.nIm.nih.gov/pubmed/24447810

Grover SA, Kaouache M, Rempel P, Joseph L, Dawes M, Lau DCW, et al. Years of life lost and healthy
life-years lost from diabetes and cardiovascular disease in overweight and obese people: a modelling
study. lancet Diabetes Endocrinol [Internet]. 2015 Feb [cited 2015 Nov 12];3(2):114-22. Available
from: http://www.ncbi.nlm.nih.gov/pubmed/25483220

Government Office for Science. Tackling Obesities: Future Choices. Project Report. 2nd ed. 2007.

Craig BA, Sendi PP. Estimation of the transition matrix of a discrete-time Markov chain. Health Econ
[Internet]. 2002 Jan [cited 2015 Mar 26];11(1):33-42. Available from:
http://www.ncbi.nlm.nih.gov/pubmed/11788980

DECODE Study Group. Age- and sex-specific prevalences of diabetes and impaired glucose regulation in
13 European cohorts. Diabetes Care [Internet]. 2003 Jan [cited 2015 Jul 23];26(1):61-9. Available from:
http://www.ncbi.nlm.nih.gov/pubmed/12502659

Roglic G, Unwin N. Mortality attributable to diabetes: estimates for the year 2010. Diabetes Res Clin
Pract [Internet]. 2010 Jan [cited 2015  Jun 26];87(1):15-9. Available  from:
http://www.ncbi.nIm.nih.gov/pubmed/19914728

World Health Organization. GLOBAL HEALTH RISKS, Mortality and burden of disease attributable to
selected major risks. 2009.

10



11



