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ABSTRACT

Introduction Many low-income and middle-income
countries lack an organised emergency transportation
system, leaving people to arrange informal transport to
hospital in the case of a medical emergency. Estimating
the effect of implementing an emergency transport system
is impractical and expensive, so there is a lack of evidence
to support policy and investment decisions. Alternative
modelling strategies may be able to fill this gap.

Methods We have developed a spatial-epidemiological
model of emergency transport for life-threatening
conditions. The model incorporates components to both
predict travel times across an area of interest under
different scenarios and predict survival for emergency
conditions as a function of time to receive care. We review
potentially relevant data sources for different model
parameters. We apply the model to the illustrative case
study of providing emergency transport for postpartum
haemorrhage in Northern Ghana.

Results The model predicts that the effects of an
ambulance service are likely to be ephemeral, varying
according to local circumstances such as population
density and road networks. In our applied example, the
introduction of the ambulance service may save 40 lives
(95% credible interval 5 to 111), or up to 107 lives (95%
credible interval —293 to —13) may be lost across the
region in a year, dependent on various model assumptions
and parameter specifications. Maps showing the
probability of reduced transfer time with the ambulance
service may be particularly useful and allow for resource
allocation planning.

Conclusions Although there is scope for improvement

in our model and in the data available to populate the
model and inform parameter choices, we believe this
work provides a foundation for pioneering methodology to
predict the effect of introducing an ambulance system. Our
spatial-epidemiological model includes much oppurtunity
for flexibility and can be updated as required to best
represent a chosen case study.

INTRODUCTION
Emergency transport systems are often lacking
in low-income and middle-income countries

WHAT IS ALREADY KNOWN ON THIS TOPIC

= An organised emergency transport system may
confer considerable benefits in low-income and
middle-income countries (LMICs), or on the contrary,
resources may be better used elsewhere.

WHAT THIS STUDY ADDS

= We developed a spatial-epidemiological model to
help estimate the effect of an emergency ambulance
system in a defined area. We demonstrate scenarios
where the emergency ambulance is highly effective,
not effective and even, perhaps counterintuitively,
where it may be harmful.

HOW THIS STUDY MIGHT AFFECT RESEARCH,
PRACTICE OR POLICY

= Our model could be used to inform policy-makers in
LMICs, and in particular, help identify areas where
the ambulance service may be most and least
effective.

(LMICs)." Organised transportation is often
essential to allow effective healthcare to be
accessed in a timely manner, particularly for
time-sensitive conditions such as obstetric
emergencies, sepsis and injuries—all of which
tend to disproportionately affect LMICs.?
While an emergency transport system could
confer considerable benefits in such coun-
tries,1 LMICs face substantial resource
constraints. Determining whether an emer-
gency transport system warrants prioritisation
by policy-makers requires an understanding
of the magnitude of the potential bene-
fits to offset against the costs. To do so, any
new intervention should ideally be assessed
against the next best alternative (or oppor-
tunity cost). While empirical evaluations of
a new intervention compared with current
practice would provide this evidence, a recent
systematic review” found no controlled studies
evaluating the effectiveness of introducing
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an emergency transport system in LMICs. In addition,
providing precise, unbiased estimates of the effectiveness
of ambulance services is beset by methodological chal-
lenges.*

We previously identified and framed key issues in the
health economics of emergency transport systems in
LMICs and presented a basic model framework that could
allow decision-makers to calculate the cost per life saved
from introducing an ambulance system.” We expand the
concept of calculating the benefit from introducing an
ambulance system and specify a spatial-epidemiological
model that predicts survival for emergency conditions
as a function of time, which incorporates spatial data on
travel times, survival rates and other key data. Then, we
provide an applied example to demonstrate the use of
our spatial-epidemiological model. Finally, we discuss
challenges and potential extensions to the model. Our
paper is thus theoretical in nature and aims to provide a
logical system for analysis of empirical information as it
becomes available.

Background

Aside from our previous paper,’ other literature has
investigated the benefits and challenges of emergency
transport systems. A review assessing the economic
value of out-of-hospital emergency care found a lack
of evidence to establish whether such services are cost-
effective,” highlighting the need for model-based evalu-
ations. Fischer et al’ developed an ‘Ambulance Response
Curve’ which allows policy-makers to estimate the
marginal cost of an ambulance and the opportunity cost
of each second of response time. However, estimation of
the ‘Ambulance Response Curve’ relies on current data
from an operational ambulance system which would be
an issue for LMICs with no or an unorganised ambulance

system. A more recent paper’ attempted to determine
the optimal location for emergency medical centres and
allocate ambulances to these in order to minimise costs
and maximise survival. Although potentially useful when
planning the introduction of new medical facilities, this
model focuses on the location optimisation of hospitals
in order to reduce transport time, whereas we are inter-
ested in predicting the impact of reducing travel times
on survival.

There is the potential for delay in the time interval
between a medical emergency happening and the receipt
of treatment. This ‘delay’ has been often described
in three parts. The time between the patient or carer
realising there is a medical emergency and deciding to
seek healthcare is the ‘first delay’. The ‘second delay’
describes the time between a patient deciding they need
to seek healthcare to arriving at a medical facility. Once
the patient has arrived, any further delay in receiving
treatment is known as the ‘third delay’.® Emergency
transportation can reduce the second delay, and there-
fore, modelling this time interval is our focus.

