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Abstract

The United Kingdom is seeing a substantial rise in incidences of non-communicable disease

including asthma and anxiety disorders. Implementing policy to counteract these conditions

is crucial, but many policies implemented during the coronavirus and energy crises in the UK

have been unable to help those most in need of assistance due to limited evidence.

One approach to evidence the e�ect of policy on public health is utilising the Complex Systems

Modelling methodology. A candidate policy is parameterised as a causal loop diagram that

is then emulated using individual-level modelling providing tools for policy makers to gener-

ate evidence identifying subgroups and sub-geographies of the population that may have been

overlooked allowing for personalised, equitable, and e�cient policy.

This thesis has developed the Microsimulation for Interrogation of Social Science Systems (MI-

NOS) dynamic microsimulation model to estimate causal pathways between household income

and health. Several policies are implemented to address child and energy poverty in the UK

measuring health outcomes using tangible SF-12 scores, Quality Adjusted Life Years, and In-

cremental Cost-E�ectiveness Ratios. Evidence to increase the Scottish Child Payment policy

has been submitted to the Scottish Government suggesting increasing the payment will be cost-

e�ective for mental health. Application of the existing Energy Price Cap Guarantee and novel

Great British Insulation scheme policies to address energy poverty showed that while both poli-

cies are expensive if insulation was retroactively �tted in 2020 it would be cost-e�ective by as

early as 2024.

These �ndings have strong implications for future government strategy to reduce household

energy bills, reach net zero targets and improve mental well-being. Ultimately, the open source

and 
exible MINOS model framework has shown success estimating public health response to

real government policies and could be expanded to further more complex scenarios reducing

incidence of non-communicable disease and government costs.
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Chapter 1: Introduction

1.1 Background

Life expectancy in the United Kingdom is stagnating for the �rst time in over 180 years (Raleigh,

2021; Broadbent et al., 2023) largely due to increasing incidence of non-communicable diseases

(NCDs) including asthma (National Health Service (NHS) Confederation, 2022) and anxiety

(Appleyard et al., 2023). A series of socioeconomic crises including austerity, the coronavirus

pandemic, and rising fossil fuel prices (triggered by war in Ukraine) have reduced UK household

spending power by 7:1% in 2022� 2024 (O�ce for Budget Responsibility, 2024). This is the

largest biennial decrease since records began in 1956, resulting in a rise in households being

driven into poverty and unable to a�ord essential amenities including heating and good quality

food (Broadbent et al., 2023). Houses that cannot a�ord heating quickly deteriorate, resulting

in mold and damp causing respiratory issues including asthma and COPD (National Health

Service (NHS) Confederation, 2022). Individuals who cannot a�ord household bills are seeing

sharp increases in incidence of anxiety disorders from �nancial stress as they struggle to pay

back short term loans (Appleyard et al., 2023) and face social stigma (Purdam et al., 2016)

from using welfare resources such as food banks.

The underlying causes of NCDs are highly complex with a broad range of determinants including

socioeconomic background, environmental factors, individual and regional social behaviour,

and external geopolitics (Greszczuk, 2019; Meier et al., 2019). Individual households have

highly heterogeneous needs and their response to socioeconomic crises can vary substantially

(Peersman and Wauters, 2024). For example, as fossil fuel prices increase, some households have

seen disproportionate increases (such as those in rural areas and ethnic minorities) resulting in

substantially increased energy bills (UK Fuel Poverty Monitor, 2022). Another group that have

been hit �nancially hard are workers in speci�c sectors such as tourism and entertainment

who were made redundant nearly overnight during the Covid Pandemic and are still feeling

the impacts of this (Kopasker et al., 2024). Incidences of NCDs can vary substantially across

subsections of a population including low income households and rural areas. Addressing NCDs

requires consideration of all possible in
uencing factors on health and application of 
exible,

equitable healthcare according to individual needs (Cairney, 2021; Meier et al., 2019).

Policy Analysis is de�ned as 'client-orientated advice relevant to public decision and informed

by social values' (Weimer and Vining, 2017). When new issues emerge within a population,
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policy analysis identi�es potential actions a government body may take in order to enact positive

change (Weimer and Vining, 2017). Candidate policies are optimised with respect to equity,

�nancial cost, and political feasibility in order to advise best course of action for policy makers

(Weimer and Vining, 2017). Ideally, policy analysis is 'evidence-based' (Cairney and Oliver,

2017; Cairney et al., 2021) such that a diverse consensus of empirical evidence, expert opinion,

and more recently statistical and computational modelling (Greszczuk, 2019; Meier et al., 2019)

are utilised to inform decision making by exhaustively exploring all possible determinants of

change. The intention is to increase synergy within policy design by considering all available

policy scenarios as well as estimating potential policy consequences within vulnerable individuals

and outcomes across seemingly unrelated government sectors (Meier et al., 2019; Greszczuk,

2019). In the health economics literature this is commonly referred to as a 'Health in All

Policies' approach (Broadbent et al., 2023; Cairney et al., 2021; Greszczuk, 2019) such that all

government policy across all sectors must now be considerate of the determinants of NCDs to

preserve public health.

Practically, evidence-based policy has proven di�cult to implement at di�erent levels of gov-

ernment in the United Kingdom (Cairney and Oliver, 2017; Cairney, 2021; Scott and Gong,

2021). Government bodies work in silos solving their own internal issues while ignoring other

sectors and external advice producing disjointed, black-box, and confusing policy that can vary

substantially by departments and spatial areas (Ham, 2021; Cairney, 2019). Many developing

health crises are completely unprecedented and have no empirical evidence available to advise

policy requiring over-reliance on simulated evidence with potential strong underlying mathe-

matical assumptions (Pawson, 2021; Saltelli and Giampietro, 2017; Cairney, 2021). Evidence

is also not the only in
uence on policy making as Governments may simply outright ignore

evidence if it does not align with party political values, long term plans, or public opinion

(Cairney, 2016). These issues are perfectly encapsulated by the UK policy response to the coro-

navirus pandemic. Lockdown policy was, necessarily, primarily focused on disease transmission

rates and did not consider health rami�cations due to �nancial stress from mass unemployment

particularly within the entertainment and tourism industries (Collard et al., 2021; Hancock and

Tyler, 2024). Policy varied substantially by Local Authority area with some regions locked

down and others not. This resulted in major confusion particularly for individuals living near

'unfair' (Cairney et al., 2021; Cushion et al., 2020) regional borders who often outright ignored

Government guidelines and su�ered di�erent employment and other economic outcomes (Col-

lard et al., 2021). Initial lockdown measures were based almost entirely on forecasts from the

now infamous 'Ferguson Imperial Model' (Ham, 2021; Magness, 2021) based on 10 year old pro-

prietary code that could not be reviewed. This model has since received criticism due to a poor

theoretical background and model assumptions that grossly overestimated excess mortality and

transmission rates (Ham, 2021). The UK Government implemented deeply unpopular 'draco-

nian' lockdown measures (Ioannidis et al., 2022), based almost entirely on these exaggerated

�gures. This had the e�ect of drastically reducing public trust in forecasting models(Ioannidis

et al., 2022).
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One suggestion to facilitate trust in simulated evidence for policy analysis is ensuring that mod-

elling e�orts adhere to four 'ATOMIC' principles (Wasserstein et al., 2019). Accepting model

uncertainty requires considering all potential sources of error in model inputs, clear statement of

underlying model assumptions and potential caveats, and reliance on probability distributions

rather than point estimates (Ioannidis et al., 2022). Being modest and clear with where a model

could deviate from the truth tempers expectation for what policies can be assessed and allows

for governments to carefully consider the feasibility of model forecasts as part of a larger suite of

predictive tools (Cairney, 2021). Thoughtful research is considerate of previous literature and

potential model users. Ideally model results are quanti�able as simple interpretable (Tomova

et al., 2022) stories explaining the systems of change behind a policy (Cairney, 2021) that can

be understood by non-technical audiences. Open research facilitates this requiring transparency

such that all theoretical background, model assumptions, and software are clearly available in

long term repositories to facilitate critical review and reproducibility (O'Donoghue and Dekkers,

2018; Wasserstein et al., 2019).

Complex systems methodology (Meier et al., 2019; Haraldsson, 2004) is one approach to gen-

erate ATOMIC evidence for policy analysis. Consultation with literature, community panels,

government bodies, and academic experts explores available candidate policy to address NCDs

in an iterative process (Meier et al., 2019). For each candidate policy causal systems maps

(Barbrook-Johnson and Penn, 2022; Haraldsson, 2004) are constructed using the same iterative

process in order to identify which characteristics of a population and individual households

would change under this policy. These causal systems maps must then be operationalised using

individual-level models (H•ohn et al., 2023) that estimate each individual entity from a popu-

lation, whether a person or household, separately. These models estimate the future state of

the population under a candidate policy providing evidence for how the population changes

over desirable health outcomes (Andreassen et al., 2020). A population can be analysed both

at national aggregates and exploring smaller sub-populations and sub-geographies of interest

allowing for optimisation of precise policy that can cost-e�ectively �ght NCDs while preserv-

ing overall public health (Spielauer et al., 2020; Burgard et al., 2021). Policy evidence can be

simulated quickly providing governments with evidence to response to urgent crises that can

explore a wide range of potentially extreme policy on a national scale that is not possible with

traditional randomised controlled trials and natural experiments (Smith et al., 2021).

Dynamic microsimulation is the most commonly chosen individual-level modelling technique

used to simulate policy evidence (Spielauer et al., 2020; Burgard et al., 2021). A population

of individual units such as households is constructed from empirical administrative data and

projected forwards in time under intervention using transition dynamics models. Dynamic

microsimulation is considered to be more robust than similar techniques such as agent-based

modelling due to use of empirical data rather than a 'bottom up' theoretical approach (Arnold

et al., 2019) used to better estimate social behaviour. Output data is typically produced in

'cross sections' demonstrating the state of the entire population simultaneously at a given point

in time which is particularly useful to policy makers (Andreassen et al., 2020) interested in
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annual budgets.

Dynamic microsimulation has previously been used for application over economic policy such

as in the Department of Work and Pensions (Li and O'Donoghue, 2013) to estimate pension

contribution and aggregate economic measures such as GDP (Li and O'Donoghue, 2013). In-

creasingly synthetic evidence is also being used in health scenarios particularly in hospitals in

order to test treatment e�cacy, long term health outcomes, and resource allocation optimisa-

tion (Rutter et al., 2011). Application to health economics is a recently new application due to

new available data and the health in all policies approach that is now trying to provide simu-

lated evidence for the e�ect of policy to prevent NCDs (Cairney et al., 2021; Katikireddi et al.,

2022; Broadbent et al., 2023; Kopasker et al., 2024). These policies typically intervene either on

household income or household quality itself. Policy a�ecting household income are very diverse

either directly providing households further income through schemes such as universal basic in-

come (Eichhorst et al., 2010) or indirectly saving households money such as by reducing their

energy bills (UK Fuel Poverty Monitor, 2022). Similarly housing support policy either directly

improves individual living conditions through measures such as insulation retro�tting (Regan,

n.d.) or indirectly by improving local amenities and employment opportunities (Pemberton and

Humphris, 2016; Eichhorst et al., 2010).

1.2 Research Gaps

Dynamic microsimulation models are being developed by a number of research groups to gen-

erate synthetic evidence for the change in public health e�ect for income and housing support

policy (Kopasker et al., 2024; Katikireddi et al., 2022; Meier et al., 2019; Archer et al., 2021;

van de Ven et al., 2022). The main objective of this research is to formalise the implementa-

tion of causal systems modelling in policy analysis as a full life-cycle from initial public issues

to development of causal loop diagrams and microsimulation to �nally in
uence government

decisions and improve public health. This thesis contributes towards the development of such

a model for the Systems Science in Public Health and Health Economics Research (SIPHER)

consortium (Meier et al., 2019) aiming to address three gaps in research.

1.2.1 Literature on the Best Practice of Transition Dynamics Development

for Dynamic Microsimulation

Recent reviews of the state of the art for dynamic microsimulation have highlighted limited

application of microsimulation to new areas of research as development methodology is tacitly

hidden in out of print or proprietary research (O'Donoghue and Dekkers, 2018). Increasing

accessibility of microsimulation to new model users requires standardisation of methodologies

using tutorial literature providing guidelines on development best practice outlining common

mistakes to avoid and improving model prediction quality (O'Donoghue and Dekkers, 2018).

Tutorial papers are being released covering a areas of microsimulation development methodol-

ogy including development of spatial input populations (Lomax and Norman, 2016; Lovelace,
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2014), population weighting (Dekkers and Cumpston, 2012), missing data imputation (Frick and

Grabka*, 2005; Kum, 2010), application in speci�c programming languages (Krijkamp et al.,

2018), alignment methods (Li and O'Donoghue, 2013), and outcome visualisation methods (Sa-

lonen et al., 2019). There is currently limited literature available on the methodologies for the

best practice of the development of transition probability models for dynamic microsimulation.

Providing research on common methods to improve transition probability models including bet-

ter presentation (Lomax and Norman, 2016; Charlton and Sana, 2023; Salonen et al., 2019),

uncertainty quanti�cation using sensitivity analysis (Rutter et al., 2011; Petrik et al., 2020;

Sharif et al., 2012; Burgard et al., 2019), and methods incorporating individual heterogeneity

(Richiardi et al., 2014; Burgard et al., 2019) allowing for better longitudinal prediction are all

common but not presently collated in one place. Demonstrating best practice using example

transition models facilitates the implementation of ATOMIC practice in both general microsim-

ulation and policy analysis research. This knowledge contributes to the remainder of the thesis

and construction of full dynamic microsimulation models.

1.2.2 Application of Dynamic Microsimulation to Income and Housing Sup-

port Policy Within the United Kingdom.

Income support policies are one proposed family of policies designed to alleviate the e�ects of

NCDs by protecting household disposable income (Kopasker et al., 2024). These policies can

either directly intervene upon household income by providing additional funds or indirectly

save a household money by providing them with resources including free bus passes, bene�t

schemes, or higher quality employment opportunities (Harrison et al., 2022; Meier et al., 2019).

Housing support policy is a further subcategory of indirect income support policy (Regan, n.d.)

providing household improvements including insulation and electrical heating system subsidies.

Households equipped with these measures spend less on household energy bills (Regan, n.d.)

and have 'freed' up income to spend elsewhere as required.

Both income (Jensen and Blundell, 2024) and housing (UK Fuel Poverty Monitor, 2022; Re-

gan, n.d.) support policies have faced criticism as they are often expensive and have limited

evidence of their cost-e�ectiveness. Subsidy schemes often require additional private capital

to be completely funded, the general public is reluctant to provide this without clear evidence

(Regan, n.d.). Interestingly recent surveys suggest many members of the general public are

more interested in long term bene�ts of support policies rather than immediate changes in

household bills (Regan, n.d.). Combined with a health in all policies approach this suggests a

need for evidencing the health e�ects of these income and housing support policies to support

their adoption.

While dynamic microsimulation has large historical applications in both income and health

policy (Li and O'Donoghue, 2013; Rutter et al., 2011) scenarios, there is limited literature

available estimating health outcomes for these policies (Kopasker et al., 2024). Several research

groups (Meier et al., 2019; Katikireddi et al., 2022; Kopasker et al., 2024; van de Ven et al.,

2022) are proposing construction of dynamic microsimulation models emphasising the potential
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health bene�ts and application to future policy. This is particularly important as income and

housing support measures become more commonplace. This thesis contributes to research from

the Systems Science in Public Health and Health Economics Research (SIPHER) consortium

(Meier et al., 2019) aiming to construct such a dynamic microsimulation estimating the e�ect

on mental and physical health of income and housing support policies in She�eld, Greater

Manchester and Scotland. Externally this model can be used beyond this thesis to explore

new policies and to corroborate with other simulation of health policy using other modelling

methods such as static microsimulation.

1.2.3 Evidence comparing the Cost-E�ectiveness and Equity of Potential

Income and Housing Support Policies.

UK governments are struggling to identify households who are most in need of income (Child

Poverty Action Group, 2024) and housing support (Regan, n.d.). Ideally support can be targeted

equitably across households who need assistance in order to ensure a 'minimum' public health

(Hjelmskog, 2022). Most policies are instead applied uniformly to broad subgroups of individuals

according to national-level statistics. One example is the Energy Price Cap Guarantee (EPCG)

(UK Fuel Poverty Monitor, 2022) which provided households with income to cover their energy

bills according to overall energy consumption. Overall energy consumption is a poor measure

of overall energy poverty and many households including ethnic minorities and those in rural

areas were not given enough support to fund required energy consumption (UK Fuel Poverty

Monitor, 2022). Not meeting individual household demands causes large inequalities in health

outcomes and rates of NCDs (Purdam et al., 2016). This can also been seen for income support

policies such as the Scottish Child Payment as the Scottish Government continues to explore

which subgroups of the population such as single mothers receive the most bene�t from this

intervention or could see further uptake (Statham et al., 2022). There is a desire to �ne tune this

policy ensuring uptake and potentially providing more income to these vulnerable households

as required.

Another issue with these support policies is cost e�ectiveness. The EPCG policy discussed

above is by far the most expensive income support policy ever implemented in the UK but is

considered to be largely ine�ective (UK Fuel Poverty Monitor, 2022). Evidence is sorely needed

comparing the cost-e�ectiveness of competing policies to improve NCDs in the UK estimating

overall intervention cost and applying health economics measures allowing for direct comparison

(Chen et al., 2023).

