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Measuring the impact of climate and air
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Abstract

This comparative study investigates the non-linear influence of nine meteorological and air quality factors on
COVID-19 transmission in Daegu and Seoul, South Korea, from January to July 2020. Employing Generalized
Additive Models (GAMs), percentile-based risk zone identification, and K-means clustering, our analysis
demonstrated that environmental factors are highly region-specific, challenging universal public health approaches.
In Daegu, the risk profile was strongly shaped by climatic factors (GAM Explained Deviance: 63.0%), exhibiting

a U-shaped temperature effect with elevated risk at both extremes. A primary high-risk zone appeared in cool,
moderately dry conditions, averaging 278.8 cases per day, consistent with the Cold environmental regime.
Conversely, Seoul’s risk profile indicated significant air pollutant influence (GAM Explained Deviance: 48.3%),
showing monotonic positive relationships for temperature, NOg, and Os. Crucially, the data revealed a strong
positive correlation between temperature and Os (r = +0.794), indicating warmer periods feature elevated O;,
increasing respiratory sensitivity. A primary high-risk zone in Seoul occurred in warm, humid conditions (averaging
29.5 cases per day), reinforcing higher counts in Warm environmental regimes directly opposite to Daegu. These
findings underscore the need for tailored, data-driven environmental early warning systems (EEWS) specific to
regional characteristics, enhancing preparedness for future pandemic threats.

Keywords Atmospheric pollution, COVID-19, Generalized additive models (GAM), Meteorological determinants, Non-
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Introduction

Infectious diseases continue to pose a significant public
health challenge, placing substantial burdens on health-
care systems even in industrialized nations like South
Korea [1], with epidemiological patterns evolving over
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crisis management, the pandemic revealed a sophisti-
cated interplay between atmospheric conditions and viral
transmission, establishing environmental epidemiology
as a cornerstone of modern public health inquiry.

Daegu, in particular, was the epicenter of South Korea’s
initial and most severe COVID-19 outbreak, largely due
to a single superspreading event, which led to thousands
of infections in a short period, with Daegu accounting
for a substantial 63.7% of the entire country’s caseload by
March 24, 2020 [7]. In contrast, Seoul, the nation’s politi-
cal and economic center with nearly a quarter of the pop-
ulation, experienced a different pattern of initial spread
[8]. While studies like Peng Shi et al. [9] identified tem-
perature as a significant environmental drivers poten-
tially contributing to COVID-19 transmission globally,
a common limitation is the reliance on linear assump-
tions. Such models often rely on simplistic correlations
or limited environmental variables, oversimplifying the
complex, non-linear dynamics between environmen-
tal factors and viral transmission and failing to capture
true intricate interacting effects. Such approaches often
overlook the significant role of air pollutants, which are
known to impact respiratory health and susceptibility to

Table 1 Comparison of methodological frameworks:
Advancements of the current Generalized Additive Model
(GAM) approach over the baseline correlational study (Lim et al,,
2021) in assessing environmental factors lead to of COVID-19
transmission

Method- Baseline study: Lim Present study
ological etal. (2021) [13]
aspect
Modeling Correlation analysis ~ Generalized Additive Model
Technique (Spearman, Kendall),  (GAM) for robust explanatory
t-tests modeling, supplemented with
K-means clustering.
Regional Seoul (SMR) and Seoul (SMR) and Daegu-Gyeong-
Focus Daegu-Gyeongbuk  buk (DGR) regions
(DGR) regions
Environmen-  Limited meteorolog- Comprehensive suite of 9 envi-
tal Factors ical variables (temp,  ronmental variables, including
humidity, sunshine,  meteorological factors and key
rainfall) air pollutants.
Temporal February to July January to July 2020, covering
Scope 2020 the complete first wave of the
pandemic in Daegu and Seoul.
Relationship ~ Primarily linear Investigation of complex, non-
Analysis correlations linear relationships using penal-
ized smoothing splines within
the GAM.
Study Descriptive and cor-  Explanatory modeling to identify,
Objective relational study quantify, and visualize environ-
mental risk zones and non-obvi-
ous transmission risk factors.
Air Quality Qualitative assess- Quantitative inclusion and
Impact ment, focused assessment of four major air pol-

lutants (CO, NO2, SO3, O3) within
the multi-variable GAM.

mostly on ozone
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viral infections [8, 10-12]. Lim et al. (2021) [13] previ-
ously suggested contradictory environmental influences,
indicating a complex effect that required further inves-
tigation. The application of high-parameter Generalized
Additive Models (GAMs) is a well-established approach
for capturing the multi-factorial and non-linear nature of
COVID-19 transmission. Recent studies in diverse geo-
graphical contexts have successfully utilized GAMs with
10 to 12 environmental parameters, demonstrating that
the primary limitation on parameter count is multicol-
linearity rather than an absolute cap. For instance, Zhao
et al. (2022) [14] modelled transmission across four Chi-
nese urban agglomerations using a 10-parameter GAM,
reporting explained deviance (ED) values ranging from
35.2% to 75.4% depending on regional spatial hetero-
geneity. Similarly, Sahoo et al. (2021) [15] employed a
12-parameter Gaussian GAM with a log-transformation
to successfully isolate the independent effects of four air
pollutants and eight meteorological factors in India. Fur-
thermore, Hoang et al. (2021) [16] utilized a 10-parame-
ter framework (6 pollutants and 4 meteorological factors)
specifically within South Korea to contrast environmen-
tal factors associated with increased between the Seoul
and Daegu clusters. By carefully screening for multicol-
linearity, our 9-parameter model aligns seamlessly with
these peer-reviewed frameworks. Moreover, our model’s
performance achieving an explained deviance of 63.0%
for Daegu and 48.3% for Seoul falls closely within estab-
lished benchmarks, confirming the robustness of our
regional explanatory methodology. While social and
behavioral models have clarified how distancing and
network interventions alter epidemic spread [17, 18].
We introduce critical methodological innovations and
an expanded scope for a deeper exploration of specific
environmental variables and their independent and inter-
active impacts. To ensure clarity regarding our contribu-
tions, Table 1 will directly compare our methodology and
findings with Lim et al. [13].

The main contributions of this study are to quan-
tify how combined environmental conditions mod-
ify COVID-19 risk in each region, map high-risk
micro-regions for targeted interventions, and demon-
strate a transferable, data-driven prototype for environ-
mental early warning systems that can inform public
health planning for future respiratory pandemics [2,
19-21].

The conceptual framework of this study illustrated
in Fig. 1 delves into how specific environmental ele-
ments namely meteorological conditions and air pollu-
tion influence the transmission dynamics of respiratory
viruses like SARS-CoV-2. Each environmental factor
plays a distinct role in shaping these transmission pat-
terns. Lower temperatures, for instance, are known to
enhance the stability of coronaviruses, allowing them
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Fig. 1 Conceptual framework illustrating the pathways through which environmental factors influence COVID-19 transmission dynamics in Seoul and

Daegu metropolitan regions, South Korea

to persist longer on surfaces and in the air [22]. More-
over, colder weather often encourages people to gather
indoors, where ventilation is limited, thereby increasing
the risk of transmission [23]. The influence of climate
variables on virus viability and transmission dynamics is
illustrated in Fig. 1. Relative humidity is another critical
variable, influencing how respiratory droplets behave in
the air. Low humidity can lead to quicker evaporation of
droplets into smaller, more enduring aerosols, increas-
ing airborne transmission potential, while higher humid-
ity may cause larger droplets to settle more rapidly [24,
25]. Furthermore, the impact of wind speed is more
complex, as it can help disperse viral particles outdoors.
However, it might also contribute to aerosol recirculation
in densely built urban areas or poorly ventilated indoor
spaces. Alongside these meteorological factors, ambi-
ent air pollutants further associated with transmission
risks. These pollutants can potentially serve as carriers
for virus particles, facilitating their spread through the
air, while also compromising respiratory health. In par-
ticular, a 10-point increase in the Air Quality Index has
been linked to a 2.80% point rise in the daily COVID-19
growth rate in Chinese cities [12]. Ultimately, COVID-
19 case counts reflect how weather and air quality alter
both viral biology and human behavior. For instance, cold
temperatures or heavy pollution drive people into poorly
ventilated indoor spaces, significantly increasing the risk
of infection. At the same time, poor air quality warnings
can prompt protective habits, such as mask wearing or
avoiding the outdoors. Finally, government interventions
like lockdowns often coincide with these environmental
shifts, further altering transmission patterns.

