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ARTICLE INFO ABSTRACT

Keywords: Introduction: In this study we present a ‘proof-of-concept’ model using novel model integration
Transport and new forms of data that addresses the research question, How does incentivising a change in
Health

travel mode to reduce personal car use impact health? We focus on simple transport-health in-
teractions between switching between car and bus: the exposure to activity and pollution linked
to these modes and how these changes effect health status, which in turn influences the mode
choice.

Methods: We identify a basic causal loop diagram of key conceptual feedback between mode
choice and health status (related to exposure to activity and pollution). From this we build a
simple system dynamics stock and flow simulation model, with data input from spatial micro-
simulation synthetic populations derived from ‘track and trace’ data as the output from an
agent-based model. We then analyse scenarios of mode shift incentivised by bus fare reduction
and bus frequency increase.

Results: In the tested scenarios of this novel modelling approach, we identify that a reduction in
bus fare or increase in bus frequency could incentivise a shift from car to bus which would result
in a small decrease in relative risk of all causes mortality. Reducing bus fare in particular could
provide both health and financial benefits for the most deprived communities.

Conclusions: This modelling approach presented in this data is a promising new method for the
study of complex transport-health interactions. From our prototype model we have identified the
impacts of mode shift on health status through exposure to pollution and activity, using unique
feedbacks that are unaccounted for in conventional models.

System dynamics
Causal loop diagram
Spatial microsimulation
Agent-based modelling

1. Introduction

Mobility systems influence public health in numerous ways (see for example (Glazener et al., 2021; Cooper et al., 2019; van
Schalkwyk and Mindell, 2018):), and this is reflected in recent transport policy priorities across the world (DfT, 2023; EC, 2020; DOT,
2022). Furthermore, the health of an individual can influence their choice of transport mode. Thus, academic research on the in-
teractions between transport and health is an established and increasingly topical field, and more recently various aspects of these have
been addressed using system dynamics (SD), as discussed by Harrison et al. (2021).
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This study adds to the literature by describing a simple simulation model that addresses the research question; How does incentivising
a change in travel mode to reduce personal car use impact health? In particular we have focused on physical activity and emissions related
health and two forms of policy (bus fare reduction and bus frequency). Based on the findings of previous work (Harrison et al., 2021,
2022), this model is a simple prototype model, whose purpose is two-fold.

¢ A simple stand-alone representation of mode choice between bus and sole-occupancy conventionally fuelled private car (including
walking access and egress), and their effects on population health related to pollution and activity

e A component of a proof of concept model, integrated with an Agent-Based Model and Spatial Micro Simulation using finely grained,
individual-level new and emerging data.

This paper will introduce the SD model. In the next section we provide a brief background to the study, covering system dynamics,
transport and health, and new and emerging data. Then the SD model is described before we discuss our results and present our
conclusions.

2. Background
2.1. System dynamics

System Dynamics (SD) modelling has been used in a wide range of applications to study the influence of feedbacks and unintended
consequences of complex dynamic systems. The methodology involves both qualitative (“causal loop diagram”) and quantitative
(“stock flow simulation model”) steps, following a five-stage modelling process, described by Harrison et al. (2021) after Sterman
(2000). This paper focuses on the latter three steps: model formulation, model testing and policy formulation and evaluation.

SD is being increasingly used as a tool within both health care applications (Hirsch et al., 2015) and transport research, consultancy
and policy-making (Shepherd, 2014). The use of SD in understanding transport-health interactions is less well covered. Harrison et al.
(2021) identified just over 20 publications of transport-health SD studies covering air pollution, road safety, active transport, road
traffic noise and multiple impacts. More recently there have also been studies considering urban mobility and resilience during the
pandemic (Lara et al., 2023; Gorji et al., 2023; Zhang and Wang, 2023). This study builds on the findings and structures of the previous
models discussed by Harrison et al. (2021) who used them as a basis of a causal loop diagram (CLD) considering the trade-offs and
synergies between different types of health impacts within the transport-health system, which was further refined through expert
engagement and presented in Harrison et al. (2022).

2.2. Transport and health interactions

Interactions between transport and health are increasingly studied and understood (Widener and Hatzopoulou, 2016), often
measured using health impact assessments (Nieuwenhuijsen et al., 2020), and increasingly recognised to have diverse impacts across
different regions and socio-demographic groups (Lu et al., 2022; Mueller et al., 2018; Oviedo et al., 2022). Therefore, developing
public health policy in the context of transport is essential (Milne, 2012). Some key established pathways include air quality, activity,
noise, access to health-care, road safety, well-being and more recently, exposure to communicable disease in-vehicle or across regions
(Muley et al., 2020) and indoor air quality (AQEG, 2022). Furthermore, understanding and managing these impacts are critical to
addressing social inequalities (Hosking et al., 2022).

Transport-health interaction studies have been dominated by 1) traffic-related air pollution and respiratory health (Boogaard et al.,
2023) and 2) benefits of active travel (Saunders et al., 2013), though it’s increasingly recognised that the interactions cover both (or
even broader) health aspects with multiple feedbacks (Mueller et al., 2015), which a system dynamics approach is able to reflect. This
model focuses on 1) and 2) in the first instance but can be used as a base on which other interactions can be added.

