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ABSTRACT

Introduction Hyperglycemia in pregnancy (HIP,
including gestational diabetes and pre-existing type 1
and type 2 diabetes) is increasing, with associated risks
to the health of women and their babies. Strategies

to manage and prevent this condition are contested.
Dynamic simulation models (DSM) can test policy and
program scenarios before implementation in the real
world. This paper reports the development and use of an
advanced DSM exploring the impact of maternal weight
status interventions on incidence of HIP.

Methods A consortium of experts collaboratively
developed a hybrid DSM of HIP, comprising system
dynamics, agent-based and discrete event model
components. The structure and parameterization drew
on a range of evidence and data sources. Scenarios
comparing population-level and targeted prevention
interventions were simulated from 2018 to identify the
intervention combination that would deliver the greatest
impact.

Results Population interventions promoting weight loss
in early adulthood were found to be effective, reducing
the population incidence of HIP by 17.3% by 2030
(baseline (‘business as usual’ scenario)=16.1%, 95%Cl
15.8 to 16.4; population intervention=13.3%, 95%Cl
13.0 to 13.6), more than targeted prepregnancy (5.2%
reduction; incidence=15.3%, 95% Cl 15.0 to 15.6) and
interpregnancy (4.2% reduction; incidence=15.5%,
95% Cl 15.2 to 15.8) interventions. Combining targeted
interventions for high-risk groups with population
interventions promoting healthy weight was most
effective in reducing HIP incidence (28.8% reduction by
2030; incidence=11.5,95%Cl 11.2 to 11.8). Scenarios
exploring the effect of childhood weight status on entry
to adulthood demonstrated significant impact in the
selected outcome measure for glycemic regulation,
insulin sensitivity in the short term and HIP in the long
term.

Discussion Population-level weight reduction
interventions will be necessary to ‘turn the tide’ on

HIP. Weight reduction interventions targeting high-risk
individuals, while beneficial for those individuals, did
not significantly impact forecasted HIP incidence rates.
The importance of maintaining interventions promoting
healthy weight in childhood was demonstrated.

Significance of this study

What is already known about this subject?

» The rising prevalence of hyperglycemia in pregnancy
(HIP) is having a significant impact on health ser-
vice demand and resources, yet the strategies for
screening, diagnosing, preventing and managing HIP
remain contested.

» Exploration of effective decision support tools is
needed to guide evidence-informed policy and pro-
grams for this complex problem.

What are the new findings?

» The unique tripartite structure of this dynamic sim-
ulation model allows representation of the problem
and synthesis of evidence at multiple integrated
levels of abstraction, including biological, individual-
level behavioral and health service dynamics.

» The tested scenarios highlighted the importance
of public health interventions to maintain healthy
weight status in childhood and support women to
achieve healthy weight prior to pregnancy.

How might these results change the focus of

research or clinical practice?

» Population health interventions will be necessary to
stabilize and reduce HIP.

» Interventions targeting high-risk individuals can be
beneficial to these individuals however, they deliv-
ered small reductions in overall population incidence
rates.

» DSMs mature as new evidence becomes available
and methods are advanced to facilitate further
development.

» A key priority for future research is improved knowl-
edge about the dynamics and heterogeneity in the
etiology of glycemic dysregulation and diabetes
mellitus development, and the impact of glycemic
control during pregnancy on perinatal outcomes.

INTRODUCTION
Hyperglycemia in pregnancy (HIP), inclu-
sive of gestational diabetes and type 1 and
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type 2 diabetes diagnosed before or during pregnancy, is
increasing both in Australia and internationally,"™ chal-
lenging the capacity of healthcare services. The increase
in HIP is directly associated with the increasing preva-
lence of risk factors including overweight, obesity, older
maternal age and shifts in population demographics and
ethnicities.”>® With increasing prevalence of risk factors,
service providers report that women are more frequently
presenting with more complex diabetes and obstetric
care needs.® Additionally, diabetes during pregnancy
increases the risk for later cardiometabolic disease for
the woman® and early onset of overweight, obesity and
type 2 diabetes for her children.?”

The available evidence for HIP policy and treatment
planning is not definitive,' and current challenges include
determining the timing and methods of screening, criteria
for diagnosis, targets for treatment, resource allocation,
identification and management of pre-existing diabetes
during pregnancy, risk stratification, timing and type of
prevention activities, and individual differential effects
of treatment.' *'° To address the increasing incidence
of HIP, there have been increasing calls for upstream
prevention activities to focus on lifestyle risk factors
preconception rather than during or interpregnancy.''™"?
These contested intervention options cross the spectrum
from population-based primary prevention approaches
to highly specialized clinical management targeted at
those at highest risk, which can be implemented inde-
pendently or in combination and may be phased or
implemented simultaneously. Sophisticated analytical
tools are required to synthesize diverse evidence types
across disciplines and support decision making.

Systems science methods provide decision makers
with insights into how multiple causal pathways interact
to generate the patterns of disease we see in the real
world and how interventions modify those path-
ways.'* ' Dynamic simulation modeling (DSM) is a
method to re-create complex systems and human behav-
iors as a computational mathematical model. This model
can answer ‘what if” questions, via computer simulation,
about the likely impacts over time of different policy and
intervention options and their combinations.'® '’ This
is important for prevention policy and practice, where
decision support tools must steer a course through the
complexity of interactions that give rise to real-world
public health problems, such as the rapid increase in
HIP.'""® They are also useful for conditions with slow and
variable development, like diabetes mellitus, that involves
interaction between genetic predisposition and environ-
mental factors that impact on the underlying dynamics of
physiological factors involved in glucose regulation, such
as weight status, insulin sensitivity, insulin secretion and
intercurrent pregnancy.'*' These physiological variables
interact, most often in non-linear ways, and some are
difficult to measure empirically, meaning that conditions
like diabetes present significant challenges for traditional
experimental methods." ** Analytical methods like DSM
play an important role in improving understanding of the