We selected temperature, relative humidity, wind
speed, and key air pollutants due to their established
effects on respiratory disease transmission and pub-
lic health interventions. Since environmental factors
often exhibit non-linear and threshold-based relation-
ships, a flexible statistical framework is essential to
identify specific thresholds where transmission risk
intensifies. Climatically, Daegu experiences milder win-
ters and hotter summers, whereas Seoul exhibits larger

daily temperature variations, stronger winds, and erratic
pressure profiles. Both cities also face sudden, high-mag-
nitude seasonal disruptions, such as monsoon humid-
ity surges and abrupt atmospheric pressure drops [26].
These rapidly shifting patterns demonstrate why simple
linear models are inadequate for capturing the true com-
plexity of environmental transmission dynamics. Rely-
ing solely on national-level trend lines obscures localized
pandemic dynamics, as disease transmission is heavily
shaped by region-specific environmental, demographic,
and behavioral conditions. South Korea provides a clear
justification for a localized experimental framework.
Daegu’s rapid outbreak, driven by a church-linked super-
spreading event, generated over 3,900 secondary cases
and accounted for 55% of the local cluster [27]. Such
anomalous hotspots disproportionately skew national
epidemiological models, diluting unique signals from
other regions. As a critical counterpoint, we also examine
Seoul. Unlike Daegu’s cluster-driven experience, Seoul
represents the complex challenge of diffuse, sustained
transmission within a densely populated megacity. Its
high human mobility, varied micro climates, and chronic
air quality issues provide a unique testing ground. Con-
trasting these divergent urban profiles demonstrates the
crucial value of localized modeling in accurately captur-
ing specific environmental drivers.

Methods

We employed a systematic analytical framework to inves-
tigate the complex, non-linear relationships between a
suite of environmental variables and COVID-19 trans-
mission patterns in the Daegu and Seoul regions, as
shown in Fig. 2. The workflow begins with exploratory
data analysis to understand initial trends. This is followed
by feature engineering and selection, where multicol-
linearity is assessed using the Variance Inflation Factor
to ensure model stability. The core of the analysis is the
Generalized Additive Model (GAM), a powerful statis-
tical technique chosen for its ability to capture non-lin-
ear effects without prior assumptions. This explanatory
model allows us to quantify the impact of nine distinct
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Fig. 2 Operational flowchart illustrating the proposed analytical framework. The diagram details the sequence of data processing steps, exploratory
analysis, non-linear modeling (GAM), unsupervised clustering (K-means), and the subsequent derivation of environmental risk zones for Daegu and Seoul

environmental factors. To supplement this, clustering is
used to identify and categorize distinct climate regimes
within the data. Finally, a threshold effect analysis is con-
ducted by visualizing the GAM’s predictions as a contour
map. This risk map is used to identify specific hotspots
as and provide real-world examples of high-risk and
low-risk environmental conditions, providing actionable
insights for public health.

Data representation and feature selection

This study utilizes two datasets: one from the metro-
politan city of Daegu and another from Seoul, South
Korea, regions that experienced a significant and well-
documented early outbreak of COVID-19. The daily
time series data from January 1, 2020, to July 31, 2020,
were taken from official, publicly available sources to
encompass the complete first wave of the pandemic in
the region. Daily confirmed COVID-19 case counts were
obtained from the Korea Centers for Disease Control and
Prevention (KCDC) [28]. Corresponding daily meteoro-
logical data (average temperature, rainfall, wind speed,
relative humidity, pressure) were sourced from the Korea
Meteorological Administration (KMA) database [29], and
daily air quality data for four key pollutants (CO, NO,,

O, and SO;) were acquired from the Air Korea platform
[8]. The relevance of these environmental parameters is
underscored by their theoretical link to viral transmis-
sion, as they influence pathogen survival and dispersal
dynamics. For example, Lim et al. [13] demonstrated
correlations between climatic fluctuations and COVID-
19 case patterns. The analytical framework focuses on
twelve key variables: ambient temperature, precipitation,
relative humidity, (CO), (NOz), (SOs3), ozone (O3), PM10
and PM2.5, atmospheric pressure, wind velocity, and
COVID-19 cases as the dependent variable. To ensure
the stability and interpretability of the final explanatory
model, a systematic multicollinearity assessment was
conducted on the nine environmental predictors. A 7-day
moving average was utilized to stabilize daily fluctua-
tions and capture cumulative exposure. While lacking an
explicit lag structure, this framework provides a robust,
interpretable baseline for identifying fundamental non-
linear atmospheric drivers.

Statistical analysis

All statistical analyses were conducted in Python (version
3.9) utilizing standard libraries, pandas for data manip-
ulation, scikit-learn for data preprocessing, pygam for
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Generalized Additive Model fitting, matplotlib and sea-
born for data visualization, and statsmodels for Variance
Inflation Factor (VIF) calculation. The primary analyti-
cal tool employed in this study is a Generalized Additive
Model (GAM). This model was selected for its ability
to effectively model complex, non-linear relationships
between environmental predictors and COVID-19 cases
without imposing restrictive, predefined assumptions
about the shape of these relationships. Before model fit-
ting, the target variable, a 7-day moving average of cases,
was transformed using a natural logarithm (log(z + 1)) to
mitigate positive skewness and stabilize variance, thereby
improving residual normality. The predictor variables
were standardized using z-score normalization, which
aids in model convergence and enhances the compara-
bility of smoothing parameters across different scales.
To strictly assess multicollinearity, particularly between
meteorological variables and pollutants, we performed
a sensitivity check using a stringent Variance Inflation
Factor (VIF) threshold of 5.0. In Daegu, both average
temperature (VIF = 4.87) and O, (VIF = 3.64) remained
below this strict limit, confirming their independence. In
Seoul, while average temperature showed moderate col-
linearity (VIF = 6.22) reflecting strong seasonal patterns,
O, remained well below the threshold (VIF = 3.07). This
confirms that the Oy signal is statistically distinct from
temperature in both models, ensuring that the estimated
environmental effects are effectively disentangled. The
selected predictors included temperature, rainfall, wind
speed, relative humidity, pressure, and air pollutants such
as CO, NO,, O; and SO;. While count data is typically
modelled using Poisson or Negative Binomial distribu-
tions, we employed a Gaussian GAM with a log link
function (log(z + 1)) for this analysis. This decision was
driven by the continuous nature of the moving average
data. To properly account for the estimated dispersion
parameter and the finite sample size of our daily observa-
tions, the statistical significance of the non-linear smooth
terms in the GAM was evaluated using approximate
F-statistics. We fitted a Gaussian GAM with an iden-
tity link to the log-transformed 7-day moving average of
cases log(ma.case + 1), as follows:

log(ma.case + 1) = intercept + s(temp.avg)
+ s(rainfall) (1)
+ -+ 5(s03) + ¢

where log(ma.case + 1) represents the log-transformed
7-day moving average of cases, s() denotes a penalized
smoothing spline for each of the standardized predictor
variables, and ¢ is the error term assumed to be normally
distributed. The number of splines for each smooth term
was set to 4 to balance model flexibility with the risk of
overfitting, with smoothing parameters determined using
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generalized cross-validation (GCV) during model fitting.
This approach enabled the quantification of the isolated
non-linear effect of each environmental factor while
controlling for the influence of all others. Model perfor-
mance was evaluated using explained deviance (analo-
gous to R-squared for GLMs), with model stability and
generalization assessed through 3-fold cross validation.
Residual diagnostics confirmed model assumptions (Figs.
13 and 14 in Appendix).

