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ARTICLE INFO ABSTRACT

Keywords: Objectives: Meteorological factors may influence cardiovascular emergency incidence, but comprehensive na-
Out-of-hospital cardiac arrest (OHCA) tional evidence for out-of-hospital cardiac arrest (OHCA) associations remains limited. We investigated meteo-
Weather

rological associations with OHCA occurrence using complete national population data.

Study design: Population-based time-series retrospective, non-interventional analysis.

Methods: We conducted a population-based time-series analysis using the Hungarian National Ambulance Service
registry from November 2018 to December 2023. After excluding COVID-19 disruption period, 114830 OHCA
cases across 1584 days were analysed. Meteorological parameters included temperature, wind speed, atmo-
spheric pressure, humidity, and air quality. Associations were assessed using negative binomial regression
models with temporal lag structures (0-3 days). We used a rolling 30-day z-score to detect outlier days with high
OHCA cases and identified their unique weather conditions. Machine learning validation was performed with
XGBoost and SHAP interpretation.

Results: Daily OHCA incidence averaged 60-9 + 14-3 cases, peaking in winter (17-8 % higher than summer, p <
0-001). Each 1 °C temperature decrease was associated with a 1-4 % increase in daily OHCA incidence (IRR
0-986). Wind speed demonstrated inverse association (7-9 % decrease in OHCA incidence per-IQR effect; IRR
0-928). The highest-incidence days saw 31-9 % more cases, equivalent to 19 additional cases daily, linked to
adverse weather.

Conclusion: Meteorological factors demonstrate strong, predictable associations with OHCA incidence, with
extreme weather increasing rates by nearly one-third. The 3-day lag patterns enable weather-based early
warnings, supporting the integration of meteorological data into emergency response to reduce preventable
deaths.

Environmental exposure
Time factors

Population surveillance
Epidemiology

well-established determinants of OHCA outcomes,” > environmental

influences represent an increasingly recognised yet understudied and

1. Introduction

Out-of-hospital cardiac arrest (OHCA) remains a significant public
health challenge, with an estimated yearly incidence of 67-170 cases per
100,000 people across Europe and survival rates consistently below 10
%."? While emergency medical service response times, bystander car-
diopulmonary resuscitation, and healthcare system factors are

potentially underestimated dimension of cardiovascular emergency
epidemiology.

Emerging evidence suggests that meteorological conditions signifi-
cantly influence OHCA incidence through complex pathophysiological
mechanisms.’ ' Observational studies have documented marked
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seasonal variations in OHCA occurrence, with winter months showing
20-70 % higher incidence compared to summer periods.''~'® However,
most investigations have examined single meteorological parameters in
isolation, potentially missing important interaction effects and con-
founding relationships. Existing research has predominantly focused on
single-city analyses or limited regional populations, constraining
generalizability and preventing a comprehensive assessment of
population-level patterns.'*?° The lack of sophisticated temporal
analysis of weather and extreme weather conditions, particularly
regarding lagged effects of the latter, warrants further limited trans-
lation of meteorological associations into actionable clinical and public
health interventions.

Climate change intensifies the importance of understanding weather-
cardiovascular associations for emergency preparedness.’’*

Hungary provides an ideal setting for addressing these research gaps,
with its centralised National Ambulance Service ensuring complete
OHCA case ascertainment across 9-7 million inhabitants without the
selection biases inherent in multi-provider healthcare systems. This
unique organisational structure enables unprecedented examination of
meteorological influences on OHCA incidence while controlling for
healthcare system variations that confound international comparisons.

This study aimed to comprehensively investigate meteorological
associations with OHCA occurrence using complete national population
data. Specifically, we sought to quantify associations between atmo-
spheric conditions and daily OHCA incidence, characterise temporal lag
patterns, validate findings through machine learning approaches, and
assess the impact of extreme weather events on cardiovascular emer-
gency burden. These findings aim to provide evidence for developing
weather-based early warning systems and support targeted prevention
strategies in the context of measurable changes in climate patterns.

2. Methods
2.1. Study Design and data sources

We conducted a population-based time-series analysis utilising the
complete Hungarian National Ambulance Service (HNAS) registry from
November 1, 2018, to December 31, 2023. OHCA cases were identified
from the national registry using standardised emergency response codes
with daily aggregation by occurrence date. Meteorological and air
quality data were obtained from the Hungarian Meteorological Service
as nationwide daily averages. Although event-location-specific mea-
surements would be ideal, preliminary spatial correlation analyses
demonstrated consistently high inter-station agreement for daily tem-
perature (mean Pearson r > 0-85), indicating that national averages
reliably reflect country-wide meteorological conditions in the examined
study period. To capture rapid atmospheric changes and relevant tem-
perature gradients, daily maximum temperature change was included as
a covariate.