Box 1 Study context

» The model explored hyperglycemia in pregnancy (HIP) in the
Australian Capital Territory (ACT) and was built in partnership with
the ACT Government Health Directorate (ACT Health). Approximately
16% of ACT resident women who gave birth in the ACT in 2016 were
diagnosed with HIP (increasing from 6% in 2008).*8 ACT Health pro-
vides government-funded health services for the population of the
ACT (approximately 410 000) and is the major health referral cen-
ter for the Greater Southern Region of New South Wales. The total
catchment area population is over 600000 people. The number of
women giving birth in the ACT is over 6000 per year. Approximately
15% of these women are non-ACT residents who access services
in the ACT for high-risk pregnancy complications (ie, those requiring
tertiary level care). Models of antenatal maternity care provided in
the ACT include hospital-based outpatient care, private midwifery
care, shared care (e, integrated with primary healthcare provid-
ers) and tertiary level multidisciplinary care. DIP services include a
gestational diabetes education program at two sites (hospital and
community health center) and a hospital-based, high-risk diabetes
in pregnancy multidisciplinary clinic for women with pre-existing
type 1 and 2 diabetes and step-up care for women with gestational
diabetes requiring insulin or with other complex care needs.

dynamics of disease progression.'” ** ** The multiscale,
hybrid DSM reported in this paper builds on current
understanding of glycemic regulation dynamics related
to weight status and pregnancy,” *' leveraging existing
peerreviewed mathematical models of diabetes,' ** **
and explores the dynamics of glycemic regulation, weight
status and pregnancy on the development of HIP.*

Recent advances in modeling software have increased
model transparency, making them more accessible to non-
modelers. This has facilitated expert stakeholder partic-
ipation in the model development process, increasing
the opportunities for interdisciplinary learning about
complex health problems and building trust in the model
outputs.**™ The aim of this study was to develop an HIP
decision support tool for policy and program decision
makers in the Australian Capital Territory (Box 1), using
participatory DSM.*" The model development process
and discussions of the model outputs enable key stake-
holders to explore the likely impacts of both clinical and
population-level intervention options for HIP, via simu-
lation, before they are implemented in the real world.
The process has been reported elsewhere.” **** The
aim of this paper is to explore the impact of prevention
interventions targeting weight status on HIP incidence
and insulin sensitivity. Insulin sensitivity, while not being
a commonly used clinical measure, was selected as an
outcome measure of glycemic regulation for these simu-
lated scenarios as it reflects metabolic dynamics both
during pregnancy and with changing weight status and is
potentially responsive to lifestyle interventions.**' Inter-
vention scenarios were compared with a baseline ‘busi-
ness as usual’ scenario to explore the impact of timing,
subgroup targeting, and adherence to lifestyle changes
on the incidence of HIP and insulin sensitivity.
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BUILDING AND USING A DYNAMIC SIMULATION
MODEL WITH STAKEHOLDERS
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Local practice
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Figure 1 Overview of the participatory model development process.

METHODS

Model development

The model development process drew on best-practice
guidelines for computational modeling and included the
grounding of assumptions in theory and evidence, sensi-
tivity testing and calibration.”® ** The model was built
using a participatory approach that engaged a consortium
of academics, clinicians, public health policy makers,
program planners, modelers and health economists. This
approach has been described in detail elsewhere,* *' *
and a diagrammatical overview of the process is depicted
in figure 1.

The hybrid model was constructed using AnyLogic
simulation software (http://www.anylogic.com/).
Detailed information is available in the online supple-
mentary resource.

Model inputs and data sources

The structure and parameterization of the model drew on
arange of data sources, including census and population
data, systematic reviews, meta-analyses, accepted formulas
and conceptual models, survey data, policy/program
effectiveness data, economic data and the expert knowl-
edge of the multidisciplinary stakeholders who partici-
pated in model development. Local data were prioritized
where these were available. Expert opinion was used
when other evidence options were exhausted or for trian-
gulation of multiple data sources when parameters were
uncertain. The data included statistics relating to demo-
graphic characteristics and trends, the incidence of HIP
and associated risk factors, and the underlying physiology
determining individual glycemic control including beta
cell mass and function based on previous mathematical
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models of diabetes progression.'? **** Census, population
and health system data were sourced from the Australian
Bureau of Statistics and ACT Health administrative data
collections. Model input parameter values, their sources
and the data used for model calibration are provided in
the online supplementary resource. The model popula-
tion is initialized using demographic characteristics, for
example, age and country of birth, of the female popula-
tion of the Australian Capital Territory (ACT) from the
2011 Australian Census.” The model is calibrated to the
incidence of HIP in ACT Health maternal and perinatal
statistics from 2008 to 2016, and the model time unit is
years.

Model structure

The tripartite model incorporates system dynamics (SD),
agent-based modeling (ABM) and discrete event simula-
tion (DES) components with construction and analysis
implemented in AnylLogic V.8.3.3 Professional (http://
www.anylogic.com/). SD is a method for understanding
the relationships between elements in a system and how
the behavior of the system changes™™ using feedback
loops (the circular causality in the system), stocks (accu-
mulations/quantities) and flows (rates of change). ABM
simulates the actions and interactions of agents (agents

are people in this model) to assess their impacts on the
system as a whole.” This method is useful for capturing
heterogeneity in risk and in impacts of interventions
and capturing social network influences. DES methods
analyze processes and optimization of resource alloca-
tion for service delivery (eg, patient flows through an
emergency department).’

Underlying the model structure, described here and
elsewhere,” are equations and values (parameters) that
quantify the relationships defined by the model logic.
These are described in detail in the online supplemen-
tary resource.

The overall model structure is shown in figure 2. In
summary, the model incorporates characteristics that
impact on an individual’s glycemic regulation, including
age, individual /family history of diabetes and parity (top
left); weight status (center left); and pregnancy status
(bottom left). These are represented using agent-based
modeling constructs. Glycemic regulation (top right)
is represented using SD methods and increases and
decreases dynamically. It is impacted by internal physi-
ological factors such as increased metabolic load due to
pregnancy, and external behavioral factors such as diet,
physical activity and adherence to medication. Diagnosis
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of HIP (bottom center) leads to clinical service provi-
sion (bottom right). Clinical services are represented
using DES. Figure 2 is intended to provide a high-level
overview of model components to facilitate conceptual
understanding of the structure rather than depicting
full details. Key components of the model structure are
described conceptually in the following paragraphs, and
the underlying computational methods are described in
the online supplementary resource.