Dynamic microsimulation for these policies may provide evidence required to explore both cost-

e�ectiveness and application of dynamic equitable policy. Individual households and extreme

distribution values can be highlighted and examined to determine what further measures are

needed. Household intervention costs can be easily scaled up to the national-level to provide

cost-e�ectiveness evidence and overall provide more optimised NCD policy in the future.

21



1.3. Thesis Research Questions Chapter 1. Introduction

1.3 Thesis Research Questions

In order to address these gaps in literature the primary aim of this thesis is the development

of a dynamic microsimulation model emulating causal pathways between income and health to

robustly evidence and optimise the e�ect of income and housing support policy in the United

Kingdom at individual and neighbourhood levels.

To achieve this aim, this thesis will address three key objectives formulated as research questions:

Can I contribute to literature codifying state of the art best practice for developing

transition probability models in dynamic microsimulation?

Addressing this question requires an in depth literature review on best practice of dynamic

microsimulation transition probability models exploring common pitfalls, methods to address

these issues, and potential future innovations. Collecting these methods together contributes

to best practice literature increasing accessibility to new users by having information in one

place increasing the impact of dynamic microsimulation while also facilitating creation of re-

producible, robust simulated policy evidence. This review is supplemented with a case study

example developing transition probability models for use in income support policy microsim-

ulation models. Tangible application of transition probability best practice further improves

accessibility and supplements personal background knowledge required for the development of

full dynamic microsimulation models throughout the remainder of this thesis.

How can dynamic microsimulation be used to operationalise causal loop diagrams

as part of a complex systems modelling framework to generate synthetic evidence

for policy e�ect on change in health outcomes?

As part of SIPHER consortium, the main objective of this thesis is the development of a dynamic

microsimulation model. This model will be utilised as part of a complex systems methodology

framework operationalising causal systems diagrams for income and housing support policy.

This model will be fully open source using publicly available datasets as well as transparent,

online documentation for all model inputs. This model will be intended for use on high perfor-

mance computing systems allowing for large scale policy optimisation considering many possible

policies and model runs. Initial simple household income support policies will be implemented

as a test case that can be expanded upon in further SIPHER work.

How can evidence from dynamic microsimulation be used to compare the cost-

e�ectiveness of competing policies within di�erent priority subgroups and spatial

regions?

Using this dynamic microsimulation framework more elaborate policy scenarios can the be

explored. Given SIPHER interests, available data, and political relevance the remainder of this

project intends to focus on child poverty policy, with energy poverty policy explored later. This

requires expansion of the initial microsimulation to include further energy poverty variables

and transition dynamics. Inclusion of further health measures including physical health and
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Quality Adjusted Life Years (QALYs) as well as intervention cost will allow for more detailed

comparison of policy. Comparison of these policies will then provide a more tangible use case for

application both within the SIPHER group and potentially for wider UK Government bodies.

1.4 Methods and Data Summary

This section summarises the methods and data sources used throughout this thesis.

The Understanding Society (UKHLS) (Fumagalli et al., 2017) dataset is used throughout this

thesis requiring all 21 existing waves of data to construct transition dynamics and estimate a

synthetic population of the UK for use in dynamic microsimulation. From chapter 4 onwards a

number of auxiliary datasets are also used summarised in Table 1.1 including midyear NOMIS

(Rees et al., 2017) fertility and mortality estimates, NEWETHPOP project age, sex, and eth-

nicity demographic forecasts, conversion from council tax bands to monetary amounts paid by

LSOA area, and CPI in
ation historical data and forecasts. Chapter 5 onwards then utilises

the SIPHER synthetic spatial population (H•ohn et al., 2024) attaching spatial information to

UKHLS data as well as several O�ce for National Statistics geoportal datasets assigning spatial

information by LSOA area including map boundaries (O�ce for National Statistics, 2024), rural

urban classi�ers (Gale et al., 2016), index of multiple deprivation (Payne and Abel, 2012), and

SIPHER inclusive economies indicators (Lupton et al., 2023).

Chapters 2 and 3 review and apply methods for ensuring interpretability and goodness of �t

in transition dynamics. causal systems maps and application based on available data. Initially

ordinary linear regression modelling (Harrell et al., 2001) to estimate SF-12 MCS state. Mul-

tiple Imputation Chained Equations (MICE) algorithm (Sterne et al., 2009; Krijkamp et al.,

2018) is used to impute missing observations and variables not recorded in every wave such

as loneliness. Several methods are used to quantify uncertainty in model inputs (Sharif et al.,

2012). These include variable selection techniques such as shrinkage methods (Tibshirani, 1996)

to test sensitivity of model structure. Ensemble cross validation is used to estimate uncertainty

in sample data and generalised linear mixed modelling is used to incorporate individual long

term well-being states using random intercepts scores (Breslow and Clayton, 1993).

Chapter 4 applies these transition dynamics methods to construction of a full dynamic microsim-

ulation for estimation of health economics outcomes for income support policy(Katikireddi et al.,

2022; Kopasker et al., 2024; van de Ven et al., 2022). The Scottish Child Payment (Statham

et al., 2022), Living Wage foundation 'real living wage' (Cominetti and Murphy, 2022), and

the energy price cap guarantee (UK Fuel Poverty Monitor, 2022) policy scenarios are all im-

plemented demonstrating expected mental well-being improvement as households receive more

disposable income. A modular discrete-time dynamic microsimulation framework 'vivarium'

(Institute for Health Metrics and Evaluation, University of Washington, Seattle, USA, 2023) is

used to developed the model (Spielauer et al., 2020; Burgard et al., 2021). Replenishing popula-

tion methodology (Archer et al., 2021) and cell based reweighting (Tysinger, 2021) are used for

population demographics alignment over time. Treatment on the treated visualisation methods
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(Archer et al., 2021) are used to identify how policy e�ects the health of di�erent population

subgroups.

Chapters 5 and 6 further apply this dynamic microsimulation model to compare the health

e�ects of two housing support policies. The microsimulation employs a larger set of transition

dynamics models including energy poverty pathways and utilises the SIPHER synthetic input

population (H•ohn et al., 2024) generated using the simulated annealing algorithm. This pro-

vides a full scale spatially representative population for the Greater Manchester area. Further

health outcomes are also applied using physical health score (Lawrence and Fleishman, 2004),

quality adjusted life years (QALYs) (Lawrence and Fleishman, 2004), and �nally increment cost

e�ectiveness ratios (ICERs) (Gafni and Birch, 2006) to further examine policy cost-e�ectiveness

of two mutually exclusive policies. The EPCG is used again as well as the Great British In-

sulation Scheme (GBIS/ECO4) (Regan, n.d.) emulating how household characteristics would

change under these policies.

1.5 Thesis Structure

This thesis is comprised of 8 individual chapters. Chapters 2 to 5 are analogous to 4 submitted

research articles under review or in preparation (as of September 2024) in the International

Journal of Microsimulation, the Journal of Arti�cial Societies and Social Simulation, and a

Nature Energy Justice Special Collection. Each chapter is supplemented with brief connecting

material summarising �ndings and establishing a single narrative between subsequent chapters

as part of the wider thesis. Chapter 1 contains introductory material as well as an overview

of the data and methods used for the remainder of the thesis. Chapter 7 provides discussion

reviewing research objectives and key �ndings concluding with project limitations and potential

future work and applications.

Chapters 2 and 3 address the �rst thesis objective by providing a literature review of the best

practice for application of transition probability dynamics for dynamic microsimulation. Several

areas where transition models can be improved are discussed in detail highlighting why they

can result in poor prediction of behaviour as well as common methods used and potential future

innovation. This literature review is complemented with a case study example estimating tran-

sition dynamics for mental well-being state using Short Form 12 Mental Component Score using

UKHLS data. Applying discussed methods to improve transition model �t shows a signi�cant

improvement in prediction quality as well as more interpretable model that consider missing

data and uncertainty.

Chapter 4 addresses the second thesis objective by constructing a dynamic microsimulation

model MINOS estimating change in mental well-being score under several diverse income sup-

port policies. This chapter explains how public administrative data and SIPHER causal systems

maps have been developed into a full dynamic microsimulation providing extensive technical

appendices describe how the model operates as well as complete transition model formulae and

coe�cients. The Scottish Child Payment, Living Wage foundation 'real living wage', and the
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Data source Chapter(s)
Data cleaning/
Description

Understanding Society Data 2-6 Administrative data contain-
ing yearly waves of individual
household surveys

NEWETHPOP Projections 2-6 Projections of UK fertility
and mortality strati�ed by
age, sex, and ethnicity up to
2061

Council Tax Bands 4-6 Data converting council tax
band letters A; B; C; : : :
into continuous intervals
e.g [£1200;£1400] by Local
Authority.

Quarterly In
ation CPI 4-6 Historical data and forecasts
for quarterly Consumer Price
Index (CPI) in
ation from
the O�ce for National Statis-
tics (ONS) and Budget Re-
sponsibility (OBR) respec-
tively.

GB GeoJSON Map Tiles 5-6 Geojson map tiles for Great
Britain from the ONS geo-
portal.

SIPHER Synthetic Popula-
tion for Individuals in Great
Britain, 2019-2021

5-6 A synthetic full scale,
spatially representative pop-
ulation of Great Britain from
the SIPHER consortium
(H•ohn et al., 2024).

Quarterly Wholesale Fossil
Fuel Prices

5-6 Quarterly wholesale fossil
fuel price histories for gas,
electricity, liquid, and solid
fuels from the ONS.

Table 1.1: Data sources used within the thesis and corresponding chapters.

energy price cap guarantee policy scenarios are all implemented demonstrating expected mental

well-being improvement as households receive more disposable income.

Chapters 5 and 6 address the third thesis objective by comparing two housing support policies to

reduce household energy bills from 2020 onwards. The initial MINOS model is expanded to in-

clude further energy poverty pathways, a synthetic input population, and new cost-e�ectiveness

measures of public health. The Energy Price Cap Guarantee and Great British Insulation

Scheme policies are directly compared exploring their overall cost-e�ectiveness as well as by

subgroups including income quintiles and across spatial regions. Results suggests insulation

schemes have very large initial capital required but are more cost e�ective than capping en-

ergy prices. This has strong implications for future UK government strategy adjusting housing

quality to reach net zero targets and improve public health.
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Chapter 1:
Introduction

Chapter 2: Towards the Accessibility of Transition
Probability Development for Dynamic Microsimulation:

A review of the current literature

Chapter 3: An Example Case Study on the Application
of Transition Dynamics for Discrete Time Dynamic

Microsimulation

Chapter 4: Estimating the E�ects of Income Support
Policies on the Mental Well-Being of the UK Population

Using a Microsimulation Model

Chapter 5: Evaluating the impact of Household Energy
Policy on adult mental and physical health in the United

Kingdom

Chapter 6: Analysis of MINOS Dynamic
Microsimulation Output Data Exploring Energy Poverty

E�cacy Heterogeneity Over Space and Vulnerable
Sub-Populations

Chapter 7:
Discussion &
Conclusions

Introduction
(Chapter 1-2)

Included Papers
(Chapters 3-6)

(Spatial Analysis
Chapter 7)

(Discussion
Chapter 7)

Figure 1.1: A diagram outlining the structure of this thesis submission.
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Chapter 2: Towards the Accessibility of Transition

Probability Development for Dynamic Microsimula-

tion: A Review of the Current Literature

2.1 Abstract

Transition dynamics are a key component of dynamic microsimulation projecting future states

of individual units forwards in time using predictive statistical modelling. Well implemented

transition probabilities are critical for accurate estimation of individual behaviour and pro-

ducing accurate, trustworthy microsimulation results that can be used to inform real decision

making. In an e�ort to increase the accessibility of dynamic microsimulation to new users and

�elds of research review of the state of the art has proposed codi�cation of tacit microsimulation

methodological knowledge that is largely hidden in proprietary or out of print texts. Several lit-

erature reviews covering the complete microsimulation development cycle and speci�c methods

including alignment and synthetic population generation have been published outlining typical

methods used, common issues and pitfalls, speculation on future innovation, and overall guid-

ance on best practice. This article addresses a gap in literature providing a methodological

review for transition probability model development in dynamic microsimulation. Common

features of transition probability models are described as well as �ve key areas in which pre-

diction robustness and accuracy can be improved. A �nal brief overview is provided of these

key issues as well as a series of questions that should be addressed in development to prevent

misspeci�cation and ensure goodness of �t when projecting out of sample forward in time and

under counterfactual scenarios.

2.2 Introduction

Dynamic microsimulation (Spielauer et al., 2020; Burgard et al., 2020; Dekkers, 2015) is a

modelling technique often used to estimate the e�ect of hypothetical 'what-if ' scenarios on a

population. Initially microsimulation was developed to estimate the e�ect of socioeconomic pol-

icy on income and demographic states in the USA where macro-level models were insu�cient

to capture individual long-term histories (Orcutt, 1961; Li and O'Donoghue, 2013; Zaidi and

Rake, 2001). With advances in data availability and computing power, dynamic microsimula-

tion is increasingly being applied to new areas of research including the COVID-19 pandemic
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(O'Donoghue et al., 2021) and recent cost of living crises (Broadbent et al., 2023).

Dynamic microsimulation models feature two key components: a synthetic input population;

and transition probability mechanics. An input dataset of individual entities such as house-

holds, people, or businesses is generated from survey data to be statistically representative of

some population of interest (Lovelace and Dumont, 2017; Burgard et al., 2021; Lomax and

Smith, 2017b). Transition probabilities govern how individuals evolve between states as they

are projected forward in time within a dynamic microsimulation (Burgard et al., 2021). Each

individual randomly draws their next state from a transition probability distribution condi-

tional on current attributes (Burgard et al., 2021). Examples of these transitions are from alive

to dead, calculating new household income, or a change in mental health state. Construction

of these transition probabilities is highly 
exible such that any methodology that produces a

probability distribution of next state can be applied, ranging from empirical counts to complex

multi-modular systems (Li and O'Donoghue, 2013; Spielauer et al., 2020; Skarda et al., 2021).

Transitions can capture complex non-linear heterogeneous dynamics such as long term spatio-

temporal histories and interactions between individual units (Richiardi et al., 2014; Burgard

et al., 2021).

Well calibrated transition probabilities are essential to the functionality of dynamic microsim-

ulation. Bias, projected from misspeci�ed behaviour, result in model output that is di�cult

for users to trust and limits their application (Zaidi and Rake, 2001; Harding, 2007; Burgard

et al., 2021). One major criticism levelled against microsimulation as a whole is that best

practice on development of transition probabilities, and other methodologies, is tacit knowl-

edge hidden in out of print and proprietary research (O'Donoghue and Dekkers, 2018; Burgard

et al., 2020), limiting accessibility of microsimulation to new researchers and application to new

�elds of research. There have been a number of literature reviews for dynamic microsimulation

methodology covering a broad range of topics including the overall state of the art (Spielauer

et al., 2007; Li and O'Donoghue, 2013; O'Donoghue and Dekkers, 2018; Zaidi and Rake, 2001),

application to speci�c areas such as health and income policy (Li and O'Donoghue, 2013; Rutter

et al., 2011), microsimulation design requirements (Spielauer et al., 2020; Burgard et al., 2020)

and tutorial papers that implement common methodological techniques such as alignment (Li

et al., 2014; Alarid-Escudero et al., 2020) and input population generation (Li and O'Donoghue,

2016; Burgard et al., 2021; M•uller and Axhausen, 2010; Lomax and Smith, 2017a). However, to

the authors knowledge there is no such review for transition probability methods highlighting

common issues and pitfalls, model selection criteria, and overall guidelines on best practice.

This paper aims to �ll this gap by providing a literature review of key issues and best practice

in the development of transition probabilities for dynamic microsimulation. These are divided

into �ve key areas: (1) presentation (where extensive publication/communication of transi-

tion probability methods can be di�cult given potential complexity and space constraints); (2)

missingness (where longitudinal data o�ers speci�c challenges); (3) validation (where microsim-

ulation output is compared against other data to determine sensible and reliable projection);

(4) uncertainty quanti�cation; and (5) heterogeneity (whereby microsimulation models need
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to meet their full potential in estimating behaviour across a population of individuals). For

each area we explore motivation for why these problems must be addressed, popular and novel

methodologies, critique, and discussion of potential future innovation. This review, focused on

transition probabilities, will align with other existing microsimulation methodological reviews

to provide accessible information for new researchers to the �eld and collate tacit knowledge.

To complement this review, A second separate paper has also been provided demonstrating

example application of methods to address the above issues and how they improve �t for a

transition model estimating mental well-being state using linear regression methods.

The structure of this paper is as follows: Section 2.2 de�nes transition probabilities and classi�es

common methods; Sections 2.4 - 2.8 de�nes the above �ve key issues reviewing common methods

and speculating on potential future innovation; and �nally Section 2.9 summarises key points

to address while developing transition probabilities and outlines future work.
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2.3 Background

2.3.1 Dynamic Microsimulation

Dynamic microsimulation (Orcutt, 1961; Li et al., 2014; Burgard et al., 2021) is an individual-

level modelling technique developed to estimate change in longitudinal household income due

to hypothetical pension and general economic policy. A population of individual entities, such

as households or individuals, is created to be statistically identical to some real population and

evolved forwards in time using transition dynamics under varying hypothetical counterfactual

scenarios. Any change in this arti�cial individual population should then approximate real

change that would occur in a population and can be used to advise and optimise decision

making (Li et al., 2014; Rutter et al., 2011).