2.3. New and emerging data

The development of a digitised and connected society means that more data than ever is collected about individuals, their transport
behaviour and characteristics. Types of new and emerging data forms (sometimes referred to as “big data” or ‘digital footprints’) that
are useful to transport research and planning include ticketing transactions, Automatic Number Plate Recognition (ANPR), CCTV, and
mobile phone data (e.g. network connections, social media and GPS tracking) (Budnitz et al., 2021; Harrison et al., 2020). New data
forms are vital to the better understanding of transport systems and in the development of sustainable and equitable transport policy
(Tranos and Mack, 2019). The use of such data in transport modelling is being increasingly explored (Milne and Watling, 2019) and
can be especially useful for developing synthetic populations through spatial micro-simulation. The populations can then be utilised in
transport-related modelling such as agent-based modelling and system dynamics (Wu et al., 2022; Odiari and Birkin, 2022), as we do in
this study.
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3. SD model description
3.1. Conceptual feedbacks

Harrison et al. (2021) reviewed existing system dynamics models of transport and health, in order to create a causal loop diagram
(CLD) of trade-offs between health impacts within the transport-health system, whereas Harrison et al. (2022) refined this CLD through
expert engagement and extended it to consider how new and emerging data forms improve understanding of mobility behaviours and
related health outcomes. Drawing from these studies, we consider the feedbacks between health and mode choice. Assuming a simple
case of just bus and car, with walking for access and egress, we do not aim to capture all feedbacks, but focus on key exposures to
activity and transport related pollution. From this, we have developed the CLD shown in Fig. 1 and Table 1. Links are evidenced later in
this paper where we describe how we have implemented them in the quantified model. There are ten feedback loops, six of which are
balancing and four reinforcing. Although we will not discuss all of these here, it is worth highlighting the key feedbacks in relation to
Health Status. R2, R3, B3, all capture the influence of Bus Trips on Exposure to Activity that effects Health Status. If this number of Bus
Trips increase, then so will the Weekly Walking Time (as this is assumed to be higher than for car trips), which in turn means an increase
in Exposure to Activity that (with some time lag) can improve the Health Status. For R3 we then assume that this improvement in Health
Status increases to the Willingness to Consider the bus (as a healthier individual may have less barriers to bus travel), which therefore
increases the number of Bus Trips — hence a reinforcing effect. Similarly, when starting with an increase in Bus Trips, in R2 the
improvement in Health Status leads to an increase in Walking Speed (again as the individual is healthier), meaning the overall Bus Time
of the journey is lower and the bus choice is more attractive thus increasing Bus Trips. B3 also follows through the Walking Speed, but
with the assumption that the increased walking speed could also decrease the overall journey Car Time in the same way, which would
increase the number of Car Trips, and subsequent congestion that would itself increase Bus Time making bus trips less attractive,
leading to fewer Bus Trips. Thus, R2 and B3 are in competition and the dominant loop will be dependent on the marginal time dif-
ferences of the increased Walking Speed in comparison to the overall journey times and the effect of congestion. In addition to the direct
feedback of Bus Trips on Activity Exposure, there is also a balancing loop, B6, which is similar to R2 and B3. Here, we assume that the
increase in Walking Speed from improved Health Status leads to a decrease in Walking Time that reduces the Exposure to Activity (though
the impact on the quicker walking speed isn’t captured here), though as a balancing loop this may dampen the effect of R3. The second
health impact that we consider in this CLD is the exposure to pollution. This is assumed in the CLD to be influenced by two variables —
emissions and walking time. In our simulation model we do not include the walking time link to pollution exposure due to lack of
available data so will not discuss those feedbacks in detail here. What is of interest is the loop B2. If we start with an increase in Car
Trips, we would expect an increase in Congestion, which would in turn increase Emissions (not represented directly is the impact of the
number of car trips on emissions). The increased Emissions would increase the concentration of pollutants in the air thus the Exposure to
Pollution that would lead (with a time lag) to a decrease in Health Status. As discussed in previous loops, this would decrease Walking
Speed, which would increase the total journey Car Time, thus decreasing the number of Car Trips as its attractiveness decreases. When
comparing the effects of pollution and activity, it is important to note that the relative dominance of each loop is sensitive to the details
of a specific trip, as well as to the time lags associated with the impact of the exposure on Health Status.

3.2. Case study: transport-health interactions arising from incentivised mode switch
We model a simple case of mode choice between car and bus for two communities in the Newcastle city region, involving travel
from home to a city centre location. We focus on a binary mode choice for simplification and choose the switch from car to bus (rather

than active travel), as we have a particular interest in the health benefits of bus (which is less researched than active travel as stated
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Fig. 1. Key Conceptual feedbacks between health status and mode choice related to explore to activity and pollution (red link = positive (change in
same direction); black link = negative (change in opposite direction)). Cross marks on a link indicate a time lag. Assumptions: car trips have
negligible impact on overall walking time; bus trips have negligible impact on congestion; Bus emissions not considered; Walking time > Exposure
to Pollution is a dashed line as not represented in main model due to lack of data.
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Table 1
Feedback loops.

B1 Car trips (+) > Congestion (+) > Car time (—) > Car trips

B2 Car trips (+) > Congestion (+) > Emissions (+) > Exposure to Pollution (-) > DELAYHealth Status (+) > Walking Speed (—) > Car time (—) > Car trips

B3 Car trips (+) > Congestion (+) > Bus time (—) > Bus trips (+) > Weekly walking time (+) > Exposure to Activity (+) > DELAYHealth Status (+) > Walking
Speed (—) > Car time (—) > Car trips

B4 Bus trips (+) > Weekly walking time (+) > Exposure to Pollution () > DELAYHealth Status (+) > Walking Speed (—) > Bus time (—) > Bus trips

B5  Bus trips (+) > Weekly walking time (+) > Exposure to Pollution (-) > PE“AYHealth Status (+) > WtC Bus (+) > Bus trips

B6  Health Status (+) > Walking Speed (—) > Weekly walking time (+) > Exposure to Activity (+) > PE**YHealth Status

R1  Car trips (+) > Congestion (+) > Bus time (—) > Bus trips (+) > Weekly walking time (+) > Exposure to Pollution (—) > PEAY Health Status (+) > Walking
Speed (—) > Car time (—) > Car trips

R2  Bus trips (+) > Weekly Walking time (+) > Exposure to Activity Exposure (+) > PElAYHealth Status (+) > Walking Speed (—) > Bus time (—) > Bus trips

R3  Bus trips (+) > Weekly walking time (+) > Exposure to Activity (+) > PE“AYHealth Status (+) > WtC Bus (+) > Bus trips

