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Zusammenfassung 
 
Computersimulationsmodelle des Typ-2-Diabetes mellitus (T2DM) werden in der gesund-

heitsökonomischen Evaluation zur Beurteilung der Kosteneffektivität von therapeutischen und 

präventiven Maßnahmen eingesetzt. Damit diese Modelle von Entscheidungsträgern allgemein 

eingesetzt werden können, muss die Validität dieser Modelle überprüft werden. Externe Vali-

dierung kann zur Beurteilung einer generellen Anwendbarkeit verwendet werden, indem ein 

Modell die beobachteten Ergebnisse einer neuen und unabhängigen (klinischen) Studie simu-

lieren sollte. Es gibt mehrere Leitlinien und Empfehlungen zur Durchführung von externer Va-

lidierung, jedoch gibt es keine systematische Übersichtsarbeit über die derzeitige Praxis. Das 

Ziel dieser Arbeit war, eine systematische Literaturübersicht durchzuführen, um die externen 

Validierungsansätze bei Simulationsmodellen von T2DM zu beschreiben und zu bewerten. 

Der systematische Literaturübersicht (SLR) wurde in Anlehnung an die Preferred Reporting 

Items for Systematic Reviews and Meta-Analyses (PRISMA) durchgeführt. Dazu wurden im 

September 2017 und im Mai 2020 15 Datenbanken durchsucht und es wurde ein Titel- und 

Abstract- sowie ein Volltextscreening durchgeführt, um Modelle nach zuvor festgelegten Kri-

terien auszuwählen. Nur Modelle mit realisierter externer Validierung wurden einer Datenex-

traktion und -synthese unterzogen. Die Analyse wird aufgrund der Vielfalt der Modelle und der 

externen Validierungsmethoden in einer narrativen und deskriptiven Weise präsentiert. 

Die Recherche lieferte insgesamt 21.737 Treffer. Nach dem Titel- und Abstractscreening 

wurden 79 T2DM-Modelle identifiziert und 24 von ihnen ausgewählt, für die eine externe 

Validierung durchgeführt oder erwähnt wurde (in 43 Veröffentlichungen). Weiterhin wurden 6 

Modelle in die Analyse aufgenommen, für die eine externe Validierung nur auf Mt Hood 

Challenges, Tagungen des Fachbereichs, durchgeführt wurde. Somit wurden insgesamt 30 

Modelle mit durchgeführter externer Validierung ausgewählt. Im Allgemeinen waren die 

Detailtiefe und die Qualität der externen Validierung unter den Studien sehr unterschiedlich. 18 

Modelle enthielten keine Erklärung der Herkunft ihrer Datenquellen. Für 9 Modelle (30 % von 

30 Modellen) wurde eine Regressionsanalyse der simulierten gegenüber den beobachteten 

Ergebnissen durchgeführt und für 12 Modelle (40 % von 30 Modellen) wurde die 

Vorhersagegenauigkeit berechnet. Dieser SLR gibt einen Überblick über die derzeitige Praxis 

der externen Validierung in der Literatur: Die Mehrheit der Modellierer führt keine externe 

Validierung durch oder es werden keine ausreichenden Ergebnisse hinsichtlich der Leitlinien 

angeben. Gleichzeitig finden sich in der Literatur "State of the Art"-Beispiele für externe 

Validierung. Für die Zukunft wäre es wünschenswert, dass Autoren klar angeben, ob sie eine 

externe Validierung durchführen und den Prozess so genau wie möglich beschreiben.
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Summary 
 

Computer simulation models of type 2 diabetes mellitus (T2DM) are used in health care deci-

sion-making to assess the cost-effectiveness of therapeutic and preventive interventions. To be 

generally applicable for decision makers, the models need to prove their validity. External val-

idation can be used to assess the general applicability by testing whether a model can simulate 

the results observed in new independent studies or clinical trials. There are several guidelines 

and recommendations for conducting external validation. However, no systematic review of 

current practice exists. Thus, I aimed to conduct a systematic literature review to describe and 

appraise the external validation approaches employed in computer simulation models of T2DM.  

The systematic literature review (SLR) was conducted referring to the Preferred Reporting 

Items for Systematic Reviews and Meta-Analyses (PRISMA). The literature search was con-

ducted in 15 databases in September 2017 and in May 2020. A title and abstract and full text 

screening were conducted to select models that met predefined criteria. Only those models in 

which external validation was preformed were subject to data extraction and synthesis. The 

analysis is presented in a narrative and descriptive way due to diversity of the models and the 

external validation methods. 

A total of 21,737 records were found in literature. After the title and abstract screening, I 

identify 79 T2DM models and selected 24 of them for which the external validation was 

performed or mentioned (in 43 papers). In addition, six models were added to the analysis for 

which external validation was only performed at Mt Hood Challenges, meetings to discuss 

current modeling topics in diabetes. Thus, in total, I selected 30 models in which external 

validation was applied. In general, the level of detail and quality of the external validation 

varied considerably between studies. 18 models did not provide an explanation for the selection 

of their data sources. Regression analysis on predicted vs. observed outcomes was performed 

for 9 models (30 % of 30 models) and precision of prediction was calculated in 12 models (40 % 

of 30 models). This SLR gives an overview of the current practices of external validation in the 

literature: the majority of modelers did not assess the external validity of their diabetes 

simulation models at all, or did not provide sufficient details required in the guidelines above-

mentioned. At the same time, “state of art” examples of external validation performed in 

accordance with the guidelines can be found in the literature. For the future, it would be 

desirable for authors of models to clearly state whether they perform external validation and 

then describe the process as precisely as possible.
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1 Introduction 

Diabetes Mellitus (DM) is one of the largest health challenges of the 21st century reaching prev-

alence of 9.3% worldwide among adults 20-79 years old, and an important challenge for global 

health care systems and societies. Global health expenditures due to diabetes were estimated to 

be around 760 billion USD in 2019. Prevalence and associated costs were expected rising in 

the following years [1]. Thus, on the one hand, large amount of care and financial resources 

need to be provided for health services; on the other hand, the disease produces socioeconomic 

losses [2, 3]. Complications associated with diabetes can be serious like cardiac infarction, 

stroke, kidney failure and blindness [1]. Under these circumstances, it is very important for 

health care providers and decision makers to deal with DM and its complications efficiently 

and effectively. 

Decision makers and health care providers need to assess cost-effectiveness of various treat-

ments and interventions in diabetes care and prevention and to make long-term predictions and 

to allocate sparse resources effectively. These tasks can be performed only by operating with 

up-to-date scientific evidence [4, 5]. Computer simulation models are useful tools for this issue. 

In the past, it was always explicitly mentioned that simulations were carried out using comput-

ers. Today, the term simulation model implies this. Various models simulate the diabetes melli-

tus progression and its complications, and are used in health economic evaluations. They can 

be used to evaluate medical and public health interventions in a lifelong perspective by predict-

ing the outcomes of diabetes treatment and consequent health care costs [4].  

Nevertheless, such models should prove their validity to fulfil their purpose, for example, being 

tested with external or new data sources, which were not used to set up an original model 

(named “external validation”) [4]. Mount Hood Challenge (MtHCh) is a meeting organized 

since 1999 where simulation modelers of diabetes models meet and discuss actual topics in this 

field regarding model structure and outcomes [6]. The 4th, 5th, and 9th MtHChs dealt with ex-

ternal validation exercises and reports were published [7–9]. Also, there are several guidelines 

and recommendations such as the guideline of the American Diabetes Association (ADA), rec-

ommendations from the Professional Society for Health Economics and Outcomes Research 

(ISPOR) Task Force and reports and materials of the Mt Hood 4 Modeling Group of how the 

external validation should be performed [10–13]. However, there is no systematic overview of 

current practices in external validation approaches in diabetes modelling and whether these 

attempts are made in accordance with the guidelines.  
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The main objective of this thesis is to conduct a SLR to describe and appraise external validation 

approaches employed in the simulation models of diabetes.  

1.1 Diabetes 

1.1.1 Definition and pathophysiology 

Diabetes is a group of chronic and debilitating conditions that are defined by a hyperglycaemia, 

elevated blood glucose. This umbrella term for several diseases varying by pathophysiology 

and causes can be classified into five groups: 1. Type 1 diabetes mellitus (T1DM), 2. Type 2 

diabetes mellitus (T2DM), 3. Prediabetes, 4. Gestational diabetes mellitus (GDM), 5. Other 

types of diabetes like neonatal diabetes mellitus, maturity onset diabetes of the young etc. [1]. 

The above-mentioned hyperglycaemia is caused by an insulin resistance, or an underproduction 

and/or a loss of production of insulin. Insulin is hormone produced by the beta cells of the 

pancreas and is released in the bloodstream as a response to blood glucose elevating. Through 

its binding to receptor on somatic cells it effects the uptake of glucose from the bloodstream to 

the cells. Further, insulin has a relevant impact on the fat and protein metabolism. The most 

common forms are T1DM and T2DM. T1DM is characterized by an autoimmune reaction 

which affects the beta cells of the pancreas and leads to a destruction of these cells. Conse-

quently, insulin is produced less or not at all and somatic cells cannot uptake glucose. In contrast, 

an insulin resistance of somatic cells is the main characteristic of T2DM. More insulin is pro-

duced through the beta cells to compensate this condition. In the long term, beta cells cannot 

provide this high supply and they lose their function to produce insulin. The outcomes are the 

same as in T1DM [1].  

Prediabetes, or intermediate hyperglycaemia, is a state characterized by higher risk of diabetes 

and its earlier microvascular and macrovascular complications, and defined by glycaemia 

higher than normal, but lower than diabetes threshold. The term covers several conditions: im-

paired fasting glucose (IFG), that can be diagnosed by fasting plasma glucose (FPG), and im-

paired glucose tolerance (IGT), diagnosed by oral glucose tolerance test (OGTT). Recently, the 

evaluated HbA1c level starts being classified as a definition of prediabetes as well [14, 15].  

Further test criteria a presented in the following section.  

Diagnostic criteria 

For diagnosis of hyperglycemia ADA and WHO criteria are most relevant. In general, three 

groups can be distinguished: 1. Diabetes, 2. IGT, 3. IFG. Blood test for measuring the 
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hyperglycaemia are FPG, two-hour plasma glucose in OGTT. HbA1c and random plasma glu-

cose can also be used but random plasma glucose is only diagnostic criteria for diabetes. ADA 

and WHO criteria differ in the diagnosis for prediabetes. The following tables illustrates the 

criteria  for diagnosis of hyperglycaemia [1, 16]: 

 

  Types of hyperglycaemia 

T
es

ts
 

 Diabetes IGT IFG 

  WHO ADA WHO ADA 

Fasting glu-
cose*              

≥7.0 mmol/l                 
126 mg/dl 

<7.0 mmol/l          
126 mg/dl  6.1-6.9 mmol/l     

110-125 mg/dl    
5.6-6.9 mmol/l    
100-125 mg/dl    

2-h plasma 
glucose** 

≥11.1 mmol/l               
200 mg/dl 

7.8-11.1 mmol/l    
140-200 mg/dl 

7.8-11.0 mmol/l    
140-199 mg/dl 

<7.8 mmol/l          
140 mg/dl       

Hb1Ac ≥48 mmol/mol        
≥6,5%  ADA: 39-47 mmol/mol, 5.7-6.4% 

Random 
plasma glu-
cose***  

≥11.1 mmol/l              
200 mg/dl  

Table 1: Diagnostic criteria of hyperglycaemia, adapted from [1, 16, 17] 
* No caloric intake for 8 hours. 
**75 mg oral glucose load which should be dissolved in water. The glucose level should be measured from venous 
blood 2-h postprandial. The test is also called OGGT.   

***Can be used when symptoms of a hyperglycaemia are present. 

 

For a diagnosis of diabetes one of the four above-mentioned tests is required. According to the 

WHO criteria, for an IGT diagnosis a fasting plasma glucose and an OGTT are necessary. An 

IFG can be diagnosed with a fasting plasma glucose and if measured, with an OGTT. According 

to ADA for an IGT only an OGTT and for an IFG a FPG is necessary. A prediabetes can be 

diagnosed with a Hb1Ac according to ADA [1, 16]. In the following, information about T2DM 

will be presented if available. Otherwise, diabetes will be dealt in general.  

1.1.2 Epidemiology 

Following hypertension and tobacco use, hyperglycaemia is the third leading risk factor for 

mortality [18]. In 2019, around 463 million people 20-79 years old were suffering from diabetes, 

diagnosed and undiagnosed, and 4.2 million died due to this disease. These figures include both 

type 1 and 2 diabetes. The global prevalence of diabetes among adults 20-79 years old is 
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estimated to be around 9.3%. Furthermore, the projected total number of persons with diabetes 

will increase to 578 million in 2030 and 700 million in 2045. The related prevalence is estimated 

to be 10.2% by 2030 and 10.9% by 2045 [1]. In contrast to the increasing prevalence, a recent 

review has shown that in most of the studies from developed countries between 2006-2014 

diabetes incidence is stable or decreases in these years. This can be a first sign of successful 

diabetes prevention programs. Whereas in the developing world and in low income countries, 

the diabetes incidence is increasing between 2006-2014 [19]. The increase in the prevalence 

indicates that diabetes is one of the biggest growing health problems today. Predominantly, 

diabetes is a problem of higher age, urban regions and middle- and low-income countries [1].  

Around 90% of all cases of diabetes are classified as T2DM [1]. Overweight, sedentary life-

styles, diet, aging, family history, environmental factors, urbanization, low income and tobacco, 

and alcohol use are relevant risk factors for developing T2DM [20].  

 

1.1.3 Complications and Comorbidities of Diabetes 

Diabetes is a life-long chronic condition that is developing over years, accompanied by comor-

bidities, and often leads to devastating and costly late complications. 

Usually, due to diabetes, patients suffer from a lot of complications. They can be classified in 

diabetes-specific microvascular complications (retinopathy, nephropathy and neuropathy) and 

macrovascular complications (coronary heart disease (CHD), periphery artery disease, 

cerebrovascular disease (CVD)) [21–23]. The main function of macrovessels is to provide 

organs with blood and in particular oxygen. Macrovascular complications are classified as 

damage through atherosclerosis which is induced through inflammatory process like oxidative 

stress caused by hyperglyceamia. The atherosclerosis of large arteries leads to a reduced inner 

diameter of the arteries. This is the cause for hypoxia and inflammation of subsequent tissue 

[24, 25]. Microvessels comprises arterioles, capillaries and venules which main function is the 

regulation of blood pressure and a nutrient supply. Furthermore, the microcirculation between 

microvessels and the surrounding tissue is responsible for vasomotion, permeability, and 

myogenic response. Microvascular complications are characterized by a hyperglycaemia which 

leads to a thickening of capillary basement membrane of microvessels including glomeruli, 

retina, myocardium, skin, and muscles resulting in elevated blood pressure, delayed wound 

healing, and tissue hypoxia [24, 26].  
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Macrovascular complications comprise coronary heart disease (CHD), peripheral artery disease 

and cerebrovascular disease that can be combined together as cardiovascular disease (CVD) 

[21, 22]. The prevalence for CVD in people with T2DM is estimated to be 32.2%. Moreover, 

the CVD and CVD acute events are the main cause of death among people with T2DM: around 

10% of diabetes patients die due to CVD [27]. 

CHD includes angina pectoris, myocardial infarction (MI) and congestive heart failure (CHF) 

[28, 29] with worldwide prevalence of 14.6% for angina, 10% for myocardial infarction and 

14.9% for CHF in people with diabetes [27]. Peripheral artery disease is defined as circulatory 

dysfunction of blood vessels supplying legs and arms which can lead ulceration and neuropathy. 

Revascularization and extremity amputations are late complications [1, 21]. Cerebrovascular 

disease is in this topic mainly associated with stroke which occurs worldwide in 7.6% of all 

diabetes [27, 30]. The relative risk for an CVD events is doubled for patients with diabetes 

compared to those without [31]. Prediabetes, including IFG and IGT, is as well a risk factor for 

a CVD event and is associated with a higher risk for mortality [32–34].  

Microvascular complications include retinopathy, nephropathy and neuropathy [25]. 35% of all 

diabetes patients suffer from a diabetic retinopathy [35]. In a systematic review including eight 

studies (five from Asia, one from North America, one from Caribbean, and one from sub-Sa-

haran) the annual incidence of diabetic retinopathy ranged between 2.2 % to 12.7 % [36]. It can 

cause blindness and in the 20-74 year age group it is the leading cause for blindness in the U.S. 

and thus socioeconomic problem [37, 38]. 

Chronic kidney disease (CKD) is the manifestation of a diabetic nephropathy. In general, CKD 

can be induced by abnormal hyperglycaemia, hypertension, polyneuropathic bladder with urine 

retention, recurrent infections of the urinary tract and macrovascular angiopathy [1]. End-stage 

renal disease is the most severe manifestation of CKD. Approximately 50% of patients with 

T2DM have a chronic kidney disease. Incidence rates of ESRD for patients with diabetes vary 

from 5.4 to 804.0 per 100,000 person-years and relative risk is between 6.2 to 62.0 times higher 

compared to patients without diabetes. The best way to prevent a CKD and an end-stage renal 

disease is a screening for a proteinuria [1, 39–41]. 

Diabetic neuropathy is the third microvascular comorbidity of diabetes. It consists of sensory, 

focal or multifocal and autonomic neuropathies. The most common form is a peripheral neu-

ropathy which exhibits as chronic sensorimotor distal symmetric polyneuropathy [1, 25]. Pe-

ripheral diabetic neuropathy is often associated with peripheral vascular disease. Both can cause 

ulcers and necroses which finally lead to lower extremity amputation [1]. The range of 
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incidences for lower extremity amputations is between 78 to 704 per 100,000 person-years for 

patients with T2DM and the relative is between 7.4 to 41.3 times higher compared to patients 

without diabetes [42].  

In 2019, every eight seconds a patient with diabetes died. It is estimated that 11.3% of all deaths 

globally relate to diabetes[1]. A study from the UK shows that mortality is almost doubled in 

people with T2DM compared to those without (hazard ratio (HR) 1.93 ,95% CI 1.89-1.97) [43]. 

The main cause of death in people with diabetes are CVD with a proportion of one third to one-

half of all deaths. Around 46 % of these deaths are under 60 years old whereby relevant welfare 

losses can be explained [1].  

1.1.4 Therapy principles of T2DM 

The ADA recommends for the treatment of prediabetes and T2DM a combination of lifestyle 

intervention and pharmacological treatment [44, 45]. Lifestyle intervention includes medical 

nutrition therapy, physical activity, diabetes self-management education and support (DSME/S), 

smoking cessation counseling, and psychosocial care [46]. DSME refers to the imparting of 

knowledge, skills, and abilities to succeed with diabetes self-care. Needs, goals, and life expe-

rience are combined with evidence-based knowledge in this process. DSMS contains activities 

that help patients in implementing and sustaining the behaviors to succeed in a long-term per-

spective with the management of their disease. Medical nutrition therapy involves eating pat-

terns, macronutrient distribution, meal planning, and weight management [47]. Pharmacologi-

cal therapy is graded in different steps whereby intensity/ aggressiveness of therapy can be 

increased. Used therapy steps should be evaluated after 3 to 6 months by HbA1c testing, and in 

case of persistent hyperglycaemia an additional therapy should be initiated otherwise the ther-

apy is adequate [44].  

Firstline of glycaemia control in patients with T2DM should a pharmacological therapy with 

metformin combined with a lifestyle intervention including at least physical activity and weight 

management. When hyperglycemia persist, second line therapy consists of first line therapy and 

an addition of one of the 6 classes of drugs: sulfonylurea, thiazolidinedione, dipeptidyl pepti-

dase 4 (DDP-4) inhibitors, GLP-1 receptor agonists, SGLT2 inhibitors or insulin. The choice 

of a drug depends on comorbidities and risk factors of a patients. For example, for patients with 

CVD, CKD or HF GLP-1 receptor agonists or SGLT2 inhibitor should be included in combi-

nation therapy because the cardiovascular risk is reduced with these agents. If hyperglycaemia 

is severe, insulin should be part of a combination therapy because it lowers the blood glucose 

level effectively. Last step is a combination of insulin with one of the above-mentioned agents 
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or combination of short- and long-acting insulin analogues. Sole insulin therapy is required if 

nearly all beta cells are destroyed [44]. 

In general, patients with prediabetes should be offered a lifestyle intervention which includes 

at least a body weight reduction and physical activity. A pharmacological therapy with metfor-

min can be added in patients with body mass index (BMI) > 35 kg/m², with an age < 60 years, 

and women with prior gestational diabetes mellitus [45]. 

In the following paragraph some examples for the efficacy of the above-mentioned interven-

tions are given. Systematic reviews of intervention program for lifestyle modifications have 

shown a relative risk reduction of the cumulative incidence for T2DM of 29%. Only small 

losses of 1,5 kg body weight are necessary to reduce the risk for diabetes [48]. A pharmacolog-

ical example is a treatment with empagliflozin 5 or 10 mg daily versus placebo in patients with 

T2DM. It is beneficial for preventing composite endpoint of death from cardiovascular causes, 

nonfatal MI or nonfatal stroke (HR 0.86; p= 0.04) [49]. Economic models simulate disease 

progression, complications along with prevention and treatment options and effects and might 

be helpful in decision making by supporting the most cost- and clinical-effective therapies. 

 

1.1.5 Economic aspects of diabetes  

All forms of diabetes are an important issue for global health care and societies. On the one 

hand, large amount of care and financial resources need to be provided for prevention, treatment 

and supporting medical services to manage diabetes epidemic. On the other hand, the disease 

produces socioeconomic losses as a result of productivity loss, earlier retirement, disability, and 

earlier death [2, 3].  

The financial burden associated with diabetes care can be categorized as direct and indirect 

costs. Direct costs are expenditures for treating diabetes and its complications including health 

care expenses, medication costs, and out-of-pocket payments. Hospitalisation due to diabetes 

complications and comorbidities is the main influencing factor for direct costs. Indirect costs 

are linked to productivity losses and welfare payments. Productivity losses are subgrouped as 

losses due to presenteeism, absenteeism, reduced productivity of people with diabetes and early 

retirement due to disability or earlier death [1, 3, 50]. The global health expenditures (direct 

costs) in the 20-79 year age group were 232 billion USD in 2007 and increased to 760 billion 

USD in 2019 which is an increase of approximate 210%. A further increase is projected to 825 

billion USD (8.6%) by 2030 and 845 billion USD (11.2%) by 2045 compared with 2019. In 
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developed countries like Switzerland, United States of America and Austria the mean health 

expenditures per person in 2019 varied from 5,259 to 11,916 USD. Indirect costs are difficult 

to estimate due to their interaction with economy and welfare payments, lacking of data, and 

methodological issues [1]. Their estimated share of total global costs are 34.7% with an absolute 

amount of 455 billion USD [51].  

For the U.S. total costs for health care expenditures were 3.5 trillion USD in 2017 [52]. Direct 

costs for diabetes were 237 billion USD (6.8%) and indirect costs 90 billion USD (2.6%) in 

2017 [2]. On patient basis, average health care expenditures account for 9,600 USD per person 

per year for diabetes treatment in the USA. Indirect costs contain 3.3 billion USD for absentee-

ism, 26.9 billion USD for reduced productivity of working population and 2.3 billion USD for 

not working population, 37.5 billion USD for inability to work and 19.9 billion USD for lost 

productivity due to premature death [2].  

