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Abstract 

Background  It is challenging to predict long-term outcomes of interventions without understanding how they 
work. Health economic models of public health interventions often do not incorporate the many determinants 
of individual and population behaviours that influence long term effectiveness. The aim of this paper is to draw 
on psychology, sociology, behavioural economics, complexity science and health economics to: (a) develop a toolbox 
of methods for incorporating the influences on behaviour into public health economic models (PHEM-B); and (b) set 
out a research agenda for health economic modellers and behavioural/ social scientists to further advance methods 
to better inform public health policy decisions.

Methods  A core multidisciplinary group developed a preliminary toolbox from a published review of the literature 
and tested this conceptually using a case study of a diabetes prevention simulation. The core group was augmented 
by a much wider group that covered a broader range of multidisciplinary expertise. We used a consensus method 
to gain agreement of the PHEM-B toolbox. This included a one-day workshop and subsequent reviews of the toolbox.

Results  The PHEM-B toolbox sets out 12 methods which can be used in different combinations to incorporate influ‑
ences on behaviours into public health economic models: collaborations between modellers and behavioural scien‑
tists, literature reviewing, application of the Behaviour Change Intervention Ontology, systems mapping, agent-based 
modelling, differential equation modelling, social network analysis, geographical information systems, discrete event 
simulation, theory-informed statistical and econometric analyses, expert elicitation, and qualitative research/process 
tracing. For each method, we provide a description with key references, an expert consensus on the circumstances 
when they could be used, and the resources required.

Conclusions  This is the first attempt to rigorously and coherently propose methods to incorporate the influences 
on behaviour into health economic models of public health interventions. It may not always be feasible or necessary 
to model the influences on behaviour explicitly, but it is essential to develop an understanding of the key influences. 
Changing behaviour and maintaining that behaviour change could have different influences; thus, there could 
be benefits in modelling these separately. Future research is needed to develop, collaboratively with behavioural 
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scientists, a suite of more robust health economic models of health-related behaviours, reported transparently, includ‑
ing coding, which would allow model reuse and adaptation.

Keywords  Public health, Behaviour, Theory, Simulation, Economic, Sociology, Psychology, Complexity, Maintenance, 
Methods

Background
Public health interventions and health economic 
modelling
Public health interventions may include actions or activi-
ties that aim to make a person or population change 
behaviours to improve their health. They are often multi-
component and operate within complex systems, which 
means that there is not a clear boundary around the 
system and the sum of individual intervention effects is 
not equal to the outcomes at the population level due to 
the interactions between heterogeneous individuals and 
the influence of their environment. Thus, effects of public 
health interventions may be non-linear, and sometimes 
unexpected, at the macro level, with the wider context 
impacting intervention effectiveness [1].

Health economic models are used to predict the differ-
ence in costs and effectiveness between current practice 
and alternative interventions, usually over an individual’s 
lifetime, to capture all impacts of the interventions to 
inform policy decisions about how best to spend limited 
resources [2, 3]. The benefit of these models is that they 
can synthesise evidence from a range of sources and sim-
ulate possible future costs and outcomes of alternative 
interventions. Existing health economic models do not 
typically incorporate the determinants of individual and 
population behaviours that influence long term effective-
ness, yet it is essential to understand how public health 
interventions work in order to attempt to predict long-
term outcomes of interventions.

Health economic models include simple arithmetic cal-
culations, cohort state transition models, and individual 
level simulations [4]. More flexible individual-level health 
economic models can be useful when decision makers 
want to understand the different impacts of interventions 
upon individuals or different groups of the population to 
reduce health inequalities [5] or when outcomes depend 
on time or event-dependent interactions [6]. Typically, 
within these models, a population is synthesised to 
match the characteristics of the real population of inter-
est, so that every individual has their own attributes (e.g. 
age, socioeconomic status, Body Mass Index (BMI)), 
which can be updated over time [7]. These models can 
then be used to estimate the incidence and progression 
of diseases and health conditions using epidemiological 
risk equations, to estimate mortality, to assign differ-
ent resource use, costs and utilities, to test the impact of 

alternative interventions, and to report outcomes by rel-
evant subgroups.

Why is it useful to understand the influences on behaviour 
to predict behaviour and long‑term outcomes of public 
health interventions?
The effectiveness of public health interventions is 
dependent upon human behaviour. Behaviour is complex 
and multifaceted, and shaped by many influences which 
change over time. In some health economic models of 
public health interventions, only biological risk factors 
for disease, such as BMI, are incorporated [8], without 
including the contributing behaviours such as eating 
and physical activity. In others, behavioural risk factors 
(e.g., smoking) are included, but the influences upon 
these behaviours, such as those related to capability (e.g. 
knowledge/behavioural regulation), opportunity (e.g. 
environmental context, social influences) and motivation 
(e.g. beliefs, emotion, reinforcement), are not explicitly 
considered [9]. The impact of the intervention is gener-
ally estimated based on a single study or a meta-analysis 
of the effectiveness of an intervention [3] and effective-
ness evidence is often limited to 6 – 12 months follow up 
[10–12]. There is a dearth of evidence about behavioural 
maintenance resulting from interventions and there are 
no standard approaches for estimating the impacts of the 
intervention beyond the end of study follow up. Assump-
tions range from maintaining the effectiveness over an 
individual’s lifetime, to reverting to the outcomes of the 
comparator either immediately or gradually over some 
time period [13, 14]. These assumptions are usually based 
on little theory or evidence, and generally do not vary by 
individual characteristics or intervention type.

Figure  1 shows some potential alternative modelling 
assumptions beyond study follow up for a hypothetical 
intervention which reduces BMI (either by increasing 
physical activity or improving diet). The cost-effective-
ness results are based on the average differences between 
usual care and the interventions, which may be dramati-
cally different depending on which assumptions are cho-
sen [13]. For simplicity, this hypothetical example shows 
only usual care and one intervention, with three alter-
native modelling assumptions for the cohort. However, 
there are often multiple interventions to compare, and it 
may not be appropriate to make the same extrapolation 
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assumptions for each intervention or each individual, 
given that there are many factors that will affect behav-
iours over time.

During model development, assumptions about the 
effectiveness of the interventions are often treated as an 
‘add on’ to the main modelling of the current system. This 
may be because health economic modelling traditions 
were developed for the evaluation of clinical interven-
tions, where effectiveness evidence tends to come from 
randomised controlled trials and the reasons why an 
intervention works or does not work will not affect pol-
icy decisions. Yet, for public health economic evaluation, 
the benefits of developing a more detailed individual-
level simulation model are likely thwarted by the basic 
assumptions about the intervention effectiveness over the 
long-term. It is not advisable to attempt to predict future 
outcomes without any understanding of the mechanism 
of action – i.e., the processes through which an interven-
tion affects behaviour, such as by increasing motivation 
[15]. This is particularly important when policy makers 
are comparing the cost-effectiveness of several alterna-
tive interventions which are made up of different behav-
iour change techniques, some of which are more likely to 
lead to maintenance of a new behaviour than others [16].

In addition, interventions may affect different behav-
iours (e.g., eating or physical activity) or different 

elements of a behaviour domain (e.g., eating fruit and 
vegetables or salt intake). Intervention strategies may 
include taxation policies, environmental changes, ser-
vice provision, or education. Each of these intervention 
strategies has different mechanisms of action, with some 
depending more upon changing individual factors, and 
others on changing the external environment. If the same 
extrapolation assumptions are made for all interventions 
this could lead to inappropriate comparisons between 
the interventions. Moreover, different individuals may be 
more likely to maintain a behaviour than others, accord-
ing to some environmental influences, biological factors 
or psychological attributes, and subsequent inequali-
ties are likely to be important to decision makers. Thus, 
the underlying evidence, the choice of assumptions, and 
appropriate representation of uncertainty related to these 
aspects, is fundamental for informing policy decisions.

