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Abstract

Aim Diabetes health economic (HE) models play important roles in decision making. For most HE models of diabetes 2
diabetes (T2D), the core model concerns the prediction of complications. However, reviews of HE models pay little attention
to the incorporation of prediction models. The objective of the current review is to investigate how prediction models have
been incorporated into HE models of T2D and to identify challenges and possible solutions.

Methods PubMed, Web of Science, Embase, and Cochrane were searched from January 1, 1997, to November 15, 2022,
to identify published HE models for T2D. All models that participated in The Mount Hood Diabetes Simulation Modeling
Database or previous challenges were manually searched. Data extraction was performed by two independent authors. Charac-
teristics of HE models, their underlying prediction models, and methods of incorporating prediction models were investigated.
Results The scoping review identified 34 HE models, including a continuous-time object-oriented model (n= 1), discrete-
time state transition models (n = 18), and discrete-time discrete event simulation models (r=15). Published prediction models
were often applied to simulate complication risks, such as the UKPDS (n=20), Framingham (n="7), BRAVO (n=2), NDR
(n=2), and RECODe (n=2). Four methods were identified to combine interdependent prediction models for different com-
plications, including random order evaluation (n=12), simultaneous evaluation (n=4), the ‘sunflower method’ (n=3), and
pre-defined order (n=1). The remaining studies did not consider interdependency or reported unclearly.

Conclusions The methodology of integrating prediction models in HE models requires further attention, especially regarding
how prediction models are selected, adjusted, and ordered.

Keywords Decision model - Health economic model - Prediction model - Scoping review - Type 2 diabetes

Introduction

Global healthcare expenditure for diabetes showed a more
than threefold increase from $232 billion in 2007 to $727
billion in 2017 for individuals aged 20-79 [1]. To help
decision makers efficiently and explicitly allocate scarce
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resources across many interventions, health economic (HE)
models, which evaluate the lifetime costs and benefits of
interventions using a quantitative analysis framework, are
widely used [2].

More than 90% of individuals with diabetes are diagnosed
as type 2 diabetes (T2D) [3], and T2D affected nearly half
a billion people worldwide in 2018 [4]. For T2D, several
HE models exist and have been repeatedly applied in a wide
range of settings to support decision making [5-7], such as
the reimbursement of medications [8], prevention programs
[9], and treatment strategies [10].
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To simulate complications, HE models usually incor-
porate prediction models that mathematically combine
multiple predictors to estimate the risk of diabetes-related
events. For example, the UK Prospective Diabetes Study
(UKPDS) risk engine [11] formulated mathematical
models, with covariates such as diabetes duration, age,
gender, body mass index, and glycated hemoglobin Alc
(HbA1c) to estimate the probability of macrovascular and
microvascular complications, such as myocardial infarc-
tion (MI), stroke, and ulcer. T2D affects multiple organ
systems, resulting in numerous interdependent complica-
tions in nearly 20% of individuals [12, 13]. For example,
the risk of atrial fibrillation is substantially higher follow-
ing an MI [14], and a fourfold risk of stroke follows atrial
fibrillation [15]. The common approach to considering this
interdependency in simulations with HE models is to first
properly estimate the prediction models one by one—for
instance, stroke history is used as a covariate for MI—and
then integrate the interdependent prediction models in the
HE models, most often using random ordering of the pre-
diction models to reduce bias [11]. Despite the simplicity
of random ordering, this approach might ignore the causal
relations of T2D pathology and result in inaccuracy [16],
so it is important to evaluate alternative approaches for the
integration of multiple prediction models for complica-
tions within HE models.

Several systematic reviews focusing on HE models or
prediction models in T2D have been published, but none
of them investigated the methodology of ordering pre-
diction models. Those focused on the HE models mainly
aimed to summarize [7], compare [17], and assess the
available HE models [18-20]. Despite the availability of
many prediction models [21-24], few have been applied in
HE models. The most commonly used prediction models
are the UKPDS [11, 25] and Framingham risk equations
[26-28], but the selection criteria for prediction models
remain unclear [29].

Therefore, the objective of this study is to assess how
prediction models are incorporated into HE models for T2D
and answer research questions regarding the selection and
integration of prediction models in HE models. As a scop-
ing review, we do not aim to identify and compare all HE
models or prediction models for T2D or to declare one as
the best. Instead, our goal is to understand how and why
existing HE models incorporate prediction models as they
do and to discuss challenges and possible solutions in the
application of prediction models. This will inform existing
and future HE models by providing insight into possible
further improvements to incorporating prediction models.

@ Springer

Methods

This study was conducted and reported following the Pre-
ferred Reporting Items for Systematic Reviews and Meta-
Analyses extension for Scoping Reviews (PRISMA-ScR)
[30-32] (Table S1) and registered with the Open Science
Framework (https://osf.io/8bmjc).

Literature search

A literature search was performed in PubMed, Web of
Science, Embase, and Cochrane to identify published HE
models for T2D since January 1, 1997 (the publication
year of the model by Eastman et al. [33]). The last search
was performed on November 15, 2022. The search strategy
(Appendix S1) combined three elements indicating T2D,
HE models and prediction models. In addition, the Diabetes
Simulation Modeling Database [34] was screened to include
its registered models, and all models participating in one or
more past Mount Hood challenges were included based on
challenge reports (Table S2).

Inclusion and exclusion criteria

Studies were included if they described HE models that
estimated future health outcomes for individuals with T2D
by applying prediction models. Evidence-based transition
probabilities were recognized as prediction models when
there was at least one independent variable as a predictor,
e.g., diabetes duration or HbAlc, otherwise the paper was
excluded. Papers that re-applied existing HE models without
adjustment were excluded. Additionally, papers concerning
other types or stages of diabetes (e.g., type 1 diabetes or
pre-diabetes), particular complications of diabetes (e.g.,
neuropathy), or a subgroup of individuals (e.g., overweight
individuals) were excluded. Finally, papers were excluded if
they were not in English or their full texts were not publicly
accessible. The same screening criteria were used for title,
abstract, and full text.

