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51 Results

Air pollution data and model analysis

Analyzing all the available air quality monitoring data. All stations show stable declining trend of both
PM2.5 and B(a)P concentrations (see Fig. S1). Some stations however, reports increasing trends in
PM2.5 during summer months (5. to 9. month), which can be attributed to the effects of prolonged
dry periods and resulting natural sources of PM (resuspension, dust from agricultural works etc.) (1,2),
the decline in winter months prevails these effects. The overall trend of declining concentrations can
be attributed to increasing temperatures, resulting in reduced heating requirements and other
synergic effects of decarbonization measures like reduced dependence on fossil fuels and stricter
emission standards in transport. Air quality in Slovakia shows significant correlation to average
temperature and therefore demand for heating, as most of the rural areas rely on biomass burning for
heating. Unusual cold winters in 2017 and 2021 show significant increase in PM2.5 and B(a)P
concentrations. Interestingly, the overall annual decrease of PM2.5 concentrations shows a relatively
wide range, from 0.14 pg.m™3yr™" at the RB location to 1.00 pg.m™3yr™" at the UB location. However,
the average trend across all types of stations is very similar. Since UB stations are the most numerous,
their range of measured trends is considered the most representative for the overall air quality trend
in populated areas. RB sites exhibit only small decreases, yet they still roughly fall within the range of
trends observed at UB stations. Although there is only one ST and one Sl station in Slovakia, both show
trends comparable to the overall range. B(a)P concentrations show also a relative wide of decrease
from 0,08 ng.m™3yr~" to 0,55 ng.m™3yr™", both in UB locations. The number of stations is more even
compared to the number of stations monitoring PM2.5. One SB and one Sl locations show even an
increase at level of 0.007 and 0.15 ng.m™3yr~' respectively. For the assessment of historical projections,
the average decrease of 0.5394 pg.m=3yr~" for PM2.5 and 0.0928 ng.m™3 yr~' for B(a)P was used.

Additional analyses were conducted to evaluate long-term trends in PM2.5 concentrations across
monitoring stations. Linear regressions were estimated for each station to assess whether spatial
differences in temporal trends exist. The results indicate that although baseline concentrations vary
between locations, the long-term decline rates are statistically similar across regions, supporting the
use of a common national trend for historical reconstruction.

Fig. S1 Box plots showing the variation in long-term decline of a) PM2.5 and b) B(a)P concentrations across different types of
monitoring stations in Slovakia (UB = urban background, UT = urban traffic, SB = suburban background, RB = rural
background, ST = suburban traffic, SI = suburban industrial). The distributions illustrate differences in temporal trends
between station types, reflecting variations in dominant emission sources and local conditions. Urban and traffic-influenced
stations show more stable and gradual declines, while rural and suburban background stations exhibit greater variability,
likely associated with residential solid-fuel combustion and local dispersion conditions. Overall, the results confirm a general
decreasing trend in both pollutants, with spatial heterogeneity linked to emission structure and site characteristics. Depicted
using analysis of long term trends from available long term data. Note that there is far less stations measuring B(a)P than
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Using the regional air quality transport model, annual mean concentration maps were produced for
the entire Slovakia with a horizontal resolution of 1x1 km (see Fig. S2). The modelled fields reproduce
observed spatial gradients well, with the highest concentrations of PM2.5 and B(a)P occurring in
northern and central-south regions, where domestic solid fuel heating and frequent temperature
inversions lead to persistent winter stagnation of polluted air. Elevated levels of pollution were also
found in urban and industrial areas near major cities (Kosice, Zilina, and Banskd Bystrica), consistent
with emission inventories and national air quality reports. In contrast, the lowest concentrations were
simulated in southern lowlands in east and west of the country with higher average temperatures and
better ventilation conditions, reducing the need for residential heating. The mean annual
concentration of PM2.5 across the domain reached 13.6 ug.m3, while B(a)P averaged on 0.98 ng-m™3,
with local maximums up to 21.5 pg.m™3 and 3.3 ng-m=3, respectively.

Even though, north of Slovakia is scattered with PM2.5 local hotspots of highly polluted air, mainly
located within municipalities itself, on the central-south region, the elevated air pollution is more
evenly distributed outside municipalities. This suggests that residents are exposed to high levels of
pollution even outside their homes. Comparing the PM2.5 and B(a)P concentration fields, one can see
elevated B(a)P concentrations in a few valleys in the Gemer region, which can be attributed to burning
of wood in old boilers. Outside this region, B(a)P concentrations do not form such a large hotspot.

