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As part of the second Tropospheric Ozone Assessment Report (TOAR-II), we synthesize global
observations and observationally constrained estimates of surface-level ozone (O;) with con-
temporary literature to characterize the global distribution and trends of long-term O; expo-
sure, focusing on two health-relevant metrics and health impacts attributable to long-term ex-
posure. The highest 2016-2020 surface-level O, concentrations are observed or estimated in
South Asia, eastern China, and parts of the Middle East and North Africa. From 2000 to 2020,
O; declined across southeastern North America and parts of Eastern Europe, while the largest
increases occurred in South Asia and Sub-Saharan Africa. Global premature mortality from
chronic obstructive pulmonary disease (COPD) attributable to long-term O; exposure nearly
doubled between 2000 and 2020, reaching approximately 500 000 deaths annually. This overall
increase obscures decreasing attributable deaths across North America and Europe and in-
creasing deaths across large parts of the Global South. To spur high-quality, robust research
on O; health impacts, we summarize state-of-the-science practices for conducting health im-
pact assessments (HIAs) and characterizing associated uncertainty. We also call for expanded
in situ monitoring, improved health datasets and epidemiologic evidence, and sustained pre-
cursor emission reductions to clarify and limit the growing global health burden of O; under
climate change and demographic shifts.
This article is part of the theme issue “Tropospheric Ozone Assessment Report IT".
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1. Introduction

The nexus of ozone (O;) and human health has a storied history. Following its formal identifi-
cation in 1839 by Christian Schonbein, O; was lauded as a panacea, evidenced by an 1873 book
suggesting O, ‘be pumped into [...] cities, and be dosed through fever wards, sick rooms, the
crowded localities of the poor’ [1,2]. However, during the postwar economic boom of the late
1940s and 1950s, industrialized areas such as Los Angeles faced increasingly common and severe
O; episodes [3,4], and related health research raised concerns that O, posed a detriment—not a
benefit—to human health [5,6]. It is worth noting that these early studies were largely qualitative
in nature. Rather than isolating O; as the putative agent driving health impacts, they generally
referred to the broader concept of ‘smog’ [7]. Additionally, health outcomes primarily focused on
acute symptoms, specifically irritation of the eyes, skin and respiratory tract.

Since this time, researchers have deepened our knowledge of the biological mechanisms
underlying Oj-attributable health effects, and epidemiologic studies have demonstrated their
population-level impacts (e.g. [8]). Increased awareness of these impacts has spurred the de-
velopment, promulgation and enforcement of health-protective standards, and about half of all
countries had ambient O, standards by the late 2010s [9,10]. Ozone’s impacts on populations
distant from emission sources have also led to international coordination through the United
Nations Economic Commission for Europe (UNECE) Convention on Long-Range Transbound-
ary Air Pollution (CLRTAP), which convened the Task Force on Hemispheric Transport of Air
Pollution (TF-HTAP). These and related activities have advanced our understanding of trans-
boundary O; pollution [11-13] and—by showing that coordinated O, precursor species reductions
can decrease O, in North America and Europe—have informed policy (e.g. Gothenburg Protocol
revisions) [14].

Prior to around 2000, health studies and the United States Environmental Protection Agency
(EPA) National Ambient Air Quality Standards largely relied on daily 1-hour maximum concen-
trations. This metric, however, failed to capture adverse effects from lower but sustained O; ex-
posure [15]. Subsequent evidence demonstrated health impacts from prolonged 6-8-hour expo-
sure [16], leading researchers and policymakers to adopt 8-hour average metrics. Two are now
widely used: the daily maximum 8-hour average (DMAS) O, and the 6-month ozone season av-
erage DMAS8 (OSDMAS) O;. Regulatory agencies within China, India, Korea, the United States
and the European Union base their standards on DMAS8 O;, and the World Health Organization
(WHO) has recommended DMAS O, targets and guidelines (REF). The WHO also has recommen-
dations for OSDMAS O;, and this metric is used by Global Burden of Disease (GBD) studies.

Understanding Os-attributable health impacts requires accurate and geographically repre-
sentative measurements or estimates of ambient O; concentrations, which serve as proxies for
exposure and are used in epidemiologic studies, as true individual-level exposure is not directly
observable and ambient concentrations provide the best available estimate of population-average
conditions. The financial, material and human resources required for in situ monitoring have
largely limited such monitoring to wealthier nations. Even when resources are available, har-
monizing regional or national datasets presents additional hurdles. The Tropospheric Ozone As-
sessment Report (TOAR) partially addresses these challenges by creating a unified database of
observed O, concentrations, precursors and meteorological data, which allows users to produce
customized statistics and trends. During the first phase of TOAR (TOAR-I), the health
assessment—hereafter referred to as TOAR-I Health [10]—explored the distribution of 2010-2014
surface-level O; and longer-term trends from 2000 to 2014 using five different O metrics relevant
to acute and chronic exposure. These metrics included:

— the fourth highest DMAS concentration in a year, which is a regulated quantity by the United
States EPA;

— the number of days per year with DMAS concentrations greater than 70 parts-per-billion by
volume (ppbv);
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— the annual sum of daily DMAS concentrations over 35 ppbv, which is an exposure indicator
considered by the European Environment Agency;

— the annual maximum of the 3-month running mean of daily maximum 1-hour concentrations,
which was the exposure metric in the GBD Study 2010 and 2013 but is not currently used; and

— OSDMAS concentrations, representing the locally defined 6-month period of peak O; concen-
trations each year (further described in §4).

TOAR-I Health found the highest O; concentrations in western North America, southern Eu-
rope and East Asia. Trends were generally consistent across metrics, but the magnitude and sig-
nificance depended on whether the metric emphasized peak season versus seasonal or annual
concentrations. Peak metrics were more likely to show significant increasing trends in East Asia
and significant decreasing trends in North America and Europe, whereas annual or seasonal aver-
ages often produced weaker or non-significant trends. In addition, while TOAR-I Health examined
health-relevant trends, there was little discussion of the estimated burden of disease attributable
to O, exposure.

Here, in TOAR'’s second phase (TOAR-II), we update and expand upon TOAR-I Health in sev-
eral ways. Although many geoscientists are aware of adverse health effects from O, exposure,
far fewer understand the underlying pathophysiology and epidemiology. To address this gap,
we synthesize evidence on the causal pathways connecting O; exposure to disease, drawing on
insights from both mechanistic and epidemiologic studies (§§2 and 3). We leverage the updated
TOAR-II database and observationally constrained, high-resolution gridded estimates of surface-
level O, to map the recent (2016-2020) spatial distribution of and 2000-2020 trends in long-term O,
exposure (see §4 and §§5 and 6). Of the five metrics considered in TOAR-I Health, this assessment
considers two—annual average DMA8 and OSDMA8—reflecting their continued use in epidemi-
ologic research and environmental health; the remaining metrics are either regulatory indicators
not widely used in environmental health or have been superseded in the GBD Study by alter-
native exposure metrics. We then place estimates of O;-attributable disease burdens, primarily
from the GBD Study 2021, in the context of these updated exposure fields to evaluate how spa-
tial patterns and trends in O, relate to the global distribution of health impacts (§7). Finally, we
discuss best practices for conducting health impact assessments (HIAs) and characterizing asso-
ciated uncertainties (§8) and analyse how future emissions, climate change, demographics and
population-level health may alter O; exposure and health impacts (§9).

2. Pathophysiology of ozone-related health effects

The primary mechanisms underlying the pathogenesis of O;-attributable disease are summarized
by the exposure-induced response portion of figure 1. Upon inhalation, O dissolves in the epithe-
lial lining fluid covering the pulmonary alveoli, where gas exchange and blood oxygenation occur.
The low water solubility of O, allows it to reach the lower respiratory tract, where it triggers the
formation of secondary oxidants [17,18]. The oxidative stress induced by these secondary species
can lead to cellular injury and an inflammatory response, typically neutrophilic, that affects blood
oxygenation [18]. The five steps comprising the exposure-induced response in figure 1 may not
always occur or occur in order; as examples, inflammation can be triggered without step 3 or step
4, and clinically important effects may occur without substantial inflammation.

