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Appendix Text 1: Specification and implementation of the Bayesian statistical model 

As stated in the main paper, we used a Bayesian spatial model to obtain stable estimates of 

non-fatal MI events and pre-hospital and post admission fatal events. The model is designed 

to analyse multiple outcomes whose spatial patterns have both similarities and distinct 

features. Models were run separately for men and women and by age group. For each 

outcome 𝑗𝑗 (= 1, 2,3), the number of events or deaths in a district 𝑑𝑑 (= 1, . . . , 326) follows a 

Poisson distribution: 

𝑦𝑦𝑗𝑗𝑗𝑗 ∼ Poisson�𝜆𝜆𝑗𝑗𝑗𝑗  .𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑑𝑑� , 

where the coefficients 𝜆𝜆𝑗𝑗𝑗𝑗 are rates in the district population. The log-transformed rates are 

modelled as a sum of intercept and district specific terms: 

log�𝜆𝜆𝑗𝑗𝑗𝑗� = α𝑗𝑗 + η𝑗𝑗𝑗𝑗 . 

The α𝑗𝑗 are common intercepts for each outcome. The terms η𝑗𝑗𝑗𝑗 are specified as a sum of 

shared and outcome specific random effects, 

η𝑗𝑗𝑗𝑗 =  𝜑𝜑𝑑𝑑 . 𝛿𝛿𝑗𝑗 +  𝜓𝜓𝑗𝑗𝑗𝑗 . 

The 𝜑𝜑𝑑𝑑 are shared random effects common to all three outcomes and are modelled following 

the Besag, York and Mollie (BYM) model1 and the 𝜓𝜓𝑗𝑗𝑗𝑗 are spatially-unstructured (independent 

and identically distributed, IID) random effects for each of the three outcomes. 𝛿𝛿𝑗𝑗 is a scaling 

parameter which determines the size of the contribution of the shared component 𝜑𝜑𝑑𝑑 to the 

overall deviation from the common level for outcome 𝑗𝑗. 

The BYM specification models these random effects as the combination of spatially-structured 

random effects with intrinsic conditional autoregressive (ICAR) priors, allowing information to 

be shared locally between neighbouring districts, and spatially-unstructured IID random 

effects, allowing information to be shared amongst all districts. We implement this using the 

BYM2 parameterisation2 with  

𝜑𝜑𝑑𝑑 =  𝜎𝜎𝜑𝜑. (𝑉𝑉𝑑𝑑�1− 𝜌𝜌 +  𝑈𝑈𝑑𝑑�
𝜌𝜌
𝑆𝑆𝑆𝑆

) 
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𝑉𝑉𝑑𝑑~𝑁𝑁[0, 1] 

𝑈𝑈𝑑𝑑~𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼[𝑊𝑊, 1] 

where 𝜎𝜎𝜑𝜑  is the overall standard deviation of the shared random effects. 𝑉𝑉𝑑𝑑  are the 

unstructured shared random effects. 𝑈𝑈𝑑𝑑 are the structured shared random effects arising from 

an ICAR with standard deviation set to 1 and adjacency matrix 𝑊𝑊. The conditional distribution 

for 𝑈𝑈𝑑𝑑, with 𝜔𝜔𝑑𝑑 the set of neighbours of district 𝑑𝑑 and 𝑛𝑛𝑑𝑑the number of districts in 𝜔𝜔𝑑𝑑, can be 

written as  

𝑈𝑈𝑑𝑑|𝑈𝑈−𝑑𝑑  ~ 𝑁𝑁 �
1
𝑛𝑛𝑑𝑑

� 𝑈𝑈𝑘𝑘 ,
1
𝑛𝑛𝑑𝑑𝑘𝑘∈𝜔𝜔𝑑𝑑

�. 

The scaling factor SF in the BYM2 equation ensures that 𝑉𝑉𝑉𝑉𝑉𝑉(𝑈𝑈𝑑𝑑)  ≈ 1 and is calculated from 

the adjacency matrix. Finally, the mixing factor 𝜌𝜌 determines how much of the variance comes 

from the unstructured versus the structured effects. 

