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Abstract

Background: Spatial granularity plays a central role in the analysis of environmental
hazards, yet its influence on health impact assessment remains overlooked. This study
explicitly treats spatial aggregation level as a methodological variable and examines how
different spatial aggregation strategies affect the association between high temperature,
ozone, and out-of-hospital cardiovascular emergencies recorded by emergency medical ser-
vices. Methods: A distribution thresholding approach is applied to both the environmental
hazard and the health outcome. The analysis is conducted at three spatial levels: a fully
aggregated region-wide level, population-based districts, and a combined strategy that
cumulates district level results. The model estimates the Odds Ratio for each configuration.
Results: The combined district-based strategy provides the most robust association, with
an Odds Ratio of 1.13 (95% confidence interval 1.10 to 1.17). The region-wide and single
district approaches show weaker or inconsistent significance. The findings indicate that
the spatial level of analysis heavily impacts both the significance and the interpretability
of the statistical results. Conclusions: The study demonstrates that the spatial structure of
data strongly influences the detection of short-term health effects linked to environmental
stressors. This contributes to the geomatics field by explicitly isolating spatial aggregation
as an analytical dimension, demonstrating how spatial aggregation choices and explicit
consideration of the Modifiable Areal Unit Problem can enhance methodological accuracy,
support clearer spatial reasoning, and guide the development of more reliable territorial
health indicators.

Keywords: environmental health; environmental epidemiology; heat; ozone; combined
exposure; cardiovascular emergencies; emergency medical services; spatial granularity;
spatial data quality

1. Introduction
The global land surface air temperature has increased by 1.53 ◦C since the prein-

dustrial era (1850 to 1900) [1], and projections indicate that the frequency, intensity, and
duration of extreme heat events will continue to rise throughout the 21st century, produc-
ing unprecedented temperature records worldwide [1]. In this evolving climatic context,
current evidence emphasizes the urgent need to reassess and reinforce public health adap-
tation and resilience strategies [2] in light of the escalating risks that extreme heat poses
to the biosphere, including human societies [3], as also highlighted by the World Health
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Organization (WHO) [4]. Substantial evidence shows that total heat-related mortality is
increasing as a consequence of climate change [5], with one-third of cases attributable to
anthropogenic factors [6]. A detailed overview of the pathophysiological mechanisms
linking heat exposure to adverse health outcomes has been provided by Bell [7], expanding
upon the framework outlined by Sorensen et al. [8].

Although the health implications of climate change have been extensively documented,
the issue remains insufficiently prioritized within public health agendas and is not consis-
tently perceived as an immediate concern by policymakers [1]. Public health interventions
nonetheless play a pivotal role in mitigating the effects of heatwaves, and scientific evidence
indicates that effective planning could markedly reduce heat-related fatalities under future
climate scenarios [9]. Investment in public health research on climate change, including
monitoring and surveillance activities, is essential for assessing population needs and
identifying potential health co-benefits of climate adaptation strategies at both local and
national scales [5,10]. Mitigation and adaptation policies that explicitly prioritize health,
wellbeing, and equity represent one of the most significant public health opportunities of
this century [11]. In this regard, the World Meteorological Organization (WMO) stresses
that the health sector must ensure that climate information and climate services guide
national assessments and policy development [12].

Achieving these objectives requires a multidisciplinary framework encompassed by
the field of environmental epidemiology [13]. This inherently complex domain integrates
perspectives from health sciences, environmental sciences, data science, and social and
applied sciences. The unifying foundation necessary for effective analysis, connecting these
different fields, mainly relies on geomatics, encompassing Geographic Information Systems
(GISs), remote sensing and Earth observation, spatial statistics and geospatial modeling,
and cartography. The geospatial component is fundamental because it uniquely incorpo-
rates location-specific social, economic, and environmental information, which constitutes
a critical dimension for evidence-based policymaking [14]. Accounting for spatial autocor-
relation in predictive models is equally important for improving accuracy [15], especially
in urban settings where multiple environmental exposures co-occur and may interact in
spatially correlated ways [16]. Neglecting these spatial structures can lead to biased health
effect estimates and reduced predictive performance [15]. For example, geospatial data and
spatial analytics have been employed to model and map indicators such as green space
availability and accessibility [17], while geographical visualization of mortality risk and
excess mortality helps identify high-risk zones and highlight underlying health dispari-
ties [18]. Moreover, GISs support the development of integrated environmental databases
that link individual level exposures to population-based cohorts through high-resolution
spatiotemporal data [19].

Although this approach offers substantial advantages [20], it is not without method-
ological challenges. A long-standing and well-recognized issue is the Modifiable Areal Unit
Problem [21], which arises from the variability introduced when point-based or continuous
observations are aggregated into different spatial units. Different aggregation schemes can
produce markedly different patterns and associations: smaller units often capture local
variability more precisely but may introduce noise, whereas larger units tend to smooth
or average spatial patterns, potentially masking fine-scale heterogeneity or hotspots and
reducing sample size, with consequent loss of statistical power. In a sensitive field such as
environmental epidemiology, where the principal objective is to quantify health impacts
with direct implications for policymaking and resource allocation, the choice of spatial ag-
gregation strategy represents a critical methodological consideration. Decisions about how
data are spatially grouped influence not only statistical outcomes but also the interpretation
of environmental risks and the formulation of public health interventions.
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In this context, the present study addresses a specific methodological gap: spatial
aggregation level is rarely treated as an explicit analytical variable and systematically evalu-
ated within a single epidemiological framework. Rather than assuming a predefined spatial
support, we aim to directly compare alternative aggregation strategies to assess how spa-
tial resolution influences estimated exposure–health associations. Therefore, the research
question centers on understanding the applicability and limitations of different spatial
aggregation strategies within specific analytical contexts and whether such differences
yield significantly different results. Accordingly, this study applies a single environmental
epidemiology framework to the same study area while varying the spatial aggregation
schemes used in the analysis. The selected case study focuses on the Lombardy region in
northern Italy and investigates the effect on cardiovascular out-of-hospital emergencies
arising from the combined occurrence of high ambient temperatures and elevated ozone
concentrations. This context is particularly significant because cardiovascular health is
known to be highly sensitive to climate related stressors, both through direct physiological
effects and indirect pathways, as addressed by a systematic review published in 2022 [22].
The impact of air pollution, in particular, has already been assessed as highly influential on
the incidence of out-of-hospital cardiac arrests in the target territory [23], with a verified
modifying effect of air temperature.

