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1. Data description

The illustrative application includes 87 cities defined following Eurostat Urban Audit’s definition. The
full list of cities is shown in Table S1. All metadata attached to cities are shown in Table S2.

Table S1: List of cities considered in the illustrative example. Observed indicates whether the city is used to fit
the second-stage meta-analysis model. Population and mean temperature are inherited from the parent study
from which the metadata are extracted.

i:;l:;stat Name Region Observed Population !(\:ema:erature
ITO01C Rome Centro Yes 2,672,838 15.8
1T002C Milan Nord-ovest  Yes 3,897,850 13
ITO03C Naples Sud No 3,047,442 16.2
ITO04C Turin Nord-ovest  No 879,331 12.1
ITO05C Palermo Isole No 670,213 16.6
ITO06C Genoa Nord-ovest  Yes 594,860 12.9
ITO07C Florence Centro Yes 365,265 13.7
IT008C Bari Sud No 319,627 16.9
IT009C Bologna Nord-est No 377,318 14.3
ITO10C Catania Isole No 305,233 18.2
IT011C Venise Nord-est Yes 265,285 14.3
1T012C Verona Nord-est No 256,724 13.5
ITO13C Cremona Nord-ovest  Yes 71,222 14
1T014C Trento Nord-est Yes 112,731 9.1
IT015C Trieste Nord-est No 205,534 12.4
ITO16C Perugia Centro Yes 159,824 13.6
IT017C Ancona Centro Yes 100,772 15.6
1T018C Pescara Sud Yes 119,500 15.1
1IT019C Campobasso Sud No 49,892 13.1
1T020C Caserta Sud Yes 76,201 15
1T021C Taranto Sud Yes 199,740 17.4
IT022C Potenza Sud Yes 67,678 11.8
1T023C Catanzaro Sud Yes 91,832 16.2
1T024C Reggio Di Calabria  Sud Yes 181,257 15.1
IT025C Sassari Isole Yes 124,625 16.8
1T026C Cagliari Isole No 156,363 17.3
1T027C Padova Nord-est No 208,056 13.9
1T028C Brescia Nord-ovest  Yes 191,362 12.7
1T029C Modena Nord-est No 180,668 14
ITO30C Foggia Sud No 151,992 16.4
IT031C Salerno Sud No 134,788 15.8
IT032C Piacenza Nord-est Yes 101,375 13.8
1IT033C Bolzano Nord-est Yes 104,326 8.9
1T034C Udine Nord-est Yes 98,925 12.2
ITO35C La Spezia Nord-ovest  Yes 93,062 14.8

IT036C Lecce Sud No 91,773 17.6
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ITO83C Trapani Isole No 68,439 17.7

1T084C Ragusa Isole Yes 71,276 16.9
ITO85C Andria Sud Yes 99,678 15.2
ITO86C Trani Sud Yes 55,693 16.5
ITO87C L'aquila Sud Yes 69,158 9.2

Table S2: List of city-level meta-variables. The first group represents the meta-predictors used in the second-
stage meta-analysis, and the second represents variables used to compute impact measures.

Variable Source Description

Note: population data were missing for several cities and were added from

Total population Ur‘b?n A.Udlt/ the Wikipedia pages for each city (Latvia: Valmiera; Belgium: Mechelen,
Wikipedia - X
Mouscron, La Louviére, Verviers)
Population above 65 Urban Audit / NUTS3 Percentage

Note: population density data were missing for several cities and were
added from the Wikipedia pages for each city (Latvia: Valmiera; Belgium:

Urban Audit / Mechelen, Mouscron, La Louviere, Verviers; Ireland: Dublin, Limerick,

Population density

Wikipedia Waterford; Norway: Bergen, Trondheim; UK: Glasgow, North Lanarkshire,
Dundee)
Isolation Urban Audit / NUTS2 Proportion of single-person households
NUTS3 / Office of GDP per capita. Note: GDP data for UK cities were unavailable in Eurostat
GDP . .
National Statistics and extracted from ONS
Unemployment rate NUTS2 Among active population (20-64 years old) for all education levels
Education level NUTS2 Prpportmn of a}ctlve population (25-64 years old) with ISCED level >=5
(higher education)
Deprivation rate NUTS2 Proportion of population under severe material deprivation condition
Hospital bed rates NUTS2 Number of hospital beds / inhabitants

