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Introduction 
Noncommunicable diseases (NCDs) are a major public health challenge1 and are responsible 
not only for most deaths2 but also years of healthy life lost. The increasing incidence of NCDs 
is due to an increase in exposure to modifiable risk factors – such as unhealthy diets, lack of 
physical activity, tobacco use, alcohol abuse, and exposure to pollutants3. Interventions 
changing individual exposure to risk factors are sorely needed, and decision-makers need 
guidance on the efficacy and effectiveness of different policies. 
 
Mathematical models present a valuable tool for reconciling disparate data, capturing 
complex dynamics, and estimating the impact of interventions to produce coherent policy-
relevant outcomes. However, their use in informing policy, particularly in the context of non-
communicable diseases is limited. In contrast, mathematical models of infectious diseases 
have existed since the 1700’s when Daniel Bernoulli modelled the impact of increasing 
vaccinations on smallpox mortality. An article in Science published at the peak of the COVID-
19 pandemic, highlighted how studies modelling most infectious diseases and interventions 
to address them have become essential sources of evidence in support of effective and 
efficient policy decisions at all levels across the world4. On the contrary, mathematical models 
for NCDs lag severely behind, and their ability to support policy and become a critical 
component of the policy process has yet to be demonstrated. The benefits of modelling are 
clear: models allow for the formal synthesis and triangulation of diverse sets of data and 
information to gain insights that would not be available from each piece in isolation – in this 
case, the aetiology of disease, with patterns of risk and behavioural responses to policy 
changes, affording estimates of the potential health impact of policy change interventions. 
 
There exists an opportunity to raise the profile of NCD-models and convince policymakers of 
their reliability and utility in forecasting the impacts of disease and the effectiveness of 
policies to mitigate those impacts. This opportunity coincides with the proliferation of the 
latest generation of mathematical models, known as microsimulations, that are able to 
capture these factors as they simulate individual agents in a population at a micro level. 
 
Overview of academic models of NCDs 
Through conducting a literature review to better understand the landscape of current NCD 
models, we found almost all models rely on Markov processes, partitioning populations 
according to narrowly selected characteristics, and overlook the joint influence of and inter-
dependence between risk factors, including those related to the environment, behaviour, and 
economic and political influences. 
 
While at least 20 models of NCDs exist in the recent literature, not all are created equal. Some 
models have been designed to answer specific resource prioritisation questions5,6, or forecast 
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only health and not economic outcomes7,8. Others are limited in their geographical scope, or 
the resolution they are capable of capturing9,10,11. 
 
Table 1 compares the key features of the eight microsimulation models retained in the review. 
These include model objectives; demographic and risk factors; simulated diseases; modelling 
methods; policy scenarios; and outcomes. The models have fundamental similarities to and 
differences from Health-GPS. In terms of similarities, most models, except for HIPTool, 
estimate the impact of changes in NCD risk factors on health outcomes within a population. 
 
Table 1. Comparing and Contrasting Relevant NCDs Microsimulation Models 
  
Model  
Country (if applicable)   
(Co-author, Year)  
   

Health-GPS  
Europe  

UKHF Model  
UK  
(McPherson et al., 2007)  

DYNAMO-HIA  
Netherlands  
(Lhachimi et al., 
2012)  

PRIME,  
UK (Scarborough et 
al., 2014)  

SPHeP-NCD 
Model  
(OECD Public 
Health Team, 
2019)  

FEM,  
USA  
(Goldman et al., 
2015)  

Lifetime 
Trajectory 
Simulation 
Model  
Singapore  
(Zhu et al., 2018)  

HIPtool  
(Hou et al., 2019)  

OneHealth Tool  
(Avenir Health, 
2021)  

            

  Drivers of 
Population 
Demography  

Births  ✓  ✓  ×  ×  ✓  ×  ✓  ✓  ✓  

  Deaths  ✓  ✓  ×  ✓  ✓  ✓  ✓  ×  ✓  

  Immigration  ✓  ×  ×  ×  ✓  ×  ×  ×  ✓  

  