By examining how spatial aggregation influences the estimation of these associations,
the study seeks to clarify the methodological robustness of epidemiological inferences
under varying spatial configurations, thus advancing knowledge about the reliability and
interpretability of environmental health assessments. This is highly relevant for strength-
ening the evidence base supporting local and regional policy decisions. Its significance
extends beyond the specific case study, contributing to ongoing efforts to refine environ-
mental epidemiology tools so that they can better support public health planning in a
rapidly changing climate.

2. Materials and Methods
2.1. Case Study Set-Up

The study area corresponds to the Lombardy region in northern Italy, which encom-
passes a total surface of 23,844 km2 and has a population of slightly more than 10 million
inhabitants. The region displays marked heterogeneity in land use and settlement structure.
It includes highly urbanized zones, most notably the metropolitan area of Milan, which
accounts for approximately 3.25 million residents, corresponding to more than 30 percent
of the regional population, alongside an extensive agricultural plain characterized by inten-
sive crop production. The territory also comprises several major lakes and a predominantly
natural northern sector defined by the Alpine range, where mountain elevations reach up
to 4000 m. The temporal range of the analysis spans from 2015 to 2020, constrained by data
availability. A map of the area is presented in Figure 1A.

To address the research question, namely investigating the effect of different spatial
aggregation strategies in environmental epidemiology, analyses were conducted at different
geographical levels:

• Region-wide: data are cumulated across the whole study territory.
• Population-based districts: each district, representing approximately 100,000 residents,

was generated by aggregating municipalities and, for larger cities, sub-municipal units
were aggregated using a custom spatial clustering algorithm designed to maximize
internal demographic homogeneity while respecting administrative boundaries, for a
total of 96 areas, as reported in Figure 1B. This geographic subdivision was used for all
disaggregated analyses, referred to as district-level analysis, an approach already
tested and validated for environmental epidemiology studies in the same target
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territory [24]. The target population size of approximately 100,000 residents per
district was selected to balance statistical stability and spatial resolution. Units of
this magnitude provide sufficient daily event counts for robust contingency table
estimation while preserving meaningful territorial differentiation. Smaller units would
increase sparsity and estimation instability, whereas larger units would smooth local
heterogeneity and reduce analytical sensitivity to spatial variation.

• Cumulated: the analysis is performed at a district level, but the results are cumulated
across the total territory.

 

Figure 1. The location of the study area, the Lombardy region in the northern Italy (A), with
subdivision in custom districts of approximatively 100,000 residents developed by aggregating
municipalities and districts of larger cities (B).

The overall analytical framework and the comparison between aggregated, district-
level, and cumulative spatial strategies are summarized in Figure 2.

Figure 2. The block schema of the analytical framework used to assess the impact of spatial aggrega-
tion level on an environmental epidemiology analytical framework: the computation of the Odds
Ratio of a high number of out-of-hospital cardiovascular emergencies in days with combined high
temperature and ozone concentration.
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2.2. Data Sources

The emergency medical services data for cardiovascular-related events were obtained
from the regional health emergency registry provided by the managing public agency,
AREU, Emergency Urgency Regional Agency, and they included all EMS activations as-
sociated with cardiovascular diagnoses. The environmental exposure data consisted of
daily mean temperature and daily maximum 8 h ozone, O3, concentrations derived from
the Copernicus Atmosphere Monitoring Service reanalysis dataset. CAMS provides spa-
tially gridded meteorological and atmospheric composition fields generated through data
assimilation of satellite retrievals and in situ observations into the ECMWF global model.

All environmental fields were downscaled and interpolated to the study area using
a dedicated ETL, Extract Transform Load, pipeline that included spatial subsetting to the
study area, reprojection to a common coordinate reference system, interpolation to the
target spatial resolution, and temporal alignment at the daily scale. The resulting gridded
layers were then aggregated to the district level to ensure full harmonization with the EMS
outcome dataset.

2.3. Data Processing
2.3.1. Construction of Analysis-Ready Matrices

For EMS outcomes, temperature, and ozone, three aligned data matrices were con-
structed with:

• Rows: calendar days (formatted).
• Columns: geographic districts (with unique identifier).
• Cells:

a. EMS matrix: the number of cardiovascular EMS events.
b. Temperature matrix: daily mean temperature.
c. Ozone matrix: daily maximum 8 h mean O3.

Only dates and districts present in all datasets were retained to ensure perfect align-
ment across matrices.

2.3.2. Binary Transformation via Percentile Thresholding

For each matrix, binary exposure/outcome representations were created using
percentile-based thresholds. Three thresholds were defined:

• Outcome threshold: 0.75 (75th percentile).
• Temperature threshold: 0.85 (85th percentile).
• Ozone threshold: 0.85 (85th percentile).

The selection of percentile thresholds was guided by both operational and method-
ological considerations. The 75th percentile for the EMS outcomes corresponds to the
upper quartile of district-specific short-term distributions and reflects operationally rel-
evant anomalous demand conditions in the emergency medical services management.
The 85th percentile for the temperature and ozone was selected to represent elevated but
sufficiently frequent exposure levels, balancing sensitivity to high environmental stress
with statistical stability in district-level analyses. To assess robustness, a comprehensive
sensitivity analysis was conducted, testing all threshold combinations between the 75th
and 95th percentiles. Full sensitivity results are available in the public code repository.