In total, 85,200 USD in the USA are spent as medical costs for a patient with T2DM during his 

or her life. The treatment of diabetic complications has a share of 53% of these costs where 57% 

of the complication costs are used to treat macrovascular complications [53]. Kähm et al. esti-

mated costs of diabetes complications for different age groups with an regression analysis based 

on German nationwide statutory health insurance data [54]. Costs for complications for a 

woman of 50-59 years in the first quarter of diagnosis are estimated as follows: fatal MI 8,710€, 

fatal ischemic heart disease 20,952 €, angina pectoris 2,705 €, fatal stroke 11,186 €, diabetic 

foot 1,303 €, amputation 14,294 €, retinopathy 681 €, blindness 2,943 €, nephropathy 3,363 € 

and ESRD 22,701 €. In the following quarters of the year of diagnosis the costs vary from 691 € 

for retinopathy to 6,140 € for ESRD in total [54]. 
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1.2 Health economic evaluation with RCTs 

Medical decisions regarding health care services affect patients’ health, lead to consuming 

health care resources, and have an effect on other economical and societal sectors besides health 

care [5]. The health care resources in any system are scarce by definition and since there is an 

interaction between clinical, financial and societal outcomes of any medical intervention, deci-

sion makers need comprehensible and objective information about cost (inputs) and conse-

quences (outputs) respectively to benefits to choose the best alternative among several [5, 55]. 

In general, an economic evaluation is defined as a comparison of one or several alternatives 

with a default one. The four main types of economic evaluation are cost analysis, cost-effec-

tiveness analysis, cost-utility analysis and cost-benefit analysis. For all these analyses the costs 

are measured in monetary units and therefore easy to compare [5]. The corresponding outcomes 

depend on the purpose and the study used for the health economic evaluation. To understand 

modelling, cost-effectiveness analysis and cost-utility analysis are relevant. 

In cost-effectiveness analysis relevant output is one single effect or outcome which is equal in 

all (treatment) alternatives. Outcomes are measured in natural units e.g. life-years gained, symp-

tom-free days, complications avoided. Cost-utility analysis is characterized by the measurement 

of patients’ preferences as utility. The preferences are expressed through a utility function. 

Hence, single and multiple effects can be expressed by the output. Usual measure is quality 

adjusted life-years (QALYs) [5, 55]. 

The gold standard for clinicians to assess (new) therapy respectively treatment options and ef-

fects is an evaluation in a randomized controlled trial (RCT). It is mostly used to deliver the 

relative effectiveness of a new intervention over standard therapy [56]. For economic evaluation 

with RCTs, the outcomes can be compared with costs for the intervention. The main advantage 

to use RCTs in economic evaluation is that the relative effectiveness is reliable due to structural 

balance between study arms through randomization in RCTs. One of disadvantages is firstly 

that only several options are compared whereby in reality all options of a disease are available. 

Furthermore, in chronic diseases health care, different treatments might be necessary at the 

different disease stages. Second, RCTs have a limited time horizon and especially chronic dis-

ease have a lifelong impact on patients. Costs of an intervention fall into the time horizon of 

the RCT but benefits of it can occur after the follow-up. Third, the purpose of RCT can be 

different to the decision making purpose. RCTs are applied by pharmaceutical companies to 

show effects in relevant markets. The effects can be biased from pragmatic health care condi-

tions and for different health care systems and countries. However, pivotal trials, multi-national 
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and/or multi-center trials try to overcome this imperfection by a strict protocol or very complex 

study design. Fourth, RCTs reveal evidence for the special purpose they are performed but for 

decision making all currently available evidence should be taken into account to evaluate given 

strategies or allocate resources efficiently. Hence, economic evaluation based on clinical trials 

implying RCTs will only deliver a partial analysis [56].  

 

1.3 Decision-analytic modeling  

1.3.1 Decision analytic modeling in general 

The economic evaluation, usually performed in a RCT, also can be realized or extended through 

modelling technics, a way of representing the complexity of the real world in a more simple 

and comprehensible form given in mathematical terms. Modelling involves a theoretical de-

scription and a mathematical framework and allows to perform decision making under uncer-

tainty in complex systems. In such a model, natural way of a disease progression is combined 

with various interventions to simulate, predict and compare outcomes [5]. Clinical and eco-

nomic features can be defined based on known and estimated inputs and interactions. The ac-

curacy of the prediction is dependent on the assumptions and inputs used. Decision analysis 

works best if is based on solid evidence. However, often the greatest value of decision analysis 

done with a help of modelling is when there are too few known inputs to make an easy decision 

in real world. 

The economic and clinical evaluation based on randomized clinical trials has some disad-

vantages. For example, the different treatment options might be restricted to a few, the evalua-

tion might be performed over a limited time period, the purpose of an original study might 

deviate from a purpose of a decision making process, and a study might show the limited evi-

dence regarding to population at risk and specific conditions [56].  

Simulation models are useful tools to overcome limitations mentioned above. They can provide 

reliable up-to-date information that is necessary for making a decision in health care that would 

serve individual and system’s needs. Since a new intervention or drug therapy may be more 

expensive and differ by clinical effectiveness than current alternatives, decision makers from 

different health care systems may require an economic evaluation based on modeling whether 

a new therapy should be financed [5]. By using a model, they evaluate medical and public health 

alternatives and predict outcomes of e.g. T2DM which can be used for a cost effectiveness 

analysis. A model combines relevant available scientific evidence from various sources with 
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the corresponding economic information. Moreover, all complications of a disease can be sim-

ulated in a life-long perspective. This enables decision makers to choose between different 

treatment options based on the best available evidence [4]. Key elements of a decision analytic 

model are (1) the identification of appropriate comparators, (2) implementing of all required 

clinical data to estimate model parameters, (3) the decision about the extrapolation of mid-term 

clinical finding to long-term outcomes, and (4) the presentation of results for decision making 

[55]. 

Decision trees, Markov models and discrete event simulation models are the three main types 

of decision analytic models that can be distinguished. Decision trees represent a decision prob-

lem as tree diagram in which different outcomes occur with certain probabilities [57]. In con-

trast to decision trees, Markov models are more compact way to present decision problems. 

Some health states (e.g. healthy, ill, death) are defined and transition probabilities between the 

states are calculated or obtained from literature [57, 58]. In discrete event simulation models 

individuals (entities) pass different processes (events) that affects their outcome (attributes) [57]. 

Markov models are the most widely used models in health economic evaluation [58, 59]. 

An example for an economic evaluation based on RCT is the Diabetes Prevention Program 

(DPP) [60]. The aim of this study was to investigate how far overweight, and sedentary lifestyle 

are reversible in patients with an elevated plasma glucose level. The outcome was to prevent or 

delay the onset of T2DM. Patients were randomly assigned to one of the three groups: first, 

standard lifestyle recommendations plus placebo twice daily, second, standard lifestyle recom-

mendations plus metformin at a dose of 850 mg twice daily, and third, intensive program of 

lifestyle modification. As result, lifestyle modification and metformin can reduce the incidence 

of T2DM [61]. For the economic evaluation, clinical outcomes, costs, and QALYLs were used. 

Over 3 years, lifestyle modification and metformin intervention cost approximately 2,250 USD 

more per participant than placebo. In the DPP, lifestyle and metformin intervention cost 24,400 

USD and 34,500 USD, respectively, per case of diabetes delayed or prevented and 51,600 USD 

and 99,200 USD per QALY gained [60]. For a liftetime perspective, the analysis was repeated 

with modeling techniques using the CDC/ RTI Model which is a Markov model with annual 

transition probabilities between disease states. In this analysis, the lifestyle and the metformin 

intervention cost 1,124 USD respectively 31,286 USD per QALY gained [62].  

An example for an economic evaluation based on modelling is a study performed by Valentine 

(2006) [63]. The IMS Center for Outcome Research (CORE) Diabetes Model was used to com-

pare long-acting insulin analogue detemir with intermediate-acting Neutral Protamine 
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Hagedorn (NPH) insulin and long-acting insulin glargine. For the comparison of insulin detemir 

with NPH insulin costs and QALYs were increased. Therefore, an incremental cost effective-

ness ratio of approximately 15,000 USD per QALY gained was calculated. The comparison of 

insulin detemir with insulin glargine revealed, that costs for detemir were reduced by 5,175 

USD compared to glargine and QALYs were increased by 0.063 years. Thus, insulin detemir 

is dominant compared to insulin glargine [63]. 

1.3.2 Modeling in T2DM 

Diabetes is a chronic disease and trials dealing with it have only a specific time horizon of some 

years. Decision makers need to choose the best alternative for patients and the health care sys-

tem on a lifelong perspective. Modeling can overcome this problem [9]. Therefore, modeling 

in diabetes is used for about 25 years. In 1996, the first model simulated micro- and macrovas-

cular complications for T1DM based on the Diabetes Control and Complications trial (DCCT) 

[64–66]. As known in a systematic review about modeling in diabetes [65], the first study about 

modeling in T2DM was published by Eastman et al. (1997) simulating a broad range of micro- 

and macrovascular outcomes based on the DCCT [66, 67]. Today, modeling is a widely used 

method to perform economic evaluation of diabetes and other diseases [68].  

In general, diabetes models can simulate the outcomes of diabetes on a single patient 

(microsimulation) or at a cohort level (macrosimulation), or on a complete population level. 

Microsimulations regard patient characteristics of single patients and simulate their specific 

disease progress. After simulation of all patients’ outcomes they are aggregated to determine 

mean costs and benefits. Cohort simulations use groups with similar characteristics and 

compute the consequences on a group level. For more detailed analysis subgroup analysis are 

possible. Microsimulations are mainly used in T2DM decision analytic modeling because it can 

incorporate the complexity of a disease progress [4]. 

Furthermore, it can be distinguished if interaction between individuals of a simulation is 

allowed or not. Interaction between individuals is not allowed in decision tree models and 

Markov models. Interaction is allowed in dynamic population models including discrete event 

simulation models [57]. The easiest way to present and perform a health economic analysis are 

decision trees. The main structure is a tree diagram. Expected costs and consequences are 

determined through different clinical pathways which are represented through nodes. The 

following description reflects this graphical depiction. Each tree begins with a clinical decision. 

Outgoing from this there are several randomly followed clinical pathways depending on the 

disease state. The end of a pathway is represented through a clinical outcome. To this outcome 
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expected costs and consequences can be assorted. Each clinical pathway has a specific 

probability to be followed. Evaluation of a decision is proceeded by roll back process in which 

the generated values are rolled back over the different pathways to the beginning to determine 

the overall cost-effectiveness ratio. Decision tree analysis has some limitations. They are not 

suitable for the processes when health states change often, the consequences are delayed and 

do not occur in a single period, or parameters change over time and when events re-occur (i.e., 

hypoglycemia after medication). However, these aspects are highly relevant for a chronic 

disease like T2DM. As consequence, decision trees analysis is used rarely in T2DM modeling.  

Currently, Markov models and discrete event models are the two most established model struc-

tures in T2DM modeling [4, 55].  

First, Markov models are composed by states, transitions and probabilities. Health states are 

mutually exclusive health conditions e.g. healthy, ill and dead. The transition between different 

health states is expressed through a certain probability and time cycles. Time is usually running 

by equal cycles in these models. In standard states, it is allowed to stay in the same state for an 

unlimited number of cycles. In a tunnel state, however, there is no possibility of "stopping" and 

the state must be abandoned at the end of the cycle. Transition probabilities between the differ-

ent conditions are calculated. At the end of a cycle, pay-offs can be attributed to health condi-

tions and the effectiveness of decisions can be estimated. Decision trees and Markov models 

can be combined where several Markov models represent different treatment options in a deci-

sion tree. Limitations of Markov models are when several diseases like macro- and microvas-

cular complications are considered and they can occur in different combinations. Furthermore, 

interaction between individuals cannot be modelled. Then the Markov model would get very 

complex and unclear [4, 55, 69].  

The second model type can handle these issues. Discrete event simulation models utilize entities 

(e.g. patients) with different attributes (e.g. age, gender, status of disease). Calculations are 

performed when an attribute changes and costs can be allocated to the attributes [4, 55]. Disad-

vantages are that discrete event simulation models can get very complex due to a lot of possi-

bilities and interaction between individuals [57, 58].  

These models are widely used nowadays since they can simulate all complications of the dis-

ease and are not focused on a specific problem or a particular sample of patients of interest, 

unlike trials [4, 68]. 

Until today, six reviews were performed about modeling in diabetes. Two reviews included 

papers until 2008 to give an overview of actual models used in diabetes modeling [65, 66, 70]. 
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A following review updated the data between 2008 and 2013 [66, 71]. A review from 2011 

evaluated the quality of the following three models: Archimedes Model, CDC/ RTI Model and 

IMS Center for Outcomes Research (CORE) Diabetes Model [66, 72]. In 2015, Henriksson et 

al. presented an overview about models in T1DM [66, 73]. In the same year, Kirsch analyzed 

Markov models which evaluated multicomponent disease management programs [66, 74]. A 

more detailed descriptions of the reviews concerning external validation is given in the section 

‘Objectives’.  

Since 1999, 9 MtHCh meetings took place where actual topics about modeling in diabetes are 

discussed [6]. The 4th, 5th,  and 9th deal with external validation of models but there is no exact 

consensus about what model validation means in detail [8–10, 75]. Actual topics discussed in 

the 9th MtHCh are the ability of models to reproduce outcome of recent cardiovascular outcome 

trials. Calibration of the models to improve their accuracy and the development of new risk 

equations to simulate cardiovascular outcome more accurate are future research questions [9].  

1.4 Types of model validation 

Being a useful instrument, simulation models, nevertheless, must prove their validity to fulfill 

their purpose. Validation is a method to appraise how well models perform. There exist several 

types of validation depending on the purpose and application of a model. Therefore, it does not 

exist a check-list what steps have to be performed for a validation exercise [11, 12].  

Six kinds of validations can be identified in literature [4, 12]. Firstly, face validity means that 

results of a validation process are plausible to experts of the area, easily comprehensible and all 

relevant aspects are embraced by the model. Relevant steps of face validity include assessing 

the comprehension of the model structure, data sources, problem formulation and results. Con-

cerning structure experts should assess if all relevant aspects of clinical reality are covered by 

the model and alternative are consistent with medical practice. Furthermore, experts can eval-

uate if the data used for modeling exercise is sufficient and on the actual state of evidence. For 

problem formulation, experts should appraise the application report if the plan of a study, as-

sumptions, covered time period, population in focus, chosen interventions, and outcomes are 

suitable to answer the research question. Results should be assessed with their consistence of 

reality and experts’ believes. Still, experts could give an assessment of the performance of the 

model but this process is subjective by its nature. Face validity is helpful to increase the credi-

bility and the acceptance of results in scientific society and in public. However, models are 

simplifications of reality and not all aspects can be represented. Medical practice can be 
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inconsistent with medical evidence and face validity can enable model structures which are not 

consistent with available evidence [4, 12, 76, 77].  

Secondly, a debugging should be performed by controlling mathematical calculations. This 

process consists of the evaluation of formulas and their incorporation in the source code. If a 

model is debugged the source code should be on the actual state. In an appraisal, a modeler can 

explain the equations and source code to other experts to assess mistakes. Furthermore, a double 

programming by two modelers could be performed to assess source code correctness. Limita-

tions of debugging are that only the mathematical and programming aspects are evaluated and 

an assessment of accuracy of the model does not take place [4, 12, 76]. 

Thirdly, after a model has been set up, its functionality is verified using the data which have 

been used to build the model. This process is called internal validation and means that the model 

should reproduce the same results which are given in the original dataset. Similar to debugging 

limitations of internal validity are that only the performance of the model to reproduce the data 

original data source is assessed and the accuracy to make general predictions is not appraised 

[11, 12, 78].  

Fourthly, in external validation exercises models can be tested against external or new data 

which was not used to set up the model [4]. This process is discussed in the following section 

in detail. 

Fifthly, cross-validation refers to a comparison of two or more models which provide the sim-

ulated results under the same initial conditions and with a use of the same data set as an input. 

Ideally, the models should return the same results. The relevance of cross validation depends 

on methods and data source used to build the models. If models used the same data sources or 

transition probabilities inherited from former models, they might be considered as dependent. 

Thus, results are expected to be similar and the significance of cross validation is limited. In 

case of independent models that fundamentally differ, any variation should be explained [4, 12, 

76].  

Sixthly, predictive validity is used when a study is in progress and predictions of the population 

are simulated before the end of the study so that the results are unknown. This exercise is not 

regarded to be essential, but it is an independent type of validation because results of the simu-

lated study are unknown therefore it is considered as best way of validation because it predicts 

future events. A difference of prediction and later results is not a big issue because important 

aspects cannot be known when the simulation is performed. If new evidence is available a good 
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model should be recalibrated. A limitation of predictive validity is that decision makers need to 

decide in short time periods and the end of a trial can be in distant future [4, 12, 76].  

1.4.1 External validation 

External validation serves as a method to assess if a model is generally applicable and reliable. 

Hence, simulation exercises have to be performed with data which was not used to set up a 

model [4]. Relevant new data sources might be trials or epidemiological studies. Ideally, models 

should be regularly validated against major / ‘landmark’ studies of the scientific field where a 

model is used. The best way to find suitable source is a formal search. Depending on the purpose 

of external validation and the data source, the validation can be performed to a whole or just to 

parts of a model, for example disease incidence and progression, occurrence of clinical out-

comes, effects of interventions, care process or behavior of patients. The validation exercise 

should be as accurate as possible with regard to study population and study protocol. Require-

ments for trials are that they are applicable to the model and data contains information about 

the setting, population, treatment protocol, follow-up protocol and description of outcomes. It 

is important to control if these aspects correspond between data source and models because a 

mismatch in simulation is foreseeable. If possible, all subjects of a study should be included in 

the validation exercise and patient specific data should be used as possible. Otherwise, distri-

bution of patients and their characteristics or patients with mean scores can be used. Further-

more, external validation should use the same statistical methods that were used in the respec-

tive study. For trials group differences and for all other simulations absolute values should be 

presented. Statistical analysis should indicate effects of sampling error with respect to sample 

size, metrics to appraise the statistical significance for expected values and sensitivity analysis 

of the results. A report of comparison should contain a detailed description of data source, sim-

ulation setup, results with evaluation of discrepancies. Papers cannot illustrate all aspects of a 

validation exercise so a detailed description of the process should be available on request. If 

multiple data sources were used for external validation it occurs that results of models do not 

match every time with data. It should be explained why there is a discrepancy and if the model 

fails it should be recalibrated to deliver more precise results. Modelers should prove if the re-

vised model is still externally valid [11–13]. 

MtHCh meetings are the opportunity for modelers to perform external and cross validation and 

to discuss problems and actual topics with research colleagues. Therefore, they are important 

events to improve the accuracy of models in diabetes. 
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1.5 Objectives 

In the literature, six reviews were identified that deal with health economic aspects of diabetes 

modeling and model assessments in diabetes field [66]. The first review by Tarride et al. de-

scribed the methods used in health economic modeling of diabetes. Concerning external vali-

dation, it is mentioned in the review that several models perform internal and external validation 

and the results of the 4th MtHCh [10] are presented [65]. The second review appraised T2DM 

models published until 2008 and evaluated the models themselves and captured treatments 

through the models. For 10 models it was described if external and internal validations were 

performed. Furthermore, the results of the validations were outlined shortly [70]. The third re-

view covered new models which were published between 2008 to 2013. The authors indicated 

if external or internal validation was performed in the models but a detailed description of 

methods was missing [71]. The fourth review covers the performance of three models whereby 

the frequency of external validation exercises was given [72]. The fifth review deals with mod-

eling methods and their quality in T1DM models. In the fifth review, it is only mentioned if 

external validation was performed or not [73]. As well in the other review, an economic evalu-

ation of multicomponent disease management programs with Markov models was presented in 

the sixth review. Validation was not mentioned here [74]. By my knowledge, there is no review 

that focused on and summarized the external validation. 

There are several guidelines and recommendations for external validation such as from the 

American Diabetes Association (ADA), the Professional Society for Health Economics and 

Outcomes Research (ISPOR) Task Force and The Mt Hood 4 Modeling Group [10–13]. How-

ever, there is no systematic overview of current practices in external validation approaches and 

whether these attempts are made in accordance with the guidelines.  

The main objective of this thesis is to conduct a systematical literature review to describe and 

evaluate the process of external validation and to provide an overview and recommendations 

for performing external validation in the future.  

Papers were gathered by a formal systematic search in different literature sources and screened 

to their relevance. This process is described in detail in ‘Material and Methods’. The evaluation 

of external validation includes the description of the validation process in the identified litera-

ture and the thoroughness of this process. Especially definition, description and use, data 

sources used in the external validation, and results of external validation will be described. 
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2 Material and Methods 

The SLR was conducted referring to the Preferred Reporting Items for Systematic Reviews and 

Meta-Analyses (PRISMA) guidelines [79]. The review is registered on the website of interna-

tional prospective register of systematic review (PORSPERO) under the no. CRD42017069983 

[66].  

The process of conducting the SLR contains the following steps: 

1. Construction of search terms;  

2. Search in databases and extract hits; 

3. 1st stage screening: title and abstract screening for appropriate models;  

4. 2nd stage screening: full text screening for external validation in the models found on the 

previous step;  

5. Additional data sources selection;  

6. Data extraction;  

7. Data synthesis/ analysis. 

Steps one and two were performed in advance and are not part of the thesis. For comprehensi-

bility, they are described in the subsequent part. The part of the study covered in this thesis 

contains the repetition of the search, and the steps 3-7 above. 

2.1 Construction of search terms 

The search terms were developed and adapted for the MEDLINE search engine according to its 

search rules and translated into other engines’ syntaxes (protocol available) [66]. These original 

search terms are given in Appendix Table 11. The sensitivity of the search strategy was checked 

by matching the search hits with other references known from previous SLRs and other similar 

studies. 

2.2 Search in databases and extract hits 

The literature search was conducted in 15 data bases Table 3 (in results): Central (via Wiley), 

CINAHL (via EBSCOhost), CDSR (via Wiley), CMR (via Wiley), DARE (via Wiley), EconLit 

(via EBSCOhost), EMBASE (via Ovid SP), MEDLINE (via NLM, PubMed), NHS EED (via 

Wiley), PsycINFO (via Ovid SP), Scopus (via Elsevier) and Web of Science (via Thomson 

Reuter). The ensuing Grey literature databases were also searched: ProQuest Dissertations & 

Theses Database (PQDT) (via ProQuest), System for Information on Grey Literature in Europe 

(Open Grey) (via INIST/CNRS) and The Directory of Open Access Repositories (OpenDOAR) 
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(via CRC) (protocol available). Also, further search was performed in Cochrane Database of 

Systematic Reviews (CDSR) and the Database of Abstracts of Reviews of Effects (DARE) to 

detect existing reviews similar to the topic of this thesis. The Grey literature search served to 

expand the scope of the search and to include models that are not mentioned in previous SLRs. 

In addition, models externally validated in MtHCh meetings were also included in the analysis 

[9, 10, 75]. Finally, hand search in PubMed and Google Scholar was performed. 

The search was conducted twice: in September 2017 and in May 2020. First, the time frame 

from 1997 to September 2017 was chosen. 1997 was taken as the starting point because this 

was the year when the first paper on diabetes modeling was published [66, 67]. To keep the 

database up to date after 2017, the search was repeated once with publication dates restricted to 

a period from September 2017 to May 2020. 