R4 Health Status (+) > Walking Speed (—) > Weekly walking time (+) > Exposure to Pollution (—) > DELAYHealth Status

previously) and as part of a broader research agenda which considers a wider range of health exposure and trade-offs than we present
here (including in-carriage virus exposure (Bell et al., 2023; Aranega-Bou et al., 2023)). Furthermore, the model and data we had
access to for developing this prototype model was more reliable with regards to bus than active travel. The rationale for the choice of
Newcastle as a case study is two-fold. Firstly, the city has significant extremes in terms of wealth and deprivation, which highlight the
inequalities in existing health status amongst the population. These health status inequalities were of interest in terms of being able to
understand the distribution of any health status impacts arising from the transport policies. In particular, Gosforth is a relatively
affluent area north of the city centre, whereas Walker is more deprived and to the south-east. Secondly, existing high-resolution
smartphone app ‘track and trace’ data was available for the Newcastle city region from other research studies concerned with
travel choice and the resulting impacts (EU funded EMPOWER project, 2015-18: SMART app and UKRI funded TRACK project,
2020-23: Sesamo app), allowing the characterisation of agents’ choices within the modelling process. Track and Trace apps are able to
automatically sense user’s travel behaviours in detail, providing information such as trip destination types and departure time.
Focusing on Gosforth and Walker, the populations in each community are characterised by a number of demographic variables: age,
sex, income, social grade, household car access and health status (Table 2). The synthetic population was built spatially using spatial
microsimulation (SMS) and data from the UK 2011 Census (ONS, 2011) and 2016 Health Survey for England (NHS, 2016). SMS is a
method for creating, analysing and modelling of individual level data allocated to geographic zones (Lovelace and Dumont, 2016).
SMS has been widely used in the public health domain for estimating and understanding health over space and time (Smith et al., 2021)
and in transport research (Lovelace et al., 2014; O'Donoghue et al., 2014). One important application of SMS is to create a realistic
synthetic population for each area, closely matching aggregate level constraints. The process typically assigns individuals from survey
data to administrative zones, aligning with constraint variables shared between zone (e.g. Census) and individual data. Additionally,
when individual survey samples contain extra target variables that are not in aggregate data (Census), this method can simulate and
bring such information to the local level (Wu et al., 2022). For instance, constraint variables in the SMS model, including age, gender,
education, economic activity, social grade, marital status, health, car ownership, and children’s dependency in the household, in-
fluence the probability distribution of household income in different areas (which is only available in the survey dataset). Both Census
and Health Survey for England data provide variable on self-reported general health status; therefore, it is used as an important
constraint in the SMS. The implementation of SMS applied Iterative Proportional Fitting algorithm at output area level and generated
synthetic populations in the Gosforth and Walker areas. The synthetic population was further enriched with the individual,
high-resolution, smartphone track and trace mobility data. Mobility enrichment was implemented using Propensity Score Matching
(Morrissey et al., 2015; Spooner et al., 2021), depending on sociodemographic information (age and gender). Following enrichment,
each individual was characterised with different departure times for working (commuting) trips and shopping trips. The individual
characteristics and travel behaviours then formed inputs to an Agent Based Model (ABM). The ABM simulates a daily return journey
from these two zones to Newcastle city centre; this included their changes of mode between walking (for access/egress) and car/bus
where appropriate during their trips. The ABM assumes there is no trip chaining or mode switching en-route. The resultant trips from
the ABM are then used to calibrate initial trips in the system dynamics model described in the following sections.

Table 2
Model Subscripts (categories based on UK Census categories).
Subscript Values
Income <£20,000; £20,000 to £40,000; £40,000 to £60,000; £60,000 to £80,000; >£80,000
Sex Female; Male
Social Grade® AB; C1; C2; DE
Zone Walker; Gosforth
Age 16-19; 20-29; 30-39; 40-49; 50-59; 60+
Household Car Access Car; No Car
Health Status Below (very bad and bad); Fair; Above (good and very good)

@ AB: Higher & intermediate managerial, administrative, professional occupations; C1: Supervisory, clerical & junior
managerial, administrative, professional occupations; C2: Skilled manual occupations; DE: Semi-skilled & unskilled manual
occupations, Unemployed and lowest grade occupations.



G. Harrison et al. Journal of Transport & Health 37 (2024) 101830

3.3. Rationale for integration between SD and ABM

ABMs are ideal tools for representing behaviours and spatial movements of individuals within a system, so may appear to be the
appropriate tool for our problem. However, our interest is centred around the complex feedbacks between transport choices and
health, which evolve over long timescales (in order of magnitude of a year). ABMs can be computationally intense, and to develop an
ABM for the year-long timescale required to capture health impacts whilst also capturing temporally granular information about
individual trips (at second/minute time-steps) would require significant computational resources (including unrealistically long run-
times), especially considering the many scenarios we wish to test. SD has been developed to capture complex feedbacks over long
periods of time, with each simulation taking a matter of minutes, though we appreciate that SD requires the aggregation of individual
data, thus losing some of the granularity pertinent to health. As such, we designed our prototype method to capture the benefits of both
modelling approaches, whilst minimising the drawbacks. An iterative process of data transfer between the models has been designed
and is discussed in another paper (currently under review), whilst this paper focuses on the SD model.

3.4. SD model features

The model is set to run for a year (52 weeks). This was chosen as a period where we could expect small changes in health to occur as
a result of accumulated instances of behaviour change prompted by policy interventions (Woolf-May et al., 1999; Manisalidis et al.,
2020; Ahmadi et al., 2024)The time-step is 0.0625 weeks, to reflect approximately half a day. The model was developed and simulated
using Vensim DSS (5.7a), and full model equations are available in Appendix 2.