With regard to the outcome matrix of the EMS cardiovascular events, to account for
short term temporal dependence and seasonality, binarization was performed within a
moving 30-day window centered on each day or as symmetrically as possible at tempo-
ral boundaries. For each district, a value of 1—adverse health outcome occurring—was
assigned if daily EMS counts exceeded the district-specific percentile within its window,
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meaning that the number of cardiovascular emergencies was in the top quartile for the
period; otherwise, 0—no adverse health outcome occurring—was assigned. For the envi-
ronmental variables, thresholding was computed column-wise across the full study period.
Values above the selected percentile were coded as 1 and all others as 0.

2.3.3. Combined Environmental Exposure Matrix

Daily environmental exposure was defined as the intersection of the binary tempera-
ture and binary ozone matrices. For each district day:

• 1 (exposed): both temperature and ozone were above the threshold (85th percentile).
• 0 (not exposed): otherwise.

2.3.4. Odds Ratio Computation

To model the association between the environmental exposure and adverse health
outcomes, the statistical method adopted was the computation of the Odds Ratio. The Odds
Ratio was selected as the primary association measure because the analytical framework
relies on binary exposure and binary outcome matrices summarized in 2 × 2 contingency
tables. Within this structure, the Odds Ratio represents the standard measure of association
and allows consistent comparison across spatial aggregation strategies. The objective of the
study is methodological comparability rather than prospective estimation of absolute risks,
for which Relative Risk would be more appropriate in cohort-based designs. Therefore, all
analyses used 2 × 2 contingency tables of the EMS outcome (1/0) versus environmental
exposure (1/0), with:

• A: exposed and outcome (environmental data and health outcome above the threshold).
• B: exposed and no outcome (environmental data above the threshold, health

outcome below).
• C: not exposed and outcome (environmental data below the threshold, health

outcome above).
• D: not exposed and no outcome (environmental data and health outcome below

the threshold)

The Odds Ratio was computed as:

OR =
(A × D)

(B × C)
, (1)

and 95% confidence intervals were estimated via:

CI = exp(L ± 1.96SE) = exp

(
log(OR)± 1.96

√
1
A

+
1
B
+

1
C
+

1
D

)
. (2)

Three different spatial approaches were adopted:

1. Aggregated OR (region-wide analysis)
Before binarization, the EMS counts were summed across all districts, while tempera-
ture and ozone values were averaged across districts for each day. Thresholding and
OR computation were then performed on these region-wide aggregated time series,
producing a single OR representing overall regional association.

2. Dis-aggregated district-level OR (population-based districts analysis)
For each district, contingency tables were computed using the district’s binary expo-
sure and binary EMS outcome vectors. The OR values were therefore obtained district
by district, reflecting spatial heterogeneity in environmental health associations.

3. Cumulative OR (cumulated analysis)
For this analysis, district-level values were first binarized and then summed across
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districts to determine, for each day, the number of districts exposed and the number
of districts experiencing EMS events. These cumulative values were used to derive a
region-wide OR that reflects the daily spatial extent of both exposure and outcome,
thus aggregating district day-level binary values into a single contingency structure,
whereas spatial dependence between districts is not explicitly modeled.

The analytical framework is intentionally based on unadjusted 2 × 2 contingency
tables in order to preserve structural comparability across spatial aggregation strategies.
The objective of this study is methodological, namely, to evaluate the influence of spatial
configuration on epidemiological estimates under an identical analytical structure. Con-
sequently, no additional covariates or multivariable adjustments were included in the
present analysis.

2.4. Software

The analyses were run with Python 3.9 in PyCharm 2024.2.2 IDE (JetBrains); code
is publicly available at the GitHub repository “https://github.com/LGpolimi/Temp-O3
_CVD” (accessed on 12 March 2026). The maps are produced with QGIS 3.28 (OSGeo).

3. Results
The analysis covered 2192 days between 1 January 2015 and 31 December 2020 across

the 96 computed population-based districts in Lombardy. Cardiovascular emergency events
showed a stable distribution across districts, with an overall median of five daily events,
IQR 4, and district-level medians centered around five events per day. Seasonal variability
was limited, with slightly higher counts during winter, median 6, IQR 4, and lower values
in summer, median 5, IQR 4. The district specific 75th percentile thresholds used for
high incidence classification ranged from 5 to 11 events, with a median of 7, IQR 2. The
temperature exhibited the expected annual cycle, with an overall median of 13.36 ◦C, IQR
13.89 ◦C, and district median temperatures clustering around 14.1 ◦C. Seasonal medians
ranged from 3.92 ◦C in the winter, IQR 4.36, to 23.78 ◦C in the summer, IQR 4.51. District
level 85th percentile thresholds for defining heat exposure varied from 12.79 ◦C to 25.49 ◦C,
with a median of 23.93 ◦C, IQR 1.74. Daily maximum 8 h ozone concentrations had
an overall median of 58.64 µg/m3, IQR 40.78, with consistent medians across districts
and median of medians of 59.12 µg/m3. Significant seasonal differences were observed,
with low winter levels—median 34.06 µg/m3, IQR 25.25—and summer peaks—median
84.50 µg/m3, IQR 28.20. District-specific 85th percentile thresholds for ozone ranged from
78.60 to 99.41 µg/m3, with a median of 89.11 µg/m3, IQR 5.24.