 Risk Factors  

Age   ✓  ✓  ✓  ✓  ×  ✓  ✓  ×  ✓  

  Gender  ✓  ✓  ✓  ✓  ×  ✓  ×  ×  ✓  

  Education  ✓(1)  ×  ✓  ×  ×  ✓  ×  ×  ×  

  Income  ✓(1)  ×  ×  ×  ×  ×  ×  ×  ×  

  BMI  ✓  ✓  ✓  ✓  ✓  ✓  ✓  ×  ✓  

  Smoking  x  ×  ✓  ✓  ×  ✓  ×  ×  ✓  

  Physical Activity  ✓  ×  ×  ✓  ✓  ×  ×  ×  ×(2)  

  Blood Pressure  x  ×  ×  ✓  ✓  ×  ×  ×  ✓  

  Alcohol  
Consumption  

x  ×  ✓  ✓  ✓  ×  ×  ×  ×(2)  

  Diet, and 
Fat/Protein/Sodium 
Energy Intake  

✓  ×  ×  ✓  ×  ×  ×  ×  ×(2)  

  

Diseases  

General NCDs (3)  13 Obesity-related 

chronic diseases  

10 Chronic 

diseases   

24 Chronic diseases  General 

NCDs  

Heart  

Stroke  
Cancer  
Hypertension  
Diabetes  
Lung disease  

Single disease: 

hypertension  
Type-2 diabetes; 
Complication: 
kidney disease, 
coronary heart 
disease, stroke  
and heart failure  

General NCDs  All major 

diseases  

  

Diseases modelling method  

A simulation 
model that first 
captures the 
multitude of 
associations 
between 
diseases and risk 

factors in the 
initial 
population and 
then uses them 
for the 
projection 
period. Changes 

in disease 
prevalence are 
modelled based 
on the changes 
in risk factors 
distributions 
and ageing of 
the population 
over time.   

A two-module 
simulation framework 
that the first predicts 
overweight/obesity over 
time, and the second 
uses a survival model to 
simulate the health 

trajectory of each 
individual from a virtual 
population  
  

A Markov-based 
micro-
simulation 
model that 
generates risk 
factor histories 
and calculates 

disease 
probabilities of 
each individual 
from a virtual 
population  

An NCD scenario 
model that links 
behavioural factors 
with NCD mortality. 
The links are 
parameterised by 
published meta-

analyses of 
epidemiological 
studies (e.g., 
prospective cohort 
studies and RCTs).  

A generic 
disease 
model that 
uses DisMod-
MR 2.0, a 
Bayesian 
mixed-effects 

meta-
regression 
modelling 
tool 
developed for 
GBD analysis. 
Data were 

accessed 
through 
IHME.  

FEM has three 
components: the 
initial module 
predicts the 
economic and health 
outcomes of new 
cohorts of 51/52 

years-olds. The 
second module 
calculates the 
probability of 
transitions between 
health states and 
financial outcomes. 

HRS data are used. 
The policy outcome 
module aggregates 
projections of 
individual outcomes 
into policy outcomes  

The disease 
progression and 
mortality are 
modelled by 
Markov Chain 
Monte Carlo  
(MCMC) which 

starts from a 
cohort of 
synthetic 
populations and 
calculates the 
probability of 
progression or 

death. The 
transition state 
depends on the 
disease 
progression 
network.   

“The current 
HIPtool is not a 
disease modelling 
tool and therefore 
does not account for 
disease progression 
and infectiousness.” 

(Hou et al., 2019, p. 
40)  

The disease 
progression is 
modelled as the 
progression of 
risk factors over 
time mainly 
depending on 

the relative risk 
of a particular 
disease, as well 
as whether a 
particular policy 
intervention 
switches on or 

off.   

  Scenario Modelling  ✓  ✓  ✓  ✓  ✓  ✓  ×  ✓  ✓  

  

Outcomes(5)  

Life expectancy  ✓  ×(4)  ✓  ×  ✓  ×(4)  ×  ×  ×  

  Incidence cases  ✓  ✓  ×  ×  ✓  ×  ×  ×  ✓  

  Deaths  ✓  ✓  ✓  ×  ✓  ✓  ×  ×  ✓  

  Disability-adjusted life 
years (DALY)  ✓  ✓  ✓  ×  ✓  ×  ×  ✓  ✓  

  Health care expenditure  ✓  ✓  ×  ×  ✓  ✓  ×  ×  ×  

Note:   

(1) In Health-GPS, education and income are combined into a single variable which is a proxy for socioeconomic status.  
(2) It is not clearly written in terms of whether the risk factor can be allowed.   