2.2. Environmental exposure assessment

Meteorological parameters were systematically evaluated for multi-
collinearity using variance inflation factors (VIF). Weather index
(composite atmospheric stability measure) and global radiation sum
demonstrated VIF values > 10 and were excluded to ensure model sta-
bility and parameter interpretability. Primary parameters included daily
average temperature (°C), Air Quality Index (AQI), wind speed (m/s),
diurnal temperature range (DTR), daily maximum temperature change,
atmospheric pressure (hPa), weather index (WEI), relative humidity
(%), and global radiation sum (J. /cm?). Additional day-to-day difference
variables were calculated for AQI, wind speed, atmospheric pressure,
WEL and relative humidity (Supplementary Table 1).
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2.3. Temporal classification and covariate definition

The analysis period was stratified according to COVID-19 pandemic
phases based on documented healthcare utilisation patterns and na-
tional emergency declarations. Pre-pandemic conditions were defined as
the period preceding March 3, 2020; the acute pandemic phase
encompassed March 4, 2020, through December 31, 2020; and the post-
acute phase commenced January 1, 2021, based on Hungarian national
legal regulations.”>*°

While there were two distinct COVID-19 mortality peaks in Hungary
(November 2020-March 2021 and November 2021-March 2022), we
excluded only the acute pandemic phase for the following reasons: (1)
the first wave created unprecedented healthcare system disruption
including fundamental changes to emergency medical service protocols
and population mobility restrictions that fundamentally confounded
OHCA epidemiology; (2) by January 2021, substantial vaccination
coverage and healthcare system adaptation had normalized emergency
service operations; (3) including the 2021-2023 period provided
essential multi-year winter observations while also minimized
confounding.

Statistical analyses included 1584 days after the COVID-19 period
exclusion. Temporal lag analysis utilised 1581 days (accounting for 3-
day maximum lag), while machine learning models required complete
feature matrices across all lag periods analysed, total of 1526 days. The
exclusion of the COVID-19 period minimized confounding from
pandemic-related mortality excess, healthcare utilisation changes, and
altered population behavioural patterns. Seasonal classifications fol-
lowed established cardiovascular epidemiological conventions, with
winter defined as October through March and summer encompassing
April through September, corresponding to documented temperate
climate cardiovascular risk periodicity.”’

2.4. Statistical analysis framework

Primary analysis employed negative binomial regression models
with logarithmic link functions to model daily OHCA counts. Temporal
lag analysis incorporated weather exposures from 0 to 3 days prior to
OHCA occurrence. Incidence rate ratios (IRR) and 95 % confidence in-
tervals were calculated for clinical interpretation.”® ! The 0-3-day lag
window reflects established cardiovascular physiological responses to
environmental stimuli, encompassing immediate sympathetic activation
(0-day), inflammatory responses (1-2 days), and cumulative physio-
logical stress (3-day) as documented in cardiovascular environmental
epidemiology.®*°

2.5. Extreme OHCA incidence days analysis

Days with exceptional OHCA case numbers were identified using
rolling 30-day z-scores, with values > 1-28 and <-1-28 defining high and
low OHCA incidence days (top/bottom 10th percentiles). Two-
dimensional Gaussian kernel density estimation (KDE) employing a
bandwidth parameter of 0-4 was utilised to assess meteorological
parameter distributions on extreme OHCA days through density ratio
mapping techniques.

2.6. Machine Learning Validation and predictive modelling

Gradient boosting regression (XGBoost) provided independent
methodological validation capturing non-linear exposure-response re-
lationships. Weather predictors incorporated 0-3 day lag structures,
while antecedent OHCA patterns used 1-7 day lags. SHAP analysis
quantified individual parameter contributions to predictions.
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2.7. Missing data management

Missing environmental observations were addressed through com-
plete case deletion following temporal data alignment to ensure
analytical robustness. Temperature measurements with minimal
missing values (<0-2 %, missing completely at random) underwent
median imputation using daily averages from the complete observation
period. All statistical analyses were restricted to days with complete
environmental exposure and OHCA outcome data to prevent bias from
differential missingness patterns.

2.8. Convergence validation

Model performance evaluation utilised the coefficient of determi-
nation, mean squared error, and root mean squared error metrics
applied to holdout testing datasets. Statistical significance was defined
as p < 0-05. Bonferroni correction was applied specifically to the three
seasonal comparison tests (adjusted a = 0-017). Primary scientific
inference was based on the comprehensive multivariate meteorological
model representing a single confirmatory analysis, while exploratory
univariate analyses served hypothesis generation consistent with
established environmental epidemiological practice. Temporal auto-
correlation in daily count data was assessed through residual analysis.

All analyses were implemented using Python (Python Software
Foundation. (2022). Python Language Reference, version 3-9), with
specialised libraries including pandas for data manipulation, scikit-learn
for machine learning implementations, XGBoost for gradient boosting,
statsmodels for generalised linear modelling, and SHAP for model
interpretability assessment.

3. Results
3.1. Study population and temporal distribution

During the study period, a total of 132,065 OHCA cases were
recorded. After excluding the COVID-19 period to minimise confound-
ing from pandemic-related mortality excess and healthcare system dis-
ruptions, the final analysis included 114,830 cases across 1584 days.
The overall mean age was 69-7 + 14-2 years, with 58-5 % male
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predominance. Daily OHCA incidence ranged from 27 to 130 cases per
day (mean: 60-9 + 14-3 cases/day).