Behavioural theories and frameworks
Research undertaken within other disciplines including 
psychology, sociology, complexity science and behav-
ioural economics can help to inform assumptions about 
behaviour beyond intervention study follow up. Many 
theories and frameworks have been developed to explain 
human behaviour. These link a set of biological, psycho-
logical, social and/or environmental factors to behaviour, 

Fig. 1  Illustration of the importance of assumptions beyond study follow up

legend: The three blue/ purple dashed lines each represent an alternative modelling assumption about the effectiveness of the intervention 
beyond the study period: Body Mass Index (BMI) returning to usual-care levels within 1 year; BMI slowly increasing post-intervention, at the same 
rate as those under usual care; or BMI remaining at the lower post-intervention level for 5 years and then returning to what would be predicted 
under the usual care scenario over a further 3 years
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offering a bio-psycho-social understanding of behaviour. 
Such factors can be thought of as potential intervention 
targets for change and mechanisms of action. The effec-
tiveness of interventions for changing and maintaining 
behaviour will depend on which influences are targeted, 
and to what extent changes in these influences (e.g., 
knowledge), and the behaviour change techniques (e.g., 
providing information) and intervention strategies (e.g., 
education) used impact on behaviour. However, there is 
no one accepted behavioural theory, and there are mul-
tiple mechanisms of action and behaviour change tech-
niques [17]. Michie [18] collated 83 behavioural theories 
which could inform the development of behavioural 
interventions. Within this review, the three theories for 
which the most published papers (more than 50%) were 
identified were: (i) the Transtheoretical Model of Behav-
iour Change (which includes progression and feedback 
loops through the stages precontemplation, contem-
plation, preparation, action and maintenance, allowing 
for relapse) [19]; (ii) The Theory of Planned Behaviour 
(which links attitude, subjective norms, perceived behav-
ioural control and intentions to behaviour) [20]; and (iii) 
Social Cognitive Theory (which links the interaction 
between the individual, environment and behaviour with 
behavioural capability, observational learning, reinforce-
ment, expectations and self-efficacy) [21].

Recent literature encourages the use of behavioural 
theories to inform public health intervention develop-
ment to understand what works for whom in which con-
texts [22]. However, many existing studies do not report 
their theoretical basis [23] and a narrative synthesis of 
nine systematic reviews found no difference in the effec-
tiveness of interventions that were theory-based versus 
non-theory-based [24]. The study authors suggested that 
this could be due to limitations with the theories used, 
(with two of the most widely used having had calls to 
be retired [25, 26]) or issues with fidelity and the way in 
which they were applied.

The Behaviour Change Wheel developed by Michie 
et al. [27] has become an important framework for devel-
oping interventions, because it provides a coherent and 
comprehensive approach. It was developed based upon 
a systematic review of the literature and subsequently 
tested for reliability. The Behaviour Change Wheel 
includes influences on behaviour at the hub, with a wide 
range of intervention types and policy options set out in 
the middle and outer layers of the wheel. There are then 
tables to facilitate a systematic selection of intervention 
strategies and behaviour change techniques according 
to a behavioural analysis. The influences on behaviour at 
the hub are conceptualised through the COM-B model 
of behaviour, where Behaviour can be explained by a 
combination of Capability, Opportunity and Motivation. 

Capability includes physical (e.g., skills/ strength) and 
psychological (e.g., knowledge, memory, attention and 
decision making, behavioural regulation) factors; Moti-
vation includes reflective (e.g. beliefs, intentions, iden-
tity) and automatic (e.g. emotion, reinforcement) factors; 
and Opportunity includes physical (e.g. environmental 
context and resources) and social (e.g. norms, culture) 
influences.

Any theory that is used to develop the interventions is 
generally ignored when they are evaluated within a health 
economic model. This is partly because health economic 
modellers tend to use methods developed for the evalu-
ation of clinical interventions, and partly due to limita-
tions of existing behavioural theories, including data 
limitations to support them and the fidelity with which 
they are implemented in the interventions. To predict 
the long-term effectiveness of interventions, it is impor-
tant to understand the precise content and context of the 
interventions [1]. Combining behavioural theory with 
modelling, as has been done in other fields such as natu-
ral resource management [28], could help to understand 
the longer-term impacts of a range of interventions with 
different mechanisms of action upon individuals with dif-
ferent attributes.

Why might it be important to consider the influence 
of social networks and the broader environment?
While many of these behavioural theories focus primar-
ily on individual psychology, there are a range of theories 
which suggest that behaviour is influenced by others, 
including our perception of others, and/ or the broader 
environment, which are discussed in this section.

There is evidence that people do not consider all pos-
sible outcomes systematically when making many behav-
ioural decisions (as is assumed in standard economic 
theory of rational choice). Instead, to cope with complex 
choices, people use heuristics which are strategies that 
enable faster decision making whilst only using some 
information [29, 30]. These heuristics have been shown 
to lead to predictable patterns of behaviour. Theory 
associated with ‘nudging’ [31] – that is, ‘any aspect of 
the choice architecture that alters people’s behaviour 
in a predictable way without forbidding any options or 
significantly changing their economic incentives’ – has 
been extensively used to develop behaviour change 
interventions [32]. Nudge theory focuses on automatic 
mechanisms (non-reflective decision making) and how 
the context can affect these in positive ways, although 
it does not exclude reflective mechanisms (deliber-
ate, highly cognitive decision making). The mnemonic 
MINDSPACE (Messenger, Incentives, Norms, Defaults, 
Salience, Priming, Affect, Commitment and Ego) has 
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been used to set out the most powerful contextual influ-
ences on automatic behaviours [32].

Social structure is about the patterns of social relation-
ships within a population. An individual’s behaviour will 
impact upon these social relationships, and at the same 
time their social connections will affect their behav-
iour [33]. For example, a physically active person may 
join a running club and make friends with other run-
ners, which might increase the amount the person runs. 
It has been suggested that friends and family influence 
weight-related behaviours and body weight [34]. People 
may influence each other through physical or online net-
works; for instance, social media is often used as a plat-
form to influence behaviour [35, 36]. The interaction of 
many individuals within a social structure can alter that 
structure and change social norms. The theory associated 
with social structure [33] is consistent with the theory 
of complex adaptive systems. Complex adaptive systems 
are made up of heterogeneous interacting elements and 
it is the relationships between these interacting elements 
which lead to potentially unexpected outcomes [37]. 
Public health interventions tend to operate within com-
plex adaptive systems [38].

Social Norms Theory proposes that behaviour is influ-
enced by perceptions of behavioural norms [39]. This 
may lead to the new behaviour becoming the social 
norm, thus changing the behaviour at the population 
level. Alternatively, social norms may make it harder for 
a new behaviour to diffuse and become the norm. It is 
therefore important to consider these interactions, rather 
than focusing solely upon the individual, to make more 
reasonable predictions.

