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Abstract

Heat-related illness (HRI) has emerged as a major health concern in the Republic of Korea,
because climate change increases the frequency and intensity of heat waves. To address the regional
heterogeneity in HRI incidence, this study aimed to characterize the spatial patterns of HRI and examine
district-specific associations with heat-related factors. We analyzed HRI incidence and 18 heat-related
factors in 219 administrative districts in the Republic of Korea using data from 2024. Following
principal component analysis (PCA) of these factors, we compared ordinary least squares,
geographically weighted regression, and multiscale geographically weighted regression (MGWR)
models to assess spatially varying associations between the PCA-derived components and HRI
incidence. The MGWR model showed the best performance (adjusted R?: 0.44, AICc: 1604.055), thus
regression coefficients from this model were compared between hotspots and coldspots identified using
the Getis-Ord Gi* statistic. Of the five PCA-derived components, Thermal Environment (PC1) and
Social Vulnerability (PC2) were most strongly associated with HRI incidence. Focusing on these two
components, hotspots exhibited a stronger association than coldspots for both Thermal Environment
(median coefficients: 2.30 vs. 1.64) and Social Vulnerability (2.57 vs. 2.35). Furthermore, in Chungnam
(G5) and Gyeongnam (G14), which included both hotspots and coldspots, Thermal Environment had a
stronger association with HRI incidence in hotspots than in coldspots. These findings indicate that the
associations between HRI incidence and heat-related factors vary across districts and provide guidelines
for the development of HRI prevention strategies based on the identification of key factors and priority

districts.
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1. Introduction

Climate change has intensified the frequency and severity of extreme heat events worldwide,
greatly affecting human health. Global exposure to heatwaves has increased markedly, with
approximately 125 million additional vulnerable adults affected between 2000 and 2016, with an
estimated 489,000 heat-related deaths occurring annually over this period [WHO 2024]. This burden
has been particularly pronounced in Asia, which accounts for 45% of global heat-related deaths. More
recently, severe heat events in Europe resulted in over 60,000 deaths in 2024 alone [Janos et al. 2025].
In this context, heat-related illness (HRI) has emerged as a major public health concern worldwide
[Hundessa et al. 2025; Wu et al. 2025].

Heat-related health risk varies considerably across regions due to variation in climate,
socioeconomic structure, population vulnerability, and access to resources [Hu et al. 2017]. Previous
studies have employed various spatial statistical approaches to capture this spatial heterogeneity [Alam
2026; Rupp et al. 2026]. In particular, studies employing geographically weighted regression (GWR)
and multiscale geographically weighted regression (MGWR) have demonstrated that the effects of
sociodemographic and environmental factors vary across space, with some factors exerting a broad
influence while others exhibit a more localized impact [Song et al. 2021, Cao et al. 2025]. Evidence
from studies in the United States and Hong Kong has also highlighted regional differences in adaptive
capacity and demonstrated that the influence of HRI risk factors differs across spatial scales [Wang et
al. 2021; Song et al. 2021]. Collectively, these studies illustrate the need for region-specific analysis
that jointly considers multiple determinants of HRI.

In the Republic of Korea, HRI has also become an increasingly important public health concern.
According to the Korea Disease Control and Prevention Agency (KDCA), 3,704 HRI cases, including
34 deaths, were reported during the 2024 surveillance period (May 20—September 30), a 31.4% increase
compared to 2,818 patients in 2023 [KDCA 2024]. Individuals aged 80 years and older accounted for
the largest proportion of these deaths (29.4%), due to their increased vulnerability resulting from
physiological decline and underlying health conditions [Kim et al. 2020]. Pronounced regional
disparities have also been observed. For example, Seoul, which has a high population density, intensive
urban development, and more easily accessible healthcare services, has an HRI incidence of 2.5 per
100,000. In contrast, Jeonnam, which has a higher proportion of elderly residents and outdoor/manual
laborers, has an incidence of 22.7 per 100,000, nearly nine times higher than that of Seoul. These

differences suggest that HRI occurrence in the Republic of Korea is influenced by regional variation in



exposure and vulnerability. This has led to increasing emphasis on geographically differentiated
approaches to HRI prevention [An and Dedekorkut-Howes 2025].