Extracted information

A data extraction form including three key themes was con-
structed to collect and summarize information in a consist-
ent and standardized format (Table S3). The three themes
consist of:

1) Main HE models structure: Basic model structure,
time horizon, cycle length, and taxonomy [35] based on (a)
cohort- or individual-level, (b) continuous- or discrete-time,
and (c) discrete event simulation or state transition model or
otherwise, were summarized.
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2) Complications and mortality: Health states or events,
prediction models applied for each macrovascular and
microvascular complication and mortality were extracted,
including their characteristics, as well as the selection crite-
ria used for the choice of prediction models, if any.

3) Methods of integrating prediction models: No tax-
onomy exists to categorize the methods used to integrate
prediction models, so we considered the following key
question when summarizing approaches: are the prediction
models interdependent? If so, were prediction models run
(a) simultaneously; (b) in a specific predetermined order or
(c) in some other combination?

Additionally, we extracted information describing the
various prediction models that were identified in the HE
models, including their statistical model structure (e.g.,
Cox-regression or parametric regression), follow-up time,
population, predictors, outcomes and methods for modeling
treatment effects (Table S4).

Two reviewers (X.L. and F.L.) independently extracted
and summarized information. Disagreements were resolved
through discussion or consultation with a third reviewer
(A.G)).

Results

The selection process yielded 1923 citations from PubMed,
Embase, Cochrane, and Web of science, and 34 citations
from the Mount Hood Diabetes Simulation Modeling Data-
base or challenges. After removing duplicates, screening
based on title, abstract, and full text was performed and we
identified 42 papers reporting on 34 key HE models (Fig. 1
and Table 1). Some models required more than one paper to
understand and fully extract their information. All extracted
information can be found in Table S3 and is summarized in
Tables 2—4.

Records identified Records identified
through database searching through Mount Hood Challenge or
5 Pubmed/Embase/Cochrane/Web of science Simulation Modeling Database
% (n =1923) (n=34)
§
-~
<
3
Duplicates
(n =763)
Y
Records after duplicates
g’ removed
S (n=1194)
o
S
%)
Records excluded based on title and abstract
P screening
(n=1087)
\
Full-text articles
> assessed for eligibility
§ (n =107)
S Full-text articles excluded with reasons
& (n =65)
n=10 No HE models were constrcted or no
prediction models were applied
_ | n=20 Existing HE models were applied
| n=19 Other types or stages of diabetes,
particular complications of diabetes, or a
\ subgroup of patients were studied
= n=16 No publicly accessible English full-text
3 Articles included wersiiaund
=
E’ (n=42)

Fig. 1 PRISMA flow chart for the literature review. Abbreviations: HE, Health economic
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Table 1 Overview of models included in this study

Model (Abbreviation) with reference

Full name

Health economic models
Archimedes [72, 73]
BRAVO [74]
Cardiff [75]

Caro [76, 77]

CDC [78-80]
CHIME [81]
COMT [82]
Cornerstone [83]
DiDACT [84]
DMM [85]

EAGLE [86]
Eastman [33, 87]
ECHO [88]

GDM [16]

Grima [89]

THE [47, 90]

IMIB [91, 92]

IQVIA-CORE [93]
JADE [5]
JICEM [94]

MICADO [95, 96]
Michigan [97]
ODEM [98]
PRIME [53]
PROSIT [99]
RAMP-DM [100]
REDICT-DM [15]
Sheffield [101]
SPHR [102]
Syreon [103]
Tilden [104]

TTM [105]
UKPDS-OM [25]
UKPDS-OM 2 [11]
Prediction models
ADVANCE [106]

BRAVO (risk models) [74]
CHIME (risk models) [81]

EAGLE (risk models) [86]

Framingham [26-28]

Hong Kong registry risk models [107-109]

JIRE [110]

NDR (risk models) [111, 112]

Archimedes model

Building, relating, assessing, and validating outcomes diabetes microsimulation model
The Cardiff diabetes model

NA: An economic evaluation model published by Caro et al

NA: An economic evaluation model published by the CDC diabetes cost-effectiveness group
Chinese Hong Kong integrated modeling and evaluation

Chinese outcomes model for type 2 diabetes

Cornerstone diabetes simulation model

The diabetes decision analysis of cost—type 2 model

The diabetes mellitus model

Economic assessment of glycemic control and long-term effects of diabetes model
NA: An economic evaluation model published by Eastman et al

The economic and health outcomes model of type 2 diabetes mellitus

The global diabetes model

NA: An economic evaluation model published by Grima et al

The Swedish institute for health economics diabetes cohort model

NA: An economic evaluation model published by Palmer (Institute for Medical Informatics and
Biostatistics) et al

The IQVIA center for outcomes research diabetes model
The Januvia diabetes economic model

The Japan diabetes complications study/Japanese elderly diabetes intervention trial risk engine
cost-effectiveness model

Modelling integrated care for diabetes based on observational data

The Michigan model for diabetes

Ontario diabetes economic model

PRIME type 2 diabetes model

The PROSIT disease modelling community (PROSIT in Latin means "it shall be useful")
The risk assessment and management programme-diabetes mellitus

Projection and evaluation of disease interventions, complications, and treatments—diabetes mellitus
The Sheffield type 2 diabetes model

School for public health research diabetes model

The Syreon diabetes control model

NA: An economic evaluation model published by Tilden et al

The Treatment Transitions Model

The UK Prospective Diabetes Study Outcomes Model

The UK Prospective Diabetes Study Outcomes Model 2

The model for cardiovascular risk prediction in action in diabetes and vascular disease: Preterax and
Diamicron modified-release controlled evaluation

