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Abstract 

Background In the United Kingdom, Emergency Departments (EDs) are under significant pressure due to an ever-
increasing number of attendances. Understanding how the capacity of other urgent care services and the health of a 
population may influence ED attendances is imperative for commissioners and policy makers to develop long-term 
strategies for reducing this pressure and improving quality and safety.

Methods We developed a novel multi-granular stacked regression (MGSR) model using publicly available data to 
predict future mean monthly ED attendances within Clinical Commissioning Group regions in England. The MGSR 
combines measures of population health and health service capacity in other related settings. We assessed model 
performance using the R-squared statistic, measuring variance explained, and the Mean Absolute Percentage Error 
(MAPE), measuring forecasting accuracy. We used the MGSR to forecast ED demand over a 4-year period under hypo-
thetical scenarios where service capacity is increased, or population health is improved.

Results Measures of service capacity explain 41 ± 4% of the variance in monthly ED attendances and measures of 
population health explain 62 ± 22%. The MGSR leads to an overall improvement in performance, with an R-squared 
of 0.79 ± 0.02 and MAPE of 3% when forecasting mean monthly ED attendances per CCG. Using the MGSR to forecast 
long-term demand under different scenarios, we found improving population health would reduce peak ED attend-
ances per CCG by approximately 1000 per month after 2 years.

Conclusion Combining models of population health and wider urgent care service capacity for predicting monthly 
ED attendances leads to an improved performance compared to each model individually. Policies designed to 
improve population health will reduce ED attendances and enhance quality and safety in the long-term.
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Background
In the United Kingdom, Emergency Department (ED) 
demand is increasing year-on-year [1]. In 2014 there 
were, on average, 61,318 ED attendances per day across 
the country; by 2019 this figure had risen to 70,230 
attendances, an increase of 14.5% [2]. Given that the 
average cost of an ED attendance is £166 [3], this equates 
to an increase of over £500 million per year. Being able to 
forecast long-term ED demand is therefore important for 
strategic planning of services. Understanding the drivers 
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of this increase in ED demand is also essential to policy 
makers in order to assess the potential impact of inter-
ventions for improving quality and safety by reducing 
demand and spending.

There exists a large volume of work that looks at fore-
casting demand on ED departments. Previous stud-
ies have mostly focussed on predicting short-term ED 
attendances [4–12] using past attendances [4, 5, 7, 8, 10–
14], calendar [5, 7, 9, 10, 14] and meteorological variables 
[5, 9, 14]. The most common techniques employed are 
Multiple Linear Regression [7, 9, 11, 15], Autoregressive 
Integrated Moving Average (ARMIA) and variants [4, 5, 
7, 8, 12, 13], Exponential Smoothing [7, 8, 11] and, more 
recently, Machine Learning (ML) algorithms [5, 8, 10, 12, 
13, 16]. Cohort studies have found that measures of social 
deprivation and co-morbidities are predictive of ED 
attendances [15, 17, 18] and low General Practice (GP) 
attendance is associated with low ED attendance [18]. 
This suggests models used for forecasting need to incor-
porate measures of overall population health and access 
to other health services. As these variables change at 
different rates (GP availability changes daily, population 
health changes over a much longer time period), meth-
ods used in previous studies are not directly applicable.

Combining data at different scales falls under the para-
digm of Granular Computing: a theoretical concept that 
recognises data contains different information when 
viewed at different resolutions [19]. Ensemble learning, 
a ML technique that combines the output from multi-
ple independent algorithms into a unified framework, 
naturally lends itself to granular tasks. Multi-Granu-
larity Ensemble Learning, where each algorithm in the 
ensemble is trained on data at a different scale, has been 
successfully applied to text [20, 21] and image [22] clas-
sification and financial forecasting [23, 24].

Here, we present a multi-granular stacked regression 
(MGSR) that uses measures of health service capacity 
with population and population health (including socio-
economic deprivation) to forecast long-term ED demand. 
Our model can be used by strategic planners and policy 
makers to determine how changes in service capacity or 
population health will impact long-term demand in ED 
departments.