3.2. Seasonal variation in OHCA incidence

Pronounced seasonal variation was observed in daily OHCA inci-
dence (Fig. 1). Winter months demonstrated consistently higher OHCA
rates compared to summer months, with a mean daily incidence of 65-6
+ 15-1 versus 55-7 + 11-4 cases (difference: 9-9 cases/day, 95 % CL:
8-6-11-2; Supplementary Table 2). Median daily incidence showed
similar patterns (winter: 63-0 cases [IQR 55-0-74-0] vs summer: 54-0
cases [IQR 48-0-62-0], difference: 9-0 cases [95 % CI 7-0-12-0]). This
seasonal difference represents a 17-8 % relative increase in winter OHCA
incidence.

Statistical testing confirmed robust seasonal differences across mul-
tiple analytical approaches. The Mann-Whitney U test (U = 434-874, p
< 0-001) and Kolmogorov-Smirnov test (D = 0-289, p < 0-001) all
remained highly significant after Bonferroni correction for multiple
testing (Supplementary Table 2).

3.3. Meteorological associations with OHCA incidence

WEI and global radiation sum demonstrated VIF values exceeding 10
and were excluded from the final analytical framework to ensure model
stability and interpretability.

3.4. Univariate weather parameter analysis

Univariate negative binomial regression analysis identified several
meteorological parameters significantly associated with daily OHCA
incidence (Table 1). Daily mean temperature demonstrated the strongest
association, with each 1 °C decrease associated with a 1-4 % increase in
OHCA incidence (IRR = 0-990, 95 % CI: 0-988-0-991, p < 0-001),
relative to baseline. When expressed in clinically interpretable units,
each interquartile range increase in temperature (14-5 °C) corresponded
to a 13-6 % decrease in daily OHCA incidence (Table 2).

Diurnal temperature range showed a significant association, with
each 1 °C increase associated with a 1-2 % decrease in OHCA incidence
(IRR = 0-988, 95 % CI: 0-986-0-991, p < 0-001) (Supplementary

Monthly Variation in Out-of-Hospital Cardiac Arrest Incidence
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Fig. 1. Monthly Variation in OHCA Incidence Monthly distribution of daily OHCA incidence demonstrating pronounced seasonal variation across the study period.
Bars represent mean daily cases + standard deviation for each calendar month, with winter months (October—-March) shown in blue and summer months
(April-September) shown in red. Winter months consistently demonstrate higher OHCA incidence compared to summer months, with peak incidence occurring
during December and January. N = 1584 total days (852 winter days, 732 summer days) with complete data. Seasonal definitions: Winter months = October through
March; Summer months = April through September, following established cardiovascular epidemiological conventions for temperate climate regions. Abbreviations:

OHCA = Out-of-Hospital Cardiac Arrest; SD = Standard Deviation.
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Table 1

Primary meteorological associations with daily OHCA incidence.
Parameter Observed Range (Mean + SD) Univariate Models Multivariate Model % Change per IQR}

IRR 95 % CI p-value IRR 95 % CI p-value

Primary temperature associations
Mean temperature (°C) —6-8 to 30:6 (122 + 8:4) 0-990 0-988-0-991 <0-001 0-986 0-984-0-987 <0-001 —20-0 %
Diurnal temperature range (°C) 0-7 to 21-4 (89 + 4-0) 0-988 0-986-0-991 <0-001 0-998 0-994-1-001 0-185 -1-5%
Atmospheric dynamics
Wind speed (m/s) 0:6to 7-0 (2:1 = 0-9) 0-989 0-979-0-999 0-033 0-928 0-912-0-943 <0-001 -7-9%
Barometric pressure (hPa) 981-4 to 1042-1 (10132 + 10-1) 1-000 0-999-1-001 0-840 0-998 0-996-0-999 0-001 —-3-8%
Relative humidity (%) 31-2t097-8 (71-2 +£ 12:4) 1.003 1-002-1-004 <0-001 0-998 0-997-0-999 <0-001 -39%
Air quality and variability
AQI 25-8 to 88:6 (36-0 = 7-0) 0-999 0-998-1-001 0-213 0-994 0-992-0-995 <0-001 —5-0 %
Wind speed daily difference —4.7 t0 4-3 (—0-0 = 1-0) 1-006 0-996-1-017 0-230 1-049 1-032-1-066 <0-001 +4-8 %
Pressure daily difference —18:5t0 19-8 (—0-0 + 4-7) 0-998 0-996-1-000 0-061 0-998 0-996-1-001 0-265 —0-8%

The table presents associations between retained meteorological parameters and daily OHCA incidence using negative binomial regression models. Univariate models
assess individual parameter associations, while the multivariate model includes all retained meteorological parameters simultaneously to identify independent as-
sociations while controlling for variable confounding. Parameters were systematically evaluated for multicollinearity using variance inflation factors, with weather
index and global radiation excluded due to VIF >10 to ensure model stability. Analysis excluded the COVID-19 disruption period (March 4, 2020-December 31, 2020)
to minimise healthcare system confounding effects. All models account for overdispersion using a negative binomial distribution with dispersion parameter o« = 0-030.
Clinical effect sizes (% change per IQR) represent population-level risk changes during typical seasonal meteorological variation. Abbreviations: CI, confidence
interval; COVID-19, coronavirus disease 2019; hPa, hectopascals; IQR, interquartile range; IRR, incidence rate ratio; OHCA, out-of-hospital cardiac arrest; VIF,
variance inflation factor. Notes: IRR values of parameters achieving statistical significance in multivariate models shown in bold. Six independent meteorological
predictors were identified: mean temperature, wind speed, barometric pressure, relative humidity, air quality index, and wind speed daily variability. {Multivariate
model represents a single comprehensive test of meteorological associations with OHCA incidence, including all retained parameters simultaneously. §Clinical
interpretation calculated as: (IRR'IQR - 1) x 100, where IQR represents the interquartile range for each parameter during the study period. IRR <1-0 indicates
decreased OHCA risk (negative association), while IRR >1-0 indicates increased OHCA risk (positive association). N = 1584 days with complete meteorological and
outcome data. Multivariate model goodness-of-fit: pseudo-R* = 0-213, dispersion parameter = 0-943, indicating appropriate model specification and overdispersion
control.