Fig. S2 Spatial distribution of annual mean PM2.5 and benzo(a)pyrene (B(a)P) concentrations in Slovakia for 2024, derived
from the national air-quality modelling framework combining monitoring data with regression interpolation (RIO) and IDW-
R post-processing. Concentration fields for the period 2020 to 2024 show only minor interannual differences, primarily
reflecting variability in meteorological conditions. These multi-year data were used to derive the baseline exposure fields
applied in the analysis.
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When a buffer around municipalities was created with average concentrations extracted, a very strong
correlation between B(a)P and PM concentrations was found across 2 925 municipalities (Spearman’s
p = 0.96, Pearson’s r = 0.94), see Fig. S3. That confirms that both pollutants share common sources
primarily biomass and coal combustion in the residential sector. This relationship aligns with European
receptor studies (3), which attribute over 80 % of B(a)P emissions to solid fuels use in residential
heating. The high degree of co-variation supports the use of PM2.5 fields as a reliable proxy for PAH
exposure in health impact modelling where B(a)P measurements are limited.
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Fig. S3 Correlation between PM2.5 and B(a)P on municipality level pollution from model results. Concentrations are
extracted within an area of 400 meters buffer from residential buildings in the given municipality, details in the chapter Air
quality model to municipality alignment. Strong correlation also arises from the fact that from 2 520 municipalities in
Slovakia, 2049 are small settlements with less than 2 000 inhabitants and where wood can be considered to be main source
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Fig. S4 Comparison of life expectancy change (ALE) estimated using the a) and b) WHO (upper row) and c) and d) SCHIF
(lower row) approaches across Slovak municipalities under different air pollution exposure histories. The left column shows
results based on recent exposure (average 2008 to 2024), while the right column reflects long term exposure including
historical reconstruction (1990 to 2024).

Justification of linear trend and sensitivity analysis

Historical PM2.5 exposure levels prior to the monitoring period were reconstructed by extrapolating
observed long term concentration trends. This approach was necessary because systematic
nationwide PM2.5 monitoring in Slovakia has only been available since approximately 2010. Earlier
measurements were sparse and geographically limited, which prevents direct reconstruction of
municipality level exposure fields for earlier decades. The reconstruction therefore relies on two key
assumptions. First, spatial differences between municipalities observed in the model-based
concentration fields are assumed to represent relatively persistent spatial patterns driven by
geography, urbanization, and emission source distribution. Second, the temporal evolution of
concentrations is approximated by a common long-term decline trend derived from monitoring station
observations.

Analysis of station level time series indicates that long-term PM2.5 concentrations in Slovakia decline
in a broadly consistent and approximately linear manner across station types. This observation was
formally tested using both linear regression and the non-parametric Mann—Kendall trend test applied
to annual PM2.5 concentrations at monitoring stations. Both methods confirmed statistically
significant decreasing trends across the monitoring network. Although absolute concentration levels
vary between monitoring locations, regression analysis shows no statistically significant differences in
trend slopes between regions. Additional analysis examining the relationship between station-specific
trends, city population size, and geographic location showed only weak and statistically non-significant
correlations, suggesting that spatial differences in decline rates are limited. This suggests that spatial
differences between municipalities are primarily determined by relatively stable structural factors
rather than fundamentally different temporal trajectories. Applying a single national decline rate
therefore represents a pragmatic simplification of the historical exposure trajectory. In the absence of
spatially resolved historical measurements prior to 2010, more complex reconstructions would require



additional assumptions that cannot currently be empirically validated. Importantly, the reconstructed
concentration levels are also consistent with independent historical evidence. Multiple modelling and
reconstruction studies suggest that annual PM2.5 concentrations in Central and Eastern Europe during
the early 1990s typically ranged between approximately 20 and 35 pg m™3 (4). Historical emission
inventories also indicate that although emissions were generally higher during the early post socialist
transition, the spatial distribution of major emission sources was highly localized. Heavy industrial
activities were concentrated in a limited number of regions, while many rural areas were dominated
by lower intensity residential heating sources. Because atmospheric dispersion, chemical
transformation, and regional transport processes influence the relationship between emissions and
ambient concentrations, higher historical emissions do not necessarily translate proportionally into
higher population weighted PM2.5 concentrations. Overall, the available monitoring evidence,
historical literature, and sensitivity analysis provide consistent support for the use of a linear exposure
reconstruction as a transparent and defensible approximation of long-term exposure trajectories in
Slovakia. While local deviations may have occurred, the cumulative long term exposure levels implied
by the reconstruction fall within ranges suggested by independent studies and are therefore
considered plausible for the purposes of life expectancy impact assessment.