The core structure of the model is drawn from the well-established MARS model (Pfaffenbichler et al., 2008), where mode choice is
based on the comparative friction factors related to the respective modes. The MARS model is a complex transport-land use interaction
model, developed to allow numerous mode choices across a city/region population. The population is divided into several population
sub-groups as set out in Table 2, with journey choices and resultant health impacts simulated for each compound sub group [Zone, Car
Ownership, Sex, Age, Health Status, Social Grade]. Journeys being made for commute purposes and other trips are calculated within a
limited time budget per person per day. The origin and destination zones for the trip are determined by an attraction matrix. The
complexities and detail of the MARS model are not required for our purposes and we refer the reader to Pfaffenbichler (2003) should
they require this. Rather, in this paper we will highlight the elements of MARS used in our simple model.

3.5. Mode choice

In our model we focus on only two modes — car or bus, with an assumption that these are alternatives for the same trip from the
home zone to the city centre. Specific routes are simulated in the associated ABM so are not the concern of this aggregated SD model.
The total trips from each zone every week for each population group is calibrated to the initial trips (generated through linking SMS
and ABM) for each zone through a coefficient of the friction factors (FF) for each mode (see 3.5 and 3.6). We assume that this total
number of trips does not change over the course of the year. From this the desired share of trips that are bus or car are determined using
logit choice (Equation 1) of the FFs. Populations without access to a car do not have the car choice (i.e. their trips must be by bus).

Equation 1: Number of desired weekly trips made by mode by each population sub-group

1/FFy,
s 1)

DTy, = Desired weekly Trips by mode m.

TT = Total Trips.

FF,, = Friction Factor of mode m.

NOTE: For all equations, full subscripts are: [Zone, Car Access, Sex, Age, Health Status, Social Grade]

The desired trips are then translated into the actual trips per week (Equation 2), which are modelled as a stock, through a goal
seeking archetype. We assume a time lag (or adjustment time) is required for behavioural change, and this is set at 4 weeks in the base
model, and that there is no attrition once behaviour changes (unless there are further external influences).

DT,, =TT

Equation 2: Number of weekly trips made by mode by each population sub-group

t
Tn= / ATy 5 (b : ITy)
0

Tm = Weekly Trips by mode m.

IT, = Initial Trips by mode m.

ATy, = Rate of change in Trips by mode m.
To = Initial Time.
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3.6. Bus friction factor

A bus trip is assumed to consist of four stages: Walk to bus stop; Wait at bus stop; Time on bus; Walk from bus stop to final destination.
Change time could form another component but in our simple model we assume direct journeys. Based on the MARS model, the Friction
Factor (FF) (Equation 3) is a function of time and consists of a time element and a cost element, and are a perceived expense of the journey
(Pfaffenbichler (2003) based on Walther et al. (1997)). In addition to this in our model we include a willingness to consider element -
based on the change in relative risk (as a proxy for a health status). Although time resistance is captured in the FF by subjective values and
cost resistance with a calibrated coefficient relative to household income, this additional willingness to consider reflects how a change in
health status may cause additional resistance (related to ability and affordability). This is based on an understanding that poorer health
and associated mobility issues lead to transport difficulties (Luiu and Tight, 2021), which would deter individuals from considering bus as
an option. However, as previously mentioned, those without access to a car are only able to choose bus.

Equation 3: Friction Factor for Bus in choice model

Cp
a x HI

FFp = (at X SVt + Wt X SV + vt X SV + et X SV + ) x AHS

FFg = Bus Friction Factor (minutes)

at = Access time.

SV, = Subjective Value of access time.

Wt = Wait time.

SVt = Subjective Value of waiting time

ivt = In-vehicle time.

SViyt = Subjective Value of in-vehicle time

et = Egress time.

SVt = Subjective Value of egress time.

CB = Cost of Bus.

HI = Household Income

o = Co-efficient (calibrated to initial data)

HS = Health Status.

The access and egress times are dependent not only on distance (a constant input that, for simplification, is an average for each
zone) but also the average walking speed (see later). The in-vehicle time for the bus is influenced by the speed of the bus and the time
lost at bus stops. Both of these are dependent on the car speed (see later), and the time loss is also dependent on the bus occupancy. As
this is a simple model we do not account for the bus timetable. The occupancy is in relation to the initial occupation and also de-
termines the subjective value of in vehicle time.

The cost of the bus is based on the actual bus fare, though can be increased if bus occupancy is too high to reflect the inconvenience
of overcrowding. It is also sensitive to a willingness-to-pay co-efficient, o, that is calibrated to the initial trip data but also to average
household income of the population in each zone.

3.7. Car friction factor

Car trips FF have the same fundamental elements as bus trips, with some minor differences. With a car trip there is no waiting time
element of the journey, and access walking time (from home) is assumed to be negligible, though egress time (from car parks) could be
non-negligible and is included. The in-vehicle time for the car is determined by car speed and the subjective value is influenced by the
level of congestion. The car speed (Equation 4) is determined by free-flow speed and changes in demand on the road (i.e. number of car
trips). Finally, there is no willingness to consider effect from a change in health.

Equation 4: Car speed

S _ SFF
1+ av x DF%

S = Speed.

Spr = Free Flow Speed

av/bv = Co-efficients.

DF = Demand Factor.

The cost component of the car consists of fuel cost (based on price and consumption due to the distance travelled) as well as other
per km costs (e.g. insurance, maintenance) and any parking costs associated with the trips.

3.8. Health

In this simple model, transport mode choice influences health through two pathways: activity exposure (walking — access to a bus
stop and egress from either a bus stop or car park) and pollution exposure (whilst walking). Pollution is limited to PM2.5 due to
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availability of data and is based only on a change in car tailpipe emissions. This is based on the mechanisms of the Integrated Transport
and Health Impact model (ITHIM) (Woodcock et al., 2013; Maizlish et al., 2013).