Table 2
Clinical effect size translation and absolute daily case impact at the national level.
Parameter Parameter IQR IRR per IRR per % Change per  Population Multivariate IRR Multivariate % Multivariate
Unit IQR IQR Impact} per IQR Change Impact
Temperature Parameters
Mean temperature 14-5 °C (IQR) 0-990 0-864 -13:6 % 8-3 fewer cases/ 0-799 —20-0 % 12-2 fewer cases/
day day
Per 10°C increase 10-0 °C 0-990 0-900 —10-0 % 6-1 fewer cases/  0-859 -141 % 8-6 fewer cases/
(reference) day day
Diurnal temperature 6-2 °C (IQR) 0-988 0-928 -72% 4.4 fewer cases/ 0-985 -15% 0-9 fewer cases/
range day day
Atmospheric Dynamics
Wind speed 1-1 m/s (IQR) 0-989 0-988 -12% 0-7 fewer cases/ 0-921 -79% 4.8 fewer cases/
day day
Barometric pressure 12.9 hPa (IQR): 1-000 1-005 +0-5 % 0-3 more cases/ 0-962 —-3-8% 2-3 fewer cases/
day day
Relative humidity 18-8 % (IQR) 1-003 1-056 +5:6 % 3-4 more cases/ 0-961 -39% 2.4 fewer cases/
day day
Air Quality and Variability
Air quality index 7-9 units (IQR) 0-999 0-993 —0-7 % 0-4 fewer cases/  0-950 —5-0% 3.0 fewer cases/
day day
Wind speed daily 1-0 m/s (IQR) 1-006 1-006 +0-6 % 0-4 more cases/ 1-048 +4-8 % 2-9 more cases/
difference day day
Seasonal Comparison
Winter vs Summer 9-9 cases/day - - +17-8 % 9-9 more cases/ - - -
difference day

Clinical interpretation of meteorological associations translated into population-level health impacts, comparing univariate and multivariate model results. Effect sizes
expressed as per cent change in daily OHCA incidence per interquartile range (IQR) change in meteorological parameters. IQR values represent the interquartile range
width (Q3-Q1) for each meteorological parameter. Population impact calculated as absolute change in daily case counts based on study period mean incidence (60-9
cases/day) and observed effect sizes. Multivariate effects demonstrate substantial strengthening for most parameters when controlling for confoundings. Abbrevia-
tions: IQR, interquartile range; IRR, incidence rate ratio; OHCA, out-of-hospital cardiac arrest. Notes: fPopulation impact calculated as: (Study mean daily cases x %
change per IQR). Negative values indicate protective effects (fewer cases). {Barometric pressure IQR calculated from daily pressure values. IQR values derived from
study period meteorological data (November 2018-December 2023, excluding the COVID-19 period). Clinical interpretation assumes causality and population-level
exposure changes. Dramatic differences between univariate and multivariate effects highlight the importance of controlling for meteorological confounding.

Table 5). Relative humidity demonstrated a small but significant posi- 3.5. Multivariate weather parameter analysis

tive association (IRR = 1-003, 95 % CI: 1-002-1-004, p < 0-001). Wind

speed showed a modest but statistically significant protective associa- Multivariate negative binomial models, simultaneously revealed six
tion (IRR = 0-989, 95 % CI: 0-979-0-999, p = 0-033), while barometric parameters with statistically significant independent associations with
pressure daily differences demonstrated a non-significant protective daily OHCA incidence, indicating substantial confounding and interac-
trend (IRR = 0-998, 95 % CI: 0-996-1-000, p = 0-061). tion effects among atmospheric variables (Table 1). The final
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multivariate model demonstrated excellent fit characteristics (disper-
sion parameter = 0-943, pseudo-R? = 0.-213), indicating appropriate
model specification and over-dispersion control.

Temperature associations strengthened in multivariate analysis, with
each 1 °C increase associated with a 1-4 % decrease in OHCA incidence
(IRR = 0-986, 95 % CI: 0-984-0-987, p < 0-001).

Wind speed demonstrated the most dramatic change, with multi-
variate analysis revealing a strong protective association (IRR = 0-928,
95 % CI: 0-912-0-943, p < 0-001) representing a 7-2 % decrease in OHCA
incidence per 1 m/s increase.