An individual’s risk of developing HIP or progressing
on to permanent diabetes relates to the presence or
absence (categorical) or level of (continuous) factors
known to influence glycemia regulation and is based
on previous mathematical models of diabetes progres-
sion.' * #* It is a function of two main groups of factors
in the model. First, it is a function of biological regula-
tory capacity, that is, the changes in insulin sensitivity
and insulin production associated with underlying phys-
iology, including in response to the increased metabolic
load of pregnancy.' *! # ** Second, there is a compo-
nent of external regulation by the individual, that is,
their conscious regulation through adherence to blood
testing, medication regimens and lifestyle interventions
including diet and physical activity. The model mecha-
nism allows for changes in an individual’s adherence to
medical and lifestyle interventions over time.

The model also incorporates the impact of beta cell
decline associated with exposure to dysglycemia based
on modeling carried out by De Gaetano et al.'?**** Expo-
sure to dysglycemia results in a decline of beta cell func-
tion over time, and this eventually limits the individual’s
regulatory capacity. Reduced beta cell function decreases
the effectiveness of lifestyle interventions in glucose regu-
lation, meaning that even if an individual with reduced
beta cell function makes significant changes to their diet
and activity levels the impact on blood glucose regulation
will be restricted.

Pregnancy occurs according to the ACT age and
ethnicity specific fertility rates. The model tracks rele-
vant risk factor information for the occurrence of dysgly-
cemia in the current pregnancy, for example, body mass
index (BMI), age, history of diabetes, and family history
of diabetes. Insulin sensitivity decreases significantly
during pregnancy for both normoglycemic and dysgly-
cemic women, based on findings of studies by Catalano
et al*®*' *" and such changes can impart physiological
impact for the mother and the child (eg, on beta cell mass
and function) that persists beyond that pregnancy. When
awoman gives birth, there is a birth event in which a baby
is introduced into the model. The baby inherits informa-
tion on maternal characteristics, including the mother’s
HIP status and history of diabetes, maternal weight status
and ethnicity. Outcomes, including birth weight, type
of birth, for example, cesarean section, neonatal inten-
sive care admission, and shoulder dystocia, are recorded
at birth. Consistent with the focus on HIP, the model
includes only female agents. Births for male babies occur
in the model; however, these agents are deleted from the

population. Model outputs reflect the impact of interven-

tions on women in the population.

High weight status is an important risk factor for
declining insulin sensitivity and the development
of diabetes. Weight is represented in the model as a
continuous variable that changes dynamically with age**
and pregnancy.” An individual’s weight status (BMI)
impacts on their insulin sensitivity,lg_21 with increasing
weight leading to decreasing insulin sensitivity. This
paper reports on weight reduction intervention
scenarios tested in the model as described in the next
section.

Simplifying assumptions about individual behavior
was made to ensure the model is parsimonious, while
allowing it to approximate real-world behavior over time.
A summary of the key assumptions is presented in the
following:

» Age-specific fertility rates were calculated using birth
rates from 2013. The model assumes that age-specific
fertility rates will remain stable over the period of the
simulation.

» The model assumes that 60% of pregnancies were
intended, providing opportunities for intervention
during pregnancy planning.'' The assumption was
applied uniformly across age groups.

» Adherence to healthy lifestyle behaviors was assumed
to increase after exposure to intervention and then
decline over the subsequent 2years.

» Individuals who were eligible had an equal chance of
receiving interventions.

Underlying the model structure and assumptions
described are simple mathematical relationships
designed to capture the concept they represent. For
instance, the decline in intervention adherence was
assumed to follow a curve whose coefficients cause adher-
ence to the weight management intervention to increase
immediately following an intervention and decline over
the subsequent 2-year period.

Health services are captured in the model, with the
current service model in the ACT being represented as
a DES component. Future planned work for the model
will explore the impact of alternative service models on
resources and outcomes.

Scenarios tested in this analysis

The scenarios tested in this analysis focused on the
impact of targeted and population-level weight reduction
strategies and compared them with a ‘business as usual’
baseline scenario that assumed that existing services and
programs would continue and that no additional inter-
ventions would be implemented. Many of the risk factors
for HIP are not modifiable; however, weight status (over-
weight and obesity) is an important modifiable risk factor
for both HIP and type 2 diabetes mellitus. The scenarios
prioritized for this analysis are described in the following
sections.
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Table 1 Scenario descriptions

Scenario Description

This intervention targets all women aged 20-35years through a public health intervention. The goal

Population intervention

of the intervention is to support women to maintain or achieve a healthier weight status.

This intervention targets women who have one or more risk factor for HIP. It is available to all

Targeted prepregnancy
intervention

women who are considering pregnancy (60% of pregnancies'"). The intervention aims to achieve a
healthy weight via adherence to diet and physical activity recommendations.

This interpregnancy intervention targets women who have had diabetes in a previous pregnancy.

Targeted interpregnancy

The intervention aims to increase adherence to diet and physical activity recommendations and to

achieve a healthy weight before the next pregnancy.

Combined

This scenario combines all the above interventions.

HIP, hyperglycemia in pregnancy.

Impact of population versus targeted weight management
interventions

These scenarios compared the impact of weight manage-
ment interventions delivered across the population of
women aged 20-35 years with targeted interventions deliv-
ered to women who were at high risk according to the
Australian Diabetes in Pregnancy criteria,] either before or
after their pregnancies. The interventions are described in
table 1 and are simulated from 2018 in the scenarios.

The effectiveness of each intervention in reducing
weight is a model parameter that can be varied. For
simplicity, the interventions in these scenario runs were
assumed to result in weight reductions that had a trun-
cated normal distribution, with a mean BMI reduction of
1.8kg/m® (min=0, max=6.4, SD=1.7kg/m?). The distri-
bution was based on an Australian study of mobile phone-
based public health intervention aimed at preventing
weight gain in young adults* and an Australian study
of interpregnancy lifestyle change supported by motiva-
tional interviewing.” Weight loss results for individuals
who received the interventions were drawn from this
distribution. It was assumed that all eligible individuals
received the intervention and that the intervention effec-
tiveness degraded over time, with adherence diminishing
over a 2-year period.