Preliminary Poisson and Negative Binomial mod-
els exhibited non-convergence due to the continuous
nature of the 7-day moving average. Consequently, the
Gaussian family was selected as the most stable frame-
work for the log-transformed data. To complement the
primary GAM analysis, K-means clustering was applied
as an exploratory technique to categorize the data into
distinct climate regimes based on the primary climatic
drivers, providing additional context to the main model’s
findings.

Risk zone identification

To translate the non-linear relationships identified by the
GAM into actionable insights, a threshold effect analysis
was conducted on key environmental predictors. This
process involved identifying critical points of change in
the partial dependence functions, specifically where the
first derivative of the smoothing spline, s(-), exhibited
significant shifts in magnitude. These inflection and turn-
ing points were then used to delineate distinct risk zones
for each environmental variable. For example, tempera-
ture ranges were categorized into optimal, low risk, and
high-risk zones based on the sign and slope of the par-
tial dependence function. The 75th and 25th percentiles
serve as non-parametric thresholds to normalize city-
specific distributions for unbiased comparability. This
approach isolates environmental regimes associated with
relative transmission extremes, regardless of absolute
baseline differences. To ensure the robustness of these
identified thresholds, the 95% confidence intervals of the
partial dependence curves were examined to confirm
that the observed changes in the predictor’s effect were
statistically distinguishable from zero or from adjacent
risk zones.

Results

Initial exploratory data analysis

An initial exploratory data analysis (EDA) was conducted
to examine the daily patterns and distributions of Initial
Exploratory Data Analysis in Seoul and Daegu from Jan-
uary 1 to July 31, 2020. This step offered useful insights
that helped guide the development of the Generalized
Additive Models. From the Fig. 3 the two cities followed
different epidemic patterns. Daegu saw a sharp peak
of about 800 daily cases in late February to early March
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2020, followed by a quick decline. Seoul, on the other
hand, had lower but more steady case numbers without
a similar early spike. Daily average temperatures in Fig.
3 exhibited clear seasonal warming patterns consistent
across both cities. Air pollutant concentrations NO,, O,
CO, SO; in Fig. 4 generally mirrored each other in both
cities. Notably, CO concentrations showed a decreas-
ing trend after the onset of the pandemic, potentially
linked to reduced human activity, while NO, and O,
levels remained relatively low and stable. Our localized
CO reduction aligns with the 5-10% global decrease in
anthropogenic hotspots reported by Pathak et al. (2023)
[30], whereas our findings of stable N O, levels in Seoul
are supported by Amritha et al. (2025) [31], who identi-
fied Seoul as a global exception with a post-lockdown
rebound of < 10% compared to the 10-30% spikes
observed elsewhere. In addition to the timing, there were
clear differences in how the data were spread out between
the cities. Daegu’s temperatures were often in the 0 °C to
15 °C range, while Seoul’s showed two peaks, with more
days at colder and warmer extremes. Relative humidity
patterns were similar overall, but Daegu had more days
with moderate humidity (50-70% RH). Atmospheric
pressure in Daegu was more clustered around 1000 hPa
than in Seoul. For precipitation and wind, Seoul had
more days with strong winds and no rain, even though
total rainfall was similar. There were also notable differ-
ences in air quality. Daegu typically had higher CO lev-
els, reaching about 0.35 - 0.4 ppm, while Seoul had higher
NO,. SO, levels were mostly low in Seoul but higher in

Daegu. O patterns varied as well, with Daegu showing
a bimodal and more even spread, while Seoul exhibited
a two peak distribution, despite having similar average
levels.

To further motivate the use of Generalized Additive
Models, bivariate analyses were conducted to explore
the raw interactive effects of temperature and relative
humidity on COVID-19 case counts in Fig. 5. These con-
tour plots visually highlighted regions of varying case
incidence across different temperature—humidity com-
binations. In Daegu, the contour map revealed complex,
non-linear patterns. High-risk zones emerged at mod-
erate temperatures of 5 - 10°C with moderate to high
relative humidity of 60-80%, and also around 0°C with
60-70% RH. low-risk zones were observed at higher
temperatures of 10 - 15°C with lower relative humidity.
For Seoul, a similarly highly non-linear and varied land-
scape was evident. Prominent high-risk zones were found
across warmer temperatures of 15 - 25°C, combined
with moderate to high relative humidity of 60-90%, with
another notable area around 5 - 10°C with moderate
humidity. low-risk zones generally occurred at very low
temperatures (<0°C) and at moderate temperatures (10 -
15°C) with lower relative humidity. These visualizations
compellingly demonstrate that the combined influence of
temperature and relative humidity on COVID-19 cases is
neither simple nor consistent, thus affirming the neces-
sity of advanced non-linear modeling techniques like
GAMs to accurately characterize these complex, interac-
tive relationships.
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Fig. 5 Bivariate analysis: Raw interactive effect of temperature and humidity on COVID-19 case in Daegu (Left) and Seoul (Right)

Non-linear analysis and Independent climatic effects on
COVID-19 case counts

Following the exploratory data analysis, Generalized
Additive Models (GAMs) were fitted to characterize the
non-linear relationships between environmental factors
and log-transformed COVID-19 case counts for both
Daegu and Seoul. This section first presents the model
performance metrics, followed by a detailed interpreta-
tion of the partial dependence plots (PDPs), highlighting
the estimated non-linear effects of each environmental
predictor for both cities. Prior to non-linear modeling,
Spearman’s rank correlation coefficients were calculated
to assess linear associations between environmental
variables. In Seoul, a notable strong positive correlation
was observed between average daily temperature and O,
(r =10.794, p < 0.001). This indicates a significant mete-
orological influence on secondary pollutant formation
in the capital region, a pattern not strongly observed in
Daegu.

GAM model performance

The performance of the GAMs for both cities were
evaluated, including Explained deviance (ED) on train-
ing, validation, and full datasets, along with the optimal
smoothing parameters ()\), is summarized in Table 2.
The correlation analysis is provided in Appendix A.3
(Fig. 15)

Table 2 Summary of generalized additive model performance
for Daegu and Seoul

City Train ED Val ED Fulldata Optimal
(CV Avg £ SD) (CV Avg £ SD) ED A

Daegu 0.641 +£0.038 0.500 + 0.067 0.630 0.0010

Seoul 0511 £0.052 0394 £0.078 0483 1.0000

For Daegu, the GAM demonstrated strong perfor-
mance, explaining 63.0% of the variability in log-trans-
formed COVID-19 cases on the full dataset, with a robust
cross-validation average of 0.500 + 0.067 on unseen
data. The optimal smoothing parameter for Daegu
was A = 0.0010, indicating a preference for more flex-
ible smooths. In Seoul, the model achieved an explained
deviance of 48.3% on the full dataset and 0.394 £ 0.078
on validation data. Seoul’s model selected a higher opti-
mal A =1.0000, suggesting a preference for smoother,
less complex functions compared to Daegu’s. While the
explained deviance decreased during cross-validation
for both cities, this reduction is an expected outcome
of generalizing to unseen data segments. The validation
scores remain robust, confirming that the models retain
substantial predictive power without overfitting to the
training dataset. The Partial Dependence Plots (PDPs)
illustrate the estimated non-linear effect of each envi-
ronmental factor on log-transformed COVID-19 cases,
isolating the impact of each variable while holding others
constant. The shaded areas in the figures represent the
95% confidence intervals.