Additional parameters achieving significance in multivariate models
included barometric pressure (IRR = 0-997, 95 % CIL: 0-996-0-999, p =
0-001), relative humidity (IRR = 0-998, 95 % CI: 0-997-0-999, p <
0-001), and wind speed daily variability (IRR = 1-049, 95 % CI: 1-032-
1-066, p < 0-001). Notably, diurnal temperature range effects were
attenuated and became non-significant in multivariate analysis (IRR =
0-998, 95 % CI: 0-994-1-001, p = 0-185).

Clinical translations of effect sizes and population-level impact es-
timates are presented in Table 2.

3.6. Temporal lag structure analysis

Comprehensive lag structure analysis (0-3 days) revealed distinct
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(Supplementary Table 6). Temperature showed strongest associations at
a 3-day lag in univariate analysis (IRR = 0-991, 95 % CI: 0-986-0-996, p
< 0-001), with multivariate models showing tendentiously similar, but
non-significant delayed effects (IRR = 0-991, 95 % CI: 0-981-1-000, p =
0-062).

Wind speed demonstrated increasingly strong protective effects with
longer lag periods, particularly in multivariate analysis. The 3-day lag-
ged wind speed showed the strongest association (IRR = 0-959, 95 % CI:
0-946-0-972, p < 0-001), suggesting cumulative benefits from sustained
atmospheric circulation rather than acute protective effects.

Diurnal temperature range exhibited immediate effects with same-
day exposure showing significant associations in univariate (IRR =
0-993, 95 % CI: 0-990-0-997, p < 0-001) models, but non-significant
multivariate models (IRR = 0-995, 95 % CI: 0-989-1-000, p = 0-059).
Barometric pressure showed significant delayed effects at a 3-day lag in
univariate analysis (IRR = 1-003, 95 % CIL: 1-000-1-006, p = 0-027),
while multivariate models demonstrated significant immediate effects
only (IRR = 0-998, 95 % CI: 0-997-0-999, p = 0-001) (Supplementary
Table 6).

3.7. Seasonal patterns in extreme OHCA days

Seasonal stratification of extreme OHCA incidence days revealed

temporal patterns for different meteorological parameters distinct temperature patterns. During winter months, days with high
Meteorological Parameter Distribution Analysis on Extreme OHCA Days
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Fig. 2. Meteorological Parameter Distributions on Extreme Out-of-Hospital Cardiac Arrest Incidence Days During Winter Months

Distribution analysis of meteorological parameters on days with extreme out-of-hospital cardiac arrest (OHCA) incidence during winter months (October-March).
Extreme OHCA days were identified using rolling 30-day z-scores within the winter period, with the top and bottom 10th percentiles representing high and low
OHCA incidence days, respectively. Panel A: Kernel density estimation of daily mean temperature distributions demonstrates that high OHCA days occurred at colder
temperatures (mean: 5-64 °C) compared to low OHCA days (mean: 6-36 °C), representing a 0-72 °C difference. Vertical dashed lines indicate distribution centers of
mass. Panel B: One-dimensional density ratio heatmaps illustrate the relative density of extreme OHCA days compared to all winter days across the temperature
spectrum. Colors represent density ratios, with red indicating higher relative occurrence and blue indicating lower relative occurrence of extreme days. Vertical
dashed lines represent the 5th and 95th percentiles of temperature distributions. Panel C: Air Quality Index (AQI) kernel density distributions show high OHCA days
occurred on days with slightly better air quality (mean: 36-15) compared to low OHCA days (mean: 36-87). Panel D: AQI density ratio heatmaps across the air quality
spectrum. Analysis period: November 2018-December 2023, excluding COVID-19 disruption period (March 2020-December 2020). N = 852 winter days; high OHCA
days n = 85; low OHCA days n = 85. Abbreviations: AQI, Air Quality Index; OHCA, out-of-hospital cardiac arrest.
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OHCA incidence occurred at mean temperatures of 5-64 °C compared to
6-36 °C for days with low OHCA incidence (difference: 0-72 °C). This
difference was reflected in the full temperature distributions, where the
kernel density curve for high OHCA days was shifted toward colder
conditions, with a clear separation between the centers of the distribu-
tions (mean 5-64 °C vs 6-36 °C for high vs low OHCA days). The density
ratio analysis further showed disproportionate concentration of high
OHCA days at temperatures below 4 °C (red regions) and underrepre-
sentation at warmer winter temperatures above 8 °C (blue regions). Air
quality patterns showed an opposite tendency and were consistent with
a meteorological mechanism in which cold, dry air masses produce both
lower temperatures and clearer conditions. Consistent with this pattern,
air quality index values during winter high OHCA days were slightly
lower than during low OHCA days (mean 36-15 vs 36-87 AQI; Fig. 2).

During summer months, high OHCA incidence days occurred under
slightly warmer and more polluted conditions, with mean temperatures
of 19-37 °C compared to 19-17 °C for low OHCA days (difference:
+0-20 °C). Air quality index values were higher during summer high
OHCA days (34-06 units) compared to low OHCA days (33-39 units)
(Supplementary Fig. S1).

Analysis across all seasons showed only minimal differences in

Table 3
Summary of key findings: Meteorological associations with OHCA incidence.
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average temperature between high and low OHCA incidence days, with
mean values of 12-13 °C versus 12.21 °C (difference: 0-08 °C)
(Supplementary Table 7). AQI values were higher on days with extreme
OHCA incidence (36-08 units) compared with low-incidence OHCA days
(35-05 units), indicating slightly poorer air quality on days characterised
by unusually high OHCA case numbers (Supplementary Fig. S2).