Impact of childhood weight interventions

These interventions explored the impact of childhood
weight interventions. As childhood weight dynamics
had not yet been fully articulated in the model, these
hypothetical scenarios were simulated by modifying
the weight distribution of the population on entry to
adulthood. Increasing population-wide interventions to
reduce childhood overweight and obesity was simulated
by shifting the weight distribution of the population to
the ‘left’, so that more individuals entered adulthood
within the healthy weight range (truncated normal distri-
bution with mean BMI=22). Scaling back population-
wide interventions addressing childhood overweight and
obesity was also simulated. The scaling back intervention
shifted the population weight distribution to the ‘right’,
so that more individuals entered adulthood either over-
weight or obese (truncated normal distribution with

mean BMI=30). The interventions were implemented
for individuals born from 2018, and the simulations were
run for 42 additional years (2060) to allow individuals to
age and enter their reproductive years.

Model outputs and data analysis

For the scenario testing, key outcome indicators against
which the impacts of intervention scenarios were compared
with the baseline ‘business as usual’ scenario were (1)
incidence of HIP (%) and (2) insulin sensitivity (KxgI).
Incidence of diabetes in pregnancy was calculated as a
percentage based on the proportion of all women giving
birth in each year who were diagnosed with HIP. Kxgl was
used as a mathematical index of insulin sensitivity repre-
senting insulin-dependent glucose tissue uptake.”

To estimate latent or poorly measured parameters
and to support the projection of status quo future inci-
dence of HIP using model outputs, we calibrated the
baseline model without additional interventions against
the following historical data: the incidence of HIP for
subpopulations in ACT from 2008 to 2016 according to
the Australian Diabetes in Pregnancy Society (ADIPS)
risk profiles'; and the prevalence of macrosomia by HIP
status in the ACT from 2010 to 2016.*

Outputs from the model were summarized using the
R statistical package to obtain means, SEs and 95% Cls;
summary data were tabulated and graphed in Microsoft
Excel. Given that runs of the model were computationally
expensive, 36 runs were deemed sufficient to account for
stochasticity and provide stable predictions of scenario
performance and of the variance in performance. The
comparison of simulation results between baseline and
intervention scenarios was expressed as a per cent differ-
ence in reported outcomes, with 95% Cls provided to
describe the variation between simulation runs and to
test statistical significance.

RESULTS

Results for scenario testing for interventions with simu-
lated implementation from 2018 are presented in the
following sections.
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Table 2 Summary HIP incidence statistics for baseline and scenarios simulated from 2018 to 2040

2020 2030 2040
% % %
reduction reduction reduction
95% ClI from 95% ClI from 95% ClI from
% (=) baseline (x) baseline % (=) baseline
Baseline 15.9 0.4 - 16.1 0.3 - 173 04 -
1. Population intervention 1565 0.4 -3.0 13.3* 0.3 -17.6 13.8* 0.3 -20.5
2. Targeted prepregnancy 15.5 0.3 -2.8 15.3* 0.3 -5.2 16.2* 0.4 -6.2
3. Targeted interpregnancy  15.6 0.3 -2.1 155 0.3 -4.2 16.7* 04 -3.8
reduction
4. Combined population and 13.6 0.4 -14.4 11.5* 0.3 -28.8 11.8* 0.3 -32.1

targeted prepregnancy and
interpregnancy

*Significantly different from baseline at p<0.05.
HIP, hyperglycemia in pregnancy.

Scenario testing results

Impact of population versus targeted weight management
interventions

The incidence of HIP for the scenario simulations is
presented as a percentage, based on the proportion of
all women giving birth in each year who were diagnosed
with HIP, in table 2. The incidence of HIP in the base-
line scenario was 15.9% (95% CI 15.5 to 16.3) in 2020,
16.1% (95% CI 15.8 to 16.4) in 2030 and 17.3% (95% CI
16.9 to 17.7) in 2040. The population weight loss inter-
vention in early adulthood resulted in a 3.0% reduction
in HIP incidence by 2020 to 15.5% (95% CI 15.1 to 15.9),
which falls within the margin of error of the baseline;
however, by 2030 there was a 17.6% reduction against
the baseline with an HIP incidence of 13.3% (95% CI

20-

13.0 to 13.6) (figure 3). In comparison, the impact of
targeted prepregnancy and interpregnancy interventions
on population-level HIP incidence ranged from a non-
significant reduction of just over 2% in 2020, to a small
but statistically significant reduction of 4%-5% in 2030
and 4%—-6% in 2040, respectively. Incidence rates with Cls
for these scenarios are presented in table 2. Combining
targeted interventions for high-risk groups with popu-
lation weight loss interventions was the most effective
scenario for reducing HIP incidence, with a reduction of
14.4% by 2020 to 13.6% (95% CI 13.2 to 14.0), 2years
after the simulated interventions were implemented,
28.8% by 2030 (HIP incidence=11.5%, 95% CI 11.2 to
11.8) and 32.1% by 2040 (HIP incidence=11.8%, 95% CI
11.5to 12.1).

percentage

2020 2025

2030 2035 2040

year
[ " . Combined - pop and targeted _ T "

Baseline pre and post pregnancy Population intervention
=~ Targeted post-pregnancy == Targeted pre-pregnancy

Figure 3 Comparative impact of scenarios on HIP incidence simulated from 2018 to 2040. Dotted lines indicate 95% CI for

estimated incidence. HIP, hyperglycemia in pregnancy.
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Impact of childhood weight status on entry to adulthood

The interventions were implemented for female agents
born from 2018 and were simulated to 2060 to allow time
for individuals to age into adulthood and their repro-
ductive years. Two scenarios were simulated: scenario
A—shifting the BMI distribution of the population to
healthy weight with all individuals entering adulthood
at a healthy weight; and scenario B—shifting the weight
distribution for the population further toward overweight
and obesity as they entered adulthood. Minimal impact
of the interventions was observed on HIP incidence
until 2060, when scenario A resulted in a 21.2% decrease
in the percentage of women diagnosed with HIP from
baseline (table 3) (2060 baseline HIP incidence=17.0%,
95% CI 16.7 to 17.3; scenario A HIP incidence=13.4%,
95% CI 13.1 to 13.7; scenario B HIP incidence=17.6%,
95% CI 17.3 to 17.9).