Methods
Setting
This study uses publicly available data mapped to Clinical 
Commissioning Groups (CCGs) in England over the two-
year period January 2018 to December 2019. We used 
this study period to avoid disruption from the COVID-
19 pandemic. As NHS organisations, CCGs are part of a 
local network of healthcare providers: Primary Care, Sec-
ondary Care, Mental Health and Community Services. 

At the time of the study there were 81 CCGs in England 
with major EDs. Each CCG covers a certain geographical 
region, within which there are hospitals with ED Depart-
ments and GP surgeries. The CCG region also has a con-
tract for 111, a 24-hour medical advice helpline, and a 
contract for Ambulance Services.

Data
Variables were selected based on previous studies [15, 17, 
18] and the availability of nationally curated datasets.

ED attendances
ED attendance data was obtained from the A&E Attend-
ances and Emergency Admissions dataset published by 
NHS England [25]. This data is released monthly and 
contains the total number of attendances at each NHS 
Trust for that month. NHS Trusts were mapped to 
CCGs. The outcome variable, ED attendances per CCG 
per month, was calculated as the sum of the attendances 
at each Trust for each month (see Data Processing).

GP capacity
Data on the number of GP appointments available in 
each CCG was obtained from the Appointments in Gen-
eral Practice dataset, published by NHS Digital [26]. This 
data is released monthly and is available stratified by 
CCG. The variable ‘count of appointments’ corresponds 
to the daily number of GP appointments available. This 
variable was summed for each CCG to give a total num-
ber of appointments available per month as a measure of 
GP capacity.

111 capacity
The NHS 111 minimum dataset was published monthly 
by NHS England up until March 2021 [27]. It contains 
detailed information on call handling and disposi-
tion after triage for all 111 contracts covering England. 
From this dataset, the variable “Calls offered” was used 
as a measure of the capacity of the 111 service. The daily 
number of calls offered for each contract was summed 
for each month before being stratified by CCG (see Data 
processing).

Ambulance capacity
NHS England publish the Ambulance System Indica-
tors (AmbSys) data monthly which contains informa-
tion on calls made to the 11 ambulance service contracts 
covering England [28]. We used “Calls answered (A1)” 
as a measure of service capacity. The number of calls 
answered per month was summed for each contract 
before being stratified by CCG (see Data Processing).
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Population
Estimates of the population of CCGs were obtained from 
the Office for National Statistics (ONS) [29]. Estimates of 
future population from 2019 to 2025 were also obtained 
to allow for forecasting of future ED demand. In addi-
tion to the total population, these estimates were used 
to derive a variable representing the percentage of the 
population over the age of 65, %>65, as a measure of age 
distribution.

Health Index
The Health Index is a measure of the health of the United 
Kingdom, consisting of three domains: People, Places 
and Lives [30]. Each of the three domains consist of a 
set of sub-domains. People, which quantifies health out-
comes, is a combination of measures of mortality (e.g. life 
expectancy, avoidable deaths), morbidity (prevalence of 
long-term physical health conditions) and mental health 
conditions (e.g. prevalence of depression and anxiety, 
suicide rate). Places is a measure of wider determinants 
of health and environmental risk factors with compo-
nents quantifying access to green space, quality of the 
local environment (e.g. air pollution, traffic noise), access 
to housing, access to services (e.g. distance to GPs and 
pharmacies) and levels of crime. Lives measures health-
related behaviours and personal circumstances: physi-
ological risk factors (e.g. diabetes, obesity); behavioural 
risk factors such as prevalence of alcohol and drug mis-
use; unemployment and working conditions (e.g. work-
place safety); risk factors for children such as teenage 
pregnancy and child poverty; children and young peo-
ple’s education; protective measures (e.g. cancer screen-
ing, vaccination coverage).

The overall index is a single indicator that can be com-
pared over time and at different geographies. Values are 
relative to index values in 2015. It has a base of 100: val-
ues higher than 100 indicate better health than in 2015 
and values lower than 100 indicate worse health. The 
Health Index is an experimental statistic developed by 
the ONS. Annual estimates are available stratified by 
CCG [31].