During winter, high-incidence OHCA days occurred at slightly colder
temperatures (mean 5-64 °C vs. 6-36 °C) and at marginally lower AQI
values compared with low-incidence days (Fig. 2). Density-ratio heat-
maps demonstrated a disproportionate clustering of high-OHCA days at
temperatures below 4 °C.

3.8. Machine Learning Validation and predictive modelling

XGBoost models incorporating all meteorological parameters and
their temporal lags achieved moderate predictive performance (R? =
0-22 on test data, RMSE = 13.2 cases/day) (Table 3). SHAP value
analysis confirmed temperature and wind speed parameters as the most
influential environmental predictors of daily OHCA incidence (Fig. 3).

The SHAP analysis revealed that lower temperatures and reduced
wind speeds consistently contributed to increased OHCA risk

Finding Category Parameter/Comparison

Key Values

Interpretation

Seasonal Variation Winter vs Summer

Winter: 65-6 + 15-1 cases/day

17-8 % relative increase in winter OHCA incidence

Summer: 55-7 + 11-4 cases/day
Difference: 9-9 cases/day (95 % CI:
8:6-11-2)

Statistical significance

Mann-Whitney U: 434-874 (p <
0-001)

Highly significant after Bonferroni correction

Kolmogorov-Smirnov: D = 0-289 (p
< 0:001)

Study period

1584 days total

Nov 2018-Dec 2023, COVID-19 period excluded

Winter: 852 days
Summer: 732 days

Primary Meteorological Associations Mean temperature

Wind speed

IRR: 0-986 (95 % CI: 0-984-0-987) p
(Multivariate) < 0-001
IRR: 0-928 (95 % CI: 0-912-0-943) p

1-4 % increase in OHCA per 1 °C decrease; 20-0 %
change per IQR
7-9 % decrease in OHCA per IQR increase; protective

Extreme Weather Day Characteristics

Model Performance Metrics

Machine Learning Validation

Barometric pressure

Relative humidity

Air Quality Index (AQI)
Temporal lag pattern
High-risk days (top 10 %)
Normal weather days

Low-risk days (bottom 10 %)
Temperature patterns (winter)
Multivariate negative binomial
model

Enhanced lag structure model
XGBoost (meteorological only)

Enhanced XGBoost (with OHCA
history)

< 0-001

IRR: 0.998 (95 % CI: 0-996-0-999) p
= 0-001

IRR: 0.998 (95 % CI: 0-997-0-999) p
< 0-001

IRR: 0.994 (95 % CI: 0-992-0-995) p
< 0-001

Strongest effects at 3-day lag

Mean: 79-7 + 15-3 cases/day
Range: 55-130 cases

Mean: 60-4 + 12-2 cases/day
Range: 33-103 cases

Mean: 47-1 + 9-8 cases/day
Range: 28-78 cases

High OHCA days: 5-64 °C
Low OHCA days: 6-36 °C
Difference: 0-72 °C
Pseudo-R%: 0-213

Dispersion parameter: 0-943
Pseudo-R%: 0-269

Dispersion parameter: 0-903
R* 0-22

RMSE: 13-2 cases/day

R”: 0-50

RMSE: 10-1 cases/day

association
3-8 % change per IQR; significant association

3-9 % change per IQR; protective in multivariate
model
5-0 % change per IQR; significant protective effect

Cumulative physiological stress rather than acute
triggering

31-9 % increase vs normal days; ~19 additional
cases/day

Reference baseline (80 % of all days)

22-1 % decrease vs normal days

High OHCA days associated with colder temperatures

Excellent fit, appropriate overdispersion control
Improved performance with optimal lag structures

Temperature and wind speed most influential
predictors

Substantial improvement with 1-7 day antecedent
OHCA patterns

The table consolidates all primary quantitative findings from the study, enabling rapid reference to key meteorological associations, seasonal patterns, extreme weather
impacts, and model validation results. All analyses excluded the COVID-19 disruption period (March 4, 2020-December 31, 2020). Statistical significance defined as p
< 0-05 with Bonferroni correction applied to seasonal comparisons (adjusted « = 0-017). Extreme OHCA days identified using rolling 30-day z-score methodology (z >
1-28 or z < —1-28 representing top/bottom 10 %). Multivariate models include all meteorological parameters simultaneously to control for confounding. Abbrevi-
ations: AQI, Air Quality Index; CI, confidence interval; COVID-19, coronavirus disease 2019; IRR, incidence rate ratio; IQR, interquartile range; OHCA, out-of-hospital

cardiac arrest; RMSE, root mean square error.
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predictions, corroborating the parametric regression findings. Among
lagged effects, 3-day temperature and wind speed parameters ranked
highest in feature importance, confirming the temporal patterns iden-
tified in negative binomial models.

Enhanced XGBoost models incorporating 1-7-day antecedent OHCA
occurrence patterns alongside statistically significant meteorological
parameters achieved improved predictive performance (R? = 0.50,
RMSE = 10-1 cases/day) compared to meteorological-only models (R?
= 0-22, RMSE = 13-2 cases/day).