The prediction models of the building, relating, assessing, and validating outcomes diabetes micro-
simulation model based on the action to control cardiovascular risk in diabetes trial

Risk prediction models used in the Chinese Hong Kong integrated modeling and evaluation model
based on the Hong Kong clinical management system

Risk prediction models used in the economic assessment of glycemic control and long-term effects
of diabetes model based on the Wisconsin epidemiological study of diabetic retinopathy, diabetes
control and complications trial, and UK prospective diabetes study

Framingham risk models

Risk prediction models based on Hong Kong registry data
Japanese elderly diabetes intervention trial risk engine

Prediction models based on the Swedish national diabetes register

@ Springer
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Table 1 (continued)

Model (Abbreviation) with reference

Full name

QRisk [113, 114]
RECODe [115]

UKPDS (risk engine) [11, 25]

Cardiovascular risk score based on the practices in England that had been using a clinical computer
system developed by EMIS

Risk equations for complications of type 2 diabetes based on the action to control cardiovascular
risk in diabetes trial

The UK prospective diabetes study risk engine

Table 2 General characteristics
of 34 included type 2 diabetes
health economic models (for
more details see Tables S3 and
S4)

Count Pro-
portion
(%)
Level of aggregation' Individual-level 27 79
Cohort-level 7 21
Prediction models applied? UKPDS 20 59
Framingham 7 21
BRAVO 2 6
NDR 2 6
RECODe 2 6
ADVANCE 1 3
CHIME 1 3
EAGLE 1 3
Hong Kong registry risk models 1 3
QRisk2 1 3
JIRE 1 3
The method of integrating prediction Independent, Simultaneous evaluation 12 35
models for macrovascular diseases? Interdependent, Random order 124 35
Interdependent, Simultaneous evaluation (by 4° 12
a continuous model or lagged events)
Interdependent, 'Sunflower Method' 345
Interdependent, Pre-defined order 1 3
Interdependent, Unclear order 4 12

ADVANCE, model for cardiovascular risk prediction in Action in Diabetes and Vascular Disease: Preterax
and Diamircon Modified-release Controlled Evaluation; BRAVO, the prediction models of Building, Relat-
ing, Assessing, and Validating Outcomes diabetes microsimulation model; CHIME, risk prediction models
in Chinese Hong Kong Integrated Modeling and Evaluation; EAGLE, risk prediction models in Economic
Assessment of Glycemic control and Long-term Effects of diabetes model; Framingham, Framingham risk
models; JJRE, Japanese Elderly Diabetes Intervention Trial risk engine; NDR, prediction models from
Swedish National Diabetes Register; QRisk2, Cardiovascular Risk Score 2; RECODe, Risk Equations for
Complications of Type 2 Diabetes; UKPDS, The UK Prospective Diabetes Study risk engine

The Global diabetes model (GDM) could be run either at the individual level or cohort level based on the
user’s choice. Since its cohort-mode model was structured largely similar to the individual-level model,
except that the cohort mode model applied mean values of risk factors for the cohort, the individual-level
model of GDM was our study focus

>The number of HE models that applied this prediction model as part of their risk equations, does not add
to 100%. Categories may overlap. Framingham, UKPDS and NDR contained several sets of risk equations.
Details are listed in Table S3 and Table S4

3The method of integrating prediction models for microvascular disease (if different from macrovascular
diseases) is listed in Table S3 to avoid confusion

4One model (Economic and Health Outcomes Model of Type 2 Diabetes Mellitus [ECHO-T2D]) can apply
either 'sunflower method' or random order, by user’s choice

3One model (The Global Diabetes Model [GDM]) applied 'sunflower method' for initial events, and simul-
taneous evaluation (lagged events) for post-initial events

@ Springer
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Year Year
1993 1993
1994 1994
1995 1995
1996 1996
1997 Eastman 1997
1998 1998
1999 1999
2000 emphasis on macrovascular complications 2000
2001 link treaimentrand survival to introduce reversible transitions 2001
2002 glycemic control EDD 2002
2003 2003
2004 UKPDS-OM1 2004
2005 2005
2006 Cardiff 2006
2007 accommodate the UKPDS risk engines Tilden 2007
2008 to cardiovascular module project RCT findings [_JADE_] 2008
2009 allow a series of ODEM 2009
2010 treatment regimens adapt to Ontario dataset 2010
2011 2011
2012 2012
2013 2013

TTM .
2014 adapte UKPDS transition rates for macrovascular complications re-gs(‘lnwale TodeLparzmetTrs de'\ée\:)p n?W 2014
2015 enable treatment strategies risk equations based on farger datase 2015
2016 2016
2017 2017
2018 2018
2019 2019

Fig.2 Development of some health economic models for type 2 dia-
betes. Abbreviations: Cardiff, The Cardiff Diabetes Model; Caro, an
economic evaluation model published by Caro et al.; CDC, an eco-
nomic evaluation model published by The CDC Diabetes Cost-effec-
tiveness Group; Eastman, an economic evaluation model published
by Eastman et al.; JADE, the Januvia Diabetes Economic model;
ODEM, Ontario Diabetes Economic Model; RCT, Randomized Con-

Model classification and the use of prediction
models within different model structures

Developing HE models for diabetes is an iterative process,
and many upgraded models have been built based on previ-
ous versions (Fig. 2). Many models consequently show a
similar model structure (Tables 2 and 3).