The references were stored in Mendeley, a cloud-based reference manager [80].  

2.3 Screening 

The screening for the data sources was conducted in two stages: title and abstract screening for 

models, that met the given criteria listed below, and full text screening to finalize the list of the 

models and to indicate if external validation was performed in the found models. Later, the data 

extraction and data synthesis were performed only on the subset of the models that were exter-

nally validated.  

At first stage, the abstract screening was conducted on Rayyan, an abstract screening service 

[81]. Relevant hits were screened in two independent groups. The first group consists of Marko 

Frings and Katherine Ogurtsova and the second group of Ute Linnenkamp and Thomas Heise. 

The screening was performed according to predefined inclusion (first three items) and exclusion 

criteria 1-10 giving in Table 2. The aim of abstract screening was to find as many models as 

possible and to keep the data base as large as possible.  

Therefore, the first three inclusion criteria for the search were kept broad, and the last inclusion 

criteria and exclusion criteria were not strictly applied on the first stage for the following three 

reasons. Frist, external validation is partly only a minor aspect in papers about modeling and is 

hence not mentioned in the abstracts. Second, external validation is sometimes only mentioned 

in papers. The validation process itself might be described in a technical report, which could be 

available only as supplementary material online or on request. Third, I aimed at evaluating how 

frequently external validation was performed in the literature, which is why I intended making 

the search broader. 
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Table 2: Inclusion and exclusion criteria 

The abstract screening was piloted in each group and then discussed between the groups to 

adapt the procedure. Inconsistencies were discussed and resolved within and between groups. 

Exclusion criteria were not strictly applied on conference abstracts and posters if a model or 

external validation was mentioned. On the later steps, the full text papers that might follow 

conference abstract were additionally searched or authors and modeling groups were contacted.  

At the second stage, full text screening was performed to finalize the list of the models fitted to 

our criteria and to find if the external validation in these models was carried out. Full papers 

Inclusion criteria Exclusion criteria 

1. The model focuses on incidence 

and/or progression of T2DM 

(model structure criteria) 

2. It is based on simulation tech-

niques 

3. The simulation is built on individ-

ual units representing an organ, a 

person or a cohort 

 

 

 

 

 

 

 

 

 

 

 

 

 

4. (only full text screening) External 

validation (EV) was performed 

for the relevant model 

1. Unsuitable publication type:  

a. Editorials 

b. Comments 

c. Newspapers 

d. Systematic review 

2. No abstract available 

3. No full publications available 

4. Only conference abstract given 

5. Diabetes is mentioned only as a comorbidity 

6. No model is mentioned or described 

7. A model does not include the onset and/or 

the development of T2DM but focuses on a 

partial aspect of the disease 

8. A model focuses on T1DM only 

9. No simulation is performed 

10. Simulation inappropriate: the simulation is 

based not on individual units: an organ, a 

person or a cohort. 

 

11. (only full text screening)  

a. Models not reporting EV  

b. Models where EV only mentioned, 

no further information found 

c. Models where EV only in abstract  
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were screened by one group of two researchers (Marko Frings and Katherine Ogurtsova). The 

full text papers were scrutinized in details regarding all exclusion and all inclusion criteria. The 

attention was drawn to additional inclusion and exclusion criteria (inclusion criteria 4 and ex-

clusion criteria 11). Papers were excluded if any of the exclusion criteria were met or if not all 

of the 4 inclusion criteria were matched. Having attempted to obtain a broad database in the 

previous step, it was now assessed whether external validation was a topic of the full text papers.  

2.4 Additional data sources selection 

In the additional data selection, authors of known models were contacted to assess if they have 

additional information or technical documentation available. If external validation was only 

mentioned in the full text paper, the modelers were also contacted to find out whether they had 

additional information on external validation or a manual search was carried out for additional 

information. Also, conference abstracts where external validation was mentioned were used as 

a starting point to search for further publications of these authors and research groups, or authors 

and modeling groups were contacted. 

SLRs found during the search were included to expand the scope as an additional data source. 

Also, reports on MtHChs were selected as an additional important data source. MtHChs are 

regular meetings of the research field to discuss relevant topics in diabetes modelling. The 4th, 

5th, and 9th deal with external validation of models. The presentation of the results is therefore 

based on the data obtained through the title and abstract and full text screening and the data 

obtained through the additional search. If models only performed external validation on 

MtHChs, this is shown separately in the results. Otherwise, the collected data are presented 

together per model.  

2.5 Data extraction 

The list of all models found in the search was used to rate the widespread presence of external 

validation. Only those models in which external validation was preformed were subject to data 

extraction and synthesis. 

The data was extracted in a predefined data extraction spreadsheet to identify the model char-

acteristics and the extent and characteristics of the performed external validation. The spread-

sheets were stored in the cloud storage Google docs [82]. Since there was no standardized tool 

for data extraction until 2016 [83], the spreadsheet was created by ourselves (Marko Frings and 

Katherine Ogurtsova). The spreadsheet was constructed in accordance with the relevant aspects 

of the guidelines of the American Diabetes Association (ADA), the Professional Society for 
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Health Economics and Outcomes Research (ISPOR) Task Force and The Mt Hood 4 Modeling 

Group [10–13, 84]. If information were not found, they were labeled as ‘unavailable’. The data 

was collecting according to following categories: of the screening 

1. Model characteristics; 

2. External validation: definition, description and use;  

3. Data sources used in the external validation: description and use;  

4. Results of external validation: methods and reporting formats [66].  

This process was also piloted to adapt the procedure. Inconsistencies were discussed and re-

solved again.  

The screening and paper selection process is presented as PRISMA flow diagram where in-

cluded and excluded number of papers are presented [79].  

2.6 Data synthesis/ analysis 

The analysis is presented in a narrative and descriptive way due to diversity of the models and 

the external validation methods. First, the results of the search in the different databases are 

presented, and the results of the database search and the screenings are shown as a PRSIMA 

flow diagram and reasons for the exclusion of hits are given. Then an overview of the models 

found and what kind of validation was done for each model is presented. Additionally, an over-

view of the MtHChs and the external validations performed at the meetings is provided. Then, 

the narrative review of the definitions, descriptions and use of external validation per model are 

given. The processes of how the modelers found data sources and/or studies for external vali-

dation is outlined, and all relevant studies for performing external validation in the literature 

are presented. The results of external validation in the found literature are illustrated in a table. 

Thereby, methods used for external validation, risk factors necessary for setting up the initial 

population, relevant outcomes and the presentation of the external validation process from the 

research groups are described. Finally, an overview is given of the extent to which the models 

fulfilled the criteria of the guideline. This structured information reflects the external validation 

practice and performance.  
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3 Results 

3.1 Search in databases and Screening 

The search in the databases, extracting hits and the analysis were conducted in September 2017 

and repeated in May 2020. Table 3 shows the number of hits found in bibliographic and grey 

literature databases. Overall, 21,737 studies we found through the search. The highest number 

of the hits was in Web of Science with 6,076 hits, followed by Scopus with 4,069 and Medline 

with 3,574 hits. Just two studies were found in CDSR and DARE. 

 

 

Bibliographic Databases: No of hits 

• CENTRAL (via Wiley) 357 

• CINAHL (via EBSCOhost) 893 

• CDSR (via Wiley) 2 

• CMR (via Wiley) 9 

• DARE (via Wiley) 2 

• EconLit (via EBSCOhost) 1,440 

• EMBASE (via Ovid SP) 3,353 

• MEDLINE (via NLM, PubMed) 3,574 

• NHS EED (via Wiley) 62 

• PsycINFO (via Ovid SP) 244 

• Scopus (via Elsevier) 4,069 

• Web of Science (via Thomson Reuters)  6,076 

• Grey literature databases: 
 

• ProQuest Dissertations & Theses Database (PQDT) (via ProQuest) 1532 

• System for Information on Grey Literature in Europe (OpenGrey) (via 
INIST/CNRS) 24 

• The Directory of Open Access Repositories (OpenDOAR) (via CRC) 100  

Total with duplicates 
 

21,737 
 

Total without duplicates 12,807 

Table 3: Number of hits in searched databases 
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The following presentation of the results is composed of two parts. First, the selection of rele-

vant papers from the search is shown (paper-based models). Second, the models that were only 

represented at MtHChs are presented.   

First, the total statistics of the studies selection is given in PRISMA flow diagram in Figure 2. 

Additional to 21,737 references found and extracted by formal search, 214 studies were found 

and extracted from systematic reviews, or from reference lists of eligible papers. After 

reduplication, 8,930 (41%) papers were removed and 13,021 were available for the abstract 

screening. The four-eyes-principle was used to perform the abstract screening in two groups. 

With application of the mentioned inclusion (criteria 1-3) and exclusion criteria (criteria 1-10) 

of the methods section (Table 2), 12,261 records were excluded and in total 760 records were 

selected for full text screening. These number consists of full texts and relevant abstracts. 

Conflicts were discussed and resolved. The total number of hits comprises of 630 papers found 

through primary search (2017), 67 studies from secondary search (2020), and 63 studies from 

additional data sources were identified and included in the full text screening. A total of 79 

different models were identified in all of 760 records (Table 12 in Appendix). 
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Figure 1: PRISMA flow diagram for the screening process, adapted from [79] 

Among all reference eligible for full text screening, 19 papers were written in other languages 

than English. All these papers, except written in German, were read with help of special 

translation software or external translators. The papers were assessed following the general 

rules despite the language they are written. The results of this process are presented in Table 4. 

In total, 7 papers written in other languages than English were included in full text screening. 

The largest share of included papers was those written in German.   
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https://drive.google.com/file/d/1JOhB2mjv8DqCNkzhEJmyapZfQJnOSk7W/view?usp=sharinghttps://drive.google.com/file/d/1JOhB2mjv8DqCNkzhEJmyapZfQJnOSk7W/view?usp=sharing
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Table 4: Statistics of other language hits 

In case of missing information, I have contacted 59 corresponding authors to request more 

information. 19 researchers replied (32 %) and 19 additional publications were provided by 

authors.  

The identified papers eligible for the full text screening were screened by two researchers 

(Marko Frings and Katherine Ogurtsova). The papers fitted to all inclusion and exclusion 

criteria (Table 2) were identified. At the end of the full text screening, 43 papers (referring to 

24 models) were included for data extraction and appraisal. 

 

Language N. of publications in 
full text screening 

N included in data 
extraction 

Spanish 4 1 

Bulgarian 1 0 

Chinese 4 0 

German 7 4 

Farsi 1 0 

Japanese 1 1 

Lithuanian 1 1 

Total 19 7 
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In total on a paper level, 717 papers were excluded. The most frequent reasons for exclusion 

(Table 5) were: only a ‘conference abstract’ was available (296 records), ‘no validation men-

tioned or described‘ (147 records), ‘only reference of previous publications’ (124 records), and 

‘inappropriate model/ simulation type’ (63 records).  

On the model level, for 55 models (70 %) no external validation was mentioned or reported 

(Table 6). For 44 models (80 % of 55) no external validation was reported, for 3 models (5 % 

of 55 models) external validation exercises were mentioned in a paper but no further details 

were given, and for 8 models (15 % of 55 models), there was external validation only mentioned 

in an abstract but no publication could be found. 

 

 

 

Reason for exclusion N of excluded 

Duplication 6 

  

Conference Abstract 296 

Review 29 

Inappropriate publication type 4 

No full publication available 10 

  

No model given 6 

No simulation given 8 

Only reference of previous publications 124 

  

Inappropriate model/simulation type 63 

T1DM only 9 

  

No validation mentioned or described 147 

Model where EV only mentioned 8 

Models where EV only in abstract 7 

Total excluded at the first step: 717 

Table 5: Reasons for exclusion in full text screening Number of hits for searched databases 
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External validation performed on level of models 

No 55 70 % 

• Models not reporting external validation 44 80 % (of 55) 

• Models where external validation only mentioned 3 5 % (of 55) 

• Models where external validation only in abstract 8 15 % (of 55) 

Yes 24 30 % 
Table 6: Statistics of the performance of external validation on level of models 

For 6 models external validation (Sheffield Diabetes Model, EAGLE, Evidence‐Based 

Medicine Integrator, PROSIT Model, TTM, and IQVIA CORE Diabetes Model) was only 

performed on MtHChs. In the presentation of results, paper-based models are separated from 

those that were only represented at MtHChs. Only for the calculation of proportions are both 

taken together. A total of 30 models were included in the final analysis, of which 24 are based 

on paper-based models and 6 were only represented on MtHChs (Figure 3).  

3.2 Characteristics of models 

Table 7 gives an overview of the models, with their key facts, the model types, the types of 

validation, the papers with external validation and the participation in the MtHChs. Of the 30 

models included, 17 are Markov models (57 %) and 13 (43 %) are discrete event simulation 

models. For 24 models (80 %), other validations such as face validation, verification, cross, or 

internal validation were performed next to external validation. For 6 models (20 %, NHS model, 

Chicago Model, Markov model/Vijan, Dutch diabetes model, Australian Diabetes Models, and 

Discrete event simulation model from Jiao) [85–90] only external validation was performed. 

No more details are shown, as the focus of this work is on external validation. 
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Model Sources Model aims and key facts Model type Types of valida-
tion involved  

Papers based on 
external validation 

Participating on Mt 
HCh 

IMS CORE Dia-
betes Model 

[91]  Projecting long-term health outcomes 
and economic consequences by taking 
into account baseline cohort characteris-
tics and past history of complications, 
current and future diabetes management 
and concomitant medications, screening 
strategies, and changes in physiological 
parameters over time  

Markov model structure 
with combination of 
Monte Carlo simulation 

face validation, ver-
ification, cross, in-
ternal, and external 
validation 

[10, 75, 92, 93]   2nd, 3rd, 4th, 5th, 
6th, 7th and 8th 

Cardiff Model [94, 95] Cardiff Stochastic Simulation Cost-Util-
ity Model (DiabForecaster), which 
evolved from the Eastman model, was 
used to follow a cohort of 10 000 patients 
over 20 years. The model was designed 
to simulate health related outcomes and 
long-term economic impact of treat-
ments of T2DM patients.  

Discrete event stochas-
tic simulation model 

face validation, ver-
ification (con-
sistency), cross, in-
ternal, temporal, 
and external valida-
tion 

[9, 10, 95] 4th and 9th 

UKPDS Outcomes 
Model 

[96, 97] The first version of UKPDS Outcomes 
model is based on the the United King-
dom Prospective Diabetes Study 
(UKPDS) and was published in 2004. 
The aim is to simulate the occurrence of 
major diabetes-related complications 
over a lifelong perspective and to gener-
ate health economic outcomes such as 
quality-adjusted life expectancy. The 
second version was published 2013 and 
included additional recent data and an in-
ternal validation of UKPDS over 25 
years of follow-up.  

Discrete event simula-
tion model  

Cross, internal, and 
external validation 

[9, 10, 75, 98–100] 3rd, 4th, 5th, 6th, 
7th, 8th, and 9th 
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Archimedes 
Model 

[101] Detailed simulation of diabetes (includ-
ing factors anatomy, pathophysiology, 
test, treatments, and outcomes) that can 
be applied to a broad variety of clinical 
and administrative problems 

Discrete event simula-
tion  

face validation, ver-
ification, internal, 
cross, external, and 
predictive valida-
tion  

[10, 102–105] 4th and 7th  

IHE/ ECHO-
T2DM Model 

[106–108] IHE/ ECHO-T2DM is a long-term diabe-
tes model to simulate the cost-effective-
ness of different diabetes treatment op-
tions. Micro- and macrovascular compli-
cations and death are simulated. 

Stochastic microsimu-
lation Markov model 

face validation, ver-
ification, cross, ex-
ternal validation 

[9, 75, 106–108] 5th, 6th, 7th, 8th, 
and 9th 

CDC/ RTI Model [109] CDC/ RTI Model simulates the develop-
ment and progression of type 2 diabetes 
and is used to perform cost-effectiveness 
analysis of different prevention and 
treatment options. Micro- and macrovas-
cular complications are simulated.  

Markov model cross, internal, and 
external validation 

[9, 75, 109] 5th, 6th, 7th, 8th, 
and 9th 

Michigan Model 
for Diabetes 

[110] Model that simulates the impact of 
screening, prevention, and treatment of 
T2DM treatment options on the develop-
ment, progression, quality of life, and 
costs of type 2 diabetes.   

Markov model structure 
with combination of 
Monte Carlo simulation 

verification, cross, 
internal, and exter-
nal validation 

[9, 75, 111–113] 3rd, 5th, 7th, 8th, 
and 9th 

NHS model [85] Model is based on UKPDS Outcomes 
Model with adjusting nephropathy with 
biomarkers such as albuminuria and 
eGFR. 

Discrete event (time) 
simulation model  

external validation [85] none 
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Chicago Model [114] Chicago Model was developed to esti-
mate life expectancy and the risk of com-
plications. It accounts for demographics, 
functional status, comorbid illness, risk 
factors, and duration of diabetes. 

Markov model structure 
with combination of 
Monte Carlo simulation 

external validation [86] none 

DiDACT model [115] DiDACT model model was developed to 
simulate expected health outcomes and 
costs attributable to T2DM for evalua-
tion of policies and interventions in treat-
ing T2DM. 

Markov model cross, and external 
validation 

[10, 116, 117] 3rd, and 4th 

MICADO [118] Model simulates long-term effects of in-
terventions in people with and without 
diabetes. The model takes into account a 
population scope and has the possibility 
to assess parameter uncertainty using 
probabilistic sensitivity analyses.  

Markov model cross, and external 
validation 

[9, 118, 119] 7th, 8th, and 9th 

Markov model/Vi-
jan 

[87]  Markov model which simulates the onset 
and progression of retinopathy and 
nephropathy in patients with T2DM. 

Markov model external validation [87]  none 

Dutch diabetes 
model 

[88] Model simulates diabetes and its compli-
cations over a life-long perspective in the 
Dutch population.  

Markov model external validation [88] none 

SPHR Diabetes [120] The model was developed to simulated 
long-term health outcomes and 
healthcare costs for the evaluation of di-
abetes prevention strategies.  

Kind of discrete event 
simulation model 

verification, cross, 
internal, and exter-
nal validation 

[9, 120] 8th, and 9th 

Microsimula-
tion/Javanbakht 

[121] The model was constructed to simulate 
the progress of diabetes within the Ira-
nian population over 22 years and the 
economic impact.  

Markov model face, cross, internal, 
and external valida-
tion 

[121] none 
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IHSD DPMM [122] Interaction between demographics, 
smoking status, biometrics, incidence of 
disease and adverse health events, and 
mortality were simulated.  

Markov model external, and pre-
dictive validation  

[122, 123] none 

Microsimula-
tion:model form 
Caro JJ /Eastman 

[124] The model simulates micro- and macro-
vascular complications of patient with 
T2DM from diagnosis to death. 

Markov model structure 
with combination of 
Monte Carlo simulation 

face validation, ver-
ification, predictive 
validation  

[124] none 

Australian Diabe-
tes Model 

[89] The model simulates the incidence and 
progression complications of diabetes 
within the Australian population.  

Discrete event simula-
tion model  

external validation [89] none 

Discrete event 
simulation model 
from Jiao 

[90]  The model simulates patients over a life-
long perspective from no complication to 
death. 

Discrete event simula-
tion model  

external validation [90] none 

PREDICT-DM [125] The model simulates the disease progres-
sion and compares different treatment 
options.  

Markov model with 
combination of Monte 
Carlo simulation 

verification, inter-
nal, and external 
validation 

[125] none 

CDOM [126] A Chinese specific outcome model. Markov model with 
combination of Monte 
Carlo simulation 

internal, and exter-
nal validation 

[126] none 

Cornerstone Dia-
betes Simulation 

[127] The model simulated over a lifelong per-
spective health outcomes and economic 
consequences of T2DM 

Discrete event simula-
tion model with comi-
bation of Monte Carlo 
simulation 

cross, internal and 
external validation 

[127] none 

Chinese Outcomes 
Model for T2DM 

[128] The model simulates complications of 
diabetes within the Chinese poplulation. 

Discrete event simula-
tion model  

face validation, ver-
ification, cross, in-
ternal, and external 
validation 

[128] none 

BRAVO Model [129] The model accounts for increased risk of 
complications as diabetes progressed and 
for interactions between complications.  

Discrete event simula-
tion model  

cross, internal, and 
external validation 

[9, 129] 9th 
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Sheffield Diabetes 
Model  

[130] The Sheffield Diabetes Model simulates 
the natural history of diabetes and the 
lifetime cost effectiveness of different 
treatment options.  

Decision tree and Mar-
kov model 

cross, and external 
validation 

[10] 3rd, and 4th 

EAGLE [131] Model was developed to implement new 
features and further develop the method-
ology of existing models to present a 
more comprehensive assessment of long-
term effects of diabetes treatment and re-
lated costs. 

Markov model structure 
with combination of 
Monte Carlo simulation 

verification, cross, 
internal, and exter-
nal validation 

[10] 3rd, and 4th 

Evidence‐Based 
Medicine Integra-
tor 

[132] Evidence-Based Medicine Integrator 
combines risk equations based on the un-
derlying population to build the model, 
with estimates of treatment effects taken 
directly from systematic reviews and 
randomized trial results. 

Discrete event simula-
tion model  

cross, and external 
validation 

[75] 5th 

PROSIT Model [133] PROSIT Model is not a single model be-
cause six diabetic complication models 
(CHD, stroke, nephropathy, retinopathy, 
amputation, and hypoglcaemia) are com-
bined.  

Markov model cross, and external 
validation 

[9] 9th 

TTM [9] The model estimates clinical and eco-
nomic outcomes for patients with T2DM 
under user-specified treatment strategies 

Kind of discrete event 
simulation model  

cross, and external 
validation 

[9] 9th  

IQVIA CORE Di-
abetes Model 

[9] The model is a web-based diabetes pol-
icy analysis tool that performs real time 
simulations to predict clinical outcomes 
and costs for cohorts of patients with di-
abetes 

Markov model structure 
with combination of 
Monte Carlo simulation 

cross, and external 
validation 

[9] 9th 

Table 7: Overview of model characteristics and validation types, adapted from [134]
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3.3 Mount Hood Challenge participation 

MtHChs are meetings to discuss relevant topics of modeling in diabetes. Since 1999, 10 

MtHChs took place. The last MtHCh was held in South Korea at the end of 2019 and there are 

no detailed information published until now [135]. So, this MtHCh was not regarded for the 

following results (see Table 7 and Table 8).  