SPATIAL-EPIDEMIOLOGICAL MODEL FRAMEWORK

Figure 1 shows potential processes that could affect
the time interval between a patient realising that there
is a need to seek emergency healthcare and arriving at
a medical facility. We consider there to be two general
transport options if a decision to seek care has been
made: first, the patient calls for an ambulance which
travels from some location to the patient and then to the
healthcare facility or second, the patient arranges their
own transport locally, which then travels to the healthcare
facility. The choice may be influenced by supply-induced
demand; whereby the patient decides to seek healthcare

Delay in call out,
2

’ Ambulance speed ‘

l

l |

Patient calls for

an ambulance,

which is located
ata

Supply induced
demand

Ambulance travels Ambulance travels
from a to x to pick from x to the
up the patient medical facility

Paramedical
services received
in ambulance

Patient decides
that they should
seek medical
attention and
travel to a medical
facility

Patient has a
medical
emergency at
location x

s

[ ‘ Patient arrives at
‘ Road friction ‘ the medical

™ facility, total
travel time, ¢

Patient arranges
informal
transport, which
is located at b

s

Informal transport
travels from b to x
to pick up the
patient

Informal transport
travels from x to the
medical facility

[ Survival function,
S@)

‘ Disease incidence, | ‘ I

Delay in arranging
informal
transport, 7

I

Population density, p

——

Figure 1

Probability of
survival

Potential processes linking a patient realising that there is a medical emergency and probability of survival. Orange

boxes relate to an individual patient, yellow boxes relate to epidemiological parameters/functions, green boxes are travel
times, blue boxes are factors that can affect travel times and grey boxes represent other factors that may affect an individual’s

probability of survival through the survival function.

2 Scandrett K, et al. BMJ Public Health 2024;2:6000321. doi:10.1136/bmjph-2023-000321

‘ybuAdoo

Ag pa1os10id 1sanb Ag 120z 11dy 'z uo woofwg yieayogndiwgy/:sdny wouy papeojumod v20z Arenigad TZ uo TZE000-£202-Udlwa/oeTT 0T Se paysignd 1sii :yiesH 2iand CINg



3 BMJ Public Health

due to the existence of an ambulance service." * The
patient may also decide against seeking healthcare and
in this case, the survival function would determine their
outcome.

In a scenario where we include an option that an ambu-
lance service does not exist, the patient is forced to follow
option two and arrange informal transport to hospital.
When an ambulance service option is included in the
comparison and the patient chooses option one, there
may a be delay in call out of the ambulance (). Similarly,
under option two, there is the potential for delay while
attempting to locate a suitable vehicle and a driver (7).
Both parameters (), 7) will be influenced by the popu-
lation density (p) at location x. The higher the popula-
tion density, the more likely it is that there will be a delay
in ambulance call out since we would expect a higher
volume of calls. On the contrary, the higher the popu-
lation density, the faster someone will be able to locate a
vehicle for informal transportation to the medical facility,
since we assume that with more people in an area there
are more available vehicles. Disease incidence (7) is also
affected by population density.

The ambulance or informal transport, located at @ and
b, respectively, then travels to pick up the patient from
where they are located, at x. The location a could be a
localised ambulance hub or a centralised hub situated
at a hospital. In more complex scenarios, the location
of the ambulance could be stochastic if it is ‘roaming’,
although we do not consider that option further here.
For an ambulance originating at a centralised hub, it
will travel from @ to x and back again. Also note that it
is likely that the informal transport is situated where the
patient is; in this case b = x. Travel times for each mode of
transport are dependent on ‘road friction’ and a velocity
parameter. Typically, we assume the ambulance can travel
faster than private transportation. We use the term ‘road
friction’ to describe factors that will affect travel time,
such as speed limits and road conditions, or lack thereof.

The time elapsed between the patient deciding to seek
healthcare and arriving at the medical facility (¢) directly
affects their survival, which is modelled by some survival
function (S(¢)) (see Applied Example for specification
of the survival function for a particular medical condi-
tion). For a patient at location x, the travel time to a
medical facility is t(x) The survival function (S(t(x)))
is, therefore, also location dependent. If the ambulance
service reduces this time ¢, there will be improvements
in survival. If the patient receives any treatment in the
ambulance, in the form of paramedical services, this will
directly affect their probability of survival (and hence the
parameters of the survival function). The total effect of
the ambulance service can then be estimated by calcu-
lating the cumulative difference in probability across the
whole area of interest between the two scenarios.

We refine the general frameworkin figure 1 to define our
spatial-epidemiological model. We make some assump-
tions about the two scenarios we wish to compare and
some of the model parameters to simplify the exposition,

although these can be changed in other comparisons.
We assume that the ‘standard of care’ is a scenario where
no emergency transport exists, and people must arrange
informal transport to a medical facility (option two). We
explore the potential reduction in travel time and corre-
sponding improvement in survival because of introducing
an ambulance system, whereby people can now choose
option one. Second, we assume that delay in ambulance
call out () is zero and that as soon as a patient summons
an ambulance it leaves immediately. We also assume that
the ambulance hub is centralised (located at the medical
facility) and the informal transport is at the same location
as the patient (b = x). Lastly, paramedical services are not
considered and we assume the ambulance is used purely
for transportation.

If a patient decides to arrange informal transport
to hospital or if the ambulance service does not exist,
their total travel time will be denoted t(x) +T (x) We
assume that 7 (x), which we will refer to as the ‘waiting
delay’, follows a Rayleigh distribution (see online supple-
mental material 1 for further detail and derivation). The

expected value of our specified Rayleigh distribution is
8

p(x)
(\1/6; given a population density p at location x. The
parameter f3 is the defining parameter for our Rayleigh
distribution and can be interpreted as mean waiting
delay when the population density is one individual per
unit area. Travel time with the ambulance service will be
2st (x), since we have assumed that the ambulance hub is
located at the medical facility and that there is no delay
in ambulance call out (f =0). The term s denotes the
‘speed multiplier’ of the ambulance because we assume
an ambulance travels faster than a standard vehicle.
To summarise, if the ambulance service does not exist,
travel time can be written as { = t(x) +7 (x) If the
ambulance service does exist, patients have a choice
over their method of travel and travel time will either
be t; = t(x) +7 (x) or i = 2st (x), there are three logical
options that follow:

1. Patient always chooses the ambulance.

2. Patient chooses the ambulance with some probabil-
ity.

3. Patient chooses the fastest option.

We introduce pp and p; to denote the proportion of
people who seek healthcare in the absence and presence
of the ambulance system, respectively. Any supply-induced
demand created by the existence of the ambulance, can
be incorporated into the model by introducing distribu-
tions for py and py .