Social Identity Theory proposes that each individual 
self-categorises based on their perceived membership of 
social groups (e.g., researcher, mother, runner) [40]. The 
extent to which they feel they share characteristics with 
other members will, in part, determine the influence of 
the group on their behaviours. The social connection to 
others affects health and wellbeing through these influ-
ences on behaviour, as well as directly through being 
able to count on social contacts (e.g., close connections 
in a running club may affect maintenance, frequency and 
length of exercise). These social connections are largely 
ignored when determining health-related outcomes 
within health economic models, yet their impact on mor-
tality has been shown to be greater than obesity, blood 
pressure and physical inactivity [41]. Social Identity The-
ory and the accompanying empirical evidence suggests 
that the focus on the individual to improve population 
health and wellbeing is insufficient [40]. In addition, the 
theory suggests that maintenance of healthy behaviour 
changes will be facilitated when an individual shifts from 
an identity for which the previous behavioural pattern 

was central to an alternative identity more supportive of 
the new behaviour (e.g., smoker to non-smoker) [42].

The life course approach recognises that over a life-
time, individuals accumulate health losses and benefits, 
and that at key forks in the life course, such as becom-
ing pregnant or beginning work, these can be magni-
fied and substantially affect future trajectories [43]. 
Thus, interventions may be more effective if they are 
targeted at specific stages of the life course. The life 
course approach recognises that by making changes to 
the environment and social norms, inequalities may be 
reduced, which may impact on life course trajectories, 
and this could benefit the whole population and future 
generations [44].

Ecological frameworks have been developed which 
draw upon multiple theories to combine both individ-
ual and environmental influences for different health-
related behaviours [45]. These frameworks recognise 
the interactions of influences across levels; however, 
they do not generally include quantifiable constructs. 
In public health it has long been recognised that inter-
ventions work best if they are provided at multiple 
levels: the individual, the community and the popula-
tion [46]. This has been best demonstrated for smok-
ing policy which has been highly successful during the 
past five decades [45]; for example, stop smoking ser-
vices provided to individuals, training programs for 
practitioners at the community level and a ban in pub-
lic places at the population level [47]. It is important to 
consider the interaction between individual level fac-
tors and changes in the broader social and environmen-
tal context. The structure of the system is a key driver 
of its behaviour [37, 48]. We therefore need to be able 
to assess the potential impacts of changing the environ-
ment in addition to being able to assess individual-level 
interventions. Health economic modelling can provide 
a method for comparing and combining these interven-
tions within one framework to explore their impacts, 
if the broader contexts that influence behaviour are 
incorporated within the models.

Summary of key influences on behaviour
Figure  2 summarises key influences on health-related 
behaviours and health economic outcomes as discussed 
in the above sections. In Fig. 2, those elements within the 
dark grey shading are typically included within health 
economic models of public health interventions, whilst 
those within the light grey shading are not [49–53]. Indi-
vidual health-related behaviours span both the light and 
dark grey shading because they are sometimes explic-
itly included. There are copious amounts of informa-
tion about the influences on behaviour from psychology, 
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sociology and behavioural economics; however, under-
standing what evidence, theories and methods are use-
ful (or not) for health economic modelling is not feasible 
within an applied research project, particularly if it is 
undertaken within the timeframes of a decision-making 
process.

Aim of the paper
The primary aim of this paper is to draw on psychology, 
sociology, behavioural economics, complexity science 
and health economics to propose a practical toolbox of 
methods for incorporating the influences on behaviour 
into health economic models. For each method, we pro-
vide a description, an expert consensus on the circum-
stances when they could be used, how the method can 

bring behavioural influences into the model, the mini-
mum resource requirements and key references. This will 
provide a useful resource for modellers to identify and 
incorporate appropriate methods and behavioural theory 
within health economic models of public health interven-
tions, to better inform resource allocation decisions.

However, there are weaknesses in current behavioural 
theories, methods and the data available to inform such 
models (see Background). Thus, we also aim to set out 
an agenda for further research for both health economic 
modellers and behavioural scientists. Since this work is 
multidisciplinary, a glossary is provided in Supplementary 
Material (“Glossary”), to clarify technical terminology. This 
paper is accompanied by a website which provides a more 
interactive version of the toolbox [54].

Fig. 2  Influences on health-related behaviours and outcomes
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Methods
A consensus approach between experts from multiple 
disciplines was used to progress current methods. First, 
our multidisciplinary core team (HS, MK, NG, FS, RCP) 
undertook a literature review to identify and review all 
existing methods to incorporate health-related behaviour 
within simulation models across disciplines [55]. Based 
upon this, we developed a draft methods toolbox for 
incorporating behavioural theory within health economic 
models. We used an existing health economic model of 
diabetes prevention [8] initially to test and develop the 
toolbox conceptually. We used an agent-based model 
which investigated how behavioural theory can be used 
to predict population-level alcohol consumption patterns 
[56] to consider what would be necessary to develop 
such a simulation into a health economic model. Both 
are described in Supplementary material (“The School 
for Public Health Research (SPHR) diabetes prevention 
model” and “The agent-based model of alcohol consump-
tion”  respectively). We used these models because they 
were developed by some of the co-authors, so key ele-
ments of the model development process were known.

The core group was augmented by a wider group that 
covered a broader range of multidisciplinary expertise. 
We held a one-day in-person workshop with all 20 co-
authors in February 2023 to develop the toolbox fur-
ther. The multidisciplinary experts, based in the United 
Kingdom and Germany, were chosen according to their 
input into behavioural/ social science training courses, 
authoring key texts in their field or identification from 
the core multidisciplinary group as being a leader in 
their field. The group includes health economic mod-
ellers, health psychologists,  behavioural and public 
health researchers, sociologists,  behavioural econo-
mists, complexity scientists and agent-based modellers, 
a member of the patient and public involvement group, 
and policy makers. We circulated an early draft of this 
paper before the workshop. Within the workshop, we 
discussed how behavioural/ social science can inform 
and be informed by health economic models, the gen-
eral structure of the paper, the potential barriers to the 
methods being used, and an agenda for future research. 
We used multidisciplinary breakout groups to discuss 
topics in more depth, followed by sharing key points 
and whole group discussions. Each breakout group had 
a designated note taker and a worksheet for all other 
authors to contribute notes. We narratively shared the 
outcomes of the workshop with the whole group and 
updated the toolbox accordingly. We subsequently col-
laboratively and iteratively developed improved ver-
sions of the toolbox, until qualitative agreement was 
reached between all authors.

We used the Behaviour Change Wheel [27] (described 
in the Background) to set out the requirements of inter-
ventions to encourage modellers to use behavioural the-
ory within health economic models (see Supplementary 
Material, “A COM-B analysis of the use of a toolbox by 
modellers to incorporate the influences of behaviour 
into health economic models”). The content of this paper 
was designed to meet some of these requirements, there 
is an accompanying website to make the toolbox more 
accessible [54], and the remainder of these requirements 
are described within the agenda for further research 
(see Discussion). The ‘Results’ section of the paper sets 
out the toolbox, which is made up of a decision frame-
work for choosing which methods might be appropri-
ate (Table 1), a tabulated summary description of all the 
methods included in Table  1 (Table  2) and a full narra-
tive description of each method and when to use (with 
each numbered heading describing a different method). 
The intention is that the user will employ the decision 
algorithm (Table  1) to make decisions about appropri-
ate methods and then access the summary table (Table 2) 
and the narrative description to find out more about the 
appropriate methods as needed.