Estimating household longitudinal behaviour was simply not possible with existing macro-

economic modelling and static population microsimulation models that estimated change in

population proportion of �xed demographic blocks rather than true individual entities (Orcutt,

1961; Li et al., 2014). In the early 1990s, further administrative data and computational power

facilitated the development of initial dynamic microsimulation models across multiple countries

such as the United Kingdom estimating pension policy outcomes using the DYNASIM and

PENSIM2 models as well as more general economic and demographic models such as SAGE

(O'Donoghue and Dekkers, 2018; Li et al., 2014).

After the initial success of pension policy dynamic microsimulation has facilitated expansion to

several new areas of research (Rutter et al., 2011). Estimation of health and health economics

policy is frequently utilised to estimate health outcomes of existing non-health policy such

as pension schemes as well as epidemiological research estimating treatment cost-e�ectiveness

and resource allocation (Rutter et al., 2009; Spielauer et al., 2007). Inclusion of non-human

populations such as tra�c management (Odiari and Birkin, 2022) and businesses (Ballas et al.,

2013) facilitates novel application and comparison with similar individual models such as agent-

based modelling (Birkin, 2021). Development of further statistical methods has given rise to

new areas of research including spatial dynamic microsimulation including initial methodological

papers developments and how-to guidance (Lomax and Smith, 2017b; O'Donoghue et al., 2013;

Burgard et al., 2021; Zhou et al., 2022; Tanton et al., 2014) as well as case-study application

(Ballas, Clarke, Dorling, Eyre, Thomas and Rossiter, 2005; Odiari and Birkin, 2022).

Modern dynamic microsimulation modelling has seen limited new areas of application beyond

health and economics outcomes (O'Donoghue and Dekkers, 2018) but methods and technolo-

gies continue to improve. Open source repositories allow for full presentation of microsimulation

model structure and documentation (Richiardi, Bronka, van de Ven, Kopasker and Katikireddi,

2023; Kopasker et al., 2023). Similarly, open source programming frameworks are continuing to

standardise code structure facilitating independent reviews and faster development (De Menten

et al., 2014; Li et al., 2014). Inclusion of synthetic population data allows for detailed estimation

of individual units at small areas and timescales and, merging multiple datasets to include all
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required variables to fully describe the population and e�ect of interventions (Lomax and Smith,

2017b; Burgard and Schmaus, 2019; Davis and Lay-Yee, 2019). Increasingly complex predictive

methods are used to incorporate further information about individual structure including longer

spatio-temporal histories and interactions between proximal units in households or neighbour-

hoods (Richiardi et al., 2014; Burgard et al., 2021). As data availability, prediction methods,

and computing power increases, dynamic microsimulation continues to see further application

in new countries with more limited data resources (O'Donoghue and Dekkers, 2018) as well as

application informing real government decision making in new areas such as mental well-being

in countries with existing microsimulation modelling projects (Skarda et al., 2021). To facilitate

this development, reviews into dynamic microsimulation have highlighted the need increase mod-

elling accessibility by codifying common methods such as alignment (O'Donoghue and Dekkers,

2018). The remainder of this article de�nes transition probability methods used in dynamic

microsimulation including common problems in development and overall recommended- best

practice guidelines.

2.3.2 Transition Probabilities

In dynamic microsimulation an individual entity is represented as some state vectorX t at some

point in time t. This state vector contains all information required to estimate future states and

evaluate model output (Dekkers, 2015). Transition probability mechanics are de�ned as some

function xs = F (x t ) that estimates the state vector for some future times > t (Dekkers, 2015).

The function F consists of a series of transition probability functionsF = ( f 1; : : : ; f n ) that each

independently estimate some subset of the future state. In theory, any predictive methodology

can be used for these functions resulting in a very large pool of available methods (Spielauer

et al., 2020; Dekkers and Van Den Bosch, 2016). These methods can then be further divided

dependent on several key features.

Time Increments

In discrete time microsimulation, prediction of new states occurs at uniform time increments

such as years (Li and O'Donoghue, 2013). The change in individual state may have occurred

at any point over this time period. This allows for estimation of synchronised `cross-sections'

of a population often desirable for estimations of aggregate-level change in areas such as policy

analysis (Andreassen et al., 2020; Li and O'Donoghue, 2013). On the other hand continuous

time microsimulation estimates both the future state and the sojourn time until this state occurs

(Dekkers and Van Den Bosch, 2016; Li and O'Donoghue, 2013). This allows for estimation

of the exact moment a person changes state and is useful in estimating precise longitudinal

life paths common in areas such as health data for disease progression and mental well-being

change due to short term issues such as unemployment (Dekkers and Van Den Bosch, 2016; Li

and O'Donoghue, 2013; Archer et al., 2021). It is often desirable to estimate this short term

behaviour, but it can then be di�cult to produce accurate cross-sections of the whole population

for a given time point(Dekkers and Van Den Bosch, 2016; Zucchelli et al., 2010; Smith et al.,

2021). In general, continuous time transition models are desirable but are often not utilised due
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to strong data requirements and di�cult implementation (Li and O'Donoghue, 2013).

Pseudo-continuous time microsimulation combines discrete and continuous time processes to-

gether (Spielauer et al., 2007). Longitudinal projections of individual behaviour are updated se-

quentially using data assimilation methods incorporating information from discrete time yearly

cohort modelling. These transition models are used particularly in health microsimulation mod-

els (Spielauer et al., 2007; Zaidi and Rake, 2001) to estimate disease progression. For example,

individual progression through a disease such as cancer may be generated for their entire life-

time estimating time points for transition between disease stages and ultimately death. These

disease progression times are then updated yearly cross-section data such as tobacco and alcohol

consumption. If an individual drinks a lot of alcohol their disease progression times would then

move forwards and vice versa. Ideally, pseudo-continuous transition provide the best of both

worlds being able to incorporate short time scale continuous processes only as needed. They

have fewer data requirements that full continuous time models but still have large develop-

ment time and require synchronisation to single points in time if cross-sectional examination is

required (Li and O'Donoghue, 2013).

This review will focus on transition probabilities applied within discrete-time frameworks. They

are the most commonly implemented form of transition probabilities due to simplicity and

data availability. However, much of the discussion in this paper is also applicable to pseudo-

continuous and continuous time transition probability models.

Available Calibration Data

The choice of transition model is largely dependent upon the calibration data that is available.

Original transition probabilities used time-series for a single discrete variable with somek states

(Orcutt, 1961) estimated using multi-state Markov modelling. The probability of transition be-

tween each pair of states is estimated from empirical data and used to inform the behaviour of

all individuals (Williams et al., 2017; Li and O'Donoghue, 2013). Improved transition matrices

stratify transition probabilities by demographic attributes such as age, sex, or ethnicity (Still-

well and Duke-Williams, 2003) introducing heterogeneity in individual behaviour, albeit with

exponentially increased computing time for each variable added and sparsity issues (Leknes and

L�kken, 2021; Stillwell and Duke-Williams, 2003; Lomax and Smith, 2017b). For modern survey

data these rate tables can be di�cult to implement for a large number of predictor variables. In

this case it is common to utilise linear regression techniques, particularly ordinary least square

and logistic regression, to estimate future state conditional on other demographic information

(Burgard et al., 2019; Marois and Aktas, 2021; Zhou et al., 2021). As modern datasets include

long term individual histories, spatial information, and interactions between individual units

such as between households and neighbourhoods further advanced modelling techniques are

implemented to capture detailed individual behaviour (DeYoreo et al., 2022; Richiardi et al.,

2014). Alternatively, there may be no empirical data available at all and behaviour must be

simulated using a `bottom up' approach with behaviour governed by social theory (Arnold et al.,

2019; Klevmarken, 2022). This approach is more commonly utilised in agent-based modelling
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but increasingly available social behaviour data and synthetic populations are increasing util-

isation of agent-based modelling and microsimulation hybrid approaches combining empirical

and theoretical transition modelling together (Birkin, 2021; Arnold et al., 2019; Klevmarken,

2022).

This review will focus on application of modern empirical survey data estimating transition

probabilities using linear regression methods. These methods are most suitable for available

yearly discrete time Understanding Society survey data and see increasing application in mi-

crosimulation literature. Again, methods discussed here extend to simpler transition matrices

as well as more complex systems.

Dependent Variable Type

The choice of transition model is also dependent on response variable type. In the case of

a large body of extant microsimulation literature, binary variables dictate the use of logistic

regression and continuous variables result in the use of ordinary linear regression. However,

while more complex dependent variables such as censored or zero in
ated data are increasingly

present in survey data, there is limited formal application and model assumption testing within

microsimulation frameworks (McLay et al., 2015). Examples of more elaborate transition prob-

abilities for available data and complex response variables are discussed further in Section 2.8.

This study aims to incorporate transition probability models estimating continuous and discrete

outcome variables. Best practice methods are largely identical but can use di�erent algorithms

and visualisation.

Programming Language

Several programming languages are utilised to implemented transition probability models. Nu-

merous microsimulation reviews (O'Donoghue and Dekkers, 2018; Spielauer et al., 2020) have

highlighted the need to use common programming languages to implement microsimulation

to ensure readibility and standardisation of code. R., python, java, and C++ are the most

commonly used languages dependent on user requirements including readibility, computational

speed, accessibility to new programmers, and intergration into larger microsimulation frame-

works such as MODGEN and LIAM2 (O'Donoghue and Dekkers, 2018). This paper will im-

plement all transition probabilities in the R. programming language due to open source well

documented statistical packages that can be implemented in python, C++, and Java microsim-

ulation frameworks.

These criteria describe the primary classi�cations of transition probability models by time,

available data, outcome variable type, and programming language. The remainder of this

paper will discuss methods to improve development of linear regression based discrete time

transition probability models in the R. programming language. While speci�c methods are

used overall discussion on best practice intends to be transferable to other classi�cation of

transition probability models and review of speci�c methods for categories such as continuous

time models are omitted for future work.
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2.4 Presentation

A full account of transition probabilities used in a given microsimulation model can be di�cult

to publish, given they can contain numerous transition probability models, each with back-

ground, formulae, large tables of coe�cients, and diagnostics (Rutter et al., 2011). Technical

documentation is often impractical to publish due to article page constraints (Rutter et al.,

2011), while complex models such as neural networks with very large numbers of coe�cients are

di�cult to interpret, or contain sensitive, proprietary data that cannot be released to the public

(O'Donoghue and Dekkers, 2018; Andreassen et al., 2020). As a result, formal speci�cation of

transition probabilities is often omitted, or they are sourced from other literature producing

`black-box' microsimulations that can be impossible to fully critique or reproduce(Rutter et al.,

2011; Zhou et al., 2022). Things are changing - as public online repositories and journals sup-

plementary material become more widely available, microsimulation literature is increasingly

providing fuller documentation for transition probability models (Zaidi and Rake, 2001). How-

ever, even well documented transition models can still be di�cult to interpret. Increasingly a

middle ground of 'grey-box' interpretable models (Tomova et al., 2022; Spielauer et al., 2020;

Zaidi and Rake, 2001) is being adopted, which provide all required data to reproduce a mi-

crosimulation but with standardised presentation of model design and visualisation to facilitate

critical review and guide users through results.

2.4.1 Planning

The �rst stage of transition probability development is planning. An analysis plan (Harding,

2007) is written beforehand which describes expected model implementation. Transition model

planning is generally integrated into overall microsimulation design. Researchers consider pre-

vious literature evidence, expert opinion, and other sources of information to identify pathways

and variables that inform and predict future behaviour, often producing systems maps for the

whole microsimulation (Skarda et al., 2021; Tikka et al., 2021; Katikireddi et al., 2022; Zhou

et al., 2021). A transition probability is then designed to represent some subsection of this

map. Review of previous literature ensures consideration of user requirements and exploration

of available methods and data (Burgard et al., 2020). Comparison of similar existing models

allows for alignment with other (microsimulation) scenario results allowing for external vali-

dation in meta-analyses (Wasserstein et al., 2019). Predetermined analysis prevent over�tting

and exploratory analysis (Harding, 2007; Wasserstein et al., 2019) providing reproducible mod-

els that are transferable to other contexts with more limited data resources (Allendes et al.,

2021; Harding, 2007).

Assumptions of statistical methodologies used should be clearly stated (McLay et al., 2015) in

order to account for limitations and prevent model misspeci�cation in results, ensuring modesty

in �ndings that tempers user expectations. Any transition methodology will have underlying

mathematical assumptions that are rarely considered (McLay et al., 2015). Diagnostic testing

is increasingly used to justify the use of transition methods to reviewers. These diagnostics are
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highly bespoke depending on methods used with a number of how-to papers arising describ-

ing how to implement testing of assumptions (McLay et al., 2015; Lomax and Norman, 2016;

Burgard et al., 2021). Model structure is also increasingly considered in transition probability

design. Microsimulations are generally modular (Burgard and Schmaus, 2019; Zhou et al., 2021;

Burgard et al., 2020; Harding, 2007) such that related sets of variables transition in independent

groups. The order of these transition modules as well as their inputs and outputs must be con-

sidered (Li and O'Donoghue, 2013). Incorrect order can induce bias due to endogeneity, `cyclical'

transitions that are not Markov and predict themselves using current time information, and tacit

assumptions of the direction of causal e�ect (Scott et al., 2003; Zucchelli et al., 2010). Moreover,

modules typically only transition some small subset of individual attributes sequentially, ignor-

ing intersectionality between variables and transition processes (Harding et al., 2010a; Zaidi

and Rake, 2001). One common example in microsimulation is cohabitation, whereby when an

individual marries they often move into a household with their partner (Zaidi and Rake, 2001).

Interaction between two marriage and migration modules is essential to correctly simulate a

marriage event.

Another planning consideration is the programming language for transition models. A num-

ber of Microsimulations are being developed as well documented, open source frameworks

(O'Donoghue and Dekkers, 2018; Tikka et al., 2021), using widely used programming languages

(O'Donoghue and Dekkers, 2018), often alongside open source visualisation tool-kits (Salonen

et al., 2020; Charlton and Sana, 2023). Many microsimulations are written in common modular

syntax allowing for easier understanding and reuse of transition model code and results from

one project to another (O'Donoghue and Dekkers, 2018; Li and O'Donoghue, 2013). Common

frameworks including LIAM2, MODGEN, M++, and EUROMOD (O'Donoghue and Dekkers,

2018; Spielauer et al., 2020; Broadbent et al., 2023; De Menten et al., 2014) are all now fully

open source allowing for maintenance beyond project funding and have seen desired extended

application (Spielauer et al., 2020) to further projects beyond their initial use. Discussion on

di�erences between these frameworks including computational speed, readibility, user require-

ments, and accessibility to new users (De Menten et al., 2014; Li and O'Donoghue, 2013).

2.4.2 Model Structure

Description of transition probability model structure is increasingly recommended to facilitate

interpretable microsimulation (Burgard et al., 2020; Richiardi, Bronka, van de Ven, Kopasker

and Katikireddi, 2023). For a single transition probability model use of diagrams and model

formulae are usually su�cient but this is not unique to microsimulation (Krijkamp et al., 2018).

For multi-state Markov models, diagrams indicating possible state transitions combined with

transition matrices are enough to interpret how behaviour changes over time (Krijkamp et al.,

2018). Similarly regression methods have simple model structure requiring publication of just

model formulae (McLay et al., 2015; Rutter et al., 2009). More complex transition models

including neural networks (Essien et al., 2019) and MCMC methods (DeYoreo et al., 2022)

require more elaborate model architecture graphs.
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Unique presentation of model structure occurs when presenting multiple transition probability

models as part of a larger dynamic microsimulation (Burgard et al., 2020). Typically a series

of transition probability models are run in a cycle for each discrete time step whose struc-

ture can greatly in
uence microsimulation behaviour (Li and O'Donoghue, 2013). The biggest

consideration is the order in which transition probability models are run in this cycle (Li and

O'Donoghue, 2013; Burgard et al., 2020; Harding et al., 2010a,b). If a microsimulation contains

a mortality module using this module �rst, such that individuals die immediately, can produce

greatly di�erent results if this module is used last and continue to operate within the population.

This is particularly in
uential in discrete time microsimulation (Li and O'Donoghue, 2013). If

an individual dies at the start vs the end of a discrete time interval this can produce di�erent

behaviour economically through pension or employment contribution.

The order of transitions also in
uences which predictor variables and at which time points are

included in prediction of behaviour (Li and O'Donoghue, 2013). Typically microsimulation

models try and implement Markov behaviour such that future time state is only estimated

using current time information (Burgard et al., 2021). In some cases, prediction of future state

may be performed using future time information. For example, the prediction of future mental

well-being may be predicted using future estimates of household income from a transition model

earlier in the microsimulation cycle. Mental well-being is then a latent variable measured as

a function of household income that is controversial (Li and O'Donoghue, 2013) as it ignores

how individuals trajectories between discrete time points but allows for immediate response of

population health to change in income.