Figure 6 presents the PDPs for Daegu. A prominent
non-linear, U-shaped relationship was observed for tem-
perature, where the estimated effect on cases was low-
est at moderate temperatures and sharply increased at
both extremes. The PDP reveals a U-shaped relation-
ship on the log scale, with estimated effects increasing
at both temperature extremes reaching a minimum mar-
ginal effect of —0.32 [95% CI: —1.45, 0.45] at -3.60°C and
a maximum of 3.34 [95% CI: 2.80, 3.90] at the highest
observed temperature of 26.4°C. However, the risk zone
analysis shows that epidemiologically dominant high-
case events were concentrated under cool-to-moderate
conditions (2.4°C to 11.4°C). The elevated model effect
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smooth effects with 95% confidence bands, revealing heterogeneous response patterns across all variables

at the warm extreme (26.4°C) should be interpreted cau-
tiously, as observations at that temperature range cor-
respond to low observed case rates in the data, placing
those bins firmly in the low-risk zone. Relative Humid-
ity displayed a more subtle pattern with a modest range
of effect, varying from a minimum of 2.17 [95% CI: 1.40,
2.64] at lower humidity (33.1%) to a maximum of 2.84
[95% CIL 1.79, 4.27] at high humidity (98.2%). Wind
speed and Pressure exhibited generally positive associa-
tions in this model. The effect of wind speed increased
from 1.43 [95% CI: 0.03, 2.57] at the lowest speed (0.8
m/s) to a maximum of 3.22 [95% CI: 2.14, 4.29] at the
highest speed (4.4 m/s). Atmospheric pressure showed
an effect ranging from 1.59 [95% CI: 0.57, 2.46] at the
lowest pressure (929.6 hPa) to 3.78 [95% CL: 2.46, 5.48]
at the highest (1019.2 hPa). Rainfall showed a relatively
flat and uncertain effect across its range (0 to 88.2 mm),
with wide confidence intervals that crossed zero (Effect
range: 1.26 to 2.39; 95% CI lower bound as low as —0.74).
Among pollutants, CO demonstrated a pronounced

non-linear relationship, with the effect dropping sharply
to a minimum of -2.05 [95% CI: —3.72, -0.65] at the high-
est concentration of 1.00 ppm. NO, and O both showed
generally positive, non-linear relationships, with cases
tending to increase as concentrations rose. The effect of
NO, increased to a maximum of 3.43 [95% CI: 2.25, 6.01]
at the highest observed level (0.04 ppm), and O reached
a maximum effect of 2.58 [95% CI: 1.97, 3.77] at its peak
concentration (0.07 ppm). Finally, SO, revealed a positive
effect ranging from 1.64 [95% CI: 0.10, 2.34] at the lowest
level to 2.66 [95% CI: 1.93, 4.17] at the highest level (0.01
ppm). These diverse non-linear patterns with their quan-
tified effects underscore the complex interplay between
environmental conditions and COVID-19 transmission
dynamics in Daegu.

The PDPs for Seoul from Fig. 7, present revealing rela-
tionships distinctly different from those in Daegu, char-
acterized largely by monotonic or mildly curved effects.
Several variables exhibited strong, clear monotonic
trends. Relative Humidity and Pressure both displayed
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consistent negative relationships. The effect of humidity
decreased from a maximum of 2.72 [95% CI: 1.98, 3.45]
at the lowest level (26.0%) to a minimum of 1.67 [95% CI:
1.17, 2.15] at the highest level (98.5%). Similarly, atmo-
spheric pressure showed a decreasing effect from 2.87
[95% CI: 2.07, 3.67] at the lowest pressure (987.0 hPa) to
1.35 [95% CI: 0.63, 2.07] at the highest (1026.3 hPa). Con-
versely, temperature, NO,, and O, all demonstrated clear
positive monotonic relationships, where an increase in
the variable’s value steadily increased the predicted effect
on transmission. The effect of temperature rose from 1.06
[95% CI: 0.29, 1.82] at the coldest point (-8.0°C) to 2.76
[95% CI: 2.19, 3.33] at the warmest (26.5°C). NO, showed
an effect increasing from 1.49 [95% CI: 1.00, 1.97] to 3.23
[95% CI: 2.27, 4.18] across its range (0.01 to 0.05 ppm).
O, exhibited a similar trend, with its effect rising from
1.43 [95% CI: 0.90, 1.97] to 3.10 [95% CI: 2.15, 4.04] as
concentrations increased from 0.01 to 0.08 ppm. Unlike
these consistent trends, CO revealed a distinct non-linear
relationship, with the effect decreasing from a maximum

of 2.51 [95% CI: 2.11, 2.91] at the lowest concentration
(0.30 ppm) to a minimum of 0.86 [95% CI: —-0.02, 1.74]
at the highest (0.90 ppm). SO; showed a weaker, mildly
curved effect, with values ranging from 1.90 [95% CI:
1.25, 2.22] to 2.14 [95% CI: 1.94, 2.60]. Finally, Rainfall
and Wind speed exhibited weak or uncertain effects;
rainfall’s trend was slightly positive but with very wide
confidence intervals (Effect range: 2.07 to 2.22), while
the wind speed effect was also modest (Effect range:
2.04 to 2.20). Seoul’s PDP results indicate a relatively flat
marginal dependence on rainfall and wind speed in the
Seoul model, with marginal effects on the log scale of just
0.15 and 0.16, respectively. These effects are substantially
smaller than those of direct pollutants like NOs (1.74),
O3 (1.67), CO (1.65), and primary meteorological drivers
like temperature (1.70). The prevalence of these mono-
tonic and distinct non-linear patterns in Seoul, when
compared to Daegu’s U-shaped climate curves, highlights
the significantly region-specific nature of environmental
drivers.
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Table 3 Relative contribution of meteorological and air
pollutant variables to COVID-19 incidence in the Daegu and
Seoul clusters, ranked by GAM derived Estimated Degrees of
Freedom (EDoF)

Daegu model

Seoul model

Rank Variable EDoF Rank Variable EDoF
1 temperature 32%% temperature 2.6%**
2 Rainfall 20 2 Rainfall 1.3
3 Wind Speed 1.9 3 Wind Speed 1.2
4 Relative Humidity 1.5 4 Carbon Monox-  1.1***

ide (CO)

5 Atmospheric 1.2%%% 5 Relative Humidity 1.0
Pressure

6 Carbon Monoxide  1.2** 6 Atmospheric 1.0
(CO) Pressure

7 Nitrogen Dioxide 1.2 7 Sulfur Trioxide 09
(NO,) (SO5)

8 Ozone (O) 1.0 8 Nitrogen Dioxide 0.8

(NO,)
9 Sulfur Trioxide (SO;) 0.8 9 Ozone (O;) 0.7

Note: EDoF indicates the complexity and relative contribution of each variable
in the GAM. Significance codes derived from F-statistics : *** p < 0.001, **
p < 0.01

To explicitly quantify the relative contribution of these
environmental and meteorological drivers, Table 3 ranks
the variables based on their Estimated Degrees of Free-
dom (EDoF) derived from the GAM summaries. Because
higher EDoF values indicate that a variable is exhibiting
a more complex non-linear relationship and perform-
ing more work within the model, this metric serves as
an objective proxy for relative importance. The rankings
demonstrate a clear spatial heterogeneity in transmission
drivers. In the Daegu model, primary meteorological fac-
tors wielded the most significant influence, with temper-
ature ranking highest (EDoF = 3.2), followed by rainfall
(2.0) and wind speed (1.9). Conversely, the hierarchy in
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the Seoul model demonstrates lower overall complexity
for precipitation and wind (EDoF = 1.3 and 1.2, respec-
tively), highlighting the dominance of temperature (2.6)
alongside anthropogenic pollutants like CO (1.1) in the
highly urbanised environment.