The disease pyramid in figure 1 illustrates how cellular damage manifests both sub-clinically,
as biological changes not yet producing symptoms, and clinically, as observable disease or mea-
surable symptoms. The tissue injury, airway inflammation and increased airway resistance are key
responses to O, exposure and produce characteristic sequelae measurable as lung function reduc-
tions on pulmonary function tests [17,19-22]. Together, these processes illustrate how exposure
initiates injury and inflammation that can impair pulmonary function and contribute to clinical
outcomes quantified in epidemiologic studies.
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Pre-
mature
death

Emergency
room visits

and hospital
admissions

Shortness of breath and
wheezing, asthma attacks,
increased medication use

POPULATION PREVALENCE

Impaired lung function through
airway inflammation, tissue injury,
and altered epithelial permeability

Step 5) Inflammatory response triggered

Step 4) Damaged or dying cells emit danger-associated
molecular patterns

Step 3) Reactive oxygen species are created and damage
lung cells

Step 2) 0, dissolves in the epithelial lining fluid

Step 1) Due to its low solubility, 0, bypasses defences in
the upper respiratory tract and reaches the lower
respiratory tract

EXPOSURE-
INDUCED
RESPONSE

Figure 1. The exposure-induced response at the bottom summarizes how 0; exposure contributes to the pathogenesis of at-
tributable disease by triggering immune responses or altering host physiology. The epidemiologic pyramid model illustrates
sub-clinical impacts of 0; exposure at the bottom leading to clinical effects at the top, and the width of each layer is qualita-
tively proportional to the number of individuals affected. Pyramid position reflects prevalence, not intrinsic severity.

3. 0zone epidemiology and health evidence

Landmark air pollution epidemiology studies of the 1980s and 1990s focused specifically on O,
exposure and set the stage for over 30 years of research on population-level health impacts.
These studies linked exposure to reduced lung function and asthma onset and severity, lever-
aging regional cohorts (e.g. California’s Seventh-day Adventists, Harvard Six Cities) [23,24] and
nationwide cohorts (e.g. National Health and Nutrition Examination Survey) [25]. The histori-
cally deepest evidence linking exposure with adverse health outcomes is for short-term (often
1-, 8-, or 24-hour) exposure [26]. Short-term exposure is causally linked to respiratory morbidity
[17,18,26-29]. Multi-city analyses in North America also report increased respiratory mortality
from short-term exposure and suggest a link with cardiovascular mortality [30-32], though that
link is less supported [26]. Other studies have reported increased risk of all-cause mortality in
response to elevated short-term exposure in cities in Asia [33], North America and Europe [34],
and worldwide [35] and also suggest a causal relationship between short-term exposure and cen-
tral nervous system effects [26,36]. The strength and plausibility of O, as a causal agent for acute
endpoints are increased substantially by controlled human exposure studies, where potential con-
founding is virtually eliminated (e.g. [37]).

Our assessment primarily focuses on long-term O, exposure and associated health impacts.
Effect estimates linking long-term exposure to mortality for select studies, notable for their large
cohorts, long follow-up and rigorous exposure assessment, are listed in table 1. Large-scale
US studies demonstrate an association between long-term O; exposure and elevated risks of
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respiratory and cardiovascular mortality [38—40]. Notably, cohort studies from China and Canada
have found even stronger associations between ozone exposure and cardiovascular mortality than
US studies [41,42,46]. Many of these epidemiologic studies focused on the entire adult population
(table 1), but associations between exposure and adverse health outcomes exist across age strata.
Recent research highlights significant childhood health effects in the United States and low- and
middle-income countries [20,44] and effects in older populations in Canada and China [47,48].
Although table 1 summarizes effect estimates for O;-attributable mortality, long-term O; expo-
sure has been linked to impaired lung function and incident asthma in children; asthma-related
emergency Vvisits, hospitalizations and symptoms; development of chronic obstructive pulmonary
disease (COPD) and allied conditions; higher hospitalization rates for respiratory diseases; and
reproductive and cardiovascular effects [22,26,49-52]. Multiple studies also suggest neurodegen-
erative effects from long-term exposure [53-55] and, recently, long-term exposure has been linked
to COVID-19 severity [56].

Recent United States EPA Integrated Science Assessments (ISAs) conclude that the strongest
evidence for long-term O, exposure is for respiratory outcomes, which they judge as ‘likely [...]
a causal relationship’ in their weight-of-evidence assessment [26,57]. The ISAs also evaluate total
mortality, characterizing the evidence as ‘suggestive of [...] a causal relationship’. The WHO re-
viewed the literature on O, health effects when updating their air quality guideline (AQG) levels
in 2021 [58] and deemed the long-term O;-outcome associations as probably causal for respira-
tory effects and suggestive of being causal for total mortality, considering EPA and Health Canada
findings [59]. The GBD applies a different evidence-grading framework (i.e. burden of proof risk
function) [60], and Brauer ef al. [45]—hereafter referred to as the GBD Study 2021—only included
COPD mortality attributable to long-term exposure. This risk-outcome pair was classified as hav-
ing ‘weak evidence of association’, receiving two stars on their five-star evidence-grading scale,
similar to their designation for the association between second-hand smoke and tracheal, bronchus
and lung cancer.

Other assessments note that health impacts of long-term O; exposure beyond the respiratory
system remain less certain; for example, cardiovascular and cognitive effects and all-cause mor-
tality were classified as ‘suggestive of a causal relationship’ [26]. Less confidence in the causality
of associations could stem, in part, from including studies from Europe showing weak to no asso-
ciation or even protective effects of O; exposure [61,62]. Some of these studies, particularly from
Europe, assess a narrower exposure range (approx. 36—48 ppbv) compared to the broader ranges
observed in the US (approx. 24-61 ppbv) and Chinese (approx. 27-63 ppbv) studies. However,
inconsistent findings may also reflect differences in how studies account for respiratory disease
seasonality and co-pollutant and temperature confounding, which directly affect health and mod-
ulate O; formation. When co-pollutants are included in multi-pollutant models, the apparent pro-
tective associations with O, can weaken and move towards the null [63].

4, Material and methods

The TOAR-II database contains station-based O; observations at hourly or finer temporal resolu-
tion from 18 large air quality networks and many individual data providers [64]. Ozone-related air
pollutant concentration data have been collected, harmonized in terms of formatting and meta-
data, and enhanced through an extensive set of metadata elements summarizing essential ele-
ments of a station’s pollution signature [65] as well as through the extraction of point-based time
series of meteorological reanalysis data.

Compared with the TOAR-I database, the TOAR-II database contains a vastly increased
amount of processed data and increased customizability, through which end users can re-
quest aggregated and standardized metrics that follow TOAR-II statistical recommendations
[66]. One aspect of these recommendations is a minimum of 75% temporal coverage within the
aggregation interval at a given station to accept a datum as valid. Rudimentary quality control
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and some visual inspection are performed on data before ingestion into the TOAR-II database,
but overall, the data quality control is less stringent than in the TOAR-I database because of the
greater data volume. As TOAR-I showed, most data from quality-controlled monitoring networks
exhibited few inconsistencies, but there are countries or regions where measurement accuracy is
less well constrained.

We obtained station-based annual average DMAS ( = avgdma8epax in TOAR-II database) and
OSDMAS ( = osdma8) O, for 2000-2020. These metrics are provided as mole fractions, but we refer
to them as ‘concentrations’ in units of ppbv following common usage in environmental epidemi-
ology and because nmol mol~! and ppbv are effectively equivalent [67,68]. Annual average DMA8
represents the mean of daily maximum 8-hour average O; concentrations. Each daily maximum is
the highest of the 17 overlapping 8-hour windows from 700 to 2300 hours local time. OSDMAS is
calculated as the maximum of the 6-month running monthly average DMAS, including January to
March of the following year [69,70]. This wrapping around the calendar year addresses different
seasonal cycles in boreal versus austral environments. Although OSDMAS values are assigned to
individual years, the metric is not strictly annual because of the 6-month averaging window and
year overlap.