To evaluate the robustness of the historical exposure reconstruction, several alternative exposure
scenarios were tested. These scenarios explore how different assumptions regarding historical
concentration levels and spatial exposure patterns affect the estimated life expectancy impacts. Four
main types of scenarios were examined.
First, a basic sensitivity test was performed by uniformly perturbing reconstructed concentrations by
5% relative to the baseline trajectory. This scenario represents moderate uncertainty in historical
concentration levels while preserving the spatial structure of pollution exposure. Second, an emissions
informed reconstruction was applied for the period 1990 to 2000. In this scenario, concentration
changes follow the evolution of national emission inventories while accounting for a background
pollution component that is independent of domestic emissions. Third, spatial differences in long-term
concentration trends were explored by applying region specific decline rates derived from monitoring
stations grouped into western, central, and eastern Slovakia. Finally, a combined scenario was
evaluated in which both the emissions informed reconstruction and regional trend differentiation were
applied simultaneously.
The results indicate that most scenarios primarily affect the magnitude of estimated life-expectancy
losses while preserving the spatial ordering of municipalities. Under the SCHIF baseline scenario, the
mean life expectancy loss across municipalities was approximately 0.72 years (median 0.57 years).
Uniform exposure perturbations produced substantial changes in the magnitude of impacts: increasing
exposure by 5% increased the mean loss to approximately 0.97 years, while the —-5% scenario reduced
it to approximately 0.53 vyears. Despite these changes in magnitude, the spatial ranking of
municipalities remained largely unchanged. The Spearman rank correlation coefficient between
baseline and scenario estimates was p = 1.00 for both uniform perturbation scenarios and the
emission-trend scenario. This indicates that municipalities with higher baseline impacts remained the
most affected under these alternative exposure assumptions. These results are also depicted on Fig.
S5.

This behaviour reflects the shape of the SCHIF exposure-response function. Current PM2.5
concentrations in Slovakia lie close to the inflection point of the function, meaning that small changes
in exposure can lead to relatively large changes in estimated health impacts. In contrast, scenarios that
explicitly modify the spatial distribution of exposure produce somewhat larger changes in municipal
rankings. In the alternative decrease scenario, the Spearman correlation decreased to approximately
p = 0.96, with 560 municipalities (22.2%) shifting by more than five quantile classes relative to the
baseline distribution. When the emission trend was combined with spatial redistribution, the
correlation remained relatively high (p = 0.93), although approximately 295 municipalities (11.7%)
changed by more than five quantiles.



Table S1 Aggregated results of the sensitivity analysis on PM concentration values and life expectancy compared to the

Scenario Mean PM Mean ALE  Median ALE AMean vs Spearmanp Shift >5 68 (change
base quantiles vs base)
SCHIF Base 20.94 0.722 0.568 - - - -
+5% 21.99 0.968 0.779 +0.246 1.000 0 0.307
-5% 19.90 0.526 0.416 -0.196 1.000 0 -0.267
emission trend 21.95 0.976 0.760 +0.254 1.000 0 0.382
alternative 20.75 0.789 0.633 +0.067 0.956 560 0.097
decrease
alternative 21.76 0.951 0.744 +0.229 0.928 295 0.284
decrease
emission trend
WHO Base 20.94 1.017 1.000 - - - -
+5% 21.99 1.085 1.067 +0.068 1.000 0 0.059
-5% 19.90 0.950 0.936 -0.067 1.000 0 -0.059
emission trend 21.95 1.083 1.065 +0.066 1.000 0 0.092
alternative 20.75 1.015 1.000 -0.002 0.986 560 0.023
decrease
alternative 21.76 1.080 1.066 +0.063 0.985 295 0.020

decrease
emission trend

baseline scenario




Validation scatter plots for alternative scenarios (ALE)
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Fig. S5 Illustration of deviations in estimated life expectancy loss (ALE) under alternative exposure scenarios relative to the
baseline reconstruction. Alternative scenarios represent different assumptions about historical concentration trajectories.
The results demonstrate that although the magnitude of estimated impacts varies across scenarios, the overall spatial
pattern of health burden remains largely preserved, indicating that the main conclusions are robust to uncertainty in
historical exposure reconstruction.

These findings indicate that the primary conclusions of the study are robust to plausible variations in
historical exposure reconstruction. In particular, the relative spatial distribution of health impacts
across municipalities remains stable even under substantially different exposure assumptions.
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Fig. S6 Values of life expectancy loss due to air pollution exposure from inverse-variance weighted fusion of WHO, SCHIF and
regression model results distributed on the municipal level in Slovakia

S2 Supporting information to air quality data analysis, spatial
exposure alignment and LE comparison

Air quality model and air quality data from monitoring stations

For this study, air quality was estimated using the national air-quality modelling framework used for
official reporting in Slovakia. Yearly averaged concentrations for the period 2020 to 2024 were derived
using the regression interpolation model RIO together with the IDW-R (inverse distance weighting
regression) post processing method. The RIO model combines measurements from the national
monitoring network with spatial predictor fields (elevation, traffic intensity, emission inventories,