The region-wide analysis produced an aggregated Odds Ratio of 1.05, with a 95% con-
fidence interval of 0.76 to 1.45, indicating a modest positive association between combined
high temperature and high ozone exposure and cardiovascular emergency events, with the
odds of high emergency counts during high-exposure days increasing by 5% compared
to non-exposed periods. However, the confidence interval includes the null value of 1,
indicating that this result is not statistically significant. The contingency table included 56
exposed days with outcome, 161 exposed days without outcome, 490 non-exposed days
with outcome, and 1485 non-exposed days without outcome.

District-specific Odds Ratios demonstrated notable spatial heterogeneity in the as-
sociation between the environmental exposure and cardiovascular events. The highest
district-level Odds Ratio observed was 1.71, 95% CI: 1.22 to 2.39, and the lowest was 0.81,
95% CI: 0.54 to 1.22. Among the 96 districts, only six, 6.25%, showed a statistically signifi-
cant value with a 95% confidence interval not including the null value of 1, all indicating a
positive association. The remaining 90 districts, 93.5%, presented non-significant results,
with confidence intervals encompassing the null value of 1. Among these non-significant
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results, 17 districts, 17.7%, showed a central Odds Ratio value below 1, indicating a negative
association. The complete results are reported in Appendix A, Table A1, and a graphical
representation is shown in Figure 3, which displays district-specific Odds Ratios using a
green-to-red color gradient to represent magnitude, while statistical significance at the 95%
confidence level is indicated by full opacity.

Figure 3. District-level Odds Ratio (with 95% confidence intervals) of recording a high number of
out-of-hospital cardiovascular emergencies during days with combined high temperature and ozone
concentration across districts of approximatively 100,000 residents in the Lombardy region, northern
Italy. Odds Ratio magnitude is represented by a continuous color scale ranging from green—lower
values—to red—higher values. Statistical significance is encoded through opacity: districts displayed
with full opacity have 95 percent confidence intervals not including the null value of 1, whereas
semi-transparent districts indicate non-significant associations.

When cumulative exposure across districts was considered, the overall Odds Ratio
increased to 1.13 with a 95% confidence interval of 1.10 to 1.17. This indicates a statistically
significant positive association at the regional level when the spatial extent of exposure is
accounted for, with the odds of recording a high number of cardiovascular emergencies
increasing by 13% during peaks of ozone and temperature compared to non-exposed days.
The contingency table showed 4604 exposed districts with outcome, 15,301 exposed districts
without outcome, 39,960 non-exposed districts with outcome, and 150,567 non-exposed
districts without outcome.

A comparative view of the aggregated and cumulated approaches is reported in
Table 1, which highlights the contrast between the non-significant region-wide association
and the statistically significant cumulative estimate. The cumulative configuration yields
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both a higher Odds Ratio and narrower confidence intervals compared with the fully
aggregated regional analysis.

Table 1. The Odds Ratio of a high number of out-of-hospital cardiovascular emergencies in days with
combined high temperature and ozone concentration in the Lombardy region, northern Italy, with
two different spatial aggregation approaches (see text for details).

Method Odds Ratio (95% CI) Contingency Table *

Aggregated—whole region
considered 1.05 (0.76–1.45) A = 56 B = 161

C = 490 D = 1485
Cumulated—analysis at district

level, results cumulated 1.13 (1.10–1.17) A = 4604 B = 15,301
C = 39,960 D = 150,567

* A = exposed with outcome; B = exposed without outcome; C = not exposed with outcome; D = not exposed
without outcome.

A sensitivity analysis exploring threshold combinations from the 75th to the 95th per-
centiles confirmed the stability of the main findings. Across all tested configurations, the cu-
mulative approach consistently yielded stronger and more stable associations than the fully
aggregated region-wide model, while district-specific analyses displayed heterogeneous
and often non-significant results. Detailed outputs are provided in the public repository.

4. Discussion
The statistically significant associations, with the null value of 1 not included in the

95% confidence interval of the Odds Ratio, observed in this study between episodes of
concurrent high ambient temperatures, elevated ozone concentrations, and increases in
cardiovascular out-of-hospital emergencies indicate a positive association. It is important to
highlight that the binary transformation of continuous environmental and health variables
simplifies the analytical framework and ensures structural comparability across spatial ag-
gregation schemes, although this approach entails a loss of information regarding exposure
gradients and potential dose–response relationships. The estimated Odds Ratios therefore
refer specifically to the co-occurrence of high exposure and high incidence conditions under
the selected percentile thresholds rather than to associations across the full distribution of
temperature and ozone values.

Moreover, the fact that only a limited subset of districts exhibited statistically sig-
nificant associations raises the question of whether these findings reflect true territorial
heterogeneity or stochastic variability. Differences in urban structure, heat island inten-
sity, air pollution persistence, demographic composition, or baseline vulnerability may
contribute to spatial variability in exposure–health relationships. However, a detailed
investigation of district-specific determinants lies beyond the methodological objective of
the present study, which focuses on spatial aggregation effects under a uniform analytical
framework. Future research integrating contextual variables and spatial regression ap-
proaches would be required to disentangle structural heterogeneity from random variation.

Considering the cumulated results across district-level analyses, the odds of observing
a number of cardiovascular emergencies in the top quartile for the 30-day period are
increased by 13%, 95% CI: 10% to 17%, during combined peaks of heat and ozone, both
measures above the 85th percentile of the yearly distribution. The six significant district
level results range from a 40%, 95% CI: 1% to 96%, to a 70%, 95% CI: 22% to 139%, increase
in odds. Although the estimated cumulative Odds Ratio of 1.13 may appear modest,
effect sizes of this magnitude are common in environmental epidemiology for short-term
environmental exposures. In the present framework, the outcome is defined as a binary
indicator of high-incidence days rather than absolute call counts. Therefore, the estimate
reflects an increased likelihood of district level high demand conditions rather than a
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direct increase in the number of the EMS activations. When such elevated conditions occur
concurrently across multiple districts in a densely populated region, even modest relative
increases may translate into meaningful operational stress for emergency medical services.