Data processing
The curated dataset consisted of a single observation for 
each CCG and each month of the study period. For vari-
ables not reported at the level of CCG, data were aggre-
gated (if reported at trust level) or stratified (if reported 
at contract level). Stratification was carried out accord-
ing to population share: if a contract covers 3 CCGs, the 
amount of the variable assigned to each CCG will be pro-
portional to the CCG’s population. When data was miss-
ing for a given CCG on a given month, the data point 

was removed from the data set. ED attendances, popu-
lation and variables measuring the capacity of other ser-
vices were scaled to units of per 10,000 people. As we are 
interested in forecasting future ED attendances, data for 
CCGs that have merged since 2018 were aggregated.

Model development
To forecast ED demand, we developed the MGSR to pre-
dict monthly ED attendances for each CCG. The model 
uses the capacity of other services, population and meas-
ures of population health as independent variables. 
We used a stacked architecture as measures of service 
capacity are available on a monthly basis, whereas popu-
lation and measures of population health change annu-
ally. A stacked architecture allows for the predictions of 
independent models to be combined to produce a final 
prediction.

The MGSR consists of three separate models: two 
Level 0 models (Capacity Model and Population Health 
model) and one Level 1 model, the Combined Model 
(Fig.  1). The Capacity Model was trained on measures 
of service capacity as independent variables: the num-
ber of GP appointments available (GP capacity); the 
number of 111 calls offered (111 capacity); the number 
of ambulance calls answered (Ambulance capacity). 
The dependent variable was monthly ED attendances 
per CCG. The Population Health model had popula-
tion, the percentage of the population over the age of 
65, and the three components of the Health Index (Peo-
ple, Places and Lives) as independent variables. The 
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Fig. 1 Schematic of the MGSR architecture
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dependent variable was mean monthly ED attendances 
per year per CCG. The combined model takes the pre-
dicted values from the Capacity Model and the Popu-
lation Health model to generate a final prediction for 
monthly ED attendances.

For the Level 0 models we implemented a Random 
Forest (RF) algorithm [32] which is an example of an 
ensemble learning algorithm composed of individual 
decision trees. We used RF as it can handle non-linear 
relationships between independent and dependent 
variables, is known to be robust and has lower variance 
compared to a single decision tree. For the Combined 
model we implemented an Ordinary Least Squares 
(OLS) Regression due to the small number of variables 
and expected linearity between predicted values from 
the level 0 models and true values.

All models were implemented using Python’s sci-kit 
learn library [33], version 1.0.2. Repeated 5-fold cross-
validation was used to assess individual model per-
formance: data was split into a training set (80%) and 
validation set (20%) five times, such that each data 
point is in the validation set exactly once. This pro-
cess was repeated 5 times with different random seeds, 
resulting in 25 different validation sets. At each fold, 
the model was fit to the training set and the validation 
set was used to assess performance. Final performance 
measures for each model were obtained by averaging 
over those for each validation set. For level-0 models, 
hyper-parameters controlling the number of trees and 
maximum tree depth were selected to maximise mean 
performance in the validation data while minimising 
model complexity [34].

To assess overall performance of the MGSR, at each 
fold the Combined model was fit to 70% of the data (7/8 
of the training set) and the level 1 model was fit to 10% of 
the data (1/8 of the training set). The Population Health 
model was fit independently to the Combined model to 
ensure no data leakage between training and validation 
data [34]. The forecasting accuracy of the MGSR was 
assessed by training the model on data from 2018 only. 
This model was used to forecast both monthly ED attend-
ances for each CCG, and mean monthly ED attendances 
per CCG, for 2019.

Statistical analysis
Model evaluation
Individual model performance was evaluated using the 
coefficient of determination (R-squared), which measures 
the amount of variance in the dependant variable that is 
explained by the independent variables. The Mean Abso-
lute Percentage Error (MAPE) was used to assess the 
forecasting accuracy of the MGSR.

Variable importance
Variable importance was assessed for each model inde-
pendently using the Gini Importance (GI) [35] for RF 
algorithms, and coefficient importance for OLS regres-
sion. Overall variable importance was determined using 
Permutation Importance (PI) [32]. Each variable in the 
data was randomly permuted sequentially, keeping all 
other variables constant. A variable’s PI was calculated as 
the difference between the model’s R-squared value with-
out permutation and the R-squared when the variable 
is permuted. Repeated 5-fold cross-validation was used 
with 5 repeats. Final variable PI was obtained by averag-
ing the difference in R-squared values for each fold and 
each repeat. A low PI suggests a variable has little influ-
ence on model performance whereas a high PI suggests 
an independent variable contains a lot of information 
about the dependent variable (ED attendances).