3.9. Model diagnostics and statistical validation

Negative binomial regression models appropriately addressed over-
dispersion evident in preliminary Poisson models (Supplementary
Table 8). Univariate models showed dispersion parameters ranging from
0-99 to 1-24, with several parameters exceeding the overdispersion
threshold. The multivariate model achieved excellent fit characteristics
of the combined meteorological model explaining 21-3 % of daily OHCA
variation. Enhanced models incorporating lag structures demonstrated
further improvement, achieving a pseudo-R? of 0-269 with a dispersion
parameter of 0-903.

4. Discussion

This national analysis demonstrates significant associations between
meteorological factors and OHCA incidence. Each 1 °C decrease in daily
temperature was associated with a 1-4 % increase in OHCA incidence.
Pronounced seasonal variation was observed, with winter months
demonstrating 17-8 % higher daily OHCA incidence compared to sum-
mer months. Independent validation through extreme case day analysis
confirmed these associations: days with the highest OHCA case numbers
were characterized by meteorological patterns consistent with regres-
sion findings, particularly lower temperatures and reduced atmospheric
circulation. The 3-day lag pattern enables weather-based prediction and
intervention strategies.

These associations suggest potential clinical applications. Weather
forecasts provide a 1-3-day advance warning for healthcare resource
allocation and emergency preparedness.”’>° The 319 % increased
incidence during extreme weather suggests potential for burden reduc-
tion through targeted interventions, pending confirmation of causal
relationships. Emergency medical services can optimise staffing and
equipment distribution based on meteorological forecasts. Healthcare
providers could implement enhanced monitoring for vulnerable pop-
ulations during high-risk weather periods, particularly elderly patients
and those with cardiovascular disease, following temperature
drops. 214043

The 17-8 % winter increase in cardiac arrest incidence supports
systematic seasonal risk stratification. Community outreach programs
can deliver targeted prevention messages during high-risk periods,
emphasising thermal protection and medication adherence and support
for those who need it. These predictable associations warrant future
automated early warning systems integrating meteorological data with
population health surveillance.?!->%4447

Cold exposure triggers sympathetic activation, vasoconstriction, and
increased cardiac workload.”®*®*° The 3-day lag suggests cumulative
physiological stress rather than acute triggering. The inverse wind speed
association may reflect enhanced atmospheric circulation and air qual-
ity, with cumulative benefits from sustained circulation.’*>*

Although multiple studies describe a J-shaped temperature rela-
tionship, our findings showed that linear models for assessment of cold-
related association were consistent with several non-linear exposure-
response specifications, including cubic spline transformations, higher-
order polynomial fits, and fully non-linear machine learning models
(XGBoost with SHAP interpretation). Hungary's temperate climate pro-
vides limited exposure to extreme heat, reducing the visibility of the
upper “heat-related” limb of the J-curve.
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Our national approach eliminates selection bias while contributing
novel extreme weather quantification consistent with international
studies, 10:13/40,54-57

Our extreme weather validation addresses a critical gap in health-
related environmental epidemiology, where traditional analyses as-
sume linear associations without examining meteorological outlier im-
pacts. Demonstrating that extreme conditions account for
disproportionate cardiovascular burden provides crucial evidence for
emergency preparedness. 10,58,59 Convergent validation across negative
binomial regression, machine learning, and temporal analyses estab-
lishes methodological standards while confirming result robustness.

Daily OHCA incidence exhibited marked short-term variability dur-
ing the study period. Our multivariate meteorological model explained
21-3 % of this variability, indicating that while weather contributes
meaningfully, additional temporal, behavioral, and healthcare factors
likely influence daily fluctuations. Extreme-day analysis further showed
that the highest 10 % of incidence days averaged approximately 19
additional cases relative to typical days, underscoring the operational
importance of anticipating sudden surges. These findings support the
potential utility of early warning systems that combine meteorological
forecasts with recent OHCA patterns to enhance emergency
preparedness.

The substantial performance improvement when incorporating his-
torical OHCA patterns demonstrates that while meteorological factors
provide meaningful predictive information for cardiovascular emer-
gency preparedness, antecedent case patterns represent stronger short-
term predictors. This finding supports the development of hybrid fore-
casting systems that combine meteorological monitoring with epide-
miological surveillance.

Several aspects strengthen this investigation. Our statistical
approach, incorporating negative binomial modelling, comprehensive
lag analysis, and multiple validation methods, provides robust evidence
within observational constraints, %>

The generalizability of these findings warrants careful consideration.
While Hungary's temperate continental climate and centralised EMS
provide ideal conditions for comprehensive meteorological-health
relational research, extrapolation to regions with different climatic
patterns, healthcare infrastructures, or population characteristics re-
quires appropriate confounding handling and validation. The magnitude
of associations may vary in populations with different baseline cardio-
vascular risk profiles, EMS adaptive capacities, or environmental expo-
sure patterns.

Our rolling z-score methodology for extreme weather event detec-
tion represents a broadly applicable framework extending beyond car-
diovascular epidemiology. This approach enables identification of
meteorological conditions associated with health outcome surges while
maintaining statistical rigor across diverse parameter ranges. The
technique's ability to generate meaningful insights across the complete
meteorological spectrum, combined with its adaptability to various
health outcomes and geographic contexts, establishes a generalizable
tool for environmental health surveillance and early warning system
development.