3.8.1. Physical activity health impact

The average weekly walking time of each subscripted set of the population (Zone, Car Access, Sex, Age, Health Status, Social Grade)
consists of the access and egress walking time from both car and bus (Table 3). These are calculated from the walking speeds and
access/egress walking distances. The walking speeds of average health by different age and gender have been identified using Track
and Trace app data (see 3.2), based on real world walking speeds of the relevant population groups. Speeds for below and above
average are assumed to be + 30% of the average speed. Though this is based on studies concerning older adults we take what we feel to
be a high-end realistic estimate for the whole population (Middleton et al., 2015; Studenski et al., 2011).

The average access/egress walking time (in hours) for each sub-population is aggregated across all bus and car trips per week. The
exposure arising from physical activity in each trip (in MET-h, Equation 5), is determined from the METs associated with walking speed
(Ainsworth et al., 2000) and duration. This approach is derived from the method adopted in the ITHIM and for average travel times in
each demographic.

Equation 5: Calculation of MET-h
METh=MET,;m x T

MET-h = Energy expenditure (Hours of Metabolic Equivalent of Task)

MET,,, = Metabolic Equivalent of Task at a specific speed, s, on specific mode, m.

T = Time.

In addition to the MET-h from active travel, Woodcock et al. (2009) also presume that non-activity METs explain variation in health
outcomes (with the exception of Diabetes and the Cardiovascular Diseases. WhoseThe Relative Risks were based on walking alone,
whereas other diseases were from studies considering physical activity from multiple domains). In the original ITHIM, (Woodcock
et al., 2009) derived the non-travel physical activity MET-h from the 2008 Health Survey of England (NCSR, 2003).

The latest HSE data available at the time of our model development was 2014 (NCSR, 2015), so this was updated, using a slightly
different method from Woodcock et al. (2009), as detailed in Appendix 2, resulting in the data in Table 4.

The ITHIM then calculates a Relative Risk (RR) of disease resulting from a certain level of exposure to physical activity, using
Equation 6.

Equation 6: RR of physical activity

RRpp vt = RRuyer™"

RRpa x,+ = Relative Risk of disease from Physical Activity for population x at time t.

RRimeT = Relative Risk of disease from 1 MET

Ex = Exposure to activity of sub-population x

a = Co-efficient.

The exposure is the average weekly person MET-h resulting from active travel plus non-travel related activity. Additionally,
Woodcock applied a minimum threshold of 2.5 MET-h/week to assume any benefit from physical activity. If an individual has a total
(travel + non-travel) weekly MET-h of less than 2.5, the MET-h applied is equal to a minimum 0.1 MET-h. In the original ITHIM,
various diseases were considered, but for simplicity in this model we only consider “all-cause mortality”, with values of 0.25 for the
transformational alpha coefficient and RRyer was 0.89. In future models we can adapt to consider disease specific RRs. In our model,
the RR of the weekly exposure in each week (Time = t) is then compared to the initial (Time = 0) RR to give the physical activity health
impact for that week.

3.8.2. Pollution-exposure health impact

The total car miles travelled across the whole population is aggregated from the number of trips and trip distances. For the purpose
of the simple model, bus mileage (and associated pollution) are not considered and it is assumed that all individuals will be exposed to
all emissions during the walking portion of their trip. Emissions are represented by PM2.5, as per the ITHIM. The PM2.5 concentration

Table 3
Health status and walking speeds (m/s) by age and sex, derived from Sesamo App data (1103 users over 14 months resulting in 206,162 trips).
Sex Health Status Age
16-19 20-29 30-39 40-49 50-59 Over 60
Female Below 0.82 0.80 0.79 0.76 0.74 0.74
Fair 1.17 1.14 1.13 1.09 1.06 1.05
Above 1.52 1.49 1.47 1.42 1.37 1.37
Male Below 0.85 0.85 0.84 0.82 0.78 0.75
Fair 1.21 1.22 1.20 1.17 1.11 1.07
Above 1.58 1.59 1.56 1.53 1.45 1.39
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Table 4
Non Travel MET-Hr, derived from (Ainsworth et al., 2000; NCSR, 2015).
Sex Health Status Non-travel METh
16-19 20-29 30-39 40-49 50-59 Over 60
Female below 15.83 16.45 17.97 18.20 15.70 12.21
fair 33.71 32.06 31.17 32.24 30.75 15.78
above 59.54 55.55 52.41 54.29 52.79 24.62
Male below 16.19 15.62 15.29 14.87 14.41 11.03
fair 60.77 59.46 55.48 53.10 49.29 25.89
above 109.30 105.76 97.96 94.06 87.17 44.74

(pg/ms) in any week can be calculated from the initial concentration and any change in Vehicle Miles Travelled (VMT) relative to the
initial weekly VMT, following Equation 3. The initial PM2.5 concentration was taken as 9.3 pg/m°, as per the original ITHIM data that
we had, which was for the San Francisco Bay Area of California (Maizlish et al., 2013) as the value for the Newcastle region was not
available at the time of study. We accept any differences between these regions as a compromise in the proof of concept of this model.

Equation 8: Concentration of PM2.5
Cpm25: = Cpmzs -0 — 3.17 x AVMT + 0.23

Cpma.5,: = Concentration in air of PM, 5 at time, t.

Cpm2.5, = Concentration in air of PM, 5 at initial time.

AVMT = Change in Vehicle Miles Travelled from initial time to time, t.

Thus, the relative risk of disease (for all-cause mortality) is determined using Equation 9.

Equation 9: RR of pollution exposure for sub population x
RRPM.x,[, — eRRPMx.T:l) % (ACPM)

RRpum,x,t = Relative Risk of disease from exposure to Particulate Matter for population x at time t.
RRpm,x,T — 0 = Relative Risk of disease from exposure to Particulate Matter for population x at initial time.
ACpy = Change in concentration in air of PMjy 5 from initial time to time, t.

3.8.3. Change in relative risk
In this model to understand health impacts we consider the change in relative risk (RR) of all cause mortality at each time step

relative to an initial value of 1. An improvement in health is indicated by a reduction in RR. It is different from the population category
of health status, which is applied to separate the population in sub-groups. The rate of change in RR from time = 0 of the population
sub-group to time = t is then calculated through a goal seeking archetype, as the product of the change in RR from pollution exposure
and physical activity exposure over an adjustment time (T,q;) of 6 weeks, feeding into a stock of RR. For this initial model, there isn’t a
consequential change to health status category which is a limitation of the model. However this could be considered as refinement in
future model development.