Model name MtHCh1 2 3 4 5 6 7 8 9 Par-
tici-

pates 
IMIB Model Yes 

        
1 

Global Diabetes Model 
(GDM) 

Yes Yes Yes Yes 
     

4 

CDC Diabetes Prevention 
Model 

 
Yes 

       
1 

CDC/ RTI Model 
   

Yes Yes Yes Yes 
 

Yes 5 
IMS CORE Diabetes 
Model 

 
Yes Yes Yes Yes Yes Yes Yes 

 
7 

IQVIA CORE Diabetes 
Model 

        
Yes 1 

IQVIA CORE Hyperten-
sion Model 

        
Yes 1 

Economic Model of Dia-
betes progression 

 
Yes 

       
1 

Michigan Model for Dia-
betes  

  
Yes 

 
Yes 

 
Yes Yes Yes 5 

IMOR Model 
 

Yes 
       

1 
UKPDS Risk Engine 

 
Yes Yes Yes Yes 

    
4 

UKPDS Outcomes Model 
  

Yes Yes Yes Yes Yes Yes Yes 7 
DiDACT model 

  
Yes Yes 

     
2 

EAGLE 
  

Yes Yes 
     

2 
DiabForecaster Model 
(Same model like Cardiff 
Model) 

   
Yes 

     
1 

Sheffield Diabetes Model 
  

Yes Yes 
     

2 
Archimedes Model 

   
Yes 

  
Yes 

  
2 

Cardiff Model 
  

Yes Yes Yes Yes Yes Yes Yes 7 
IHE/ ECHO-T2DM 
Model 

    
Yes Yes Yes Yes Yes 5 

Evidence‐Based Medicine 
Integrator  

    
Yes 

    
1 

Reference Model 
     

Yes Yes Yes 
 

3 
Diabetes Modelling and 
Analysis Framework 
(DMAF) 

      
Yes 

  
1 

MICADO: Modelling In-
tegrated Care for Diabe-
tes based on Observa-
tional Data 

      
Yes Yes Yes 3 
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Ontario Diabetes Eco-
nomic Model 

      
Yes 

  
1 

Medical Decision Model-
ling Group (MDM) - 
Treatment Transitions 
Model (TTM) 

       
Yes Yes 2 

MMUs Diabetes Model 
       

Yes 
 

1 
SPHR Diabetes 

       
Yes Yes 1 

SPHR CVD Prevention 
Model 

        
Yes 1 

BRAVO Model 
        

Yes 1 
PROSIT Model 

        
Yes 1 

Scottish CVD Policy 
Model 

        
Yes 1 

SHARP-CKD-CVD 
Model 

        
Yes 1 

 
2 6 9 11 8 6 11 10 15 

 

Table 8: Participating models in Mount Hood Challenges [135] 

The MtHChs with the most participating models was 9th MtHCh with 15 models, 4th and 7th 

MtHCh with 11 models and 8th MtHCh with 10 models. On 1st MtHCh, only two models par-

ticipated. The most often participating models were IMS CORE Diabetes Model, UKPDS Out-

comes Model and Cardiff Model with 7 participations. IHE/ ECHO-T2DM Model and Michi-

gan Model for Diabetes participated both 5 times. Only one time participated 17 models (IMIB 

Model, CDC Diabetes Prevention Model, IQVIA CORE Diabetes Model, IQVIA CORE Hy-

pertension Model, Economic Model of Diabetes progression, IMOR Model, DiabForecaster 

Model, Evidence-Based Medicine Integrator, Diabetes Modelling and Analysis Framework, 

Ontario Diabetes Economic Model, MMUs Diabetes Model, SPHR Diabetes, SPHR CVD Pre-

vention Model, Bravo Model, PROSIT Model, Scottish CVD Policy Model and SHARP-CKD-

CVD-Model).  

Of the 24 paper-based models, only 11 models out of 24 (46 %) have participated in a MtHCh 

at least once. 13 models out of 24 (54 %) have published external validation results only via 

papers (Figure 3). 
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Figure 2: MtHCh and paper-based models 

External validation exercises were performed on 4th, 5th and 9th MtHChs [9, 10, 75, 135]. At the 

4th MtHCh, the validation of 8 models was carried out against CARDS (Table 7 and Table 8). 

Baseline characteristics and risk factors were given to start the simulation exercises. Simulated 

endpoints were cumulative incidence of cardiovascular events, all-cause mortality, and quality-

adjusted life expectancy. The result was an overestimation of the incidence of macrovascular 

complications [10].  

At the 5th MtHCh, 8 models carried out external validation with the ACCORD, ADANCE and 

ASPEN studies (Table 7 and Table 8). Baseline characteristics and risk factors were again pro-

vided as the basis for simulation. The summed outcomes are shown in Table 18 in Appendix, 

among others. The models performed well in simulating the relative risk between the interven-

tion and control arms, but did not perform as well in simulating the absolute risk of diabetes 

complications [75]. 

External validation of 12 models was carried out at the 9th MtHCh using the EMPA-REG and 

CANVAS studies (Table 7 and Table 8). Baseline characteristics and risk factors were provided 

as the basis for simulation. The summed outcomes are again shown in Table 18 in Appendix, 

among others. In general, treatment effects were underestimated for both studies. The results 

Only Mt Hood 
Callenge-based 

models 
6

Only paper-
based models 

13

both

11 

24 17 

30 
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could be improved by recalibrations of the models [9]. The detailed results of the MtHChs are 

presented for the corresponding models in Table 15 to Table 18 in Appendix, among others. 

 

3.4 External validation 

The participation in the MtHChs has already been treated in the previous section and will not 

be discussed further in this section.  

In the following, established models are considered for which external validation has been de-

scribed in at least 2 papers and which have been externally validated on minimum 2 MtHChs. 

These include 5 models (IMS CORE Diabetes Model respectively IQVIA CORE Diabetes 

Model, UKPDS Outcomes Model, IHE/ ECHO-T2DM Model, and Michigan Model for Dia-

betes). The other 25 models are therefore referred to as "less established" models. Mainly, be-

sides external validation other types of validations (face validation, verification, cross, tem-

poral, internal, and predictive validation) were performed for the models, but for  

6 models (NHS model, Chicago Model, Markov model/Vijan, Dutch diabetes model, Australian 

Diabetes Model, Discrete event simulation model from Jiao) only external validation was per-

formed.  

The results are presented in the several tables. Table 13 in Appendix provides an overview of 

the definition, description and use of external validation. Table 9 gives an overview of the data 

source selection. Table 14 in Appendix summarizes the results assessment in external valida-

tion. Table 15 to Table 18 in Appendix show the extracted data: these four tables display the 

used outcomes, risk factors and studies in external validation exercises. These results are 

grouped by models. Table 10 lists the criteria of the guidelines and the extent to which they 

were met in the external validation per model. 

3.4.1 Definition  

Table 13 in Appendix provides an overview of the definition, description and use of external 

validation. For 8 models a definition of external validation is given, for 10 models the process 

of external validation is described but no exact definition is given, for 3 models a mixture of 

definition and description is given and for 9 models no definition is given at all. An example of 

the definition of external validation is the validation of the Cardiff Model "External validation 

compares output from the model with data not specifically used to construct the disease pro-

gression algorithms"[95]. An example of the description of the process is given in the validation 

of the Markov model/Vijan "One way to test the validity of this model is to determine whether 
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it can accurately predict the rates of microvascular disease reported in actual patient popula-

tions" [87]. An example of a mixture of definition and description is the validation of the IMS 

CORE Diabetes Model "External validation compares clinical events predicted by the CDM 

with observed clinical outcomes using studies not directly used to inform disease progression 

within the model" [93].  

3.4.2 Data sources 

Table 9 gives an overview the data source selection. Only for the CDC/ RTI Model was a formal 

search for external validation studies conducted. For 3 models (UKPDS Outcomes Model, Ar-

chimedes Model, and PREDICT-DM), validation was performed for a specific population. In 

4 models (IMS CORE Diabetes Model, Archimedes Model, PREDICT-DM, and CDOM), val-

idation studies were chosen by baseline characteristics and/or outcomes. For 3 models (IHE/ 

ECHO-T2DM Model, CDC/ RTI Model, Michigan Model for Diabetes), data sources already 

used in other validation studies were used for external validation. IHE/ ECHO-T2DM Model, 

Cornerstone Diabetes Simulation and the BRAVO model used studies from MtHChs for exter-

nal validation. Markov model/Vijan and Evidence-Based Medicine Integrator stated that recent 

studies were used for external validation. For the Cardiff Model and DiDACT model, it was 

reported that key trials/landmark trials were used for external validation. 18 models did not 

provide an explanation for the selection of their data source.  

Table 15 and Table 16 in Appendix present the studies used for external validation process. In 

total 86 studies were used for external validation and the process was performed at least 172 

times. Landmark studies are those that have been used by at least 4 models in external validation 

(UKPDS, ACCORD, ADVANCE, ASPEN, VADT, ADDITION, CARDS, Look AHEAD, 

EMPA-REG, CANVAS).  

The most often used studies for external validation are EMPA-REG and CANVAS, which were 

both only utilized on the 9th MtHCh, and ADVANCE and CARDS each of them employed 11 

times. 64 studies were only used once for external validation.  

EMPA-REG is a randomized controlled trial on cardiovascular morbidity and mortality in pa-

tients with T2DM at high CVD risk performed from September 2010 to April 2013. 7,020 pa-

tients were treated with 10 mg or 25 mg empagliflozion (sodium-glucose cotransporter 2 inhib-

itor) or placebo once daily in addition to their standard treatment. Primary composite outcome 

was death from CVD causes, nonfatal myocardial infarction or nonfatal stroke. The risk for 
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CVD events was lower in the treatment group compared to placebo group (HR 0.86 P= 0.04) 

[49].  

CANVAS is a similar randomized controlled trial on same primary composite outcome as 

EMPA-REG in patients with T2DM with high CVD risk. 10,020 patients from two trials (CAN-

VAS and CANVAS-R) were treated with canagliflozin (sodium-glucose cotransporter 2 inhib-

itor). Patients from CANVAS received canagliflozin at a daily dose of 300mg, 100mg or pla-

cebo and patients from CANVAS-R a daily dose of initially 100mg with a possible increase to 

300 mg or placebo. The risk for CVD events was lower in the treatment group than in control 

group (HR 0.86 P= 0.02) [136].  
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Model Formal 
search 

Specific popu-
lation 

Selection 
based on 
baseline char-
acteristics 
and/or out-
comes 

Used in other 
validation 
studies  

MtHChs Recent stud-
ies 

Key trial/ 
landmark 
trial 

no explana-
tion given 

IMS CORE Diabetes Model 
  

x 
     

Cardiff Model 
      

x 
 

UKPDS Outcomes Model 
 

x 
      

Archimedes Model 
 

x x 
     

IHE/ ECHO-T2DM Model 
   

x x 
   

CDC/ RTI Model x 
  

x 
    

Michigan Model for Diabetes 
   

x 
   

x 
NHS model 

       
x 

Chicago Model 
       

x 
DiDACT model 

      
x 

 

MICADO 
       

x 
Markov model/Vijan 

     
x 

  

Dutch diabetes model 
       

x 
SPHR Diabetes 

       
x 

Microsimulation/Javanbakht 
       

x 
IHSD DPMM 

       
x 

Microsimulation:model form 
Caro JJ /Eastman 

       
x 

Australian Diabetes Model 
       

x 
Discrete event simulation model 
from Jiao 

       
x 

PREDICT-DM 
 

x x 
     

CDOM 
  

x 
     

Cornerstone Diabetes Simulation  
    

x 
   



41 

 

 

Chinese Outcomes Model for 
T2DM 

       
x 

BRAVO Model     x   x 

Sheffield Diabetes Model 
       

x 
EAGLE 

       
x 

Evidence‐Based Medicine Inte-
grator 

     
x 

  

PROSIT Model 
       

x 
TTM 

       
x 

IQVIA CORE Diabetes Model 
       

x 
Sum 1 3 4 3 3 2 2 18 

Table 9: Description of data source selection 
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3.4.3 External validation results 

Table 14 in Appendix summarizes the results of external validation in the found literature. In 

Table 17 and Table 18 in Appendix risk factors and outcomes used for external validation 

were shown. 

3.4.3.1  External validation methods implemented 

The extent of external validation varies between the models. Outcomes were compared in 23 

of the 30 models (77 %). Often, further statistical procedures were applied, such as regression 

analysis for 9 models (30 %) and confidence intervals also for 12 models (40 %). In addition to 

the regression analysis, the coefficient of determination (R²) was determined for 7 models (23 

%). The mean absolute percentage error (MAPE) was calculated for 8 models (27 %). Hazard 

ratios were given for 5 models (17 %), a sensitivity analysis for 7 models (33 %), and an F-test 

was carried out for 2 models (7 %). For 20 models (67 %), it is stated in the literature that 

overall accurate/adequate predictions were calculated by the models. For 8 models (27 %), it is 

reported that they over- or underestimated the outcomes. If parts of the results do not provide 

accurate/adequate predictions, this was explained in more detail by 17 of 30 models (57 %). 

Microsimulation/Javanbakht and Microsimulation:model form Caro JJ /Eastman did not give 

detailed results.  

3.4.3.2 Risk factors 

Table 17 in Appendix shows the used risk factors which are grouped socioeconomic risk fac-

tors, laboratory results with subgroups of lipids and other laboratory results like HbA1c, T2DM 

characteristics, cardiological parameters, weight, comorbidities, behavior, and other risk fac-

tors. In total at least 216 validation exercises were performed in 30 models. The most often used 

risk factor categories are laboratory results with 63, socioeconomic with 54 and cardiological 

with 25. Age was used in 23 models and is the most frequent used risk factor. It is followed by 

sex used in 21 models and HbA1c used in 20 models. 18 risk factors were only used in one 

model. The three models with the broadest range of risk factors used are Chicago Model with 

18, and Cardiff Model, and Chinese Outcomes Model for T2DM with both 14 risk factors, 

respectively. No risk factors were used or available in Evidence-Based Medicine Integrator, 

PROSIT Model and TTM.  
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3.4.3.3 Outcomes 

In Table 18 in Appendix, the outcomes are displayed grouped by general outcomes, 

macrovascular diseases, microvascular diseases, and other complications. Incidence 

respectively cumulative incidence, prevalence, mortality/ survival, life expectancy, and 

prevalence of complications belong to general outcomes. Macrovascular diseases are classified 

as cardiovascular disease which can be subclassified in coronary heart disease, peripheral artery 

disease and cerebrovascular disease. Microvascular diseases are divided in retinopathy, 

nephropathy and neuropathy. When external validation was performed mainly the incidence of 

diabetes, clinical outcomes/ incidence of complications and comorbidities and life 

expectancy/survival were validated. In 30 models external validation was performed at least 

197 times. The most often validated outcome is mortality/ survival which was used in 20 

models. Afterwards stroke was used in 19 models and myocardial infarction in 18 models. Other 

often used outcomes are cardiovascular disease and cardiovascular death both 14 times used, 

and congestive heart failure, and (lower extremity) amputation both 11 times used. Least often 

validated outcomes which were only used once are cumulative incidence, diabetes prevalence, 

prevalence of complications, transient ischemic attack (TIA), cataract, death from end-stage 

renal disease, annual per patient cost estimates for diabetes, disability-adjusted life years 

(DALYs), cancer, and progression of HbA1c. The model with the widest range of outcomes 

that were validated is IHE/ ECHO-T2DM Model with 15 validated outcomes. IMS CORE 

Diabetes Model and Cornerstone Diabetes Simulation are validated both with 13 outcomes, and 

Cardiff Model, and CDC/ RTI Model are both validated with 12 times. 

To sum up, in paper-based models validation exercises are more often performed than in models 

only used on MtHChs. 

3.4.3.4 Presenting results 

The presentation of results varied among the models (Table 14 in Appendix). For 22 models 

(73 %), tables were used to present the results. Summary measures of goodness of fit were 

tabulated for 2 models (7 %). For 8 models (27%), there was no tabular presentation of results. 

Scatterplots were mainly used for 11 models (37 %). For 4 models (13 %), the predictions were 

plotted over time. Kaplan Meier-curves, receiver operating curves, boxplots, histograms, and 

validity curves were occasionally given. For 13 models (43 %), no graphs or figures were used 

to illustrate the results.  
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3.4.4 Summary of guidelines criteria and further specifications per model 

Table 10 summarizes the results in relation to the guidelines. The criteria of the guidelines are 

listed and the extent to which a model has fulfilled these criteria is assessed. The criteria are 

listed in the following and explained where needed. In general, the guidelines use terms such 

as 'frequent', 'many', and 'landmark trial' but do not define them precisely. Therefore, I made 

specifications based on the results, which can be considered arbitrary, but were necessary for 

the evaluation of the corresponding criteria. 

First, the guidelines advise that frequent validation should be performed, but do not specify this. 

Therefore, I have considered frequent validation when there has been at least external validation 

in one paper and on one MtHCh. If only one of the conditions was fulfilled, the criterion was 

assessed as partially fulfilled. Second, a definition, description of the process or both should be 

given. Third, a formal search should be performed to find relevant and sufficient data sources 

to perform the external validation. Fourth, external validation should be performed against 

many landmark trials. However, again there is no quantification or definition of ‘many’ and 

‘landmark trial’ in the guidelines. I have therefore defined a ‘landmark trial’ that have been 

used at least 4 times in external validation. Moreover, I assumed as a limit for ‘many’ that 

external validation should be performed against more than 3 landmark trials. If a model has 

been externally validated against only 1 to 3 landmark trials, the criterion was considered par-

tially fulfilled. Fifth, the criterion 'frequent validation of standard outcomes' is not further clas-

sified in the guidelines. I have therefore defined the threshold to be more than 8 standard out-

comes. If a model had 4 to 8 standard outcomes externally validated, the criterion was consid-

ered partially met. Sixth, the methods should be in accordance with the study used. Seventh, 

methods to assess sampling error, statistical significance, and/or sensitivity analysis should be 

applied. Eighth, the description of the external validation should be detailed. Ninth, authors of 

external validation studies should indicate whether their external validation provides accu-

rate/adequate predictions and they should explain deviations.
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Model Validation 
in at least 
one paper 
and on one 
MtHCh 

Definition, 
description 
of process or 
both 

Formal 
search 

Validation 
against more 
than 3 land-
mark trials 

Validation of 
more than 8 
standard out-
comes  

Methods in 
accordance 
with study 
used 

Application of 
methods to as-
sess sampling 
error, statisti-
cal signifi-
cance, and/or 
sensitivity 
analysis 

Description 
given in de-
tails 

Accurate/ 
adequate 
predictions 
by author’s 
suggestion 
and explana-
tion of devia-
tions 

IMS CORE Diabetes 
Model 

x x - x x x x x x 

Cardiff Model x x - x x x x x x 
UKPDS Outcomes 
Model 

x x - x x x x x x 

Archimedes Model x x - x (x) x x x x 
IHE/ ECHO-T2DM 
Model 

x x - x x x x x x 

CDC/ RTI Model x x x x x x x x x 
Michigan Model for 
Diabetes 

x x - x (x) x x x x 

NHS model (x) - - - - x x (x) x 
Chicago Model - x - - - x x (x) x 
DiDACT model - - - - - - - - - 
MICADO x x - (x) x x x x x 
Markov model/Vijan - x - (x) - x x x x 
Dutch diabetes model - - - - - - - - (x) 
SPHR Diabetes x x - (x) (x) x - x (x) 
Microsimulation/ Ja-
vanbakht 

- - - - - - - - - 

IHSD DPMM (x) x - (x) - (x) - (x) (x) 
Microsimula-
tion:model form Caro 
JJ /Eastman 

- - - - - - - - - 

Australian Diabetes 
Model 

- - - - - x - - (x) 
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Discrete event simula-
tion model from Jiao 

- - - - - x x x (x) 

PREDICT-DM - x - (x) (x) x x x (x) 
CDOM - x - - (x) x x x x 
Cornerstone Diabetes 
Simulation 

- x - (x) x x x x x 

Chinese Outcomes 
Model for T2DM 

- x - x x x x x x 

BRAVO Model (x) - - x x x x x (x) 
Sheffield Diabetes 
Model  

- x - (x) (x) x x x - 

EAGLE - x - (x) (x) x x x - 
Evidence‐Based Med-
icine Integrator 

- - - (x) (x) x - - - 

PROSIT Model - - - (x) (x) x x - - 
TTM - - - (x) (x) x x - - 
IQVIA CORE Diabe-
tes Model 

- - - (x) (x) x x - - 

 
x Criterion fulfilled, (x) Criterion partially fulfilled, - Criterion not fulfilled 
Table 10: Criteria of the guidelines per models 
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4 Discussion 

The main objective of this thesis was to conduct a SLR on external validation practices of 

T2DM and to describe and evaluate the process of external validation and to provide an over-

view and recommendations for performing external validation in the future.  

First of all, in the following, an overview and a general discussion of validation criteria pro-

posed in the guidelines is given.  

Criterion 1. Definition. The basis for the process evaluation is the definition of external valida-

tion and whether modelling groups all understand it in the same way. This criterion should be 

easy to follow. 

Criterion 2. Data sources. In all guidelines, this means simulation against external data that has 

not been used for the construction of the respective model [11–13]. This criterion should also 

be easy to follow.  

Criterion 3. Frequency. Regarding the frequency of a validation, I have taken as a limit that 

external validation must be performed for a model in at least one paper and on one MtHCh. 

Furthermore, according to the guidelines external validation should be performed sufficiently 

regularly and against “many landmark trials”. The background for this condition is that there 

should be no pre-selection of “appropriate” studies for the models [11–13]. The challenge with 

this condition given in the guidelines is that the frequency and the term “landmark trial” are no 

further defined in the guidelines. In reality, studies are often selected because of specific char-

acteristics. For example, on the 9th MtHCh external validation was performed with the EMPA-

REG and CANVAS studies, both of them showed a survival benefit with the use of SLGT-2 

inhibitors for patients with T2DM [9, 49, 136]. Therefore, in this thesis, studies that have been 

used at least 4 times in external validation are considered landmark studies. Furthermore, I 

assumed as a limit for ‘many’ that external validation should be performed against more than 3 

landmark trials. This can be criticized as arbitrary, however, I decided to do this in order to 

enable reproducibility of our results.  

Criterion 4. Formal search of studies source. The next criterion is that a formal search for ex-

ternal validation should be undertaken. A formal search is certainly desirable to ensure the larg-

est possible data base for external validation, but it does not guarantee that a model will be 

externally validated against sufficient studies. Other methods are therefore also necessary to 

achieve the widest possible range of studies [12, 13].  
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Criterion 5. Standard outcomes. Additionally, a frequent validation of standard outcomes 

should be performed. I have therefore defined the threshold to be more than 8 standard out-

comes. These standard outcomes were exclusive. Again, this can be considered as arbitrary, but 

it is important for the reproducibility of the results.  

Criterion 6 and 7. Population characteristics and statistical methods. There should be an agree-

ment of population characteristics and statistical methods between study and model. This point 

is not controversial in the guidelines, as discrepancies would predictably lead to deviations in 

the results or results would not be comparable [11–13]. To increase the reliability of the results, 

they should be tested for statistical significance and the sampling error should be taken into 

account. This is not further defined in the guidelines, since the models are often very different 

and no concrete recommendation on specific methods may be given.  

Criterion 8 and 9. Reporting results. The condition that the results of external validation should 

be described in sufficient detail, the extent to which accurate/adequate predictions have been 

made by author’s suggestion and the extent to which deviations have been explained are un-

controversial.  

A detailed discussion of each model is proposed in the following section.  

 

4.1 Performance of the individual models  

In the following, the results especially from Table 10 are used to assess the extent to which a 

model has performed external validation in accordance with the guidelines. The models are 

approximately arranged according to the frequency of their use in the literature. However, there 

is no fixed order. 

4.1.1 IMS CORE Diabetes Model 

The IMS CORE Diabetes Model has been externally validated sufficiently frequently in papers 

and on MtHChs. A definition or a description of the process was given. Studies for external 

validation were selected using baseline characteristics and/or outcomes rather than a formal 

search. However, it can be stated that IMS CORE Diabetes Model has been validated against 

many landmark studies (≥4). A lot of standard outcomes (>8) have been externally validated. 