Results
A decision framework to help modellers incorporate 
the influences on behaviour within their health eco-
nomic models of public health interventions is shown 
in Table  1 below. This is divided into 2 main sections: 
Part 1 includes approaches that should always be con-
sidered if feasible for understanding the problem and for 
choosing and describing interventions. Part 2 includes 
approaches for developing the model structure, depend-
ent on the characteristics of the behaviour(s) of inter-
est and the type of question being assessed within the 
model. The user should consider each question in Part 2 
in turn, and methods are not mutually exclusive, so for 
example it may be appropriate to use a combination of 
agent-based modelling (ABM) and econometric analy-
ses. Table  2 shows summary information about each of 
the methods included within Table  1, including what 
the method is, when and why it could be used, how it 
brings behavioural influences into the model, minimum 
data or input required, and key references about the 
method. The use of each method will be dependent upon 
practical considerations, in particular the time available 
within the decision-making process. However, since this 
would be a factor for all the methods outlined, it has 
not been explicitly stated for each one. The methods are 
described in detail within the remainder of the paper. 
Many of the methods are highly resource intensive, and 
some approaches for reducing this, where possible, are 
outlined.
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The combination of the decision framework and the 
description of the methods provides a toolbox for model-
lers to incorporate the Influences on Behaviour into Public 
Health Economic Modelling (‘the PHEM-B toolbox v1.0’). 
It is worth noting that the aim is not to identify all meth-
ods for public health economic modelling, but those which 
would allow the influences on behaviour to be incorporated 
to better predict the impacts of public health interventions.

Method 1: Collaboration between health economic 
modellers and behavioural/ social scientists throughout
Collaboration is about working together towards a shared 
goal to produce better outcomes than could be achieved 
individually. There would be a benefit to greater collab-
oration between behavioural and social scientists and 
health economic modellers in a cyclical process of inter-
vention development and evaluation [57, 58]. This would 
align with the latest guidance for developing and evalu-
ating complex interventions [1]. Collaboration could 
enable better understanding by health economic model-
lers and behavioural scientists about which elements of 
their research are important for achieving shared goals 
and how they can inform each other. Early health eco-
nomic model development/ input may lead to the conclu-
sion that it is not worthwhile to study the effectiveness 
of a public health intervention, or it could inform useful 
data collection for evaluation. Psychologists, sociologists 
and/ or behavioural economists could help modellers to 
understand the evidence, the behavioural theory used to 
develop interventions, and to help inform assumptions 
beyond study follow up where no or limited data exist.

The APEASE criteria has been developed for assessing 
interventions at any stage of development or evaluation 
[59, 90, 91]. This comprises Acceptability, Practicabil-
ity, Effectiveness (and cost-effectiveness), Affordability, 
Spill-over effects, and Equity, and if any of these are not 
deemed by stakeholders to be met then the intervention 
should not be considered. Throughout this paper, stake-
holders include members of the public affected by the 
interventions, people delivering the interventions and 
commissioners of the interventions. The APEASE criteria 
could be used to develop shared goals for collaboration. 
Within a health economic model, Effectiveness, Afford-
ability, Side-effects and Equity can be explored, whilst it 
would not be worthwhile assessing interventions within a 
health economic model if they were not considered to be 
acceptable or practical by stakeholders.

Method 2: Reviewing the literature for (a) theories 
used to develop the interventions and (b) behaviour 
maintenance studies
Teams evaluating the effectiveness and cost-effectiveness 
of a set of interventions could identify which theories 

were applied (if any) when interventions were developed, 
if these are reported. The interventions and their influ-
ences could then be added to a behavioural systems map 
(see Method 4). This information can be presented to and 
discussed with policy makers and other relevant stake-
holders to help select interventions for evaluation. Behav-
ioural theory could be qualitatively utilised to inform 
long term assumptions within both cohort and individual 
level models. Where intervention studies present theory 
of change diagrams (identifying an intervention’s impact, 
outcomes, outputs, activities, and inputs and describ-
ing why interventions will create which outcomes) these 
could be used to inform long term assumptions.

Most existing theories and intervention studies focus 
upon behaviour change rather than behaviour mainte-
nance (i.e. sustained behaviour over more than 6 months) 
[60]. The influences on behaviour change should not be 
assumed to be the same as those affecting behaviour 
maintenance. For the prevention of many non-commu-
nicable diseases, the goal is to maintain healthier behav-
iour over the longer term, to impact long term health 
outcomes. Different interventions are likely to work in 
different ways, and in different populations, and hence 
some interventions may be more likely to assist behav-
ioural maintenance rather than others. Most studies 
report only the effectiveness of the interventions over 6 
or 12 months. There are a small number of intervention 
studies which are designed to capture behaviour mainte-
nance outcomes, as well as some meta-analyses of these 
studies, mainly for physical activity maintenance [16, 61, 
92–95]. A literature search for relevant behaviour main-
tenance studies could be undertaken. It may be possible 
to apply these studies to inform model predictions; how-
ever, outcomes are still relatively short term (generally, a 
maximum of three years of data), and only average effects 
are reported. These data could be used directly, or to 
inform elicitation, or as a calibration target. Information 
specialist input would be required to design these litera-
ture searches.

Method 3: Application of the behaviour change 
intervention ontology to describe interventions to model
The behaviour change intervention ontology (BCIO) [63] 
has been developed to provide consistent language within 
which to describe interventions, including the mode of 
delivery, setting, source, schedule and dose, population, 
method of engagement, style of delivery, behaviour change 
techniques (the content of the interventions), mechanisms 
of action (how the interventions work), human behaviour 
and intervention fidelity [62]. The TIDieR Checklist has 
previously been developed to improve reporting of inter-
ventions [96], which includes many of these elements and 
may be less resource- intensive. However, the benefit of 
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the BCIO is that for each label in the ontology there is a 
unique ID number. This can facilitate consistency between 
intervention development and evaluation, and across mod-
els and theories. It can also enable the synthesis of similar 
interventions within meta-analysis which can be computer 
automated, which can be used within the health economic 
modelling. Specifying the detail of the interventions in this 
way could also help in informing the behavioural systems 
map and understanding the potential long-term impacts 
of the interventions. It is yet to be determined whether 
the BCIO fully captures all elements of interventions, for 
example behavioural economic interventions; however, 
the intention is that the ontology will be updated accord-
ingly within future versions when elements are found to be 
missing.

Where a set of interventions are being assessed in com-
bination in the model, but effectiveness evidence is only 
available for the individual interventions, the content of 
the interventions and behavioural theory could be used 
to understand the mechanisms of action. If they operate 
through completely different mechanisms because their 
content is different, then assuming an additive effect may 
be appropriate; and if some overlap, then a multiplicative 
effect. In addition, based upon the themes identified for 
behaviour maintenance [60], maintenance motivation, 
resources, environmental support and self-efficacy are all 
required for behaviour maintenance. Thus, interventions 
which impact all of these, when combined, may substan-
tially increase the probability of behaviour maintenance 
compared with any of the interventions alone. Since 
within a health economic model it is necessary to pre-
dict the impact of the interventions over the long term, 
this could be used to help choose plausible long-term 
assumptions of intervention combinations.

Method 4: Behavioural system mapping
Behavioural systems mapping is a developing method 
which uses systems thinking to diagrammatically repre-
sent relationships between the behaviour(s) of interest, 
interventions, actors, and the influences on behaviour, 
for the purpose of helping decision-makers or other 
stakeholders to understand systemic influences on 
behaviour(s) of interest [64] and the implications for 
interventions. Squires et  al. [38] proposed the use of 
systems mapping to understand the problem needing 
to be modelled prior to developing the health economic 
model to understand relationships between factors and 
to help decide what to include and exclude from the 
model, but this framework did not consider influences 
on behaviour explicitly. To be able to model what may 
happen over time, modellers need to gain an understand-
ing of the influences on the behaviour(s) and the impact 
of the intervention(s) upon the behaviour(s). Figure  2 

within this paper and formal behavioural theories, along-
side input from behavioural scientists, could be used to 
inform the development of a behavioural systems map. 
These could include both micro variables which describe 
individual attributes (e.g., motivation) and macro ele-
ments which describe aggregate level phenomenon (e.g., 
social network structures), and the potentially causal 
relationships between them. If the policy makers are aim-
ing to reduce inequalities and/or consider intersection-
ality, then it will be important to consider the different 
influences impacting upon relevant groups of interest.