With yearly values for these two metrics, we further calculated two statistics. The first, me-
dian concentrations from 2016 to 2020, allows us to understand the recent spatial distribution of
surface-level O, while reducing the influence of interannual variability, and this statistic was only
calculated for stations with 3 or more years (or peak seasons, when using the OSDMAS metric) of
observations. The other statistic is trends in concentrations calculated for 2000-2020 to characterize
long-term changes in O;. For a given station, trends are reported only if at least 75% of all years pro-
vide observations that pass TOAR-II quality control criteria. Trends were calculated using median
quantile regression, and two-tailed p-values from this model were used to assess the degree of sta-
tistical confidence we place in them, where statistical ‘very high certainty” corresponds to p <0.01,
‘high certainty” to 0.01 < p < 0.05, ‘medium certainty’ to 0.05 < p < 0.10, ‘low certainty’ to 0.10 < p
<0.33 and “very low certainty or no evidence’ to p > 0.33 [66]. These p-values are based on default
standard errors, which assume independent and identically distributed residuals, and evaluate
the null hypothesis of no trend. A two-tailed test is used because we do not assume the direction
of trends a priori. This approach follows guidance for TOAR-II and is preferred to alternative ap-
proaches (e.g. generalized least squares, Sen-Theil estimator) as the median estimate is robust to
small sample sizes and outliers; however, autocorrelation or heteroskedasticity in O, time series
could affect the reliability of p-values, representing a limitation of this approach. Providing confi-
dence ranges follows policy-relevant literature and Intergovernmental Panel on Climate Change
guidelines to discuss uncertainty [66,71]. Throughout the assessment, we also present station data
aggregated to a 2° X 2° grid by calculating 2016-2020 median concentrations or 2000-2020 trends
across all stations within each grid cell. We refer to this product as ‘gridded observations’. This
gridding reduces station overlap on global maps and clarifies large-scale spatial patterns that can
be otherwise obscured by closely spaced stations with differing local influences. Within each grid
cell, stations are equally weighted, so clusters of monitors may disproportionately influence grid-
cell values.

The TOAR-II database classifies monitors as ‘government’, ‘research’, “university’ or ‘non-
profit’, with the latter referring to data sourced from OpenAQ (https://openaq.org/). Because
OpenAQ data often originate from real-time transmissions and are generally not validated and
non-profit monitors only account for approximately 3% of all monitors in the database, we ex-
cluded them from our analysis. The database also classifies station environments (i.e. urban, rural,
suburban, unknown) with a machine learning-based classification approach incorporating ancil-
lary datasets such as population density, NO, emissions, and nighttime light [72]. Because the
ancillary datasets used in this approach characterize conditions in the mid-2010s, the assigned
urbanicity represents each station’s environment at that time. This static representation is a limi-
tation, as land-use around monitors can change.
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The unbalanced sparse distribution of in situ monitors leaves much of the world without cover-
age and limits a holistic understanding of health-relevant O, variability and trends. Consequently,
most recent health assessments rely on a geophysical-hybrid combination of in situ monitors,
chemical transport modelling and satellite retrievals, hereafter referred to as ‘data fusion products’
(e.g. [73-77]). Accordingly, we augment observations from the TOAR-II database with gap-filled
estimates of surface-level O, from a data fusion product [69]. This dataset employs the M®Fusion
technique to remove biases from modelled O; from nine global atmospheric models, Bayesian
maximum entropy (BME) methods to align simulated O, with in situ observations (including those
in the TOAR-II database), and high-resolution downscaling using a chemical transport model to
improve spatial detail. The resulting product provides annual OSDMAS8 O, concentrations from
1990 to 2017 and corresponding space-time variance, which reflects model uncertainty given the
correlation structure and available in situ O; observations, at a spatial resolution of 0.1° x 0.1°
(approx. 10 x 10 km). In the BME framework, in situ observations are treated as hard data with
zero variance, yielding the lowest estimation uncertainty in regions with dense monitoring. Un-
certainty increases with distance in space-time from observations; in data-sparse regions, the BME
estimate reverts towards the multi-model composite, and its variance approaches that of the un-
derlying model ensemble, reflecting the absence of observational constraints [69].

To support estimation of O;-attributable disease burdens through 2020, the GBD extended this
dataset by extrapolating 20182020 concentrations using a log-linear model based on the preced-
ing decade (2008-2017). We downloaded the resulting merged time series (2000-2020) from the
GBD Study 2021 and refer to it hereafter as the ‘BME dataset’. As with in situ observations, we cal-
culated 2016-2020 median OSDMAS8 O, concentrations from the BME dataset to characterize the
recent spatial patterns of surface-level O;. The GBD did not assess the performance of the 2018-
2020 extrapolated data against observations, and we note that this extrapolation does not capture
the full interannual variability of Oj; it was designed to represent longer-term concentration trends
relevant for chronic exposure assessment. By incorporating the extrapolated years into our 5-year
median, we reduce the influence of year-to-year variability and retain a robust estimate of central
O, concentrations. The BME dataset’s annual space-time variance was summed in quadrature to
obtain a multi-year aggregated variance, and we converted this aggregated variance (ppbv?) to
standard deviation (ppbv) for ease of interpretation. We also calculated trends and their statistical
significance from this BME dataset using the aforementioned quantile regression approach [66].

When presenting regional concentrations or calculating regional trends, we weight concentra-
tions by population counts to represent population exposure. Global population count estimates
are from WorldPop, which provides annual 1 x 1 km counts (all ages) for 2000-2020 [78]. We regrid
these counts to the 0.1° x 0.1° resolution of the BME dataset and calculate population-weighted
O; concentrations for seven world regions as

2 (03 X POPi)

4.1
Y Pop; @1

O3. population—weighted —

where pop refers to the population, and i indexes 0.1° x 0.1° grid cells within a given region.
Regions follow the seven GBD super-regions and their 21 constituent regions ( figure 5). Six of the
super-regions are geographically contiguous, while the seventh region aggregates high-income
countries in the Americas, Europe and Australasia.

From the GBD Study 2021, we obtained estimates of annual, country-level COPD mortality at-
tributable to long-term O, exposure and associated metrics related to its contribution to the global
burden of disease from all risk factors considered. GBD estimates of attributable mortality are
compared with other studies identified through a scoping review of the literature. We searched
Google Scholar, Web of Science and PubMed (last search date 5 June 2025) using combinations of
the terms ‘ozone’ or ‘O;’, ‘mortality” or ‘deaths’ and ‘global’. We filtered results to only global stud-
ies to ensure consistency in geographic coverage and to avoid introducing additional assumptions
to reconcile sub-global estimates across differing spatial domains; those with estimates in years
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Figure 2. Density of in situ surface-level 0; monitors and spatial variations in observed 05 concentrations. (A) Monitor count
in each 2° x 2° grid cell and, for the inset maps, the location of individual monitors. Median 2016—2020 (B) ozone season
daily maximum 8-hour mixing ratio (0SDMA8) 0; concentrations and (C) annual average daily maximum 8-hour mixing ratio
(DMAB) 0, concentrations. Grid-cell level shading in (B) and (C) is the median concentration over all monitors within each 2° X
2° grid cell, and coloured dots in inset maps depict monitor-level concentrations in some of the world’s largest megalopolises
that have a high density of monitors; larger maps of these monitor-level results are provided in supplementary material, figs.
S2 and S3. Monitors in (A—C) are those included in the TOAR-II database following our inclusion criteria.

not within our long-term (2000-2020) trend period; and those that examined acute, rather than
chronic, exposure effects on mortality.

5. Recent spatial distribution of surface-level ozone

Globally, 6335 unique monitors in the TOAR-II database provide sufficient data to be included in
our analysis of the recent spatial distribution of surface-level O; (figure 2A and supplementary
material, fig. S1), representing a 32.3% increase over the 4790 monitors included in TOAR-I Health,
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which used the same monitor inclusion criteria as ours (3 or more years within a 5-year period,
2010-2014). Nearly half (48.6%) of monitors are in TOAR-defined urban areas, with an almost even
split between suburban (19.5%) and rural (18.3%) sites; 13.7% are classified as unknown.