ventilation indices, satellite observations and chemical transport model outputs) to derive
concentration fields through regression with spatial drivers and interpolation of residuals. In this
framework, the chemical transport model CMAQ (v5.3) provides one of several spatial predictors
describing large scale pollutant distributions (6). CMAQ simulations were driven by meteorological
input from the ALADIN model, run at a 2 x 2 km horizontal resolution over Central Europe. Household
heating emissions are derived from the national emission inventory and are spatially distributed to the
modelling grid using regional information on heating technologies and demographic indicators such as
population density. To further improve agreement with observations, model outputs were post
processed using the IDW-R technique, which adjusts modelled concentrations based on regression
with measurements and spatial interpolation of residuals. The resulting concentration fields are
produced at a spatial resolution of 1 x 1 km. Model performance was evaluated with root mean square
error (RMSE) and bias (BIAS) statistics (for PM2.5, RMSE is roughly 0.1 ng m~3, BIAS is roughly 0 ng m~3
and Ris roughly 0.99 and for B(a)P RMSE = 0.1 ng-m~3, BIAS =0 ng-m~3, and R = 0.99 against the national
monitoring network measurements). Even though each of the European countries have to calculated
air pollution using modelling approach, different models with post processing techniques are used.
This is mainly due to different sources and data quality in the input of the models (7,8).

To define exposure rates for highly populated areas, the addresses of residential buildings were
obtained from demographic statistics provided by the Statistical Office of the Slovak Republic for each
municipality. These addresses were then spatially processed in GIS tool. A buffer area as a distance
from each home was defined for each settlement, representing the space where people spends most
of their time. For this buffer region, a concentration field as area average was extracted forming
exposure value. Sensitivity analysis was carried out for buffers ranging from 200 meters to 2 km to
calculate the influence of concentrations differences in the wider area of the settlements. These buffer
areas were then overlapped with the air quality model for each year between 2020 and 2024 for both
PM2.5 and B(a)P, resulting in a unique value of concentration for each settlement and buffer size.

To analyze historical trends in air pollution, all available air quality data in Slovakia were used. PM2.5
is being measured in Slovakia since 2010, the number of stations progressively increased from 28 in
2010to 47 in 2024. B(a)P data were used from 2017, the number of monitoring stations is lower, theyr
number rose from 4 stations in 2017 to 21 in 2024. This type of validated data is publicly available from
EEA Air Quality Data Service (9). PM2.5 is monitored continuously at automatic air quality monitoring
stations operated by Slovak Hydrometeorological institute (SHMU), using continuous methods such as
beta attenuation, TEOM, or optical analyzers, which provide hourly and daily average concentrations.
B(a)P is measured from particulate matter samples (most often PM10 using the reference gravimetric
method according to EN 12341) collected over 24 hour periods at regular intervals (every 3rd or 6th
day). The compound is then extracted from the filters and analyzed in the laboratory using HPLC or
GC-MS in accordance with EN 15549. The stations are stratified according to the main source of
pollution they are measuring to traffic (located in biggest cities), urban background (located in smaller,
district towns), suburban (located in the town’s edge), industrial and rural background (located far
from any source of pollution). The information about national emissions of air pollutants with air
pollution trends is provided in supplementary material.

Yearly average values for PM2.5 and B(a)P were then calculated for each station using raw, hourly and
daily data for PM2.5 and B(a)P retrospectively. Because air pollution concentrations trends to fluctuate
between the years, the data were fitted with a linear trend, and the slope was determined to quantify
the rate of change. Newly built air quality stations are not suitable for evaluating trends, because of
the concentration fluctuations between the years, which is mainly because of the temperature change.
Most stations measuring PM2.5 in Slovakia are 4 years old or more than 10 years old, which is why at
least 8 years of monitoring was chosen for evaluating long-term trends. For B(a)P, the evaluated period
was at least 5 years, with at least 80 % coverage (B(a)P monitoring tend to have major blackouts). From
these data, average long-term decreasing trend for PM2.5 is defined using trends values from each
station and station type (only PM2.5 trend is calculated, because for sake of comparison, only PM2.5
data are used in WHO HRAPIE and SCHIF methods).



Then, for each municipality, exposure to air pollution is calculated as defined before from air quality
models. To create historical trends, two time intervals are defined, from 2024 to 2008 and 1990. Year
2008 is defined because since that year, detailed health data were collected to define life expectancy.
Year 1990 is chosen as a last year we have at least some data available (emission data) and because of
significant political situation change in 1989 (fall of communism in Slovakia). Based on the emission
data, one can see, that the emission is rising evenly from 2023 up to 1996 in Slovakia, then, they rose
rapidly towards 1990. However, no study reports rapid decline of air pollution in 90s (10,11,12,13).
These studies only report linear trends of air pollution towards history, with year-to-year changes
attributable to temperatures change (14). Many studies, which use advanced methods to assess air
pollution to history only do so only few years back (11) or reports still relatively high RMSE (15,16),
with satisfying reproduction from 2010 (17) or 2000 (18). Because of these limitations, and because
we have no evidence of rapid change in air pollution in the 90s, we used the same linear trend for the
whole period from 2024 to 1990 and from 2024 to 2008. This assumption is further tested in sensitivity
analysis. Also historical reconstructions in Central and Eastern Europe during the early 1990s estimated
the PM2.5 level for Slovakia generally below 30 pg m=3 (4,5) which is in line with linear trend. The final
step is to calculate the average exposure level based on the whole historical projection from two time
periods for each municipality. Worth mentioning is the fact that the statistical model developed in this
study does not rely on historical projections. This is because the model only accounts for the total
difference between municipalities, not the total values. And because the historical trend is assumed
to be identical for each municipality, historical projection is not required. The input to this model is
therefore the average PM2.5 and B(a)P values for each municipality from models (2024-2020).