Table 3 distinguishes four different model structures,
including one continuous-time individual-level object-ori-
ented model, 11 discrete-time individual-level state transi-
tion models, 15 discrete-time individual-level discrete event
simulation models, and seven discrete-time cohort-level
state transition models. The object-oriented model, Archi-
medes, applied differential equations as prediction models
at the biological level. State transition models defined com-
plications as states, with transition probabilities informed
by prediction models, and thus the movement of an indi-
vidual to another state indicates an event occurs in the cur-
rent cycle. Discrete-time discrete event simulation models
defined complications as events. Prediction models indicate
the probability of event occurrence in a given time cycle.
In the model simulation, these probabilities are compared

@ Springer

trol Trials; Tilden, an economic evaluation model published by Til-
den et al.; TTM, the Treatment Transitions Model; UKPDS-OM, The
UK Prospective Diabetes Study Outcomes Model

Connections were made based on the explicit reference indicating
the extension in the subsequent paper. Otherwise, the model was not
included in this graph

with a random number drawn from a uniform distribution
ranging from O to 1 to indicate whether an event occurs in
the current cycle.

The most common states or events included in HE mod-
els were myocardial infarction (n=23, 68%), heart failure
(n=21, 62%), and stroke (n= 14, 41%) for macrovascular
complications, and retinopathy (n=21, 62%), nephropathy
(n=19, 56%), and neuropathy (n= 18, 53%) for microvas-
cular complications (Table S3).

Application of prediction models

Tables 4, 5 and 6, Fig. 3, and Table S4 provide an overview
of prediction models that were employed in the HE decision
models. Figure 4 indicates in general where and how the
prediction models were applied in the HE models.

Older HE models estimated their own prediction mod-
els (e.g., Eastman, Archimedes, UKPDS and EAGLE), and
newer HE models used or re-estimated existing prediction
models, with a few exceptions (e.g., BRAVO and JJCEM).
The UKPDS risk engine (n=20, 59%) is the most frequently
used set of prediction models (Table 2), followed by the
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Table 5 Overview of predictors used in prediction models incorporated in type 2 diabetes health economic models

Gender Age SBP Smoking status HbAlc Diabetes BMI Race Event History Medication
Duration
Framingham [26] Y Y Y Y
Framingham-stroke [27] Y Y Y Y Y Y
Framingham-CHD [28] Y Y Y Y
UKPDS-35 [116] Y
UKPDS-56 [117] Y Y Y Y Y Y Y
UKPDS-60 [118] Y Y Y Y Y
UKPDS-66 — MI [119] Y Y Y
UKPDS-66 — Stroke [119] Y Y Y Y
UKPDS-68 [25] Y Y Y Y Y Y Y Y
UKPDS-82 [11] Y Y Y Y Y Y Y Y Y
NDR [112] Y Y Y Y Y Y Y Y
NDR-CVD [111] Y Y Y Y Y Y Y Y
EAGLE [86] Y Y Y Y Y Y Y
Hong Kong registry risk [107-109] Y Y Y Y Y Y Y
QRisk2 [113] Y Y Y Y Y Y
QRisk3 [114] Y Y Y Y Y Y Y
ADVANCE [106] Y Y Y Y Y
JIRE [110] Y Y Y Y Y Y Y
RECODe [115] Y Y Y Y Y Y Y Y
BRAVO [74] Y Y Y Y Y Y Y Y Y
CHIME risk equations [81] Y Y Y Y Y Y Y Y Y

ADVANCE, model for cardiovascular risk prediction in Action in Diabetes and Vascular Disease: Preterax and Diamircon Modified-release
Controlled Evaluation; BRAVO, the prediction models of Building, Relating, Assessing, and Validating Outcomes diabetes microsimulation
model; CHD, Congenital Heart Disease; CHIME, risk prediction models in Chinese Hong Kong Integrated Modeling and Evaluation; EAGLE,
risk prediction models in Economic Assessment of Glycemic control and Long-term Effects of diabetes model; Framingham, Framingham risk
models; JIRE, Japanese Elderly Diabetes Intervention Trial risk engine; NDR, prediction models from Swedish National Diabetes Register;
QRisk, Cardiovascular Risk Score; RECODe, Risk Equations for Complications of Type 2 Diabetes; UKPDS, The UK Prospective Diabetes

Study risk engine

Top 10 most frequently applied predictors are listed here, and all predictors are listed in Table S4

Framingham, BRAVO, NDR, RECODe models. Updated
versions of HE models tend to incorporate UKPDS risk
engines rather than Framingham, which was developed
20 years ago, because UKPDS is more recent (published in
2013) and has a longer follow-up (1977-2007). The most
recent prediction models are CHIME (cohorts observed from
2006 to 2017 and models published in 2021), RECODe, and
BRAVO (both applied the Action to Control Cardiovascu-
lar Risk in Diabetes trial cohorts observed from 2001 to
2009 and published around 2018). The rationale for choos-
ing particular existing prediction models is unclear in most
HE models. Only the SPHR model explained that this was
based on discussion with the stakeholder group regarding the
suitability of settings, such as country, cohort characteristics,
and covariate selection.

Many HE models applied different prediction models for
macrovascular and microvascular disease risks (Table S3).
Some existing prediction models (e.g., Framingham,

ADVANCE and QRisk2) were only applicable for macro-
vascular disease. In many models, microvascular disease was
estimated using diabetes duration stratified constant hazard
ratios, assuming implicit exponential survival models. For
example, Eastman calculated transition probabilities for
various microvascular health states using published evi-
dence-based diabetes duration-related hazard ratios (Algo-
rithms see Appendix S2). Nine subsequent models (GDM,
DiDACT, CDC, Cardiff, Sheffield, TTM, IHE, MICADO,
and ECHO) also applied the Eastman transition rates or
adjusted rates with the same algorithm, using newly pub-
lished clinical evidence.