Only 59 of 225 (26.2%) countries or territories have in situ monitors included in the TOAR-II
database, with most (67.6%) located in the GBD-defined high income super-region (figure 2A and
supplementary material, fig. S1). A majority of the 2020 global population (38.6% or 3.0 billion)
lived in countries not represented in the database, many with limited or no publicly reported
monitoring. These gaps are concentrated in the South Asia and Sub-Saharan Africa super-regions,
which have only three and two monitors, respectively, that meet database and study inclusion
criteria. Despite a global increase in the number of monitors since TOAR-I Health, some regions lost
monitors that meet inclusion criteria (supplementary material, S1). For example, TOAR-I Health
considered observations from 20 monitors in Sub-Saharan Africa, mostly from South Africa. The
already minimal coverage declined to only two monitors in South Africa and Cape Verde for this
assessment (supplementary material, fig. S1). Although figure 2 and supplementary material, fig.
S1, broadly reflect the global distribution of monitors, more exist than we show. For example,
observations from Iran [79] and Morocco [80] are discussed in the literature. Observations from
India have increased in recent years, but persistent data quality issues [81] limit their robust use
in this assessment.

We observe the lowest recent gridded concentrations (50 or less ppbv for OSDMAS and 35
or less ppbv for median annual DMAS) throughout monitored portions of the northern United
States, southern Canada and northern Europe (figure 2B,C). The highest gridded observations
(70 or more ppbv for OSDMAS and 50 or more ppbv for annual average DMAS) occurred across
most of eastern China and in geographically limited parts of the southwestern United States and
the Po Valley. Outside densely monitored regions, the few areas with limited observations (e.g.
Brazil, Chile, South Africa, Cape Verde, etc.) generally have low concentrations. Observations in
these under monitored regions are predominantly in urban areas, which might experience lower
concentrations due to NOX titration.

At the station level (figure 2; supplementary material, figs. S2 and S3), the lowest OSDMAS8
and annual average DMAS concentrations were observed in urban areas of Bulgaria, Colombia,
Canada, Great Britain and Tiirkiye, consistent with potential NO, titration. The minimum across
both metrics was at a station in Istanbul (2016-2020 median OSDMAS = 14.5 ppbv; annual DMAS
=11.9 ppbv). Low values were also found at rural stations in New Zealand and Argentina, prob-
ably reflecting limited precursors. By contrast, the highest concentrations occurred in China, with
the maximum in Linfen, Shanxi Province (OSDMAS8 = 82.5 ppbv; annual DMAS8 = 61.8 ppbv).
The mean tropospheric O; lifetime (1040 days) [82-85] enables regional transport and supports
the grid-cell aggregation of station-based concentrations (figure 2), though this can obscure local
variability and may not hold in environments with shorter lifetimes (e.g. photochemically active
boundary layers, coastal regions). For example, in southern California, coastal stations measure
much lower concentrations than those approximately 10 km inland.

For our main analysis, we required stations to have 3 or more years of O, season data during
2016-2020. As a sensitivity, we relaxed this to a single year of data, which increased station counts
by 15.9% (6335 to 7343; supplementary material, fig. S4). The high-income super-region showed
one of the smallest relative increases (14.8%), indicating even coverage from year to year. By con-
trast, undermonitored super-regions such as North Africa, the Middle East, Latin America and
the Caribbean experienced the largest increases (97.1% and 54.7%, respectively), suggesting more
monitors exist but often with substantial missing data and/or insufficiently long time series (sup-
plementary material, S1). At the grid-cell level, however, the spatial distribution of O; remains
robust to inclusion criteria (cf. figure 2 and supplementary material, fig. S5).

Given the substantial gaps in in situ coverage, researchers have used models and data fusion
methods to estimate global distributions of surface-level O;. These efforts have included geosta-
tistical methods (e.g. BME dataset) [69,86] and two machine learning studies [87,88] that estimate
monthly average DMAS8 O;. Recent work has compared these three global ozone datasets as well
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Figure 3. Spatial variations and trends in estimated 03 concentrations using the Bayesian maximum entropy (BME) dataset.
(A) 2016-2020 median 0SDMAS8 05 concentrations. (B) 2000~2020 median quantile regression trends in 0SDMAS8 05. The BME
dataset does not estimate 05 outside approximately —56°S to 75°N, and land masses outside these latitudes are shaded in

grey.

as three chemical reanalysis studies with one another and with observations. This intercompari-
son reveals strikingly large disagreement among these datasets, with differences in average ozone
of greater than 5 ppbv as well as differences in O; spatial distributions and long-term trends, de-
spite the fact that these datasets are generated using some of the same input data [70]. This sug-
gests that important uncertainties remain in our understanding of surface-level O, distributions
globally. The rest of this section considers gap-filled estimates of 2016-2020 median OSDMAS8 O,
concentrations from the BME dataset [69], acknowledging that results would differ if we had cho-
sen another concentration dataset. The global population-weighted concentration over this recent
period was 48.1 ppbv, which is 1.6 times higher than the 2021 WHO AQG of approximately 30.6
ppbv (60 ng m=3; [58]). The highest overall BME-estimated OSDMAS8 O, concentrations (70 or
more ppbv) are in South and East Asia and small pockets of the Middle East (figure 3A). These re-
gions harbour many developing countries with rapidly increasing O precursors [89,90]. However,
it is worth noting that the extremely high BME-estimated OSDMAS8 O; concentrations in India
are not corroborated by systematically lower observations from ground-based monitors [81,91],
which are typically roadside and may be influenced by NO, titration. Most of South America
and Australia have concentrations lower than 35 ppbv, but exceptions include higher concentra-
tions in southeastern Brazil (e.g. the Sao Paulo-Rio de Janeiro urban corridor); remote northern
Chile, where exceptional surface irradiance and clear skies accelerate photochemistry and frequent
stratospheric-tropospheric exchanges occur [92,93]; and central-west Brazil, which experiences
biomass-burning-driven production during the summer [94]. Estimated concentrations exceed 50
ppbv in the coastal northern and western parts of Africa, the latter of which is also influenced by
biomass burning [95,96] and heatwaves [97]. Parts of Africa outside these regions generally have
OSDMAS8 O, concentrations under 50 ppbv. BME-estimated O, exhibits excellent agreement with
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observations by construction (cf. figures 2C and 3B), resulting in minimal uncertainty in monitored
regions (supplementary material, fig. S6A). This agreement was also characterized by DeLang
et al. [69], who compared the BME dataset against observations and found that it explained 81% of
the variability with a root mean square error of 3.99 ppbv. Outside monitored regions, the uncer-
tainty grows to approximately 15.2 ppbv, corresponding to the offset-removed observations, and
reflects the loss of observational influence and reliance on the multi-model composite.

6. Long-term trends in surface-level ozone

We find pronounced long-term 2000-2020 decreases in gridded OSDMAS8 O; concentrations in
southeastern North America (less than —0.5 ppbv yr~!), small increases throughout much of West-
ern Europe and Japan (approx. 0-0.1 ppbv yr~!), and larger increases in Korea (more than 0.5 ppbv
yr%; figure 4A). The spatial distribution of annual average DMAS8 O, trends (figure 4B) is broadly
similar to OSDMAS but with larger regions showing decreases in OSDMAS, rather than annual
average DMAS O;. For instance, a larger portion of southeastern United States exhibits steeper
declines in gridded OSDMAS O, than in annual average DMAS O, indicating that changes occur
preferentially in certain seasons, with larger relative decreases during peak O, season but smaller
or absent declines in annual averages.

At the station-level, about half (48.3%) of global monitors measure increasing trends in OS-
DMAS8 O; and about two-thirds (64.9%) in annual average DMAS8 O, (figure 4C,D; supplemen-
tary material, figs. S7 and S8). However, only 8.1% of monitor-level trends have high to very high
certainty for OSDMAS O3 and 18.0% for DMAS. Among urban stations, 74.1% show increasing
OSDMAS O; and 82.7% show increasing annual average DMAS O,, whereas most rural stations
experience decreases (75.4% for OSDMAS and 60.4% for annual average DMAS8 O;). This urban—
rural contrast may reflect broader patterns of urbanization and industrialization, including mi-
gration from rural to urban areas and the associated increase in O, precursor emissions. For both
metrics, a smaller proportion of stations show increasing O; trends at higher altitudes. For ex-
ample, for annual average DMAS, 74.9% of stations below 125 m experience increases compared
with 64.7% at 125-250 m, 52.2% at 250-500 m and 48.4% above 500 m. We did not detect a strong
relationship between O; trends and latitude, though it should be noted that the range of trends in
the northern mid-latitudes is much larger than that in other latitude bands.