The total number of people surviving in the absence
(Np) and presence (V1) of the ambulance system can be
calculated by integrating over all locations x within an
area A (x € A):

Equation 1

and this can be interpreted as the mean waiting

N =I/x€AplS(t1 (9) p (%) dx
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Nozz/xeApos(to () p (%) dx

where [ denotes the incidence of a certain disease within
the population and p () is the population density. The
mean effect of introducing the ambulance service in
terms of lives saved is therefore

Equation 2

A = Nl—N():I/
xEA

(1S (1 () = S (10 (x))] p (x) dx

To determine the benefit from using the ambulance
system for multiple conditions, equation 2 can be
summed across each of the conditions the ambulance is
used for. The integrals above sum the survival probabili-
ties across the area of interest. Where there are parame-
ters, for example, defining the survival function, we must
also average over these to calculate E(Nl) and other
quantities of interest. However, we have not included
these above for ease of presentation. Also note that an
additional random term was not added to the model
since stochastic terms are already included.

It is clear to see that there will be benefit from intro-
ducing the ambulance service where the informal
travel time is longer than the travel time with the ambu-
lance (¢t (x) +7 (x) > 2st (x)) Rearranging this gives
T (x) > (23 — 1) t(x) We can use a Rayleigh distribution
to determine the probability (q(x)) that someone will
reach hospital faster with the ambulance system and map
these probabilities across the region to identify areas
would see the largest reduction in transfer times (see
online supplemental material 1).

Equation 3

q(x) =Pr[r (x) > (25— 1) 1(¥)]

Data sources

WorldPop model global population densities at a reso-
lution of 1 km." This dataset can be used to provide
estimates for the population density at location x, p (x)
. A useful source to obtain estimates of the incidence of
disease is the Global Burden of Disease (GBD),'! which
provides estimates of the incidence of a range of diseases
in different countries.

Weiss et al'* mapped the estimated shortest motorised
travel time to the nearest hospital/clinic from any loca-
tion around the world, also at a resolution of 1 km. They
did this by creating global ‘friction surfaces’, which reflect
the estimated time required to traverse each pixel of a
map. A variety of data sources, including Google Maps
and OpenStreetMap, were used to update the global
‘friction surfaces’ so that both road conditions and speed
limits are reflected in the respective travel times.

However, a limitation to the Weiss et al® data is that it
maps travel time to the closest healthcare facility, and this
facility may not offer emergency care. To alter the travel
times so that they reflect the time taken to reach specific
emergency healthcare facilities, the least-cost-path algo-
rithm (which finds the shortest path across the map given

the respective friction, as outlined by Weiss et al'®) can be
re-run.
See table 1 for an overview of general data sources.

APPLIED EXAMPLE

Background

In order to demonstrate how our spatial-epidemiological
model works, we have selected the region of Northern
Ghana (including what are now known as the Savannah
and North East regions following a referendum'). Our
model considers the scenario where the region is consid-
ering implementing an entirely new ambulance service.
In practice, many regions (including Northern Ghana)
do have an existing level of service (which they may
consider upgrading'*), but for simplicity, we will assume
that no ambulance service currently exists. Similarly, we
will also assume that the ambulance service is targeted,
meaning it only attends to patients with a specific medical
emergency. Postpartum haemorrhage (PPH) is not only a
leading cause of maternal death in Ghana but also world-
wide.'” There exists a 2-hour international threshold for
obstetric emergencies to access suitable healthcare'® and
PPH is best treated at a medical facility. It is, therefore,
a suitable marker condition for exploring the benefit
of introducing a targeted ambulance system. See online
supplemental material 2 for description of a severe PPH.

In introducing our applied example, we make several
further assumptions. We will vary our assumptions
regarding # (x), the transfer time with the ambulance
service, to reflect different choices people may make
regarding how they travel to hospital. In the first instance,
we will assume that people will choose the fastest mode
of transport to the hospital (labelled as ‘fastest’ below).
It is under this assumption that maximum benefit would
be achieved from the intervention, given our assumption
of no medical care being received during ambulance
travel. However, this scenario is unrealistic because it
assumes people have perfect knowledge. Thus, to eval-
uate the impact of this assumption on the model, we will
also examine a scenario where people always choose the
ambulance, even if this is in fact slower (‘ambulance’).
A third scenario, where half of people are randomly
assigned to the ambulance and the other half to informal
transport will also be included (‘random’).

We sought expertise from a consultant physician who
practices in Northern Ghana to determine which centres
have the means to treat the PPH case outlined in the
appendix. After receiving the names of four hospitals
(Baptist Medical Centre (Nalerigu), Tamale Teaching
Hospital, West Mamprusi District Hospital (Walewale),
District Hospital (Yendi)), we updated the travel time
data to recalculate travel times to these specific hospitals
using the least-cost path algorithm as outlined by Weiss et
al.'* These updated travel times were used to define t(x)
, the estimated average travel time to the closest medical
facility (of the four) from location x in minutes.
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Table 1

Model inputs, suggested data sources and choices for the applied example

Model inputs

Symbol Suggested data sources

Choice for applied example

WorldPop global population density

t10

Population density datase

WorldPop Northern Ghana population
density dataset'®

Population density datasets available from:
https://hub.worldpop.org/project/
categories?id=18

Weiss et al map of average travel time to a
medical facility'? for Northern Ghana, with
updated travel times to the closest of four
emergency facilities

Travel time

Weiss et al global map of average

travel time to a medical facility,™ with

updated travel times to emergency
medical facilities

Global travel time datasets and R script
used to update the data available from:
https://malariaatlas.org/project-resources/
accessibility-to-healthcare/

Expert elicitation of likely survival

Global Burden of Disease estimates
of disease incidence by country

Survival function S(t)  probabilities
Incidence of the disease(s) I
Speed multiplier of the ambulance S

