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Appendix 1: Cause of death classi�cation according to ICD-10 code
We got inspired by the CDC classi�cation for showing mortality data by geographic areas

(CDC, 2009) to group our data into 32 causes of death. Table A1 shows the causes of death
together with the corresponding International classi�cation of Diseases (ICD)-10 codes

Table A 1: De�nition of the causes of death by the ICD-10 code.
Cause of death ICD-10 code

Cancer
Breast cancer C50-C509
Gynecological cancers (cervix uteri, corpus uteri and ovary) C53-C56
Colorectal cancer C18-C218
Leukaemia C91-C959
Lung cancer C33-C349
Non Hodgkin's lymphoma C82-C859
Pancreas cancer C25-C259
Prostate cancer C61
Stomach cancer C16-C169
Urinary tract cancer C64-C689
Other cancer C00-C159,C17-C179,C22-C249,

C26-C329,C37-C499,C51-C52,
C57-C609,C62-C639,C69-C819,
C86-C866,C88-C887,C90-C903,
C96-C97

Cardiovascular diseases
Heart diseases
Hypertensive heart disease with or without renal disease I11-I139, I159
Ischemic heart diseases I20-I259
Other diseases of heart I00-I099,I26-I519

Atherosclerosis I70-I709
Hypertensive disease (hypertension and hypertensive renal disease) I10,I12-I129
Stroke (cerebrovascular diseases) I60-I698
Other diseases of circulatory system I71-I788

External cause of death
Assault (homicide) X859-Y099
Intentional self-harm (suicide) X60-X849,Y87-Y870
Motor vehicle accidents V02-V049,V09-V090,V092,

V124-V149,V19-V194,V20-V799,
V81,V82,V835,V872,V89,V892

All other unspeci�ed accidents and adverse e�ects V01-V019,V05-V061,V093-V099,
V11-V119,V15-V189,V199,
V80-V809,V813,V825-V829,V899,
V904-X599,Y40-Y86,Y88-Y883

All other external causes Y10-Y349,Y872,Y89-Y899
Other causes
Certain conditions originating in the perinatal period P00-P968
Congenital malformations, deformations and chromosomal abnormalities Q00-Q999
Chronic respiratory diseases J40-J47
Alzheimer's disease G30-G309
Diabetes E10-E149
HIV B20-B24
In�uenza and pneumonia J09-J189
Liver diseases K70-K709,K73-K746
Nephritis, nephrotic syndrome and nephrosis N01-N079,N17-N19,N25-N26
Peptic ulcer K25-K289
Pregnancy, childbirth and the puerperium O00-O998
Sudden infant death syndrom R95
Symptoms, signs and abnormal clinical and laboratory �ndings, not elsewhere classi�ed R00-R94,R96-R999
Syphilis A52-A529
Tuberculosis A15-A199
All other diseases A01-A099,A24-A499,A60-B199,

B25-B99,D002-E079,E15-G259,
G31-H931,I80-J398,J61-K229,
K29-K668,K71-K729,K75-M959,
N10-N159,N20-N23,N28-N94

1



Appendix 2: National statistics
Gender-speci�c age-adjusted death rates are calculated as a weighted average of the age-

speci�c a (a = 1, ..., 18) death rate by gender g (g ∈ {Female,Male} as follows:

Age-adjusted death rateg =
∑
a

(weighta ∗
death countag

populationag
).

Hence, similar weights that depend on the age structure of the total population are ap-
plied to the standard age-speci�c rates, readily allowing for gender comparison. Population
and weights for the year 2010 in Switzerland are given in Table A2.

Table A 2: Population and percentage (weight) of the population in Switzerland according
to the 2010 census, by gender.

Age category Age Female population Male population Total population

1 0�4 189871 (4.76%) 200758 (5.18%) 390629 (4.96%)

2 5�9 186442 (4.67%) 196612 (5.07%) 383054 (4.87%)

3 10�14 203197 (5.09%) 213936 (5.52%) 417133 (5.30%)

4 15�19 220240 (5.52%) 231379 (5.97%) 451619 (5.74%)

5 20�24 238828 (5.98%) 246153 (6.35%) 484981 (6.16%)

6 25�29 257836 (6.46%) 263516 (6.80%) 521352 (6.62%)

7 30�34 266170 (6.67%) 268638 (6.93%) 534808 (6.80%)

8 35�39 278833 (6.98%) 280086 (7.22%) 558919 (7.10%)

9 40�44 315984 (7.91%) 318088 (8.20%) 634072 (8.06%)

10 45�49 321169 (8.04%) 329746 (8.50%) 650915 (8.27%)

11 50�54 279627 (7.00%) 286684 (7.39%) 566311 (7.20%)

12 55�59 243362 (6.10%) 243474 (6.28%) 486836 (6.19%)

13 60�64 232996 (5.84%) 226815 (5.85%) 459811 (5.84%)

14 65�69 205331 (5.14%) 191911 (4.95%) 397242 (5.05%)

15 70�74 164340 (4.12%) 139108 (3.59%) 303448 (3.86%)

16 75�79 145628 (3.65%) 110430 (2.85%) 256058 (3.25%)

17 80�84 119759 (3.00%) 74620 (1.92%) 194379 (2.47%)

18 ≥ 85 123095 (3.08%) 55472 (1.43%) 178567 (2.27%)

3992708 (100.00%) 3877426 (100.00%) 7870134 (100.00%)
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Appendix 3: Additional results

Figure A 1: Age-adjusted death rates by cause and gender.