However, it is important to emphasize that the present study is based on spatially
aggregated data and therefore adopts an ecological design. The estimated Odds Ratios
quantify associations at the district level between periods characterized by elevated envi-
ronmental hazard and increased counts of cardiovascular emergency events within those
spatial units. These results should not be interpreted as individual-level risk estimates or
causal effects. Any inference regarding individual susceptibility would require designs
based on individual exposure assessment and appropriate control of personal-level con-
founders. The primary objective of this work is methodological, namely, to examine how
spatial aggregation strategies influence area-level epidemiological estimates.

The identified association is coherent with the expected pathophysiological mecha-
nisms and qualitatively aligns with evidence reported in the literature. Although direct
comparison of effect sizes across studies is difficult due to differences in outcome defi-
nitions, exposure metrics, and model specifications, the direction of the associations is
consistent with previous findings on temperature–ozone interactions and cardiovascular
health. For example, Chen et al. [25] reported amplified cardiovascular mortality risks
associated with ozone peaks during high-temperature days, with increases up to 6.14%,
95% CI: 17.35% to 36.31%. Despite focusing on mortality rather than morbidity, and us-
ing 1 h maximum ozone as the exposure metric, their findings similarly underscore that
combined meteorological and pollutant stressors can substantially elevate cardiovascular
risk. Chen et al. [26] further emphasized that inadequate adjustment for temperature
can lead to residual confounding and inflated estimates of ozone impact at high temper-
atures. The analytical framework used in the present study, which explicitly models the
combined effect of temperature and ozone, is therefore aligned with the methodological
improvements advocated in that work. More recently, Stafoggia et al. [27] demonstrated
substantial effect modification of temperature–mortality associations across gradients of
ozone concentrations, reporting mortality increments up to 12.5% when ozone was high
and temperatures were near the upper distributional percentiles. Although the outcomes of
this study refer to acute cardiovascular morbidity rather than mortality and differences in
exposure metrics and aggregation approach limit direct numerical comparison, the overall
pattern is consistent. Taken together, these convergent findings suggest that the associations
identified here are epidemiologically plausible and substantively aligned with established
evidence, even if absolute effect magnitudes differ due to case definition.

The findings clearly indicate that the choice of spatial aggregation strategy has a strong
influence on the epidemiological results. The direction of the association between combined
high temperature and elevated ozone and increases in cardiovascular emergencies remains
stable across all spatial schemes, confirming the consistency of the underlying relationship.
However, the magnitude and statistical significance of the estimates vary considerably
depending on how the data are grouped. Highly aggregated units tend to weaken the
signal because different local exposure patterns and vulnerability profiles are averaged
together. This smoothing reduces the ability to identify meaningful associations. At the
same time, using very fine spatial units does not fully solve the problem because excessive
fragmentation reduces statistical power and increases random variability.

Within the tested analytical framework and regional context, combining both per-
spectives appears to provide a more balanced compromise between spatial specificity
and statistical stability. Spatial disaggregation is useful to reveal local characteristics such
as territorial configuration, sociodemographic patterns, exposure contrasts, vulnerability
conditions, and adaptation capacities. After this step, the information can be recombined
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into larger but still coherent areas to obtain a sufficient number of events and enhance
statistical significance. This balanced strategy allows the analysis to retain local specificity
while supporting more robust epidemiological inference.

These findings can be interpreted within the classical framework of the Modifiable
Areal Unit Problem, specifically in terms of scale effects. The comparison between region-
wide, district-level, and cumulative configurations primarily illustrates changes in statistical
estimates resulting from the variation in spatial resolution. Although alternative clustering
schemes could generate different quantitative results, the objective here is to isolate and
examine the influence of the aggregation level under a stable zoning structure.

This result confirms previous findings by the same research group in the investigation
of air pollution effects on the velocity of disease spread during the COVID 19 pandemic [28].
The innovative geospatial approach, based on disaggregation and cumulating effects, al-
lowed identification of additional associations, in particular with ammonia, and suggested
that previously reported correlations with particulate matter were more likely influenced
by aggregation-related biases and confounding with anthropization levels. It is worth
highlighting that the percentile-based binarization strategy necessarily influences the abso-
lute magnitude of the estimated associations. However, the systematic sensitivity analysis
performed across a broad threshold range indicates that the observed impact of spatial
aggregation is not contingent upon a single arbitrary cut-off. This reinforces the inter-
pretation that spatial configuration, rather than percentile selection, drives the principal
methodological differences identified in this study.

Although spatial epidemiology has developed advanced approaches to model spatial
dependence and heterogeneity [18,29–34], the explicit treatment of spatial aggregation level
as a primary methodological variable remains relatively uncommon, even though it can
influence both the magnitude and significance of estimated associations. For example,
Morgan and colleagues [35] developed a comprehensive framework to assess risk of bias in
non-randomized studies on exposure to environmental hazards in 2019, aiming to improve
the accuracy of meta-analyses. Their framework covers many important dimensions, such
as confounding, selection, exposure measurement, deviations from intended exposure,
missing data, outcome measurement, and reporting of results. However, spatial aggregation
level is not included in any of these dimensions.

In line with this approach, several recent systematic reviews, such as that of Rackow
from 2025 [36], and meta-analyses, such as that of Orellano from 2020 [37] and that of
You from 2025 [38], which investigated the same type of exposure–outcome relationship
examined in this study, do not consider spatial granularity when assessing study quality or
risk of bias. These reviews acknowledge the relevance of exposure estimation methods, but
this represents only one component of the full analytical process. In terms of study design,
they mainly differentiate between case crossover approaches and time series analyses,
while the spatial aggregation of underlying databases is not evaluated.