Neighbours of districts are typically determined by shared land borders, which do not exist for 

islands, necessitating study-specific choices about neighbourhood.3 For our analysis, the 

districts of the Isle of Wight and the Isles of Scilly were each joined to the nearest mainland 

district based on ferry connections, following other analyses in England4,5 and similar analyses 

in the USA.6  

For the scaling parameters 𝛿𝛿𝑗𝑗=1,2 we assigned the prior log (𝛿𝛿𝑗𝑗) ~ 𝑁𝑁[0, 1
5.9], in which 95% of the 

probability of the prior for 𝛿𝛿𝑗𝑗
2 lies between 0.2 and 5.7 So that the sum to zero constraint is 

maintained, we set log (𝛿𝛿3) =  −log (𝛿𝛿1) − log (𝛿𝛿2). 

Weakly informative or flat priors were used so that inference on the parameters was driven by 

the data. The common intercepts were assigned diffuse priors. A half-normal distribution with 

unit variance was assigned to each of the precision parameters of the district specific random 

effects. And the mixing parameter 𝜌𝜌 was given a flat prior via a 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵[1,1] distribution. 
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𝛼𝛼𝑗𝑗,𝑗𝑗=1,2,3 ~ 𝑁𝑁(0, 10000) 

𝜎𝜎𝜓𝜓𝑗𝑗,𝑗𝑗=1,2,3  ~  ℎ𝑎𝑎𝑎𝑎𝑎𝑎-𝑁𝑁(0, 1) 

𝜎𝜎𝜑𝜑 ~ ℎ𝑎𝑎𝑎𝑎𝑎𝑎-𝑁𝑁(0, 1) 

𝜌𝜌 ~ 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵[1,1] 

We considered alternative formulations of the shared and outcome specific components as 

some previous analyses have used the same CAR specification or spatial cluster model for 

the shared as well as disease specific components7,8 while others have used CAR for the 

shared components and non-spatial distributions for the disease specific components.9-11 As 

detailed above, we used a BYM model for the shared component and IID random effects for 

the outcome specific components. We did not use four spatially structured (e.g., CAR) terms 

for both epidemiological and statistical reasons: Epidemiologically, although event rate as a 

whole may have a spatial structure – which led to the decision to use a BYM formulation for 

the shared component – we did not expect factors that affect either pre-hospital deaths (e.g.,  

time to recognise symptoms and A&E response) or hospital performance in one district to be 

any more similar to a neighbouring district than to one further away. This expectation was 

confirmed by our posterior results. Therefore, using a spatially structured prior for each of 

these individual quantities would risk smoothing away the very variations that we seek to 

uncover. Statistically, we tried multiple permutations of the model, which we assessed using 

DIC. The DIC values for the model using four CAR priors was greater than the DIC for the 

model used in the paper. 

Implementation 

Inference was performed using Markov chain Monte Carlo via NIMBLE.12,13 We monitored 

convergence using trace plots and the Brooks, Gelman Rubin diagnostic,14 and thinned post 

burn-in samples to reduce memory and storage use. We ran two chains for 2,520,000 

iterations, discarding the first 20,000 and thinning the remainder by 500 to obtain 10,000 post-
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burn-in draws from the posterior distribution of model parameters. Trace plots for key 

parameters as well for 2 example districts are shown in Appendix Figure 5.  

Sensitivity analysis 

In sensitivity analysis performed in WinBUGS15 we repeated the analysis using the standard 

parameterisation of BYM with gamma(0.5, 0.0005) priors assigned to each of the precision 

parameters of the district specific random effects. Correlations between the four sets of age-

standardised estimated rates (event rate, mortality, pre-hospital case fatality and hospital case 

fatality) in the sensitivity and main analyses were greater than 0.99.  
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Appendix Figure 1: Flowchart for the use of data on hospital admissions and deaths. 

Data only include people aged 45 years and older. Deaths and admissions were from 

01/01/2015 to 31/12/2018. Admissions linked to death from acute myocardial infarction within 

this period might have occurred up to 28 days before the start of this period and were included. 