Changes in insulin sensitivity (Kxgl) were observed
earlier in the simulation, from 2030, for the simulated
BMI interventions (table 3). Scenario A resulted in
increased insulin sensitivity, as measured by Kxgl, for
the population by 8.5% from the baseline simulation by
2030 (baseline Kxgl=48.4, 95% CI 48.2 to 48.6; scenario
A Kxgl=52.5,95% CI 52.3 to 52.7), increasing to 47.3% by
2060 (baseline Kxgl=45.6, 95% CI 45.4 to 45.8; scenario A
Kxgl=67.1, 95% CI 66.7 to 67.5). Scenario B resulted in a
decrease in insulin sensitivity for the population of 31%
from baseline by 2060 (scenario B Kxgl=31.5, 95% CI
31.3 to 31.7).

DISCUSSION

The simulations reported here prioritized scenario testing
of several lifestyle prevention interventions promoting
healthy weight status. Population-level interventions
promoting weight loss in early adulthood were found
to be more effective than targeted prepregnancy and
interpregnancy interventions in reducing the popula-
tion incidence of HIP. Combining targeted interventions
for high-risk groups with population health promotion
support was shown to be the most effective scenario for
reducing HIP incidence, especially in the longer term.
Scaling up childhood healthy weight interventions,
resulting in all female children entering adulthood at a
healthy weight, achieved a significant improvement in
insulin sensitivity in the short term and decreased HIP
in the long term. Scenarios testing the impact of scaling
back childhood healthy weight interventions, that is,
having more children entering adulthood overweight or
obese, resulted in declines in insulin sensitivity across the
population and therefore increasing risk of early devel-
opment of diabetes mellitus.

The study presented in this paper is unique in that
DSM was used to explore the latent factors and meta-
bolic dynamics underlying the development of HIP and
compare the likely impact of population-level inter-
ventions with interventions targeting high-risk individ-
uals. This simulation study builds on previous research

assessing the effectiveness of targeted lifestyle preven-
tion programs to prevent HIP incidence." * *° Given the
substantial time needed to achieve weight reduction, it
has been argued that early intervention at a population
level will be necessary to reduce obesity-related outcomes
in pregnancy,'' and this was supported by the modeling.
The scenarios presented in this paper demonstrated that
population-level interventions will be needed to make an
impact on HIP incidence across the population. Targeted
interventions, both prepregnancy and interpregnancy,
did notsubstantiallyimpact on population HIP incidence.

Over half of pregnancies are planned,'" and this was
reflected in the model, with only individuals who were
planning to become pregnant being eligible to receive
the targeted preconception intervention. Therefore,
the small proportion of the total population receiving
the intervention and individual variations in adherence,
included in the model to reflect reality, impacted on
intervention effectiveness. The targeted interventions
resulted in only a modest impact on population inci-
dence rates for HIP. This result should not devalue the
role of targeted interventions, as these are important and
beneficial for individuals and their offspring.'* However,
the results emphasize the need for population interven-
tions to support healthy lifestyle behaviors for all individ-
uals, whether they actively plan their pregnancy or not."'

A recent review of research into antenatal lifestyle
programs for high-risk women found that they did not
successfully prevent HIP."” Further examination of the
individual and intervention characteristics that facilitated
adoption and adherence to interventions has been identi-
fied as a priority."”” The HIP model presented here incor-
porated representations of the non-linear dynamics and
feedback loops that impact intervention effectiveness, for
example, the impact of age and pregnancy-related weight
changes across the life course and the impact of indi-
vidual adherence to diet and physical activity recommen-
dations on both HIP incidence and insulin sensitivity.
The reduction in HIP incidence was only achieved when
individuals remained adherent to the lifestyle changes
associated with the intervention.

Scenario testing provides an important tool for
exploring hypothetical policy options, including ‘do
nothing’ alternatives that forecast the impact of ceasing
current interventions.'” ***7 In these simulated scenarios,
the HIP model hypothetically tested the impact of scaling
back interventions promoting healthy weight for children
in school settings. This scenario forecasted the impact of
more children entering adulthood at a higher weight
status on insulin sensitivity, placing them at risk of early
development of diabetes mellitus. These results signify
the potential importance of the current global focus and
efforts to reduce childhood overweight and obesity.

Diverse local perspectives and interests can provide
decision makers with conflicting advice regarding the
best course of action.!” Data limitations, insufficient
local analytical capacity and inadequate tools to support
longer term planning in the context of changing local

8
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needs contribute to the persistence of a trial and error
approach to program planning that may delay or prevent
the realization of significant impacts on important public
health issues like HIP.' *” The DSM approach described
in the present study is one way to address these challenges
and can also contribute to prioritizing data gaps for
future research and data collection, and infrastructure
to better support interventions to prevent and manage
HIP. The participatory approach facilitated opportuni-
ties for interdisciplinary dialogue and combining diverse
perspectives in the consideration of policy options. The
developed partnerships and relationships were critical to
the model development and to its likely subsequent use
to inform health service and policy decisions.

Future applications of the model include further explo-
ration of the intergenerational impacts resulting from
exposure to HIP; effect of glycemic dysregulation on
pregnancy outcomes; impact of lifestyle (diet and phys-
ical) interventions during pregnancy on glycemic control
and pregnancy outcomes; factors that influence child-
hood weight gain, for example, breast feeding and other
aspects of diet, school-based health promotion interven-
tions, physical activity and so on; impact of model of care
alternatives; and impact of prevention interventions on
health service utilization. Health economic consider-
ations will also be added to future iterations of the model.

Limitations

There are limitations to consider when interpreting the
findings of this paper. There is potential measurement bias
in the range of secondary data used to parameterize the
model. Where possible, routinely collected local health
service information was obtained to estimate population-
based estimates of HIP, birth outcomes, weight status, and
fertility rates. There were also some parameters relating
to the heterogeneity of etiology of HIP and the dynamics
of glycemic regulation where data were not available, and
these are identified as priorities for future research. The
model acknowledges these potential sources of measure-
ment bias, and commonly used strategies were employed
to address them, including the triangulation of multiple
data sources, calibration to refine parameter estimates
and the engagement of stakeholders with detailed knowl-
edge of the limitations and likely direction and size of
potential measurement biases in key data sources. In
addition, sensitivity analysis was undertaken to estimate
the impact of uncertainty on primary outcome indicators
and guide priorities for new data collection and quality
improvement of existing data collection.