This also highlights the importance of interaction between transition probability modules in

microsimulation (Li and O'Donoghue, 2013; Harding et al., 2010b) multiple transition models

may be required to estimate a single variable. A common example is household disposable

income which �rst requires calculation of both household net income and overheads including

rent (Frick et al., 2009). This application of successive models can produce complex behaviour

and logical inconsistencies not seen in individual components (Li and O'Donoghue, 2013; Hard-

ing et al., 2010b). Additionally some microsimulation models are using ensembles of transition

probability models estimate the same subspace of the future state space (Parham and Hughes,

2013). Explanation is needed for how these ensembles interact demonstrating under which

conditions each model best estimates future state.

Strong presentation of this transition probability model cycle is then essential for an inter-

pretable microsimulation (Burgard et al., 2020). Most published microsimulation literature

includes a visual representation of this cycle by grouping transition probability models into

modules that each estimate some related subset of the state space (Li and O'Donoghue, 2013).

The order in which these modules are run is then published in simple directed graphs. There

are many examples of this of varying complexity ranging from simple chains of modules (Zhou

et al., 2022; Burgard and Schmaus, 2019) up to very complex systems (Skarda et al., 2021; Mur-

ray et al., 2017; Broadbent et al., 2023; Katikireddi et al., 2022; Richiardi, Bronka, van de Ven,

Kopasker and Katikireddi, 2023) . These diagrams are often supplemented with protocols (Zhou
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et al., 2022; Burgard and Schmaus, 2019) specifying clear instructions on the order transition

probability models are run. Overall, this improved presentation of structure is popular with

both model developers and users to present complex information in a non-technical way and

increase microsimulation impact. One notable example is application in policy analysis allowing

for easier operationalisation of complex theory of change causal diagrams into microsimulation

that can be understood by policy partners in simple, interpretable stories (Meier et al., 2019).

2.4.3 Visualisation

Full transparent publication of transition probability models including technical documentation,

coe�cients, and model structure is ideal (Rutter et al., 2011) but can be di�cult for model users

to interpret (Spielauer et al., 2020). These 'white box' models are modest and open source

but can be di�cult to understand when identifying drivers of change due to counterfactual

scenarios (Spielauer et al., 2020; Tomova et al., 2022). A 'grey-box' model compromise then

provides transparency as necessary, i.e. partially omitted coe�cients (Essien et al., 2019),

to facilitate interpretable stories in literature and analysis with full technical documentation

available elsewhere. Interpretability can be achieved by either simpli�cation of transition models

albeit with poorer prediction (Spielauer et al., 2020) and with improved visualisation exploring

speci�cally why a population changes (Pintelas et al., 2020; Boumans, 2009).

Visualisation of microsimulation model output is highly bespoke (Zinn et al., 2014) according

to user needs. Common visualisation techniques are used (Zinn et al., 2014) to demonstrate

change in population distributions over time including histograms, bar plots, and boxplots

(Zinn et al., 2014; Richiardi, Bronka, van de Ven, Kopasker and Katikireddi, 2023; Archer

et al., 2021).Further visualisation largely depends on user requirements including mapping for

spatial dynamic microsimulation (Lovelace and Dumont, 2017; Zhou et al., 2022) using real

maps for application in agriculture and tra�c as well as change in longitudinal trajectories in

policy analysis (Richiardi, Bronka, van de Ven, Kopasker and Katikireddi, 2023; Salonen et al.,

2020; Burgard et al., 2021). Visualisation for validation of microsimulation is also improving

with methods such as handover plots, ROC curves (Archer et al., 2021) and bespoke trajectory

analysis toolkits (Salonen et al., 2020; Spielauer et al., 2020; Harding et al., 2010a) becoming

increasingly common. There is still limited standardisation of the visualisation of transition

probability models relative to other components of microsimulation. Output visualisation for

transition probabilities is still highly bespoke and rarely published. Approaches to speed up

visualisation such as standard diagnostic plots and guidance on how to interpret these, as

well as easy online documentation may substantially increase microsimulation impact(Li and

O'Donoghue, 2013; O'Donoghue and Dekkers, 2018).
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2.5 Missingness

Missingness is common in datasets used to calibrate transition probability models in dynamic

microsimulation (Gilbert and Troitzsch, 2005; Mirzaei et al., 2022; Burgard et al., 2020). Obser-

vations may not be recorded for a multitude of reasons including non-response due to absence

or non-applicability, changes in data collection such as questions no longer being asked in a

longitudinal survey, or clerical errors (Frick et al., 2009; Mirzaei et al., 2022). Moreover, critical

variables required for calibration may simply not be recorded in a dataset (Klevmarken, 2022).

Missing data correction is de�ned as the adjustment of a sample population to prevent bias

in model coe�cients by accounting for missing values (Mirzaei et al., 2022). Often complete-

case analysis is used which simply omits all observations with missing values from sample data

(Gilbert and Troitzsch, 2005; Frick et al., 2009). However, complete case analysis assumes that

data are missing unconditionally (missing completely at random) (Mirzaei et al., 2022) which

is a strong mathematical assumption that is di�cult to test and rarely holds in practice (Kum,

2010; Mirzaei et al., 2022). Missingness is often dependent on other variables, such as indi-

viduals dropping out a survey due to severe illness (Mirzaei et al., 2022), and ignoring missing

values distorts the sample population, inducing selection bias in transition models (Kum, 2010).

For observations that are not recorded at all, complete case analysis cannot be used, as there

would be no data left, and transition models must simply omit terms that can again result in

bias due to omitted variables (Skarda et al., 2021). This section reviews missing data correction

techniques employed in microsimulation beyond complete case analysis in order to utilise all

information and reduce bias.

Choice of missing data correction methods depends primarily on the type of variable and miss-

ingness structure (Mirzaei et al., 2022; Frick et al., 2009). Variable type, (e.g. continuous or

discrete data), should be determined beforehand outlining which methods are available (Mirzaei

et al., 2022). Missingness structure is more complex in longitudinal survey data (Mirzaei et al.,

2022). The simplest structure contains uniformly missing variables such that an observation is

either completely observed in data or completely missing (Li et al., 2013). This is rarely true

in practice with many non-uniform partially observed missing data structures. Observations

can be intermittently recorded over time or missing some members of a household making miss-

ing values heterogeneous and strongly conditional on available partially complete information

(Richiardi and Poggi, 2012; Mirzaei et al., 2022; Frick et al., 2009). Variables may also not be

recorded at all within a dataset and must be simulated, either by merging multiple datasets or

creating entirely synthetic populations with all required variables together (Klevmarken, 2022;

Richiardi et al., 2014; Li and O'Donoghue, 2013).

2.5.1 Imputation and Data Matching

Imputation techniques are commonly used in microsimulation to estimate missing values, using

predictive models calibrated on complete information (Kum, 2010). Single (or deterministic)

imputation techniques are the simplest to implement, estimating missing values dependent on
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some explicit formula (Kum, 2010; Haslett et al., 2010). This can be due to derived logical

structure, such as an unemployed individual having no income or their net income being a func-

tion of gross income and taxes, that is easy to correct in data preprocessing (Frick et al., 2009;

Kopec et al., 2010). If missing values cannot be directly derived, single imputation must then

predict missing values (Kum, 2010). This can be as simple as mean imputation that assigns all

missing values the mean value of complete observations. More elaborate prediction such as knn

imputation or even linear regression estimates missing values as a function of other associative

variables (Waddell, 2012). Data matching is much more common in microsimulation due to its

ability to simulate entire missing individuals as well as missing variables. It is often used in open

population microsimulation models to generate new individuals such as immigrants or spouses

that enter a model on demand (Cumpston et al., 2011; Spielauer et al., 2020). Data matching

(or hot-deck imputation) instead borrows information verbatim from the `closest' available in-

dividual according to some distance metric (Kum, 2010; Cumpston et al., 2011; Haslett et al.,

2010). There are many choices of distance metrics including Gower and Mahalanobis functions

(Urban and Shrestha, 2023; Birkin, Morris, Birkin and Lovelace, 2017) as well as propensity

score matching (Kum, 2010; Cumpston et al., 2011) calculating the probability that two obser-

vations match. Single imputation approaches are computationally inexpensive but are criticised

due to lack of heterogeneity in prediction (Kum, 2010; Richiardi and Poggi, 2012; Haslett et al.,

2010) and have fallen out of favour (Haslett et al., 2010). Multiple (or stochastic) imputation

techniques randomly draw imputed values according to some probability distribution. This is

an extension of single imputation techniques that typically provides an ensemble of imputed

values pooled together to quantify uncertainty in �nal transition model parameter estimates

(Marois et al., 2023; Schreuder et al., 2021). There are many stochastic analogues of deter-

ministic imputation, particularly for data matching techniques, choosing values from a closest

available pool of applicants rather than the single most likely value (Cumpston et al., 2011;

Haslett et al., 2010). Multiple Imputation by Chained Equations imputes missing values using

iterative linear regression (Jakobsen et al., 2017) and is commonly used in microsimulation due

to availability in programming languages and ease of use (Marois and Aktas, 2021; Marois et al.,

2023; Schreuder et al., 2021).

Many multiple imputation algorithms have strong mathematical assumptions that must be re-

laxed in order to estimate non-uniform missing data (Huque et al., 2018). For partially observed

longitudinal data there are extensions of the MICE algorithm using linear mixed models and gen-

eralised estimating equations (Huque et al., 2018; Marois and Aktas, 2021). Likewise, MICE can

only handle Normal variables and further extensions are needed for categorical and non-Normal

data (Huque et al., 2018). Bayesian methods including the Expectation Maximisation (EM)

algorithm are used to impute right censored data and provide consistent trajectory dynamics

over time (Alsefri et al., 2020; Salonen et al., 2020; Burgard et al., 2019). Markov Chain Monte

Carlo (MCMC) methods such as approximate Approximate Bayesian Computation (DeYoreo

et al., 2022; Shewmaker et al., 2022) use multi-level hierarchical structures, estimating imputed

missing values themselves or model parameters such as regression coe�cients (DeYoreo et al.,

2022; Rutter et al., 2009; Alsefri et al., 2020) conditional on each individual's available complete
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information.

Missing data can also be in
uenced by interactions between other proximal individual units

(Tanton et al., 2014; Frick et al., 2009). If one individual is missing from a household then total

household disposable income is not known and must estimated given information from remaining

complete individuals (Frick et al., 2009; Richiardi and Poggi, 2012). Individuals within close

spatial proximity can see spillover e�ects in response to neighbourhood crime (Ballas, Clarke,

Dorling, Eyre, Thomas and Rossiter, 2005), labour market demand (Richiardi et al., 2014) or

disease progression (Burgard et al., 2021; O'Donoghue et al., 2021). Imputing each member of

the household individually often does not work due to illogical values being generated such as a

household with no income (Frick et al., 2009; Richiardi and Poggi, 2012). Multi-level imputation

methods are incorporated to capture spatial networks between multiple levels of individual units

including households (Richiardi et al., 2014), commercial entities such as business and hospitals

as well as sparsely observed small-scale spatial areas (Burgard et al., 2021; Hartnett et al.,

2020).

2.5.2 Re-weighting and Synthetic Populations

Complete case analysis should only be applied when observations are missing completely at ran-

dom (MCAR) independent of any other variables in a dataset (Mirzaei et al., 2022). However,

this is rare in practice, impossible to test, and almost never recommended (Jakobsen et al.,

2017). Many survey datasets now contain sample weights such that simply removing missing

values is unlikely to preserve representativeness of the sample population (Mirzaei et al., 2022; Li

et al., 2013). To preserve sample data, complete-case methods remove partially missing values

but create a new synthetic population based on re-weighted complete values (Frick et al., 2009;

Li et al., 2013; Haslett et al., 2010). Approaches such as inverse probability weights methods,

iterative proportional �tting, and simulated annealing are all utilised to create a population of

complete values that matches regional-level aggregates (Haslett et al., 2010; Lomax and Nor-

man, 2016; Lomax and Smith, 2017b). While this creates a complete population of observations

there is high uncertainty associated with calibrating transitions using simulated data as well

as continuing to ignore any distributional e�ect of missing values (Li and O'Donoghue, 2013).

Synthetic populations are also used to simulate non-uniform missing data, including dynami-

cally consistent longitudinal trajectories (Salonen et al., 2020; McLay et al., 2015) as well as

estimating small scale spatial areas for which data are not recorded (Burgard et al., 2021; Zhou

et al., 2022)

2.5.3 Presentation of Missing Data Correction

Presentation of missing data correction methods is largely underutilised (Jakobsen et al., 2017).

Authors (Jakobsen et al., 2017; Davis and Lay-Yee, 2019) have suggested a number of strate-

gies including presentation of missingness structure, exploration of distributional di�erences

before and after missing data correction, clear planning of correction strategy, comparison of

transition probability models �tted with and without imputed data to determine goodness of
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�t and any di�erences in coe�cients. Inclusion of analysis plans for imputation of missing in

data in microsimulation assures consideration of previous literature, model assumptions, and

interpretability discussed in Section 2.4 (Burgard et al., 2020). Novel visualisation tools for in-

terpretation of more complex missingness structures are also being applied to microsimulation

including longitudinal trajectory analyses and spatial mapping (Salonen et al., 2020; Lovelace

and Dumont, 2017). As with general presentation, microsimulation would bene�t from stan-

dardisation of common missing data correction algorithms in order to test model assumptions,

validity, and improve development time. Especially as synthetic populations, and their black

box generation methods, become increasingly common discussing how the imputed data di�ers

from reality and any e�ect on transition calibration is crucial.
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2.6 Validation

Validation of dynamic microsimulation is broadly de�ned as ensuring projected model output

at individual and population level is 'reasonable and credible' to facilitate trustworthy and re-

producible evidence that can be used in real decision making (Harding et al., 2010a; Dekkers,

2015; Alarid-Escudero et al., 2020). A combination of statistical testing and visualisation is

used to determine if microsimulation output is not statistically distinct from sample data over

aggregate-level distributions and individual trajectories (Harding et al., 2010a; Archer et al.,

2021; Burgard et al., 2020; McLay et al., 2015). Validation is arguably the most important

and time-consuming component of microsimulation taking up to 90% of overall development

(O'Donoghue and Dekkers, 2018) time due to debugging of computationally expensive model

runs and complex microsimulation structure. A large component of validation is in fact val-

idation of transition probability models ensuring correct projection of behaviour over time

(Spielauer et al., 2020; Burgard et al., 2020; Zaidi and Rake, 2001; Harding et al., 2010a; Hard-

ing, 2007). This section reviews common methods to validate transition probability models and

discussion on existing literature gaps.

2.6.1 Internal Validation

Internal validation compares microsimulation projections against datasets used for calibration of

the dynamic microsimulation model (Li and O'Donoghue, 2013). Initially this requires testing of

underlying background model assumptions for each transition probability model (McLay et al.,

2015; Goedem�e et al., 2013; Harding et al., 2010a). Ensuring model assumption are met prevents

biased prediction due to model misspeci�cation and clari�es to model users prediction scope

and where estimates may fail under counterfactual scenarios (McLay et al., 2015). Assumption

testing applies to all statistical modelling with some unique considerations in microsimulation

including a balance between strong mathematical assumptions and development time (McLay

et al., 2015). Generally model assumptions are bespoke to each transition probability model.

A common example application uses Ordinary Least Squares (OLS) linear regression (McLay

et al., 2015). Consideration of background assumptions including independent, identically Nor-

mal distributed errors are commonly violated due to heterogeneity in survey data (McLay et al.,

2015) and must be tested and often relaxed using longitudinal modelling such as mixed e�ects

models. Additionally the OLS model will always underestimate population variance over time

(Harrell Jr, 2015) and this must be accounted for to accurate estimate population distributions

over time. Some reviews for common microsimulation methods are available including Multi-

State Markov models outlining guidelines for testing model assumptions such as the Markov

assumption (Krijkamp et al., 2018), where but further guidance has been repeatedly recom-

mended (Harding et al., 2010a; Goedem�e et al., 2013).

Remaining internal validation assess transition model performance by comparing observed and

predicted data. As there is no available real data into the future and under counterfactual sce-

narios internal validation often requires 'nowcasting' (O'Donoghue and Loughrey, 2014) whereby
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a microsimulation starts in the past and prediction runs until the present day where data are

available. Comparison with real data is performed using both visualisation and statistical test-

ing.

Visualisation methods provide interpretable "eye tests" (Archer et al., 2021) making it clear

to model users that microsimulation prediction preserves linear trends in population statistical

moments and individual behaviour (McLay et al., 2015). Common visualisation methods (Zinn

et al., 2014) including bar plots and histograms (Archer et al., 2021) are used to demonstrate

di�erences in population distributions. Comparison between di�erent counterfactual scenarios is

also often presented again using common visualisation including kernel density estimate curves

and receiver operating characteristics (ROC) curves (Archer et al., 2021). More recently the

behaviour of individual trajectories are also being considered using trajectory analysis (Salonen

et al., 2020) and spaghetti plots (Crooks et al., 2018) to assess if individual progression between

states over time matches real data. Much of this validation is also performed longitudinally

using specialised versions of common visualisation such as ridgeline and handover plots (Lang

et al., 2020; Archer et al., 2021) to address issues including failure to estimate mean and variance

over time particularly using regression models that underestimated observation variance over

time (Harrell Jr, 2015).

Formal statistical testing is also used to determine if observed and predicted populations are

statistically distinct. This can range from simple t-tests comparing population distributions

and other statistics such as PRESS testing for longitudinal dynamism (McLay et al., 2015).

Out of sample performance frameworks divide calibration data into training and test sets using

methods such as cross-validation and common goodness of �t measures including root mean

squared error (McLay et al., 2015; Archer et al., 2021; Richiardi, Bronka, van de Ven, Kopasker

and Katikireddi, 2023).