Air quality model to municipality alignment

To define exposure rates for highly populated areas, spatial data on residential building addresses were
obtained from the Statistical Office of the Slovak Republic for all settlements, Fig. S7. The dataset was
filtered to exclude non-residential structures such as industrial facilities, warehouses, and agricultural
buildings. The remaining addresses represent inhabited buildings that served as proxy points for
population exposure.
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Fig. S7 Building structure of a municipality with its administrative borders located on a topological map. Black dots represent

individual buildings

Each residential point was processed in a GIS environment (QGIS 3.34). Around every municipality, a
circular buffer zone was generated to represent the typical spatial range of daily human activity (home,
yard, and immediate surroundings), as depicted on Fig. S8. Buffers of 200, 400, 800, 1000, and 2000 m
were tested to evaluate how spatial averaging of air quality concentrations affects exposure estimates.
The buffer zones were not restricted to administrative or cadastral borders of municipalities, since
atmospheric gradients and daily movement often extend beyond official boundaries.
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Fig. S8 A buffer region of 400 meters around n:lunicipalities. Pink area re‘;-)resents the buffer

The buffer polygons were overlapped with the simulated concentration maps for each year (2020-
2024) and for both pollutants, PM2.5 and B(a)P (Fig. S9). For each buffer and pollutant, an area-
weighted mean concentration was computed. This produced a unique annual exposure value for each
settlement and buffer size. To ensure spatial consistency, the concentration fields were projected to
the same coordinate system (EPSG: 5514) and r/esampled to a 1x1 km grid prior to overlay.
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Fig. S9 A buffer region of 400 meters ovérplayed with PM2.5 concentration map

A sensitivity analysis was conducted to assess how the choice of buffer size affects the outputs of
the statistical exposure response model predicting changes in life expectancy (ALE), see Fig. S10.
Smaller buffers (< 300 m) produced higher spatial variability, closely reflecting local emission and
dispersion conditions, but also increased model noise in sparsely populated areas. Conversely, large
buffers (> 1 km) frequently extended across adjacent valleys and mixed air masses from different
topographical zones, resulting in excessive smoothing of concentration gradients and weaker spatial
contrast in exposure estimates. The analysis demonstrated that a 400 m buffer provided the most
consistent and statistically robust results for the ALE model. This configuration achieved the lowest
root mean square error between predicted and observed settlement-level outcomes and yielded the
strongest correlation between pollutant exposure and health response, indicating that the 400 m
radius most realistically represents the population’s effective exposure environment.
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Fig.S10 A comparison between 400 and 2000 m buffer

Life tables

Life expectancy at birth was calculated for each municipality using complete life tables constructed
from official mortality and population data for the period 2008-2024. Age-specific death rates (m,)
were derived by dividing the number of deaths in each age group by the corresponding mid-year
population. Probabilities of dying (q,) were obtained, assuming uniform distribution of deaths within
age intervals. From these, standard life-table quantities; number surviving (l,.), number of deaths (d,),

person-years lived (L,), total person-years remaining (T,) and life expectancy at each age (e, = IT—")

were computed iteratively. Life expectancy at birth (e;) was then taken as the main outcome. To
ensure stability, municipalities with fewer than 200 residents or incomplete mortality records were
excluded.

Model comparison

We evaluated two widely used health impact frameworks that translate long term PM2.5 exposure
into in life expectancy change (ALE): the WHO HRAPIE log-linear approach and a recent non-linear
saturation—concentration hybrid impact function (SCHIF). In both cases, mortality hazards are adjusted
at ages 230 years and propagated through life tables to obtain ALE.