Equation 10: Change in relative risk

¢ <<RRPAVXI/RRPA.X<T:0 X RRPM'X'[/RRPM,X.T:O> - RRX.t)
RR,;= / T
0 adj

s

(to =RRpaxr-0 X RRppx7—0 =1)

RR x = Overall Relative Risk of disease for population x at time t.

RRpaxT = 0 = Relative Risk of disease from Physical Activity for population x at initial time.

RRpa x,: = Relative Risk of disease from Physical Activity for population x at time t.

RRpp,x,¢ = Relative Risk of disease from exposure to Particulate Matter for population x at time t.

RRpm,x,T = 0 = Relative Risk of disease from exposure to Particulate Matter for population x at initial time.
Taqj = Adjustment Time.

3.8.4. Walking speed feedback

The walking speed of each sub-population is assumed to be affected by the change in health, as a product of the change in RR and
walking speed. This is based on literature that suggests that walking speeds are associated with health (Middleton et al., 2015; Stu-
denski et al., 2011). We accept that the calculation may be crude but were unable to find an established relationship in the literature

that we could apply in our model.
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4. Results and discussion

We run the model for 52 weeks at a time step of 0.0625 weeks. Under baseline conditions, there is no change in travel behaviour —
the friction factors and thus the mode choice are constant. As such, there is no change in health. We test two forms of policy that could
encourage the uptake of public transport: fare and frequency, introducing reductions over differing time periods, as set out in Table 5.
As only households with access to a car can make a choice between bus and car in our model, we focus on this population in our results.

For bus fares, the initial (baseline) fare was £2.25, based on actual bus fares at the time of analysis in the area (half of a “Day Rider”
ticket — noting that this study was carried out prior to the UK Wide £2 bus fare initiative). Thus, the reduction by 25% is to £1.69, by
50% is £1.13 and by 75% is £0.56. For the bus frequency, which affects the waiting time, the initial (baseline) headway time is 10 min,
based on actual data from Google Maps and MOOVIT (2022). This translates in the MARS model to a waiting time of just over 4 min,
with a 25% reduction to 7.5 min (3 min waiting time), 50% to 5 min (2 min waiting time) and 75% to 3.5 min (<1 min waiting time).
The initial figure is reflective of an actual average waiting time of 3-15 min, though we accept this is on the low side (Mishalani et al.,
2006), and we also recognise that these times are clearly unrealistic. However the purpose of our model is to show illustrative sen-
sitivities rather than designed to reflect real policy. The reduction %’s and times are somewhat arbitrary rather than reflecting any
proposed policy, but were selected on the basis of being both reasonable and extreme examples in order to test the response of the
model to granularity in the policy changes.

4.1. Change in weekly bus trips by zone with household car access

As shown in Fig. 2, a fare reduction can increase weekly bus trips over the course of a year by those with household car access by up
to 45% in Walker, almost 40% in Gosforth, or around 40% overall, compared to the initial weekly bus trips. To put this into
perspective, the recommended UK commute bus fare elasticity is between —0.3 and —0.85 (Dunkerley et al., 2021). This range of
impact from around 10% increase for a 25% price reduction to 45% increase for a 75% reduction represents a price elasticity between
—0.4 and —0.6 so within the expected range. As we consider only households with car access we may consider that the most price
sensitive are not within this population as they would not be able to purchase a car. The larger impact in Walker is as expected due to
the higher price sensitivity of that community.

Changing the frequency of the bus services has a much smaller impact on weekly bus trips for those with household car access,
despite an unrealistically high frequency in the extreme case. As seen in Fig. 3, there is a range of between a 1% increase in trips for a
25% frequency increase in Walker, and almost 4.5% increase for 75% more frequent bus trips in Gosforth. This is comparable to a
previous MARS modelling study, which identified a 4% increase in public transport trip-km for a 50% increase in frequency (May et al.,
2005), though admittedly somewhat lower than reported wait time elasticities of between —0.39 and —1.17 (Preston (2000) in
Balcombe et al. (2004)). Contrary to the impact of fare reductions, Gosforth has a larger impact from frequency increases than Walker.
This is probably due that community having a shorter bus distance so the lower waiting time makes a greater proportional impact on
the overall time friction factor.

4.2. Total annual change in bus trips by zone with household car access

The impact on total bus trips across the year is more noticeable than weekly trips discussed in the previous section. Unsurprisingly,
we can see in Fig. 4 that the largest modal change can be seen when the largest reduction (75%) is made for the longest period (from
Week 4) (Fare 7), but also how the delay in implementing the largest reduction can have a significant impact on the change over the
year - if the fare reduction is not introduced until week 40 (Fare 9) then the resultant total change can be less than an earlier, lower
reduction (Fares 1,4,5,10, 12-15), thus delaying the potential positive impacts on health. Only Fares 2, 6 and 3 result in a lower
impact.

Table 5
Policy scenarios.
% reduction from initial value at start time % reduction from initial value at end time Start Week End Week

Policy 1 25 25 4 n/a
Policy 2 20
Policy 3 40
Policy 4 50 50 4
Policy 5 20
Policy 6 40
Policy 7 75 75 4
Policy 8 20
Policy 9 40
Policy 10 25 50 4 20
Policy 11 20 40
Policy 12 75 4 20
Policy 13 20 40
Policy 14 50 4 20
Policy 15 20 40
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Fig. 3. Changes in weekly bus trips (Week 0 vs Week 52) due to frequency change across population with household car access (Compared to initial
weekly bus trips).