Nevertheless, nationwide studies that explicitly examine spatial variation in HRI within the
Republic of Korea remain limited. Yi and Kwon (2023) analyzed the relationship between HRI
incidence and heat vulnerability during the 2018 heat wave. They reported that regions with similar
demographic characteristics can exhibit different HRI patterns depending on environmental conditions
[Yi and Kwon 2023]. However, their study was confined to only two regions, thus it did not capture
broader spatial patterns at a national scale. In another study, Han et al. (2024) predicted HRI incidence
using machine learning methods and identified key predictors such as the elderly population and thermal
exposure [Han et al. 2024]. While their approach provided valuable insights into the relative importance
of variables, it did not explicitly account for spatial variation in the relationships between predictors
and HRI incidence.

In the present study, we investigate the spatially varying relationship between HRI incidence
and associated factors across 219 administrative districts in the Republic of Korea in 2024. We first
examine the spatial distribution and clustering of HRI incidence using data from 2024 to identify
regional patterns. We then analyze how the relationship between HRI incidence and 18 heat-related
factors related to the thermal environment, social vulnerability, healthcare accessibility, energy use, and
land use varies across districts using spatial regression models. Hotspot and coldspot analysis are also
employed to provide a spatially explicit understanding of HRI incidence and identify region-specific
factors contributing to heat-related health risks.

In pursuing these objectives, this study makes two main contributions. First, it provides a fine-
scale analysis of HRI incidence across 219 administrative units at the district level nationwide. By
incorporating a comprehensive set of variables, the study systematically compares the association
between multiple risk factors and HRI incidence across districts, which promotes a spatially detailed
understanding of regional disparities in HRI incidence. Second, it adopts an integrated analytical
approach that combines the identification of spatial clustering patterns with a comparative evaluation
of spatial regression models to reveal district-specific relationships between HRI incidence and its
associated factors. Collectively, these contributions provide a spatially comprehensive understanding

of the HRI risk and offer an empirical foundation for geographically targeted public health interventions.

2. Materials and methods

To examine spatial variation in HRI in the Republic of Korea, we analyzed HRI incidence in
2024 across 219 administrative districts. In addition, 18 heat-related variables were incorporated to
construct representative factors that capture regional differences. These factors were then used as input

for regression models to assess spatial variation in their association with HRI incidence across districts.



Based on the estimated coefficients, we compared the relationship between HRI incidence and heat-

related factors by district. The outline of this research is summarized in Fig. 1.
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Fig. 1 Outline of the spatial analysis framework for heat-related illness (HRI)

2.1 Data description

We constructed a spatially structured dataset integrating epidemiological data and explanatory
variables related to heat exposure and vulnerability across administrative districts within the Republic
of Korea for 2023 and 2024. Of the 229 administrative districts considered for analysis, those containing
island areas or other geographically isolated districts were excluded to avoid distortion due to
geographic isolation. As a result, 219 districts across 16 cities were included as the study area.

HRI case data were obtained from the nationwide surveillance system operated by the KDCA
[KDCA]. This system collects cases reported by approximately 500 emergency medical institutions
during the summer surveillance period that runs from May 15 to September 30. Daily reported HRI

cases were summed to annual counts at the district level, and incidence was calculated as the number



of cases per 100,000 people in each district for that year as follows:

Number of HRI cases in a district per year

HRI incidence = x 100,000

Population of the district

We considered explanatory variables related to heat exposure and vulnerability. A total of 18

variables were collected and classified into four categories: thermal environment (7 variables), social

vulnerability (5 variables), healthcare accessibility and energy use (3 variables), and land use (3

variables). Table 1 provides an overview of these heat-related variables, while their definitions and

calculation procedures are presented in Section 2.2. Preprocessing was required to construct district-

level values for some variables, and the corresponding procedures are provided in Supplementary

Section A.

Table 1. Description of the categories for the heat-related variables

Category

Description

Thermal

environment

Climatic conditions and heat exposure were considered. Meteorological data were
obtained from the KMA [KMA], from which heat exposure measures were derived
to account for heat stress and extreme heat conditions. These variables were used

to quantify thermal exposure and assess its association with HRI incidence.

Social

vulnerability

Socio-demographic characteristics associated with susceptibility to HRI were
considered. Data were obtained from the Korea Statistical Information Service
(KOSIS) [KOSIS]. These variables were used to capture population vulnerability

and its contribution to variation in HRI incidence.