Estimates from the BME dataset suggest that, in addition to southeastern North America, much
of Eastern Europe and Central Asia showed long-term decreases between —0.25 and —0.75 ppbv
yr~! with very high or high certainty (figure 3B and supplementary material, fig. S6B). Canada
and some parts of Oceania additionally exhibited weak decreases between 0 and —0.25 ppbv yr~*,
though with lower statistical certainty. By contrast, many regions with limited monitor cover-
age in Sub-Saharan Africa, South Asia and Latin America experienced increasing OSDMAS O,
with trends generally exceeding 0.5 ppbv yr~! at very high or high certainty. The greatest in-
creases, ranging between 1 and 2 ppbv yr~!, are located on India’s east coast as well as in an
east-west Sub-Saharan corridor spanning the African continent from the Atlantic to the Indian
Ocean.

Population-weighted global OSDMAS8 O, concentrations increased at a rate of 0.19 ppbv yr~!
between 2000 and 2020, with high certainty. Population-weighted concentrations rose in 14 of
21 GBD-designated regions (figure 5). Trends in five of these regions exhibited either very high
or high certainty. Increasing trends are largest in eastern and central Sub-Saharan Africa (0.67
and 0.54 ppbv yr‘l, respectively). Certainty in decreasing O; concentrations in the remaining
third of GBD regions is overall high. The largest decreasing trends are in Eastern Europe and the
high-income North America region (—0.42 and —0.33 ppbv yr~!, respectively). The time series in
figure 5 also illustrates different levels of interannual variability among regions. For example, the
North Africa and Middle East region persistently experiences OSDMAS8 O, concentrations around
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Figure 4. Observed 05 trends. 2000—2020 median quantile regression trends in (A) 0SDMA8 05 concentrations and (B) annual
average DMA8 05 concentrations. Shading in (A) and (B) shows the median trend over all monitors within each 2° x 2° grid
cell, and coloured dots in inset maps show monitor-level trends. Larger maps of these monitor-level trends are provided in sup-
plementary material, figs. S7 and S8. The magnitude and significance of monitor-level trends in (C) 0SDMAS8 05 concentrations
and (D) annual average DMAS, further categorized by environment (i.e. urban, rural, suburban), elevation, the five countries
with the largest number of monitors and latitude. The sample size for each category is shown to the right of each distribution.
Colours in (C) and (D) indicate the statistical significance of trends based on TOAR-II categories (see §4).

Downloaded from royalsocietypublishing.org/rsta/article-pdf/doi/10.1098/rsta.2025.0268/6174166/rsta.2025.0268.pdf
by Peking University Library user
on 28 October 2026

89205¢0¢



. (A) High Income . (B) South Asia

3 e ]

2 -

[N -

=39+ 39 4

© e ——  ——— N ———

< \/\W

> 26 3 26 e

o) v Australasia ) » =

fQ High-income Asia Pacific . 3

O 13 High-income North America 13 South Asia :

Sotthern Latin America 2

0 T T T T T T T T T 1 0 T T T T T T T T T 1

A0 A0 100 0 g GO I GV GO (o (®

(D) Latin America & Caribbean

A0 A0 100 (0 g GO B G GO (o (°

(C) Sub-Saharan Africa

65 65 7

= 521 521

2

[}

£ 39 4 39 1

)

<

g 26 1 26

&£ Central Sub-Saharan Africa Andean Latin America

O 13 _ Eastern Sub-Saharan Africa 13 4 R Caribbean
Southern Sub-Saharan Africa Central Latin America
Western Sub-Saharan Africa Tropical Latin America ),

0 T T T T T T T T 1 0 T T T T T T T T d

20 o o0h o o g VN o 0 o o et 4o P O e gV O ®
(E) South-East Asia,
East Asia & Oceania i

65 Oceania |

Southeast Asia

A
52 ’\/MM 52 -: é@ E ; 2 ; E
39 A 39 A

26 261

q Baa | Central Asia
13 13 il Central Europe

(F) Central Europe, Eastern Europe &

East Asia Central Asia
5

OSDMAS8 [ppbv]

Eastern Europe
0 T r T T T T T r T 0 . : . . . . . T r :
2P o et o P g gV O 0

(G) North Africa & Middle East

2P o ot o P g gV O a0
65

52 -\NW—

39 A

26

OSDMAS8 [ppbv]

13 1 North Africa and Middle East

0 T T T T T T T T 1

.
2P o ot (o R O g gV N @0

Figure 5. Population-weighted O; concentrations estimated using the BME dataset in GBD regions. Each subplot shows
population-weighted 20002020 0SDMA8 0, for regions within each GBD super-region. Shaded countries in each inset map
indicate countries that comprise the super-region and are coloured and labelled by the constituent regions.

50 ppbv (figure 5G). In some years, central Sub-Saharan Africa exhibits concentrations similar to
those in North Africa and Middle East (e.g. 2005-2006 in figure 5C), while in adjacent years, con-
centrations can drop nearly 50% (e.g. 2004).

We stress that BME results are estimates that may disagree with other data fusion products or
with monitoring networks not used in BME data fusion. For instance, the relatively stable BME
OSDMAS8 O; concentrations in East Asia (figure 5E) differ from the increasing trends reported
in East Asia in other studies (e.g. [98-100]). Discrepancies between our BME-derived results and
results from observational networks not included in the BME estimation process or other data fu-
sion products may stem from a greater reliance on O, simulated with chemical transport models
owing to sparse observations or variations in model design and data integration methods [70,101].
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Accordingly, BME estimates are best interpreted as a spatially complete, internally consistent
benchmark for comparison with other products and future trends.

Our long-term trends analysis in figures 3B and 4 covers the last couple of decades, but a con-
temporaneous global study under the auspices of TOAR-II modelled OSDMAS O; from 1850 to
2014 [102]. OSDMAS8 O; more than doubled across the northern mid-latitudes since 1850; how-
ever, concentrations only showed small increases until around 1950, followed by rapid increases.
Concentrations in several high-income regions stabilized by the 1980s and began to decrease in
the 2000s, while concentrations in much of the Global South did not experience this stabilization
and reduction. Turnock et al. [102] also explored drivers of changes in OSDMAS8 O; from 1850 to
2014. They found that 42% of the changes in global mean OSDMAS O; concentrations over the his-
torical period are due to changes in global NO, emissions, 14% to changes in global stratospheric
O;, 29% to changes in global CH,, 7% to changes in global CO and non-CH, VOC emissions and
4% from both aerosols and climate change.

7. Ozone-attributable burden of disease

Using the BME dataset to estimate long-term O, exposure for a HIA, the GBD Study 2021 iden-
tified O; as the eighth leading environmental or occupational risk factor for premature death,
responsible for an estimated 480 000 COPD deaths (95% CI: 100 000-830 000 deaths) for the popu-
lation aged 25 and above in 2020 (figure 6A,B). Other HIAs for a similar time period differ in their
choice of exposure metrics and datasets, health endpoints (e.g. COPD versus all respiratory mor-
tality, or inclusion of cardiovascular or all-cause mortality) and concentration-response functions.
These other studies indicate a different number of attributable deaths but mostly the same order
of magnitude (figure 6B). As examples, Malashock et al. [76] estimated 423 000 respiratory deaths,
and Chen et al. [103], who considered both respiratory and circulatory mortality, estimated 970 000
deaths with exposure and population datasets representative of 2019. By contrast, Wang et al. [96]
applied an all-cause mortality framework and multi-year (2019-2021) average concentrations, re-
sulting in a larger estimated burden of 1.4 million attributable deaths. Recent O;-attributable pre-
mature deaths estimated by the GBD Study 2021 are highest across a broad swath of the northern
mid-latitudes, including the United States, southeastern Europe, and Southern and Eastern Asia
(figure 6C). At the national level, rates are highest in Nepal and North Korea (18.6 and 16.2 at-
tributable deaths per 100000, respectively) and lowest for small island nations in Oceania and
the Caribbean (fewer than 0.01 deaths per 100 000). These small island nations may not be well
resolved in the BME dataset.