Expected waiting delay where population
density per unit area is equal to one and
waiting delay is modelled with a Rayleigh

distribution 153
Proportion seeking care with an

ambulance service P
Proportion seeking care without an
ambulance service Po

Model parameters and data
An exponential survival function is a simple distribution
defined by a single parameter.'” A study that included
44 628 patients and investigated mortality after hospital
admission found that death following admission declined
exponentially over time.'® Therefore, an exponential
survival function was chosen to model survival after severe
PPH; S (t) = exp (—At), where X is the rate parameter of
an exponential survival function. An elicitation exercise
by a group of obstetric experts (see online supplemental
material 2) estimated that baseline survival rate for severe
PPH after 24 hours was 0.16 (95% credible interval (CrI)
0.05 to 0.31). It is after this point that we assume that
most of these women continue to survive regardless of
whether they have received any medical intervention.
Taking this, and the estimated maximum time taken to
reach the hospital given our dataset of travel times'? into
account, we chose a suitable mean value for A (A =0.056).
The value for A was drawn from a normal distribution.
Astudy in China which enrolled almost 100 000 women
found that 0.81% experienced PPH, defined as an esti-
mated blood loss of greater than or equal to 1000 mL
in 24 hours.”” Given that the PPH case outlined in the
online supplemental material is more severe than this, it
is reasonable to assume that the incidence is lower than
0.81%. We believed the GBD estimate of PPH to be inac-
curate also due to this reason. Therefore, informed by

Exponential survival function with
expert elicitation exercise and estimated
travel times used to inform choice of

A (\=0.056)

Gamma distribution with shape parameter
two and scale parameter 0.5

s=0.6, 0.7, 0.8, 0.9

B =60, 120, 180, 240, 300

No supply-induced demand; pg = p1 = 1

this evidence and expert opinion (RL, a consultant obste-
trician), a gamma distribution with shape parameter two
and scale parameter 0.5 was chosen to model the inci-
dence of severe PPH. These parameters were chosen so
that the mode of the distribution is 0.5%, meaning that
the most likely value for the incidence of severe PPH is
0.5% of live births. In 2020, it was estimated that there
were 905 000 live births in Ghana (birth rate of 27.5 per
1000 of the population).”’ The birth rate was multiplied
by the incidence sampled from the gamma distribution.

A recent systematic review that investigated prehos-
pital emergency care in LMICs found no studies that
compared time taken to reach hospital in an ambulance
versus to time taken using standard transport.3 A study
in Finland estimated that emergency vehicles travel
20%-25% faster than standard vehicles.* Although this
study was conducted in a high-income country, given the
lack of any other available evidence, we used the findings
to guide our choice of values for the speed multiplier. We
chose s=0.6, 0.7, 0.8, 0.9 for a 40%, 30%, 20% and 10%
proportion reduction in average transfer times with the
ambulance, respectively.

A 2020 survey of residents in Tamale, the biggest city in
Northern Ghana, found that only 22% of people own a
car® and it is reasonable to assume that this percentage is
lower in rural areas. We chose 8 = 60, 120, 180, 240, 300
to represent waiting times of 1-5 hours in an area where
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the population density is 1 per km® For reference, in
2020, the average population density in Ghana was 137
per km®* which would correspond to expected waiting
delay times of 5.1, 10.3, 15.4, 20.5 and 25.6 minutes for
B =60, 120, 180, 240, 300, respectively.

In the case of a maternity system, almost all births are
supervised; even in an area such as Ghana where around
half of births are at home.” Assuming the birth super-
visor will only decide to seek further medical care if it
is required, we can assume that the introduction of the
ambulance system creates no supply-induced demand
and set pg = p1 = 1.

The key parameters that define our model and choices
for the applied example are given in table 1.

Implementation and estimation

The model was built using R V.4.1.0. The ¢(x) proba-
bilities (equation 3) were plotted across the Northern
Ghana region for six # and s combinations (/3 = 0.6, 0.9
and s= 60, 180, 300). Equation 2 was replicated 10 000
times for each 8 and s combination under each of the
three transfer choice scenarios (‘fastest’, ‘ambulance’
and ‘random’). The mean and 95% Crls were calculated
from the 10 000 replications. For the ‘fastest’ scenario,
lives saved were plotted across the region for the six 5 and
s combinations as specified above. All code is included in
online supplemental material 3.

RESULTS

Figure 2 shows the average transfer time in minutes to
one of the four specified hospitals and the population
density across the region. Population density is high in
the areas close to the hospitals (marked by black crosses).

density 1 10 100 1000

The areas with the fastest transfer times are (broadly) the
areas with the highest population density.

Figure 3 shows the probability of reaching one of the
four hospitals faster with the ambulance service under
different parameter value choices for the waiting delay
parameter () and ambulance speed multiplier (s
). When 8 =60 and s=0.9, it is clear to see that some
regions will not benefit from the introduction of the
ambulance service (yellow areas). Here, the ambulance
travels little faster than other vehicles and the waiting
delay is short, meaning it would be faster to arrange
informal transportation. The areas that will however
benefit from the ambulance service are towards the
west of the region where population density is low (see
figure 2) meaning a large waiting delay for informal
transport, but the hospital is still near enough to make
the ambulance journey from the hub and back worth-
while. Areas where population density is high see a lower
probability of improved transfer time; here waiting delay
is low because we have assumed that more vehicles are
available in populated areas.

Table 2 shows the mean number of lives saved per year
in Northern Ghana by introducing the ambulance service
with the corresponding 95% Crls, under the ‘fastest’
assumption. Benefits when waiting delay is 60 are close
to 0, but as waiting delay increases, there are large poten-
tial gains in lives saved for the lower values of the ambu-
lance speed multiplier. The 95% Crls are wide, indicating
that the model is sensitive to distributional assumptions.
For example, in the case of a longer delay associated
with arranging informal transport to hospital and a fast
ambulance, the mean (95% Crl) estimate is that 40 (5 to
111) lives would be saved in a year by the introduction of

to hospital
(mins) 0 100 200 300 400

Figure 2 Estimated population density across the North Ghana region (left) and travel time in minutes to one of the four
specified hospitals (right). Population density is shown on the left. Transfer times are shown on the right (data manipulated from
Weiss et al ). Yellow areas indicate densely populated areas (left) and low transfer time (right). The four hospitals are: Baptist
Medical Centre (Nalerigu), Tamale Teaching Hospital (Tamale), West Mamprusi District Hospital (Walewale) and District Hospital