Predicted output from transition probability models, particularly more complex models, do

not accurately estimate population mean and variance over time (Li and O'Donoghue, 2012;

Richiardi et al., 2014). In this case alignment methods (Alarid-Escudero et al., 2020; Li and

O'Donoghue, 2012, 2013) are used to adjust the predicted population to match exogenous ag-

gregates such as mean, variance, and percentage population belonging to each discrete state

(Richiardi et al., 2014; Li and O'Donoghue, 2012; Dekkers and Cumpston, 2012). There are

many available alignment methods dependent on variable type and whether alignment is done

during or after a microsimulation model run (Li and O'Donoghue, 2012; Dekkers and Cump-

ston, 2012; O'Donoghue and Dekkers, 2018). Methods for discrete binary and ordinal variables

are well described elsewhere (Li and O'Donoghue, 2012; Burgard et al., 2021) adjusting tran-

sition probabilities and moving individuals between states in order to match aggregate data.

Alignment methods for continuous variables have limited formal literature review (O'Donoghue

and Dekkers, 2018) but are prevalent in most microsimulation models. Methods such as multi-

plicative scaling (Dekkers and Cumpston, 2012) are applied again adjusting statistical moments

and perturbing individual observations to match aggregates. Other alignment methods are used

elsewhere including adjustment of microsimulation population weights (Dekkers and Cumpston,
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2012) that are rarely used to recalibrate transition models as well.

2.6.2 External Validation

External validation instead compares microsimulation output against datasets not used in model

calibration (Rutter et al., 2011). There is substantial overlap with methods used in internal

validation using visualisation and statistical testing. Visualisation of distributional di�erences

used in nowcasting is extended to application forwards in time and under counterfactual sce-

narios (Archer et al., 2021). Direct comparison with real data cannot be made but these plots

serve as useful 'eye tests' ensuring continuation of population trends and individual behaviour.

Alignment methods adjust microsimulation output to match simulated aggregates where real

data are not available (Rutter et al., 2011; Li and O'Donoghue, 2013, 2012). Prediction where

real data is not available is instead aligned against either more robust macro-level projections (Li

and O'Donoghue, 2013), other individual-level simulations (Kelly and Percival, 2009), or using

hybrid macro-micro simulation models that inform each other over time producing dynamic

aggregates (Cockburn et al., 2014). Macro-micro models align each other either using simple

scaling based on mean and variance or more complex methods including Approximate Bayesian

Computation (Shewmaker et al., 2022; Asher et al., 2023) and potentially data assimilation

(Birkin, 2021).

Ideally, external validation allows for analysis of predicted behaviour from multiple simulation

models using meta analyses but this is rare requiring multiple models all simulating the same

counterfactual scenarios (Rutter et al., 2011; O'Donoghue and Dekkers, 2018; McLay et al.,

2015). Comparison can be made using transition probability models used to estimate the same

processes from di�erent microsimulation. Combination of several di�erent transition probability

models can also be used in meta-modelling choosing the best �tting model out of an available

pool dependent on goodness of �t criteria (Zhong et al., 2022).

Validation is, due to its importance, one of the best documented aspects of microsimulation and

transition probability development (O'Donoghue and Dekkers, 2018). A variety of methods are

available to demonstrate projections match real data and are reliable enough to use when fore-

casting forwards in time. As microsimulation models become more complex further validation

techniques are being developed to visualise and align individual-level data over more detailed

aggregates including small, sparse spatial areas and subgroups. Validation is also being devel-

oped to ensure correct behaviour of individual-level trajectories ensuring suitable dynamism

and consideration of long term histories. This is particularly useful as dynamic microsimulation

continues to grow allowing comparison between output from two microsimulation models in

external validation. There is also a push for further tutorial literature in dynamic microsimula-

tion validation with gaps in research including continuous variables (O'Donoghue and Dekkers,

2018) and validation presentation (Salonen et al., 2020) that would further codify standardised

methods and address criticism on reproducibility.
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2.7 Uncertainty/Sensitivity Analysis

Another major component of microsimulation validation is sensitivity analysis (Burgard and

Schmaus, 2019). Testing how much change in model input parameters changes overall mi-

crosimulation output is used to determine projection robustness. For example, if projections

are sensitive to interest rates or energy pricing (i.e. highly volatile processes), then inferences

drawn from a microsimulation can be hard to trust due to high variance (Burgard and Schmaus,

2019). Conversely, if model output does not change as input parameters vary it suggests these

events are likely to occur (Sharif et al., 2012). Sensitivity analysis requires quanti�cation of

model uncertainty, exploring which input parameters should be varied and by how much to

re
ect uncertainty in real life observations and future projections. As microsimulations are

computationally expensive, experimental design allows for e�cient exploration of the input

parameter space (Petrik et al., 2020; Sharif et al., 2012) in order to su�ciently test model ro-

bustness. While sensitivity analysis is largely performed for microsimulation outputs as a whole

it should also be performed for all transitions models with respect to the following sources of

uncertainty (Harding et al., 2010a; Burgard and Schmaus, 2019).

2.7.1 Uncertainty in Calibration Data

As discussed in Section 2.5 survey data contains a sample that may not be representative of the

full population. This is particularly true when extrapolating data to new contexts (Allendes

et al., 2021; Essa and Sayed, 2015). Model parameters and datasets are commonly sourced from

other simulation literature to increase development speed (Kopec et al., 2010). For example,

demographic rate tables for fertility and mortality are available from Government Statistical

Agencies and can be used to estimate the dynamics of these processes within a model. Mi-

crosimulation for large geographic areas such as the EU or USA may borrow model parameters

from `similar` socioeconomic countries or states (Sutherland, 2018). Population demographics

and behaviours can change substantially over a microsimulation's time horizon (Lomax and

Smith, 2017b; Allendes et al., 2021; Alsefri et al., 2020). The transferability of a dataset from

one context to another must be considered when validating a microsimulation (Allendes et al.,

2021; Kopec et al., 2010; Sharif et al., 2012). Data sourced from other literature must be justi-

�ed as suitable for use (Kopec et al., 2010). Considering whether data comes from a reputable

journal, any modelling assumptions made to generate data and parameters, and any further

missing data that must be estimated such as model parameters for a new subgroup of the pop-

ulation (Kopec et al., 2010) or missing data (Klevmarken, 2022). Ideally data used to calibrate

borrowed transition probabilities is available, allowing for direct comparison between datasets

to determine distributional di�erences and any potential biases (Kopec et al., 2010; Sutherland,

2018). Survey datasets typically contain large outliers (Lappo et al., 2015; Wolf, 2001) that can

cause large changes in model parameters, particularly for small datasets. For example, individ-

uals with very high incomes may exhibit very di�erent behaviour from the rest of the general

population. Addressing the e�ect of outliers can be done in a number of di�erent ways. For

the baseline OLS model, there are a number common tests for outliers including leveraging and
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Cook's distance (Harrell Jr, 2015). More generally, cross validation methods are used to assess

for outliers by partitioning calibration data into multiple pieces. Transition models are �tted

to multiple datasets with each piece removed to determine any change in model coe�cients

(McLay et al., 2015). Cross validation and bootstrapping methods are commonly used as they

are e�cient and e�ective but higher order folds such as leave one out cross validation are used

with large numbers of outliers (McLay et al., 2015). Cross validated models are then pooled

together to produce �nal parameter estimates. This approach is robust against outliers, such

as individuals with very high income seen in Section 2.4, but requires large sample sizes.

Dynamic microsimulations also extrapolate forwards in time and under di�erent hypothetical

scenarios. Many of the methods discussed in Section 2.5 to interpolate missing longitudinal data

can also be used to extrapolate calibration data into the future and inform adaptive transition

models. Alignment methods adjust the microsimulation population according to projected ag-

gregated demographic information from robust and well-validated macro-models (Dekkers, 2015;

Cockburn et al., 2014). Sample weights can be updated as if they were another variable in a

microsimulation and used to perform post-hoc weighted aggregation (Dekkers and Cumpston,

2012). Microsimulation populations frequently add replenishing cohorts of individuals to pop-

ulation data in order to align with migration and demographic change (Archer et al., 2021).

Using simulated data can reduce bias in model coe�cients, as the population is changed via

microsimulation dynamics to re
ect change over time and counterfactuals, albeit with much

higher uncertainty that is undesirable (Arnold et al., 2019; Li and O'Donoghue, 2013) to some

model users and can required signi�cantly more microsimulation iterations and computational

power. As a compromise, integration of data assimilation into microsimulation has been sug-

gested (Spielauer et al., 2007; Birkin, 2021; Asher et al., 2023). Transition models are updated

as new survey data becomes available, allowing for rapid updating of model parameters.

Synthetic input data has a number of bene�ts (Klevmarken, 2022; Li and O'Donoghue, 2013;

Richiardi et al., 2014) but introduces further uncertainty (Lomax and Norman, 2016). Gener-

ation of synthetic data can be sensitive to the choice of real input datasets, data generation

algorithms, and validation methods (M•uller and Axhausen, 2010; Lomax et al., 2024). Choice

of real datasets used in data generation can produce substantially di�erent results particularly

if any datasets su�er from bias or low sample size. There are a number of available algorithms

used to generate synthetic data including robust deterministic methods such as iterative pro-

portional �tting and simulated annealing (Lomax and Smith, 2017b; Lomax and Norman, 2016;

Zhou et al., 2022) and more recent stochastic Bayesian methods (Burgard et al., 2021; Zhou

et al., 2022). Deterministic methods generate the same input population every time conditional

on input parameters that should be tested using sensitivity analyses (Burgard et al., 2021).

Stochastic methods also require testing of input parameters but produce di�erent synthetic

populations every time. Use of an ensemble of synthetic populations is required for calibrating

transition probability allowing for inclusion of Monte Carlo uncertainty in population gener-

ation (Burgard et al., 2021). Synthetic data are validated against national-level or smaller

aggregates on desired variables of interest such as household income distribution (Lomax and
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Norman, 2016; Lovelace and Dumont, 2017). While synthetic data may match these aggregates

it is not guaranteed to produce sensible outputs elsewhere. Transparency in which variables

are validated against as well as clear descriptive statistics of synthetic data ensures datasets are

representative demonstrating potentially uncertain policy outcomes(Lomax and Smith, 2017b;

Lomax et al., 2024).

Synthetic data may also be utilised to simulate microsimulation data at varying time and

spatial scales. Estimating small-scale processes such as unemployment or disease progression

which can occur over shorter time-scales (such as days and weeks) (Archer et al., 2021) cannot

be su�ciently captured using yearly transition modelling. Pseudo-continuous microsimulation

modelling has been utilised in health microsimulation to combine short and long term processes

together allowing for more detailed health progression (Spielauer et al., 2007). These methods

have seen overall limited application outside of health microsimulation due to the di�culty fusing

and aligning di�erent sources of data into desired cross-sections and limited longitudinal data

for the same individuals. New proposed methods including sensor fusion and data assimilation

(Birkin, 2021) have potential to further utilise synthetic population data and provide increased

policy detail on desired outcomes.

2.7.2 Uncertainty in Model Parameter Values and Behaviour

All estimated parameters in transition models have associated uncertainty (Sharif et al., 2012;

Kopec et al., 2010). In the baseline OLS model, all model coe�cients are Normal random

variables. Di�erent values these random variables can take may produce signi�cantly di�erent

microsimulation results (Rutter et al., 2011). (Probabilistic) Sensitivity Analysis methods are

used to (Spielauer et al., 2020; Rutter et al., 2011; Manoukian et al., 2022) perturbate input

transition model parameters to determine e�ect on model output. These perturbations are

implemented either as randomisation due to uncertainty in model parameters or change in

coe�cient due to hypothetical shocks (Rutter et al., 2011; Creedy et al., 2007). Sampling

these coe�cients is dependent on the probability distribution of model coe�cients chosen by

the user (Petrik et al., 2020; Sharif et al., 2012; Rutter et al., 2011). The simplest approach

involves complete factorial design (Sharif et al., 2012; Petrik et al., 2020) but this often requires

a very large number of microsimulation iterations to test all possible combinations. Random

sampling from probability distributions is more commonly used (Petrik et al., 2020) whether

this is from explicit distribution of parameters assumed in models such as OLS (Petrik et al.,

2020), posterior distributions from Bayesian inference (Rutter et al., 2011) and more targeted

importance sampling (Asher et al., 2023) that intelligently sample possible model parameters

reducing required microsimulation iterations. Sensitivity analysis under hypothetical shocks

is largely discretionary depending on which scenarios modellers think are most important to

ensure robustness against (Rutter et al., 2009) such as worst case tra�c or disease progression

scenarios.

Additionally model outputs themselves may be considered as random variables. In the OLS

example predicted values are not a point estimate but are also Normal distributed. Microsim-
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ulation commonly adds noise to predicted variables called Monte Carlo error (Sharif et al.,

2012). Simple practical examples involve simply adding Normal noise to prediction of a contin-

uous variable (Krijkamp et al., 2018; Petrik et al., 2020). Recently probabilistic methods are

being implemented to estimate both mean and variance of individual state using Stochastic Dif-

ferential Equations (Iskandar, 2019), Bayesian methods (Rutter et al., 2009) and probabilistic

programming (Manoukian et al., 2022) that create individual units that exist in superposition

albeit with small numbers of variables.

2.7.3 Uncertainty in Model Structure

There is uncertainty in the choice of model structure itself (Rutter et al., 2009; Sharif et al., 2012;

Petrik et al., 2020) including both the choice of coe�cients and statistical methods used. Vari-

ables that are predictive of next state but not included in transition models can result in omitted

variable bias (Skarda et al., 2021). Clear understanding of transition probability methodology

is required in order to determine any possible model misspeci�cation or uncertainty involved

in choice of model parameters (McLay et al., 2015). Signi�cant model coe�cients can vary

over time and across strata requiring di�erent transition models (Skarda et al., 2021). To

ensure selection of all signi�cant transition probability models microsimulation work suggests

use of variable selection techniques. These methods sweep the space of available model coe�-

cient choices, searching for best �tting models according to some information criterion (Sharif

et al., 2012). There are a number of more elaborate variable selection techniques such as the

fused LASSO (Adhikari et al., 2019) that are well suited for estimation of consistent trends in

change in model coe�cients over time but not yet used in microsimulation. Random samples of

transition models are also implemented, each using some randomly drawn set of coe�cients in

sensitivity analyses (Petrik et al., 2020). This can be as simple as randomly choosing whether to

include variables or not but Bayesian methods are available that can choose and switch between

choices of model coe�cients over time, again dependent on goodness of �t (DeYoreo et al., 2022;

Shewmaker et al., 2022; Asher et al., 2023; Alsefri et al., 2020).

2.7.4 Monte Carlo Random Noise

Many transition probability methods are deterministic always predicting the same state for

an individual unit (Krijkamp et al., 2018). The predicted state is taken as the mean point

estimate when the true state belongs to a probability distribution de�ned by con�dence intervals.

Di�erent potential state values cause small perturbations that can evolve into large di�erences in

state over time across repeated microsimulation model runs (Sharif et al., 2012; Krijkamp et al.,

2018). Sensitivity analysis must then quantify how much these perturbations e�ect prediction

for individual units over time (Sharif et al., 2012; Krijkamp et al., 2018).

The simplest approach is to add random noise to predictions (Krijkamp et al., 2018) according

to con�dence intervals. Continuous variables often apply Normal noise or other specialised noise

distributions (Krijkamp et al., 2018) while discrete variables apply adjustments to multinomial

probability vectors. More elaborate methods generate and sample from posterior distributions
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using MCMC methods, purely probabilistic microsimulation, and data assimilation (DeYoreo

et al., 2022; Birkin, 2021). These methods better estimate heterogeneity in individual probability

distributions but are much more bespoke and expensive to implement.
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2.8 Heterogeneity

Early microsimulation utilised low complexity transition probability models, these transition

models were �tted to small survey datasets with limited covariates. Low complexity prediction

is reliable and interpretable with low uncertainty providing strong estimation of aggregate cross-

sectional population behaviour useful in certain applications such as tra�c and policy analysis

(Rutter et al., 2011; Li and O'Donoghue, 2013). The drawback is that individual behaviour

can be poorly estimated, especially for individuals with extreme / outlying values. Individual

heterogeneity is largely ignored from sources including longitudinal histories, spatial information

and interaction with other units, and unexplained variance in behaviour (Richiardi and Poggi,

2012; Klevmarken, 2022; Li and O'Donoghue, 2013; Burgard et al., 2021; Rutter et al., 2009).

As a result, the dynamics of individual trajectories can be highly biased due to signi�cant

under-dispersion and regression to group means (McLay et al., 2015; Salonen et al., 2020). As

larger datasets and richer predictive methodologies become available, dynamic microsimulation

is increasingly incorporating this heterogeneity to utilise all available information and better

predict both individual and population behaviour simultaneously (O'Donoghue and Dekkers,

2018; Burgard et al., 2021). This section reviews these common sources of heterogeneity and

methods used to address them in microsimulation.