Healthcare
accessibility and

energy use

Access to healthcare services and cooling-related resources was considered as a
measure of adaptive capacity to the health impacts of heat exposure. Healthcare
data were collected from KOSIS [KOSIS], and electricity consumption data were
obtained from the Korea Electric Power Corporation (KEPCO) [KEPCO]. These

variables were used to evaluate differences in response capacity.

Land use

Environmental and built-environment characteristics influencing heat exposure
were considered. Data were obtained from the Ministry of Land, Infrastructure and
Transport (MOLIT) [MOLIT] and KOSIS [KOSIS]. These variables were used to
examine how environmental context contributes to spatial variation in HRI

incidence.

2.2 Variable processing for spatial analysis

To examine the spatial variation in HRI incidence, we considered 18 explanatory variables



related to heat exposure and vulnerability. Some of these variables were constructed to capture
characteristics related to heat exposure, while others are adjusted to account for differences in
population size and spatial scale across districts. Details of their construction are summarized in Table

2.

Thermal environment

The thermal environment category consisted of seven variables
(Tavg, RH,WBGT, D157, Dyeatwaver Daavisory, and Dy,qrning) and was classified into three sub-groups:
meteorological variables, composite heat indices, and extreme heat event indicators. Note that daily
maximum temperature was also obtained from the KMA; however, it was used only to calculate WBGT

and extreme heat event indicators and was not included as an independent explanatory variable.

(i) Meteorological variables. The meteorological variables included T,y and RH , which

correspond to average temperature and relative humidity, respectively. These variables were directly

obtained from meteorological observations.

(ii) Composite heat indices. To capture the combined effects of temperature and humidity on heat

exposure (i.e., heat stress), composite heat indices were constructed from the meteorological

variables. The wet-bulb globe temperature (WBGT), an indicator of heat stress, was calculated using

the formulation proposed by the KMA [Lee et al. (2019)]:

WBGT(t) = —0.2442 + 0.55399T,,(t) + 0.45535T,(t) — 0.0022T,,(t)?

+0.00278T,, (t)T,(t) (Eq.1)

where T, (t) denotes the air temperature (in this study, the maximum temperature) and T, (t)

denotes the wet-bulb temperature at time t. T, (t) was estimated as a function of temperature and

relative humidity as follows [Stull 2011]:
1
T, (t) = T, () tan~1 (0.151977(RH(1:) + 8.31369)7)
+ tan™ (T, + RH(t)) — tan™*(RH(¢t) — 1.67633)

+ 0.00391838RH(t)% tan~1(0.023101RH(t)) — 4.686035

where RH(t) is the relative humidity at time t. Daily WBGT values were calculated and averaged
for each year.

In addition, the discomfort index (DI), which reflects perceived thermal discomfort based
on temperature and relative humidity, was calculated as follows [Marina et al. 2005]:

DI(t) = 0.81T,(t) + 0.01RH (t)(0.99T,(t) — 14.3) + 46.3. (Eq.2)

In accordance with previous studies that have classified thermal discomfort based on a DI of 27 or
higher [Marina et al. 2005], the annual number of days with a DI of 27 or higher was defined as
DI,,.



(iii) Extreme heat event indicators. To capture acute heat exposure and its relevance for policy,
three indicators were constructed from meteorological variables: the annual number of days meeting
the criteria for heatwave conditions (Dpeqtwave) the issuing of a heat advisory (Dgapisory), and the
issuing of a heat warning (Dy,qrning) based on thresholds defined by the KMA [KMA criteria]. For

Dheatwave, the number of days with maximum temperature exceeding 33°C was counted, while

Daavisory and Dygrning Were defined based on apparent temperature thresholds (= 33°C and =
35°C, respectively) sustained for at least two consecutive days. These indicators thus reflected both

the intensity and persistence of extreme heat conditions.

Social vulnerability

The social vulnerability category comprised five variables (Elderly single, Elderly ratio,
Elderly welfare, Sex ratio, and Simple labor), constructed using socio-demographic data at the district
level. Elderly single represented the proportion of elderly single-person households among all
households, while Elderly ratio and Simple labor represented the proportion of individuals aged 60 or
older and simple labor workers in the total population, respectively. Sex ratio represented the number
of males per 100 females. The number of senior leisure welfare facilities (Elderly welfare) was

standardized per 1,000 individuals aged 60 or older.