(3) Theoretically, Health-GPS is flexible and could accommodate any number of NCDs. But, in practice, we have only managed to collect data for 34 diseases (i.e. 10 cancers and 24 non-cancers)  
(4) The model computes a quality-adjusted life year (QALY) but is not a direct measure of life expectancy.  
(5) For comparison, only five outcomes are shown. However, Health-GPS allow additional outcomes as granular data are available. For example, the proportion of “obese” and “overweight” among 
children and adults.  

 

 
 
Health-GPS 
Throughout the STOP project, forming part of WP9, and under the guidance of WHO, the team 
at the Centre for Health Economics & Policy Innovation (CHEPI) at Imperial College London 
developed Health-GPS12, a cutting-edge policy simulation tool, designed to estimate the 
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impact of policies targeting NCDs across the life course. The model powering Health-GPS, is a 
microsimulation, describing virtual populations, based on real data, and capturing individual-
level risk factor exposure, and linkage to disease, while accounting for disease interactions, 
along with demographic changes and socio-economic influences. The model has the ability to 
describe the burden of NCDs at the population level and estimate the impact of policies 
targeting those conditions for almost any country, given available data. 
 
The model begins by simulating synthetic close-to-reality life histories for individuals in a 
population, from birth to death including demographics, socioeconomic characteristics, risk 
factors, and disease profiles (Figure 2a). The model then updates these features annually 
using probabilistic models, calibrated to reproduce and project key demographic and 
epidemiological statistics from real-world data, such as national surveys of dietary intakes and 
physical activity. The model follows a two-step process, firstly during the initialisation phase, 
equations are calibrated using epidemiological data (Figure 2b). Then these equations are 
used to make projections forwards to the end of the simulated period (Figure 2c).  
 

 
Figure 2. a) Microsimulation workflow b) model initialisation c) model projection 
 
The model was designed to address issues commonly found with microsimulations. Namely, 
that they are slow, complicated, and difficult to use. Therefore, Health-GPS placed a lot of 
emphasis on the following attributes: flexibility (users can test alternative hypotheses), 
transparency (we provide details of all inputs, modelling equations, parameters and data 
sources used in the simulation), efficiency (we use high performance computational 
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capabilities to minimise processing time, power, and memory), and accessibility (software is 
open source, user interface is intuitive and user-friendly).  
 
To achieve these attributes, we developed several methodological innovations, including the 
ability to reconcile disparate data to generate a synthetic cross-sectional sample to calibrate 
risk factor dynamics; a hierarchical structure of interactions between risk factors and 
associations between diseases as risk factors for other diseases; a flexible modular 
construction capturing socio-economic factors, such as income, and an Energy Balance 
module describing energy intake and expenditure; and, a high-resolution cost-assessment 
module. 
 
The model has the ability to assessing the impact of policies targeting the risk factors 
associated with childhood obesity. For individual interventions, the risk factors that will alter 
are identified, and these parameters adjusted at the point the policy comes into effect to 
simulate the implementation of a given intervention. To estimate the impact of interventions, 
a baseline scenario — with no intervention applied — is compared to an intervention 
scenario, and the outputs of the model compared (Figure 3).  
 
Modelled outputs are customisable but consist of population trends (size, age, births, deaths), 
epidemiological trends (disease incidence and prevalence), global health estimates (YLL, 
DALY, QALY), as well as estimates of changes in healthcare expenditure. 
 

 
Figure 3. Health-GPS module dynamics and scenario evaluation   
 
Health-GPS has been used in STOP to produce estimates of the impact of a range of 
interventions targeting childhood obesity through changing behaviour. Table 2 presents a 
summary of the key inputs to Health-GPS to model three policy interventions: regulations on 
the marketing of foods to children; front-of-package food labelling and physical activity in 
primary and lower-secondary schools.  
 