2.8.1 Longitudinal Heterogeneity

Microsimulation was initially developed to incorporate long-term individual histories not pos-

sible with traditional macroeconomic models (Orcutt, 1961). Many microsimulation use �rst-

order Markov transition models such that prediction of next state is performed using only

current time information (McLay et al., 2015; Li and O'Donoghue, 2013). Methods such as

linear regression use lagged dependent variables using previous state to inform next prediction

(McLay et al., 2015; Burgard et al., 2021). Microsimulations then track variables over time

accumulating desired population statistics such as pension contribution (Orcutt, 1961; Salonen

et al., 2020). Increasingly higher order Markov prediction methods are being used to incorpo-

rate longer individual trajectories (Marois and Aktas, 2021; Li and O'Donoghue, 2013). Mixed

e�ects models including Generalised Estimating Equations (Marois and Aktas, 2021; McLay

et al., 2015; Zhou et al., 2021), higher order multi-state Markov models (Liao et al., 2021), and

convolutional neural networks (Essien et al., 2019) all utilise information from further into the

past. These methods are signi�cantly more complex than �rst order Markov models requiring

more development time and computational power (Alsefri et al., 2020). Accessibility is limited

and further how-to papers may greatly improve the uptake of these methods.

2.8.2 Spatial Heterogeneity

Processes such as migration, disease progression and labour market supply are highly conditional

on spatial orientation (Tanton et al., 2014). Generation of small-area synthetic population data

is a rich �eld of research in dynamic microsimulation, aligning small-scale information against

regional aggregates (Ballas, Clarke, Dorling, Eyre, Thomas and Rossiter, 2005; Lomax and
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Smith, 2017b; Tanton et al., 2010; Odiari and Birkin, 2022; Burgard et al., 2021; Zhou et al.,

2022) using methods such as simulated annealing and iterative proportional �tting (Lomax and

Smith, 2017b). These spatial data can be projected forwards in time and including in predictive

modelling allowing for spatial analysis within novel applications including disease progression

(O'Donoghue et al., 2021), health economics (Smith et al., 2021) and agriculture (O'Donoghue

et al., 2017). While these populations contain spatial information, transition probabilities con-

ditional on spatial information are less widespread (Burgard et al., 2021). Spatial prediction

models including spatial regression (Tanton et al., 2014), spatial interactions (Tanton et al.,

2014; Ballas et al., 2013), spatial reweighting (Bhattacharjee et al., 2023), spatial linear regres-

sion (Tanton et al., 2014; Ballas, Clarke, Dorling, Eyre, Thomas and Rossiter, 2005), kriging

(Selby, 2011), and empirical origin-destination data (Marois and Aktas, 2021) are all utilised

to include this spatial information. Bayesian methods and random e�ects models are proposed,

assuming a super-population of regional e�ects distributed according to some posterior distri-

bution (Haslett et al., 2010; Arnold et al., 2019). This is particularly useful when estimating

e�ects for areas with small populations due to being small-scale or rural (Burgard et al., 2021).

However, even if data for the full population are available, spatial e�ects may not be estimable

due to sparsity and low sample size (Burgard et al., 2021; Leknes and L�kken, 2021). Instead,

transition probabilities can be aligned against available region-level aggregates (Burgard et al.,

2021) by including logistic scaling methods, adjusting transition parameters using iterative

proportional �tting as well as maximum likelihood estimates constraining transition model

parameters using quadratic programming (Burgard et al., 2021). These methods have seen

substantial application to the generation of spatially representative input microsimulation data

(Lovelace and Dumont, 2017; Lomax and Norman, 2016) and areas where policy varies over

space including farming (O'Donoghue et al., 2017), the e�ect of the weather on general mood

and energy spending (Ballas, 2020), urban development (Ballas, Clarke, Dorling, Eyre, Thomas

and Rossiter, 2005), and energy poverty (Neto-Bradley et al., 2023).

2.8.3 Causal E�ects

Transition models in dynamic microsimulation usually apply associative e�ects (O'Donoghue

and Dekkers, 2018). Attributes in a dataset may be predictive of an outcome due to high

correlation but not actually cause an individual to change state (Arnold et al., 2019). Being

bald is a strong indicator of being male and hence certain diseases such as prostate cancer,

but is unlikely to be an underlying cause. Causal inference is rarely applicable in policy anal-

ysis. Analysis is performed using retrospective datasets that rarely apply policy exclusively to

two randomised groups as in a natural experiment (Marois and Aktas, 2021). Microsimulation

provides a possible alternative with multiple copies of the same population available. Ideally

two populations can be generated using microsimulation and compared using causal analysis

(Kouser et al., 2021; Katikireddi et al., 2022). Use of structures such as directed acyclic graphs

(DAGs) (Arnold et al., 2019) allows for clear presentation of decision pathways and aid under-

standing of why an individual moves state. Application of g-formula methods (Murray et al.,
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2017) incorporate time varying and bidirectional causal e�ects which are di�cult to estimate

with associative methods. However, causal e�ects are di�cult to implement in practice. Data

requirements are very large needing information on critical life events in near continuous time

that are rarely available. Microsimulation can simulate these data but any inferences made are

unreliable (Ackley et al., 2022). Policies that can be tested must be carefully chosen due to

strong mathematical assumptions that can limit utility of any microsimulation (Kouser et al.,

2021; O'Donoghue and Dekkers, 2018). Signi�cant methodological improvements are being

made to test when causal inference is applicable in microsimulation but there are still limited

successful applications (Skarda et al., 2021; Murray et al., 2017; Kouser et al., 2021).

2.8.4 Interaction E�ects

Prediction of individual next state is often conditional on other nearby individuals(Dekkers

and Cumpston, 2012; Burgard et al., 2021; Zinn et al., 2014). There can be multiple types of

individuals, such as households, people, and business, all with di�erent variables, interaction

mechanisms, and complex social network structures (Bae et al., 2016; Axtell and Farmer, 2022;

Hartnett et al., 2020). These interactions can result in non-linear emergent behaviour over time

due to spillover e�ects and feedback loops (Arnold et al., 2019) that particularly in
uence social

behaviour and decision making (Klevmarken, 2022).

These kind of social interactions are historically dominated by `bottom up' individual-level

modelling techniques such as agent based modelling (ABMs) that employ toy (simple) datasets

favouring analysis of theory over empirical basis (Birkin, 2021; Bae et al., 2016). As data

becomes available hybrid ABM-microsimulation methods are increasingly adopted to combine

the bene�ts of empirically driven microsimulation and complex social interactions (Birkin, 2021;

Bae et al., 2016; Axtell and Farmer, 2022).

These hybrid methods are primarily used in socioeconomic applications (Axtell and Farmer,

2022). Estimation of labour supply markets is used to drive individual migration and housing

behaviour as they search for the best available work (Axtell and Farmer, 2022). Stochastic

social behaviour is employed determining change in investment habits in response to government

policies(Klevmarken, 2022). More recently the coronavirus pandemic has inspired a surge in

health based interaction behaviour(O'Donoghue et al., 2021; Rutter et al., 2011; Zucchelli et al.,

2010; Smith et al., 2021). Contagious disease are much more likely to spread between individuals

who share close contacts whether in households or airports (O'Donoghue et al., 2021). Future

expansion of ABM techniques are aiming to include further stochastic behavioural response

in order to better estimate individual behaviour and overall aggregate microsimulation output

(Klevmarken, 2022; Axtell and Farmer, 2022)

Interactions also occur within individuals whereby change in one variable in
uences change

in another. These changes can occur simultaneously (Birkin, 2021; Frick et al., 2009), such

as an individual losing their job and immediately losing their employment income, or subse-

quently such as having a child and moving to a larger household or area with good schools.

These interactions can either using several transition models in sequence such as births module
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(Tikka et al., 2021; Li and O'Donoghue, 2013) and then a housing module where a new birth

conditions moving behaviour, or use joint modelling estimating multiple variables in one model

(Klevmarken, 2022) using methods such as multiple regression. Use of joint models that capture

endogeneity between variables is ideal but rarely practical (Klevmarken, 2022). Additionally,

careful microsimulation design is required to ensure that transition modules progress in correct

order capture concurrent interactions and preventing illogical new states (Li and O'Donoghue,

2013; M•uller and Axhausen, 2010; Andreassen et al., 2020). Joint variable modelling is fairly

uncommon in microsimulation using methods such as multivariate regression and hazard ratio

models (Zaidi and Rake, 2001) favouring simpler univariate techniques that are generally easier

to implement and interpret.

2.8.5 Social Heterogeneity

Behaviour in a human population can vary due to social heterogeneity (Reeves et al., 2022;

Klevmarken, 2022). Individual people with identical objective socioeconomic characteristics

have di�erent perceptions and behaviour in response to new government policy and socioeco-

nomic events (Reeves et al., 2022). One well discussed example is incorporation of behavioural

response to COVID-19 in individual-level models trying to identify individuals who adhered

to government guidelines including mask use and staying indoors (Reeves et al., 2022). Mi-

crosimulation historically does not estimate social behaviour due to no available variables in

administrative datasets (Arnold et al., 2019; Klevmarken, 2022). Modelling of social behaviour

was reserved for agent-based modelling that emulates social theory using a bottom up approach

(Arnold et al., 2019).

Modern administrative data is beginning to include subjective variables describing individual

opinions such as �nancial stability and thermal comfort. These variables are being incorporated

into transition probabilities to more accurately estimate personal decisions and move away from

'average behaviour with random deviation' (Klevmarken, 2022).

Another approach is incorporation of transition dynamics from agent-based models in a hybrid

approach (Birkin and Wu, 2012). Calibration of social science theory against empirical data has

shown to able to better capture adaptive and emergent social behaviour in several microsimula-

tion models (Birkin and Wu, 2012; Bae et al., 2016) for estimation of economic (Bae et al., 2016)

and health policy (Asher et al., 2023). Substantial areas of future work are available includ-

ing better calibration of hybrid models using data assimilation approaches (Birkin, 2021) and

application to new areas of research including housing and energy policy (Khalil and Fatmi,

2022). Social behaviour intersect strongly with other heterogeneity discussed here including

spatial modelling of phenomena including social weather (Ballas, 2020) and neighbourhood

interactions (Birkin, 2021).

Incorporation of heterogeneity into transition probability models allows for better prediction

of behaviour by inclusion of further information on di�erences in individual behaviour beyond

simple demographic strata. Methods are showing improvement in prediction quality of indi-

vidual trajectories across multiple applications. While it is likely impossible to fully capture
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the complexity of human and other individual behaviour higher accessibility of these more ad-

vanced methods through tutorial papers outlining model implementation through assumptions

and diagnostics would utilise modern rich datasets and further improve long term prediction

quality of microsimulation models.
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2.9 Discussion

Dynamic microsimulation models estimate the future state of a population of individual units

using transition probability models that must be well-calibrated to ensure accurate, robust

prediction that can be trusted to a�ect real-life decision making. Development of these transition

probability models can be di�cult due to the complex nature of human behavioural systems

including interacting causal mechanisms and large heterogeneity. Careful selection of modelling

technique is required ensuring background mathematical assumptions, justifying sensible choices

of predictor variables, and extensive validation to ensure sensible behaviour over time and under

counterfactual interventions.

Broader review of the state of dynamic microsimulation (O'Donoghue and Dekkers, 2018) has

highlighted that knowledge of best practice and common pitfalls for several methods including

transition probability development are often hidden in proprietary research and out of print jour-

nals. Microsimulation methods must then be codi�ed and standardised in open source literature

to ensure transmission of tacit knowledge to new users and further application of microsimula-

tion to new areas to match sister techniques such as Agent-Based Modelling (O'Donoghue and

Dekkers, 2018).

To counteract this issue a number of tutorial literature and software packages are being released

in order to guide new users and providing living, open-source documentation of microsimulation

methods including alignment and input population generation (Lomax and Smith, 2017b; Bur-

gard et al., 2020). This paper provides a review into the current state of transition probability

methodology, outlining common issues in development and publication, proposed methods to

address them, and potential future innovation in four key areas:

1. Presentation - Better presentation of the development cycle of transition probabilities

improves interpretability and ability to critique current models. High accessibility to new

users increases rate of expansion to new �elds and new ideas.

2. Missingness - Handling missing data increases the sample size of transition models im-

proving statistical power and preventing bias due to attrition. Missing data handling

techniques are very well implemented in microsimulations but could be expanded to more

complex missing types to even further accommodate available information.

3. Validation and Sensitivity Analyses - Generation of spatial data as well as projection

into the future and under counterfactual scenarios in microsimulation all have associated

uncertainty. Quantifying uncertainty in transition probability models as well as microsim-

ulation as a whole is essential to ensure robustness to model misspeci�cation and potential

sensitivity in model coe�cients and from future events.

4. Heterogeneity - Transition probability models are often oversimpli�ed and do not include

individual e�ects. A number of methodologies are available dependent on context to in-

crease the complexity of transitions to better predict individual behaviour while retaining

parsimony to keep simplicity and easier interpretation.
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Methods to address these issues have improved substantially over the last 30 years as compu-

tation power and available data increases. However there are still a number of key criticisms

levelled against current implementation of transition probabilities.

Transition probability models have low interpretability. It is di�cult to determine 'why' certain

future states are predicted as well as how these future states interact with other transition models

and counterfactual scenarios. There is limited testing of model assumptions for each transition

model. Testing background assumptions should be considered essential (McLay et al., 2015) in

order to prevent model misspeci�cation and elucidate potential bias. Transition probabilities are

under-reported and not as standardised as other areas of microsimulation development (Burgard

et al., 2020). Methods used are typically omitted from research literature making it di�cult to

review and replicate new methods (Richiardi et al., 2014) slowing down uptake of new methods

and accessibility to new �elds.

One proposition to address these issues is to further standardise the implementation of transition

probability methods. Set guidelines for statistical testing, sensitivity analyses and visualisation

would allow for faster development time that allows for assumption testing and improved inter-

pretability. Further papers reviewing speci�c areas of transition development in detail combined

with tangible case studies would further increase accessibility of dynamic microsimulation. Ad-

ditional technologies allowing for conversion of transition code and notebooks into online doc-

umentation and repositories would make publication substantially less time consuming, open

source, and easier to maintain beyond project funding.

2.9.1 Best Practice Microsimulation Development

This section provides a brief overview of the development cycle of transition probabilities iden-

tifying an overall structure as well as key considerations to ensure best practice. Examples from

published literature that apply these principles are provided.

Planning

As with general microsimulation guidelines (Burgard et al., 2020) the majority of development

time should ideally be spent on planning. Justi�cation of variables, model type, model structure,

and sources of uncertainty should be performed before any implementation to ensure consider-

ation of previous literature and all available options that best �t data, prevent over-�tting, and

produce 'thoughtful' (Wasserstein et al., 2019) considerate of previous and future application

in other microsimulation literature.

ˆ What variables should be included in prediction according to existing literature?

ˆ How are transition models for a given process implemented in other microsimulation lit-

erature?

ˆ What sources of uncertainty must be accounted for?
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ˆ What programming language and microsimulation framework will be used? Ideally exist-

ing model frameworks are used to promote readability.

ˆ What datasets are used for calibration?

ˆ What is the structure of missing data and what correction methods are used?

ˆ What modelling methodology and structure should be used?

ˆ What are the underlying transition probability model assumptions?

ˆ How will a transition model be assessed?

ˆ If there are several transition probability models, which order do they occur and how do

they interact?

ˆ How will counterfactual scenarios a�ect transition models?

Ideal model structure design is provided in (Skarda et al., 2021). Highly detailed model struc-

tures are provided including justi�cation of predictor variables based on available causal evi-

dence. When testing transition probability model assumptions (McLay et al., 2015) compares

several potentially transition probability models outlining their di�erent background assump-

tions including whether they are met and whether they in
uence prediction. Description of

missing data correction in (Davis and Lay-Yee, 2019) provides a full imputation methodology

in line with wider practice as well as detailing how uncertainty may a�ect prediction. Many

modern microsimulation papers provide detailed open source code based on standardised frame-

works (Richiardi, Bronka, van de Ven, Kopasker and Katikireddi, 2023) that are considered

in wider planning. Further overall improvement may be provided using standardised design

documents and supplementary material that is 
exible enough to account for highly bespoke

microsimulation models.

2.9.2 Validation

Practically, the majority of development time will be spent validating transition probability

models. Extensive testing and clarity in model background assumptions prevents misspeci�ca-

tion and allows for clear demonstration of where these assumptions may fail. Testing model

outputs against out of sample internal data and external independent model results using sta-

tistical testing and visualisation ensures that predicted outputs are sensible and match reality.

Alignment methods are used to adjust these outputs in order to match statistical moments

(mean and variance) over time and under hypothetical scenarios. Finally sensitivity analysis is

used to test the robustness of transition models to change in input parameters and determine

where overall microsimulation output is vulnerable to changes in model assumptions.

ˆ Are transition model assumptions satis�ed? If not, how could this bias prediction?

ˆ How is this model selection justi�ed against other available predictive methods?
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ˆ How do model outputs compare again in sample data and out of sample reserved data?

Do both statistical testing and 'eye test' visualisation agree results are sensible?

ˆ What predictive variables are included in this model? Are they statistically signi�cant?

If not, why are they included otherwise?

ˆ Does validation of model predictions against internal and external data produces sensible

and credible output?

ˆ How is a transition model aligned to better estimate real data?

ˆ How sensitive is prediction to sources of uncertainty from input data, model coe�cients

and structure, and Monte Carlo error?