In the first step, one year life tables are aggregated to five year age intervals. Air pollution exposure is
translated into a life table through death rate m, and calculated into a probability of death g, using
Chiang formula:

= T ith =1
14+ (n—aym,’ Wi Qoo+ = €))

Ax
where n is age interval width and a, is the mean time lived in the interval. Starting with radix [ =
100 000, survivorship l,, deaths d, =1l,q,, person years L, =nl,,, + a,d,, total person

Tx

yearsT, = Y, Ly and life expectancy e, = T are computed. LE at birth is 5. A baseline table
X

with m2%5€ and the impacted table with mZ¢" (defined below) is formed, then finally ALE = eV —

eé’““’ is calculated. Under HRAPIE, long-term all-cause mortality risk changes log-linearly with PM2.5
exposure. The recommended relative risk is RR1o = 1.062 per 10 %; (95 % Cl: 1.040-1.083). The

hazard multiplier for a concentration change AC is:

_ Inln (RRIO)

RR(AC) =exp exp (BAC), B = 10 (2)



this factor is applied to age specific death rates for ages > 30:

mPeW = mbase x {exp exp (BAC),  x =30,1, x < 30. (3)

In our implementation, the counterfactual concentration is set to 5 %, some studies does not specify

a minimum-risk level for PM2.5 in long term mortality assessments(19). However, to
maintain consistency with SCHIF approach, counterfactual target was set in HRAPIE
method. Uncertainty is propagated by re-running with RR_{%W = 1,040 and RR% = 1,040 to
form 95 % confidence interval for ALE.

To capture the empirically observed sub-linear behavior at higher concentrations and potentially
attenuated slopes at very low levels, we also used a SCHIF method. Let C be annual PM2.5, C,,in, @
minimum risk (counterfactual) concentration, and a, u, v, 8 shape parameters from (22). The hazard

HR at C is:

C'+a
Oinlin (C — a)
HR(C) =exp exp mmc* — ,C* = (C,Cpin)- (4)
1 +exp exp (— v ,u)
. c . . . . . HR(Ctgt) .
The mortality multiplier for moving from baseline Cp,s. to target is the ratio HRCon)’ applied
base

tom, for ages 230 as in HRAPIE. We adopted C,jn =5 %(primary analysis) and explored

Cmin = 0 in sensitivity checks. Evidence motivating non-linearity at low and moderate concentrations
is accumulating (steeper slopes at low C, flatter at high C), supporting the SCHIF shape relative to log-
linear forms (22,21).

Hg Hg

In HRAPIE we set the target to 5 ! in SCHIF we used with Cp,i, = 5 3 as recommended by the
method, leading to a target of Cyyr =5 %. Consequently, HRAPIE yields benefits only to value

of 5 “—93, whereas SCHIF with C,j, = 5 u_g3 suppresses benefits when both baseline and target are <
m m

5 % (it would yield also same result even if the target was assumed 0 because of the shape of SCHIF
function) (19). We did not implement outcome specificinception or cessation lags. We
interpret ALE as the steady state difference between period mortality under baseline and
counterfactual exposure. Omitting lags can over or understate near term benefits depending on the
true lag structure, studies show large sensitivity of life loss estimates to lag assumptions (20). Following
HRAPIE conventions, adjustments start at age 30, are applied to all-cause mortality, and are
propagated through period life tables. Gains are therefore hypothetical “if-current-rates-persist”
guantities rather than retrospective attributions of historical exposure (19).

S3 Extended background and context

This section provides additional context on air pollution and health relationships relevant to Central
and Eastern Europe and complements the concise introduction in the main manuscript.

Air pollution is a major global environmental health risk that significantly reduces life expectancy. The
most harmful pollutants are fine particulate matter smaller than 2.5 um (PM2.5) and its associated
compound, benzo(a)pyrene (B(a)P) (23). These are linked to increased rates of cardiovascular and
respiratory diseases. Long term exposure to air pollution can shorten life expectancy by one to three
years (24). Meeting new standards would require drastic emission reductions and additional policy
measures (25).

Slovakia is among the European countries with high PM2.5 levels and ranks near the top in average
B(a)P concentrations (9). Average exposure indicator (AEl), which represents exposure of typical urban
population to PM2.5 is third largest in EU countries, showed only a slight change compared to historical
data (26). Despite improvements, Slovakia has one of the worst combination of average PM2.5



concentration and its decrease, meaning that it could have one of the worst air pollution in the future
in the EU (25). High pollution rates in Slovakia are related to sources of emission and terrain
topography, which prevents dispersion of pollution (27). Emissions of pollutants are decreasing, mainly
due to the modernization and regulation of technologies, the decline in coal use, and stricter standards
in transport. Residential combustion represents the dominant source of PM2.5 and benzo(a)pyrene
(B(a)P) emissions in Slovakia, accounting for approximately 74 to 78% of total national PM2.5 emissions
and a slightly higher share for B(a)P, based on official national emission inventory data reported by
SHMU (28) (except one huge metal production industrial plant which produces high amounts of PAHs),
details on emission are provided in the Supplementary material in chapter “Slovakia regional
information”. The reason for this is wide use of domestic woody biomass energy use. Among
households not connected to district heating systems, up to 80% rely on firewood as their primary
heating source. Around two thirds of these households do not store the wood long enough to ensure
proper drying (29).