The Marketing Regulation (MR) intervention consists of implementing a statutory ban on 
marketing targeted to children for “unhealthy” food products across all media: In the model, 
this intervention is assumed to decrease BMI for children aged between 5 and 18 years old. 
For those aged 18 years or more, it is assumed that they have a smaller reduction of BMI, over 
one year, which remains constant over the life course13,14. 
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Table 2: Inputs to Health-GPS: interventions targeting childhood obesity  
 Marketing Regulation (MR) Front-Of-Package 

Labelling (FOPL) 
Physical Activity (PA) 

Target population 
 
Age range 
 

 
 
Children: 5-18 
 

 
 
Age 1+ 
 

 
 
Children: 6-15  
 

Restrictions 
 

None 
 

Only label users 
 

School children: primary 
and lower secondary  
 

Exposure 
 

15% expansion every year 
up to 100%  
 

24% expansion every year 
up to a maximum of 70% 
 

90% of students in public 
schools 
 

Countries in model Finland, France, Italy, 
Portugal, Slovenia, Spain, 
UK 
 

Finland, France, Italy, 
Portugal, Slovenia, Spain, 
UK 
 

Finland, France, Italy, 
Portugal, Slovenia, Spain, 
UK 
 

Effectiveness 
 
Energy (Kcal/day) 
 

 
 
--- 
 

 
 
-1% 

 
 
--- 
 

BMI (kg/m2) 
 

5-12 yr-old: -0.12 BMI 
13-17 yr-old:-0.31 BMI 
18 yrs+: -0.16 BMI 

-0.20 BMI 
 

6-15 yr-old: -0.16 BMI 
16 yrs+: -0.08 BMI 

 
Front-Of-Package food Labelling (FOPL) consists of implementing a mandatory scheme of 
interpretative FOP labels, such as the Nutri-score. The model assumes this intervention 
reduces the consumption of daily calorie intake by 1.03%15. This effect is assumed to be a 
lower bound as it includes the effects of different FOP labels. The share of population exposed 
will gradually increase up to a maximum of 70%, as not everyone is likely to read and make 
use of the label to change their behaviour.  
 
Finally, the Physical Activity (PA) intervention consists of school-based interventions to 
increase physical activity in primary and lower secondary schools: This entails more physical 
education lessons and promoting physically active school breaks. It is assumed that this 
intervention reduces BMI by 0.16 BMI up to age 1516, when effectiveness decreases by 50% 
(e.g., -0.08 BMI) and then it stays at this level for the rest of life. It is assumed that 90% of 
children in public schools could be affected by the intervention. 
 
To compare the effectiveness of these interventions, we calibrated the model to France, and 
simulated each, in isolation, to assess their impact on diabetes and obesity prevalence rates 
against a baseline scenario between in 2050.  
 
We find that all three interventions reduce both diabetes and obesity prevalence by 2050, 
compared to the baseline scenario (Figure 4). Physical activity reduces diabetes by 0.02% and 
0.26%, respectively. Marketing regulation, by 1.18% and 3.04%, respectively; while, the FOP 
labelling intervention reduces diabetes by 2.36% but obesity by 5.37%. This is equivalent to a 
reduction of around 830 thousand cases of obesity by 2050. 
 



STOP Final Conference – November 2022 

 6 

 
Figure 4. Percentage change in disease prevalence and obesity rates due to interventions 
targeting childhood obesity in France by 2050. 
 
The outputs of the model provide a coherent message to policymakers on the best strategies 
to implement in a given setting. It is hoped this work will have a significant impact on future 
policies. However, significant barriers still remain before modelled outputs become routinely 
accepted evidence. 
 
Microsimulation for Income and Child Health (MICH)  
Elsewhere in STOP, ISGlobal and colleagues at the University of Turin, developed the 
Microsimulation for Income and Child Health (MICH) model for evaluating the effects of 
alternative fiscal policies on childhood overweight and obesity in European countries, starting 
with Italy17.  
 
Differing from Health-GPS, this work built upon the EUROMOD model, developed by the 
University of Essex18, together with cohort data and a microsimulation module to forecast the 
effects on child health outcomes, to create MICH to estimate the effect of interventions on 
subpopulations, their effectiveness, and their cost (Figure 5). 
 