Premature mortality attributable to long-term O; exposure increased between 2000 and 2020
(figure 6A,B,D). From the GBD Study 2021, estimated deaths increased by 7670 yr~! with very high
certainty in this trend. We also see evidence of this growing burden of disease from HIAs comple-
menting the GBD (figure 6B). Although substantial interstudy heterogeneity exists, the mean of
reported estimates from studies covering the most recent year, 2019 [76,96,103], is approximately
930000 attributable deaths yr~! and about 1.9 times higher than the mean estimate for studies
centred on 2000 (approx. 500 000 deaths yr=!) [104-106].

Global Os;-attributable mortality rates also increased from 4.91 to 6.13 deaths per 100000 be-
tween 2000 and 2020 (change of 0.06 deaths per 100000 yr~!, very high certainty), indicating that
the growing burden reflects rising per-person risk and not solely population growth and age-
ing. Trends in O;-attributable mortality rates are largest in the Global South (figure 6D), a region
that has historically faced smaller attributable mortality rates (figure 6C) and fewer cumulative
associated deaths (figure 6A), in GBD Study 2021 estimates. Similar to regional trends in O, con-
centrations (§6), 14 of the 21 regions defined by the GBD saw increasing O;-attributable mortality
rates, and trends in all these regions present high or very high certainty (supplementary material,
fig. S9). The South Asia and high-income Asia Pacific regions have the steepest increases (0.41 and
0.06 deaths per 100000 yr~!, respectively; supplementary material, fig. S9). Decreasing trends in
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Figure 6. Spatial variations and trends in 0;-attributable premature mortality. (A) The annual number of 0;-attributable pre-
mature COPD deaths at the super-region level. (B) Grey time series and shading represent the global (i.e. super-region aggre-
gated) 0;-attributable premature COPD deaths from (A) and the 95% uncertainty interval associated with the global estimates,
respectively; scatter points and vertical bars show the central estimate and, when available, associated confidence intervals for
global estimates of attributable premature deaths to long-term exposure from the literature. In (B), slight horizontal offsets are
applied to studies from the same year to prevent overlapping points (e.g. 1-3). (C) 2016—2020 median national-level prema-
ture mortality rates attributable to long-term 05 exposure. (D) Shading shows 2000—2020 median quantile regression trends in
national-level 0;-attributable premature mortality rates, and hatching indicates countries where statistical certainty is medium
or lower. Besides values in (B) from the literature, all other data are derived from the GBD Study 2021.

attributable mortality rates were found for seven regions, with five exhibiting very high or high
statistical certainty. Rates in the East Asia and Eastern Europe regions show the steepest declines
(—0.30 and —0.11 deaths per 100 000 yr~!, respectively).

Individual studies report substantial variability in their central estimates and associated un-
certainties (figure 6B). For GBD-sourced estimates, absolute uncertainty increased by a factor of
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nearly two between 2000 and 2020 (figure 6B), though the coefficient of variation remains ap-
proximately constant, indicating relative uncertainty is stable. Across other studies, differences
in attributable mortality also reflect methodological choices, including epidemiologic effect esti-
mates, low concentration thresholds and the causes of mortality included. Studies that account
for a wider range of impacts, such as child mortality [107,108] or both respiratory and cardiovas-
cular impacts, report more attributable deaths. Even after accounting for these methodological
choices, though, differences remain, and Seltzer et al. [109] demonstrated that small differences in
estimated exposure can be amplified by nonlinear exposure-response curves, underscoring the
importance of accurate estimates of O; concentrations.

Global and regional increases in premature deaths and mortality rates attributable to long-term
exposure raise the question: what is driving these increases since population size, underlying dis-
ease rates, and O, exposure all changed between 2000 and 2019? Using the BME dataset and de-
composition methods to isolate the contribution of each factor to the overall change in attributable
mortality, Malashock et al. [75] found that increases in O; exposure were the dominant driver of
rising O;-attributable deaths between 2000 and 2019 globally, and especially in GBD regions such
as southeast Asia, Australasia, Tropical Latin America and regions comprising the Sub-Saharan
Africa super-region. Changes in population and population distribution were the second leading
factor globally. However, they were the dominant factor in some regions such as North Africa,
Middle East and South Asia. Increasing baseline mortality rates in many regions is potentially
owing to population ageing and may accentuate the exposure- and population-driven increases
in attributable mortality during this period. By contrast, in regions comprising the Sub-Saharan
Africa super-region, declining baseline mortality rates offset what could have been even larger
increases in attributable deaths owing to increased exposure.

This assessment has emphasized premature mortality from long-term exposure, reflecting both
larger epidemiologic effect estimates for long- compared with short-term exposure and the greater
severity and valuation weight (e.g. value of a statistical life) of mortality relative to morbidity.
However, both long- and short-term exposures have been linked to additional adverse health out-
comes (§3). Arecent study calculating premature mortality from short-term O; exposure estimated
177 000 (95% CI: 139 000, 214 000) deaths globally using 2019-2021 concentrations [96]. Anenberg
et al. [110] estimated that 9-23 million all-age asthma emergency room visits globally in 2015 were
attributable to long-term O; exposure.

8. Approaches and uncertainties in ozone health impact assessments

(a) Epidemiologic concentration—response functions

HIAs rely on epidemiologic studies (§3) to provide the concentration-response functions used
alongside exposure, population demographics and health data to estimate the disease burden
(figure 7). While individual epidemiologic studies focus on specific places, populations and time
periods, the concentration-response functions they generate are often applied more broadly in
HIAs to different populations, regions, time frames or policy scenarios. In studies included in this
assessment, this assumed transferability represents an important, but difficult to quantify, source
of uncertainty, particularly outside the contexts represented by the underlying epidemiologic ev-
idence.

(b) Form and inputs to health impacts assessments

Unlike regulatory standards, which emphasize extreme percentiles or exceedances and may not
be representative of time-averaged exposure, HIAs rely on continuous exposure distributions to
estimate concentration—response relationships across the susceptible population. HIAs typically
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Figure 7. Methodological considerations for and common datasets used in health impact assessments (HIAs) and uncertainties
associated with HIAs. Columns in the schematic correspond to different classes of HIA inputs, and boxes that span multiple
columns represent aspects that transcend these different classes. Symbols in the ‘uncertainties’ box correspond to whether and
how different types of uncertainty can be quantified and were determined by expert judgement from the TOAR-II Health author
team. Acronyms: CRF = concentration—response function, TMREL = theoretical minimum-risk exposure level, GBD = Global
Burden of Disease.

estimate O;-attributable mortality or morbidity as
Y = Y, xpop x [PAF (C,) — PAF (C)] . (8.1)

where Y is the number of attributable outcomes, Y|, is the baseline incidence rate, pop is the sus-
ceptible population and PAF represents the population attributable fraction—the fraction of the
health outcome attributable to exposure—at observed or estimated concentration C; and coun-
terfactual concentration C,,. With the commonly used log-linear form, the population attributable
fraction is given by

PAF (C)= 1-e¢7C, 8.2)

where § is the coefficient derived from an effect estimate (e.g. hazard ratio, relative risk or odds
ratio; see table 1). If C; < C, no attributable outcomes are assumed rather than presented as a
benefit. In practice, C in equation (8.2) reflects aggregated health-relevant O; metrics rather than
raw observations or estimates, and the GBD uses the theoretical minimum risk exposure level
(TMREL), the exposure level at which population risk is minimized, to represent C,. The choice
of metric depends on the health outcome: acute endpoints (e.g. daily mortality or hospital admis-
sions) are typically linked to exposure over a few days, while chronic outcomes require annual
or seasonal metrics such as annual average DMAS8 or OSDMAS. Differencing the PAF at the ob-
served or estimated concentrations and those at the threshold, PAF(C;) — PAF(C,), rather than at
the concentration level, C; — C,, ensures that the nonlinear transformation from exposure-related
risk to attributable burden in equation (8.2) is preserved.