The methods used were consistent with the respective studies, and methods were applied to 

assess sampling error and statistical significance. External validation has been described in ad-

equate detail, and the model produces accurate/ adequate predictions by author’s suggestion. 
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Deviations were reasonably explained. Overall, external validation was performed in accord-

ance with the guidelines. 

 

4.1.2 Cardiff Model 

The Model has been externally validated once in a paper and on the 4th and 9th MtHCh. A 

definition of the external validation was provided. For the external validation, mainly landmark 

studies were used and provide a robust data base for the validation process. Many standard 

outcomes (>8) have been externally validated. The methods used were consistent with the re-

spective studies, and methods were applied to assess sampling error and statistical significance. 

Limitations of the model were indicated. External validation has been described in adequate 

detail, and model produces accurate/ adequate predictions by author’s suggestion. In conclu-

sion, external validation was performed in accordance with the guidelines. 

 

4.1.3 UKPDS Outcomes Model 

The UKDPS Outcomes Model has been externally validated sufficiently frequently in papers 

and on MtHChs. A definition of external validation was presented. Studies were selected on the 

basis that a specific population matched the model characteristics. However, it can be stated 

that UKPDS Outcomes Model has been validated against many landmark studies. A lot of 

standard outcomes have been externally validated. The methods used were consistent with the 

respective studies, and methods were applied to assess sampling error, statistical significance, 

and sensitivity analysis. External validation has been described in adequate detail, and the 

model produces accurate/ adequate predictions by author’s suggestion. Deviations, and limita-

tions were sufficiently explained. In general, external validation was performed in accordance 

with the guidelines. 

 

4.1.4 Archimedes Model 

The Archimedes Model has been externally validated sufficiently frequently in papers and it 

has been externally validated on the 4th MtHCh. A definition of external validation was given. 

Studies were selected on the basis that a specific population matched the model characteristics. 

However, it can be stated that Archimedes Model has been validated against many landmark 

studies. Six standard outcomes have been externally validated. The methods used were con-

sistent with the respective studies, and methods were applied to assess sampling error and 
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statistical significance. Limitation of the model were indicated. External validation has been 

described in adequate detail, and the model produces accurate/ adequate predictions by author’s 

suggestion. To conclude, external validation was performed in accordance with the guidelines 

for the most part. 

 

4.1.5 IHE/ ECHO-T2DM Model 

The IHE/ ECHO-T2DM has been externally validated sufficiently frequently in papers and par-

ticipated on five MtHChs, but it has only been externally validated on the 9th MtHCh. A defi-

nition or a description of the process of external validation was provided. Studies were selected 

that were used in either other validation studies or on MtHChs. Therefore, it can be stated that 

IHE/ ECHO-T2DM Model has been validated against many landmark studies. Many standard 

outcomes have been externally validated. The methods used were consistent with the respective 

studies, and methods were applied to assess sampling error and statistical significance. External 

validation has been described in adequate detail, and the model produces accurate/ adequate 

predictions by author’s suggestion. Limitations were reasonably explained. To sum up, external 

validation was performed in accordance with the guidelines. 

 

4.1.6 CDC/ RTI Model 

The Model has been externally validated once in a paper and it has been externally validated 

sufficiently frequently on MtHChs. The external validation has been described in adequate de-

tail. No definition but a description of the process was provided. Studies were selected using a 

formal search or because they had already been used in other studies. Therefore, it can be stated 

that CDC/ RTI Model has been validated against many landmark studies. A lot of standard 

outcomes have been externally validated. The methods used were consistent with the respective 

studies, and methods were applied to assess sampling error and statistical significance. The 

model produces accurate/ adequate predictions by author’s suggestion and deviations, and lim-

itations are sufficiently explained. Overall, external validation was performed in accordance 

with the guidelines for the most part. 

 

4.1.7 Michigan Model for Diabetes 

The Michigan Model for Diabetes has been externally validated sufficiently frequently in pa-

pers and on MtHChs. The external validation has been described in adequate detail. No 
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definition but a description of the process was presented. Studies were selected which were 

already used in other validation studies or no explanation was given. However, it can be stated 

that Michigan Model for Diabetes has been validated against many landmark studies. Eight 

standard outcomes have been externally validated. The methods used were consistent with the 

respective studies, and methods were applied to assess sampling error and statistical signifi-

cance. The model produces accurate/ adequate predictions by author’s suggestion and devia-

tions, and limitations are appropriately explained. In summation, external validation was per-

formed in accordance with the guidelines. 

 

4.1.8 NHS model 

The NHS model is based on the UKDS Outcomes Model with an adjustment for nephropathy. 

Therefore, it can be generally concluded that accurate or adequate results can be obtained with 

the simulation. Regarding the assessment of the external validation of the results of nephropa-

thy, one paper serves as data base since the model did not attend at any MtHCh. No definition 

of external validation and no explanation, how the three studies were selected, were presented. 

Furthermore, the model was externally validated against only two standard outcomes which 

were both laboratory parameters referring to renal disease (microabluminuria and gross pro-

teinuria). The methods used were consistent with the respective studies, and methods were ap-

plied to assess sampling error, statistical significance, and sensitivity analysis. The description 

of the external validation is only partially detailed. With respect to the UKDPS Outcomes 

Model, the model produces accurate/ adequate predictions by author’s suggestion and devia-

tions, and limitations are reasonably explained. In conclusion, external validation was only par-

tially performed in accordance with the guidelines. 

 

4.1.9 Chicago model 

The Chicago Model has been externally validated only once in a paper and did not participate 

at any MtHCh. No definition but a description of the process of external validation was given. 

Furthermore, no explanation of the one selected study was provided. Hence, the model has not 

been validated against many landmark studies. Additionally, the model was externally validated 

against only two standard outcomes (mortality (death)/survival and life expectancy). The meth-

ods used were consistent with the respective studies, and methods were applied to assess sam-

pling error and statistical significance. The model produces accurate/ adequate predictions by 

author’s suggestion, but the results are limited to the used population and some details of the 
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description of the process are missing. To conclude, external validation was only partially per-

formed in accordance with the guidelines. 

 

4.1.10 DiDACT model 

The external validation of the DiDACT model was described in 2 papers, but in these results of 

external validation were only mentioned, and no detailed results were presented. Further, alt-

hough the responsible research group participated in the 4th MtHCh, they declined to conduct 

an external validation because none of the proposed endpoints would fit their model. Therefore, 

it can be concluded that external validation was not performed in accordance with the guidelines 

based on the available information. 

 

4.1.11 MICADO 

MICADO has been externally validated sufficiently frequently in papers and participated on 

three MtHChs, but it has only been externally validated on the 9th MtHCh. The external valida-

tion has been described in adequate detail. No definition but a description of the process of 

external validation was given. Moreover, no explanation of the selected studies was provided. 

Nevertheless, MICADO has been externally validated against three landmark studies. A lot of 

standard outcomes have been externally validated. The methods used were consistent with the 

respective studies, and methods were applied to assess sampling error, statistical significance, 

and sensitivity analysis. The model produces mostly accurate/ adequate predictions by author’s 

suggestion and deviations, and limitations are reasonably explained. To sum up, external vali-

dation was performed in accordance with the guidelines for the most part. 

 

4.1.12 Markov model/Vijan 

Markov model/Vijan has been externally validated once in a paper and did not participate at 

any MtHCh. Despite this, the external validation has been described in adequate detail. No 

definition but a description of the process of external validation was given. The authors stated 

that they validated the model against recent studies. In summary, the model was externally 

validated against two landmark studies. Moreover, the model was externally validated against 

only two standard outcomes (retinopathy and progression of HbA1c). The methods used were 

consistent with the respective studies, and methods were applied to perform sensitivity analysis. 

The model produces accurate/ adequate predictions by author’s suggestion and deviations, and 
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limitations are sufficiently explained. Overall, external validation was performed in accordance 

with the guidelines for the most part. 

 

4.1.13 Dutch diabetes model  

The Dutch diabetes model has been externally validated only once in a paper and did not par-

ticipate at any MtHCh. The results are not described in sufficient detail. On the one hand, the 

selection of studies is not justified in detail. On the other hand, although results are summarized 

and limitations are pointed out, the presentation of external validation processes is missing. 

Therefore, it can be concluded that external validation was not performed in accordance with 

the guidelines based on the available information. 

 

4.1.14 SPHR Diabetes  

SPHR Diabetes has been externally validated once in a paper and participated in two MtHChs 

but was only externally validated on the 9th MtHCh. No definition but a description of the pro-

cess of external validation was given. In addition, no explanation of the selected studies was 

provided. However, the model has been validated against three landmark studies. Furthermore, 

many standard outcomes have been externally validated. The methods used were consistent 

with the respective studies, but no methods were applied to assess sampling error, statistical 

significance, or sensitivity analysis. External validation has been described in adequate detail, 

but the model does not produce accurate/ adequate predictions by author’s suggestion what is 

explained reasonably. Altogether, external validation was performed in accordance with the 

guidelines for the most part. 

 

4.1.15 Microsimulation/Javanbakht 

External validation of microsimulation/Javanbakht was mentioned in one paper and the respon-

sible research group did not participate on any MtHCh. No definition of external validation or 

description of study selection was provided. Furthermore, methods were described but no re-

sults were presented. External validation was not described in sufficient detail. In summary, it 

can be concluded that external validation was not performed in accordance with the guidelines 

based on the available information. 
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4.1.16 IHSD DPMM 

IHSD DPMM has been externally validated sufficiently frequently in papers but did not partic-

ipate on any MtHCh. A definition of external validation was given, but no justification for study 

selection was provided. The model was only externally validated against two landmark studies. 

The description of the external validation varies considerably between the papers. In the one 

paper exact descriptions of the results were given and in the other paper there was no presenta-

tion of the results. Where sufficient results were presented, they showed accurate/adequate pre-

dictions by author’s suggestion and deviations were explained in a reasonable way. In conclu-

sion, external validation was only partially performed in accordance with the guidelines. 

 

4.1.17 Microsimulation:model form Caro JJ /Eastman  

The Microsimulation:model form Caro JJ/Eastman has not been sufficiently externally vali-

dated according to available data. The responsible research group has not participated in any 

MtHCh and no definitions or descriptions of external validation have been published. It was 

only mentioned that adequate results were achieved in the external validation. Therefore, it can 

be concluded that external validation was not performed in accordance with the guidelines 

based on the available information. 

 

4.1.18 Australian Diabetes Model 

In the Australian Diabetes Model, external validation was only addressed in one paper and the 

responsible research group did not participate at any MtHCh. No definition of external valida-

tion or description of study selection was given. Furthermore, the model was not externally 

validated against landmark studies. Only two not common outcomes were externally validated 

(annual per patient cost estimates for diabetes and DALYs). While the same methods were used 

as in the corresponding studies and accurate/adequate results were obtained by author’s sug-

gestion, the description was not sufficiently detailed. To sum up, it can be concluded that ex-

ternal validation was not performed in accordance with the guidelines based on the available 

information.  

4.1.19 Discrete event simulation model from Jiao 

External validation was addressed in one paper for the Discrete event simulation model from 

Jiao and the responsible research group did not participate in any MtHCh. No definition of 
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external validation or description of study selection was provided. Furthermore, the model was 

not externally validated against landmark studies. Additionally, only one standard outcome was 

externally validated (life expectancy). The same methods were used as in the corresponding 

studies and methods to appraise the statistical significance were applied. Accurate/adequate 

results were obtained by author’s suggestion and the process was described in reasonable detail. 

However, limitations of the results were not sufficiently discussed. In conclusion, external val-

idation was only partially performed in accordance with the guidelines. 

 

4.1.20 PREDICT-DM 

PREDICT-DM has been externally validated once in a paper and did not participate at any 

MtHCh. No definition but a description of the process was presented. Studies were selected on 

the basis that a specific population, the baseline characteristics and/or outcomes matched the 

model characteristics. Thus, the model has been validated against two landmark studies. Addi-

tionally, eight standard outcomes have been externally validated. The methods used were con-

sistent with the respective studies, and methods were applied to assess sampling error and sta-

tistical significance. External validation has been described in adequate detail, and the model 

produces accurate/ adequate predictions by author’s suggestion. The authors gave no explana-

tion regarding the limitation of external validation. Altogether, external validation was only 

partially performed in accordance with the guidelines. 
 

4.1.21 CDOM 

CDOM has been externally validated once in a paper and did not participate at any MtHCh. A 

definition of external validation was provided, and studies were selected on the basis that base-

line characteristics and/or outcomes matched the model characteristics. To sum up, it can be 

stated that CDOM has not been validated against many landmark studies. Moreover, six stand-

ard outcomes have been externally validated. The methods used were consistent with the re-

spective studies, and methods were applied to assess statistical significance of results. External 

validation has been described in sufficient detail, and the model produces accurate/ adequate 

predictions by author’s suggestion. Limitations of the model were indicated. To conclude, ex-

ternal validation was only partially performed in accordance with the guidelines. 
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4.1.22 Cornerstone Diabetes Simulation 

One paper has covered external validation of Cornerstone Diabetes Simulation, and the respon-

sible research group has not participated on any MtHCh. For this model, a mixture of definition 

and description of the process of external validation was utilized. Studies were selected that 

have also been used on MtHChs. Therefore, the model was externally validated against three 

landmark studies. Furthermore, a lot of standard outcomes have been externally validated. The 

methods used were consistent with the respective studies, and methods were applied to assess 

sampling error and statistical significance. The external validation was described in sufficient 

detail and accurate/ adequate predictions were obtained by author’s suggestion. Deviations, and 

limitations are appropriately explained. In summation, external validation was performed in 

accordance with the guidelines for the most part. 

 

4.1.23 Chinese Outcomes Model for T2DM 

Chinese Outcomes Model for T2DM has been externally validated once in a paper and did not 

participate at any MtHCh. A definition of external validation was provided, but no explanation 

of the selected studies was indicated. Overall, the model was externally validated against many 

landmark trials. In addition, many standard outcomes have been externally validated. The meth-

ods used were consistent with the respective studies, and methods were applied to assess sam-

pling error, and statistical significance. External validation was described in reasonable detail. 

The model produces accurate/ adequate predictions by author’s suggestion and deviations, and 

limitations are sufficiently explained. In conclusion, external validation was performed in ac-

cordance with the guidelines for the most part. 

 

4.1.24 BRAVO Model 

BRAVO Model has been externally validated once in a paper and on the 9th MtHCh. A defini-

tion of external validation or a description of the process were not given. Either studies that 

have been used on other MtHChs were chosen for external validation, or there was no reason 

for the study selection. Nevertheless, the model has been validated against many landmark stud-

ies. Furthermore, many standard outcomes have been externally validated. The methods used 

were consistent with the respective studies, and methods were applied to assess sampling error, 

and statistical significance. External validation was described in reasonable detail. While accu-

rate/adequate results are obtained by author’s suggestion, a discussion of limitations of the 
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results is missing. In summary, external validation was performed in accordance with the guide-

lines for the most part. 

 

4.1.25 Sheffield Diabetes Model 

The Sheffield Diabetes Model has participated in two MtHChs and no paper for external vali-

dation has been published. On the 4th MtHCh, it was only externally validated. A definition of 

external validation was provided on the MtHCh, but there was no justification for the study 

selection. The model was therefore only externally validated against one landmark study. Fur-

thermore, only three standard outcomes have been externally validated (CVD, MI, and stroke). 

The methods used were consistent with the respective study, and methods were applied to per-

form sensitivity analysis. The results were described in sufficient detail, but there is no discus-

sion of the individual models, so it is not clear why the Sheffield Diabetes Model overestimated 

macrovascular events. Overall, external validation was only partially performed in accordance 

with the guidelines. 

 

4.1.26 EAGLE 

Like the Sheffield Diabetes Model, EAGLE has participated in two MtHChs and no paper for 

external validation has been published. On the 4th MtHCh, it was only externally validated. A 

definition of external validation was provided on the MtHCh, but there was no justification for 

the study selection. The model was therefore only externally validated against one landmark 

study. In addition, only three standard outcomes have been externally validated (CVD, MI, and 

stroke). The methods used were consistent with the respective study, and methods were applied 

to perform sensitivity analysis. The results were described in sufficient detail, but there is no 

discussion of the individual models, so it is not clear why EAGLE does not yield to accurate/ 

adequate results by author’s suggestion. Therefore, external validation was only partially per-

formed in accordance with the guidelines. 

 

4.1.27 Evidence‐Based Medicine Integrator 

Evidence-Based Medicine Integrator has only participated on 5th MtHCh where it was exter-

nally validated. No paper for external validation has been published. Further, no definition but 

a description of the process was presented. Recent studies were selected for validation. Thus, 
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the model was externally validated against only two landmark studies. The methods used were 

consistent with the respective study. Additionally, eight standard outcomes have been exter-

nally validated. No methods were applied to appraise sampling error or statistical significance. 

Due to the only external validation on a MtHCh, the description of results lacks detail. Further-

more, the model does not provide accurate/adequate results by author’s suggestion, which 

means that it cannot be considered generally applicable based on the performed external vali-

dation. Hence, external validation was only partially performed in accordance with the guide-

lines. 

 

4.1.28 PROSIT Model  

PROSIT Model has participated on 9th MtHCh where it was externally validated. No paper for 

external validation has been published. Moreover, no definition of external validation and no 

description of the study selection were provided. Consequently, the model was externally vali-

dated against only two landmark studies. Six standard outcomes have been externally validated. 

The methods used were consistent with the respective studies, and methods were applied to 

appraise sampling error, and statistical significance. Furthermore, the model simulations do not 

lead to accurate/adequate results by author’s suggestion. Due to the only external validation on 

a MtHCh, this is not reasonably explained in detail. In conclusion, external validation was only 

partially performed in accordance with the guidelines. 

 

4.1.29 TTM 

Like PROSIT Model, TTM has only participated on 9th MtHCh where it was externally vali-

dated. No paper for external validation has been published. Moreover, no definition of external 

validation and no description of the study selection were provided. As a result, the model was 

externally validated against only two landmark studies. Seven standard outcomes have been 

externally validated. The methods used were consistent with the respective studies, and meth-

ods were applied to appraise sampling error, and statistical significance. Furthermore, the model 

simulations do not lead to accurate/adequate results by author’s suggestion. Due to the only 

external validation on a MtHCh, this is not reasonably explained in detail. To sum up, external 

validation was only partially performed in accordance with the guidelines. 

 



59 

 

 

4.1.30 IQVIA CORE Diabetes Model 

The IQVIA CORE Diabetes Model is a further development of the IMS CORE Diabetes Model 

[137]. In general, it can be considered as well externally validated as described above. The 

IQVIA CORE Diabetes Model has therefore only been externally validated at the 9th MtHCh. 

Although no definition of the external validation and no description of the study selection were 

given, the reference to the IMS Core Diabetes Model means that the model has been sufficiently 

externally validated against landmark studies. In addition, two landmark studies were added 

through participation on the 9th MtHCh. Overall, many standard outcomes have been externally 

validated. The methods used were consistent with the respective studies, and methods were 

applied to appraise sampling error, and statistical significance. The IQVIA CORE Diabetes 

Model simulations do not lead to accurate/adequate results by author’s suggestion. Due to the 

participation on a MtHCh, this is not sufficiently explained in detail. Altogether, external vali-

dation was only partially performed in accordance with the guidelines. 

 

4.2 Discussion on overall level  

4.2.1 Discussion of search in data bases and screening  

To generate a broad data base for answering the research questions, 15 databases were searched 

and additional relevant sources, which mainly consisted of reviews, were considered. After 

reduplication, 41% of the papers were removed. The higher percentage than usual (around 3-

29%) [71, 73] of duplicates was due to the collection of hits from 15 different databases that 

are partly overlapping with each other and a broad search strategy to obtain the most complete 

database as possible. In total, there were 13,021 hits available for abstract screening, which is 

a large number and therefore prone to error.  

Furthermore, during the abstract screening the exclusion criteria were not strictly applied. For 

example, conference abstracts and models simulating the disease process in T1DM were in-

cluded in the abstract screening in order to find relevant papers by manual search. Against the 

background of the intended broad data basis, I have accepted to have false positive hits in our 

data for the full text screening. After the two screening steps 0,2% of all hits were included in 

the analysis which is less than in comparable studies (0,6-4,8%) [65, 70, 71, 73] because of the 

reasons already mentioned in this section.  
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4.2.2 Discussion of the relevance of external validation 

The range of how external validation has been applied across models varies considerably. As 

ADA and ISPOR guidelines have already pointed out, one reason for this is certainly that not 

one model fits every population in the world and therefore adaptations to specific research 

questions and populations are always necessary. Therefore, the question arises to what extent 

external validation respectively the general applicability of a model is essential at all [11, 12].  

The results of this review suggest that of 79 models available for full text screening, only 24 

(30%) were finally included in the analysis of external validation. Although external validation 

as a quality criterion is desirable in itself, this aspect is sometimes evaluated slightly differently 

in the literature [11, 12]. For the understanding of the results discussed in the following, it 

should be kept in mind that the extent and accuracy of the description of the external validation 

depends on the question of generalizability. MtHChs have an important role in this context. 

These are diabetes modelling conferences where current topics of the research area are dis-

cussed. The advantage of these events is that models can raise their visibility in the research 

field and that a transparent process takes place with regard to external validation. Here, it can 

be observed that of the 30 models included in the analysis 13 (43%) did not participate in any 

Mt Hood Challenge.  

4.2.3 Discussion of external validation results 

If a model performs external validation and publishes results, it should be assessed to what 

extent these are consistent with the known guidelines in the research field (definition of external 

validation, the selection of studies for performing external validation, the conducting of the 

external validation with the methods used and the presentation of the results). For the most part, 

detailed definitions, or descriptions of the process of external validation were reported. How-

ever, 9 out of 30 models did not provide any definition of external validation (30%). A similar 

issue can be noticed in the selection of studies. Although a formal search took place only for 

CDC/ RTI model, especially the well-established models (IMS CORE Diabetes Model, Cardiff 

Model, UKPDS Outcomes Model, Archimedes Model, IHE/ ECHO-T2DM Model, CDC/ RTI 

Model, Michigan Model for Diabetes) were externally validated against many landmark studies 

either via paper or on MtHChs. This shows that no selection of ‘suitable’ studies has taken place 

in these models, which has been addressed as a possible problem in the guidelines [11–13]. 

Again, however, it is also evident that for 18 of 30 models (60%) no rationale for study selection 

was supplied at all. This, of course, makes the evaluation of the methodology difficult. The 

correspondence of the methods between simulation and corresponding studies was largely 
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achieved, but the extent was very variable. In some models, a very detailed attempt was made 

to reproduce the relevant study population with risk factors, and in others, either because of the 

study specification or because of the model, only a few risk factors were specified for the sim-

ulation, making it difficult to understand the results. The same applies to the number of standard 

outcomes which were externally validated. Only for 9 models (30%) were many standard out-

comes used for external validation. It should be noted, as well, that in some cases only a part of 

a model and therefore only some standard outcomes have been externally validated, which is 

also in accordance with the guidelines. As described in the guidelines and on MtHChs, the 

reasons for missing or incomplete study selection and description of methods can be the mis-

matching characteristics of the study populations, the different study protocols, or the defini-

tions of the outcomes of the studies to be simulated [11, 12, 75]. An essential point for the 

assessment of the external validation and the accordance with the guidelines is the description 

of the results and the methods employed. In line with the guidelines, the validation process 

should always be described as precisely as possible. While it is not possible to describe every 

detail in a publication, these should be available either online or on request [11–13]. Overall, 

the results were mostly described in detail, methods for assessing sampling error and statistical 

significance were applied, and limitations were adequately described. However, especially in 

the case of models that have only participated on MtHChs or have only published one paper for 

external validation, it is noticeable that the results are not particularly detailed in some cases or 

that a discussion of the limitations is missing in others. Hence, it is sometimes difficult to clas-

sify the results. There is no clear description or recommendation in the guidelines and on 

MtHCh of the methods to be applied [9–13, 75]. The only clear recommendation given is that 

the same methods should be used as in the corresponding study to be externally validated. This 

is to ensure comparability of results [12]. The reasons discussed in the literature are that models 

are so different that there is no clear recommendation for performing external validation. Fur-

thermore, varying outcome definitions can hinder a standardized recommendation [9].  