Most HE models split mortality into two components:
cardiovascular disease (CVD) mortality and other mortality
(Table S3). CVD mortality was informed by prediction mod-
els (e.g., Framingham, UKPDS, and RECODe), and other
mortality was either derived from local mortality statistics
(e.g., national life tables) or informed by mortality prediction
models. Competing risk models were often applied to avoid

@ Springer
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Table 6 Overview of outcomes measured in prediction models incorporated in type 2 diabetes health economic models

Stroke MI CHD HF CVD Retinopathy Nephropathy Neuropathy Amputation Blindness
Framingham [26] Y Y Y Y
Framingham-stroke [27] Y
Framingham-CHD [28] Y
UKPDS-35 [116] Y Y Y Y Y Y
UKPDS-56 [117] Y Y
UKPDS-60 [118] Y
UKPDS-66 — MI [119] Y
UKPDS-66 — Stroke [119] Y
UKPDS-68 [25] Y Y Y Y Y Y Y Y Y
UKPDS-82 [11] Y Y Y Y Y Y Y Y Y
NDR [112] Y Y Y Y
NDR-CVD [111] Y
EAGLE [86] Y Y Y Y Y Y Y Y
Hong Kong registry risk [107-109] 'Y Y Y
QRisk2 [113] Y
QRisk3 [114] Y
ADVANCE [106] Y
JJIRE [110] Y Y Y
RECODe [115] Y Y Y Y Y
BRAVO [74] Y Y Y Y Y Y Y
CHIME risk equations [81] Y Y Y Y Y Y Y Y

ADVANCE, model for cardiovascular risk prediction in Action in Diabetes and Vascular Disease: Preterax and Diamircon Modified-release
Controlled Evaluation; BRAVO, the prediction models of Building, Relating, Assessing, and Validating Outcomes diabetes microsimulation
model; CHD, Congenital Heart Disease; CHIME, risk prediction models in Chinese Hong Kong Integrated Modeling and Evaluation; CVD,
Cardiovascular Disease; EAGLE, risk prediction models in Economic Assessment of Glycemic control and Long-term Effects of diabetes
model; Framingham, Framingham risk models; HF, Heart Failure; JJRE, Japanese Elderly Diabetes Intervention Trial risk engine; MI, Myocar-
dial Infarction; NDR, prediction models from Swedish National Diabetes Register; QRisk, Cardiovascular Risk Score; RECODe, Risk Equations
for Complications of Type 2 Diabetes; UKPDS, The UK Prospective Diabetes Study risk engine

Top 10 most frequently estimated outcomes are listed here, and all outcomes are listed in Table S4

overestimation of the mortality risk (e.g., DiDACT, CDC,
and Michigan). As an exception, GDM applied one predic-
tion model to estimate all-cause mortality, with a random
number to define whether it was CVD or other mortality.

Two methods of re-calibrating prediction models to a
specific setting were identified, either adjusting the default
risk (e.g., EAGLE) or reconciling the transition probability
in an iterative process until reproducing findings from an
external population (e.g., Grima). Another adjustment option
was providing users with choices of several prediction mod-
els (e.g., IQVIA-CORE, EAGLE, IHE, and ECHO). For
example, ECHO enables the users’ choice between UKPDS,
ADVANCE and NDR-CVD risk equations. Finally, rather than
choosing between prediction models, PRIME implemented a
model averaging approach based on the “distance” between the
derivation cohort and the simulated cohort to evaluate individ-
ual-level risk informed by multiple risk models, including the
UKPDS and BRAVO risk engines.

@ Springer

Dealing with multiple complications and prediction
models

Integrating selected and adjusted prediction models into
a HE decision model is related to the HE model’s time
cycle (Table S3). A fixed annual cycle was applied in the
majority of models (n=27, 79%), in which shorter cycles
may be enabled for certain complications, such as a one-
month cycle for neuropathy for COMT. Only DiDACT
applied a 5-year cycle to simplify the model. A six-month
cycle was applied in Tilden, JADE, and Syreon, and a one-
month cycle in TTM and PREDICT. These shortened time
cycles serve to ensure consistency with clinical trial data’s
follow-up. Two methods were identified for incorporating
prediction models with an original follow-up time other
than the time cycle needed for the HE models. This was
done either via algebraic compression and a constant risk
assumption (e.g., GDM, RAMP, and PREDICT) or using
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A Sample Size B Median or Mean Follow-up of the Sample
0 20,000 40,000 60,000 80,000 100,000 120,000 0 2 4 6 8 10 12 14 16 18 20
QRisk3 I > 1,000,000 UKPDS-82 I, 7.6
QRisk2 I > 1,000,000 Framingham I |2

CHIME risk equations
NDR

I 03,715
I 29,034

NDR-CVD I 24,288
ADVANCE mmm 11,140
BRAVO mEEE 10,251
RECODe mEE 9,635
Hong Kong registry risk Il 7,067
Framingham-stroke W 5,734

C Predictors

0.00% 20.00% 40.00% 60.00% 80.00% 100.00%
Gender I 00.48%

Age I 00 .48%
SBP I C5.7 1%
Smoking status I 30.95%
HbA1c I 7 1.4 3%
Diabetes Duration I 52.35%
BMI I 4 7.62%
Event History I 4 7.62%
Ethinic group I 33.33%

Medication N 25.57%

Fig.3 Characteristics of prediction models in type 2 diabetes health
economic models. Abbreviations: ADVANCE, model for cardiovas-
cular risk prediction in Action in Diabetes and Vascular Disease:
Preterax and Diamicron Modified-release Controlled Evaluation;
BMI, Body Mass Index; BRAVO, the prediction models of Building,
Relating, Assessing, and Validating Outcomes diabetes microsimula-
tion model; CHD, Congenital Heart Disease; CHIME, Chinese Hong
Kong Integrated Modeling and Evaluation; CVD, Cardiovascular
Disease; Framingham, Framingham risk models; HbAlc, Hemo-

the proportional hazard assumption and applying hazard
ratios from the prediction models to survival over the dura-
tion of the time cycle from the HE model (e.g., SPHR), see
Appendix S3 for algorithms.