40

H Walker
Gosforth

«» 30 M Both

g

s

-

o

£ 20

Q

Q0

[

(5]

"

o

- ‘ I | ‘ ‘ | I | ‘

Farel Fare2 Fare3 Fare4 Fare5 Fare6 Fare7 Fare8 Fare9 Fare 10 Fare 11 Fare 12 Fare 13 Fare 14 Fare 15

Fig. 4. Total annual change in total bus trips across population with household car access by fare reduction (success in order: 7, 14, 12, 8, 4, 10, 15,
5,13,1,11,9, 2, 6, 3).

If we assume that the government is subsidising the fare reduction, then we can also look at the cost per trip shifted (Fig. 5). We
account for the whole population, as those without household car access will also benefit from the reduced fares. The most successful
policy (Fare 7) is also the most efficient policy at just over £9 invested per trip. Conversely, the least successful policies are also the least
efficient, suggesting that there may be a false economy in small reductions. There will of course, be a limit to budget available. Fare 7,
despite being the most efficient is also the most expensive at nearly £0.25M.

Frequency reductions have a similar pattern of impact as fare reduction (Fig. 6), with some subtle differences. If policies are ranked
by success, we see that policies 4 and 8, 1 and 13, and 2 and 9 appear in the opposite order to the fare policy results (Fig. 4). As a
hypothetical scheme to increase frequency, we don’t have approximate costs to consider in the same way as the bus fare subsidies.
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Fig. 6. Total annual change in bus trips across population with household car access by frequency reduction (success in order: 7, 14, 12, 4, 8, 10, 15,
5,1,13,11,2,9,6, 3.

4.3. Total annual change in bus trips and health by socio-demographic groups with household car access

In the previous sections, we have presented the results for the aggregate population with household car access in each zone for each
of the policies. When we consider the results at a more disaggregated population level, accounting for general health and social group
of just those who shifted mode, we see micro-changes in the health impacts of mode shift more clearly, as these sub-groups may in-
crease or decrease their bus trips.

Figs. 7 and 8 show this change for bus trips and relative risk relevant to an average individual in each sub-group (averaged across
age and sex), for the most successful Fare policy (7). Relative risk is for all cause mortality. We can clearly see that the least affluent
socio-economic groups,' DE, who are most price sensitive make the greatest change in bus trips in each health status category, and that
the Fair and Above average health status groups make larger changes than the Below average health group. This is because the Below
average health status groups tend to take less trips overall, so have fewer additional trips they can take. Seeing how this translates to
change in health, although the impact may be minimal, we see that in general the change in health follows the change in bus trips.
Therefore, the lower socio-economic groups in each health category witness the greatest benefits. On the other hand the Below average
health status sub-groups have the smallest health increase across health status categories.

The distribution of the Frequency 7 intervention shown in Fig. 9 (bus trips) and Fig. 10 (relative risk) has quite a different pattern to
that of the Fares. Here we see that the lower socio-economic groups benefit the least. Though similar to the fare policy, the middle
health status group stand to benefit more than other health status groups. Those in the below average health status have similar

1 AB: Higher & intermediate managerial, administrative, professional occupations; C1: Supervisory, clerical & junior managerial, administrative,
professional occupations; C2: Skilled manual occupations; DE: Semi-skilled & unskilled manual occupations, Unemployed and lowest grade
occupations.
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Fig. 7. Percentage change in bus trips under Fare 7 by socio-demographic group of car users (change is averaged across age and sex).
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Fig. 9. Percentage change in bus trips under Frequency 7 by socio-demographic group (change is weight averaged across age and sex).

changes in health regardless of socio-economic group (presumably as there is limited issue with price sensitivity in the frequency
policy), yet the impact on willingness to consider bus must have a dominant effect here. As already identified, Gosforth benefits more
by the Frequency policy than Walker, but interestingly, the more affluent groups within both zones also benefit more. This occurs
because the reduction in waiting time in some cases leads to the time portion of the friction factor being lower than the cost portion,
reducing the influence of the price sensitivity. As at the start of the simulation the more affluent groups have fewer weekly bus trips
than the least affluent, and the cost element does not change but remains restrictive to the least affluent. They therefore stand to be
more influenced by the now dominant time element. In comparison to the Fare policy, this may not be a favourable choice in terms of
social equity as it stands to benefit those better off more than those worse off.

4.4. Effect of combined policies

Finally, by combining the two most ambitious policies, Fare 7 and Frequency 7, we find that the two policies can reinforce each
other creating a greater overall impact than each individual policy, which is still within the range of generalised journey time

12
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Fig. 10. Percentage change in relative risk under Frequency 7 by socio-demographic group (change is averaged across age and sex).

Table 6
Final Change in Weekly Bus Trips of population with household car access.
Walker Gosforth Both
Fare 7 +149 +420 +569
Freq 7 +8 +49 +57
Fare 7 Freq 7 +169 +520 +689

elasticities for bus of —1.05 to —1.15 (Dunkerley et al., 2021), though not to the extent of if both policies were independent (Table 6,
Table 7 and Fig. 11). Although changes in relative risk are relatively small, this may be expected over the short time period, which
would only have acute effects on health. When we compare the impacts of the mixed scenario on socio-economic groups (Fig. 11), the
pattern reflects the dominance of fare effects as we see that there is limited additional benefit from the frequency policy (Fig. 10) on top
of the impacts of the fare policy (Fig. 8).

In Table 8 we present distribution data on the car-owning populations of Walker (left) and Gosforth (right) by socio-economic class
(Columns: AB, C1, C2, DE) and health status (Rows: Below, Fair, Above) at the initial time - i.e. before any policy interventions. 8(a)
shows the total (synthetic) population in each sub-category. 8(b) and 8(c) show the percentage of the overall and zone populations in
each sub-category. 8(d) shows the percentage of population within the three health statuses by socio-economic class population in each
zone, whereas 8(e) shows the percentage of population within the four socio-economic classes by health status. The colour grading in
each sub-table shows the range from lowest (red) to highest (green).