Forecasting future demand
For forecasting future demand, the MGSR was refit to the 
entire dataset. Population forecasts were obtained from 
the ONS. Data from 2019 was used as the baseline and 
ED attendances were forecast over a 4-year period. For 
each year, the population variable was replaced with fore-
casted population, and the percentage of the population 
over the age of 65 was updated, to obtain estimates of 
future ED demand in a ‘do nothing’ scenario (i.e., popu-
lation health and service capacity remains as it was in 
2019).

As we use data from 2019 as the baseline, theoreti-
cally the 4-year forecasting period represents 2020–2024. 
However, due to the impact of the COVID-19 pandemic 
on ED attendances and the capacity of other services, our 
forecasts will not be accurate for this period. We demon-
strate the forecasting accuracy of the MGSR using pre-
pandemic data (2018–2019) and separately use the model 
forecast future demand under different hypothetical sce-
narios had the pandemic not occurred.

Scenario modelling
Future demand was forecasted under 4 different scenar-
ios: (1) 111 capacity is increased by 10%; (2) GP capacity 
is increased by 10%; (3) Ambulance capacity is increased 
by 10%; (4) population health in the least healthy regions 
is improved. Together, these scenarios involve altering 
the independent variables of the MGSR either individu-
ally (scenarios 1–3) or in combination (scenario 4) to gain 
insight into how changes in service capacity or popula-
tion health might impact future ED attendances. In sce-
narios 1–3, service capacity was immediately increased 
by 10%. For scenario 4, population health measures 
(People, Places and Lives) were increased in regions that 
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scored below average in any of the measures in 2019. 
Specifically, if these variables were less than the baseline 
average, they were increased by 0.2 points per year until 
they reached the baseline average. By increasing levels 
of population health in the least healthy regions, rather 
than nationally, this scenario models how a reduction in 
health inequalities might impact future ED attendances.

Results
Data description
The curated dataset consisted of data from different 
publicly available sources (see Data). At the time of the 
analysis there were 81 CCGs in England with major EDs. 
Of these, 5 CCGs had incomplete data on ED attend-
ances for 2018 and were removed from the analysis. This 
resulted in 76 CCGs and a maximum dataset size of 1824 
datapoints. Datapoints were removed due to missing data 
in the following variables: Health Index (N = 48); 111 
capacity (N = 158). This resulted in a final sample of 1618 
data points containing 7 independent variables and rep-
resenting 74 unique CCGs. Descriptive statistics for each 
independent variable are displayed in Table 1.

Capacity model
The RF fitted to measures of service capacity (GP, 111 
and ambulance service) as independent variables was 
able to explain 41 ± 4% of the variance in monthly ED 
attendances. Of these variables, the most important was 
the capacity of the ambulance service (GI 0.65 ± 0.04) 
and the least important was GP capacity (GI 0.16 ± 0.02).

Population Health model
The RF fitted to population and measures of population 
health derived from the Health Index as independent 
variables was able to explain 62 ± 22% of the variance 

in monthly ED attendances. The most important vari-
able was CCG population (GI 0.43 ± 0.20). Of the Health 
Index components, Lives was the most important (GI 
0.33 ± 0.23) and People was least important (GI 0.05 ± 
0.05).

MGSR
Combining predicted mean monthly ED attendances 
(output of the Population Health model) and monthly ED 
attendances (output of the Capacity model) with an OLS 
Regression, the MGSR was able to explain 79 ± 2% of the 
variance in monthly ED attendances (Fig. 2). The coeffi-
cient of the Capacity model was 0.22 ± 0.07 and the coef-
ficient of the Population Health model was 0.85 ± 0.06 
suggesting population and measures of population health 
are more predictive of ED attendances than the capacity 
of other healthcare services.