Table 2 summarizes the methods of the combination
of the prediction models. Many early HE models, espe-
cially those built before 2004, assumed no interdependence
between different complications. GDM was the first model
seen to assume interdependency of CVD events using the
sunflower method. This method first predicted the occur-
rence of the next CVD event of any kind and used additional
equations to predict which CVD event it would be, including
combined events. This process was then repeated during the
next cycle to estimate the order of events. For example, in
SPHR, the QRisk2 equation estimated the CVD probability,
and its nature (e.g., stroke or myocardial infarction, etc.)
was determined separately by the published age- and gender-
specific CVD distribution. ECHO also adopted this method
as an optional choice for users.

Framingham-CHD I 1 2

UKPDS-60 I 0.5
UKPDS-56 I 10.3
UKPDS-68 I 1 0.3
Framingham-stroke I 10
UKPDS-35 I 10
JJRE I 7.2
UKPDS-66 I

D Outcomes

0.00%  10.00%  20.00%  30.00%  40.00%  50.00%  60.00%  70.00%  80.00%
Stroke I 7 1.43%
M 57.14%
CHD I 4 7.62%
HF I 42.36%
Aggregate CVD I 23.31%
Retinopathy I 33.33%
Nephropathy I 33.33%
Neuropathy I 23.57%
Amputation I 23.31%

Blindness NN 19.05%

globin Alc; HF, Heart Failure; JJRE, Japanese Elderly Diabetes
Intervention Trial risk engine; MI, Myocardial Infarction; NDR,
prediction models from Swedish National Diabetes Register; QRisk,
Cardiovascular Risk Score; RECODe, Risk Equations for Complica-
tions of Type 2 Diabetes; SBP, Systolic Blood Pressure; UKPDS, The
UK Prospective Diabetes Study risk engine.

Top 10 are listed for each characteristic, and full characteristics are
listed in Tables S3 and S4

An alternative approach is random order evaluation with
interdependency. For example, IQVIA-CORE and UKPDS-
OM tackled interactions among multiple complications by
recording individuals’ event history in tracker variables and
adjusting the risk of other complications accordingly, using
dummies reflecting pre-existing complications in prediction
models. To avoid possible bias, during simulations, the order
of prediction models is randomly assigned for each time
cycle.

A third approach is the simultaneous evaluation by lagged
events information to inform on interdependencies. This
approach avoids considering the interdependency of events
occurring in the current cycle (e.g., MICADO). A predefined
order, as the fourth approach, was applied in only JJCEM, in
which the prediction model of amputation, which included
retinopathy as a predictor, was run as the final model.

@ Springer
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User defined simulation condition

Time <= Setting

Yes

e e e D 1
Treatment module

Update risk factors
based on current —
treatment regime

Risk factor (e.g. HbA1c)>= user-
specific threshold

Yes—» Next specified treatment regime

| |
| |
| |
| |
| |
| |
| |
| |
| |
| No |
| |
| |
| |
| |
| |
| |
| |
| |
| |

. order

Adverse effect " Update risk factors based on current
(Prediction model) treatment regime
Update event history

CTTTTTITTT T Complication | 77T TTTTTTITTTTTTTTTTmmm e e :
: module | e — .= P e o T
h ) O RAebenant | Simultaneous |
; » Riskfactors and ~ 1.00CPeNdet 1 1 evaluation .« ¢
! event history ' Vo - ,
: | | '
! e s g [ I ST
. o i =, ' | Random -
e Prediction Model Prediction Model Prediction Model S - order 1
A ! P g S ) iy :
LIdeate Update Update ! | | Sunflower | i
¢ | ' method :
; Other [ = E IR . ¥
: Mi Stioke Complications “._Interdependent N — - —-—-—- :
. = e ; | Simultaneous ! :
' + + + .+ evaluaton .
: Mi related Stroke related Complications | il
: mortality mortality related mortality \ .

Update event history, cost and QALY

Update simulation data (e.g.
risk factors, age, diabetes
duration, time counter etc. )

Fig.4 Flowchart of a general individual-level model structure. Abbreviations:HbAlc, Hemoglobin Alc; MI, Myocardial Infarction
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Treatment effects

Prediction models might be estimated from data with dif-
ferent treatments in place. Treatment effects were either
included explicitly as a dummy variable, or implicitly as
impact on risk factors. Most prediction models identified in
health economic HE models only used dummy variables to
reflect the use of antihypertensive medication (Framingham-
stroke, ADVANCE, and QRisk2), while the effect of glucose
control treatment was consistently modeled implicitly via
impact on risk factors (e.g., UKPDS and JJRE). Two excep-
tions are that CHIME risk equations and RECODe include
both antihypertensives and oral diabetes drug as dummy
variables (Table S4). Statin use was also included in only
these two risk equations (CHIME and RECODe), though
ADVANCE included statin in the variable selection phase
but it was finally dropped by stepwise approach.

Two methods were identified for modeling treatment
effects while applying prediction models that do not explic-
itly consider treatment effects as dummy variables. One
method applies relative risks or conditional probabilities
(e.g., treatment-specific states and transition probabilities
applied in IMIB). The other method estimates the effect of
treatment on underlying risk factors (e.g., in Cardiff, the
effect of medication on HbA1lc was modeled via an update
of HbA1c levels in a treatment module that, in turn, altered
the probabilities of events, see Fig. 4). Treatment modules
may also allow treatment switches, mimicking clinical prac-
tice. The trigger for this switch depended on an evidence-
based transition matrix (e.g., DIDACT) or on individuals’
clinical indicators, such as a specific HbAlc level or diabetes
duration (e.g., JADE).