Deaths linked to admissions within this period might have occurred up to 28 days after the end 

of the period and were included. We used a continuous inpatient spell algorithm to collapse 

finished consultant episodes into admissions and then collapsed them further so that 

admissions within 28 days of the index event were counted as part of the same event. A 

Venn diagram representation of the data is available in Appendix Figure 2. 
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HES admissions
293,715 hospital stays with acute myocardial infarction as primary 

diagnosis

Civil registration deaths
76,011 deaths from acute myocardial infarction as underlying cause 

of death

262,466 alive at 29 
days or more after 
being in hospital 

11,955 deaths within 
28 days of being in 

hospital with 
underlying cause of 

death other than acute 
myocardial infarction

19,294 deaths within 
28 days of being in 

hospital with 
underlying cause of 
death due to acute 

myocardial infarction

36,207 out-of-hospital 
deaths from acute 

myocardial infarction

31,249 deaths within 
28 days of being in 

hospital with a 
myocardial infarction 

diagnosis

39,804 deaths from 
acute myocardial 

infarction within 28 
days of being in 

hospital for any cause

20,510 deaths within 
28 days of being in 

hospital after 
admissions for causes 

other than acute 
myocardial infarction



Appendix Figure 2: Schematic diagram showing the division of myocardial infarction (MI) into 

pre-hospital deaths, hospital deaths and non-fatal events, and the two sources of data used 

for their calculation. All numbers are for people aged 45 years and older. 

A: non-fatal events 

B (B1+B2): hospital deaths 

C (C1+C2): pre-hospital deaths in the main analysis; in the sensitivity analysis, C1 was 

counted towards hospital deaths as described in Methods 

Total number of events = A+B+C 

Total event rate = (A+B+C) / population 

Death rate = (B+C) / population 

Total case fatality = (B+C) / (A+B+C) 

Pre-hospital fatality (share of events which result out-of-hospital death) = C / (A+B+C) 

Hospital case fatality = B / (A+B) 
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MI admissions 
(Linked hospitalisation data)

Deaths with MI as underlying 
cause of death

(Civil registration data)

A 
262,466

B1 
19,294

C2 
36,207

Non-MI admissions 

Deaths in hospitalised patients 
with underlying cause of death 

other than MI
(Linked hospitalisation data)

C1 
20,510

B2
11,955

9



Appendix Figure 3: Age-standardised myocardial infarction (MI) death rates and its 

contributors in English districts.  

The maps show the geography of death rate and each contributor with absolute numerical 

scales. The insets show London. The scatter plots show the relationship between pairs of 

contributors, or contributors and death rates.  All variables were age-standardised as 

described in Methods. The scale on each scatter plot ranges from 0 to 2 x mean value, so that 

the extent of variation can be compared among variables. The colour is determined by the 

number of standard deviations above or below the mean value across all districts.  

10



Women

Pre-hospital fatality (%)

Hospital case fatality (%)

Death rate (per 100,000)

Event rate (per 100,000)

C

D

Case fatality (%)

B

A

B C DA

Men

Pre-hospital fatality (%)

Hospital case fatality (%)

Death rate (per 100,000)

Event rate (per 100,000)

D

C

Case fatality (%)A

B

A B C D



Appendix Figure 4: Posterior probability (pp) maps for age-standardised myocardial 

infarction (MI) death rates and its contributors in English districts.  

The insets show London. Posterior probability represents the uncertainty in the district-level 

value for each outcome. In a district in which the event rate, mortality or case-fatality is the 

same as the posterior median national value, there is a 50% posterior probability that the 

district rate is greater than the national rate and a 50% posterior probability that the district 

rate is less than the national rate. Posterior probabilities more distant from 50%, toward either 

0% or 100%, indicate more certainty. Where the entire posterior distribution of the district rate 

is smaller than the national median, there is a ~100% posterior probability of a higher rate and 

a ~0% posterior probability of a lower rate, and vice versa. For most districts, the posterior 

distribution of event rates, case fatality and mortality covers the national rate, with the two 

parts of the distribution summing to 100% (for example, 80% posterior probability of a higher 

than national rate and 20% of a lower rate). 
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Appendix Figure 5: Post burn-in and thinning trace plots of key parameters and examples 

of district specific rates. 
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