It is important to note that many studies are not explicitly framed within an ecological
or territorial perspective. Nevertheless, this research field is intrinsically spatial due to
the nature of both environmental exposures and health outcomes. Therefore, the spatial
dimension should be acknowledged regardless of the analytical design adopted. Most
spatially explicit frameworks account for spatial dependence and heterogeneity within a
predefined spatial structure but typically assume a fixed zoning scheme. In contrast, the
objective of this study is to isolate and compare the influence of the aggregation level itself
under a consistent analytical framework. The contribution is therefore complementary:
rather than refining within scale modeling of spatial variability, we explicitly examine how
changing spatial support alters epidemiological estimates.
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This study presents several strengths. The selected case study is particularly suitable
because the modeling approach can be easily replicated and consistently applied at different
spatial levels. The study area benefits from a large and uniform database with very high
spatial and temporal detail over a large population, which remains uncommon in many
regions. The territory is also highly diverse from a geographical and socio-environmental
perspective, offering a rich context for testing methodological variations. In addition,
the region represents a recognized hotspot for climate-related risks [39,40], especially
increasing temperatures and heatwaves, as well as for air pollution, due to its geographical
characteristics [41]. This combination of environmental hazards provides a meaningful
setting for evaluating the effect of combined stressors. Nevertheless, these conclusions
should be interpreted within the specific analytical framework and study region considered
here, and further validation in other geographical and methodological contexts would be
necessary before generalization.

The study also presents some limitations. First, the district configuration, although
previously validated for epidemiological applications [24], represents only one possible
spatial partition. Different clustering parameters or population targets could produce
alternative zoning schemes and potentially different effect magnitudes. Although the
present study adopts a single internally consistent district configuration, alternative zoning
schemes could yield different quantitative estimates, as predicted by the Modifiable Areal
Unit Problem. However, the objective here is not to identify an optimal territorial partition
but to evaluate how the aggregation level influences analytical results under a fixed and
previously validated spatial structure.

In the cumulative analysis, districts are treated as independent observational units
when constructing aggregated contingency tables. This implies an assumption of indepen-
dence across spatial units and days, a condition unlikely to be fully satisfied given spatial
autocorrelation in environmental exposures and health outcomes. Neighboring districts
may experience correlated exposure patterns and similar vulnerability structures, leading
to non-independent observations. Consequently, the cumulative Odds Ratio should be
interpreted as a descriptive indicator of the spatial extent of concurrent exposure and
high-incidence events rather than as an estimate derived under strict independence as-
sumptions. The comparative objective of the study, however, remains valid because all
spatial configurations are evaluated under the same structural assumptions.

Moreover, the results cannot be validated against a gold standard because the method-
ological approach used here is not widely applied, and comparable studies often rely on
different types of data, most frequently mortality indicators. As a result, direct comparison
remains limited. Future research could address this limitation by applying the same princi-
ple adopted here, namely testing one analytical framework on one territory using different
spatial aggregation strategies, to a design based on a recognized gold standard, such as a
case crossover analysis with a Distributed Lag Nonlinear Model.

Furthermore, an important limitation is the absence of adjustment for potential con-
founding factors. Demographic characteristics such as age and sex distribution, socioeco-
nomic status, baseline health conditions, and spatial variation in vulnerability were not
explicitly incorporated. Similarly, co-pollutants, including particulate matter or nitrogen
dioxide, were not modeled, and temporal confounders such as day of week effects, long-
term trends, influenza epidemics, or other concurrent stressors were not formally adjusted
through regression-based approaches. The 30-day moving window binarization mitigates
broad seasonal shifts in outcome distribution but does not replace comprehensive temporal
adjustment. Therefore, the reported Odds Ratios should be interpreted as unadjusted
area-level associations rather than causal effect estimates.
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However, because all spatial aggregation strategies were evaluated using the same ex-
posure definitions, binarization rules, and contingency table structure, potential confound-
ing affects each configuration consistently. The comparative conclusions regarding the influ-
ence of spatial aggregation on magnitude and statistical significance are therefore method-
ologically informative within this controlled framework. Future research could extend this
approach by embedding the same spatial aggregation comparison within fully adjusted
regression models, such as case crossover designs or Distributed Lag Nonlinear Model.

Finally, an additional limitation concerns the ecological nature of the study design.
Because both exposures and outcomes are analyzed at an aggregated district level, the
observed associations reflect population level patterns rather than individual-level rela-
tionships. This introduces the possibility of ecological fallacy if group level associations
are interpreted as evidence of individual causal mechanisms. Although the biological
plausibility of temperature and ozone effects on cardiovascular health is well established,
the present results must be understood as territorial associations. Future studies adopting
individual level designs, such as case crossover approaches combined with high resolution
exposure modeling, would be required to refine causal interpretation.

5. Conclusions
This study investigated how different spatial aggregation strategies influence the

results of analytical frameworks in environmental epidemiology, considering as a case study
the estimation of the association between combined high temperature and elevated ozone
concentrations and cardiovascular out-of-hospital emergencies in a large and heterogeneous
region. The results show that the spatial configuration of the analysis has a clear impact on
epidemiological estimates. While the direction of the association remains stable across all
spatial schemes, the strength and statistical significance of the relationship vary according
to the level of aggregation. These findings confirm that spatial choices play a central role
in environmental epidemiology and should be considered an integral component of the
analytical framework.

The study also demonstrates that both excessive aggregation and excessive fragmenta-
tion introduce limitations. Large spatial units smooth local variability and reduce the ability
to detect meaningful associations. Very small units increase noise and reduce statistical
power. A combined approach appears to be the most effective solution. Local-level analysis
allows the identification of specific territorial, sociodemographic, environmental, and vul-
nerability patterns. Subsequently recombining these local signals into larger coherent areas
strengthens statistical reliability. This balanced method supports more robust inference
while preserving geographically relevant information.