Heterogeneity in transmission dynamics: the case for
region-specific analysis

To provide a broader contextual understanding of how
distinct meteorological conditions influence COVID-19
transmission, and to complement the granular insights
from the risk zone analysis, K-means clustering was
applied to classify daily temperature and relative humid-
ity into three distinct climatic regimes for each city as
Cold & Humid, Mild & Humid and Warm & Humid. This
method offers a generalized categorization of prevail-
ing climatic patterns and their overall association with
COVID-19 case incidence. The distribution of these clus-
ters in the temperature humidity space and their associ-
ated COVID-19 case incidence visualized is presented in
Figs. 8 and 9.

In Daegu illustrated in Fig. 8, three distinct climatic
regimes were identified, revealing a clear pattern in
average daily COVID-19 cases, and the Cold & Humid
regime was associated with the highest average case
count of 97.87 (95% CI: 45.69 - 150.04), followed by the
Mild & Humid regime with an average of 45.66 cases
(95% CI: 22.30 - 69.01). The lowest average case count,
0.77 (95% CI: 0.59 - 0.95), was recorded in the Warm &
Humid regime. A Kruskal — Wallis test confirmed signifi-
cant differences in case distributions across these clus-
ters (H = 13.144,p = 0.0014), with an effect size (¢?) of
0.053. Dunn’s post-hoc test revealed that the differences
between the Mild & Humid and Warm & Humid regimes
were statistically significant (p = 0.0011). While the Cold

600

500

000

400

300

200

COVID-19 Daily Cases

100

. I

Mild & Humid

e

Cold & Humid
Climate Regime

Warm & Humid

Fig. 8 Climatic regimes and COVID-19 case distributions in Daegu (left) daily temperature and humidity clustered (right) shows distribution of daily

COVID-19 cases across three identified regimes
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Fig.9 Climatic regimes and COVID-19 case distributions in Seoul(left) along with daily temperature and humidity clustered (right) shows the distribution

of daily COVID-19 cases across these three identified regimes

& Humid regime had the highest mean, its large standard
deviation resulted in non-significant post-hoc compari-
sons with the other two regimes. These findings suggest
that in Daegu, colder and milder humid conditions gen-
erally correlated with higher COVID-19 case numbers,
while warm and humid conditions were associated with
significantly lower transmission.

Seoul also exhibited three distinct climatic regimes and
their association with COVID-19 cases presented a con-
trasting profile in Fig. 9. The highest average case count
was associated with the Warm & Humid regime (18.92
cases, 95% CI: 16.59-21.25), followed closely by the Mild
& Humid regime with an average of 16.64 cases (95% CI:
13.05-20.22). The Cold & Humid regime was associ-
ated with the lowest average case count of 3.51 (95% CI:
1.79 - 5.23). A Kruskal — Wallis test confirmed highly
significant differences in case distributions across these
regimes (H = 64.763,p < 0.0001), with a stronger effect
size (¢2) of 0.299 compared to Daegu. Dunn’s post-hoc
test indicated statistically significant differences between
the Cold & Humid regime and both Mild & Humid
(p < 0.0001) and Warm & Humid (p < 0.0001) regimes.
No significant difference was observed between the Mild
& Humid and Warm & Humid regimes (p = 0.3535).
These results suggest that in Seoul, warmer and milder
humid conditions are associated with higher COVID-19
cases, whereas colder and humid conditions are linked
to significantly lower transmission, a pattern in contrast
to Daegu. The distribution of days across these climatic
regimes further highlights regional differences. In Daegu,
the Mild & Humid regime accounted for 41.31%, while
the Warm & Humid regime comprised 39.91%, and Cold
& Humid days constituted 18.78%. Conversely, in Seoul,
the Warm & Humid regime dominated (42.72%), fol-
lowed by Mild & Humid (30.05%) and Cold & Humid

(27.23%) days. This differential prevalence of climatic
conditions is critical for interpreting the unique environ-
mental risk profiles and contrasting COVID-19 dynamics
observed between the two cities.

Risk zone identification

Building upon the non-linear relationships identified by
the GAMs, a specific Risk Zone Identification framework
was applied to temperature-humidity bins to define sta-
tistically reliable high- and low-risk environmental condi-
tions for COVID-19 case incidence in Daegu and Seoul.
This approach provides granular, empirically derived
thresholds for exceptionally high or low observed case
rates within specific temperature—humidity combina-
tions. For each city, environmental data were binned
by temperature and relative humidity, and the average
observed case rate within each bin was calculated. High
- Risk Zones were defined as bins exceeding the 75th
percentile of observed rates, while low-risk zones were
defined as bins falling below the 25th percentile.

In Daegu the Fig. 10, the analysis identified a distinct
high-risk threshold of 26.84 cases. The primary high-risk
hotspot was situated in cooler conditions, with the most
dominant risk cluster exhibiting an exceptionally high
observed case rate of 278.80. This occurred within a tem-
perature range of 2.4°C to 5.4°C combined with relative
humidity between 46.12% and 52.63%. Additional sig-
nificant high-risk zones were identified at slightly warmer
temperatures (5.4°C to 8.4°C) across a range of humid-
ity levels, with case rates reaching as high as 181.52 at
high humidity (78.67% to 85.18%). Conversely, the most
reliable low-risk zones in Daegu, defined by a threshold
below 0.60 cases, were consistently identified in both the
coldest sub-zero conditions (e.g., —0.6°C to 2.4°C) and,
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Fig. 10 Risk zones in Daegu based on temperature and humidity bins

notably, in warmer ranges > 20°C, where observed case
rates approached zero, irrespective of humidity levels.
Applying the identical risk zone identification frame-
work to Seoul revealed a significantly different environ-
mental fingerprint. The thresholds for Seoul were defined
by a High-Risk Rate exceeding 20.38 cases and a Low-
Risk Rate below 4.69 cases. The resulting multimodal
risk profile in Fig. 11 displayed high and low-risk zones
distributed differently than in Daegu. The primary high-
risk hotspot was identified in warm conditions, with the
most dominant risk clusters, H1 and H2, exhibiting the
highest observed case rates of 29.76 and 29.29, respec-
tively. These occurred at warm temperatures ranging
from 19.6°C to 26.5°C combined with moderate to high
humidity of 69.5% to 76.8%. In addition to this primary
warm hotspot, a second set of distinct high-risk zones
was found at cooler temperatures in Seoul, with case
rates ranging from 26.20 to 27.53 across temperatures
between 2.35°C and 12.7°C. In sharp contrast to Daegu’s
warm low-risk zones, the most reliable low-risk zones in
Seoul were almost exclusively identified in cold, sub-zero
conditions (e.g., —4.55°C to 2.35°C), a pattern that was

consistent across various humidity levels. The profound
differences in identified risk zones between Daegu and
Seoul underscore the highly localized nature of environ-
mental risk factors for COVID-19 transmission and high-
light the critical need for region-specific public health
interventions.