 
Figure 5. Structure of the MICH model17 
 

-6.00%

-4.00%

-2.00%

0.00%
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Percentage difference in prevalence in 2050 

Marketing Regulation FOP labelling Physical activity
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The model compared the impact of four different fiscal policies on prevalence ratios of 
children with obesity at three time points in the future. The three fiscal scenarios: basic 
income, poverty reduction, new-borns benefit, and child benefit were compared against a 
baseline (status-quo). The model also estimated the costs of each intervention.  
 
Initial results demonstrated the potential effectiveness of fiscal policies designed to reduce 
poverty in decreasing childhood obesity, in a high-income setting, such as Italy. Further work 
is ongoing to evaluate the effectiveness of these scenarios across different European settings. 
 
Quasi-Experimental Methods (QEM) 
One ever present challenge in estimating the potential impact of policies in real-world settings 
is defining the effect of the intervention with all else being equal. Randomized Controlled 
Trials (RCTs) are not always feasible and natural experiments are likely to have many 
confounders and biases. One possible solution being investigated as part of the Healthy Diet 
for a Healthy Life and PEN JPIs is the use of Quasi-Experimental Methods (QEM) for estimating 
the impact of policies on observational data19. QEMs are often used in other areas of social 
science, but their application in determining the causal pathways of policies targeting health 
outcomes is under-used.  
 
A recent paper, under review at the European Journal of Public Health, considered the 
potential for QEMs to be utilised in estimating short-term policy impacts using observational 
data20. Examples of QEMs reviewed included Instrumental Variable models, Difference-in-
Difference and Regression Discontinuity Designs, which all allow for the control of unobserved 
variables under specific assumptions. These methods can be applied to natural experiments 
to elicit the casual effect of policies, in ways in which natural experiments, on their own, are 
not able to. 
 
The paper also made the case that, in certain conditions, QEMs may be even more valuable 
than RCTs since they are not impacted by the biases of controlled experiments. The paper 
proposes that while QEMs can robustly evaluate the effectiveness of policies implemented in 
the past, their results can be used alongside, and form inputs into microsimulation models, 
producing effectiveness estimations into the future (Figure 6). 

 
Figure 6. Exemplary policy evaluation and evidence cycle in the evaluation of a 
hypothetical tax on SSBs19 



STOP Final Conference – November 2022 

 8 

 
The future value of models in policy decision making 
While infectious disease policies have been informed by models for many years, policies on 
non-communicable diseases are not. Yet, if the number of microsimulation-based models 
describing non-communicable diseases continues to proliferate, it is important the challenges 
when using these models for decision making are assessed, and strategies developed to 
overcome them. 
 
Microsimulations, when calibrated to a specific setting, may be able to accurately estimate 
the impact of a real-world intervention at a population-level while quantifying the cost of 
implementation. But their complexity often means no two are likely to simulate the same 
intervention and produce the same result. Is the added value of models reconciling complex 
data offset by their lack of transparency? Should model comparison exercises be undertaken 
to increase the credibility of outputs? Do these models rely on a timeframe too long to 
accurately test their validity? Or are modellers not effectively communicating the methods 
behind models and providing sufficient tools to policy makers to enable them to trust in their 
results? 
 
There are proposals to develop user-friendly dashboards enabling end-users to explore 
parameter spaces and test hypotheses using simplified versions of models online. The 
potential users of these accessible models could expand to members of the public, who may 
wish to quantify their individual risk exposure to a particular disease. Should models be more 
open about what they do, or should they largely remain a black box? Who should models be 
serving, policy makers or wider society? How can uncertainty be conveyed without 
compromising credibility? 
 
To answer these questions, I would like to open a discussion on the future use of models 
for policy decision making in the context of non-communicable diseases. 
 
Further discussion points: 

• What types of questions should we be aiming to answer with models? 

• To what extent should model results be compared / agree with one another? 

• How should model results be interpreted alongside other types of evidence? 

• What are the barriers preventing models being more routinely incorporated into the 
policy decision process? 
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