Combustion particles can differ widely in their physical and chemical properties (30,31). Additionally,
a wide range of organic compounds is released and absorbed onto PM including polycyclic aromatic
hydrocarbons (PAHs) (32). Among PAHs, benzo(a)pyrene is a well known carcinogen. PAH associated
toxicity is driven largely by such compounds (33). The quantity of emitted organic compounds
decreases with increasing combustion efficiency, although a direct quantitative relationship is not
reported (34). Importantly, as particle size decreases, their specific surface area increases, allowing
more organic pollutants to absorb onto their surfaces (35,33) making ultrafine particles especially
hazardous to human health (36).

Ultrafine particles (<0.1 um) can penetrate deep into the alveolar region, bypassing many natural
defense mechanisms (37). Deposition depends on particle size, shape, breathing patterns, and airflow,
with mechanisms including impaction, sedimentation, and diffusion. Fine and ultrafine particles,
additionally containing PAHs and heavy metals, can induce oxidative stress, inflammation, and DNA
damage, contributing to a range of health effects including respiratory, cardiovascular, and
neurological diseases (38,39). Among the many toxic substances adsorbed onto fine and ultrafine
particles, PAHs play a critical role in health impacts. Benzo(a)pyrene (B(a)P), although widely used as
an indicator compound for PAH exposure, represents only a fraction of the broader mixture. Several
other PAHs are equally or even more hazardous due to their mutagenic, carcinogenic, and pro-
inflammatory properties (40,41,42). Once inhaled, PAHs can penetrate deep into the respiratory
system, bind to DNA, and disrupt key cellular processes through the formation of reactive oxygen
species (ROS) (43,44). This leads to oxidative stress, tissue damage, and contributes to a range of
chronic diseases, most notably cancer, respiratory illnesses, and immune dysfunction (45).

When linking air pollution to health risks, several approaches are available. A widely used option is the
WHO HRAPIE framework, which connects long-term PM2.5 exposure to mortality via a log linear
concentration response function (CRF) (23). In HRAPIE, the recommended relative risk is RR = 1.062
per 10 pg/m3 increase in annual PM2.5 (95% Cl: 1.040—-1.083). Operationally, HRAPIE applies a constant
multiplier exp(B AC) to age-specific mortality rates (typically for ages 230y), where B=In(1.062)/10 and
AC is the change in concentration under specific scenario. The interpretable estimation is a steady
state, hypothetical gain in life expectancy if current mortality rates were permanently reduced by that
factor. Thus, HRAPIE is best read as the benefit of reducing current pollution levels, not as a
reconstruction of how past exposures shaped today’s mortality (24). Some studies posit the existence
of a counterfactual (minimume-risk) concentration below which additional risk is negligible (23,46). To
accommodate such behavior and possible nonlinearity at low concentrations, recent work has used
the SCHIF (saturation concentration hybrid impact function), a nonlinear CRF that can include a cut-off
(typically 5 pg/m3) and typically yields smaller benefits at low PM2.5 than the HRAPIE log linear form
(22,47,19). In SCHIF implementations, the mortality adjustment is based on a risk ratio between
baseline and target HR values, again applied from age of 30 upwards, setting the cut off to zero
recovers a variant without threshold. There are also methods tailored to today’s mortality being the
result of long historical exposure. Two extensions are common. First, age specific (or cohort specific)
exposure histories can be used by assigning different PM2.5 histories to age groups based on



reconstructed annual concentrations (1990-2024) and applying cessation-lag weights (front loaded
benefits over 1 to 5 years, with residual effects up to 20 years) (48). Second, cohort life table models
simulate cohorts moving through calendar time with time-varying exposures and risks, thereby
estimating how past and present pollution jointly shape current life expectancy. These designs can
better reflect persistent between area differences when historical exposure trajectories diverged, and
they often produce larger quantile gaps than period HRAPIE or SCHIF runs using only recent averages.
However, the biggest limitation of these methods is the history and the current state of air pollution.
PM2.5 is being widely monitored in recent decades in the EU (9). Besides monitoring stations, air
quality models provide detailed information about spatial distribution of air pollution to the whole
country level in specific grid resolution. These use information about emission sources together with
dispersion and chemical transport tools (8). A major improvement in these models only came in recent
years (7). The specific design of the model is country specific given the information country has on
emission sources, these are especially problematic in households sector (6). Only limited information
is available on distribution of small domestic emission sources (29). When monitoring is absent,
historical PM2.5 is typically reconstructed with data driven or hybrid spatiotemporal models that fuse
satellite AOD, meteorology, emissions inventories, and geographic covariates using gradient boosting
(LightGBM/XGBoost), neural nets, ensembles, or physics and ML hybrids (16,49,50). For recent
decades and data-rich regions these approaches achieve “reasonable” accuracy (typical R? = 0.6-0.9,
RMSE = 8-32 pg/m? under validation), but uncertainty expands rapidly when extrapolating farther back
in time or into data-sparse areas due to scarce monitors, reliance on proxies (PM10, visibility) and
missing satellite retrievals, plus limited transferability to new year’s or locations (17,51). A practical
constraint for health applications is spatial granularity: most reconstructions are delivered as grid
products (often around 1 km or 0.25°) rather than stable municipality level series, which can hinder
attribution of local life-expectancy differences, precisely where within-municipality heterogeneity
matters (22).