CONCLUSION

Population health interventions will be necessary to ‘turn
the tide’ on HIP. Interventions targeting high-risk indi-
viduals, while beneficial for those individuals, delivered
small reductions in HIP incidence rates. The importance
of maintaining interventions promoting healthy weight
in childhood was demonstrated. Scenarios simulating the

impact of scaling back these interventions showed that
insulin sensitivity decreased significantly, increasing the
risk for early development of diabetes mellitus. DSMs are
learning support tools that can mature over time as new
evidence becomes available and methods are advanced
to facilitate further development. This decision support
tool for HIP was developed as a working model and is
being published for transparency and to invite input. A
key priority for future research is improved knowledge
about the dynamics and heterogeneity in the etiology of
glycemic dysregulation and diabetes mellitus develop-
ment, and the impact of glycemic control during preg-
nancy on perinatal outcomes.

Author affiliations

'The Australian Prevention Partnership Centre, Sax Institute, Haymarket, New South
Wales, Australia

2School of Medicine, The University of Notre Dame Australia, Darlinghurst, New
South Wales, Australia

SPopulation Health, ACT Health, Woden, Australian Capital Territory, Australia
*Brain and Mind Centre, University of Sydney, Sydney, New South Wales, Australia
SComputational Epidemiology and Public Health Informatics Laboratory, University
of Saskatchewan, Saskatoon, Saskatchewan, Canada

SEndocrinology and Diabetes, ACT Health, Woden, Australian Capital Territory,
Australia

"Medical School, College of Health and Medicine, Australian National University,
Canberra, Australian Capital Territory, Australia

8Golisano Children’s Hospital at URMC, University of Rochester, Rochester, New
York, USA

9School of Computer, Data and Mathematical Sciences, Western Sydney University,
Penrith, New South Wales, Australia

10WeIIbeing and Preventable Chronic Diseases Division, Menzies School of Health
Research, Charles Darwin University, Casuarina, Northern Territory, Australia
11Endocrinology Department, Royal Darwin Hospital, Casuarina, Northern Territory,
Australia

'2Department of Medicine, University of Saskatchewan College of Medicine,
Saskatoon, Saskatchewan, Canada

Acknowledgements The authors acknowledge the valuable contributions

of Professor Lucie Rychetnik to the study design and her comments on this
manuscript. The authors also acknowledge the Diabetes in Pregnancy Modelling
Consortium for generously contributing their expertise and time to participate in
this study.

Collaborators Diabetes in Pregnancy Modelling Consortium includes the authors
of this paper and Dr Tracey Baker, Ms Lynelle Boisseau, Ms Jacqui Davison, Assoc.
Prof. Jeff Flack, Assoc. Prof. Alison Hayes, Ms Eloise 0’Donnell, Prof. Michael
Peek, Mr Nick Roberts, Prof. David Simmons, Dr Jana Sisnowski, and Ms Christine
Whittall.

Contributors Study conceptualization and planning: LF, JA, GM, NDO, CJN, ALK
and PMK. Model and scenario programming: NDO, WQ, YQ, AS and AM. Supervision
of model programming: NDO. Expert contribution to model development: CJN,

ALK, LM-B, RD and members of the Diabetes in Pregnancy Modelling Consortium.
Model outputs: YQ. Data processing and analysis: LP, LF and AP. Conceptualization
of manuscript and writing the first drafts: LF. Writing and editing multiple draft
revisions: all named authors.

Funding This research was supported by The Australian Prevention Partnership
Centre through the NHMRC partnership center grant scheme (grant ID:
GNT9100001) with the Australian Government Department of Health, NSW Ministry
of Health, ACT Health, HCF, and the HCF Research Foundation. The research was
also supported by the Australian Government’s Medical Research Future Fund
(MRFF). The MRFF provides funding to support health and medical research and
innovation, with the objective of improving the health and well-being of Australians.
MRFF funding has been provided to The Australian Prevention Partnership Centre
under the MRFF Boosting Preventive Health Research Program. Further information
on the MRFF is available at www.health.gov.au/mrff. The content of this paper is
solely the responsibility of the individual authors and does not reflect the views of

10

BMJ Open Diab Res Care 2020;8:€000975. doi:10.1136/bmjdrc-2019-000975

"1ybuAdoo Aq paroslold 1sanb Aq 0202 ‘62 1990100 Uo w0 [wg aip//:dny wol) papeojumod ‘0202 AeN TE U0 G/6000-6T0Z-24plWa/9sTT 0T Se paysignd 1sii :a1ed say gelg uado rINg


http://drc.bmj.com/

the NHMRC or funding partners. LM-B was supported by an NHMRC Practitioner
Fellowship (#1078477) to collaborate on this project. The University of Notre
Dame has provided the following financial support for this case study: Australian
Postgraduate Award scholarship and CRN top-up scholarship for supervision travel
€Xpenses.

Competing interests PMK, LF, CJN and ALK were employees of ACT Health at the
time of this study.

Patient consent for publication Not required.
Provenance and peer review Not commissioned; externally peer reviewed.

Data availability statement All data relevant to the study are included in the
article or uploaded as supplementary information.

Open access This is an open access article distributed in accordance with the
Creative Commons Attribution 4.0 Unported (CC BY 4.0) license, which permits
others to copy, redistribute, remix, transform and build upon this work for any
purpose, provided the original work is properly cited, a link to the licence is given,
and indication of whether changes were made. See: https://creativecommons.org/
licenses/by/4.0/.

ORCID iDs

Louise Freebairn http://orcid.org/0000-0002-7434-870X
Jo-an Atkinson http://orcid.org/0000-0002-2380-1092
Christopher J Nolan http://orcid.org/0000-0002-6964-3819
Ante Prodan http://orcid.org/0000-0001-9684-7967

Allen McLean http://orcid.org/0000-0002-1344-3949

REFERENCES

1 Nankervis A, Mcintyre H, Moses R, et al. ADIPS consensus
guidelines for the testing and diagnosis of gestational diabetes
mellitus in Australia. Modified 2014.

2 Australian Institute of Health and Welfare. National maternity data
development project: diabetes mellitus during pregnancy—Research
brief No. 2. cat. No. per 75. Canberra: Australian Institute of Health
and Welfare, 2016.

3 Lee I-L, Maple-Brown L. Diabetes in pregnancy: worldwide
perspective. Springer Handbook of Nutrition and Pregnancy,

2018: 387-400.