Treatment compliance was considered in 6 (18%) models
(Eastman, GDM, Michigan model, Tilden, Syreon, ECHO),
by specifying the rate of individual compliance or simulating
HbA Ic levels between standard care (e.g., 10%) and com-
prehensive care (e.g., 7.2%).

Discussion

We found four solutions for dealing with the interdepend-
ency of prediction models in HE simulation models. All
approaches required several assumptions, and no new
approaches were introduced in recent years. For many mod-
els, it was difficult to determine the exact methods applied
because of the lack of transparency in reporting and the
ambiguity of the terminology applied.

The pros and cons of various HE modeling structures
have been widely discussed [7, 36, 37]. Our study inves-
tigated HE models from the perspective of incorporating
prediction models. Individual-level discrete event simulation
models would be the most straightforward structure, because

individual-level models can be well informed directly by
common prediction models, while cohort-level models
require extra implementation steps (e.g., converting informa-
tion from prediction models into relative risks or using mean
risk factor values to inform prediction models). Additionally,
as a result of Markov property assumptions, state transi-
tion models usually cannot easily accommodate prediction
models that explicitly include duration, while discrete event
simulation models can easily keep track of time as an attrib-
ute and hence directly use time-to-event prediction models.

Confirming previous studies [38, 39], we did not find a
clear preference for certain prediction models. The likely
explanation of UKPDS risk engine being the most com-
monly used prediction model, is that it is the first risk engine
developed in a T2D population, covers most T2D complica-
tions, and has a high degree of transparency in describing
its algorithm and coefficients [25]. However, the rationale
for adopting specific prediction models in HE models has
been underreported.

Being referenced or recommended in clinical guidelines
could be one rationale for incorporating specific prediction
models into HE models [40]. For instance, a risk calcula-
tor [41] is recommended for estimating the risk of ASCVD
in American diabetes guidelines [42] and the UKPDS risk
engine is referenced to measure CVD risk in European dia-
betes guidelines [43]. Since clinical prediction models have
higher calibration requirements than HE models [44], such
inclusion in guidelines could be seen as support for these
prediction models. However, clinical prediction models and
HE models may deviate in requirements regarding variable
selection. Clinical prediction models often prefer including
fewer predictors, which are available in routine care, whereas
HE models may want to cover all of their modeled risk fac-
tors. When using clinical trials as main source of input this
might be a wider range of predictors than those in routine
care. In addition, for clinical application, discrimination next
to calibration is very important [45], while for HE models,
with their focus on aggregate outcomes, calibration-in-the-
large will be the most important [46]. Due to these distinct
scopes and requirements, clinical guideline-recommended
prediction models are not always the best fit for HE models.
For example, NDR performed better than UKPDS risk model
for well-treated individuals, whereas UKPDS risk model per-
formed better for the older UK cohort, indicating that the
choice should reflect the specifics of the application [47].

In our opinion, several criteria could help select suitable
prediction models as follows (multiple sets of prediction
models can be chosen at the same time):

1. Time period: The UKPDS risk engine allows to validate
modeling a population for a long-time horizon (17.6-
year median follow-up), but covers a somewhat older
time period (1977-2007). CHIME risk model suits well
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with short-term and recent time horizons (4-year mean
follow-up until 2017).

2. Population: JJRE, CHIME, and the Chinese Hong Kong
registry risk models suit well with an Asian population;
NDR suits well with a European population; QRisk and
UKPDS were developed in UK populations; BRAVO
and RECODe were developed in US populations. If a
mixture of multiple ethnic groups is of interest, UKPDS,
EAGLE, QRisk, RECODe, and BRAVO which consider
ethnic groups as a predictor, are suitable.

3. The available predictors are listed in Table 5 and could
guide choice of prediction model(s). Of note, unavail-
able risk factors, such as white blood cell counts, may be
imputed, enlarging the applicability of prediction mod-
els [48]. If information about both events and medication
use is available, CHIME and RECODe are suitable.

4. Outcomes of interest can be found in Table 6. NDR,
ADVANCE, and QRisk predict the aggregate CVD,
while UKPDS, BRAVO, CHIME, and RECODe pre-
dict each separate CVD event (i.e., M1, stroke and oth-
ers). For prediction of subsequent events (i.e., the sec-
ond or next time of occurring), NDR and UKPDS offer
most details. If microvascular diseases are of interest,
UKPDS, EAGLE, BRAVO, and CHIME suit well.

Once prediction models are selected, properly incorpo-
rating them into HE models requires attention to recalibra-
tion and adjustment. When data are available, recalibrating
prediction models is important if the cohort of deriving
prediction models differs from that of the application at
hand in a HE model. For example, UKPDS-OM2 poorly
predicted the CANVAS program outcomes, but recalibrat-
ing intercepts and refitting the coefficients, while preserv-
ing the UKPDS-OM2 structure, substantially improved the
fit [49]. That is, the recalibration of the prediction models
based on available data or characteristics to the setting
of interest involves adjusting the intercept (for logistic
regression models) or the baseline survival function (for
survival regression models) and adjusting regression coef-
ficients for prediction models [24, 50-52]. Furthermore,
especially when data for recalibration are unavailable,
applying different sets of prediction models in HE mod-
els for the same outcome might help to overcome differ-
ences between populations. The weighted model averaging
approach [53] could be applied to summarize multiple pre-
dictions. Alternatively, different prediction models could
inform best-case or worst-case risk predictions and enable
quantifying the structural uncertainty caused by prediction
model choice [54-56]. This would inform HE model users
better than a single prediction model.