Sensitivity analysis

To address potential confounding driven by specific
epidemic waves, we conducted sensitivity analyses by
excluding the peak outbreak periods February 15 —
March 15, 2020 for Daegu & March 5 — March 20, 2020
for Seoul) and refitting the GAMs. The analyses yielded
high explained deviance values for both regions 80.2%
for Daegu and 76.4% for Seoul, significantly increasing
from the primary models’ fit. The functional forms of
the temperature associations remained consistent with
the primary findings in both cities, confirming that the
observed environmental associations are robust and not
artifacts of specific superspreading events (see Supple-
mentary Figs. 18 and 19).
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Fig. 11 Risk zones in Seoul based on temperature and humidity bins

Discussion and policy recommendations

This study developed a robust comparative framework to
investigate the complex influence of environmental fac-
tors on COVID-19 transmission, revealing that the envi-
ronmental drivers of respiratory pandemics are highly
region-specific. Our analysis presents a tale of two cities
the inland basin of Daegu exhibited a more climate-sen-
sitive risk profile, whereas Seoul demonstrated stronger
associations with air pollution indicators. While person-
to-person contact and population mobility remain the
primary drivers of viral propagation, our findings demon-
strate that environmental factors act as critical secondary
modulators. During periods when behavioral interven-
tions such as lockdowns are relatively constant, these
environmental conditions become the primary differen-
tiators of regional risk, acting as powerful amplifiers or
dampeners of the underlying transmission dynamics.

Daegu: a climate-driven risk profile

In Daegu, the site of South Korea’s initial explosive out-
break, our GAM results identified physical climate as the
dominant influence. Low temperature emerged as the

primary risk factor, demonstrating a strong non-linear
U-shaped relationship where the marginal effect dropped
at the coldest sub-zero temperatures before rising sharply
to high positive values at warmer extremes. This aligns
with extensive literature indicating that cooler conditions
provide further evidence for the stability and survival of
coronaviruses on surfaces and in aerosols, while extreme
heat alters transmission dynamics through behavioral
changes [22, 24, 32]. To understand the mechanics of this
aerosolization, ambient temperature and relative humid-
ity are the primary drivers of respiratory droplet fate [33].
Within specific humidity ranges such as the 50%-90%
RH risk zone identified in our model, droplets evaporate
into smaller droplet nuclei that remain suspended for
extended periods, enhancing long-range transmission
risk [25]. Crucially, cooler temperatures preserve viral
infectivity significantly longer than higher temperatures
[34]. Furthermore, the observed U-shaped relationship
likely reflects a behavioral component, extreme tempera-
tures drive occupants indoors and increase close contact
clustering, a behavioral pattern documented during quar-
antine periods [35], further amplifying transmission risk
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beyond direct viral stability factors [36]. These findings
suggest that in the absence of overwhelming urban pollu-
tion loads, physical climate parameters act as the primary
environmental regulators of transmission intensity, align-
ing well with previous work by Lim et al. [13] and Shi et
al. [9] regarding the general association between temper-
ature and viral spread [37-39].

Seoul: a pollution-driven risk profile

In contrast, the analysis for Seoul revealed a risk pro-
file dominated by air pollutants, particularly NO, and
O,, which showed clear positive monotonic relation-
ships with higher case incidence. Crucially, our model
uncovered an indirect transmission mechanism, iden-
tifying high-risk days during warm, dry weather. Warm,
stagnant, and sunny conditions act as a photochemi-
cal reactor in the polluted urban basin, accelerating the
conversion of primary precursor emissions like NO,
from traffic into high concentrations of secondary pol-
lutants, specifically ground-level ozone [40]. We verified
this mechanism by finding a strong positive correlation
between average temperature and Oj; levels (r = +0.794
) in Seoul. Biologically, inhalation of ground-level O,
induces potent oxidative stress and airway inflamma-
tion [41], which likely increases population susceptibil-
ity to viral infection [10, 11]. Notably, chronic exposure
to these urban pollutants is hypothesized to upregulate
ACE2 receptors the primary entry point for SARS-CoV-2
thereby mechanistically increasing viral susceptibility
[42]. This specific respiratory vulnerability is strongly
corroborated by the pathophysiological mechanisms
outlined by Amritha et al., who note that NO, exposure
explicitly elevates the risk of viral infections. Further-
more, their global assessment highlights that even short-
term exposure to NO, is positively associated with severe
respiratory distress, linking every 10 pg/m? increase in
NO, to a 10% excess risk in emergency respiratory visits
[31]. This observation is supported by research link-
ing small increases in air pollution to significant rises
in COVID-19 cases and mortality [12]. While some
research has shown a general link between air quality and
COVID-19 in Korea [43], our model is the first to dem-
onstrate this substantial influence in a direct comparative
analysis.

Methodological complementarity and model strengths

The main strength of our study is how it combines differ-
ent analytical tools to get a much clearer picture of the
data. By pairing Generalized Additive Models (GAMs)
with precise risk-zone binning and broad climate cluster-
ing, we created a highly complementary approach. While
K-means clustering gives us the big picture by identify-
ing broad danger zones such as a Cold & Humid climate,
our granular binning zooms in to find the exact sub-zero
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temperature ranges where peak transmission actually
happens. Furthermore, the simultaneous evaluation of
variables within our GAM framework clarifies the hier-
archy of these drivers, particularly regarding compound
meteorological effects. For instance, our Seoul model
indicated a relatively flat marginal dependence on rainfall
and wind speed. While these parameters do not exhibit a
strong independent effect on viral incidence in the highly
urbanized multivariate framework, they operate as criti-
cal distal drivers. Existing literature demonstrates that
meteorological conditions such as wind speed and pre-
cipitation have significant effects on the dispersion, dilu-
tion, and accumulation of local air pollutants by [15, 31].
Because our model includes both atmospheric conditions
and pollutants simultaneously, the explanatory power of
the explicit pollutant predictors absorbs the upstream
variance attributable to these meteorological drivers.
Therefore, the compound effects of wind and rainfall are
inherently and accurately captured through the fluctua-
tions they cause in primary pollutant concentrations.

Comparative synthesis and broader public health
implications

The notable contrast between the risk profiles of Daegu
and Seoul demonstrates that environmental drivers of
respiratory pandemics are overwhelmingly shaped by
local urban characteristics. This divergence in pollutant
profiles can be further contextualized using the NOg/
CO ratio framework introduced by Pathak et al. (2023)
[30] to identify emission sources. According to their
methodology, high NO,/CO ratios indicate traffic domi-
nated conditions in cities, whereas smaller ratios sug-
gest contributions from other sources such as domestic
or industrial burning. Applying this to our findings, the
NO, driven risk profile in Seoul points to a heavily traffic
dominated transmission environment, whereas Daegu’s
distinct pollutant mix characterized by higher CO levels
indicates a more complex atmospheric baseline driven by
alternative regional emissions. The main insight is that
the cities differ not only in their profiles, but also in how
risks develop. In Daegu, we see a relatively direct path-
way where weather conditions drive transmission, while
in Seoul, the pathway is more indirect, with weather
mainly helping to build up pollution from human activi-
ties. This helps explain the unexpected high-risk during
warmer weather in the capital it’s a sign of trapped pol-
lutants in the air, rather than the heat alone. The broader
public health lesson from this tale of two cities is that a
one - size - fits all, national level approach to environ-
mental monitoring during a pandemic is inadequate. A
national average model underestimates cold-weather
risks in Daegu while entirely overlooking warm-weather
pollution risks in Seoul. Effective pandemic preparedness
requires a paradigm shift toward localized environmental
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monitoring, utilizing non-linear analytical tools like the
one proposed here to customize early warning systems
and proactive public health responses.

Policy and recommendations

The profound regional differences in environmental driv-
ers of COVID-19 transmission identified in this study
offer critical insights for shaping future public health
policy and preparedness strategies against respiratory
viral outbreaks. Our findings underscore that a uniform,
national-level environmental warning system is likely
insufficient and could misallocate resources. There-
fore, we propose a multifaceted, region-specific policy
framework centered on the implementation of Local-
ized Environmental Early Warning Systems (EEWS)
with triggering criteria tailored to specific regional risk
profiles. For areas like Daegu, where our analysis identi-
fied a climate-driven risk profile, EEWS alerts should be
prioritized based on specific meteorological thresholds.
Advisories should be issued during forecasts of sus-
tained cold temperatures (-3.6°C to 5.4°C), and height-
ened when these temperatures coincide with moderate
humidity levels (46% to 53%), a combination identified as
a primary high-risk zone. Public advisories under these
specific conditions should recommend enhanced indoor
ventilation strategies to counteract increased indoor
crowding and emphasize personal protective measures in
cold-weather settings [44].