3



Cardiovascular diseases Heart disease Cerebrovascular disease Hypertensive disease Atheroscleorsis

All cancers Lung cancer Colorectal cancer Breast cancer Prostate cancer

Pancreas cancers Urinary tract cancer Gynecological cancer Leukaemia Stomach cancer

Non Hodgkin's lymphoma

External causes of death Intentional self-harm Motor vehicle accidents

Chronic respiratory diseases Alzheimer's Diabetes In�uenza and pneumonia Liver diseases

Figure A 2: Death rate per 100,000 population by cause for male (blue) and female (red).
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Figure A 3: E�ect of di�errent covariates on cardiovascular diseases for male (blue) and
female (red)

Figure A 4: E�ect of di�errent covariates on cancer for male (blue) and female (red)
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Figure A 5: E�ect of di�erent covariates on additional causes of death for male (blue) and
female (red).
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A1) Shared spatial dependence between lung cancer and COPD

A2) Lung cancer speci�c A3) COPD speci�c
spatial dependence spatial dependence

B1) Shared spatial dependence between diabetes and cardiovascular diseases

B2) Diabetes speci�c B3) Cardiovascular diseases speci�c
spatial dependence spatial dependence

Figure A 6: Shared and disease speci�c spatial dependence identi�ed by the joint mod-
elling of A) lung cancer and chronic lower respiratory diseases (COPD) and B) diabetes and
cardiovascular diseases.
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Appendix 4: Spatial analysis at municipality level
Likelihood assumption

Several likelihood functions were explored to model death counts, namely the "Poisson",
the "negative binomial" and the "zero in�ated negative binomial" distributions.

The Poisson distribution is widely used to model count data. It is the simplest distribu-
tion that assumes the variance to be equal to the mean. Thus, our data Yij were assumed to
follow a Poisson distribution Yij ∼ Poisson(λijEij), where Yij is the number of deaths due
to disease i at municipality j (j = 1, ..., 2352), λij is the expected number of deaths and Eij
represents the expected number of deaths in the general population.

However, count data are often over-dispersed and might have a larger variance than as-
sumed by the Poisson distribution. Thus, a negative binomial distribution Yij ∼ NegBin(µij,r),
where µij = r/(r + λijEij) and the parameter r captures the over-dispersion might be more
appropriate.

In the presence of large amount of zero counts, a zero in�ated negative binomial distri-
bution that captures the excess of zeros that cannot be accounted for by the over-dispersion
parameter can be assumed such as:

Yij ∼
{

0 with probability pij
NegBin(µij, r) with probability 1− pij

Generalised linear regression model

Standardised mortality ratios (SMR) were modeled on the log scale, such as log(λij) =
log(Eij) + αi + ψij + εij, where αi is a disease-speci�c constant, ψij is a conditional autore-
gressive (CAR) spatially-structured random term and εij an unstructured random e�ect.

Following Besag et al. (1991) formulation, we assigned a conditional prior distribution
on the ψj, such as:

ψj |ψk,j 6=k,σ2 ∼ N( 1
wj

∑
j∼k

ψk,
σ2

wj
),

where wj is th number of neighbours of municipality j, j ∼ k indicates that municipalities j
and k are neighbours and σ2 is the conditional prior variance.

Age and gender standardization was done through the expected number of deaths Eij.
Thus, Eij =

∑
a1g

(DRia1g ∗ (
∑
t

nja1gt)), where nja1gt is the 2010 population and DRia1g is the

death rate for municipality j(j = 1, ..., 2352), age category a1 (a1 ∈ {0-4, 5-9, ..., ≥ 85}),
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gender g (g ∈ {Female,Male}) and time t (t ∈ {2008, 2009, ..., 2012}), i. e. DRia1g =∑
jt
Yjtia1g∑

jt
njta1g

.

We also developed gender and age group-speci�c models that account for urbanisation
(urban vs rural) and linguistic areas (French, Italian and Romansch vs German). We divided
the total population into 6 age groups a2 (a2 ∈ {0-14, 15-29, 30-44, 45-59, 60-74, ≥ 75}).
Thus, SMRs were modeled such as: log(λija2g) = log(Eija2g) + XT

ijβia2g + ψija2g + εija2g,
where X is the matrix of explanatory variables that includes urbanisation, linguistic areas
and a constant. Expected number of death Eija2g was calculated as: Eija2g =

∑
a1∩a2

(DRia1g ∗

(
∑
t

nja1gt)).

Similarly, we developped shared component model (Knorr-Held and Best, 2001) by jointly
modelling two causes of death i (i = 1, 2) as follows: log(λij) = log(Eij)+αi+ψij+εij+δkφj,
where φj is the CAR spatially-structured random term that is shared by both causes of deaths
i and δk is a cause of death speci�c weight.

Model �t and implementation

Model parameters were estimated through integrated nested Laplace approximations
(INLA) (Rue et al., 2009) and stochastic partial di�erential equations approach (Lindgren
et al., 2011) for fast Bayesian inference. All models were �tted in R (version 3.0.2) (R Core
Team, 2014) witht the INLA package. We used the poisson, nbinomial and zeroin�ated-
binomial1 likelihood models implemented in the R INLA package to �t the corresponding
regression models. Spatial and non spatial random e�ects were �tted with the bym model
for latent Gaussian �eld. We assigned uninformative Gaussian prior for the constant α; i. e.
α ∼ N(0, 100) and logGamma distribution for the log of the overdispersion parameter r,
log(r) ∼ logGamma(1, 100). For the shared component model, we modeled spatial e�ects
with the besag model and non-spatial e�ects with the independent random variables model,
respectively. We chose �at log-normal distribution for δ2 and �xed δ1 to 1 to overcome
identi�ability problems.
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