Describing these influences within a systems map will 
provide a tool for communication between behavioural 
and social scientists and health economic modellers 
and other stakeholders, increasing the understanding of 
the problem and facilitating the development of a use-
ful model (see Supplementary material, “The School for 
Public Health Research (SPHR) diabetes prevention 
model”, for an example). Behavioural systems mapping 
can provide a transparent process through which to 
make decisions about what is included (or not) within the 
health economic model. It can also facilitate discussion 
about the social value judgements which may be made. 
The outcomes reported by intervention studies may limit 
what quantitative analyses can be done within the model, 
for example if only body mass index is reported rather 
than physical activity or dietary outcomes or the mecha-
nisms of action associated with these. In addition, stud-
ies often do not report outcomes according to attributes 
associated with inequality (for example, by ethnic minor-
ity or gender) or intersectionality (for example, by Asian 
women). In these cases, behavioural systems mapping 
may provide a qualitative understanding of the micro and 
macro level influences, which can help to inform what 
to include and exclude from the model, assumptions 
beyond study follow up, and what further data collection 
may be useful.

Behavioural systems maps can be developed from par-
ticipatory stakeholder input [66], and/or other sources 
including qualitative research such as interviews or 
quantitative analysis based on surveys [65]. These could 
either be developed at an early stage and could help to 
inform the choice of interventions to assess, or if the 
interventions have already been chosen, the theory used 
to develop the interventions (where available) could be 
incorporated.

Method 5: Agent based modelling
Agent-based modelling (ABM) is an individual-level sim-
ulation approach where the agents are given rules about 
their interactions with each other and their environment, 
which may depend on their individual characteristics 
[67]. It differs from typical microsimulation modelling 
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because it is possible to incorporate interactions and 
feedback by explicitly modelling social networks and/ or 
the physical (built and natural) environment [71]. These 
interactions enable the analysis of emergent proper-
ties and tipping points where a new behaviour becomes 
the social norm over time. Whilst it is possible to model 
proximity to place within typical microsimulation mod-
els, more complex rules about the influence of social net-
works and the physical environment upon behaviour can 
be incorporated, as well as the possibility of changes to 
the environment as the behaviour of individuals changes. 
Individuals can be given different rules according to their 
psychological attributes or individual characteristics, 
which enables the impact of influences upon people’s 
behaviour to vary. In turn, this allows for more nuanced 
understanding of the equity impact of different interven-
tions, including potential for disaggregation of results 
by intersectional subgroups. It is also possible to model 
multiple types of agents, for example, consumers and 
tobacco companies. There may be interactions between 
the behaviours of these different types of actors which 
lead to unexpected outcomes. It may be feasible to vali-
date emergent population level impacts of the interven-
tions with data.

If feasible given the resources available, ABMs are 
preferable over other modelling approaches when one 
or more of the following holds: (i) It would be useful to 
explore the impact of interactions between the behav-
iours of different stakeholders, such as the public and 
the tobacco industry; (ii) The model aims to assess the 
cost-effectiveness of interventions about access to places 
affecting public health, such as green spaces or food out-
lets; AND there is evidence of substantial interaction 
between the environment and behaviour; or (iii) There is 
evidence that social networks will substantially affect rel-
evant outcomes (beyond what was reported in the inter-
vention studies), which may include impacts on health 
inequalities AND it is unclear whether the interventions 
would be cost-effective without accounting for these 
additional impacts.

Models should be as simple as possible to capture the 
key drivers of the outcomes, and hence it is important to 
weigh up the benefits of developing an ABM and includ-
ing the influences on behaviour within the model versus 
the time and resources required to build such a model. In 
some cases, there is very little evidence about the costs 
and/or effects of public health interventions in changing 
short term outcomes even at an aggregate level [3, 97], 
hence more evidence needs to be collected before more 
complex models could be usefully parameterised for pre-
diction. In addition, models are only useful if they are 
credible to stakeholders and policy makers. It may be that 

increased complexity may decrease credibility, and hence 
it will be beneficial to co-design models with stakehold-
ers, discussing alternative modelling options, as well as 
reporting modelling methods and assumptions transpar-
ently [98].

ABMs require individual-level data about the popula-
tion containing the key variables of interest and some evi-
dence to inform the rules of the agents. One of the major 
advantages of ABM is its flexibility; any of the influences 
on behaviour outlined within Fig.  2 could be incorpo-
rated in an ABM if required, using a range of data, from 
qualitative to quantitative. Rules for the agents could 
be informed by (a combination of ) behavioural systems 
mapping, qualitative research, heuristics, behavioural 
theory, statistical or econometric analyses, or secondary 
literature.

A few attempts have been made to incorporate psycho-
logical theory within ABMs of public health interven-
tions [55]. These studies demonstrate the potential, but 
also the substantial time, skill and data requirements for 
such evaluations. Little justification is usually provided 
for the theory chosen, though some studies have under-
taken systematic reviews [99] and conceptual modelling 
with expert input to identify the most appropriate the-
orical basis [100]. The only behavioural theory which has 
been quantified within a simulation model to date that 
considers behaviour maintenance explicitly is the Tran-
stheoretical Model of Change [100, 101]. This involves 
the stages: Precontemplation; Contemplation; Prepa-
ration; Action; and Maintenance, and it acknowledges 
the possibility of relapse. It has, however, been heavily 
criticised in the health psychology literature because it 
ignores habits and situational determinants of behav-
iour [26]. Buckley et  al. [102] used dual process theory 
within a simulation model of alcohol consumption, with 
a habitual pathway and an intentional pathway, and a rec-
ognition that new habits in terms of alcohol consumption 
could be formed—a key determinant of behaviour main-
tenance [60]. Other simulation models that have quan-
tified behavioural theory have updated the parameters 
at each time step but assumed the same mechanisms of 
behaviour maintenance as behaviour change [55]. The 
developers of the COM-B model have considered sus-
tained behaviour change and suggest that changes to 
capability, opportunity and motivation must be mutually 
reinforcing for behaviour to be maintained [103].

It may be possible to utilise (or adapt) existing agent-
based models of public health behaviours which use 
empirical data, and then incorporate the costs and effects 
of the interventions being assessed; however, many 
ABMs are developed to explore a population-level phe-
nomenon over a short timeframe, so may not be easily 
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modifiable for the purposes of health economic model-
ling (see the alcohol consumption example in the Sup-
plementary Material, “The agent-based model of alcohol 
consumption”). Models built in modular form can be 
combined and reused, particularly if shared using open-
source software. This would make it more feasible to 
build ABMs within the constraints of a policy making 
process. It would be possible to modify an existing indi-
vidual level health economic model to incorporate the 
effects of social networks or the environment (see the 
diabetes prevention example in Supplementary material, 
“The School for Public Health Research (SPHR) diabetes 
prevention model”). A software architecture has recently 
been developed for mechanism-based social system 
modelling to incorporate behavioural and social theories 
within ABM [69]. Changes in macro level behaviours are 
generally determined by the interactions between micro 
level behaviours and macro level behaviours; however, 
it is also possible to use differential equations to repre-
sent macro level (behavioural) changes if they are not 
explained by the included micro level variables.