Healthcare accessibility and energy use

The healthcare accessibility and energy use category included three variables (Pharmacy access,
Hospital access, and Electricity use). All variables were adjusted for population size at the district level.
Pharmacy access and Hospital access represented the number of pharmacies and medical institutions
per 100,000 population in each district, respectively. Electricity use was adjusted for population size by
dividing the total electricity consumption by the residents of each district and multiplying the result by

100.

Land use

The land use category contained three variables (Agricultural area, Green space, and Building
density) derived from area data for each district. Specifically, Agricultural area, Green space, and
Building density were calculated as the proportion of the total district area occupied by paddies and

fields, green area, and the gross floor area of buildings, respectively.

Table 2. Detailed definitions of heat-related variables with formulas

Category |Abbreviation Variable (unit) Description*
Tavg Average temperature (°C) Average temperature
- TP : -
Thermal RH Relative humidity (%) Mean relative humidity
environment WBGT WBGT (°C) Index of heat stress (Eq.1)
DI Discomfort index exceeds 27 Number of days a year
2 (days) when the DI (Eq.2) exceeds 27.




Number of days a year when the daily maximum
D Heat
heatwave catwave days (days) temperature exceeds 33°C.
Number of days a year during which the daily maximum
Daavisory Heat advisory days (days) apparent temperature is = 33°C for at least two
consecutive days
Number of days a year during which the daily maximum
Dyarning Heat warning days (days) apparent temperature is = 35°C for at least two
consecutive days
. Proportion of elderly single- Single — person households aged 65 +
Elderl l
ery simgte person households (%) Total households* x 100
P rti f lati + Population aged 60 +
Elderly ratio roportion of population aged 60 p g ; %100
(%) Total population*
Social Elderly Senior leisure welfare facilities |Number of senior leisure welfare facilities
. 3 . - X 1000
vulnerability welfare density per 1,000 older adults Population aged 60+*
) . Male population
Sex ratio Sex ratio: males per 100 females — X 100
Female population
P rti f simple 1 Number of simple labor workers
Simple labor roportion of simple labor f simp : % 100
workers (%) Total population*
Pharmacy Pharmacy density Number of pharmacies % 100,000
access per 100,000 population Total population* ’
Healtheare Hospital Hospital densit Number of hospitals
accessibility and P P v % 100,000
eneray use access per 100,000 population Total population*
& L. Electricity consumption (kWh) Electricity consumption
Electricity use . - x 100
per 100 population Total population*
ari -
gricultural Proportion of agricultural area (%) (Paddy + field) area x 100
area Total area*
. G
Land use Green space | Proportion of green space (%) JTeen Space x 100
Total area*
Buildi l
ulldz'ng Building floor area ratio (%) M x 100
density Total area*

* Total households, total population, and total area for each administrative district.

2.3 Spatial autocorrelation and clustering of hotspots and coldspots

2.3.1. Global Moran’s I for the analysis of spatial autocorrelation
We conducted spatial autocorrelation analysis to examine overall spatial dependence in HRI

incidence, which indicates whether districts with similar HRI incidence were spatially clustered. Spatial
autocorrelation refers to the extent to which values of a variable are correlated with values observed at
nearby locations. In spatial data, observations that are geographically close often exhibit similar values,
indicating spatial dependence [Anselin and Bera 1998]. To quantify this pattern, Global Moran’s I is
widely used to assess overall spatial dependence across a study area [Mendoza et al. 2025]. This statistic
measures the similarity between neighboring observations, where the neighborhood structure is defined
using a spatial weights matrix. Moran’s I generally ranges from —1 to +1, with positive values indicating
positive spatial autocorrelation, meaning that similar values tend to cluster together in space, while
negative values indicates spatial dispersion and values close to zero reflect a random spatial pattern.
The equation for global Moran’s I is as follows:

_ nXing Xj=1 V(4 — X) (x5 — X)

v i (xi — %)?




where n represents the number of districts (n = 219), x; and x; denote the HRI incidence in district i
and j, respectively, x is the national mean HRI incidence, and v; ; represents the spatial weight between
districts i and j. This weight is defined using the k-nearest neighbors approach (k=10) [Lee and Lim
2025], where v; ; is assigned a value of 1 if district j is among the 10 nearest districts to district , and
0 otherwise. V represents the sum of all spatial weights (X7=; X7=; vy j).