Forecasting accuracy
Training the MGSR on data from 2018, the model was 
able to predict mean monthly ED attendances per CCG 
in 2019 with a MAPE of 0.03 (Fig.  3). For all months 
except February, the predicted mean monthly ED attend-
ances in 2019 (green dashed line, Fig. 3) are less than the 
true mean monthly ED attendances (red dashed line). 
Over the winter period (December – February), the 
MGSR predicts mean monthly ED attendances per CCG 
most accurately, with an average error of 2%.

Variable importance
We assessed overall variable importance by randomly 
permuting each variable individually and calculating the 
mean change in performance of the combined model 
(Fig. 4). The most important variable was population (PI 
0.39 ± 0.07). Of the measures of service capacity, Ambu-
lance capacity is most important (PI 0.05 ± 0.02), fol-
lowed by 111 capacity (0.02 ± 0.01) and GP capacity (PI 
0.01 ± 0.01). Components of the Health Index (People, 
Places, Lives) are also important in predicting monthly 
ED attendances, with Lives providing the most informa-
tion (PI 0.22 ± 0.04) followed by People (PI 0.07 ± 0.02) 
and Places (PI 0.04 ± 0.01). The percentage of the pop-
ulation over the age of 65 is more important (PI 0.11 ± 
0.02) than the capacity of other services for predicting 
monthly ED attendances, but not as important as the 
overall population or health related behaviours and risk-
factors (Lives).

Forecasting future demand
The MGSR trained on all available data was used to assess 
how changes in service capacity and population health 
might impact ED attendances in the future, compared 
to a ‘do-nothing’ scenario where the only independent 

Table 1 Independent variables used in the MGSR

Variable statistics for 74 CCGs. People, places and lives refer to domains in the 
ONS Health Index

std standard deviation; IQR interquartile range
a  Variables in units of per 10,000 people
b  Scaled by 10,000

Variable Mean (std.) Median [IQR]

GP  capacitya 4382 (786) 4398 [3913,4872]

111  Capacitya 354 (176) 331 [273,373]

Ambulance  capacitya 352 (286) 215 [156,677]

Populationb 62 (48) 50 [27,87]

% > 65 19 (4) 19 [16,21]

People 99 (6) 100 [94,104]

Places 100 (2) 100 [98,101]

Lives 100 (6) 100 [97,105]
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variables that change are population and the percentage 
of the population over the age of 65. Using the model to 
forecast ED attendances over a 4-year period, we found 

that changes to overall population health would have 
the largest instant impact (Fig. 5). If population health in 
CCGs that were below average at baseline were improved 

Fig. 2 True ED attendances per 10,000 people versus predicted ED attendances per 10,000 people. Black dashed line represents a perfect fit 
(R-squared = 1). Each point is a single CCG and a single month. Predicted values are averaged over 5 repeated 5-fold cross validations

Fig. 3 Forecasting accuracy of the MGSR. True mean monthly ED attendances per CCG (red dashed line) and predicted mean monthly ED 
attendances per CCG (green dashed line)
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year-on-year until the baseline average for each compo-
nent was met, average peak ED attendances per CCG 
would be approximately 1000 lower after 2 years (grey 
line, Fig.  5) compared to a ‘do-nothing’ scenario (green 

dashed line, Fig. 5). Increasing GP capacity by 10% would 
have no impact on mean ED attendances (purple line, 
Fig.  5). Increasing Ambulance and 111 capacity would 
lead to an overall increase in ED attendances (blue and 

Fig. 4 Permutation feature importance of the MGSR. Green bars represent mean importance from repeated 5-fold cross-validation. Black lines 
correspond to standard deviation in importance

Fig. 5 Mean monthly ED attendances per CCG forecasted over a 4-year period under 5 different scenarios. Scenarios: ‘do-nothing’ (green dashed 
line); increase 111 capacity by 10% (red line); increase ambulance capacity by 10% (blue line); increase GP capacity by 10% (purple line); if 
population health measures are less than the baseline average, increase them by 0.2 points per year until they reach the baseline average (grey 
line). The black dashed line represents the transition from baseline values (not predicted) to values predicted using the MGSR. All lines correspond 
to a 4-month rolling average of the monthly values
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red lines, Fig.  5). An increase in Ambulance capacity 
would have the greatest impact resulting in average peak 
ED attendances per CCG increasing by 100 per month.