Conversely, for dense urban centers like Seoul, where
air pollution emerges as the dominant driver, EEWS
criteria must shift to air quality indices. Alerts should
be triggered specifically during meteorological condi-
tions proven to trap pollution. Based on our correlation
analysis (r = +0.794 for temperature-O;), alerts should
be prioritized during warm, stagnant periods (tempera-
tures >19.6°C with low wind speeds) which potentially
contributes to high concentrations of secondary pol-
lutants like O and NO,. In these scenarios, actionable
guidance should focus on reducing outdoor exposure
during peak pollution hours, utilizing indoor air purifica-
tion, and issuing specific warnings for vulnerable popu-
lations. Beyond early warning, epidemiological models
such as SIR or SEIR variants must be updated to explic-
itly incorporate local environmental variables as dynamic
predictors. This should be coupled with targeted educa-
tional campaigns. Citizens must be informed about spe-
cific local environmental risks, and clear communication
strategies must articulate the distinction between direct
climate effects and indirect pollution-driven effects,
empowering individuals to make informed decisions
regarding their daily activities and protective measures
[45].

The necessity of such long-term, localized EEWS
frameworks is ultimately validated by the transient
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nature of the pandemic ‘anthropause! As demonstrated
by Pathak et al. (2023) [30] and Amritha et al. (2025)
[31], the air quality improvements observed during the
COVID-19 lockdowns were strictly temporary. Follow-
ing the easing of restrictions, both CO and NO, emis-
sions rebounded sharply, often returning to or exceeding
pre-lockdown levels due to the rapid resumption of traf-
fic and industrial activities. Because temporary mobility
restrictions do not provide sustainable environmental
safety, our proposed EEWS is an essential, permanent
necessity for mitigating future environmentally-driven
pandemic threats.

Limitations

Several limitations of this study must be acknowledged.
First, as a retrospective observational study focused on
a single pandemic wave (January to July 2020), we can-
not establish direct biological causation, and this finite
temporal scope limited long-term predictive modeling.
Second, using daily case counts as the dependent variable
introduces potential confounding from testing intensity
and the existing infectious pool. While our 7-day moving
average partially addresses reporting delays, it does not
fully capture the delayed biological response to environ-
mental stressors. Future studies should utilize distributed
lag non-linear models (DLNMs) to identify critical expo-
sure windows, and ideally model the effective reproduc-
tion number (R;) to more precisely isolate transmission
dynamics. Furthermore, our analysis may be subject to
temporal confounding; for instance, Daegu’s explosive
cold-weather superspreading event may be partially con-
flated with our observed temperature correlations, which
is distinct from Seoul’s more prolonged transmission.
Methodologically, relying on central outdoor monitoring
stations introduces exposure measurement uncertain-
ties by assuming uniform city-wide exposure, potentially
missing localized micro-climates. The K-means clustering
approach also introduces a degree of inherent subjectiv-
ity. Most critically, our models are purely environmental
and omit public health interventions (e.g., social distanc-
ing, mask mandates) and behavioral changes, which are
often the dominant drivers of pandemic trends, as dem-
onstrated by Anderson et al. [7]. To enhance model accu-
racy, future iterations should integrate our environmental
risk framework with mechanistic epidemiological mod-
els like SIR or SEIR [46, 47]. Additionally, incorporating
indoor environmental data (such as building ventilation
and air purifier usage), detailed human mobility metrics,
and specific socio-demographic characteristics like age
and gender will significantly improve the model’s robust-
ness. Finally, while our GAM framework demonstrates
strong explanatory power achieving 63.0% and 48.3%
explained deviance for Daegu and Seoul, respectively,
caution is required if applying this approach to other
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Fig. 12 A robust analytical framework for developing an early warning system for localized disease/disaster outbreaks

global regions. The complex, non-linear relationships
between the virus and environmental factors vary signifi-
cantly based on local climatic, topographic, and socio-
economic profiles. Therefore, global application requires
that the model’s parameters and smoothing functions be
strictly tailored to the distinct environmental and emis-
sion characteristics of each specific region, rather than
applying a universal baseline. Despite these limitations,
demonstrating that risk drivers vary significantly by loca-
tion effectively demonstrates the limitations of a univer-
sal model, providing a strong scientific foundation for
tailored, localized environmental health surveillance.

Early warning and risk identification system
framework

This research study employs a robust comparative analyt-
ical framework to systematically identify and model the
complex, localized drivers for disease outbreaks or disas-
ter impacts. This framework, visualized in Fig. 12, out-
lines a transferable, data-driven workflow. Formally, this

entire system can be defined as a computational pipe-
line that transforms a raw dataset D into an automated
response A. The process commences with Initial Data
Collection (Step 1), where the system ingests a raw data-
set D containing k initial factors (features), F' : The initial
set of factors is defined as:

F={f1,fo, -, fx}

This raw data then undergoes rigorous Data Processing &
Feature Selection (Step 2). This stage is critical for refin-
ing the dataset. The initial k factors are filtered by a pro-
cessing function, fprocess, to yield a final stable set of n
predictor variables, T

T= fproccss(F) = {t17t27 ce 7tn}

Following data refinement, an Initial Exploratory Analy-
sis (Step 3) is conducted to identify complex, non-linear
relationships. This step validates the rejection of simple
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linear models and justifies the necessity for advanced
techniques. Formally, this selection step is a conditional
choice of the analytical model M based on the output of
an exploratory function, feda :

if feda(T) is True (Complex Patterns Detected)

v = Maae(T)
- if feda(T) is False (Simple Patterns)

A[bame (T)

The core of the framework is the Advanced Explanatory
Modeling (Step 4), Maqv, which employs a dual-pronged
approach:

+ Predictive Model (Mgam) : First, a Generalized
Additive Model (GAM) is applied to quantify the
impact of each individual driver and generate a ‘Real-
time Risk Prediction; Riskpyeq:

Riskpreda = Mgam (T)

+ Classification Model (Mymeans) : Concurrently,
K-Means Clustering (Mymeans) is applied for ‘Risk
Zone Classification;, partitioning the data into ¢
distinct clusters (zones) by minimizing the within-
cluster sum of squares (WCSS), J:

T=3 > It —pl?

1=1teC;

(Where C; is the i-th cluster and pu; is its centroid).
Finally, the framework synthesizes these two outputs
(Step 6) in the “Risk Assessment & Threshold Monitor-
ing” stage. This is performed by a scoring function, fscore,
which calculates a single, continuous Risk Score, R:

R= fscorc(RiSkprod7 J)

This synthesis culminates in the final, actionable output.
The continuous Risk Score R is mapped to one of four
discrete alert levels, L, by an alert classification function,
f alert:

Level 1: Normal if R <6,
L= fuen(R) = Level 2: Advisory if 6y <R <6,
= Jalert ~ ) Level 3: Warning if 0y <R <03
Level 4: Emergency if R > 65

(Where 61, 05, 05 are the predefined risk thresholds.) This
alert level L then triggers a corresponding Automated
Response Action (Step 7), A, via a response function,

f response*

A= frcsponsc(L)

Page 17 of 24

The entire framework, from initial data factors F to the
final action A, can thus be expressed as a single compos-
ite function:

A= (frcsponsc o falcrt o fscorc © Madv o fproccss) (F)

The theoretical framework outlines the computational
and methodological foundation for a responsive, local
alert system. However, turning these analytical results
into effective public health practice means translating
numerical risk scores into concrete, actionable strate-
gies. Using the specific findings from our local pandemic
experiment the climate-driven risk in Daegu and the pol-
lution-driven dynamics in Seoul we now set out targeted
policy recommendations. These proposals are meant to
connect data driven risk identification with real world
operational response, making sure that future interven-
tion strategies are as complex and local as the environ-
mental drivers they aim to reduce.