Strong internal validation is provided in (Skarda et al., 2021) comparing a simulated transition

model and wider microsimulation output against available real data in nowcasting. Similar

strong external validation (Skarda et al., 2021; Lomax and Smith, 2017b) is also provided com-

paring microsimulation output against external real data. Further external validation into the

future and under counterfactual scenarios is highly bespoke but several papers have demon-

strated application against other real data (Lomax and Smith, 2017b; Skarda et al., 2021) as

well as against other projected output in meta-analyses (Archer et al., 2021). However, this is

still limited due to few microsimulation models estimating the same scenarios. Validation of

model background assumptions provided in (McLay et al., 2015) tests a suite of potential models

identifying where model assumption fail and how this a�ects predicted output. Many articles

show strong incorporation of uncertainty including outlining overall sources and methods (Sharif

et al., 2012) as well as real application (Petrik et al., 2020) in overall model development and

sensitivity analyses (Burgard and Schmaus, 2019). Sensitivity analysis estimating interactions

between transition probability models (Harding, 2017) is still largely under-reported. Inclusion

of sensitivity analysis exploring the 'ordering of modules' (M•unnich et al., 2021) and interaction

with policy interventions could be used to highlight why interventions enact individual change.

These areas, combined with exploration of model structure uncertainty using variable selec-

tion methods (de Oliveira et al., 2024), would further increase robustness of microsimulation

prediction.

2.9.3 Interpretation

Interpretation should ultimately make it clear to microsimulation users how and why change

in behaviour occurs due to a speci�c transition model. This is the vaguest aspect of transition

development due to being highly complex and bespoke to each microsimulation but with a num-

ber of common themes. There is signi�cant overlap with clear presentation of model validation

above with some additional considerations. Further visualisation methods are being developed

in order to assess how individual trajectories and population distributions change into the fu-

ture and under counterfactual scenarios for individual variables. This is particularly import for

the assessment of individual longitudinal trajectories to ensure suitable dynamicism as well as

consistency (McLay et al., 2015; Salonen et al., 2020). Being able to trace direct variable change
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due to counterfactual scenarios as well as interactions with other transition models allows for

clear narrative of how change propagates through a microsimulation highlights key systems and

potential further counterfactual scenarios. Technologies such as GitHub pages make generation

of online documentation much more feasible but standardisation of documentation and methods

to quickly convert development code such as in R. notebooks to online websites may further

increase uptake.

ˆ Are the above planning and validation well presented in literature or supplementary ma-

terial?

ˆ Is supplementary material fully describing model development available in open source

technical documentation either in literature or on website such as GitHub pages?

ˆ What visualisation methods are used to indicate how individual and global population

states change over time? Are these common methods or should custom visualisation be

used?

ˆ Do these plots clearly explain how each transition probability model in
uences change

in key model results? Can these changes be represented as simple stories that could be

understood by the wider public?

ˆ Can visualisation be aligned to existing literature to ensure easier comparison and review?

ˆ Can model output be disaggregated to demonstrate how di�erent subgroups of the pop-

ulation respond to microsimulation scenarios?

ˆ Are provided results modest highlighting uncertainty and where prediction may deviate

from reality over time?

Many papers publish full documentation (Richiardi, Bronka, van de Ven, Kopasker and Katikireddi,

2023; Kopasker et al., 2023) presenting model formulae, coe�cients, larger model order of op-

erations, and background code. Further presentation of transition models may seek to include

more of the full development process from initial policy ideas and literature evidence using

approaches such as systems thinking (Meier et al., 2019). Combined with largely standard-

ised visualisation of outcome variable using standard bar plots and con�dence intervals (Zinn

et al., 2014) it is straightforward to identify variables that determine future individual state and

cross-sectional behaviour over time. While transparency has greatly improved interpretability

further innovation continues to present microsimulation output in terms of non-technical narra-

tives. Several papers highlight detailed change in populations over time and under interventions

using disaggregation by subgroups (Archer et al., 2021), longitudinal (Salonen et al., 2020) and

spatial (Lovelace and Dumont, 2017) histories, as well as interactions between individual units

(Burgard and Schmaus, 2019). Further innovation continuing to display detailed individual life

paths and change due to interventions can further help to develop strong, interpretable narra-

tives of intervention e�ect caused by interactions between multiple microsimulation transition

modules and other components- (Morrison, 2008).
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Application of dynamic microsimulation is increasingly rapidly as access to open source individual-

level data, coding frameworks, technologies for faster development, and demand for simulated

evidence increases. Strong standardisation of methodological background is essential to ensure

new research teams can adopt best practice of transition models allowing easy access to existing

common methods and integration of more complex models as they arise.

Inclusion of new predictive methods including arti�cial intelligence to estimate non-linear be-

haviour, inclusion of �ner granularity data over short time points and spatial scales, and esti-

mation of social behaviour in hybrid-abm microsimulation. These methods all have immediate

potential to be integrated into microsimulation relative to key issues and development ques-

tions de�ned above increasing impact through expansion to new sectors and research questions

beyond traditional policy analyses.
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2.10 Connection between Chapter 2 and Chapter 3.

In order to increase the impact of dynamic microsimulation modelling this chapter contributes

to the literature codifying best practice of transition probability model development for dynamic

microsimulation. Five key categories of methodological improvements have been identi�ed that

contribute to both the application of ATOMIC principles, and improvement in goodness-of-�t

predicting individual future states.

Good presentation of transition models should include full publication of model structure, diag-

nostic testing, justi�cation for predictive variables used, and complete model coe�cient tables.

Transparent publication of all available material ensures open, reproducible research. Su�cient

testing of model assumptions allows su�cient, modest review of potential model misspeci�ca-

tion. A clear model structure with diagrams will improve interpretability of complex systems

of interacting transition probability models and ensure thoughtful consideration of previous

simulation modelling, evidence from literature and on pathways e�ected by a policy.

Consideration of missing data, uncertainty due to input parameters, and methods of validation

constitute the majority of transition model development time. Ensuring that model output

is sensible preserving overall statistical moments as well as individual dynamics in con�dence

intervals is essential for reliable prediction that is accepting of uncertainty and modest to large

deviations in prediction when predicting far into the future. Combining these methods again

with strong presentation again ensures transparent modelling that can be aggressively reviewed

by Government bodies before use as formal evidence. Microsimulation provides unique appli-

cation of a number of visualisation techniques to ensure predictive quality of transition model

output over time, handover plots, trajectory analyses and spatial mapping.

While these methods improve the reliability of microsimulation modelling they typically do

not improve prediction quality. Better estimation of individual future state largely relies on

heterogeneous modelling methods able to include more variables and more data to account for

the high complexity of individual trajectories. The most common example is application of

longitudinal modelling due to repeated wave information from administrative data. As datasets

continue to improve, the robustness of prediction of policy e�ects will also increase in quality.

This literature review provides a useful general summary of available methodology that can be

extended through further papers exploring individual methods and best practice in case studies

with tangible output in larger microsimulation models and reusable software for creation of

online documentation using common programming languages for transition modelling such as

R.. The following chapter aims to apply these methods to estimate Short Form 12 Mental

Component Score (SF12-MCS) using the Understanding Society data exploring how a simple

linear regression model can be extended to considering model diagnostics, out of sample model

performance, uncertainty quanti�cation, and model selection criteria. Estimating SF-12 MCS

is then required as part of a larger microsimulation model estimating change in health due to

income support policy.
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3.1 Abstract

Transition dynamics are used in microsimulation to evolve the state of individual entities over

time. A random draw from a probability distribution predicts an individual's next state condi-

tional on current information. Good calibration of transition probabilities is critical for sensible

projection of individual and population level behaviour reducing bias in any projection results.

In order to facilitate best practice and accessibility of microsimulation to new users a series

of 'how-to' tutorial papers have been published demonstrating application of microsimulation

methods such as synthetic population generation.

This paper provides such a tutorial case study constructing a discrete-time transition probabil-

ity model to estimate Short Form 12 mental component score (SF-12 MCS, a summary metric of

individual's mental well-being) for individuals for the United Kingdom using the Understanding

Society dataset. An initial Ordinary Least Squares model is applied to SF-12 MCS score and

then improved upon by considering improved presentation of results, missing data, uncertainty,

and heterogeneity due to repeated household observations. A �nal Generalised Linear Mixed

Gamma-Normal model provides a substantially better �t than the baseline linear model show-

ing improvement in several diagnostic tests and a reduction 5-fold cross validation root mean

squared error from 0:223� 0:015 to 0:152� 6 � 10� 3.

3.2 Introduction

Transition dynamics are a key component of dynamic microsimulation models (Spielauer et al.,

2020; Burgard et al., 2020). A population of individual entities such as households or humans

is generated and projected forwards in time to estimate the e�ect of some hypothetical counter-

factual scenario. This projection is typically performed using a system of transition probability

models each predicting some subset of an individual's future state space condition on current

time information (Harding, 2007; Rutter et al., 2011). In theory, any predictive methodology

can be used as a transition probability model as long as it estimates future state (Zaidi and

Rake, 2001). Simplistic transition models such as logistic regression (Andreassen et al., 2020)
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have seen great success in microsimulation modelling as they are easy to implement, diagnose

and interpret. However, the processes that govern individual populations, particularly human

populations, can be highly complex, non-linear, and contain multiple competing socioeconomic

forces (Marois and Aktas, 2021; Richiardi et al., 2014). Multiple interacting causal mechanisms

(Skarda et al., 2021) and heterogeneity across socioeconomic background (Marois and Aktas,

2021), environment (Burgard et al., 2021), and individual behaviour (Klevmarken, 2022) can

all in
uence future state. As a result, increasingly complex transition probability models are

being used in microsimulation to capture individual dynamicism (McLay et al., 2015). Mixed

and random e�ects models are utilised to account for repeated observations over time from the

same individuals and the same spatial areas (Marois and Aktas, 2021). Neural network mod-

els (DeYoreo et al., 2022) are used to also capture individual histories and highly non-linear

behaviour. Multi-level and hierarchical models including Markov Chain Monte Carlo (Serena

et al., 2023; DeYoreo et al., 2022; Leknes and L�kken, 2021) are utilised to estimate behaviour

in sparse conditions with limited data and account for interaction between multiple levels of

individual within households or neighbourhoods.

As transition probability models become increasingly complex they are more di�cult to validate

and interpret (Li and O'Donoghue, 2013). Model selection must be considerate of traditional

goodness of �t metrics and background mathematical assumptions (McLay et al., 2015) as well

as unique microsimulation considerations including interaction between transition probability

modules (Harding et al., 2010a), the order in which these transitions occur (Li and O'Donoghue,

2013), and repeated application of statistical models (Richiardi et al., 2014). Ideally, description

of the full development of transition probability models is included in microsimulation literature

to facilitate accessibility of more complex transition methods to new users and critical review.

However, this information is typically relegated to supplementary material or outright omitted

due to page constraints, results focused publication pressure, and expenses associated with the

development and maintenance of full technical documentation (Richiardi et al., 2014; Goedem�e

et al., 2013; Davis and Lay-Yee, 2019; O'Donoghue and Dekkers, 2018).

In order to increase the impact of dynamic microsimulation, research suggests that standardis-

ation of common microsimulation methodological techniques into open source best practice will

reduce tacit knowledge and prevent new users repeating common mistakes (O'Donoghue and

Dekkers, 2018). There is already a set of published articles covering several microsimulation

methods including population generation (Lomax and Smith, 2017b; Lovelace and Dumont,

2017), alignment (Li and O'Donoghue, 2016), validation methods (Li and O'Donoghue, 2013),

and the general state of the art (Li and O'Donoghue, 2013; O'Donoghue and Dekkers, 2018).

However, there is limited evidence available on best practice of transition probability develop-

ment for dynamic microsimulation outlining common methods, model selection and assessment

of model �t in and out of sample performance and validation.

The paper provides case study uses the UK Understanding Society annual survey data to esti-

mate change in mental well-being using Short Form 12 Mental Component Score (SF-12 MCS)

as part of the SIPHER Microsimulation for Interrogation of Social and Health Systems (MINOS)
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model. While this paper can be read as a stand-alone article, readers may also be interested in

a supplementary literature review [CITE AFTER RELEASE] that provides an overall review

of methods used to interpret and improve transition probability models. An initial Ordinary

Least Squares model is applied to estimate SF-12 MCS and shows overall poor prediction of

future state violating of several underlying model assumptions and failing to preserve trends

in SF-12 MCS mean and variance trends over time. Better presentation of the OLS model

highlights violation of these background statistical assumptions and highlights potential higher

complexity models that could better estimate SF-12 score. Sensitivity analysis of the baseline

model is also performed testing vulnerability to potential sources of uncertainty. Application

of missing data imputation using the Multiple Imputation Chained Equations (MICE) algo-

rithm, randomisation of model coe�cients, and application of the LASSO variable selection

algorithm determined the baseline model is not sensitive to model structure and coe�cients

but prediction is signi�cantly a�ected for years in which variables such as loneliness are miss-

ing in UKHLS data. Results suggested use of Generalised Linear Mixed modelling and lagged

dependent variables to account for heterogeneity over time due to inconsistent measurements

and repeated observations from the same individuals showed improved model �t better for both

model assumptions and goodness of �t metrics.

64



Chapter 3. An Example Case Study on the Application of Transition Dynamics for Discrete
Time Dynamic Microsimulation 3.3. Baseline SF-12 MCS Transition Probability Model

3.3 Baseline SF-12 MCS Transition Probability Model

3.3.1 The MINOS Dynamic Microsimulation framework

Within a UK context, initial work on dynamic microsimulation applications included models

such as PENSIM2 and DYNASIM (Li and O'Donoghue, 2013). These microsimulations es-

timated long term change in pension contribution and other economic outcomes for United

Kingdom households using simplistic but highly reliable transition dynamics. Further work ex-

tended these applications to health outcomes exploring the change in further health economics

outcomes (Skarda et al., 2021; Spielauer et al., 2007), as well as hospital clinical trials simu-

lating disease prognoses and resource management (Rutter et al., 2011). These applications

highlight the potential for novel applications of dynamic microsimulation in the UK and other

international contexts.

As data becomes available there is now increasing interest applying dynamic microsimulation to

estimate both mental and physical well-being outcomes (Kopasker et al., 2023; de Oliveira et al.,

2024). Recent literature (de Oliveira et al., 2024; Kopasker et al., 2023; Katikireddi et al., 2022;

Broadbent et al., 2023) is increasingly estimating mental well-being outcomes for the United

Kingdom population in response to multiple crises including the coronavirus pandemic, high

energy prices and general cost of living, and transition to carbon neutrality.

There is strong potential for microsimulation to address these mental well-being issues as part

of wider complex systems thinking framework (Meier et al., 2019; Sch•unemann et al., 2024) that

requires holistic consideration of seemingly unrelated aspects of human population behaviour

when implementing policy. For example, this approach requires consideration of health out-

comes for non-health policies in other sectors such as employment and transport (Meier et al.,

2019). Exhaustive exploration of all possible variables that could in
uence behaviour requires

consultation with domain experts and literature evidence combining this data into causal loop

diagrams (Meier et al., 2019; Sch•unemann et al., 2024). These diagrams are then emulated

using interpretable microsimulation models (Zaidi and Rake, 2001) creating narratives (Meier

et al., 2019; Sch•unemann et al., 2024) describing why policies enact change. These narratives

can be shared across sectors and to the general public, increasing trust in these simulations

and the results that they produce. The MINOS model contributes towards interpretable mi-

crosimulation as part of a complex systems thinking framework using transparent open source

data and code as well as a 
exible modular design facilitating review of model structure and

easier application to new scenarios. The MINOS model can then be used to generate evidence

evidence for these narratives using transition models demonstrated within this paper.

The Microsimulation for Interrogation of Social and Health Science Systems (MINOS (Clay

et al., 2023; Lomax et al., 2023)) model has been developed by the SIPHER consortium. The

MINOS model is fully open source, written in the R and Python languages, and utilising data

that are readily available to academic research teams. MINOS estimates the health e�ect of

non-health policies on the wider population and speci�c vulnerable subgroups as part of wider
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Figure 3.1: The SIPHER (Consortium, 2023) causal loop diagram between household disposable
income and health used to inform construction of MINOS transition model pathways.

systems thinking (Meier et al., 2019). A simpli�ed structure of the transition probability models

used in the MINOS model is provided in Figure 3.2. This demonstrates how the microsimulation

applies policy interventions to household disposable income before a �nal estimation of mental

well-being outcomes using SF-12 MCS score (Lawrence and Fleishman, 2004). The remainder of

this paper sets out how the Mental Health module was developed for MINOS starting with initial

theory driven speci�cation, parameterisation of causal loop diagrams conditional on available

data, and optimisation of an initial simple linear regression model predicting future SF-12 MCS

state.