4 Hod M, Kapur A, Sacks DA, et al. The International Federation of
Gynecology and Obstetrics (FIGO) Initiative on gestational diabetes
mellitus: A pragmatic guide for diagnosis, management, and care#.
Gynecology 2015.

5 Australian Institute of Health and Welfare. Diabetes in pregnancy
2014-2015, Bulletin 146. Canberra: Australian Institute of Health and
Welfare, 2019.

6 Scott P, Zhang Y, Nolan CJ. The gestational diabetes tsunami: can
we survive it? Aust N Z J Obstet Gynaecol 2016;56:333-5.

7 Osgood ND, Dyck RF, Grassmann WK. The inter- and
intragenerational impact of gestational diabetes on the epidemic of
type 2 diabetes. Am J Public Health 2011;101:173-9.

8 International Association of Diabetes and Pregnancy Study
Groups Consensus Panel, Metzger BE, Gabbe SG, et al.
International association of diabetes and pregnancy study
groups recommendations on the diagnosis and classification of
hyperglycemia in pregnancy. Diabetes Care 2010;33:€98-82.

9 Lapolla A, Metzger BE. The post-HAPO situation with gestational
diabetes: the bright and dark sides. Acta Diabetol 2018:1-8.

10 Schaefer-Graf U, Napoli A, Nolan CJ, et al. Diabetes in pregnancy: a
new decade of challenges ahead. Diabetologia 2018;61:1012-21.

11 Stephenson J, Heslehurst N, Hall J, et al. Before the beginning:
nutrition and lifestyle in the preconception period and its importance
for future health. Lancet 2018;391:1830-41.

12 Barker M, Dombrowski SU, Colbourn T, et al. Intervention strategies
to improve nutrition and health behaviours before conception.
Lancet 2018;391:1853:1864.

13 Egan AM, Simmons D. Lessons learned from lifestyle prevention
trials in gestational diabetes mellitus. Diabet Med 2019;36:142-150.

14 Lich KH, Ginexi EM, Osgood ND, et al. A call to address complexity
in prevention science research. Prev Sci 2013;14:279-89.

15 Gittelsohn J, Mui Y, Adam A, et al. Incorporating systems science
principles into the development of obesity prevention interventions:
principles, benefits, and challenges. Curr Obes Rep 2015;4:174-81.

16 Atkinson J-A, Page A, Wells R, et al. A modelling tool for policy
analysis to support the design of efficient and effective policy
responses for complex public health problems. Implement Sci
2015;10:26.

20

21

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

38

39

40

41

42

43

Epidemiology/Health Services Research

Atkinson J-AM, Wells R, Page A, et al. Applications of system
dynamics modelling to support health policy. Public Health Res
Pract 2015;25:e2531531.

World Health Organization. Global status report on
noncommunicable diseases 2014. global status report on
noncommunicable diseases 2014, 2014.

Hardy T, Abu-Raddad E, Porksen N, et al. Evaluation of a
mathematical model of diabetes progression against observations
in the diabetes prevention program. Am J Physiol Endocrinol Metab
2012;303:E200-12.

Catalano PM. Trying to understand gestational diabetes. Diabet Med
2014;31:273-81.

Catalano PM, Obesity CPM. Obesity, insulin resistance, and
pregnancy outcome. Reproduction 2010;140:365-71.

Page A, Atkinson J-A, Heffernan M, et al. Static metrics of impact
for a dynamic problem: the need for smarter tools to guide

suicide prevention planning and investment. Aust N Z J Psychiatry
2018;52:660-7.

De Gaetano A, Hardy T, Beck B, et al. Mathematical models

of diabetes progression. Am J Physiol Endocrinol Metab
2008;295:E1462-79.

De Gaetano A, Panunzi S, Palumbo P, et al. Data-Driven modeling
for diabetes. Data-driven Modeling for Diabetes 2014:165-86.

Qin Y, Freebairn L, Atkinson J-A, et al. Multi-Scale simulation
modeling for prevention and public health management of diabetes
in pregnancy and sequelae. SBP-BRIMS 2019: International
Conference on Social Computing, Behavioral-Cultural Modeling and
Prediction and Behavior Representation in Modeling and Simulation
2019.

Freebairn L, Rychetnik L, Atkinson J-A, et al. Knowledge
mobilisation for policy development: implementing systems
approaches through participatory dynamic simulation modelling.
Health Res Policy Syst 2017;15:83.

Atkinson J-A, Knowles D, Wiggers J, et al. Harnessing advances

in computer simulation to inform policy and planning to reduce
alcohol-related harms. Int J Public Health 2018;63:537-46.
Hovmand PS. Community based system dynamics. New York,
United States of America: Springer, 2014.

Voinov A, Kolagani N, McCall MK, et al. Modelling with
stakeholders — next generation. Environmental Modelling & Software
2016;77:196-220.

Freebairn L, Atkinson J-A, Kelly PM, et al. Decision makers'
experience of participatory dynamic simulation modelling:
methods for public health policy. BMC Med Inform Decis Mak
2018;18:131.

Freebairn L, Atkinson J, Kelly P, et al. Simulation modelling as a tool
for knowledge mobilisation in health policy settings: a case study
protocol. Health Res Policy Syst 2016;14:71.

Freebairn L, Atkinson J-A, Osgood ND, et al. Turning conceptual
systems maps into dynamic simulation models: an Australian case
study for diabetes in pregnancy. PLoS One 2019;14:e0218875-e75.
Marshall DA, Burgos-Liz L, I[Jzerman MJ, et al. Applying dynamic
simulation modeling methods in health care delivery research-

the simulate checklist: report of the ISPOR simulation modeling
emerging good practices Task force. Value Health 2015;18:5-16.
Wallace R, Geller A, Ogawa VA. Assessing the use of agent-based
models for tobacco regulation. Assessing the use of agent-based
models for tobacco regulation 2015.

Australian Bureau of Statistics. 2011 census of population and
housing, basic community profile (Catalogue number 2001.0)
Canberra, Australia: Australian Bureau of statistics, 2013. Available:
http://www.abs.gov.au/websitedbs/D3310114.nsf/Home/Census
[Accessed 14 Jun 2016].

Sterman JD. Learning from evidence in a complex world. Am J
Public Health 2006;96:505-14.