Table 7
Final change in relative risk of population with household car access.
Walker Gosforth Both
Base 1 1 1
Fare 7 0.9990 0.9992 0.9991
Freq 7 0.9999 0.9999 0.9999
Fare 7 Freq 7 0.9989 0.9990 0.9989
Below Fair Above
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Fig. 11. Percentage change in relative risk under mixed scenario (Fare 7 & Frequency 7) by socio-demographic group (change is representative of a
single individual with household car access).
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Table 8
Study population with household car access in the two zones (colour graded from red being lowest to green being highest in each sub-table).
Walker Gosforth
Socio-Economic Class (SEC)
Health
Status AB Cc1 Cc2 DE All AB Cc1 Cc2 DE All
o
= B = Fair 10 10 18 30 68 64 29 16 85) 144
o §_ £ | Above 61 52 77 299 226 127 177 1152
o All 73 67 103 154 397 699 268 149 224 1340
w_5§ Below 0.9 0.7 0.7 0.7
o=.2
2 S% Fair 0.6 0.6 1.0 1.7 3.9 3.7 1.7 0.9 2.0 8.3
58
23 §_ Above | 35 3.0 4.4 6.3 17.2 13.0 7.3 10.2
©
o All 5.9 8.9 n/a 15.4 8.6 12.9 n/a
= Below 2.0 3.8
S ©
<2 E Fair 4.5 7.6 17.1 4.8 22 1.2 2.6 10.7
< rel §_ Above 15.4 13.1 194 16.9 9.5 13.2
©
o All 25.9 n/a 20.0 16.7 n/a
L
5 Below
2 g0 -
S ouw Fair 13.7 14.9 17.5 19.5 n/a 9.2 10.8 10.7 15.6 n/a
TN®D
g Above
S , o | Below 16.7 26.7 27.3
§ s t_g Fair 26.5 n/a 20.1 243 n/a
SN T | Above | 204 258 19.6 15.4

By looking at this initial data we can make some assessment on the potential benefits of our interventions based on the results
already presented that could support decisions on where limited resources to improve health outcomes could be focused. We can see
from 8(a) and 8(b) that Gosforth has not only a higher population than Walker, but also account for two thirds of the population that
are already in above average health (with half of that population in the highest SEC). In Walker we see that the lowest socio-economic
group, DE, which has the most people with above average health status, is also the largest group. If the concern of the policy is not just
to benefit the most vulnerable but also the biggest group then this policy would be desirable. Furthermore, in 8(c) we can see that
Gosforth has a healthier population than Walker, with 85% of the population of above average health compared to only 75% in Walker,
which also has over twice the portion of those in below average health compared to Gosforth, further reinforcing that a policy that
favours Walker may be preferable. Although health status by SEC shows similar patterns in both zones (8(d)), Gosforth once again
shows above average health status higher than Walker, and below average health status to be lower, in all SECs. On the other hand, 8
(e) shows SEC by health status, which would seem for both zones to correlate with the most populous SEC in each zone. What should
also be noted is that although Walker has a much lower total population (847) than Gosforth (1680), it also has substantially lower
household car access than Gosforth, which is 47% compared to 80%, so the choice to shift to bus (and the related benefits) is available
to a higher portion of the population in that area. As such, we must be wary that a large portion of who we can consider most vulnerable
are not directly considered within our results, but could also benefit substantially from the reduced fares and/or increased frequency.

5. Conclusions

This simple system dynamics (SD) model was established to demonstrate how causal feedbacks identified in previous research can
be developed into a simple working tool for assessing policy interventions related to transport and health. Alongside this, we
demonstrate the potential benefits of integrating SD with spatial micro-simulation development of synthetic populations and agent
based modelling. In future work, we plan to integrate further with the ABM to run for longer and more dynamic time scales, as well as
developing more detailed policy scenarios.

Our results suggest that policies aimed at reducing bus fare and increasing bus frequency can stimulate a mode shift from car to bus
with resultant impacts on health, albeit small, and the policy interventions tested may provide benefits to the most deprived com-
munities. In our case the shift from car to bus would involve an increase of 700m walking per day per person, which is some way off the
often mooted “10,000” steps (approx. 7.5-8 km) that studies suggest may reduce mortality risk (del Pozo Cruz et al., 2022). However,
other sources suggest that 10,000 steps are not required, and it may be more in the range of an additional 10 min of walking time per

14



G. Harrison et al. Journal of Transport & Health 37 (2024) 101830

trip, which is recommended as having health benefits if carried out daily (NHS, 2021), or 150 min of moderate-to-vigorous aerobic
activity a week (Garcia et al., 2023), or short bouts (Woolf-May et al., 1999) as is indeed any increase in walking (Lee and Buchner,
2008), especially if they are already in a poorer state of health (Ahmadi et al., 2024). This is particularly important for those who are in
the lowest socio-economic group, who may benefit most from the policies tested. However, it should be noted that as those groups tend
to travel less the opportunities for improved health through transport mode switch may be more limited than other groups. The
associated reduction in transport related air pollution provides additional benefits through reduction of both acute and chronic
cardio-vascular and respiratory affects, even if the short term (Manisalidis et al., 2020). What we don’t capture (yet) in this model are
additional mode choices (e.g. walking, cycling, rail) and other transport-health interactions — both positive, such as the improvement
in wellbeing commonly associated with increased activity, and negative, such as the increased exposure to pollution whilst walking
(which is in the CLD but not the simulation model) or even other transport-health interactions such as the exposure to disease whilst
using public transport. Nor do we capture if the increased walking (or health benefits) arising from the modal shift may lead to other
activity-related behaviour change. In future developments of the model, it would be interesting to consider these limitations and
include further incentives, modes and exposures, for a broader picture of health impacts. This could be further improved by consid-
ering longer time-periods and specific diseases, as well as capturing the transition between different health status. However, the
findings of this paper are an encouraging start to the further development of new types of models and model integration for the
understanding of transport-health interactions utilising new and emerging forms of data.
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