Studies consistently report measurable life-expectancy (LE) gains when ambient PM2.5 is reduced. In
the United States, ecological analyses associated a 10 ug/m?3 long term decrease with around 0.61
years gained in LE (52), while quasi causal Medicare analyses estimated to 0.29 years gained for a 5
pg/m?3 reduction. Multi county regressions reported 0.69-0.81 years per 10 pg/m?3 (53). In Brazil, a
national assessment projected to 1.09 years gained if PM2.5 fell to 2.9 pug/m?3, and to 0.78 years if
reduced to 5 pg/m?3 (54). European HIA applications in the WHO/Apheis tradition reported range of 1
to 24 months of LE gain at age 30 for a 15 pug/m?3 reduction across 23 cities (55). Global burden
frameworks indicate larger population wide effects, GEMM suggests 2.9 years of LE lost worldwide
attributable to PM2.5 (19), whereas life table and GBD syntheses point to 1 year on average, rising to
1.2-1.9 years in high-exposure regions (56). Collectively, these estimates imply order-of-magnitude
gains of 0.04-0.08 years per 1 pg/m?2 in many adult populations, with larger benefits in settings starting
from higher baselines or under models that allow steeper low exposure slopes.

Although most epidemiologic work foregrounds PM2.5 as the exposure metric, B(a)P often correlates
with PM2.5 and can plausibly mediate or amplify parts of its health burden. In settings where both
pollutants were analyzed together, B(a)P (or PAH mixtures) frequently retained independent
associations after PM2.5 adjustment, for example, the Rome EXPAH study and related European work
(64), biomarker studies in rural China (57). Beyond joint models, B(a)P shows independent links to lung
cancer in pooled analyses (58), to DNA-adduct formation above 1 ng.m™3(41), and even to years of life
lost when quantified within PM2.5 samples (48). Recent meta analysis also reports elevated cancer
incidence with higher B(a)P (59). At the same time, the B(a)P evidence base is thinner than for PM2.5.
Few large cohorts measure both exposures concurrently and exposure models are heterogeneous so
combined-pollutant estimates may be biased toward the null (60). Nevertheless, the literature
supports B(a)P as a toxic PM2.5 constituent that likely contributes materially to PM2.5 associated risk
(23). Besides air pollution, environmental quality, and social and economic resources were strongly
associated with life expectancy at birth in several studies. US study demonstrated 7 years shorter life
expectancy of the least advantaged census tracts than those in the most advantaged areas (61,62).
Access to timely healthcare services has been shown to influence population longevity. Greater travel



distance to hospitals and emergency medical services was significantly associated with lower life
expectancy (63).

5S4 Slovakia regional information

Residential combustion is the dominant source of PM2.5 (Fig. S11) and B(a)P (Fig. S12) emissions in
Slovakia, accounting for approximately 74 to 78% of total national PM2.5 emissions and a slightly
higher share for B(a)P, based on recent national emission inventory data reported to the EMEP Centre
on Emission Inventories and Projections. In 2024, this share reached approximately 78% for PM2.5 and
more than 79% for B(a)P emissions. These emissions arise primarily from small scale household
combustion of solid fuels, particularly wood, while coal remains an important source in some regions
(e.g. north western Slovakia near the Polish border). It should be noted that emissions from residential
combustion are subject to relatively high uncertainties and are likely underestimated, mainly due to
variability in fuel quality, combustion conditions, and the potential co-combustion of waste. As a result,
the actual contribution of residential heating to total PM2.5 and B(a)P emissions may be higher than
reported in official inventories.
Emissions from residential combustion in Slovakia are estimated within the national emission
inventory prepared by the Slovak Hydrometeorological Institute (SHMU). As direct measurements of
emissions from small household heating sources are not available, emissions are calculated using a
bottom-up approach based on estimated fuel consumption in households and pollutant-specific
emission factors following the EMEP/EEA inventory methodology. The fuel consumption of households
is reconstructed from the estimated energy demand for space heating, which is derived from building
characteristics (e.g., floor area, number of households, and climatic conditions) and national energy
statistics. This information is complemented by representative household surveys that collect data on
heating technologies, fuel types, and the actual use of solid fuels, particularly biomass, which is
repeated every two years to account for changes. The survey results are used to refine the fuel mix
and technology distribution in the residential sector. Emissions are then calculated by combining the
estimated fuel consumption with technology-specific emission factors for individual pollutants.
The dominance of residential combustion for PM2.5 and B(a)P emissions is a well known characteristic
of air pollution inventories in Central and Eastern Europe, reflecting the widespread use of solid fuels
in household heating.
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