Method 6: Differential equation modelling
Differential equation models, including system dynamics 
models, use differential equations to capture the rates of 
change of a set of variables and the relationships between 
them [37]. These models are useful for describing the 
dynamics within the population, which may include how 
behaviour is influenced within a complex system [70, 
71]. However, it becomes more challenging to utilise this 
modelling method alone when decision makers would 
like to consider outcomes for many sociodemographic 
indicators, or when proximity to place is important in 
terms of behaviours. Differential equation models alone 
also cannot capture interactions between individuals in 
a way that would likely be useful for understanding the 
effect of interventions as they cannot explicitly capture 
different social network structures.

Method 7: Social network analysis
Social network analysis involves the collection and analy-
sis of survey data about with whom individuals interact 
and their relationships, so that social or information net-
works can be specified using lines (relationships) and 
nodes (individuals/ organisations) [72]. At the same time 
behavioural outcomes of interest can be collected, such 
as alcohol consumption. The impact of the social net-
works upon behaviours can then be assessed.

It may be that intervention studies are undertaken 
within a population or community where the impacts 
of social networks are already (implicitly) captured, for 
example studies assessing the smoking ban in public 
places. Assuming additional impacts of the interventions 

due to social networks in this situation could lead to dou-
ble counting if study follow up is sufficient. It is therefore 
important to understand the sample included within the 
intervention studies of interest; if it reflects the popu-
lation and follow up is substantial then it may not be 
appropriate or worthwhile incorporating social networks 
explicitly. However, if social influences on behaviour 
would not have been captured by the intervention stud-
ies, then social network analysis could be considered. 
Undertaking social network analysis has the advantage 
that the relationship between the social network and 
the behaviour(s) of interest can be informed by the data 
collected.

Collecting data from the full network is ideal; however, 
practically this may not be possible. Egocentric network 
analysis, which can be done by collecting relationship 
data from individuals (or ‘egos’) from a sample of the 
population who may or may not be connected, may be 
more feasible and has been shown to provide reason-
able results compared with a full network [74]. Most 
social network analysis assumes that social relationships 
are constant. Stochastic actor-based models for network 
dynamics allow social relationships to evolve over time 
as they would in practice [75]. This approach could be 
considered when an intervention might change social 
relationships, for example, if university students are given 
interventions to reduce binge drinking. It requires social 
network data for at least two time points, although pref-
erably more.

A literature search for social network analysis associ-
ated with the behaviours of interest is recommended to 
first assess the benefits of including social network analy-
sis and second for model parameterisation. Studies exist 
for some behaviours and outcomes which could be uti-
lised [104, 105] if the population is relevant. If there are 
no existing analyses and there are insufficient resources 
to undertake social network analysis, random networks, 
small world networks (all individuals linked by a small 
number of nodes) or scale free network (most people 
have a small number of connections, whilst a few have a 
large number) could be used within an ABM, and there 
are existing software packages to do this. However, these 
networks make ties at random or conditional on some 
characteristics and might not reflect the real social net-
work, and assumptions are required about how individu-
als influence each other’s behaviours.

Method 8: Geographical Information System (GIS)
A GIS is essentially a spatial database that holds specifi-
cations of the spatial elements of a population (who lives 
where), or features of the physical landscape, such as 
roads or green spaces, or the built environment, such as 
food outlets [76]. Within ABMs, GIS information is often 
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represented using one of two approaches; (i) raster data 
(that is, a large number of square cells, and then attrib-
utes are assigned to them; typically applied to environ-
mental applications) or (ii) vector data (points, lines and 
polygons). The latter is the more ‘popular’ choice as this 
format (commonly termed shapefiles) allows the physi-
cal environment of roads, buildings and other urban fea-
tures to be readily represented in fine granularity. With 
recent developments in popular platforms, such as Net-
logo or GeoMason, it is possible to import shapefile lay-
ers directly into the platform and ABM simulations run 
directly within them [77].

Integrating GIS within ABMs may be useful for health 
economic modelling if an intervention being assessed 
is about access to certain places and there is substantial 
interaction between an element of the physical environ-
ment and behaviour, upon which there is some evidence. 
It could help to explore where places should be located 
to maximise cost-effectiveness and/ or reduce inequali-
ties. Note, it is possible for ABMs to incorporate more 
abstract geographical elements in the absence of GIS to 
inform such policy decisions [106].

Undertaking GIS analysis requires geo-referenced data, 
many of which are online and open-source. These include 
OpenStreetMap (contains map data including roads, 
trails, cafes and railway stations) and Natural Earth Data 
(contains counties and points of interest) (see Crooks 
et al. [76] for a discussion of the different formats). There 
is also open-source software allowing individuals to cre-
ate, edit, analyse and visualise the geographical data, 
which includes Quantum GIS and GRASS software. In 
addition, many of the platforms available for ABMs have 
the capability to process GIS data. For example, within 
NetLogo there is a GIS extension, and it is possible to 
import both raster and vector data [76].

Method 9: Discrete Event Simulation (DES)
DES is an individual level simulation approach where 
individuals interact with the system through a series of 
events, which may be resource constrained [78]. Within 
resource-constrained DES, queues can build up due to 
insufficient resources within the system, which can lead 
to long wait times. For health economic modelling, it 
is generally assumed that it would be feasible to imple-
ment interventions within the current system, with no 
additional physical resource requirements [79]. However, 
this may not always be the case, and limited resources 
within a system could affect individual behaviour and 
outcomes. For example, patients may decide not to utilise 
stop smoking services because the wait time is too long, 
particularly if they are less motivated to quit. Decision 
makers may want to evaluate the impacts of changing 

the physical resources, for example greater access to stop 
smoking services. Human behavioural theory could be 
used within a DES to model the staff that constrain the 
system (for example, staff may have long periods of sick-
ness absence due to overwork which could lead to longer 
waiting lists and more overwork), or the individuals who 
use the system (for example, patients’ previous screen-
ing attendance may be a good predictor of future screen-
ing attendance). Thus, DES has advantages over other 
approaches for incorporating the influences on behaviour 
when behaviour and outcomes are influenced by physical 
resource constraints.

Currently, very few health economic DES models 
have been developed which incorporate behavioural 
theory [80]. There are lots of software options for DES, 
most of which provide a visual interface (e.g. Simul8 and 
Arena), which are helpful for sharing with stakeholders. 
DES requires information about timing of key events in 
the system, including arrival times, and quantity of con-
strained resources. Personal characteristics and psy-
chological variables which would affect behaviour and 
outcomes of the people within the system would also ide-
ally be incorporated.

Method 10: Theory‑informed statistical and econometric 
analyses
Statistical analyses describe relationships between a set 
of variables, with econometric analyses involving the 
application of economic theory to formulate those rela-
tionships. There is a plethora of statistical and economet-
ric methods available and so we do not attempt to cover 
them all here. Instead, the circumstances when these 
methods might be useful for incorporating the influences 
on behaviour into health economic models are described 
and references to papers discussing the key methods 
are provided. For any statistical approach chosen, these 
should be informed by available theory to have more con-
fidence in results and avoid overfitting to the data.

Statistical methods could be used for incorporating the 
influences on behaviour within health economic models 
for the following (non-mutually exclusive) reasons:

1)	 To model the relationships between behaviours 
which influence each other;

2)	 To model the long-term impact of interventions 
upon behaviours;

3)	 To model population-level behaviours over time.