However, frequently used methods appear through this SLR. For example, the results (observed 

vs. simulated) are either compared in tabular form or scatterplots. As indicated in the guidelines, 

CIs are frequently reported for point estimates and when comparing observed vs. simulated 

outcomes, regression analysis with the coefficient (R²) of determination is calculated to assess 

agreement of observations with the simulated results [11, 13]. 
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4.3 Strengths and limitations 

Strengths of the SLR are that it presents a comprehensive overview of external validation in the 

literature and the relevance of external validation for the simulation of T2DM. These include 

the following aspects in particular. First, six reviews were identified in the literature so far that 

deal with health economic aspects of diabetes modeling and model assessments in diabetes field 

[66]. Five of these name and/or give a brief overview of the results of external validation, but 

our study is the first to give a comprehensive overview of the external validation of T2DM 

models [65, 70–73]. Second, for a large part of the models, it does not seem to be the goal to 

be externally validated and to achieve the quality criterion of external validation. Third, the 

methodology is easily comprehensible and reproducible due to the use of the PRIMSA guide-

lines.  

The limitations of the work are, firstly, that there is always the possibility that publications or 

models have not been included in the search [65]. This risk was attempted to be minimized by 

searching 15 literature databases, and not strictly applying the exclusion criteria in abstract 

screening to keep the data base broad. Secondly, it must be emphasized that this SLR only 

provides an overview of external validation in the literature and it is not a study that assesses 

whether statistical methods are appropriate to perform external validation or to assess its statis-

tical significance. Referring to this, the SLR can serve as recommendation for future statistical 

practices that should reported at least in technical reports. Thirdly, there is no assessment of the 

quality of studies used for external validation. This was not the subject of this work, as the focus 

was to present an overview of the current practice of external validation and on the accordance 

with the guidelines. The assessment of the quality of studies is an interesting research question 

for the future. Fourth, the results are only up to date to the time of data collection. Fifthly, 

regarding the relevance of external validation, it has to be mentioned that studies used for ex-

ternal validation are not based on real treatment setting and including only respective inclusion 

criteria. Therefore, the question of the general applicability and transferability of external vali-

dation and its results to real treatment setting arises [65]. Sixthly, the results were presented 

qualitatively by us and there can always be misjudgments. I tried to minimize this risk by work-

ing in teams of at least two. Seventhly, for the categories of sufficiently frequent validation, 

landmark trials and standard outcomes, I had to set limits to enable a reproducibility of our 

results that can be considered arbitrary. 
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4.4 Recommendations respectively best practice examples for performing exter-

nal validation in the future 

As already mentioned, external validation serves as generalizability of a model. Not every 

model needs to fit every population, and this is often not the goal of individual research groups. 

However, external validation is a quality criterion. As a recommendation for the future practice 

of external validation, a research group should consider in advance whether the model should 

be generalizable and then communicate this clearly. If a research group decides to conduct ex-

ternal validation, the guidelines could serve as the basis for formal implementation. The goal 

of this review was to present the current state of science on the topic of external validation in 

T2DM simulation models. Furthermore, recommendations for the future practice of external 

validation should be provided.  

Based on the research results, recommendations respectively best practice examples for per-

forming external validation in the future are presented below.  

In terms of quantity of external validation, the UKPDS Outcomes Model represents a good 

example as external validation has been reported in three papers and it has participated in all 

MtHChs since the 3rd and thus external validation has been additionally performed on the 4th, 

5th, and 9th MtHCh. 

Regarding the specification of a definition of external validation, there are some good examples 

in the literature. One example is the definition used in the Cardiff Model: "External validation 

compares output from the model with data not specifically used to construct the disease pro-

gression algorithms" [95]. Based on the research results, it is crucial that a definition of external 

validation is given at all.  

For the generalizability of a model, it is important that it has been externally validated against 

as many landmark studies as possible. A more precise description of 'many' and 'landmark trials' 

by the guidelines would be desirable for the future. Nevertheless, there are of course different 

possibilities to find landmark trials for example to use studies that are known in the research 

field or studies that have been used in other external validations. A further essential element, as 

suggested in the guidelines, is however a formal search. In addition to selecting studies already 

used in other models, a formal search in PubMed was performed for the CDC/ RTI Model [109]. 

This model is the only one for which a formal search was performed. More emphasis should 

certainly be placed on this topic in the future.  
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In order to obtain accurate results from the simulation, it is also important to represent the study 

population as accurately as possible. The Cardiff Model serves as a good example in this con-

text, as it incorporates various risk factors as well as different treatment options. Furthermore, 

consistency between the model and the study was considered: "For each validation exercise the 

model’s demographics, baseline risk factor and prior event history cohort profile was initialized 

to each validation study’s cohort profile. Clinical events, consistently defined between the pub-

lication and those predicted by the Cardiff Model were compared over the relevant time hori-

zon. Where appropriate, each simulated cohort had treatment effect profile applied to consistent 

to that reported in each respective study" [95]. This accuracy is further reflected in the results 

of the review, as 14 risk factors and 12 outcomes were used for external validation. Again, it 

would be desirable in the future to know how many standard outcomes (e.g. macro- and micro-

vascular events) are considered sufficient for external validation. 

Regarding the methods used and their detailed description, the IMS CORE Diabetes Model is 

a good example. In two papers 10 years apart (2004 and 2014) external validation was per-

formed with the most commonly used methods from the literature and described in detail. The 

modelers compared the cumulative incidence of the different treatment options in tables and 

then performed a regression analysis where observed vs. simulated outcomes were presented in 

scatterplots. The coefficient of determination (R²) was calculated and CIs for point estimators 

were given [92, 93]. 

Finally, according to the guidelines, external validation should also include a discussion of lim-

itations. Again, the IMS CORE Diabetes Model represents a good example for this topic. The 

following passages are good examples of this:  

“A criticism of validation analyses such as this is that they only demonstrate that the model 

accurately predicts the outcomes in a clinical trial setting, and not in the real-life situation in-

cluding factors such as non-compliance or pregnancy.“ [92] 

“The largest discrepancy between published trial data and the CORE Diabetes Model simula-

tion was in the third-order [external] validation of nephropathy in type 2 diabetes patients. […] 

The discrepancy in this third-order validation may be due to a risk factor in the population that 

was not measured or reported for the WESDR cohort as reported by Eastman et al.14, or perhaps 

changes in treatment protocols, adherence or compliance that have not been described.” [92] 

Vemer et al. (2016) published a checklist "Assessment of the Validation Status of Health-Eco-

nomic decision models (AdViSHE)" for validation in general. This can help to systematically 

present results of validation and to provide research groups an overview of their status of 
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validation [83]. As this checklist was published in 2016, only IHE/ ECHO-T2DM Model and 

PREDICT-DM have used it for their validation. For the future, it remains to be seen to what 

extent this tool will be adopted and contribute to improving the validation process. 

 

4.5 Conclusion 

The main objective of this thesis was to conduct a SLR to describe and appraise external vali-

dation approaches employed in the simulation models of diabetes. Papers were gathered by a 

formal systematic search in different literature sources and screened to their relevance. In total 

21,951 hits were found through the search and 30 models finally included in the data extraction 

and analysis. This SLR gives an overview of the current practices of external validation in the 

literature: the majority of modelers did not assess the external validity of their diabetes simula-

tion models at all, or did not provide sufficient details required in the above-mentioned guide-

lines. At the same time, “state of art” examples of external validation performed in accordance 

with the guidelines can be found in the literature. For the future, I can conclude the following 

from this work. It would be desirable for authors of models to clearly state whether they perform 

external validation and then describe the process as precisely as possible. If a research group of 

a model wants its model to be generalizable and thus externally validated, it might be desirable 

to participate on MtHChs. Referring to future guidelines, I often had to set limits to make the 

results reproducible. It would be desirable if the guidelines quantified the terms 'many' or 'fre-

quent' and if there was a definition of landmark trial. I also only assessed the standard outcomes 

in terms of quantity and not whether they are qualitatively similar. Furthermore, there was no 

evaluation of the adequacy of the statistical methods. For the future, a more precise classifica-

tion of the guidelines would be desirable.  
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6 Appendix 

 
Search Hits Hits 

(((((((((("Diabetes Mellitus"[MeSH Terms]) 

OR diabet*[Title/Abstract]) OR T2DM[Ti-

tle/Abstract])) 

572987 578565 

((((((((((markov[Title/Abstract]) OR "monte 

carlo"[Title/Abstract]) OR "montecarlo"[Ti-

tle/Abstract]) OR stochastic[Title/Abstract]) 

OR deterministic[Title/Abstract]) OR "dis-

crete event"[Title/Abstract]) OR "agent 

based"[Title/Abstract]) OR "agentbased"[Ti-

tle/Abstract])) OR "Computer Simula-

tion"[MeSH Terms]) OR ((((computer[Ti-

tle/Abstract]) OR simulat*[Title/Abstract])) 

AND ((((model[Title/Abstract]) OR mod-

els[Title/Abstract]) OR modelling[Title/Ab-

stract]) OR modeling[Title/Abstract])) 

397849 403130 

"1995/01/01"[Date - Publication] : 

"2017/08/18"[Date - Publication] 

16261812 16377310 

(Animals[MeSH Terms]) NOT Hu-

mans[MeSH Terms] 

16441621 4359835 

((((((Comment[Publication Type]) OR Let-

ter[Publication Type]) OR "Newspaper Arti-

cle"[Publication Type]) OR News[Publica-

tion Type]) OR Addresses[Publication 

Type]) OR Editorial[Publication Type]) OR 

"Published Erratum"[Publication Type] 

1772258 1785856 
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Table 11: Search Terms for MEDLINE 

 

(((((((((("Diabetes Mellitus"[MeSH Terms]) 

OR diabet*[Title/Abstract]) OR T2DM[Ti-

tle/Abstract])) AND (((((((((((markov[Ti-

tle/Abstract]) OR "monte carlo"[Title/Ab-

stract]) OR "montecarlo"[Title/Abstract]) 

OR stochastic[Title/Abstract]) OR determin-

istic[Title/Abstract]) OR "discrete event"[Ti-

tle/Abstract]) OR "agent based"[Title/Ab-

stract]) OR "agentbased"[Title/Abstract])) 

OR "Computer Simulation"[MeSH Terms]) 

OR ((((computer[Title/Abstract]) OR simu-

lat*[Title/Abstract])) AND ((((model[Ti-

tle/Abstract]) OR models[Title/Abstract]) 

OR modelling[Title/Abstract]) OR model-

ing[Title/Abstract]))))) AND 

"1995/01/01"[Date - Publication] : 

"2017/08/18"[Date - Publication])) NOT 

((Animals[MeSH Terms]) NOT ((Ani-

mals[MeSH Terms]) AND Humans[MeSH 

Terms])))) NOT (((((((Comment[Publication 

Type]) OR Letter[Publication Type]) OR 

"Newspaper Article"[Publication Type]) OR 

News[Publication Type]) OR Ad-

dresses[Publication Type]) OR Edito-

rial[Publication Type]) OR "Published Erra-

tum"[Publication Type]) 

3313 3378 
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Number Name of model Author Year Source Journal of publication Development of former model 
1 IMS CORE Diabetes Model Palmer AJ. et al. 2004 [91] Current Medical Research and Opinion Yes, Accusim and IMIB [70] 
2 Cardiff Model McEwan P et al. 2006, 

2015 
[94, 
95] 

Current Medical Research and Opinion 
Cost Effectiveness and Resource Allocation 

Yes, Microsimulation:model 
from Caro JJ/ Eastman 

3 UKPDS Outcomes Model Clarke PM et al.     
Hayes AJ et al. 

2004 
2013 

[96, 
97] 

Diabetologia                                              
Diabetologia 

No 

4 Archimedes Model Eddy DM et al.  2003 [101] Diabetes Care No 
5 IHE/ ECHO T2DM-Model Willis M et al. 

Willis M et al. 
Lundqvist A. 

2013 
2017 
2014 

[106–
108] 

Journal of Medical Economics 
PharmacoEconomics 
PLoS ONE 

No 

6 CDC/ RTI Model Hoerger TJ et al. 2009 [109] RTI Press No 
7 Michigan Model for Diabetes Zhou et al. 2005 [110] Diabetes Care No 
8 NHS model Farmer AJ et al. 2014 [85] Health Technology Assessment Yes, UKPDS Outcomes Model 
9 Chicago model Huang ES et al. 2008 [114] Annals of Internal Medicine Yes, Microsimulation:model 

from Caro JJ/ Eastman 
10 DiDACT model Bagust A et al. 2001 [115] Diabetologia   No 
11 MICADO Van Der Heijden A-

WAW et al. 
2015 [118] DiabeticMedicine No 

12 Markov model/Vijan Vijan S et al. 1997 [87] Annals of Internal Medicine No 
13 Dutch diabetes model Niessen LW et al. 2003 [88] The Netherlands Journal of Medicine Yes, Microsimulation:model 

from Caro JJ/ Eastman 
14 SPHR Diabetes Breeze PR et al. 2015 [120] none No 
15 Microsimulation/Javanbakht Javanbakht M et al. 2015 [121] PLoS ONE No 
16 IHSD DPMM Dall T et al.  2016 [122] none No 
17 Microsimulation:model from Caro JJ/ 

Eastman 
Caro JJ et al.  2002 [124] Diabetes Care No 

18 Australian Diabetes Model Walker A et al. 2003 [89] none No 
19 Discrete event simulation model from 

Jiao 
Jiao F et al.  2019 [90] Endocrine No 

20 PREDICT-DM Kazemian P et al.  2019 [125] Diabetes Technology & Therapeutics No 
21 CDOM Lau SH 2017 [126] ProQuest No 
22 Cornerstone Diabetes Simulation Zhuo TS et al.  2020 [127] PharmacoEconomics Yes, UKPDS Outcomes Model 
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23 BRAVO Model Shao H et al. 2018 [129] PharmacoEconomics No 
24 Sheffield Diabetes Model Gillet M et al.[130] 2012 [130] None Yes, Microsimulation:model 

from Caro JJ/ Eastman 
25 EAGLE Mueller E et al.  2006 [131] Diabetes Technology & Therapeutics No 
26 Evidence‐Based Medicine Integrator Blum S et al.  2010 [132] Pharmacogenomics No 
27 PROSIT Model Schramm W et al.  2016 [133] Studies in Health Technology and Informat-

ics 
No 

28 Chinese Outcomes Model for T2DM Wu B et al. 2018 [128] Journal of Comparative Effectiveness Re-
search 

No 

29 Russian T2DM model Shestakova MV et al.  2020 [138, 
139] 

Diabetes mellitus Yes, UKPDS Outcomes Model 
and EAGLE 

30 An agent-based model/Luo Luo L. et al. 2019 [140] International Journal of Environmental Re-
search and Public Health 

No 

31 Diabetes Mellitus Model (DMM) Hauner H. et al. 2003 [141] Deutsche Medizinische Wochenschrift No 
32 Swiss model Palmer A et al.  2000 [142] Diabetologia No 
33 Markov models/Singapore Phan TP et al.  2014 [143] BMJ Open Diabetes Research & Care No 
34 Markov models/German Schaufler 2009 [144] Gesundheitsökonomie und Qualitätsman-

agement 
No 

35 Markov models/de Vries de Vries FM et al. 2014 [145] Value in Health No 
36 JADE Model Chen J et al. 2008 [146] Diabetes Obesity & Metabolism Yes, UKPDS Outcomes Model 
37 Chronic Diseases Model (CDM) at 

the Dutch National Institute for Pub-
lic Health and the Environment 

Jacobs-van der Bruggen 
MAM et al. 

2009 [147] Diabetes Care No 

38 Ontario Diabetes Economic Model 
(ODEM) 

O’Reilly D et al. 2007 [148] Canadian Journal of Diabetes Yes, UKPDS Outcomes Model 

39 Medical Decision Modeling Inc. Smolen H et al.  2014 [149] Journal of Managed Care Pharmacy No 
40 DES model Brändle M et al. 2011 [150] International Journal of Clinical Pharmacol-

ogy and Therapeutics 
No 

41 Discret event simulation/Pollock Pollock R et al. 2011 [151] Journal of Medical Economics No 
42 Global diabetes model (GDM) Brown JB et al. 2000 [152] Diabetes Research and Clinical Practice Yes, Microsimulation:model 

from Caro JJ/ Eastman 
43 Reference Model Barhak J 2017 [153] Simulation Series No 
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44 Мarkov model/Cambogia Flessa S and Zembok A 2014 [154] Health Economics Review No 
45 Markov models/Grima Grima DT et al. 2007 [155] PharmacoEconomics No 
46 Markov models/Huang Huang ES et al. 2009 [156] Diabetes Care No 
47 Markov models/Gonzalez González JC et al.  2009 [157] Revista Panamericana De Salud Publica-

Pan American Journal of Public Health 
Yes, Michigan Model for Dia-
betes 

48 Markov models/Hayes Hayes AJ et al. 2011 [158] Medical Decision Making No 
49 Markov models/Kato Kato M et al. 2013 [159] Journal of Diabetes Investigation No 
50 Markov models/Roberts Roberts S et al.  2018 [160] BMC Medicine No 
51 Markov models/Lamotte Lamotte M et al. 2002 [161] Diabetes Care No 
52 Markov models/Lasalvia Lasalvia P et al.  2017 [162] None No 
53 Markov models/Liu Liu XQ et al. 2013 [163] BMC Public Health No 
54 Markov models/Novak Novak S 2005 [164] ProQuest Dissertations and Theses No 
55 Markov models/Palmer Palmer AJ and Tucker 

DMD 
2012 [165] Primary Care Diabetes No 

56 Markov models/Sullivan Sullivan SD et al. 2011 [166] Journal of Medical Economics No 
57 Markov models/Tilden Tilden DP et al. 2007 [167] PharmacoEconomics No 
58 Markov models/Zhang Zhang Y 2014 [168] ProQuest Dissertations and Theses No 
59 Markov models/Maetzel Maetzel A et al.  2003 [169] PharmacoEconomics No 
60 Agent-based/Li Li Y et al.  2017 [170] Public Health Reports No 
61 Markov models/ikeda Ikeda S et al. 2010 [171] Journal of Diabetes Investigation No 
62 Markov models/Norkus Norkus A. et al. 2005 [172] Medicina (Kaunas) No 
63 Markov models/Prada Prada MR et al.  2014 [173] Salud Uninorte No 
64 Syreon Nagy B et al. 2016 [174] Diabetes/Metabolism Research and Re-

views 
No 

65 Microsimulation:Prevention Project Bertram M et al. 2010 [175] Diabetologia No 
66 Steno Gæde, P et al. 2008 [176] Diabetes Care No 
67 CANARD model Sutherland C et al.  2013 [177] Value in Health No 
68 DELTA Itering Van De G and 

Verheggen B 
2014 [178] Value in Health No 
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69 New York Academy of Medicine Di-
abetes Simulation Model-China 

Pang B et al. 2017 [179] Diabetes No 

70 An agent-based model/Xie Xie X et al.  2018 [180] Diabetes No 
71 A budget impact model/Laroch Laroche S et al. 2017 [181] Value in Health No 
72 A cost-effectiveness model/Alsultan Asultan M et al. 2017 [182] Value in Health No 
73 A microsimulation model/Nadkarni Nadkarni G et al. 2018 [183] Circulation No 
74 An agent-based model/Correa Correa MF et al.  2019 [184] Journal of General Internal Medicine No 
75 Discrete Event Simulation/Al-omar Al-Omar H et al.  2017 [185] Value in Health No 
76 EMPA-REG Nguyen E et al.  2018 [186] Journal of Diabetes and its Complications No 
77 Markov model/McQueen McQueen RB et al. 2018 [187] Journal of Diabetes Science and Technol-

ogy 
No 

78 Patient level simulation model/Lian Lian J et al.  2019 [188] Diabetes, Obesity and Metabolism Yes, UKPDS Outcomes Model 
79 RAPIDS Basu A et al. 2019 [189] Medical Decision Making No 

Table 12: List of models from abstract screening



101 

 

 

Model Only defini-
tion of exter-
nal validation 

Only descrip-
tion of exter-
nal validation 
process (no 
exact defini-
tion given) 

Definition 
and de-
scription of 
external 
validation 

No defini-
tion given 

Definition of external validation Type of validation 

IMS CORE Diabetes 
Model 

  
x 

 
"Third-order [external] validation was made 
against published epidemiological or clinical 
studies which had not been used to provide 
input data for transition probabilities in the 
CORE Diabetes Model" [92] 

  
"External validity quantifies how well the 
model predicts outcomes observed in the real 
world" 
and  
"External validation compares clinical events 
predicted by the CDM with observed clinical 
outcomes using studies not directly used to 
inform disease progression within the 
model." [93] 

Validation of clinical outcomes 
(cumulative incidence) by using 
number of events and relative 
risks. [92, 93]  

Cardiff Model x 
 

 
 

"External validation compares output from 
the model with data not specifically used to 
construct the disease progression algorithms." 
[95] 

"Clinical events, consistently 
defined between the publication 
and those predicted by the Car-
diff Model were compared over 
the relevant time horizon." [95]  

UKPDS Outcomes Model x 
 

 
 

"to gain acceptance, it is important that such 
models can demonstrate reliable predictive 
performance not just with the patient sample 
used to develop the model, but with external 
patient populations who have not been in-
volved in the model’s development and esti-
mation"[98] 

In a specific group/population: 
the applicability of the UKPDS 
Outcomes Model among T2DM 
patients in populations outside 
the UK and with a wider range 
of patient characteristics [98–
100]  
External validation was per-
formed by comparing predicted 
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cumulative incidences of diabe-
tes-related health outcomes/ 
mortality with the observed cu-
mulative incidences/ mortality 
in a different clinical setting. 
[98–100]  

Archimedes Model x 
 

 
 

Studies which were not used to build the 
model. [103]  
 
In an external validation excercise "a model 
is set up to simulate a real study such as a 
clinical trial, and the model’s results are com-
pared to the actual outcomes." 
and  
“Three main types of external validations are 
conducted: simulation of clinical trials, simu-
lation of cohort follow-up studies, and com-
parisons of age-specific incidence rates in co-
hort studies and registries” [104] 

Validating the cumulative inci-
dence of outcomes over time. 
[103]  
 
Validating the model’s predic-
tion of the incidence of diabetes 
and compare with alternative 
prediction models (logistic 
models). [102]  
 
Validation of health outcomes, 
and for three trials biomarker 
values. [104] 