(Yendi). These locations are marked by crosses.
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$=0.6, B=180 s=0.9, B=180

o

$=0.9, B=300

$=0.6, B=300

improved

transfer time 0.25 0.50 0.75 1.00

Figure 3 Probability of improved transfer times with the
ambulance service in Northern Ghana. The left and right
columns represent a fast and slow ambulance service
respectively. Delay in locating a vehicle for informal transport
to hospital (waiting delay) increases with each row. The
yellow areas (low probability of improvement) indicate that
the ambulance service will not reduce transfer times and it
will be faster to arrange informal transportation to hospital.
The purple areas (higher probability of improvement) indicate
that introduction of the ambulance service will improve
transfer times.

the ambulance service. At the upper end of the interval,
111 lives saved seems like an intervention that is worth
consideration but if only 5 lives were saved, the opportu-
nity cost may be high. For reference, the WHO estimated
that there were 776 maternal death across the whole of
Ghana in 2020.*° See online supplemental figure 1 for a
visual representation of where lives are saved across the
region.

Online supplemental tables 1, 2 show the impact of the
ambulance system under the ‘ambulance’ and ‘random’
assumptions, respectively. Under both assumptions, for

16 of the 8 and s combinations the introduction of the
ambulance service would lead to lives lost, due to people
travelling to hospital by ambulance when informal trans-
portis in fact faster.

DISCUSSION

Experimental studies comparing health outcomes for
those served by ambulance services compared with
standard transport have not been carried out” We
have described and demonstrated use of a spatial-
epidemiological model to estimate the effectiveness of an
ambulance service. In the case of our applied example,
the model suggests that the effects of an ambulance
service are likely to be varied and depend on local circum-
stances such as population density and road networks.
A systematic review investigating the barriers to out-of-
hospital care found that poor road conditions, especially
in rural areas, were a large contributing factor to trans-
port delays.”” The model we have developed enables
factors such as these to be explored.

Given the uncertainty regarding unseen parameters to
which the model is sensitive, decision-makers may wish
to focus attention on the possibility of simply reducing
delay. In that case, the detail in figure 3 will be most infor-
mative. This would allow for identification of areas where
the intervention should be targeted. A study conducted
in a rural area of Bangladesh trialled use of spatial anal-
ysis and geographical information systems to aid maternal
health planning and resource allocation and found that
this helped to prioritise undeserved areas. Participants
expressed their satisfaction with the use of spatial anal-
ysis and specified that they need autogenerated maps,*
demonstrating that our spatial-epidemiological model
may also be well received and useful to policy-makers.

For some scenarios, patients have a choice over the
type of transport they take. It is likely that when the
ambulance service is first introduced, people would still
choose to arrange their own transport since they may be
sceptical of the new service. A survey conducted in Ghana
supports this theory; 77.4% of people believed a taxi to
be faster than an ambulance.?’ However, as the service
becomes more established more people may begin to opt
to travel by ambulance. At the extreme, this would shift
results in our applied example closer to those presented
in online supplemental table 1 and would lead to lives
being lost. Still, it is unlikely people would always wait for
an ambulance and they would exercise their own judge-
ment based on local knowledge and previous experience.
If the model was to be used to inform policy, this assump-
tion would require careful consideration given the large
differences in results in the applied example.

Limitations

The number of people who benefit from the introduc-
tion of the ambulance service is likely to vary with popu-
lation density (online supplemental figure 1). The aggre-
gate effect in remote areas is smaller because there are
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Table 2 Mean number of lives saved by the emergency transport system for different values of the speed multiplier (s) and
waiting delay (08) parameters assuming people choose the fastest method of transportation

Transfer Mean lives saved (95% Crl)

assumption:

fastest B

s 60 120 180 240 300
1.4 8.0 17.7 28.9 40.4

0.6 (0.2 t0 3.9) (0.9 to 22.5) (2.0 to 49.6) (3.6 to 79.0) (5.0to 111.4)
0.3 2.7 7.9 15.0 23.9

0.7 (0t0 0.9) (0.3t0 7.5) (0.9 to 21.7) (1.9 to 42.6) (2.8 to 67.6)
0.1 1.2 4.0 8.5 14.3

0.8 (0t0 0.3) (0.1 to 3.3) (0.5t0 11.2) (1.0 to 24.3) (1.7 to 40.6)
0.1 0.6 2.2 5.1 9.2

0.9 (0t0 0.2) (0.1 to 1.7) (0.3t06.2) (0.6 to 14.3) (1.1 to 26.0)

Lower values of s indicate a faster ambulance compared with standard transport. Lower values of 3 indicate less time needed to arrange
informal transportation to hospital (waiting delay). Values are mean (95% Crl) lives saved in a year across the whole region.

Crl, credible interval.

fewer people, but when an ambulance is needed, they
may have the largest benefit on an individual level. There
are important equity implications that must be consid-
ered here. Although rural areas may benefit dispropor-
tionately, the same is likely true across the socioeconomic
gradient. Wealthier people are more likely to be able to
access their own informal transport, so a universal ambu-
lance system provision may indeed help narrow health
inequalities. This is a benefit not currently captured by
the output of the model.

A limitation to any model-based approach is the avail-
ability of reliable data to inform parameter estimates. In
our applied example, choosing values to represent the
‘waiting delay’ was challenging. Possibly the best way to
inform this parameter choice would be to survey those
living in an area of interest and ask them how long they
believe it would take them to locate a suitable vehicle.
This is a key parameter in our model so justifying these
values with real data is a priority if the model were to be
used to inform policy.

In our spatial-epidemiological model, the speed of the
ambulance was modelled as proportional compared to
standard transport. The model is sensitive to this constant
so surveying local emergency vehicle drivers could help
to inform values chosen for this parameter. While we
updated the Weiss et al'* travel time data with informa-
tion from a local expert, the dataset does not take into
account daily or seasonal variation in travel times and it is
likely the differences in the speed of the ambulance and
standard transport will vary in response to such factors. A
study conducted in Sierra Leone found that less women
experiencing an obstetric emergency reached hospital
within 2 hours during the rainy season,'® which demon-
strates that seasonal variation may be an important
factor. Moreover, recent research has questioned the reli-
ability of friction surface generated travel times. Patient-
reported travel times were consistently longer than those
estimated from the friction surfaces and accounting for

this error using local data is something that should be
considered.”™

Our model assumes that an ambulance is readily avail-
able and leaves with no delay once it has been summoned.
The model could be extended to eliminate this assump-
tion by allowing for delay in call out. Future research
could investigate this using queue theory.