The calculations in equations (8.1) and (8.2) are typically performed at the level of administra-
tive units (e.g. census tracts, counties) or model grid cells. Here, Y can be calculated for different
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demographic groups, for example, using age-specific (e.g. [39]) or race-specific (e.g. [40]) effect es-
timates; incorporating such heterogeneity in particulate matter HIAs has been shown to increase
attributable outcomes by better reflecting differences in susceptibility and exposure-response re-
lationships shaped by biological and social factors [111]. Local census, survey and claims-based
data available at fine-scale administrative units (e.g. United States Decennial Census, Chinese Na-
tional Population Census for population data; Medicare and Medicaid for health data) are the most
precise options for use in an HIA, although privacy concerns and cost may preclude acquisition
and use of these data. In some countries, especially developing or conflict-affected countries, these
datasets are only available at a coarse spatial or temporal resolution, or not at all. HIAs increas-
ingly incorporate gridded regional or global estimates of population and population character-
istics from products such as WorldPop [112] and estimates of health data that apply small-area
estimation approaches or other modelled burden-of-disease frameworks (e.g. GBD DisMOD-MR
and WHO life table methodologies) [113,114].

(¢) Uncertainty in health impact assessments

Each input in an HIA introduces uncertainty that propagates to the estimates of O;-attributable
mortality or morbidity (figure 7). For instance, observed O, concentrations are spatially and tem-
porally limited and may not be representative of actual exposure if monitors are in unique en-
vironments (e.g. NO, titration). Monitors can also be biased by ambient temperature, humidity
and cross-species interference [115]. Estimates from statistical or chemical transport models and
data fusion products face their own uncertainties: for example, satellite data, which can be in-
corporated into data fusion products, are subject to a ‘clear-sky bias’ [116,117], which might lead
to apparent underestimates of precursors such as nitrogen dioxide [118]. As true individual-level
exposure is not directly observable at a population level, measured or estimated O; serves as prox-
ies for true exposure; this limits the quantification of measurement-related uncertainty (figure 7).
While geophysical models can estimate O, for all-weather conditions, model inputs, parameter-
ization of chemical and physical processes (e.g. vertical mixing, dry deposition), and their reso-
lution can introduce uncertainties and biases [119-122]. Global chemistry transport models face a
longstanding challenge: fixed spatial grids introduce numerical diffusion that interacts with sharp
dynamical features (frontal systems, filamentary structures), leading to artificially smooth gradi-
ents (e.g. [123]) that can introduce biases in monthly averages and obscure true source-receptor
relationships (e.g. [124]). When attributing O, to different emissions sources or locations, nonlin-
ear chemistry introduces additional uncertainty [125,126]. Statistical and machine learning models
can predict O; pollution at high resolution with lower computing requirements than geophysical
models, but uncertainties arise from training datasets (often geophysical models), risks of over-
fitting and difficulty of interpretation [74,127]. Quantitative assessment of how biases from spa-
tially unrepresentative training and testing datasets propagate to health impacts remains difficult
(figure 7) because the independent, spatially representative observations needed to detect these
biases are unavailable where coverage gaps are largest. The duration and definition of the O; ex-
posure metric also introduce uncertainty [128,129].

Uncertainty in concentration-response functions stems from errors in measurements or esti-
mates of O, exposure, confounder data, sampling error and the assumed function form, which
may especially affect the change in risk at lower concentrations [130,131]. Most research linking
O; exposure with health outcomes has come from North America, Europe and increasingly China
[132], raising questions about generalizability. This is especially relevant for O; HIAs when tar-
get populations are exposed to concentrations outside the range observed in the epidemiologic
studies from which concentration-response functions are derived, or when pooling across hetero-
geneous studies [133]. The inclusion of low-concentration thresholds also introduces uncertainty
given the limited number of epidemiologic studies at very low concentrations. Growing evidence
indicates that impacts occur even in these ranges [134,135].
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Population, demographic and health datasets contribute further uncertainty to HIAs. Census-
and survey-based datasets are sometimes only available at coarse administrative levels in many
countries, and they may suffer from sampling errors [136-138]. Estimated population or demo-
graphic data may disagree with each other or with census-based data [139,140], and estimated
health data are further complicated by sparse and/or poor-quality records, misclassified diseases
or causes of death, incomplete reporting systems and heavy reliance on model output in data-
limited settings [141]. In addition, exposure misclassification can arise when population, demo-
graphic, health and exposure datasets are aligned but their spatial or temporal resolutions differ.

Across previous studies, uncertainty in O; HIAs has been addressed through a range of quan-
titative approaches that propagate errors from exposure, concentration-response functions, pop-
ulation and health datasets. Traditional statistical methods, including deterministic approaches,
have been widely used to quantify sampling error and propagate uncertainty from different HIA
inputs [103,142]. Despite its simplicity and utility, deterministic approaches cannot easily account
for correlated errors across multiple inputs or provide full probabilistic estimates of combined un-
certainty in the final health impact results [143]. Bayesian inference, Monte Carlo simulations and
machine learning have all been used to propagate uncertainty in O; HIAs, generating probabilis-
tic estimates across inputs and capturing complex distributions. However, each approach requires
prior assumptions, computational resources and sufficient data quality [144,145].

9. Future ozone and health

Future changes in O;-attributable health impacts will be shaped by the combined effects of evolv-
ing emissions of precursors; climate change altering the chemical and physical processes that con-
trol O; formation, removal and transport; and demographic trends that can change population
exposure and susceptibility. Quantifying how these factors interact to affect future O,-attributable
mortality has been the focus of many studies, from those isolating the climate-driven impacts
within specific climate scenarios—often following representative concentration pathways (RCPs)
or shared socioeconomic pathways (SSPs)—to fully combined projections where all drivers evolve
together.

The first global estimates of future O; health burdens came from studies using combined cli-
mate and emission scenarios. West et al. [146] estimated global Os-attributable mortality in 2030
under the Special Report on Emissions Scenarios (SRES) A2 high-emissions scenario (approx.
3.4°C global mean temperature change by the 2090s) and two air quality policy scenario, project-
ing approximately 500 000 deaths annually under SRES A2 and substantially lower health burdens
with stricter emission controls (approx. 190000 fewer deaths under planned legislation and ap-
prox. 460 000 fewer with under maximum feasible reductions). Building on these early scenario-
based burden estimates, West ef al. [147] quantified the global co-benefits of greenhouse gas miti-
gation by comparing a climate policy scenario (RCP4.5, approx. 2.3°C warming by the 2090s) with
a consistent reference case, demonstrating substantial reductions in O;-attributable mortality in
2030, 2050 and 2100 while accounting for changing population and baseline mortality rates. Selin
et al. [148] assessed global mortality attributable to O; and associated economic impacts by 2050
under the SRES A1B scenario (approx. 2.8°C warming by the 2090s), projecting that O;-attributable
deaths would exceed 2 million annually. Silva ef al. [149], using a multi-model ensemble from the
Atmospheric Chemistry and Climate Model Intercomparison Project (ACCMIP), estimated global
O3-attributable mortality rising from 382 000 deaths yr~! in 2000 to 1.09-2.36 million deaths yr~! in
2100 depending on the specific RCP examined. Recent HIAs based on CMIP6 global models, such
as Turnock et al. [102] and Akritidis et al. [106], project that global O;-attributable excess deaths
could reach approximately 2.8-3.5 million yr~! by the end of the century under the high-emissions
SSP3-7.0 scenario (approx. 3.6°C warming by the 2090s).

Demographic changes are the dominant driver of projected increases in these global estimates
of O;-attributable mortality, with population growth and ageing contributing the largest shares,
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while changes in baseline mortality rates, reflecting broader healthcare standards and living con-
ditions, also play a substantial role. Silva ef al. [149] showed that ageing often outweighs projected
exposure changes, with the relative importance varying by specific climate scenarios. Accounting
for time-varying baseline mortality rates could lead to an approximately 10% reduction in future
O;-attributable mortality rates under a pessimistic scenario in which CO, emissions are projected
to roughly double by 2100 relative to current levels (SSP3-7.0) [150]. Akritidis et al. [106] further
highlighted that under the same scenario (SSP3-7.0), population growth and ageing were responsi-
ble for a fivefold increase in global O;-related mortality at the end of the century, with O, increases
associated with a factor of 1.6 increase in O;-attributable mortality. In addition, they suggested that
applying the lowest baseline mortality rates observed globally for each age group could reduce
the global burden of O;-attributable mortality by around 30% compared to 2000, even under the
high-emissions pathway (SSP3-7.0), highlighting the potential of improved healthcare, nutrition
and living conditions to offset environmental risks.