Interdependency is increasingly incorporated when
combining prediction models in HE models, but the order
problem currently shows only four solutions: random
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ordering, the sunflower method, using lagged events or
using a predefined order. Random ordering is the most
common approach for recent HE models in T2D. Despite
its advantage of simplicity, it might ignore potential bio-
logically more plausible sequences of T2D complications.
Alternative approaches therefore deserve further investiga-
tion, and we recommended to use them in different study
designs accordingly and compare results to random order-
ing, to check which works best:

1. When the HE model is defined in continuous time: Use
the vertical modeling approach [57, 58], as the continu-
ous-time version of the sunflower method in the statis-
tical analysis to derive prediction models. Both meth-
ods decompose the joint probability by looking first at
the time of the event and then its cause at the time of
failure based on observable quantities, such as relative
cause-specific hazards [16, 57, 58]. However, vertical
modeling is a continuous-time model that integrates
time-proportional hazards and logistic regression with
covariates [57, 58]. The sunflower method is a discrete-
time method that compares the estimated time-related
incidence rate to the relative event frequency [16].

2. When the HE model is defined in discrete time, and
the event progression is moderate during one cycle:
Use linked-equations with a time-lagging structure to
minimize the effects of endogeneity, like this has been
applied in HE models of chronic obstructive pulmonary
disease [59].

3. When pathology and an estimation of the sequence of
events are of interest: Use directed acyclic graphs [60,
61] or the network approach [62] which unravel the
pathological sequence of complications to find a causal
diagram to guide interdependencies.

4. When running time is not a major concern, the most
straightforward method is to reduce the cycle length (to,
e.g., monthly cycles). As all health statuses will then be
more frequently updated, the bias introduced by order-
ing will be reduced [15].

The distinct methods of treatment effect integration we
identified (either by the change of risk factors or dummy
variables) may influence what sources of evidence can be
handled. Treatment effects as indicated by risk factors, could
use effect estimates from either randomized control trials or
real-world evidence, and enable relatively straightforward
updates of such effects. However, they risk underestimat-
ing effects that run via routes other than risk factor levels.
For example, the effect of sodium-glucose cotransporter-2
inhibitors on the risk of cardiovascular complications may
be underestimated when modeled based on risk factor lev-
els alone, and trial-observed hazard ratios may provide the
best fit [63]. Therefore, we recommend future HE models
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to adopt a hybrid approach which supplement surrogate risk
factors with directly observed event rate changes [64], by
incorporating both event rate changes resulting from treat-
ment-induced risk-factor-level changes through prediction
models and direct event rate changes indicated by direct
evidence from observations (e.g., hazard ratios from trials).
Of note, double counting should be avoided by estimating
the gap between the risk-factor induced and observed event
rate changes, and adjusting estimated to observed event rate
changes for the trial follow-up period only. Any assumptions
regarding treatment effects beyond the trial follow-up period
should be clearly and transparently reported [65].
Treatment switches were modeled using a transition
matrix or threshold-levels of risk factors. However, switches
might also be triggered by events (e.g., CVD) regardless of
past medication [66]. Therefore, future studies might con-
sider treatment switches triggered by events or tracker vari-
ables. Furthermore, many HE models did not adequately
integrate treatment compliance and persistence, which poten-
tially affects the estimated cost-effectiveness of treatment.
Future studies might incorporate compliance by establishing
rates of disease progression (e.g., transition probabilities) or
risk factor levels as functions of individual compliance [67].
HE models are becoming increasingly complicated and
have integrated more interdependent prediction models, so
transparency has become more difficult and important to
achieve. Although the continuous-time model, Archimedes,
was successfully validated with 18 trials (correlation=0.99)
[68], it has been criticized because of its high complexity and
low transparency [37], indicating the necessity of balancing
transparency and complexity when incorporating prediction
models. Although there are reporting and transparency guide-
lines or checklists for HE models [69], prediction models
[70], and diabetes modeling in particular [65], these guide-
lines neglect aspects valuable in estimating prediction models
with the purpose of subsequently using them in HEs. These
aspects include the order and interdependency of prediction
models (i.e., how to order the interdependent prediction mod-
els to reflect causal relations of diabetes complications). The
Diabetes Modelling Input Checklist [65] might be applied to
improve model transparency. This requires clearly describing
the assumption of treatment effect and the source of the risk
equations for the model. Additionally, reporting the method
of integrating prediction models and possible recalibration
might be helpful. Furthermore, attending networks, such as
the Mount Hood Diabetes Challenge Network; maintaining
model registries; and reporting results from reference case
simulations will improve transparency and confidence in
models and ultimately improve decision-making [71].
Despite the study’s strengths, it has limitations. First,
only one reviewer screened searches and selected papers.
However, compared to other reviews, we did not miss any
models to the best of our knowledge. Second, contrary to

other reviews, we did not assess HE models’ quality but
rather focused on the methodology. To get overview of all
methods and prediction models applied, we did not restrict
the time of publishing or the HE model’s validity. Most HE
models we investigated were validated internally and exter-
nally with a satisfactory quality [7, 20, 37]. Previous studies
could be consulted if the validity [7, 20, 37], quality [7, 20,
37], and suitability [20] of T2D HE models are the primary
areas of interest. Finally, we could not identify an existing
categorization of methods to combine prediction models into
HE models and hence had to use our own terminology.

In conclusion, descriptions of prediction model integra-
tion methods in HE models tend to be ambiguous, while
methods used to combine them seemed somewhat out-
dated, creating the need for clarification and improvement.
We sought to mitigate this need by addressing the gap in
assessing how prediction models that calculate complica-
tion risks are incorporated in T2D HE models. Currently,
an increasing number of T2D HE models are being devel-
oped and updated for a wide range of countries, popula-
tions, complications, treatments, and indicators, enhancing
the need for proper integration of prediction models. Thus,
more attention should be focused on the methodology of
choosing, adjusting, and ordering prediction models and the
transparency of these approaches.
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