From an operational perspective, the cumulative district-level approach has concrete
implications for public health planning. Rather than relying solely on region-wide aver-
ages, decision-makers could monitor the spatial extent of concurrent high-exposure and
high-incidence conditions across districts. This would enable identification of clusters of af-
fected areas and support differentiated activation of heat health warning systems, targeted
allocation of emergency medical resources, and prioritization of preventive interventions
in territorially vulnerable zones. In this sense, the proposed strategy can inform the design
of territorial health indicators that better reflect localized stress patterns while maintaining
regional coherence.

From a geomatics perspective, the study demonstrates how the deliberate construction
of population-based spatial units and the harmonization of multisource environmental
and health datasets directly influence the interpretation of exposure–health relationships.
The construction of population-based districts using a clustering algorithm illustrates
how geomatics can generate meaningful spatial units that improve the analytical process.
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Second, the study highlights the importance of high-resolution spatial data and the value
of advanced geospatial processing, including harmonization of multisource data and
spatial interpolation. These steps represent essential components of modern environmental
epidemiology workflows. Third, the use of geomatics as an integrative tool can support the
inclusion of territorial characteristics that extend beyond administrative boundaries and
better reflect real exposure patterns and population distributions.

Overall, the study emphasizes that spatial aggregation is not merely a technical detail
but a substantive methodological element that must be considered when designing, inter-
preting, and comparing environmental epidemiology studies. By demonstrating a practical
approach to evaluate spatial effects within a unified framework, this work contributes
to improving the spatial awareness of health–environment analyses and strengthens the
role of geomatics in producing reliable evidence for public health planning and climate
adaptation strategies.
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Appendix A
Complete results of the analytical framework computing the Odds Ratio of recording

a high (4th quartile in a centered moving window of 30 days) number of out-of-hospital
cardiovascular emergencies in days with combined high temperature (value above 85th
percentile of yearly distribution) and ozone concentration temperature (value above 85th
percentile of yearly distribution) in the Lombardy region, northern Italy, in a dis-aggregated
district-level spatial approach, i.e., in districts of approximatively 100,000 residents gen-
erated by aggregating municipalities (and sub-municipal units for larger cities) using a
custom spatial clustering algorithm for a total of 96 areas (see Figure 1B in the main text).

Table A1. Odds Ratio of a high number of out-of-hospital cardiovascular emergencies in days with
combined high temperature and ozone concentration in the Lombardy region, northern Italy, in
districts of approximatively 100,000 residents (see Figure 3 in the main text).

District ID Odds Ratio (95% CI) Contingency Table *

56 1.71 (1.22|2.39) A = 54 B = 122 C = 415 D = 1601
92 1.48 (1.08|2.05) A = 58 B = 157 C = 394 D = 1583
6 1.47 (1.07|2.03) A = 58 B = 150 C = 413 D = 1571
77 1.47 (1.04|2.07) A = 50 B = 130 C = 418 D = 1594
82 1.45 (1.03|2.03) A = 52 B = 132 C = 430 D = 1578
2 1.41 (1.01|1.96) A = 53 B = 148 C = 404 D = 1587
32 1.36 (0.89|2.09) A = 31 B = 81 C = 456 D = 1624
66 1.36 (0.99|1.87) A = 58 B = 170 C = 394 D = 1570
45 1.36 (0.99|1.85) A = 61 B = 170 C = 410 D = 1551
5 1.35 (0.98|1.87) A = 56 B = 152 C = 425 D = 1559
41 1.34 (0.99|1.83) A = 63 B = 184 C = 395 D = 1550
43 1.34 (0.96|1.86) A = 52 B = 148 C = 415 D = 1577
42 1.33 (0.97|1.83) A = 58 B = 172 C = 397 D = 1565
86 1.33 (0.96|1.84) A = 54 B = 161 C = 399 D = 1578
28 1.32 (0.96|1.81) A = 58 B = 172 C = 399 D = 1563
94 1.32 (0.94|1.84) A = 51 B = 158 C = 390 D = 1593
10 1.31 (0.91|1.88) A = 44 B = 119 C = 446 D = 1583
46 1.31 (0.88|1.94) A = 36 B = 102 C = 437 D = 1617
4 1.30 (0.85|1.97) A = 32 B = 86 C = 462 D = 1612
76 1.30 (0.93|1.81) A = 52 B = 147 C = 427 D = 1566
73 1.30 (0.86|1.95) A = 33 B = 93 C = 444 D = 1622
54 1.29 (0.93|1.79) A = 53 B = 165 C = 393 D = 1581
25 1.28 (0.87|1.88) A = 38 B = 115 C = 418 D = 1621
96 1.27 (0.92|1.75) A = 55 B = 174 C = 392 D = 1571
85 1.26 (0.90|1.75) A = 52 B = 162 C = 402 D = 1576
33 1.26 (0.92|1.72) A = 60 B = 177 C = 415 D = 1540
17 1.25 (0.91|1.71) A = 60 B = 174 C = 424 D = 1534
20 1.24 (0.86|1.79) A = 41 B = 119 C = 442 D = 1590
14 1.24 (0.89|1.72) A = 53 B = 156 C = 427 D = 1556
49 1.23 (0.90|1.68) A = 58 B = 182 C = 402 D = 1550
83 1.23 (0.88|1.71) A = 52 B = 172 C = 389 D = 1579
15 1.23 (0.89|1.69) A = 56 B = 175 C = 406 D = 1555
70 1.22 (0.86|1.73) A = 45 B = 137 C = 427 D = 1583
29 1.21 (0.87|1.70) A = 51 B = 154 C = 426 D = 1561
57 1.21 (0.89|1.64) A = 61 B = 189 C = 410 D = 1532
26 1.19 (0.86|1.65) A = 53 B = 169 C = 411 D = 1559
50 1.18 (0.86|1.63) A = 55 B = 182 C = 398 D = 1557
90 1.18 (0.83|1.66) A = 47 B = 152 C = 415 D = 1578
89 1.17 (0.85|1.61) A = 55 B = 180 C = 405 D = 1552
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Table A1. Cont.