Limitations include the population-level design's inability to account
for individual factors, potential microenvironmental variations.®%>
Area-level meteorological measurements using national daily averages
may not fully capture spatial heterogeneity during extreme weather
events such as cold fronts, which can create temperature gradients
across the country. While preliminary correlation analysis indicated
high spatial consistency for typical weather patterns (r > 0-85), indi-
vidual extreme events may affect regional OHCA risk differently than
captured by national averages. Single-country analysis may limit
generalizability to different climates, healthcare systems, or
populations, |01 1:21:26,55:56,63-65

This national analysis provides evidence that meteorological factors
have significant associations with OHCA incidence. Each 1 °C decrease
in daily mean temperature was associated with a 1-4 % increase in daily
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Model Performance:
R? = 0.222

RMSE = 13.2 cases/day
N = 1,526 days

T avg °C (t-3)

T avg °C (t)

AQI (t) o
Wind Speed (t-3)
Wind Speed (t-2)
Wind Speed (t-1)
Pressure A (t)
T avg °C (t-1)
T avg °C (t-2)
DTR (t-3)
AQI (t-3)
Wind Speed A (t-3)

Meteorological Features

Wind Speed (t)
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Daily Temp Change (t-3)
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Daily Temp Change (t-2)
Daily Temp Change (t-1)
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Fig. 3. Machine Learning Validation of Meteorological Associations with OHCA Incidence SHAP feature importance analysis from XGBoost regression demonstrating
the relative predictive contribution of meteorological parameters to daily OHCA incidence. Features are ranked by absolute mean SHAP value, indicating each
parameter's average impact on model predictions across all observations. The model incorporated meteorological parameters with temporal lag structures (0-3 days
prior to OHCA occurrence) to capture delayed physiological responses to atmospheric conditions. Model performance: R? = 0-222, RMSE = 13-2 cases/day. Analysis
validates primary statistical findings through independent machine learning methodology, demonstrating temperature and wind speed parameters as dominant
environmental predictors. Data points represent individual predictions coloured by feature value magnitude (red = high values, blue = low values). Each dot
represents the SHAP value for a specific observation, with horizontal spread indicating the distribution of feature impacts across the dataset. N = 1526 days with
complete meteorological and outcome data. Abbreviations: AQI = Air Quality Index; DTR = Diurnal Temperature Range; OHCA = Out-of-Hospital Cardiac Arrest;
RMSE = Root Mean Square Error; SHAP = SHapley Additive exPlanations; A = daily difference (day-to-day change). Temporal notation: (t) = same day as OHCA
occurrence; (t-1) = 1 day prior to OHCA; (t-2) = 2 days prior to OHCA; (t-3) = 3 days prior to OHCA.

OHCA incidence, while reduced wind speed showed strong protective
associations (7-9 % decrease in OHCA incidence per interquartile range
increase). Pronounced seasonal variation demonstrated 17-8 % higher
winter incidence compared to summer months. The predictable 3-day
lag patterns and robust seasonal variations enable the practical imple-
mentation of weather-based early warning systems and targeted pre-
vention strategies.

For clinical implementation, we recommend monitoring five key
meteorological parameters: (1) daily mean temperature with 3-day lag
consideration, (2) wind speed patterns, (3) barometric pressure changes,
(4) relative humidity levels, and (5) air quality indices. Early warning
systems should trigger enhanced emergency preparedness when daily
temperature drops exceed 5 °C, wind speeds fall below 2 m/s, or

combined adverse meteorological conditions are forecast.

These findings translate to substantial population health impact,
with seasonal variation alone representing approximately 10 additional
daily cases during peak winter months nationally. Through meteoro-
logically informed emergency preparedness and clinical interventions,
healthcare systems can anticipate and respond to predictable increases
in cardiovascular emergency burden. As climate change increases
extreme weather frequency, integrating meteorological monitoring with
cardiovascular emergency response represents a promising approach,
warranting further investigation.°® The development and implementa-
tion of weather-responsive healthcare systems should become a priority
for targeted population health initiatives aimed at reducing preventable
cardiovascular mortality.
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Glossary

AIC - Akaike Information Criterion
AQI - Air Quality Index

CI - Confidence Interval
COVID-19 - Coronavirus Disease 2019

DTR - Diurnal Temperature Range

hPa - Hectopascals (unit of atmospheric pressure)

IRR - Incidence Rate Ratio

IQR - Interquartile Range

J/em? - Joules per square centimetre (unit of solar radiation)
KDE - Kernel Density Estimation

m/s - Metres per second (unit of wind speed)

OHCA - Out-of-Hospital Cardiac Arrest

RZ- Coefficient of Determination

RMSE - Root Mean Square Error

SD - Standard Deviation

SHAP - SHapley Additive exPlanations

VIF - Variance Inflation Factor

WEI - Weather Index (composite atmospheric stability measure)

XGBoost - eXtreme Gradient Boosting

Appendix A. Supplementary data

Supplementary data to this article can be found online at https://doi.
org/10.1016/j.puhe.2026.106145.
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