Silva et al. [151] estimated that climate change alone could contribute about 44 000 additional
O;-attributable deaths by 2100 under the high-emissions RCP8.5 scenario (approx. 3.7°C warm-
ing in the 2090s). More recently, in a single model study, Turnock et al. [150] quantified the effect
of climate change with two CMIP6 simulations under the SSP3-7.0 emissions scenario, one with
varying future sea surface temperatures and one with fixed present-day sea surface temperatures
[152] to isolate the influence of climate change via changes in chemistry, emissions, and trans-
port and deposition processes [153]. Differences between these simulations suggested that climate
change could increase the global health burden of O, by approximately 140 000 deaths yr~! by the
end of the century. Applying the same methodology to isolate the climate change effect but using
different demographic and health data, Akritidis ef al. [106] projected that climate change could
increase the excess deaths attributable to O, by between 42000 and 217000 deaths yr~! in 2090.
Future climate change may also shape O;-attributable mortality through additional mechanisms,
including synergistic effects of high temperature on O;-related health risks [154,155] and climate-
driven changes in the effectiveness of anthropogenic emission controls [156].

Projected spatial patterns of future O;-attributable mortality reveal substantial regional dispar-
ities with the largest absolute increases of several hundred thousand deaths yr~! in South and East
Asia, particularly India and China, owing to large populations, elevated ground-level O; concen-
trations under high-emissions scenarios and high baseline mortality rates [106,150]. In Europe and
North America, Silva et al. [149] projected decreases in O;-attributable mortality under most RCPs.
Orru et al. [157] also projected net reductions in Os-attributable mortality in Europe by 2050 under
an emissions pathway similar to RCP4.5. However, climate change alone would increase O, and
attributable mortality in southern and central Europe. More recent CMIP6-based analyses sug-
gest increases between 4 and 10 deaths per 100 000 yr~! in O,-attributable mortality rate under the
high-emissions SSP3-7.0 pathway in Western Europe and North America by the end of the century
[106,150]. The climate change penalty on surface O; under the SSP3-7.0 high-emissions scenario
owing to the enhanced efficiency of precursor emissions to produce O, [153] is projected to lead to
increases in the future health burden of O; mainly over East Asia and South Asia [106,150,151,158].

10. Conclusions, recommendations and future directions

Tropospheric O; remains a major threat to human health globally, with O, exposure and at-
tributable premature mortality changing markedly over the past two decades. The highest recent
(2016-2020) O, concentrations were observed or estimated in South Asia, the Middle East and
parts of East Asia, with generally consistent spatial patterns across exposure metrics (figures 2
and 3). Globally, O,-attributable mortality nearly doubled from 2000 to 2020 (figures 5 and 6), with
a substantial increase in the Global South, reflecting increased exposure and a growing suscepti-
ble population. On the other hand, changes in attributable mortality in the Global North slightly
declined, reflecting an ageing and more susceptible population offsetting reduced exposure from
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Table 2. Priority research directions at the 0;-health nexus, reflecting the collective assessment of the TOAR-II Health author

team.

observation and estimation

priority direction

expand surface 0; monitoring
networks in data-sparse regions

leverage geostationary satellite
05 retrievals for exposure
surveillance

exploit emerging sensor
technology (e.g. low-cost
sensors) and methodologies
(e.g. ML/AI)

attribute 05 sources (e.g.
stratospheric intrusions,
wildfires, long-range transport)
relevant to air quality standards

rationale

new networks in under- or
unmonitored regions in Africa,
Latin America and Asia enable
primary epidemiologic research
previously not feasible

new instruments offer spatially
and temporally resolved lower
tropospheric estimates in
regions lacking monitors

lower instrument cost can
enable high-density networks;
ML/Al methods can substantially
improve raw sensor
performance and modelling

source attribution can
distinguish contributions from
natural and uncontrollable
sources, which are relevant for
setting air quality standards,
from anthropogenic precursor
sectors, where targeted
emission reductions remain
feasible

epidemiology

evaluate advanced CRF synthesis
methods (e.g. MR-BRT) and
co-pollutant adjustment

expand epidemiologic evidence
to underrepresented regions

characterize cardiovascular and

log—linear 0; CRFs lag behind
PM, 5 methodology;
co-exposure to NO, and PM, s
unresolved

05 CRFs remain dominated by
insights from Europe and North
America; Africa, Asia and Latin
America are needed to capture
full exposure range

mechanistic pathways poorly

neurocognitive effects constrained; epidemiologic
evidence inconsistent
climate and compound events quantify compound health co-occurring exposures probably

impacts of 0y with heat, PM,
and wildland fire-sourced PM,

amplify burden; future climate
will probably shift magnitude
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and geography of risk
Abbreviations: ML/Al = machine learning/artificial intelligence, CRF = concentration-response function, MR-BRT =
Bayesian, reqularized, trimmed meta-regression, PM, s = fine particulate matter with an aerodynamic diameter less than
2.5 um.
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regulatory controls on precursor emissions. By linking observationally constrained O; exposure
fields with GBD-derived health impacts, this assessment shows how spatial patterns and trends
in exposure translate into the global distribution of disease burden. While O, levels appear to be
increasing in many urban environments and across much of the Global South, sparse monitoring
coverage in these locales means that differences in levels or trends may fall within the uncer-
tainty of the high-resolution gridded estimates of surface-level O, using BME methods (figure 2;
supplementary material, figs. S1 and S3).

This assessment underscores the need to substantially expand monitoring coverage—
particularly across Africa, South America and Asia, where monitoring coverage remains largely
unchanged since TOAR-I Health—and data access and availability. A small number of non-quality-
controlled observations are available in the TOAR-II database but were excluded from this assess-
ment (‘non-profit’ monitors; see §4). Some of these are located at United States embassies and
consulates in the Global South and provided a rare window into air quality in otherwise under-
monitored regions prior to this programme’s termination by the United States federal government
in 2025 [159]. With appropriate validation and harmonization, such observations should be incor-
porated into future assessments. Although no universally accepted standard for optimal monitor
density exists, guidance from the European Environment Agency (2008) suggests that urban ag-
glomerations of one million people or fewer should be served by at least two monitors, a level
of coverage that remains unmet across much of the world. Low-cost sensor networks calibrated
through co-location with reference-grade instruments and traceable standards may help expand
coverage cost-effectively while maintaining data quality. Expanding monitoring coverage to this
or similar levels will require more than ad hoc data collection but rather regional, national and
global coordination that enables harmonization, quality control and integration into publicly ac-
cessible databases such as TOAR. Clean Air COMPASS ( https://cleanaircompass.org), a new
open-source air quality data management platform, can further foster collaboration, reduce re-
dundancy and improve data accessibility.

Improving our understanding of Os-attributable health impacts will require advances span-
ning observational coverage, improved exposure modelling, and population surveillance and epi-
demiologic evidence summarized in table 2. Future work should also clearly document which out-
comes are included in specific HIAs, as uncertainties in estimates of attributable health impacts
are driven primarily by the choice of health outcomes included, exceeding those associated with
exposures or individual exposure-response relationships. This uncertainty should be constrained
and, when feasible, qualitatively or quantitatively documented (figure 7). Further investigation of
how uncertainties in O, exposure estimates co-vary with health impact calculations is also needed.

As climate change is expected to increase O, exposure in many regions, and shifting popula-
tion distributions and ageing continue to reshape susceptibility, the global O;-attributable disease
burden will probably grow. Continued reductions in attributable health impacts will depend on
maintaining and strengthening existing air quality standards and extending effective emission
control strategies to additional regions. Policymakers in regions with increasing O, trends might
draw on the documented successes in regions with decreasing trends accomplished, in part, by
reducing precursor NO, emissions via vehicle and industrial emissions standards and fuel and
technology transitions, while recognizing that climate change and population ageing may neces-
sitate deeper precursor emission reductions to safeguard human health in a changing world.

Ethics. This work did not require ethical approval from a human subject or animal welfare committee.
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