IHE/ ECHO-T2DM Model 
  

x 
 

"external (and predictive) validation (i.e., 
testing whether the model accurately predicts 
actual outcomes observed in patients in clini-
cal trials or observational registries)"[108] 
 
Data source was not used to build the model. 
[106]  
"External validation involves simulating in-
terventional or observational clinical studies 
and comparing model predictions with actual 
observed outcomes (i.e., assessing the degree 
of concordance) and is the primary focus of 
this study." [107] 

Comparison of cumulative inci-
dence of outcomes between 
model and study [106–108]  
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CDC/ RTI Model 
 

x  
 

"For the validation, we input baseline model 
parameters from studies that were used to 
create the model (internal validation) and 
those that were found from a review of the 
literature (external validation)." [109] 

Valiation of clinical outcomes 
(cumulative incidence) [109] 

Michigan Model for Diabetes x  
 

"studies […] were not used to develop our 
model or calibrate its parameters." [111]  

Comparison of incidence of 
model and studies [111] 
Validation of incidence of cardi-
ovascular events [112] 

NHS model 
  

 x not given  Comparing proportion of pa-
tients with a complication. [85] 

Chicago Model 
 

x  
 

"the present study aimed to externally vali-
date the prognostic accuracy of the Chicago 
Model compared with the status quo of prog-
nostication: the physician’s judgment. " [86] 

Comparing life expectancy of 
model and physician's predic-
tion. [86] 

DiDACT model 
 

x  
 

Estimated prevalence was validated by com-
parison with international rates. [116] 

Estimated prevalences were 
compared with external data. 
[116] 
 
mentioned, not described [117] 

MICADO 
 

x  
 

"When the empirical data are not used to esti-
mate the input parameters of the model, this 
is often called independent or external valida-
tion." [119] 
 
"To externally validate the MICADO model, 
we compared model-based estimates with 
empirical estimates of the incidence of end-
stage microvascular complications in the 
Netherlands." [118] 

Comparison of absolute number 
of patients with a complication 
[119]  
 
Comparison of estimated inci-
dences [118] 



104 

 

 

Markov model/Vijan x  
 

"One way to test the validity of this model is 
to 
determine whether it can accurately predict 
the rates of microvascular disease reported in 
actual patient populations. " [87] 

Comparison of predicted inci-
dence of model and study [87] 

Dutch diabetes model x  
 

“we validated model outputs, comparing 
model output data with empirical data from 
other sources” [88] 

Comparison of different out-
comes (life expectancy, compli-
cation occurrence) [88] 

SPHR Diabetes 
 

x  
 

Four tests were developed "to compare model 
outcomes with reported data from external 
data sources." [120] 

Comparing incidence, preva-
lence, mortality and distribu-
tions (mean, SD, median) of 
metabolic risk factors with ob-
servations. [120] 

Microsimulation/Javanbakht  x not given  Comparison of prediction of 
number of people with diabetes 
[121] 

IHSD DPMM x 
 

 
 

External validation is defined as replication 
of "findings of studies (e.g., clinical trials) 
not used in model development”. [122] 

Validation of clinical outcomes 
(cumulative incidence, preva-
lence and mortality of diabetes, 
comorbidities, mortality, aver-
age values of biometrics (BMI, 
BP)): % of patients experienced 
events or having condition. 
[122]  
 
Validation of annual transition 
rates to diabetes absence inter-
vention and incidence of cardio-
vascular events [123] 

Microsimulation:model 
form Caro JJ /Eastman 

 x not given  not given 

Australian Diabetes Model 
 

 x not given  Comparing annual per patient 
costs for diabetes and DALYs. 
[89] 
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Discrete event simulation 
model from Jiao 

 x not given  Validation of life expectancy. 
[90] 

PREDICT-DM 
 

x  
 

"We then externally validated PREDICT-DM 
against the 
VADT and the Look AHEAD trials to ensure 
that PREDICT-DM adequately predicts the 
outcomes of a study not used to inform dis-
ease progression within the simulation 
model."[125] 

Validation of clinical outcomes. 
[125] 

CDOM x 
 

 
 

"Here, external validity refers to the applica-
tion of the study results to other populations 
or settings."[126] 

Validation of of survival. [126] 

Cornerstone Diabetes Sim-
ulation 

  
x 

 
"external validity (i.e., model results are con-
sistent with actual real-world outcomes)" 
[127] 

Validation of clinical outcomes. 
[127] 

Chinese Outcomes Model 
for T2DM 

x 
 

 
 

"externally consistent with the observed out-
comes not specifically 
employed to develop the disease risk equa-
tions." [128] 

Validation of clinical outcomes 
(cumulative incidence). [128] 

BRAVO Model    x not given  Validation of mortality, inci-
dence of marcovascular, and 
microvascular complications. 
[9] 

Sheffield Diabetes Model x 
 

 
 

External validation: "tests against data inde-
pendent from the model" [10] 

Validation of cumulative inci-
dence of cardiovascular events, 
all-cause mortality, and quality-
adjusted life expectancy taking 
into account macrovascular 
complications and the costs of 
complications by therapy allo-
cation over time horizons of 4 
years. [10]  

EAGLE x 
 

 
 

External validation: "tests against data inde-
pendent from the model" [10] 

Validation of cumulative inci-
dence of cardiovascular events, 
all-cause mortality, and quality-
adjusted life expectancy taking 
into account macrovascular 
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complications and the costs of 
complications by therapy allo-
cation over time horizons of 4 
years. [10] 

Evidence‐Based Medicine  
Integrator 

x  
 

"Performance of "four external validation 
analyses against three recent clinical trials" 
[75]  

Validation of mortality, inci-
dence of marcovascular, and 
microvascular complications. 
[75] 

PROSIT Model 
  

 x not given  Validation of mortality, inci-
dence of marcovascular, and 
microvascular complications. 
[9] 

TTM 
  

 x not given  Validation of mortality, inci-
dence of marcovascular, and 
microvascular complications. 
[9] 

IQVIA CORE Diabetes Model 
 

 x not given  Validation of mortality, inci-
dence of marcovascular, and 
microvascular complications. 
[9] 

Sum 8 10 3 9 
  

Table 13: Definition, description and use of external validation 
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Model Methods used in all published validation 
studies 

Reference Results Graphs/ Figures Tables 

IMS CORE Di-
abetes Model 

1. Regression analysis [92, 93]  
2. Two-sided paired Student t-test (5%) for 
difference of event rates [93]  
3. CI [93]  
4. Mean absolute percentage error (MAPE) 
and root mean square percentage error 
(RMSPE). [93] 

[92] 1. Accurate/adequate predictions 
2. Only clinical settings and not real-life set-
ting are considered with validation. 
3. Discrepancy in the validation of nephropa-
thy 

Scatterplots of ob-
served vs. predicted 
outcomes 

Overview of validation re-
sults 

  
[93] 1. Accurate/adequate predictions 

2. Discussion of limitations 
1. Scatterplots of ob-
served vs. predicted 
outcomes 
2. point estimates and 
confidence intervals  

1. Overview of validation re-
sults 
2. Summary measures of 
goodness of fit  

Cardiff Model 1. Regression analysis  
2. Mean absolute percentage error (MAPE) 
3. Coefficient of determination (R²) 

[95] 1. accurate/adequate predictions 
2. "missing risk factor information [should 
be] imputed with care." 

Scatterplots of ob-
served vs. predicted 
outcomes 

1. Overview of regression 
analysis 
2. Summary measures of 
goodness of fit 

UKPDS Out-
comes Model 

1. Comparing outcomes (incidences, prev-
alence, differences, absolute values, pro-
portions)  and estimating discrimination 
(c-statistic) and calibration (Hosmer-
Lemeshow 2) [100] 
2. CI [98, 99]  
3. Sensitivity analysis, in which baseline 
risk factors are changed by ± 15% [98] 

[98] 1. accurate/adequate predictions 
2. "long-term (>15-year) predictions should 
be used with caution." 

Prediction of inci-
dences over time  

Overview of validation re-
sults 

  
[99] 1. Accurate/adequate predictions 

2. Model overpredicts mortality in patients 
with a duration of diabetes of 6 years or 
longer 

point estimates and 
confidence intervals  

Comparison of baseline char-
acteristics 

  
[100] 1. Accurate/adequate predictions 

2. unprecise if baseline characteristics of per-
sons are different to those used to construct 
the model 

none  none 
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Archimedes 
Model 

1. Comparing outcomes (incidences, prev-
alence, differences, absolute values, pro-
portions) [103, 105]  
2. Regression analysis [103]  
3. Kaplan-Meier curves and log-rank test. 
[103]  
4. Receiver operating characteristic (ROC) 
curve, and Spearman correlation tests 
[102]  
5. Hazard rates, hazard ratios, and com-
bined hazard ratio for meta-analysis and CI 
[104, 105] 6. “validation hazard ratio” 
(vHR) calculated by fitting a Cox propor-
tional hazard model. Hypothesis testing 
with a log-rang test for Cox model. [104] 

[103] Accurate/adequate predictions 1. Prediction of inci-
dences over time 
compared with ob-
served data 
2. Kaplan Meier-
curve 
3. Scatterplots of ob-
served vs. predicted 
outcomes 

Overview of validation re-
sults 

  
[102] Accurate/adequate predictions receiver operating 

characteristics (ROC) 
curve 

none 

  
[104] 1. Accurate/adequate predictions 

2. "However, in the DPP metformin did not 
reduce OGTT by the same magnitude as met-
formin reduced FPG, and therefore the trial 
showed a smaller reduction in progression to 
diabetes. Based on this validation and other 
findings, the role of OGTT and its calculation 
in the Model is being reconsidered. Until the 
calculation of OGTT is improved, diabetes 
projects will focus on FPG and HbA1c." 

1. point estimates and 
confidence intervals  
2. Prediction of inci-
dences over time 
compared with ob-
served data 

Overview of validation re-
sults all 

  
[105] Accurate/adequate predictions Prediction of inci-

dences over time 
compared with ob-
served data 

none 
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IHE/ ECHO-
T2DM Model 

1.Comparing outcomes (incidences, preva-
lence, differences, absolute values, propor-
tions) [106]  
2. Regression analysis [106–108]  
3.Coefficient of determination (R²) [106–
108]  
4. F-test to assess coefficients of regres-
sion analysis [107] 
5. Mean average error (MAE), root mean 
squared error (RMSE), mean squared log 
of the accuracy ratio (MSLAR), and mean 
squared logit error (MSLE) [107] 

[108] 1. Accurate/adequate predictions 
2. Swedish NDR and UKPDS-OM2 slightly 
underestimate macrovascular outcome  

Scatterplots of ob-
served vs. predicted 
outcomes 

none 

  
[106] 1. Accurate/adequate predictions 

2. "The F-test fails to reject the null hypothe-
sis of agreement between the model" 
3. "While most of the points lie relatively 
close to the identity line, there is a tendency 
for the predicted values to exceed the actual 
trial values and several outliers are noticea-
ble."  

Scatterplots of ob-
served vs. predicted 
outcomes 

Overview of validation re-
sults 

  
[107]  1. Accurate/adequate predictions 

2. failure to reject F test 
3. under-prediction of macrovascular events 

Scatterplots of ob-
served vs. predicted 
outcomes 

1. Overview of validation re-
sults and 95% CI 
2. Overview of regression 
analysis 

CDC/ RTI 
Model 

1. Comparing outcomes (incidences, prev-
alence, differences, absolute values, pro-
portions)   
2. Regression analysis 
3. Coefficient of determination (R²) 

[109] 1. Accurate/adequate predictions 
2. Limitation to populations that were used in 
the construction (United States and United 
Kingdom 
3. Studies, which do not fit the model struc-
ture were excluded from the results 
4. MI and stroke were underestimated after 9 
years of simulation horizon 

1. Scatterplots of ob-
served vs. predicted 
outcomes 
2. Prediciton of inci-
dences over time 
compared with ob-
served data 

Overview of validation re-
sults 

Michigan 
Model for Dia-
betes 

1. Comparing outcomes (incidences, prev-
alence, differences, absolute values, pro-
portions)   
2. Regression analysis 
3. Coefficient of determination (R²)  

[112] Accurate/adequate predictions none  Overview of validation re-
sults 
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[111] 1. Accurate/adequate predictions for 5 studies 

2. "However, eight of the observed incidence 
rates were outside the simulated 95% confi-
dence intervals provided by the simulation 
model." 
3. "Because the sample size used in a study 
affects the Monte Carlo error, we performed 
each simulation with the number of patients 
reported in the trial with 500 repetitions. The 
resulting 95% confidence intervals are likely 
to be too narrow because they did not take 
into account the uncertainty in model param-
eters and unmeasured or unreported charac-
teristics of the study population." 

Scatterplots of ob-
served vs. predicted 
outcomes 

Overview of validation re-
sults 

NHS model 1. Comparing outcomes (incidences, prev-
alence, differences, absolute values, pro-
portions)  
2. Sensitivity analysis, and CI 

[85] 1. Accurate/adequate predictions 
2. lack of testing under one year  

Prediction of inci-
dences over time 
compared with ob-
served data 

none 

Chicago Model 1. sensitivity, specificity, positive predic-
tive value (PPV), negative predictive value 
(NPV) 
2. receiver-operating characteristic (ROC) 
curve, and c-statistic, and integrated Brier 
score (IBS) 

[86] 1. Accurate/adequate predictions 
2. subjective data basis (assessment of the 
physicians) 
3. results are limited to used population 

1. Boxplots of life ex-
pectancy (LE) predic-
tions  
2. Kaplan-Meier-
Curve 
3. ROC curve 

Overview of validation re-
sults 

DiDACT model none described [117] long-term effects are difficult to interpret due 
to interactions of therapies 

none  none 

  
[116] none describe none  none 

MICADO 1. Comparing outcomes (incidences, prev-
alence, differences, absolute values, pro-
portions)  
2. Sensitivity analysis, and CI 

[118] Accurate/adequate predictions Scatterplots of ob-
served vs. predicted 
outcomes 

Overview of validation re-
sults 
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[119] 1. "the model may be considered valid only 

given relatively low requirements on accu-
racy for this specific outcome." 
2. "Results indicate a high probability of a 
valid outcome is associated with relatively 
wide accuracy intervals. In particular, 25% 
deviation from the observed outcome implied 
approximately 60% expected validity." 

1. Histogram for sim-
ulated number of pa-
tients with ESRD 
(end-stage renal dis-
ease) 
2. Validity curve (de-
viation from observed 
outcomes vs. Proba-
bility that the model 
outcome is valid) 

Overview of validation re-
sults 

Markov 
model/Vijan 

1. Comparing outcomes (incidences, prev-
alence, differences, absolute values, pro-
portions)  
2. Sensitivity analysis.  

[87] 1. Accurate/adequate predictions 
2. "The only exceptions are  
1) the rate of early retinopathy in the UKPDS 
(28% to 32% according to our model com-
pared with 37% seen in the trial [55]) and  
2) the 10-year rate of blindness from reti-
nopathy in the Wisconsin Epidemiologic 
Study (0.1% to 0.8% according to our model 
compared with approximately 1.1% seen in 
the study [30]; this rate is calculated on the 
basis of the estimate that one quarter of cases 
of blindness in the study were due to diabetic 
retinopathy) (15). " 

none  none 

Dutch diabetes 
model 

none described [88] 1. Accurate/adequate predictions 
2. In the outcomes, we "found only minor 
differences, which we explain by the lack of 
an, increasing, incidence trend, underestima-
tion in the registries and varying diagnostic 
criteria." 

none  none 

SPHR Diabetes Comparing outcomes (incidences, preva-
lence, differences, absolute values, propor-
tions)  

[120] 1. No accurate/adequate predictions 
2. "We suggest that the model may be more 
accurate at predicting diabetes incidence over 
a longer time period due to the nature of the 
quadratic equations used to predict HbA1c." 

1. Comparison of dif-
ferent observed bi-
omarkers and preve-
lances with predicted 
values  
2. Development of bi-
omarkers over time 

Overview of validation re-
sults 
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Microsimula-
tion/Ja-
vanbakht 

1. Comparing outcomes (incidences, prev-
alence, differences, absolute values, pro-
portions)  
2. Check if there is less than 5% difference 
between estimations. 

[121] none describe none  none 

IHSD DPMM 1. Comparing outcomes (incidences, prev-
alence, differences, absolute values, pro-
portions)  
2. CI 

[123] 1. Accurate/adequate predictions 
2. "For some populations the validation activ-
ities suggested that simulated growth rate in 
biometrics and disease onset appeared to be 
high (or low) when compared to published 
sources." 

none  Overview of validation re-
sults 

  
[122] none describe none  Overview of validation re-

sults 

Microsimula-
tion:model 
form Caro JJ 
/Eastman 

none described [124] Accurate/adequate predictions none  none 

Australian Dia-
betes Model 

Comparing outcomes (incidences, preva-
lence, differences, absolute values, propor-
tions)  

[89] Accurate/adequate predictions none  none  

Discrete event 
simulation 
model from 
Jiao 

1. Comparing outcomes (incidences, prev-
alence, differences, absolute values, pro-
portions)  
2. CI 

[90] Accurate/adequate predictions none  Overview of validation re-
sults 

PREDICT-DM 1. Mean absolute percentage error 
(MAPE), median absolute percentage error 
(MEDAPE), and root mean square per-
centage error (RMSPE) 
2. Bland–Altman graphs 
3. Intraclass coefficient (ICC) and CI 
4. Kaplan-Meier curves 

[125] Accurate/adequate predictions 1. Bland–Altman 
graphs 
2. Kaplan-Meier-
Curve 

Overview of validation re-
sults 
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CDOM 1. Comparing outcomes (incidences, prev-
alence, differences, absolute values, pro-
portions) 
2. Log-rank test 

[126] 1. Accurate/adequate predictions 
2. signifcant differences in CHD, heart fail-
ure, and cancer 
3. "depending on the setting in which these 
patients are managed, the model will need to 
be adjusted"  

Comparing survival 
of observed vs. pre-
dicted outcomes 

Overview of validation re-
sults 

Cornerstone 
Diabetes Simu-
lation 

1. Comparing outcomes (incidences, prev-
alence, differences, absolute values, pro-
portions)  
2. Regression analysis 
3. Coefficient of determination (R²)  

[127] 1. Accurate/adequate predictions 
2. For ADVANCE overestimation of all-
cause mortality, blood pressure und blood 
glucose intervention 

Scatterplots of ob-
served vs. predicted 
outcomes 

Overview of validation re-
sults 

Chinese Out-
comes Model 
for T2DM 

1. Comparing outcomes (incidences, prev-
alence, differences, absolute values, pro-
portions)  
2. Mean absolute percentage error (MAPE) 
3. Regression analysis 
4. Coefficient of determination (R²)  

[128] 1. Accurate/adequate predictions 
2. Slightly underestimation in eastern poplua-
tions and overestimation in western poplua-
tion 

Scatterplots of ob-
served vs. predicted 
outcomes 

none 

BRAVO Model 1. Comparing outcomes (incidences, prev-
alence, differences, absolute values, pro-
portions) 
2. Regression analysis 
3. Coefficient of determination (R²) 
4. F-test 
5. hazard ratio 
6. Mean absolute percentage error (MAPE) 
7. CI 
 

[9, 129] 
 
 

Accurate/adequate predictions Scatterplots of ob-
served vs. predicted 
outcomes with confi-
dence intervals 

Overview of validation re-
sults 

Sheffield Dia-
betes Model 

1. Comparing outcomes (incidences, prev-
alence, differences, absolute values, pro-
portions)  
2. Sensitivity analysis 

[10] The model overestimates macrovascular 
events. 

none  Overview of validation re-
sults 

EAGLE 1. Comparing outcomes (incidences, prev-
alence, differences, absolute values, pro-
portions)  
2. Sensitivity analysis 

[10] Underestimation of MI and stroke. Overesti-
mation of any acute CVD event.  

none  Overview of validation re-
sults 
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Evidence‐
Based Medi-
cine Integrator 

Comparing outcomes (incidences, preva-
lence, differences, absolute values, propor-
tions)  

[75] Overestimation or underestimation of inci-
dences. No robust  

Scatterplots of ob-
served vs. predicted 
outcomes 

Overview of validation re-
sults 

PROSIT Model 1. Comparing outcomes (incidences, prev-
alence, differences, absolute values, pro-
portions)  
2. hazard ratio 
3. Mean absolute percentage error (MAPE) 
4. CI 

[9] Models underestimated treatment effects none  Overview of validation re-
sults 

TTM 1. Comparing outcomes (incidences, prev-
alence, differences, absolute values, pro-
portions)  
2. hazard ratio  
3. Mean absolute percentage error (MAPE) 
4. CI 

[9] Models underestimated treatment effects none  Overview of validation re-
sults 

IQVIA CORE 
Diabetes Model 

1. Comparing outcomes (incidences, prev-
alence, differences, absolute values, pro-
portions)  
2. hazard ratio 
3. Mean absolute percentage error (MAPE) 
4. CI 

[9] Models underestimated treatment effects none  Overview of validation re-
sults 

Table 14: Results of external validation 
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Studies Reference 
to used 
studies 

Reference to 
validation 
paper 

Year of 
MtHood 
Challenge 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24   

Moss et al. (2003) [190] [92] 
 

X 
                      

 1 

ISDR [191, 192, 
201, 193–

200]  

[92, 104, 107] 
 

X 
  

X 
       

X 
           

 3 

Eastman et al. 
(1997) 

[192] [92, 109] 
 

X 
    

X 
                 

 2 

Bruno et al. 
(2003) 

[202] [92, 109] 
 

X 
    

X 
                 

 2 

UKPDS 16 [203] [87] 
            

X 
           

 1 

UKPDS 35 [204] [87, 94] 
  

X 
                     

 1 

UKPDS 33 [205] [92, 93, 107, 
115, 124] 

 
X 

   
X 

    
X 

      
X 

     
X  5 

UKPDS 80 [206] [92, 93, 107] 
 

X 
   

X 
                 

X  3 

Sasaki et al. 
(1996) 

[207] [92, 106, 107, 
109] 

 
X 

   
X X 

                 
 3 

ACCORD [208, 209] [75, 85, 93, 
109, 111, 

127] 

2010 X X X 
 

X X X 
              

X X  8 

ADVANCE [210–212] [75, 93, 95, 
109, 111, 
118, 127] 

2010 X X X 
 

X X X 
   

X 
          

X X X 10 

ASPEN [213] [75, 93, 95, 
107, 127] 

2010 X X X 
 

X X X 
              

X X X 9 

VADT [214] [93, 95, 111, 
125] 

 
X X 

    
X 

            
X 

  
X  5 

ADDITION [215, 216] [93, 95, 111, 
120] 

 
X X 

    
X 

      
X 

         
 4 

ASCOT [217] [93, 95] 
 

X X 
                     

 2 

CARDS [218, 219] [10, 93, 95, 
104, 106, 
107, 109] 

2004 X X X X X X 
          

X 
     

X X 9 

SAVOR-TIMI [220] [95] 
  

X 
                     

 1 

AHEAD [221] [95] 
  

X 
                     

 1 

Look AHEAD [221, 222] [104, 107, 
125] 

    
X X 

              
X 

  
X  4 

National Health 
and Nutrition 
Examination 

[223] [99] 
   

X 
                    

 1 
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Survey 1988–
1994 
EMPA-REG [49] [9] 2018 