Another improvement to our analysis would be to esti-
mate lives saved from using the ambulance for multiple
conditions. Summing benefits in terms of lives saved
across multiple emergency conditions would give a more
realistic idea of the impact of the ambulance service since
it is likely the ambulance would be used for more than
one condition. This would be useful for policy-makers
when comparing the benefits of the intervention to the
estimated costs.

Although our spatial-epidemiological model includes
terms to account for the possibility of supply-induced
demand, introducing distributions for these terms was
not required in our applied example. When the model is
applied to other medical conditions in future work, the
prospect of supply-induced demand’ can be investigated
and included in the model. For example, the availability
of an ambulance service that catered for sick children
might result in some children reaching the hospital who
otherwise would have remained at home to recover or
die.

A study conducted in Afghanistan found that 48-hour
mortality when patients in a helicopter ambulance were
treated by paramedics trained in critical care was 7%
compared with 15% when the patient was treated by an
army medic with basic knowledge.31 The possibility that
the ambulance includes a paramedic service so that the
introduction of the ambulance service not only affects
survival through reduced travel time, but also directly
affects the probability of survival could be considered in
future work.
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Finally, many LMICs report grouped morbidity
data rather than for individual residence areas. In this
instance, the spatial distribution of healthcare providers
can be used to estimate spatial disease incidence. Instead
of using a single parameter to define disease incidence,
a technique such as this could be employed to estimate
the spatial distribution of disease.” Alternatively, a prev-
alence mapping technique using data from a prevalence
survey™ could be explored.

CONCLUSION

Although an increasing amount of evidence points to the
cost-effectiveness of ambulance systems in LMICs, further
research is still needed to determine the impact of ambu-
lance systems in terms of both health and economic
outcomes.* Comparison to a concurrent control in the
case of an ambulance system is very difficult, if not impos-
sible? and we believe a model-based approach is the next
best alternative. We hope that this analysis provides an
exemplar of how a spatial-epidemiological model could
be applied to determine potential benefit from the intro-
duction of an emergency transport system. If results from
the model were to be used by policy-makers an exten-
sive evaluation to inform parameter choice and multiple
sensitivity analyses would need to be conducted and
although there is scope for improvement in our spatial-
epidemiological model, we believe this work provides a
foundation for pioneering methodology to predict the
benefit from introducing an ambulance system. Our
suggested model includes much opportunity for flexi-
bility, and we encourage researchers to update our meth-
odological framework as required.

Author affiliations

"Institute of Applied Health Research, University of Birmingham, Birmingham, UK
2NIHR Birmingham Biomedical Research Centre, Birmingham, UK

3MRC/CS0 Social & Public Health Sciences Unit, University of Glasgow, Glasgow,
UK

*Centre for Global Surgery, Department of Global Health, Stellenbosch University,
Stellenbosch, Western Cape, South Africa

SSchool of Medicine, University for Development Studies, Tamale, Ghana

Contributors KS was responsible for the writing and editing of the manuscript
and developing the model and is the guarantor; RL was responsible for writing

and reviewing the manuscript and providing expert opinion; DN, SVK and JD

were responsible for writing and reviewing the manuscript; ST was responsible
for providing important local knowledge and comments throughout; SIW was
responsible for writing and reviewing the manuscript and developing the model. All
authors read and approved the final manuscript.

Funding JD was funded by National Institute of Health and Care Research (NIHR)
Global Health Group on Equitable Access to Quality Health Care for Injured People
in Four Low or Middle Income Countries: Equi-injury; NIHR133135. RL and JD were
funded by NIHR Research and Innovation for Global Health Transformation (RIGHT)
grant—Rwanda912: Use of an innovative electronic communications platform

to improve prehospital transport of injured people in Rwanda; NIHR203062. RL
and SIW were funded by NIHR Applied Research Collaboration West Midlands;
NIHR200165. RL, DN and ST funded by NIHR Global Health Research Unit Global
Surgery Unit; NIHR133364. RL and SIW were funded by NIHR Global Health
Research Unit on Improving Health in Slums; 16/136/87. SVK was funded by
Medical Research Council (MC_UU_00022/2), Scottish Government Chief Scientist
Office (SPHSU17) and European Research Council (949582). RL, KS and SVK

were funded by NIHR Global Health Research Unit on Social and Environmental
Determinants of Health Inequalities; NIHR134801. RL and SIW were funded by

NIHR Transforming the Treatment and Prevention of Leprosy and Buruli ulcers in
Low and Middle-Income Countries (LMICs); NIHR200132. KS was funded by the
NIHR Birmingham Biomedical Research Centre; S-BRC-1215-20009.

Disclaimer Views expressed here are not necessarily those of any funder, the NHS,
of the Department of Health and Social Care.

Map disclaimer The inclusion of any map (including the depiction of any
boundaries therein), or of any geographic or locational reference, does not imply the
expression of any opinion whatsoever on the part of BMJ concerning the legal status
of any country, territory, jurisdiction or area or of its authorities. Any such expression
remains solely that of the relevant source and is not endorsed by BMJ. Maps are
provided without any warranty of any kind, either express or implied.

Competing interests None declared.

Patient and public involvement Patients and/or the public were not involved in
the design, or conduct, or reporting, or dissemination plans of this research.

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

Data availability statement Data are available in a public, open access
repository. Global map of average travel time to a medical facility available
from:https://malariaatlas.org/project-resources/accessibility-to-healthcare/
WorldPop global population density dataset:https://hub.worldpop.org/project/
categories?id=18. Both datasets publicly available with no restrictions on use.