District ID Odds Ratio (95% CI) Contingency Table *

1 1.17 (0.84|1.62) A = 52 B = 171 C = 407 D = 1562
58 1.17 (0.85|1.60) A = 58 B = 187 C = 409 D = 1538
55 1.16 (0.83|1.63) A = 50 B = 158 C = 424 D = 1560
84 1.16 (0.80|1.68) A = 40 B = 126 C = 435 D = 1591
87 1.16 (0.82|1.64) A = 46 B = 150 C = 418 D = 1578
62 1.16 (0.83|1.61) A = 51 B = 171 C = 404 D = 1566
63 1.15 (0.83|1.58) A = 55 B = 183 C = 405 D = 1549
91 1.15 (0.83|1.58) A = 55 B = 183 C = 405 D = 1549
64 1.14 (0.83|1.56) A = 56 B = 187 C = 406 D = 1543
44 1.14 (0.82|1.58) A = 51 B = 178 C = 395 D = 1568
53 1.13 (0.80|1.60) A = 47 B = 156 C = 418 D = 1571
71 1.13 (0.81|1.56) A = 53 B = 186 C = 394 D = 1559
79 1.13 (0.80|1.59) A = 46 B = 153 C = 420 D = 1573
22 1.12 (0.80|1.56) A = 49 B = 160 C = 427 D = 1556
34 1.11 (0.79|1.58) A = 46 B = 154 C = 421 D = 1571
12 1.11 (0.81|1.53) A = 56 B = 180 C = 427 D = 1529
80 1.10 (0.79|1.54) A = 50 B = 167 C = 422 D = 1553
35 1.09 (0.74|1.62) A = 35 B = 120 C = 429 D = 1608
38 1.09 (0.76|1.54) A = 44 B = 159 C = 404 D = 1585
60 1.08 (0.77|1.53) A = 45 B = 170 C = 388 D = 1589
48 1.07 (0.78|1.48) A = 55 B = 192 C = 410 D = 1535
72 1.07 (0.78|1.48) A = 54 B = 191 C = 407 D = 1540
21 1.07 (0.70|1.61) A = 31 B = 107 C = 439 D = 1615
9 1.06 (0.75|1.49) A = 46 B = 165 C = 414 D = 1567
7 1.04 (0.74|1.47) A = 47 B = 162 C = 431 D = 1552
61 1.04 (0.74|1.48) A = 45 B = 167 C = 406 D = 1574
16 1.04 (0.76|1.44) A = 53 B = 188 C = 415 D = 1536
88 1.04 (0.73|1.49) A = 42 B = 153 C = 417 D = 1580
40 1.04 (0.75|1.43) A = 53 B = 191 C = 411 D = 1537
74 1.04 (0.75|1.44) A = 52 B = 184 C = 419 D = 1537
19 1.04 (0.74|1.45) A = 49 B = 175 C = 419 D = 1549
69 1.03 (0.72|1.48) A = 41 B = 149 C = 421 D = 1581
3 1.03 (0.73|1.44) A = 46 B = 179 C = 394 D = 1573
67 1.02 (0.74|1.41) A = 52 B = 188 C = 416 D = 1536
24 1.02 (0.73|1.42) A = 49 B = 177 C = 420 D = 1546
93 1.02 (0.70|1.47) A = 39 B = 151 C = 405 D = 1597
65 1.02 (0.73|1.41) A = 52 B = 189 C = 416 D = 1535
23 1.01 (0.71|1.44) A = 43 B = 159 C = 420 D = 1570
18 1.00 (0.66|1.52) A = 31 B = 109 C = 453 D = 1599
27 1.00 (0.71|1.39) A = 48 B = 179 C = 417 D = 1548
30 0.98 (0.70|1.38) A = 47 B = 183 C = 406 D = 1556
68 0.98 (0.68|1.41) A = 41 B = 154 C = 426 D = 1571
13 0.98 (0.70|1.37) A = 48 B = 178 C = 425 D = 1541
47 0.97 (0.68|1.37) A = 44 B = 167 C = 424 D = 1557
31 0.97 (0.68|1.37) A = 44 B = 170 C = 418 D = 1560
11 0.95 (0.67|1.33) A = 47 B = 182 C = 421 D = 1542
95 0.94 (0.67|1.32) A = 47 B = 189 C = 408 D = 1548
81 0.94 (0.65|1.35) A = 40 B = 157 C = 426 D = 1569
75 0.92 (0.61|1.38) A = 31 B = 133 C = 411 D = 1617
8 0.92 (0.65|1.30) A = 43 B = 170 C = 428 D = 1551
37 0.91 (0.57|1.46) A = 23 B = 96 C = 431 D = 1642
36 0.91 (0.62|1.33) A = 35 B = 153 C = 404 D = 1600
51 0.88 (0.63|1.24) A = 47 B = 196 C = 416 D = 1533
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Table A1. Cont.

District ID Odds Ratio (95% CI) Contingency Table *

52 0.86 (0.60|1.23) A = 40 B = 175 C = 417 D = 1560
39 0.83 (0.56|1.23) A = 33 B = 143 C = 439 D = 1577
78 0.82 (0.58|1.16) A = 42 B = 182 C = 433 D = 1535
59 0.81 (0.54|1.22) A = 30 B = 131 C = 447 D = 1584

* A = exposed with outcome; B = exposed without outcome; C = not exposed with outcome; D = not exposed
without outcome.
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