 
X X 

 
X X X 

   
X 

  
X 

         
X 8 

CANVAS [136] [9] 2018 
 

X X 
 

X X X 
   

X 
  

X 
         

X 8 

DPP [61] [103, 104] 
    

X 
                   

 1 

HPS [224] [103, 104] 
    

X 
                   

 1 

Micro-HOPE [225, 226] [103, 107] 
    

X X 
                  

 2 

LIPID [227] [103] 
    

X 
                   

 1 

HHS [228] [103] 
    

X 
                   

 1 

SHEP [229] [103, 104] 
    

X 
                   

 1 

LRC-CPPT [230] [103] 
    

X 
                   

 1 

MRC [231] [103]  
    

X 
                   

 1 

VA-HIT [232] [103]  
    

X 
                   

 1 

WOSCOPS [233] [103]  
    

X 
                   

 1 

ALLHAT [234, 235] [104] 
    

X 
            

X 
      

 2 

CHARM  [236] [104] 
    

X 
                   

 1 

TNT [237, 238] [104] 
    

X 
            

X 
      

 2 

Flechtner-Mors [239] [104] 
    

X 
                   

 1 

UKPDS45 [240] [104]  
    

X 
                   

 1 

WHI DMT [241, 242] [104]  
    

X 
                   

 1 

EPIC-Norfolk [243] [120] 
              

X 
         

 1 

HSE 2011 [244] [120] 
              

X 
         

 1 

Medicare cohort [245] [104]  
    

X 
                   

 1 

ARIC cohort [246, 247] [104]  
    

X 
                   

 1 

CHS [248] [104]  
    

X 
                   

 1 

FHS original co-
hort 

[249] [104]  
    

X 
                   

 1 

SEATTLE [250] [104]  
    

X 
                   

 1 

SIdish NDR [251–253] [107, 118] 
     

X 
     

X 
            

 2 

Ravid et al. 
(1998) 

[254] [109] 
      

X 
                 

 1 
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Ravid et al. 
(1998) 

[255] [109] 
      

X 
                 

 1 

Ansquer et al. 
(DAIS) (2005) 

[256] [109] 
      

X 
                 

 1 

Partanen et al. 
(1995) 

[257] [92, 109] 
 

X 
    

X 
                 

 2 

Humphrey et al. 
(1994) 

[258] [109] 
      

X 
                 

 1 

Haffner et al. 
(1998) 

[259] [109] 
      

X 
                 

 1 

Lee et al. (2001) [260] [109] 
      

X 
                 

 1 

ADOPT [261] [109] 
      

X X 
               

X  3 

Gu et al. (1999) [262] [109] 
      

X 
                 

 1 

Li et al. (2008) [263] [109] 
      

X 
                 

 1 

Tuomilehto et al. 
(2001)  

[264] [109] 
      

X 
                 

 1 

Ramachandran 
et al. (2006) 

[265] [109] 
      

X 
                 

 1 

Kosaka et al. 
(2005) 

[266] [109] 
      

X 
                 

 1 

Chiasson et al. 
(2002) 

[267] [109] 
      

X 
                 

 1 

National Diabe-
tes Data Group 
(1995) 

[268] [116] 
          

X 
             

 1 

Dutch Medical 
Register (2003) 

[269] [118] 
           

X 
            

 1 

Kaiser Perma-
nente 

[270] [118] 
           

X 
            

 1 

Gall et al. (1991) [271] [85] 
        

X 
               

 1 

Bari 2D [272] [85] 
        

X 
               

 1 

Park et al. (1998) [273] [85] 
        

X 
               

 1 

Survey (physi-
cians surveyed 
for Chicago 
Model) 

[274] [86] 
         

X 
              

 1 

Hoogenveen er 
al. (2000) 

[275] [88] 
             

X 
          

 1 

Ruwaard (1996)  [276] [88] 
             

X 
          

 1 

van Os et al. 
(2000) 

[277] [88] 
             

X 
          

 1 



118 

 

 

van Os et al. 
(2000) 

[278] [88] 
             

X 
          

 1 

SuRFNCD [279] [86] 
               

X 
        

 1 

Sheehan et al. 
(2003) 

[280] [98] 
                

X 
       

 1 

Gerstein et al. 
(2007) 

[281] [98] 
                

X 
       

 1 

Mc Carty er al. 
(1996) 

[282] [89] 
                  

X 
     

 1 

Department of 
Health and Aged 
Care (2000) 

[283] [89] 
                  

X 
     

 1 

Mathers, Vos 
and Stevenson 
(1999) 

[284] [89] 
                  

X 
     

 1 

The Emerging 
Risk Factors 
Collaboration 
(2011) 

[285] [90] 
                   

X 
    

 1 

JADE Registry [286] [126] 
                     

X 
  

 1 

ADVANCE 
Asian Study 

 
[128] 

                       
X  1 

Hong Kong  
Diabetes Regis-
try  
(HKDR) 

 [128]                        X  1 

RAMP-DM 
 

[128] 
                       

X  1 

Osaka 
 

[128] 
                       

X  1 

EMPATHY 
 

[128] 
                       

X  1 

JDCS 
 

[128] 
                       

X  1 

J-EDIT 
 

[128] 
                       

X  1 
    

15 12 7 24 12 23 8 3 1 2 6 2 4 5 1 2 4 3 1 2 1 3 16  5 162 

1. IMS CORE Diabetes Model, 2. Cardiff Model, 3. UKPDS Outcomes Model, 4. Archimedes Model, 5. IHE/ ECHO-T2DM Model, 6. CDC/ RTI Model, 7. Michigan Model for 
Diabetes, 8. NHS model, 9. Chicago Model, 10. DiDACT model, 11. MICADO, 12. Markov model/Vijan, 13. Dutch diabetes model, 14. SPHR Diabetes, 15. Microsimulation/Ja-
vanbakht, 16. IHSD DPMM, 17. Microsimulation:model form Caro JJ/Eastman, 18. Australian Diabetes Model, 19. Discrete event simulation model from Jiao, 20. PREDICT-DM, 
21. CDOM, 22. Cornerstone Diabetes Simulation, 23. Chinese Outcomes Model for T2DM, 24. BRAVO Model 
 
X Validation was performed 
Table 15: Studies used for external validation in paper-based models grouped by model and study 
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Studies 25 26 27 28 29 30 

Moss et al. (2003) 
   

   1 

WESDR 
   

   3 

Eastman et al.  
   

   2 

Bruno et al. 
(2003) 

   
   2 

UKPDS 16 
   

   1 

UKPDS 35 
   

   1 

UKPDS 33 
   

   5 

UKPDS 80 
   

   3 

Sasaki et al. 
(1996) 

   
   3 

ACCORD 
  

X    9 

ADVANCE 
  

X    11 

ASPEN 
   

   9 

VADT 
   

   5 

ADDITION 
   

   4 

ASCOT 
   

   2 

CARDS X X 
 

   11 

SAVOR-TIMI 
   

   1 

AHEAD 
   

   1 

Look AHEAD 
   

   4 

Casale Monfer-
rato Study 

   
   2 

National Health 
and Nutrition Ex-
amination Survey 
1988–1994 

   
   1 

Diabetes Care 
System West 
Friesland, Neth-
erlands (A van 
der Heijden, G 
Nijpels) 

   
   2 

EMPA-REG 
   

X X X 11 
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CANVAS 
   

X X X 11 

DPP 
   

   1 

HPS 
   

   1 

Micro-HOPE 
   

   2 

LIPID 
   

   1 

HHS 
   

   1 

SHEP 
   

   1 

LRC-CPPT 
   

   1 

MRC 
   

   1 

VA-HIT 
   

   1 

WOSCOPS 
   

   1 

ALLHAT 
   

   2 

CHARM  
   

   1 

TNT 
   

   2 

Flechtner-Mors 
   

   1 

UKPDS45 
   

   1 

WHI DMT 
   

   1 

EPIC-Norfolk 
   

   1 

HSE 2011 
   

   1 

Medicare cohort 
   

   1 

ARIC cohort 
   

   1 

CHS 
   

   1 

FHS original co-
hort 

   
   1 

SEATTLE 
   

   1 

Swedish NDR 
   

   2 

Ravid et al. (1998) 
   

   1 

Ravid et al. (1998) 
   

   1 

Ansquer et al. 
(DAIS) (2005) 

   
   1 



121 

 

 

Partanen et al. 
(1995) 

   
   2 

Humphrey et al. 
(1994) 

   
   1 

Haffner et al. 
(1998) 

   
   1 

Lee et al. (2001) 
   

   1 

ADOPT 
   

   3 

Gu et al. (1999) 
   

   1 

Li et al. (2008) 
   

   1 

Tuomilehto et al. 
(2001)  

   
   1 

Ramachandran et 
al. (2006) 

   
   1 

Kosaka et al. 
(2005) 

   
   1 

Chiasson et al. 
(2002) 

   
   1 

National Diabetes 
Data Group 
(1995) 

   
   1 

Dutch Medical 
Register (2003) 

   
   1 

Kaiser Perma-
nente 

   
   1 

Gall et al. (1991) 
   

   1 

Bari 2D 
   

   1 

Park et al. (1998) 
   

   1 

Survey (physi-
cians surveyed for 
Chicago Model) 

   
   1 

Hoogenveen er al. 
(2000) 

   
   1 

Ruwaard (1996)  
   

   1 

van Os et al. 
(2000) 

   
   1 

van Os et al. 
(2000) 

   
   1 

SuRFNCD 
   

   1 

Sheehan et al. 
(2003) 

   
   1 
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Gerstein et al. 
(2007) 

   
   1 

Mc Carty er al. 
(1996) 

   
   1 

Department of 
Health and Aged 
Care (2000) 

   
   1 

Mathers, Vos and 
Stevenson (1999) 

   
   1 

The Emerging 
Risk Factors Col-
laboration (2011) 

   
   1 

JADE Registry 
   

   1 

ADVANCE Asian 
Study 

   
   1 

Hong Kong  
Diabetes Registry  
(HKDR) 

   
   1 

RAMP-DM 
   

   1 

Osaka 
   

   1 

EMPATHY 
   

   1 

JDCS 
   

   1 

J-EDIT 
   

   1 

 1 1 2 2 2 2 172 

25. Sheffield Diabetes Model, 26. EAGLE, 27. Evidence-Based Medicine Integrator, 28. PROSIT Model, 29. TTM, 30. IQVIA CORE Diabetes Model 

X Validation was performed 
 
Table 16: Studies used for external validation in MtHChs based models grouped by model and study 
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Risk 
factors 

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 
 

25 26 27 28 29 3
0 

 

Socioeco-
nomic 

                       
 49 

   
 

  
54 

Age X X X X X X X X X X 
 

X X X 
 

X X X X X X X X  21 X X 
 

 
  

23 

Sex X X X X 
 

X X X X X 
  

X X 
 

X X X X X X X X  19 X X 
 

 
  

21 

Education 
        

X 
              

 1 
   

 
  

1 

Income 
        

X 
              

 1 
   

 
  

1 

Race (skin 
colour) 

     
X 

  
X 

       
X 

  
X 

 
X X  6 X 

  
 

  
7 

marital sta-
tus 

        
X 

              
 1 

   
 

  
1 

                        
 

    
 

   

Laboratory 
result 

   
X 

                   
 57 

   
 

  
63 

Lipids X 
      

X 
               

 23 
   

 
 

X 26 

Triglycer-
ides 

  
X 

                    
 1 

   
 

  
1 

Cholesterol 
 

X X 
 

X X X 
   

X 
  

X 
  

X 
  

X 
  

X  10 
   

 
  

10 

HDL 
 

X X 
 

X 
        

X 
       

X X  6 X X 
 

 
  

8 

LDL 
 

X 
      

X 
            

X 
 

X 4 
   

 
  

4 
                        

 
    

 
   

other labor-
atory results 

                       
 33 

   
 

  
36 

HbA1c X X X 
 

X 
 

X X X 
 

X X X X 
  

X 
  

X X X X X 17 X X 
 

 
 

X 20 

serum creat-
inine 

                   
X 

  
X  2 

   
 

  
2 

eGFR 
 

X 
  

X 
  

X 
             

X 
 

 4 
   

 
  

4 

Albuminu-
ria 

 
X X 

                  
X 

 
 3 

   
 

  
3 

urine albu-
min:creati-
nine ratio 

                      
X  1 

   
 

  
1 
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white blood 
cell amount 

 
X 

  
X 

                
X 

 
 3 

   
 

  
3 

Micro- or 
macroalbu-
minuria 

    
X 

  
X 

               
 2 

   
 

  
2 

Hemoglobin 
level 

                     
X 

 
 1 

   
 

  
1 

                        
 

    
 

   

T2DM char-
acteristics 

                       
 10 

   
 

  
12 

Duration of 
disease 

  
X 

    
X X 

        
X 

     
 4 X X 

 
 

  
6 

T2DM 
    

X 
   

X 
  

X 
        

X 
  

 4 
   

 
  

4 

diabetes in-
cidence 

              
X 

        
 1 

   
 

  
1 

diabetes 
medicines 

        
X 

              
 1 

   
 

  
1 

                        
 

    
 

   

Cardiologi-
cal 

                       
 22 

   
 

  
25 

Blood pres-
sure 

X X 
  

X X 
 

X 
  

X 
  

X 
 

X 
       

 8 X 
  

 
 

X 10 

Systolic 
blood pres-
sure 

 
X X 

   
X X X 

    
X 

     
X 

 
X X X 10 

 
X 

 
 

  
11 

Heart rate 
 

X 
  

X 
                

X 
 

 3 
   

 
  

3 

hyperten-
sion 
medicins 

        
X 

              
 1 

   
 

  
1 

                        
 

    
 

   

Weight 
                       

 11 
   

 
  

12 

BMI 
  

X 
   

X X X 
 

X 
  

X 
 

X X 
    

X 
 

X 10 
   

 
  

10 

weight 
                       

 0 
   

 
 

X 1 

weight gain 
 

X 
                     

 1 
   

 
  

1 
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Comorbidi-
ties 

                       
 21 

   
 

  
21 

Retinopathy 
    

X 
            

X 
   

X 
 

 3 
   

 
  

3 

nephropathy 
        

X 
        

X 
   

X 
 

 3 
   

 
  

3 

neuropathy 
        

X 
        

X 
   

X 
 

 3 
   

 
  

3 

peripheral 
vascular dis-
ease 

                 
X 

  
X X 

 
 3 

   
 

  
3 

Macrovas-
cular Dis-
ease 

                 
X 

     
 1 

   
 

  
1 

CHF 
                    

X X 
 

 2 
   

 
  

2 

CVD history 
                   

X 
  

X  2 
   

 
  

2 

Atrial fibril-
lation 

                     
X 

 
 1 

   
 

  
1 

MI 
                     

X 
 

 1 
   

 
  

1 

Stroke 
                    

X X 
 

 2 
   

 
  

2 
                        

 
    

 
   

Behavior 
                       

 12 
   

 
  

14 

Smoker 
 

X X 
 

X 
 

X X X 
 

X 
  

X 
  

X 
  

X 
 

X 
 

X 12 X X 
 

 
  

14 
                        

 
    

 
   

Other 
                       

 15 
   

 
  

15 

Severe hypo-
glycemia 

                       
X 1 

   
 

  
1 

EQ-5D 
             

X 
         

 1 
   

 
  

1 

lipid-lower-
ing medi-
cines 

        
X 

          
X 

  
X  3 

   
 

  
3 

blood-pres-
sure lower-
ing medi-
cines 

                   
X 

  
X  2 

   
 

  
2 

oral anti-
glycemices 

                   
X 

  
X  2 

   
 

  
2 
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anticoagu-
lants 

                   
X 

  
X  2 

   
 

  
2 

Mortality 
              

X 
  

X 
     

 2 
   

 
  

2 

Prevalence 
                 

X 
     

 1 
   

 
  

1 

Ratio diag-
nosed undi-
agnosed 

                 
X 

     
 1 

   
 

  
1 

 
5 14 11 3 12 5 7 11 18 2 5 3 3 10 2 4 7 11 2 13 7 22 14 6 197 8 7 0 0 0 4 216 

1. IMS CORE Diabetes Model, 2. Cardiff Model, 3. UKPDS Outcomes Model, 4. Archimedes Model, 5. IHE/ ECHO-T2DM Model, 6. CDC/ RTI Model, 7. Michigan Model for 
Diabetes, 8. NHS model, 9. Chicago Model, 10. DiDACT model, 11. MICADO, 12. Markov model/Vijan, 13. Dutch diabetes model, 14. SPHR Diabetes, 15. Microsimulation/Ja-
vanbakht, 16. IHSD DPMM, 17. Microsimulation:model form Caro JJ/Eastman, 18. Australian Diabetes Model, 19. Discrete event simulation model from Jiao, 20. PREDICT-DM, 
21. CDOM, 22. Cornerstone Diabetes Simulation, 23. Chinese Outcomes Model for T2DM, 24. BRAVO Model, 25. Sheffield Diabetes Model, 26. EAGLE, 27. Evidence-Based 
Medicine Integrator, 28. PROSIT Model, 29. TTM, 30. IQVIA CORE Diabetes Model 

X Validation was performed 
Table 17: Risk factors used for validation exercises
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Outcomes 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 
 

2
5 

26 27 28 29 3
0 

 

Incidence 
   

X 
           

X 
       

 2 
   

 
  

2 

Cumulative inci-
dence 

     
X 

                 
 1 

   
 

  
1 

Diabetes preve-
lance 

              
X 

        
 1 

   
 

  
1 

Mortality 
(death)/ survival 

X X X X X X X   X   X     X     X     X X X X X 16     X X X X 20 

Life expactancy   
       

X 
   

X 
     

X 
    

 3 
   

 
  

3 

Prevalence of 
complications 

                  X         
         

  1             1 

Macrovascular 
diseases 

          
X 

   
              X    2 

  
X  

  
3 

                              
         

                  

CVD (cardiovas-
cular disease) 

 
X X X X X X 

   
X 

  
X 

        
X X 10 X X X X 

  
14 

CHD (coronary 
heart disease) 

 
X 

  
X 

               
X X 

 
 4 

  
X  

  
5 

Angina 
             

X 
       

X 
 

X 3 
   

 
  

3 

MI (fatal and non 
fatal) 

X X X X X X X 
   

X 
  

X 
     

X 
 

X X X 13 X X 
 

X X X 18 

Cardiovascular 
death 

X X X X X 
 

X 
   

X 
  

X 
     

X 
 

X X  11 
   

X X X 14 

CHF (congestive 
heart failure) 

X X X 
 

X 
 

X 
   

X 
        

X X 
 

X X 10 
  

X  
 

  11 

  
                       

   
   

 
 

    

Hospitalisation 
for HF 

 
X X 

 
X 

 
X 

      
X 

         
X 6 

   
 X X 8 

Hospitalisation 
for Angina 

  X X                     X 
         

X 4         X X 6 

  
              

                     
   

 
 

    

TIA                           X 
         

  1             1 

Stroke X X X X X X X 
 

    X     X 
     

X X X X X 14 X X   X X X 19 
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PVD (peripheral 
vascular disease) 

                                        X X    2 
   

 
  

2 

Revascularisa-
tion (due to dia-
betic foot ulcers 
(DFU)) 

      
X 

                
X 2 

   
 

 
  2 

(Lower extrem-
ity) amputation 

X X X   X X         X     X 
        

X   8       X X X 11 

Sum Macrovas-
cular diseases 

5 9 8 4 8 4 7 
 

  0 7 
 

0 9 0 0               8 90 3 3 4 5 6 6 117 

Microvascular 
diseases 

  X                         
  

X         X     3             3 

Retinopathy X       X           X X         X 
    

X 
 

  6     X       7 

Cataract X 
                      

 1 
   

 
 

  1 

Blindness         X X                 
        

X   3             3 
               

                     
   

 
 

    

Microalbuminu-
ria 

X       X X   X             
     

X 
 

X 
 

  6     X       7 

Gross pro-
teinuria 

X 
   

X X 
 

X 
           

X 
   

 5 
   

 
  

5 

Nephropathy 
           

X X 
        

X 
 

 3 
   

 
  

3 

End-stage renal 
disease/ renal 
failure 

X X X 
 

X X 
    

X 
  

X 
     

X X 
 

X  10 
   

 
  

10 

Death from end-
stage renal dis-
ease 

X             
 

                
       

  1         
 

  1 

        
  

        
                 

   
   

 
  

Neuropathy         X X             X                 X X   5     X       6 

Sum Microvascu-
lar diseases 

6 2 1 0 6 5 0 2 0 0 2 2 2 1 0 0 2 0           0 43 0 0 3 0 0 0 46 

                
 

                
       

            
 

    

Other Complica-
tions 

                       
   

   
 

  
  

Hypoglycaemia 
events requiring 
assistance 

X 
    

X 
                 

 2 
   

 
  

2 

Annual per pa-
tient cost esti-
mates for diabe-
tes 

                 
X 

     
 1 

   
 

  
1 
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DALYs 
                 

X 
     

 1 
   

 
  

1 

Cancer 
                    

X 
  

 1 
   

 
  

1 

Progression of 
HbA1c 

                  X                             1             1 

  1 0 0 0 0 1 0 0 0 1 0 0 0 0 0 0 0 2  0  0  1  0  0 0 6 0 0 0 0 0 0 6 

                                                                  

Total sum 13 12 10 6 15 12 8 2 2 2 10 2 3 11 1 1 3 2  1  8  7  13  10 9 163 3 3 8 6 7 7 197 

1. IMS CORE Diabetes Model, 2. Cardiff Model, 3. UKPDS Outcomes Model, 4. Archimedes Model, 5. IHE/ ECHO-T2DM Model, 6. CDC/ RTI Model, 7. Michigan Model for 
Diabetes, 8. NHS model, 9. Chicago Model, 10. DiDACT model, 11. MICADO, 12. Markov model/Vijan, 13. Dutch diabetes model, 14. SPHR Diabetes, 15. Microsimulation/Ja-
vanbakht, 16. IHSD DPMM, 17. Microsimulation:model form Caro JJ/Eastman, 18. Australian Diabetes Model, 19. Discrete event simulation model from Jiao, 20. PREDICT-DM, 
21. CDOM, 22. Cornerstone Diabetes Simulation, 23. Chinese Outcomes Model for T2DM, 24. BRAVO Model, 25. Sheffield Diabetes Model, 26. EAGLE, 27. Evidence-Based 
Medicine Integrator, 28. PROSIT Model, 29. TTM, 30. IQVIA CORE Diabetes Model 

Macrovascular: Cardiovascular disease (CVD): 1. coronary heart disease (CHD)/ coronary artery disease (I25.1) def.: disease of the blood vessels supplying the heart muscle (∙ angina 
pectoris (I20), ∙ MI (I21-22), ∙ Cardiovascular death, explanation: For this event there is no special code. It refers to the underlying disease, ∙ CHF (congestive heart failure) I50.0), 2. 
peripheral artery disease (I73.9) def.: disease of blood vessels supplying the arms and legs (Revascularisation (due to diabetic foot ulcers (DFU), (Lower extremity) amputation), 3. 
cerebrovascular disease I60-I69 def.: disease of the blood vessels supplying the brain (stroke (I61-63)) [21, 22, 25, 28, 287] 

Microvascular: 1. Retinopathy (E11.3†), 2. Nephropathy (E11.2†), 3. Neuropathy (E11.4†) [22] 

+ Validated Outcome 

Table 18: Validated outcomes grouped per model and outcome 
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