Conclusion & future directions

This study investigated the complex, non-linear effects
of meteorological and air quality factors on COVID-19
transmission in Daegu and Seoul, South Korea, using
Generalized Additive Models (GAMs). Our analysis
Strongly indicates that environmental drivers of COVID-
19 are significantly region-specific, challenging a univer-
sal approach to pandemic preparedness. In the Daegu
basin, primary meteorological factors wielded the most
significant influence on transmission. Specifically, cold
temperatures and moderate-to-high humidity created
high-risk climatic regimes that drove elevated incidence
rates. Conversely, in the highly urbanized environment
of Seoul, anthropogenic air pollution particularly NO,
and CO emerged alongside temperature as the domi-
nant environmental drivers. Here, specific meteorologi-
cal conditions acted as catalysts, concentrating urban
pollutants and increasing population susceptibility. By
quantifying these non-linear relationships and rank-
ing variable importance, this research confirms that the
interplay between climate, pollution, and viral spread is
highly localized. While acknowledging the inherent limi-
tations of an observational study, these findings highlight
the necessity of transitioning from broad policies to tai-
lored, data-driven Environmental Early Warning Sys-
tems (EEWS). Such systems could proactively leverage
local forecasts to trigger targeted public health advisories
focusing on cold/humid conditions in areas like Daegu,
and high-pollution events in urban centres like Seoul.
Future research must expand this framework to diverse
urban typologies and integrate non-environmental data
streams, such as human mobility patterns, to refine pre-
dictive capabilities. Ultimately, this localized method-
ological approach provides a robust, scalable model for
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enhancing precision in pandemic response and mitigat-
ing the impact of future respiratory disease outbreaks.

Appendix

This appendix provides supplementary information,
including detailed model summaries and diagnostic plots,
to support the findings presented in the main text.

Daegu GAM summary
Figure 13 shows the full model summary output for the
Daegu GAM.
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Generalized additive model summaries

This section presents the detailed summary statistics
for the Generalized Additive Models (GAMs) fitted for
both Daegu and Seoul. These summaries include the sig-
nificance of smooth terms (approximate significance of
smooth terms), estimated degrees of freedom (EDoF),
and model convergence information.

Daegu: QQ Plot of Residuals

Ordered Values

-1 0 1 2
Theoretical quantiles

Fig. 13 Diagnostic plots for the Daegu GAM. Left panel: residuals versus fitted values. Right panel: Q-Q plot of residuals. The residuals are dispersed
randomly around the horizontal zero line with no systematic pattern, indicating that the Gaussian family assumption is appropriate. In the Q-Q plot, the
alignment of residuals along the diagonal reference line confirms the assumption of normally distributed errors

Seoul GAM summary
Figure 14 shows the full model summary output for the
Seoul GAM.

seoul: Residuals vs. Fitted Values
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Fig. 14 Diagnostic plots for the Seoul GAM. Left panel: residuals versus fitted values, the downward diagonal trend illustrates the floor effect of zero-case
observations in the dataset. Right panel: Q-Q plot of residuals. The close alignment of residuals along the diagonal reference line validates the assumption
of normality, confirming that the Gaussian family specification is a reasonable approximation for the Seoul dataset
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Simple correlation matrices of Daegu and Seoul
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Fig. 15 Spearman correlation heatmaps of daily environmental variables and log-transformed COVID-19 cases for Daegu (first) and Seoul (second) during
the study period
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Identified highest and lowest risk zone combinations of
Seoul and Daegu region

Table 4 Identified high-risk and low-risk temperature and humidity zones associated with COVID-19 transmission in Seoul and Daegu
regions

City Temperature (°C) Humidity (%) Risk rate Observations Risk level

Seoul
Seoul (19.6,23.05] (69.5, 76.75] 29.76 9 High
Seoul (23.05, 26.5] (69.5, 76.75] 29.29 I High
Seoul (9.25,12.7] (62.25,69.5] 2753 3 High
Seoul (2.35,5.8] (55.0,62.25] 26.20 4 High
Seoul (9.25,12.7] (40.5,47.75] 26.20 3 High
Seoul (23.05, 26.5] (62.25,69.5] 2537 6 High
Seoul (5.8,9.25] (55.0,62.25] 23.25 8 High
Seoul (19.6,23.05] (84.0,91.25] 2147 6 High
Seoul (-1.1,2.35] (76.75, 84.0] 0.00 3 Low
Seoul (-4.55,-1.1] (62.25,69.5] 0.05 4 Low
Seoul (-4.55,-1.1] (55.0,62.25] 0.08 5 Low
Seoul (-1.1,2.35] (69.5, 76.75] 0.13 6 Low
Seoul (2 35,5.8] (69.5, 76.75] 2.35 4 Low
Seoul (-1.1,2.35] (62.25,69.5] 335 4 Low
Seoul (-1.1,2.35] (55.0,62.25] 343 7 Low
Seoul (9.25,12.71] (55.0,62.25] 4.10 4 Low

Daegu
Daegu (24,54] (46.12,52.63] 278.80 7 High
Daegu (54, 84] (78.67,85.18] 181.52 5 High
Daegu (54,84] (72.16,78.67] 167.49 9 High
Daegu (5.4,84] (39.61,46.12] 74.95 4 High
Daegu (2.4,54] (72.16, 78.67) 40.00 5 High
Daegu (11.4,144] (52.63,59.14] 39.60 3 High
Daegu (84,114] (52.63,59.14] 34.75 4 High
Daegu (84,11.4] (59.14, 65.65] 31.68 5 High
Daegu (84,11.4] (46.12,52.63] 31.13 3 High
Daegu (-0.6, 2.4] (46.12,52.63] 0.00 6 Low
Daegu (-0.6, 2.4] (52.63,59.14] 0.00 7 Low
Daegu (-0.6,24] (59.14, 65.65] 0.00 5 Low
Daegu (-3.63,-0.6] (46.12,52.63] 0.07 3 Low
Daegu (20.4,234] (91.69, 98.20] 0.08 8 Low
Daegu (23.4,26.4] (72.16,78.67] 032 5 Low
Daegu (23.4,26.4] (59.14, 65.65] 0.50 4 Low
Daegu (23.4,26.4] (78.67,85.18] 0.54 7 Low
Daegu (20.4,23.4] (85.18,91.69] 0.60 7 Low
Daegu (20.4,234] (72.16,78.67] 0.60 5 Low
Daegu (14.4,17.4] (72.16,78.67] 0.60 3 Low
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Sensitivity analysis
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Fig. 18 Sensitivity analysis of the relationship between temperature and COVID-19 cases in Daegu. The red solid line represents the partial dependence
of average temperature on the log-transformed 7-day moving average of cases, modelled after excluding the peak outbreak period (February 15 — March
15, 2020). Dashed lines indicate 95% confidence intervals. The consistent non-linear shape confirms that the environmental association is robust to the
exclusion of the superspreading event
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Fig. 19 Sensitivity analysis of the relationship between temperature and COVID-19 cases in Seoul. The blue solid line represents the partial dependence
of average temperature modelled after excluding the specific cluster period (March 5 — March 20, 2020). Dashed lines indicate 95% confidence intervals.
The persistent trend confirms that the environmental signal remains stable even after removing the primary early infection cluster
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