3.3.2 Causal Loop Diagram Re�nement into an Associative Pathways for an

SF-12 MCS Transition Probability Model

Initial development of an SF-12 MCS transition probability module began with a detailed

disposable income to health causal loop diagram (CLD) developed by a multidiciplinary team

of academic and policy partners who form the SIPHER consortium (Hill O'Connor et al., 2023;

Campbell et al., 2023; Consortium, 2025) in Figure 3.1. The process used to construct this CLD

is described elsewhere (Campbell et al., 2023; SIPHER Consortium, 2025; Consortium, 2025)

outlining how causal literature evidence and opinion from community member and academic

expert panels describes causal relationships between individual, household, and neighbourhood

characteristics. This diagram describes the pathways between changes in household disposable

income and health in the United Kingdom population and can be used to construct narratives

highlighting which nodes a policy intervenes upon, and propagation through causal pathways

to desired health outcomes.
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Figure 3.2: High Level pathways derived from SIPHER consortium causal systems maps. These
pathways indicate key variables that are in
uenced by change in household disposable income
and go on to in
uence change in SF-12 MCS score. Each pathway module contains a series of
related transition probability models.
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The MINOS model is used to emulate these causal relationships. Following the wider microsim-

ulation literature, this causal loop diagram is partitioned into a series of transition probability

modules each predicting future state for some subset of nodes (Arnold et al., 2019). A tran-

sition model de�nes some dependent variables that represent each node as well as a model

structure and independent predictor variables estimating all incoming causal relationships from

other nodes. Variable choices are highly dependent on available data. The choice of model is

similarly driven by variable availability and the need to deliver e�cient performance within the

dynamic microsimulation framework (Andreassen et al., 2020; Zinn et al., 2014; Zaidi and Rake,

2001). Application of true causal modelling is rare in microsimulation due to the event-based

data required that is not currently present in administrative cross-sectional data (Skarda et al.,

2021; Kouser et al., 2021; Katikireddi et al., 2022). Associative modelling techniques are typi-

cally used to approximate future state rather than fully emulate a causal sequence of life events

(Zaidi and Rake, 2001). For the MINOS SF-12 MCS model, the choice of predictor variables

and model structure are de�ned in more detail in the following section.

Fitted SF-12 MCS transition model discussed throughout the remainder of this article un-

derwent several internal SIPHER reviews with domain experts assessing the initial income to

health CLD and choice of predictor variables and model structure. Each predictor variable is

examined to ensure it su�ciently represents each CLD node and connecting causal pathways.

Any potential pathways that cannot be estimated by a transition model must be justi�ed with

particular consideration on how this assumption may bias future prediction. Conversely, the

choice of predictors can highlight any potential gaps in the CLD due to insigni�cant variables

or poor model �t. This review process is performed iteratively updating the CLD, predictor

variables, and output interpretation in sequence.

For the MINOS microsimulation this review was performed by compiling transition model out-

put into R. notebooks shared internally within the SIPHER consortium. Signi�cant re�nement

based on available data and desired modelling using simple linear regression resulted in a �nal

SF-12 MCS model structure as well as the full series of modules provided in Figure 3.2.

3.3.3 Data

The United Kingdom Household Longitudinal Survey (UKHLS) (Benzeval et al., 2020) consists

of 13 waves (2009� 2021) with a sample in 2009 of circa 40,000 households, designed to be

representative of the UK population. At time of writing wave 13 had just been released, our

results use waves 1� 12. The UKHLS contains hundreds of attributes across numerous categories

including demographics, labour state, education and health in both household and individual

respondent �les. SF-12 MCS score (Lawrence and Fleishman, 2004) is our outcome variable of

interest. SF-12 MCS is available in all 12 waves of data. SF-12 MCS provides a continuous

score of mental well-being derived from 12 binary questions using principal component analyses

(Lawrence and Fleishman, 2004). This score is normalised to approximate a Normal distribution

with mean 50 and variance 102, providing a single continuous mental functioning score between 0

(low functioning) and 100 (high functioning) (Lawrence and Fleishman, 2004). Use of a Normal
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variable is favourable due to its extensive use in microsimulation, availability in a wide suite

of modelling techniques, goodness of �t diagnostics, and implementation in most programming

languages (Harrell Jr, 2015).

Explanatory variables used to to predict SF-12 MCS score are provided in Table 3.1, all of

which have been shown to in
uence mental well-being or have been identi�ed in previous ev-

idence synthesis and exploration of available UKHLS variables (Hill O'Connor et al., 2023;

Tsuchiya et al., 2022). These include demographic variables (age, sex, and ethnicity (Burdine

et al., 2000)), education state (Jones, 2017), net household income (Jones, 2017), labour state

(Burdine et al., 2000), and NS-SEC socioeconomic group (Chandola and Jenkinson, 2000). Five

further key variables for the prediction of SF-12 MCS (Hill O'Connor et al., 2023) including

loneliness, smoking via weekly cigarette consumption, nutrition quality, housing quality, and

neighbourhood safety are omitted from the baseline model. Loneliness and cigarette consump-

tion are not available in any waves from 2011� 2013. Housing quality, nutrition quality, and

neighbourhood safety are proxy variables not directly present in UKHLS data and must be

derived using formulae (Tsuchiya et al., 2022) derived elsewhere. These proxy variables are also

only available every three years and application to all waves of UKHLS data requires missing

data correction provided in Section 3.5. An individual identi�er (pip) is included to track which

repeated observations belong to which individual for use in longitudinal modelling. This is an

intentionally small subset of variables to allow application of methodology to other datasets with

more limited resources and encourage parsimonious modelling. If further mutable variables are

included they require their own transition models that can exponentially increase microsimula-

tion complexity. There are many other strong predictors of SF-12 MCS that are not included

such as loneliness and housing quality because of limited availability across waves, high data

missingness, or di�culty in applying a transition probability model.

A subset of three years of UKHLS data (2011-2013) is used in this study, providingn = 139813

observations fromk = 48111 unique individuals. This represents a period where data availability

for variables in Table 3.1 is as good as possible (see imputation below). Further data up to 2020

are reserved for model validation.

Preprocessing UKHLS data is done in two stages. The �rst stage is variable encoding. Many

categorical variables are rede�ned from integer to string values. This is mainly for readability as

it is easier to read `employed' than `labour state 2'. Categorical variables that are re-encoded are

speci�ed in Table 3.1 The second stage is missing data correction. Only 41% of all observations

are complete. Missing values in the NS-SEC, SF-12 MCS, education and ethnicity variables

account for over 99% of all missing data. The baseline model only uses complete cases such

that any individual observation with missing values for variables in Table 3.1 are removed.

This is also applied to SF-12 MCS observations at the next point in time. For example, an

observation in 2011 that does not have an SF-12 MCS value in 2012 is removed. It is impossible

to estimate a transition to the next state with no data. After complete case correction there

are n = 57195 remaining observations.
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Variable Name Description Units
SF-12 MCS SF12 Mental Component Score Continuous (0-100)
pidp Personal identi�er Integers > 0
time Interview Year (2011, 2012, 2013)
sex Subject Biological sex Categorical M/F
age Subject Age Years
ethnicity Subject Ethnicity Categorical (reference White

British)
education state Highest education quali�cation

achieved
Categorical (reference GCSE)

labour state Current labour state Categorical (reference Em-
ployed)

region Administrative Region Categorical (reference London)
net hh income Net Household Income Continuous
NSSEC NS SEC socioeconomic class Categorical (reference unem-

ployed)
ncigs Weekly Cigarette consumption Counts (> = 0)
housing quality Housing Quality Ordinal (1-3)
neighbourhoodsafety Neighbourhood Safety Ordinal (1-3)

Table 3.1: Variables from the Understanding Society (UKHLS) dataset used to predict SF-
12 MCS. Full discrete variable encodings are provided in online supplementary materialhttps:
//leeds-mrg.github.io/Minos/.

3.3.4 MINOS SF-12 MCS Module

Baseline prediction of SF-12 MCS is achieved using ordinary least squares (OLS) regression

(Harrell Jr, 2015). SF-12 MCS score at the next point in time t + 1 is estimated as a linear

function of the variables speci�ed in Table 3.1 at time t. Next the SF-12 MCS state is estimated

using a linear equation given as

log(SF-12 MCS+10) = � 0 + (sex � � 1) + (age � � 2) + (ethnicity � � 3) + (education state � � 4)

+ (labour state � � 5) + (region � � 6) + (net householdincome� � 7)

+ (NSSEC � � 8)

The OLS is straightforward to implement using the R (R. Core Team, 2021) `lm' function. Model

�t is assessed using model coe�cients provided in Table 3.2. There are a number of signi�cant

coe�cients that have established association with mental well-being. Being male, higher gross

household income, higher education, higher job quality (NS-SEC), and being outside of the

London region all have a positive association with SF-12 MCS. Most minority ethnic groups

and those in vulnerable labour states such as Sick/Disabled or Maternity Leave indicate lower

values of SF-12 MCS. Many attributes such as Government Training and the Other Black (OBL)

ethnic group have small sample sizes and large con�dence intervals suggesting it is di�cult to

infer anything meaningful. An adjusted R2 (Harrell Jr, 2015) score of 0:034 suggests this OLS

model is a poor �t for estimation of SF-12 MCS.
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Out of sample performance is also assessed using 5-fold cross validation using the R. caret

package. The baseline model is assessed using Root Mean Squared Error (RMSE) (Harrell Jr,

2015; McLay et al., 2015) score comparing reserved test data against predictions for each of the

5 folds. The mean and variance of these 5 RMSES scores isRMSE = 0 :223� 0:015 which is

used for comparison against further modelling in this paper.

Baseline SF 12 OLS

(Intercept) 4 :0073 (0:0036)���

factor(sex)Male 0 :0353 (0:0013)���

relevel(factor(ethnicity), ref = "WBI")BAN 0 :0008 (0:0054)

relevel(factor(ethnicity), ref = "WBI")BLA 0 :0319 (0:0046)���

relevel(factor(ethnicity), ref = "WBI")BLC 0 :0009 (0:0048)

relevel(factor(ethnicity), ref = "WBI")CHI 0 :0141 (0:0093)

relevel(factor(ethnicity), ref = "WBI")IND 0 :0113 (0:0037)��

relevel(factor(ethnicity), ref = "WBI")MIX � 0:0155 (0:0047)���

relevel(factor(ethnicity), ref = "WBI")OAS � 0:0006 (0:0054)

relevel(factor(ethnicity), ref = "WBI")OBL 0 :0289 (0:0158)

relevel(factor(ethnicity), ref = "WBI")OTH � 0:0150 (0:0105)

relevel(factor(ethnicity), ref = "WBI")PAK � 0:0144 (0:0042)���

relevel(factor(ethnicity), ref = "WBI")WHO 0 :0014 (0:0033)

scale(age) 0:0441 (0:0010)���

factor(education state)1 0:0248 (0:0042)���

factor(education state)2 0:0128 (0:0018)���

factor(education state)3 0:0120 (0:0024)���

factor(education state)5 0:0104 (0:0025)���

factor(education state)6 0:0204 (0:0022)���

factor(education state)7 0:0233 (0:0025)���

factor(labour state)FT Education 0 :0629 (0:0037)���

factor(labour state)FT Employed 0 :0178 (0:0033)���

factor(labour state)Job Seeking � 0:0467 (0:0038)���

factor(labour state)Not Working � 0:0221 (0:0033)���

factor(labour state)PT Employed 0 :0196 (0:0035)���

relevel(factor(NSSEC), ref = 1)1 0 :0182 (0:0043)���

relevel(factor(NSSEC), ref = 1)2 0 :0176 (0:0036)���

relevel(factor(NSSEC), ref = 1)3 0 :0153 (0:0026)���

relevel(factor(NSSEC), ref = 1)4 0 :0203 (0:0029)���

relevel(factor(NSSEC), ref = 1)5 0 :0276 (0:0032)���

relevel(factor(NSSEC), ref = 1)6 0 :0313 (0:0035)���

relevel(factor(NSSEC), ref = 1)7 0 :0202 (0:0026)���

relevel(factor(NSSEC), ref = 1)8 0 :0290 (0:0030)���

relevel(factor(region), ref = "London")East Midlands 0 :0125 (0:0030)���

relevel(factor(region), ref = "London")East of England 0 :0130 (0:0029)���

relevel(factor(region), ref = "London")North East 0 :0006 (0:0037)

relevel(factor(region), ref = "London")North West 0 :0035 (0:0028)

relevel(factor(region), ref = "London")Northern Ireland 0 :0245 (0:0037)���

relevel(factor(region), ref = "London")Scotland 0 :0202 (0:0031)���

relevel(factor(region), ref = "London")South East 0 :0094 (0:0027)���

relevel(factor(region), ref = "London")South West 0 :0161 (0:0030)���

relevel(factor(region), ref = "London")Wales 0 :0135 (0:0033)���

relevel(factor(region), ref = "London")West Midlands 0 :0008 (0:0029)

relevel(factor(region), ref = "London")Yorkshire and The Humber 0 :0053 (0:0030)

scale(hh income) 0:0094 (0:0006)���

R2 0:0561

Adj. R 2 0:0556
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Baseline SF 12 OLS

Num. obs. 94908

��� p < 0:001; �� p < 0:01; � p < 0:05

Table 3.2: Coe�cients for the OLS baseline model estimating SF-12 MCS score.
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3.4 Presentation of the OLS Model

The baseline OLS model for estimating SF-12 MCS presented in Table 3.2 is a poor �t. This

is a white box model, but interpreting the poor �t and formulating next steps for improvement

is a challenge. This section demonstrates how changing the presentation of the OLS model can

improve interpretability and aid in future development to improve model �t an robustness.

One way to improve interpretability is through better visualisation of the OLS model. Box

plots (or forest plots) are increasingly used (L•udecke and L•udecke, 2015; Jann, 2014) to display

regression coe�cients and con�dence intervals more clearly. These values are displayed in

Figure 3.3a displaying results discussed in Section 3.3 from Table 3.2.

Further goodness of �t testing can be performed using diagnostic plots and tests. For the OLS

model it is assumed that errors are homoscedastic (identically and independently distributed)

Normal distributed. There are several common diagnostic plots used to test this assumption.

Quantile-Quantile (QQ) (Harrell Jr, 2015) plots can be used to determine if a set of observations

follows a probability distribution. This plot generates a straight guide line and a plot of all

observed points. Ideally the plot of observed points sits exactly on the guideline indicating a

perfect �t. The QQ-plot for the baseline model with a Normal guide line is given in Figure 3.3c.

It is clear observations closely follow the line at mean 0 but quickly fall away with both tails

falling below the guide line. This is a commonly observed pattern that indicates residuals

are highly left skewed (Harrell Jr, 2015). Observations are not Normal distributed and more

likely follow a Gamma distribution (Harrell Jr, 2015). It also suggests the baseline model is

underdispersed and underestimates overall variance in SF-12 MCS values. We can conclude

that more information is needed to better estimate variance. This is further supported by a

comparison between the predicted and true distribution densities for SF-12 MCS provided in

Figure 3.4.

To test homoscedasticity a scale-location plot (Harrell Jr, 2015) is used. This is a scatter plot

comparing the square root of residual error terms against �tted values of SF-12 MCS. A red

line is also provided indicating the mean residual error term value as �tted values increase.

Ideally this red line is horizontal indicating the variance of error terms is constant. Any linear

trends suggest the variance changes and homoscedasticity fails (Harrell Jr, 2015). Figure 3.3d

shows the scale-location plot for the baseline model. There is a clear negative linear trend

(Harrell Jr, 2015) suggesting higher SF-12 MCS values have lower error variance. There is

clear heterogeneity in the baseline model discussed further in Section 3.7. The scale-location

plot is also useful for identifying outlier observations in the baseline model. There are several

points on the right of the graph with very high �tted values. These observations were identi�ed

as having extremely high individual household income of over£500; 000 per month. The OLS

model assumes household income linearly increases SF-12 MCS score, producing high predictions

(> 60). Handling these outliers can be done in a number of ways. One way is simply to remove

or truncate household income values above a certain amount. Another is to assume the baseline

model is misspeci�ed. A higher order household income term or piece-wise model can reduced
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the e�ect of income on well-being for very large values.

Another approach is to visualise the application of this transition probability model in a larger

microsimulation. This is done using internal validation and nowcasting (O'Donoghue and

Loughrey, 2014; Archer et al., 2021). The microsimulation is run from the past until the

present allowing for comparison with real data. In this case the microsimulation has been run

from 2013 when this the baseline OLS model was calibrated until 2021 where the latest United

Kingdom Household Longitudinal Survey data is available. The distribution of predicted and

real SF-12 MCS values can then be compared to determine goodness of �t over time which is

rarely needed outside of microsimulation. Distributions are compared using both boxplots and

ridgeline plots (Thrun et al., 2020) in Figure 3.4. It is clear that the OLS model displays se-

vere under dispersion such that the predicted variance in SF-12 MCS is much less than the true

value. Fixed e�ects regression models such as OLS will by de�nition underestimate the variance

of SF-12 MCS (Harrell Jr, 2015) and this problem is compounded by a small choice of variates.

In practice this transition probability model used in a microsimulation would estimate mean

SF-12 MCS well but increasingly underestimates variance over time. This 'regression to the

mean' will substantially e�ect output for any counterfactual scenario exploring what happens

to individuals with extreme SF-12 MCS values and emphasises the need for model selection

that preserves statistical moments over time.

This further visualisation and diagnostics of the baseline model suggests three areas for improve-

ment. First, the data are clearly not Normal distributed. Data transforms such as box-cox and

log transforms could adjust the distribution to be approximately Normal. Alternatively use of

non-Normal models such as Gamma models may be more appropriate. Second, there is insuf-

�cient information to estimate the variance of SF-12 MCS values. Most SF-12 MCS predicted

values are severely underestimated by over 10 points. Adding more variables would be a simple

next step but is not done here because it is desirable to use as small a set of variables as possi-

ble, and any variable included will also need a transition model, exponentially increasing overall

microsimulation complexity. Third, the baseline model is not homoscedastic. Relaxing this

assumption for the OLS model can be done in a number of ways explored further in Section 3.7.
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