Borshchev A. The big book of simulation modeling: Multimethod
modeling with AnyLogic 6. Chicago: AnyLogic North America, 2013.
Burke JG, Lich KH, Neal JW, et al. Enhancing dissemination and
implementation research using systems science methods. Int J
Behav Med 2015;22:283-91.

Luke DA, Stamatakis KA. Systems science methods in public
health: dynamics, networks, and agents. Annu Rev Public Health
2012;33:357-76.

Grigoryev |. AnyLogic 7 in three days. 1st edn. Any Logic, 2015.
Lain KY, Catalano PM. Metabolic changes in pregnancy. Clin Obstet
Gynecol 2007;50:938-48.

Hayes A, Gearon E, Backholer K, et al. Age-Specific changes in BMI
and BMI distribution among Australian adults using cross-sectional
surveys from 1980 to 2008. Int J Obes 2015;39:1209-16.
Knight-Agarwal CR, Williams LT, Davis D, et al. Association of BMI
and interpregnancy BMI change with birth outcomes in an Australian

BMJ Open Diab Res Care 2020;8:€000975. doi:10.1136/bmjdrc-2019-000975

11

"1ybuAdoo Aq paroslold 1sanb Aq 0202 ‘62 1990100 Uo w0 [wg aip//:dny wol) papeojumod ‘0202 AeN TE U0 G/6000-6T0Z-24plWa/9sTT 0T Se paysignd 1sii :a1ed say gelg uado rINg


https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
http://orcid.org/0000-0002-7434-870X
http://orcid.org/0000-0002-2380-1092
http://orcid.org/0000-0002-6964-3819
http://orcid.org/0000-0001-9684-7967
http://orcid.org/0000-0002-1344-3949
http://dx.doi.org/10.1111/ajo.12502
http://dx.doi.org/10.2105/AJPH.2009.186890
http://dx.doi.org/10.2337/dc10-0719
http://dx.doi.org/10.1007/s00125-018-4545-y
http://dx.doi.org/10.1016/S0140-6736(18)30311-8
http://dx.doi.org/10.1016/S0140-6736(18)30313-1
http://dx.doi.org/10.1111/dme.13772
http://dx.doi.org/10.1007/s11121-012-0285-2
http://dx.doi.org/10.1007/s13679-015-0147-x
http://dx.doi.org/10.1186/s13012-015-0221-5
http://dx.doi.org/10.17061/phrp2531531
http://dx.doi.org/10.17061/phrp2531531
http://dx.doi.org/10.1152/ajpendo.00421.2011
http://dx.doi.org/10.1111/dme.12381
http://dx.doi.org/10.1530/REP-10-0088
http://dx.doi.org/10.1177/0004867417752866
http://dx.doi.org/10.1152/ajpendo.90444.2008
http://dx.doi.org/10.1186/s12961-017-0245-1
http://dx.doi.org/10.1007/s00038-017-1041-y
http://dx.doi.org/10.1016/j.envsoft.2015.11.016
http://dx.doi.org/10.1186/s12911-018-0707-6
http://dx.doi.org/10.1186/s12961-016-0143-y
http://dx.doi.org/10.1371/journal.pone.0218875
http://dx.doi.org/10.1016/j.jval.2014.12.001
http://www.abs.gov.au/websitedbs/D3310114.nsf/Home/Census
http://dx.doi.org/10.2105/AJPH.2005.066043
http://dx.doi.org/10.2105/AJPH.2005.066043
http://dx.doi.org/10.1007/s12529-014-9417-3
http://dx.doi.org/10.1007/s12529-014-9417-3
http://dx.doi.org/10.1146/annurev-publhealth-031210-101222
http://dx.doi.org/10.1097/GRF.0b013e31815a5494
http://dx.doi.org/10.1097/GRF.0b013e31815a5494
http://dx.doi.org/10.1038/ijo.2015.50
http://drc.bmj.com/

Epidemiology/Health Services Research a

44

45

obstetric population: a retrospective cohort study. BMJ Open 46
2016;6:e010667.

Allman-Farinelli M, Partridge SR, McGeechan K, et al. A mobile

health lifestyle program for prevention of weight gain in young adults
(TXT2BFiT): nine-month outcomes of a randomized controlled trial. 47
JMIR Mhealth Uhealth 2016;4:e78.

Reinhardt JA, van der Ploeg HP. Implementing lifestyle change

through phone-based motivational interviewing in rural-based 48
women with previous gestational diabetes mellitus. ... Promotion

Journal of ... 2012.

Opray N, Grivell RM, Deussen AR, et al. Directed preconception
health programs and interventions for improving pregnancy
outcomes for women who are overweight or obese. Cochrane
Database Syst Rev 2015;13.

Gilbert N, Ahrweiler P, Barbrook-Johnson P, et al. Computational
modelling of public policy: reflections on practice. Journal of Artificial
Societies and Social Simulation 2018;21.

ACT Health Directorate. HealthStats act Canberra: act government,
2018. Available: https://stats.health.act.gov.au/ [Accessed 14 Dec
2018].

12

BMJ Open Diab Res Care 2020;8:¢000975. doi:10.1136/bmjdrc-2019-000975

"1ybuAdoo Aq paroslold 1sanb Aq 0202 ‘62 1990100 Uo w0 [wg aip//:dny wol) papeojumod ‘0202 AeN TE U0 G/6000-6T0Z-24plWa/9sTT 0T Se paysignd 1sii :a1ed say gelg uado rINg


http://dx.doi.org/10.1136/bmjopen-2015-010667
http://dx.doi.org/10.2196/mhealth.5768
http://dx.doi.org/10.1002/14651858.CD010932.pub2
http://dx.doi.org/10.1002/14651858.CD010932.pub2
http://dx.doi.org/10.18564/jasss.3669
http://dx.doi.org/10.18564/jasss.3669
https://stats.health.act.gov.au/
http://drc.bmj.com/

	‘Turning the tide’ on hyperglycemia in pregnancy: insights from multiscale dynamic simulation modeling
	Abstract
	Introduction﻿﻿
	Methods
	Model development
	Model inputs and data sources
	Model structure
	Scenarios tested in this analysis
	Impact of population versus targeted weight management interventions
	Impact of childhood weight interventions

	Model outputs and data analysis

	Results
	Scenario testing results
	Impact of population versus targeted weight management interventions
	Impact of childhood weight status on entry to adulthood


	Discussion
	Limitations

	Conclusion
	References