Supplemental material This content has been supplied by the author(s). It has
not been vetted by BMJ Publishing Group Limited (BMJ) and may not have been
peer-reviewed. Any opinions or recommendations discussed are solely those

of the author(s) and are not endorsed by BMJ. BMJ disclaims all liability and
responsibility arising from any reliance placed on the content. Where the content
includes any translated material, BMJ does not warrant the accuracy and reliability
of the translations (including but not limited to local regulations, clinical guidelines,
terminology, drug names and drug dosages), and is not responsible for any error
and/or omissions arising from translation and adaptation or otherwise.

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

ORCID iDs

Katie Scandrett http://orcid.org/0000-0001-6111-2805
Richard Lilford http://orcid.org/0000-0002-0634-984X
Dmitri Nepogodiev http://orcid.org/0000-0002-2171-2862

REFERENCES

1 Plummer V, Boyle M, Suryanto. EMS systems in lower-middle
income countries: a literature review. Prehosp Disaster Med
2017;32:64-70.

2 Mehmood A, Rowther AA, Kobusingye O, et al. Assessment of pre-
hospital emergency medical services in low-income settings using a
health systems approach. Int J Emerg Med 2018;11:53.

3 Bhattarai HK, Bhusal S, Barone-Adesi F, et al. Prehospital
emergency care in low- and middle-income countries: a systematic
review. Prehosp Disaster Med 2023;38:495-512.

4 Lilford R, Nepogodiev D, Chilton PJ, et al. Methodological issues
in economic evaluations of emergency transport systems in
low-income and middle-income countries. BMJ Glob Health
2021;6:e004723.

5 Lerner EB, Maio RF, Garrison HG, et al. Economic value of out-of-
hospital emergency care: a structured literature review. Ann Emerg
Med 2006;47:515-24.

6 Fischer AJ, O’Halloran P, Littlejohns P, et al. Ambulance economics.
J Public Health Med 2000;22:413-21.

7 Hatami-Marbini A, Varzgani N, Sajadi SM, et al. An emergency
medical services system design using mathematical modeling
and simulation-based optimization approaches. Decis Anal
2022;3:100059.

8 Thaddeus S, Maine D. Too far to walk: maternal mortality in context.
Soc Sci Med 1994;38:1091-110.

9 Auster RD, Oaxaca RL. Identification of supplier induced demand in
the health care sector. J Hum Resour 1981;16:327-42.

Scandrett K, et al. BMJ Public Health 2024;2:e000321. doi:10.1136/bmjph-2023-000321 9

‘ybuAdoo

Ag pa1os10id 1sanb Ag 120z 11dy 'z uo woofwg yieayogndiwgy/:sdny wouy papeojumod v20z Arenigad TZ uo TZE000-£202-Udlwa/oeTT 0T Se paysignd 1sii :yiesH 2iand CINg


https://malariaatlas.org/project-resources/accessibility-to-healthcare/
https://hub.worldpop.org/project/categories?id=18
https://hub.worldpop.org/project/categories?id=18
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
http://orcid.org/0000-0001-6111-2805
http://orcid.org/0000-0002-0634-984X
http://orcid.org/0000-0002-2171-2862
http://dx.doi.org/10.1017/S1049023X1600114X
http://dx.doi.org/10.1186/s12245-018-0207-6
http://dx.doi.org/10.1017/S1049023X23006088
http://dx.doi.org/10.1136/bmjgh-2020-004723
http://dx.doi.org/10.1016/j.annemergmed.2006.01.012
http://dx.doi.org/10.1016/j.annemergmed.2006.01.012
http://dx.doi.org/10.1093/pubmed/22.3.413
http://dx.doi.org/10.1016/j.dajour.2022.100059
http://dx.doi.org/10.1016/0277-9536(94)90226-7
http://dx.doi.org/7264294

BMJ Public Health 3

10

School of Geography and Environmental Science University

of Southampton, Department of Geography and Geosciences
University of Louisville, Departement de Geographie Universite
de Namur, University. CfIESINC. Worldpop. 2018. Available: www.
worldpop.org

24

25

Food and Agriculture Organization and World Bank population
estimates. Population density (people per sq. km of land Area)-
Ghana: World Bank. 2020. Available: https://data.worldbank.org/
indicator/EN.POP.DNST?locations=GH

PATH. Saving mothers’ lives by preventing postpartum hemorrhage

11 Global burden of disease study 2019. Institute for Health Metrics in Ghana; 2014.
ag?j Evaluation (IHME); 2021. Available: https://www.healthdata.org/ 26 World Health Organization Ghana. Ghana holds conference
gba . on maternal, child health and nutrition Ghana. World Health

12 WeISS DJ, Nelson A, V_a_lr_gas—sz CA, et al. Global maps of travel Organization; 2021. Available: https://www.afro.who.int/news/ghana-
time to healthcare facilities. Naf Med 2020;26:1835-8. holds-conference-maternal-child-health-and-nutrition#:~:text=

13 Zurek K. CONFIRMED: results of the 2018 referendum on new Over%20the%20past%20few%20decades 2018%20a.nd%20838%
regions: graphic online. 2018. Available: https://www.graphic.com. 20in%202019 ’
gh/news/politics/confirmed-results-of-the-2018-referendum-on- SH7s . . o .
new-regions.html 27 Kironji AG, Hoc}klnson P, de Ramlre; SS, et al. Identlfylng parrlers

14 Haruna U, Woods H, Kansanga M, et al. Enablers and barriers of for out of hospital emergency care in low and low-middle income
community initiated health emergency transport systems in the countries: a systematic review. BMC Health Serv Res 2018;18:291.
Upper West Region of Ghana. Afr Geogr Rev 2022;41:281-98. 28 Robin TA, Khan MA, Kabir N, et al. Using spatial analysis and GIS

15 Schack SM, Elyas A, Brew G, et al. Experiencing challenges when to improve planning and resource allocation in a rural district of
implementing active management of third stage of labor (AMTSL): Bangladesh. BMJ Glob Health 2019;4:¢000832.

a qualitative study with midwives in Accra, Ghana. BMC Pregnancy 29 Mould-Millman N-K, Rominski SD, Bogus J, et al. Barriers
Childbirth 2014;14:1983. to accessing emergency medical services in accra, Ghana:

16 Caviglia M, Putoto G, Conti A, et al. Association between ambulance development of a survey instrument and initial application in Ghana.
prehospital time and maternal and perinatal outcomes in Sierra Glob Health Sci Pract 2015;3:577-90.