Econometric methods for modelling the relation-
ships between behaviours could be considered when 
behaviours are highly likely to influence each other and 
the behaviours affect the same outcomes of interest 
to decision makers, for example, smoking and alcohol 
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consumption [81]. Behaviours may be complements 
(decreasing one will decrease the other), substitutes 
(decreasing one will increase the other) or have no influ-
ence on each other. A longitudinal or repeated cross-
sectional individual level data set with relevant variables 
and expertise in econometric analyses would be required 
to infer causal relationships between behaviours. The 
econometric analysis should highlight and discuss any 
necessary assumptions, especially those that cannot be 
tested.

Statistical analyses could be used to estimate the trajec-
tories of behaviour and the impact of interventions upon 
a behavioural outcome where it is challenging to directly 
measure the longer term effects. Bianconcini and Bollen 
[82] describe a set of methods which can each be consid-
ered special cases of the Latent Variable-Autoregressive 
Latent Trajectory Model for longitudinal data analysis. 
Quantification of behavioural theories would be useful 
within a health economic model if: (i) the intervention 
aimed to change at least one variable within the theory 
(e.g., self-efficacy or social influences); or (ii) policy mak-
ers would like to explore targeting interventions at indi-
viduals with certain levels of a variable within a theory 
(e.g., level of physical resources or intention to quit). It 
should be noted that there is little time lag between 
changes in the mechanisms of action and behaviour, 
meaning it is not possible to predict future behaviour 
from current mechanisms of action in the same way 
that potential future disease can be predicted from cur-
rent risk factors. In addition, data for the variables (e.g. 
a measure of motivation) are often not measured or 
reported within intervention studies. Increasingly, inter-
ventions may involve individuals reporting regular psy-
chological, behavioural, health and economic outcomes 
on mobile phone apps. The use of such devices can 
provide many data points from individuals receiving an 
intervention, and could cheaply provide maintenance 
phase data, which would allow the longer-term impacts 
of the interventions to be better understood. Economic 
demand theory can be applied for statistically modelling 
the relationship between price and consumption where 
an intervention changes either supply or demand (e.g., 
implementing a soft drink tax). However, uncertainties 
around taxation policy impacts and long-term predic-
tion should be highlighted; for example, there may be 
differences in the size of price changes observed in the 
data and those used for taxation policy changes. It is also 
important to consider heterogeneity in these relation-
ships where possible.

Population-level behaviours may change over time 
because of ageing or external factors that affect the 
whole population (e.g., economic crisis, shift in social 
norms). These may affect different age groups differently 

and there may be cohort effects where behaviour varies 
according to birth year. Age Period Cohort analysis aims 
to understand and disentangle these effects using statis-
tical analyses [84]. This may be useful where behaviour 
has been shown to change over time and it is likely that 
a behaviour is affected by all three effects, for example 
smoking. The analysis requires a longitudinal or repeat 
cross-sectional individual level dataset, with the relevant 
behaviours, age and external factors reported.

Method 11: Expert elicitation
Expert elicitation involves quantifying subjective and 
implicit expert knowledge and is useful when there is 
insufficient data available to quantify model parameters 
and their uncertainty [86]. Elicitation could be used to 
inform the parameters for the long-term model assump-
tions, particularly for the intervention effects, when there 
is a lack of quantitative data. Multiple experts should 
provide input [86], and these should include behavioural 
scientists. It is important to understand dependencies 
between elicited parameters (e.g., different points on a 
survival curve) so that the dependencies can be incorpo-
rated within the model explicitly [86].

In order to reduce bias, elicitation protocols should be 
followed [85]. Leading protocols include:

–	 the Delphi method, where individual judgements are 
made, a summary of all the individual judgements is 
shared, before one or more additional rounds of pro-
viding judgements, followed by group summaries, 
until these are mathematically aggregated;

–	 the Cooke protocol, where experts individually 
make judgements about uncertain quantities as well 
as quantities known to the researcher and then the 
uncertain judgements are weighted by their perfor-
mance on the known quantities and mathematically 
aggregated; and

–	 the Sheffield Elicitation Framework (SHELF) proto-
col, where individual judgements are made and then 
these are discussed with the group, including the rea-
sons for differing opinions, until a consensus judge-
ment is made.

For all of these protocols, questions should be piloted 
to ensure they are valid, intuitive and clear [86]. There are 
existing software and tutorials available to facilitate elici-
tation [85].

Method 12: Qualitative research/ process tracing
Qualitative research includes collecting and analys-
ing data from observation, interviews or focus groups 
which can provide a richer understanding of how and 



Page 20 of 25Squires et al. BMC Public Health         (2024) 24:2794 

why individuals behave in the way that they do in a set 
of hypothetical situations [87]. It can be used to inform 
model assumptions and may be able to provide more 
valid assumptions than those developed based on quan-
titative data alone. When making decisions about behav-
iours, people often use heuristics which are “strategies 
that ignore part of the information, with the goal of mak-
ing decisions more quickly, frugally, and/or accurately 
than more complex methods” [29, 30]. For instance, 
within an ABM, a heuristic decision tree may be used, 
where alternative cues affecting a decision are taken 
sequentially in order of importance, termed the fast and 
frugal approach [76], and these could be informed by 
qualitative research.

Process tracing is another way of describing the mecha-
nisms between a cause (e.g., the intervention) and an out-
come (e.g., the behaviour of interest), by observing how 
the intervention works within a set of individual cases 
[88]. Theory about why there is a relationship between 
a cause and outcome is developed and empirical obser-
vational data is collected to test and amend the theory 
within an iterative process. This could then be incorpo-
rated within a health economic model. However, this is a 
resource intensive process, and the theory should only be 
generalised very cautiously beyond the population within 
which it is tested.

Existing qualitative studies may be reviewed [89] or 
primary qualitative data collection and analyses could 
be undertaken where feasible. Data could be collected 
from a diverse set of people from the target population, 
or qualitative research may be useful for filling gaps in 
knowledge about the influences on behaviour for an 
understudied high-risk subgroup.

Discussion
A new way of thinking
Health economic modelling should be founded in theory 
and use data to compare alternative interventions. Exist-
ing behavioural and social science is currently underu-
tilised for making predictions within health economic 
models of public health interventions. A toolbox of 
methods for incorporating the influences on behaviour 
within health economic models has been developed and 
is made accessible via the accompanying website [54]. We 
anticipate that methods from the toolbox will be used 
in combination, and hybrid modelling approaches may 
be useful, including combining macro and micro level 
approaches. Within the behavioural and social sciences, 
theories and methods are constantly evolving, and it is 
anticipated that this toolbox will need to be updated as 
research within other disciplines develops.

There is much research being undertaken by behav-
ioural scientists to develop public health interventions 

based upon behavioural theories and frameworks, but 
this is mostly not accessed by health economic model-
lers when evaluating interventions. In addition, health 
economic models are generally developed after an inter-
vention has been tested and the data needed may not 
have been collected. There would be a benefit to greater 
collaboration between behavioural scientists and health 
economic modellers in a cyclical process of intervention 
development and evaluation, which could save costs and 
improve allocation of scarce resources.

Public health interventions operate within complex sys-
tems and as such it is essential to consider the importance 
of the interactions between individuals and with their 
context on predicting outcomes. Behavioural systems 
mapping can be used to understand these interactions 
and the potential relationships between interventions, 
psychological, social, biological and environmental 
mechanisms and behaviour, as well as for making trans-
parent decisions about what to include and exclude 
from the health economic model and understanding the 
potential impacts of model simplifications [38]. Behav-
ioural systems mapping could be useful for describing the 
different influences upon behaviour. It should be noted 
that complex models are not always necessary for mod-
elling complex systems. For example, if an intervention 
is cost saving and has been shown to be effective, then it 
would not be necessary to develop such a model. In addi-
tion, there may not be sufficient time and/or data avail-
able. However, modelling complex systems can enable 
key influences on behaviour to be explored including 
the interactions between heterogenous individuals and 
their environment. When there is evidence of differen-
tial impacts according to relevant attributes, these mod-
els can be used to assess the impact of interventions on 
health inequalities. Whilst Big Data are becoming more 
accessible and may be useful to inform models, data 
alone cannot provide an understanding of all the relevant 
mechanisms and processes that are operating and should 
be accompanied by theory to make predictions.