Discussion
We have presented a novel MGSR model that can be 
used to forecast monthly ED attendances for CCGs in 
England. The MGSR combines measures of health ser-
vice capacity (Capacity model) and measures of popu-
lation health (Population Health model). The Capacity 
model can explain 41 ± 4% of the variance in monthly ED 
attendances, and the Population Health model explains 
62 ± 22% of the variance. Combining these two models, 
the MGSR has an overall R-squared (variance explained) 
of 79 ± 2% which is an improvement on the perfor-
mance of each of the component models independently. 
Alongside an increase in R-squared, the MGSR allows for 
monthly ED attendances to be forecast while accounting 
for annual changes in population size and measures of 
population health. The MGSR trained on data from 2018 
was able to predict mean monthly ED attendances per 
CCG in 2019 with, on average, only a 3% error. Using the 
MGSR to forecast future ED attendances we found that 
improving population health would lead to a reduction in 
mean monthly ED attendances however changes to ser-
vice capacity may lead to an increase.

When using the MGSR to forecast future ED demand, 
individual predictions of monthly ED attendances for 
each CCG were aggregated into an average across CCGs. 
As such, it is important to note that while the model sug-
gests improving population health will result in a reduc-
tion in ED attendances, and increasing service capacity 
may increase ED attendances, these relationships only 
hold at the aggregate level. For an individual CCG, the 
relationship between population health, service capac-
ity and monthly ED attendances can be different to that 
which is seen globally [34].

A strength of the MGSR model is that it was developed 
using publicly available data from 2018 to 2019 aggre-
gated to CCG regions. We selected this study period due 
to the impact of COVID-19 on health service capacity 
and service accessibility; a model trained on data from 
2020 to 2021 would not be transferable to the post-
Covid era due to health service disruption during the 
pandemic. As the data we have used is updated either 
monthly [25, 26, 28] or annually [27, 29, 31], once enough 
data is available from the post-Covid era, the model 
can be re-trained to produce more up-to-date forecasts 
without changing any of the underlying architecture. 
While recent changes in the organisational structure of 
the NHS mean that CCGs no longer exist, having been 
replaced with Integrated Care Boards (ICBs), any future 
data can be mapped to past CCG regions (now referred 

to as sub-ICBs) or the model can be re-trained at the geo-
graphical level of ICBs.

We used RFs for the Population Health and Capac-
ity models as they performed best when compared to 
linear models and other ensembles [34]. While we have 
compared multiple ML and statistical approaches, the 
list of models implemented was not exhaustive. Previ-
ous work has demonstrated that Neural Networks (NNs) 
are superior to linear models for predicting short-term 
ED attendances in certain settings [5, 14], and time-
series methods, such as ARIMAX, can outperform ML 
approaches [8, 10]. A recent review [36] found that, out 
ten studies forecasting monthly ED demand, the five that 
employed time-series methods had, on average, lower 
errors (MAPE 4.7 ± 3.9%) than the two that used NNs 
(MAPE 7.6 ± 1.3%) and only two of the time-series mod-
els achieved a lower MAPE (2%) than the MGSR. We did 
not consider these approaches due to data availability; 
both NNs and time-series models require a large amount 
of data during training and ARMIAX would not be suit-
able for long-term forecasts when the values of the exog-
enous (independent) variables are not known, as is the 
case for the variables used here. Furthermore, while NNs 
often outperform other ML approaches, this is at the cost 
of interpretability. In order to ensure our model is useful 
in practice, in the RFs we selected the number and size of 
trees that optimised performance while minimising com-
plexity [34].

One limitation of RFs is that they are not able to make 
predictions outside of the range of the data seen dur-
ing training. This can be seen in Fig. 2 where the range 
of predicted values (y-axis) is smaller than the range of 
true values (x-axis). Consequently, the MGSR will not 
perform as well in regions with a very low or very high 
number of ED attendances per 10,000 people.