Leone: a countrywide study. BMJ Glob Health 2021;6:11. 30 Whitaker J, Brunelli G, Van Boeckel TP, et al. Access to care

17 Selvin S. Exponential survival time probability distribution. following injury in Northern Malawi, a comparison of travel time
In: Sur ‘_/’V3/ ana/ySIs. for epldemlq/oglc and medical research. estimates between geographic information system and community
Cambridge: Cambridge University Press, 2098: 99—119. household reports. Injury 2022;53:1690-8.

" (e:r?wg\:éi%;} goe'é{ir(:glnsdsrﬁiigirgr?sD’Cfltl\/élzl-zabI ?1“’1%'-23?'3’?'5 of weekend 31 Mabry RL, Apodaca A, Penrod J, et al. Impact of critical care-trained

) . : L Meed il . flight paramedics on casualty survival during helicopter evacuation

19 We|§§ DJ, Nelson A’ G'bS‘.’r.‘ H.S’ et al. A'g!gball map of travel time in the current war in Afghanistan. J Trauma Acute Care Surg
to cities to assess inequalities in accessibility in 2015. Nature 2012:73:539—7
2018;553:333-6. 32 Corte’s—F.{amirez- J, Wilches-Vega JD, Michael RN, et al. Estimating

20 Li S, Gao J, Liu J, et al. Incidence and risk factors of postpartum N ) . A ] ) )
hemorrhage in China: a multicenter retrospective study. Front Med:8. spatial disease rates using health statistics without geographic

21 United Nations. World population prospects. In: Department of |d_ent|_f|ers. _GeoJournaI 2023;88:4573-83. L
Economic and Social Affairs. 2020. 33 Giorgi E, Diggle PJ, Snow RW, et al. Geostatistical methods

22 Pappinen J, Nordquist H. Driving speeds in urgent and non-urgent for disease mapping and visualisation using data from spatio-
ambulance missions during normal and reduced winter speed limit temporally Referenced Prevalence Surveys. Int Stat Rev
periods-a descriptive study. Nurs Rep 2022;12:50-8. 2018;86:571-97.

23 Zambang MAM, Jiang HB, Wahab L. Determinants of vehicle 34 Risko N, Chandra A, Burkholder TW, et al. Advancing research
ownership in the greater tamale area, Ghana. Transportation on the economic value of emergency care. BMJ Glob Health
Research Record 2020;2674:68-78. 2019;4:e001768.

10 Scandrett K, et al. BMJ Public Health 2024;2:6000321. doi:10.1136/bmjph-2023-000321

‘ybuAdoo

Ag pa1os10id 1sanb Ag 120z 11dy 'z uo woofwg yieayogndiwgy/:sdny wouy papeojumod v20z Arenigad TZ uo TZE000-£202-Udlwa/oeTT 0T Se paysignd 1sii :yiesH 2iand CINg


www.worldpop.org
www.worldpop.org
https://www.healthdata.org/gbd
https://www.healthdata.org/gbd
http://dx.doi.org/10.1038/s41591-020-1059-1
https://www.graphic.com.gh/news/politics/confirmed-results-of-the-2018-referendum-on-new-regions.html
https://www.graphic.com.gh/news/politics/confirmed-results-of-the-2018-referendum-on-new-regions.html
https://www.graphic.com.gh/news/politics/confirmed-results-of-the-2018-referendum-on-new-regions.html
http://dx.doi.org/10.1080/19376812.2021.1885458
http://dx.doi.org/10.1186/1471-2393-14-193
http://dx.doi.org/10.1186/1471-2393-14-193
http://dx.doi.org/10.1136/bmjgh-2021-007315
http://dx.doi.org/10.1017/CBO9780511619809
http://dx.doi.org/10.1093/qjmed/hcw219
http://dx.doi.org/10.1038/nature25181
http://dx.doi.org/10.3389/fmed.2021.673500
http://dx.doi.org/10.3390/nursrep12010006
http://dx.doi.org/10.1177/0361198120947714
http://dx.doi.org/10.1177/0361198120947714
https://data.worldbank.org/indicator/EN.POP.DNST?locations=GH
https://data.worldbank.org/indicator/EN.POP.DNST?locations=GH
https://www.afro.who.int/news/ghana-holds-conference-maternal-child-health-and-nutrition#:~:text=Over%20the%20past%20few%20decades,2018%20and%20838%20in%202019
https://www.afro.who.int/news/ghana-holds-conference-maternal-child-health-and-nutrition#:~:text=Over%20the%20past%20few%20decades,2018%20and%20838%20in%202019
https://www.afro.who.int/news/ghana-holds-conference-maternal-child-health-and-nutrition#:~:text=Over%20the%20past%20few%20decades,2018%20and%20838%20in%202019
https://www.afro.who.int/news/ghana-holds-conference-maternal-child-health-and-nutrition#:~:text=Over%20the%20past%20few%20decades,2018%20and%20838%20in%202019
http://dx.doi.org/10.1186/s12913-018-3091-0
http://dx.doi.org/10.1136/bmjgh-2018-000832
http://dx.doi.org/10.9745/GHSP-D-15-00170
http://dx.doi.org/10.1016/j.injury.2022.02.010
http://dx.doi.org/10.1097/TA.0b013e3182606001
http://dx.doi.org/10.1007/s10708-022-10822-1
http://dx.doi.org/10.1111/insr.12268
http://dx.doi.org/10.1136/bmjgh-2019-001768

	Predicting the effects of introducing an emergency transport system in low-­income and middle-­income countries: a spatial-­epidemiological modelling study
	Abstract
	Introduction﻿﻿
	Background

	Spatial-epidemiological model framework
	Data sources

	Applied example
	Background
	Model parameters and data
	Implementation and estimation

	Results
	Discussion
	Limitations

	Conclusion
	References