It is important for policy makers to understand that it 
is typically not possible to predict, with any precision, 
long term outcomes within a complex system, and hence 
health economic models of such systems are unable to 
provide accurate cost-effectiveness estimates over a life-
time horizon for public health interventions. However, 
the process of model development and the model results 
can be informative in comparing and understanding dif-
ferent intervention options and facilitating decision mak-
ing [107]. Health economic modellers should be clear in 
their reporting about the theories used, their assump-
tions, the limitations of the models and, the uncer-
tainties within the model results. For ABMs and other 
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individual-level simulations, there is a well-developed 
framework for model reporting [98].

Within health economic modelling, the main approach 
to quantifying uncertainty is probabilistic sensitiv-
ity analysis, where the uncertainty in model inputs is 
propagated through to model outputs [108]. It is recom-
mended that structural uncertainties should be quanti-
fied within the probabilistic analysis where possible, and 
scenario analyses are run to explore alternative futures 
[109]. Within complex models, substantial uncertain-
ties often exist within the model structures as well as the 
parameters, and it may not be feasible to quantify these. 
Machine learning has been used for exploring the impact 
of structural uncertainties, including comparing alterna-
tive behavioural theories [110]; however, this approach 
has not yet been used for health economic model-
ling. In addition, data may not exist for all variables of a 
behavioural theory. Calibration methods are likely to be 
required to inform unobserved parameters, within which 
uncertainty should be incorporated. Where possible, 
validation of each part of the model and the system level 
intermediate outcomes should be undertaken with differ-
ent data from that used to build the model. Breeze et al. 
[71] provide a more detailed discussion of uncertainty 
analysis, validation and calibration within complex sys-
tems for economic evaluation; however further research 
is required in this area.

Developing modular models, where sections of code 
can be accessed as necessary, has the advantage of being 
able to be reused within other models, providing that 
code is shared within open-source software. This sharing 
between modellers can improve model building, verifi-
cation, transparency and validation, as well as enabling 
faster model development. However, there are barriers to 
open code sharing which will need to be overcome [111, 
112]. There are different types of open-source licens-
ing that can stipulate certain conditions, for example 
limitations on commercial use. Code sharing alongside 
clear model reporting would increase the feasibility of 
using these more complex modelling methods within a 
resource-constrained decision-making process. It could 
also allow models of different behaviours to be combined 
so that the interactions between different behaviours can 
be incorporated where this is important.

We emphasise that this paper aims to understand 
the interventions being evaluated so that appropriate 
assumptions about the long-term impacts of the inter-
ventions can be made. Ideally, modellers would under-
stand the types of intervention (access to place, price 
changes, targeting individuals with specific character-
istics/ psychological variables, targeting ‘influencers’ 
within a social network) and the sorts of evidence about 
intervention effectiveness (outcomes being reported, 

before and after study, number of data points, length of 
follow up, individual level data) which could change deci-
sions about the methods employed. If this is not pos-
sible, then the model will need to be flexible to these 
considerations.

Agenda for further research
Currently, within most policy making arenas there is 
insufficient time and resources allocated to evaluat-
ing the cost-effectiveness of public health interventions, 
leading to very simple models of these complex systems 
being developed. Meanwhile, the studies of the interven-
tions are very short term, not always clearly described, 
and with aggregate results presented. Therefore, there 
is a substantial further research agenda across fields to 
advance methods for incorporating the influences of 
behaviour into health economic models in order to better 
inform public health policy.

1)	 Develop collaborations between health economic 
modellers and behavioural/ social scientists to inform 
intervention development, to help understand at an 
earlier stage whether interventions are likely to be 
cost-effective and to ensure that useful outcomes 
for the health economic modelling are collected and 
reported. A process for working together effectively 
could be developed following the use of the tool-
box within case studies. Health economic model-
lers could work with behavioural/ social scientists 
to understand how behaviour maintenance theories 
might best be utilised within health economic mod-
els, and what further research would be beneficial to 
improve long-term predictions of intervention effec-
tiveness. The authors plan to set up a new network 
between modellers and behavioural scientists to 
encourage collaboration and to share resources.

2)	 Develop a consensus statement on the most appro-
priate behavioural theories for each health-related 
behaviour, ideally through collaboration between 
psychologists, sociologists and behavioural econo-
mists. Subsequently, develop and collect relevant 
standardised measures of behaviour and influences 
on behaviour, which use a consistent ontology. Col-
lect longer term data where possible when evaluating 
the effectiveness of interventions. This could be done 
by using mobile phone apps or wearable sensors. 
Develop and test behaviour maintenance theories for 
different health-related behaviours.

3)	 Develop a suite of public health economic agent-
based models which are built flexibly and reported 
open source, including coding, which would allow 
model reuse and adaptation. This would allow mod-
ellers who have limited resources and time within 
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the decision-making process to build upon existing 
models. Standard social network structures and GIS 
data could be included which can be modified if both 
feasible and necessary. If these ABMs were built con-
sistently across model behaviours, then they could 
link together if behaviours affect each other. Collabo-
ration between health economic modellers and soft-
ware engineers could improve model development 
efficiency and reuse. Exploiting recent advances in 
artificial intelligence may also facilitate this. Evaluate 
the benefits of the ABMs over standard health eco-
nomic modelling approaches.

4)	 Develop methods for informing long term assump-
tions about intervention effectiveness. Test the 
appropriateness of developing expert panels and 
applying elicitation approaches to help inform struc-
tural assumptions and quantify parameters where 
there are no data. This could include lay people 
with relevant lived experience. Assess the feasibility 
of combining qualitative analysis with health eco-
nomic modelling to inform behavioural assumptions. 
Explore the potential of utilising GP records (NHS 
digital) to assess the long-term effectiveness of inter-
ventions. Evaluate the benefits of these approaches.

5)	 Train modellers to utilise the new methods via short 
courses, webcasts, and workshops which would need 
to include an overview of the rationale and the meth-
ods, as well as demonstrating the use and outcomes 
with an example. Within the training, modellers 
could be given an opportunity to practice the meth-
ods using a simple example.

Conclusions
Public health intervention studies often have short-
term follow up and they operate within dynamically 
complex systems. To model beyond the study data, it 
is essential to understand the influences upon behav-
iour, including the social determinants of health and 
health-related behaviours. A toolbox of methods has 
been developed as a starting point to help modellers 
incorporate the influences on behaviour into health 
economic models of public health interventions. The 
toolbox sets out when and why each method would be 
appropriate, and the minimum resources required. It 
may not always be feasible or necessary to model the 
influences on behaviour explicitly, but it is essential to 
develop an understanding of the key influences. Collab-
oration is needed between health economic modellers 
and behavioural/ social scientists throughout the pro-
cess of intervention development and evaluation to help 
inform policy efficiently, and to generate approaches 
for utilising behaviour maintenance theories within 

health economic models. Further research is needed to 
develop a suite of more robust health economic mod-
els of health-related behaviours, reported transparently, 
including open-source model code, which would allow 
model reuse and adaption.
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