Comparing the monthly ED attendances predicted by 
the MGSR to their true values (Fig. 2) it is clear that the 
MGSR does not always perform well. Specifically, from 
this figure the two clusters of points above the dashed 
line appear to be outliers. Further analysis found that 
each cluster represents a distinct CCG. These two CCGs 
have very low values for ‘People’ and ‘Lives’ [34]. As the 
Population Health model contains variables that vary 
annually and our study period is two years, the amount of 
data available for training this model was limited to 145 
data points. This smaller sample of data resulted in less 
accurate predictions for CCGs that had very low or high 
values for any of the population health variables. This 
limitation will be overcome in the future once more data 
becomes available.

When using the MGSR to forecast future ED demand, 
improving population health was the only scenario that 
resulted in a decrease in ED attendances (Fig.  5). Of 
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the population health variables, Lives, which quanti-
fies health-related behaviours and personal circum-
stances, was the most important (PI 0.22 ± 0.04, Fig. 4). 
For policy makers, this suggests that interventions to 
reduce the prevalence of smoking and alcohol abuse, 
tackle obesity and improve vaccination coverage could 
all have an impact on long term ED demand. As each 
of the domains of the Health Index (People, Places and 
Lives) are an aggregate of underlying components, future 
work looking at the importance of each sub-component 
and how changes in these impact ED demand would be 
beneficial to policy makers: knowledge of the underly-
ing component(s) that have the greatest impact on ED 
attendances would ensure policies are targeted and 
effective. However, it is important to note that while the 
model suggests improving health-related behaviours and 
personal circumstances would lead to a reduction in ED 
attendances, we cannot deduce a causal relationship. For 
example, if a high prevalence of smoking in a population 
is found to be associated with a greater number of ED 
attendances, this doesn’t mean that smoking drives ED 
attendances: the association may be caused by underly-
ing factors that contribute to smoking prevalence, rather 
than the behaviour itself.

In contrast to improving population health, increas-
ing Ambulance Capacity led to an overall increase in 
ED attendances (Fig.  5). This may be explained by the 
fact that monthly ambulance capacity is lower than util-
ity for all CCGs: the number of calls answered is always 
less than the number of calls made [28, 34]. Therefore 
if ambulance capacity is increased, meaning more calls 
are answered, more people will be conveyed to hospital. 
The model is not able to predict what would happen in a 
situation where no data are available, for example where 
ambulance capacity is greater than utility. While this is 
clearly a limitation of the model, it is also a limitation of 
the data and the way the ambulance service in England 
currently operates: if the ambulance service is always sat-
urated, it is not possible to use data to model a scenario 
when it is unsaturated.

If the model were to be used locally by, e.g. an ICB, it 
would significantly benefit from being re-trained with 
local data at a lower level of geography. This would 
ensure that the model is tailored to the local population. 
For example, if the independent variables were calcu-
lated per Lower Super Output Area (LSOA) the model 
could be used to forecast total monthly ED attendances 
within an Integrated Care System (ICS) under different 
practical scenarios. Using local data would also help to 
overcome the limitation of the model not performing 
well for regions that are outliers in terms of population 
health; ICS regions cover on average 1.5  million peo-
ple [37] equating to approximately 850 LSOAs per ICS 

(or 1700 values of population health variables over two 
years) compared to the 74 CCGs used in this study.

Our MGSR model can be used by both strategic com-
missioners and policy makers. For commissioners, 
the Capacity model can be used to assess how addi-
tional spending, or spending cuts, in other services will 
impact monthly ED attendances. Using the model to 
determine how spending on one service impacts other 
services would allow for both cost and service capacity 
to be optimised across a region. The Population Health 
model can be used by policy makers to understand how 
health interventions might impact ED attendances. 
Working alongside service planners, the value of an 
intervention could be assessed through its impact on 
both population health and reduction in cost for the 
local health service.

Conclusion
To our knowledge this is the first model that combines 
measures of wider urgent care service capacity and pop-
ulation health for forecasting long-term demand on ED 
departments. We demonstrated that 79% of the vari-
ance in monthly ED attendances can be explained using 
only 8 variables obtained from publicly available data. 
Using the MGSR to forecast mean monthly ED attend-
ances for 74 CCGs in the UK, we found that improv-
ing population health would have the largest impact. 
Our model can be used by strategic planners and pol-
icy makers to measure the impact of future changes or 
interventions on safety and quality of services.
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