Copernicus High

Imperviousness R
P Resolution Layer

Percentage of soil sealing
Copernicus High

Tree Cover Density Resolution Layer

Level of Tree Cover Density (%)
Copernicus High

Grassland .
Resolution Layer

Proportion of grassland pixels
Copernicus High Average class between (1) permanent water, (2) temporary water, (3)

Water & Wetness )
Resolution Layer permanent wetness and (4) temporary wetness

Copernicus High

Small Woody Features
v Resolution Layer

Small woody features density (%)

Elevation AWS Terrain Tiles Elevation at city centre

Coastal region type Natural Earth Lowest distance between coastal line and city centre
Google Earth Engine -

NDVI MODIS
Atmospheric

PM25 Composition Analysis https://sites.wustl.edu/acag/datasets/surface-pm2-5/
Group
Atmospheric

NO2 Composition Analysis https://sites.wustl.edu/acag/datasets/surface-no2/
Group

Temperature range Copernicus Annual temperature range

Mean temperature Copernicus Mean annual temperature




Death rate NUTS3 Death rate within age group
Life expectancy NUTS2 Life expectancy at age

Population structure NUTS3 Proportion of the population in age group

2. Model selection

This section illustrates the model selection performed for the second-stage meta-analysis. Two
parameters need to be chosen: i) the specification of the age variable, and ii) the number of
composite components representing vulnerability. In a mixed-effect framework, model selection can
be performed through the Akaike Information Criterion, following standard likelihood theory. Briefly,
the (restricted) likelihood can be extracted from the estimated model, and the number of
parameters is the sum of fixed effect coefficients 8 and parameters defining the random effect
variance-covariance matrix ¥;.!

Figure S1 shows the AAIC, i.e. the difference in AIC with the overall minimum for various
specifications. We choose the model with a natural spline and a single knot at age 60, and five
composite indices, as the simplest model such that AAIC < 2, as recommended in the literature.?
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Figure S1: Comparison of AIC for various number of composite indices and specification of the age term.
AAIC represents the difference between the model’s AIC and the minimum AIC from all models (represented by
the thick horizontal black line). Horizontal dashed lines represent values of 2, 5 and 10 for AAIC.



3. Description of Kriging

Kriging was introduced by Georges Matheron 2 in the context of mining, and has since been one of
the most popular geostatistical methods, used in a wide variety of applications, including in
environmental epidemiology *°. Using a set of n realisations from a spatial process — in our case é’i =
£(s;) where s; represents latitude and longitude — the objective of Kriging is to make a prediction of
the process £(.) in a new location s,. This prediction takes the form of a linear combination of the
observed values:

£(s0) = ity wid () (1)
with the weights w; summing to one. The best prediction, in the sense of minimising the prediction
error variance Var(e(so)), can be shown to be:

w = [wy,..,w,]T = Cylcy (2)
where C,, is the covariance matrix of all observations ¢ (s;) and ¢ is the vector of covariance
between £(s,) and all the observations £(s;).

Equation (2) highlights the equivalence between Kriging and a classical linear regression with f(so)
as the response variable and the f(si) as n predictors. However, in contrast to a classical linear
regression in which the covariance can be estimated by having several realisations for each variable
(C,, = XTX and ¢, = XTy), in Kriging we dispose of only one observation. Therefore, we need to
assume a parametric covariance function C(d) with d being the distance between two observations.

If the process €(.) is assumed to be stationary, the covariance function C(d) is estimated from a
variogram, a function giving the variance of the difference between two values Var (f(si) - f(s]))

according to their distance d. An empirical variogram y(d) can be estimated considering a step 6 as

1 . . 2
7(d) = N, (E(Si) - f(Sj)) (3)
considering all pairs of observations &(s;), f(sj) with a distance within d £+ §. From this empirical
variogram, a variogram function y(d) following a predefined parametric shape can be fitted and

then used to compute the covariances needed in Equation (2). For instance Figure S2 shows the
variogram for each element of the BLUP residuals, with a fitted Gaussian model.
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Figure S2: Empirical variogram with fitted variogram model for all elements of the BLUP residuals &;, including

their covariance.
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4. Additional validation results
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Figure S3: Age-group and city-specific first-stage, predicted and reference exposure-response functions for the
27 unobserved cities. “First-stage” indicates estimate from a location and age-specific model applied on these
cities’ mortality series, “Predicted” is the prediction from the framework, and “Reference” corresponds to the
BLUP from a meta-regression model hat includes the unobserved cities.
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