The statistical significance of Moran’s I is commonly assessed using a permutation-based
hypothesis test, where the null hypothesis assumes that the spatial distribution of the variable is random
and that no spatial autocorrelation exists [Anselin 1995]. Therefore, in the present study, a statistically
significant result was interpreted as evidence for the presence of spatial autocorrelation in HRI

incidence within the study area.

2.3.2. Identification of hotspots and coldspots

We examined local spatial patterns to reveal where HRI incidence was most strongly
concentrated across districts. To distinguish between hotspots and coldspots and to facilitate the
interpretation of cluster-specific characteristics, we conducted spatial cluster analysis using the Getis-
Ord Gi* statistic. In this study, a hotspot was defined as a district with a high HRI incidence surrounded
by other neighboring districts with a high HRI incidence. In contrast, a coldspot was defined as a district
with a low HRI incidence surrounded by neighboring districts with low HRI incidence. The Getis-Ord
Gi* statistic was used to identify statistically significant hotspots and coldspots by detecting local
clusters of high or low HRI incidence across districts [Pasaribu et al. 2021]. The Getis-Ord Gi* statistic
for district i is defined as follows [Danek et al. 2022]:

n = n
j=1VijX = X Xj_1 Vi

Gi =
) 2
S nz};l Vij— (Z?=1 Ui,j)
n—1
j=1%7

where S is the standard deviation (S = — (X)?). The spatial weights (v; ;) were defined using

the k-nearest neighbors approach, with the number of neighbors set to 10 districts to maintain
consistency with the Moran’s I analysis.

Statistical significance was assessed using permutation-based inference with 999 simulations.
In this process, HRI incidence values were randomly reshuffled across districts to generate a reference
distribution under the null hypothesis of no local spatial clustering [Dominguez et al. 2019]. The
observed Getis-Ord Gi* statistic for each district was then compared with this reference distribution to

identify hotspots and coldspots at the 90%, 95%, and 99% confidence levels.



2.4 Feature construction using principal component analysis

To incorporate heat-related variables into the spatial analysis, the redundancy among variables
was reduced while preserving key information to improve interpretability. This was achieved using
principal component analysis (PCA) with the 18 heat-related variables. This method transforms a set of
correlated variables into a smaller set of uncorrelated principal components (PCs) that capture the
variation shared across the variables [Reid et al. 2009]. In this process, the number of components K
was chosen based on the cumulative explained variance from the PCA, with components explaining
more than 80% of the total variance selected [Jolliffe 2002; Abdi and Williams, 2010].

To quantify how strongly each district exhibits the characteristics of the retained PCs, PC scores
were calculated for all districts. These scores were obtained by projecting the standardized values of the
original heat-related variables for each district onto the new axes formed by the PCs. The PC score (q; x)

was specifically calculated as follows:
18

qix = Z A, jZij» k=12,..,K

j=1

where q;j denotes the score of the k-th PC for district i (i =1,2,...,219), z; jrepresents the
standardized value of j-th heat-related variable for district i, and a; ; is the coefficient of variable j for

component k, which reflects the contribution of variable j to that component.

To facilitate the interpretation of each component, varimax orthogonal rotation was applied to
the coefficients. This process generates rotated coefficients that increase the contrast in the contributions
of the individual variables within each component [Kaiser 1958]. Variables with rotated coefficients
with an absolute value greater than 0.5 were considered to characterize each component [ Thinnakorn et
al. 2025].

Additionally, the suitability of the data for PCA was assessed using the Kaiser—Meyer—Olkin
(KMO) measure and Bartlett’s test of sphericity [Kaiser 1974]. The KMO statistic evaluates whether
the variables share sufficient common variance to be represented by a smaller set of components, while
Bartlett’s test determines whether the correlation matrix significantly differs from an identity matrix. A
KMO value greater than 0.5 and a statistically significant result from Bartlett’s test (p < 0.05) were
considered indicative of adequate suitability for PCA [Bartlett 1950].

2.5 Statistical model for spatial analysis

To determine whether the associations between HRI incidence and heat-related PC scores

varied across districts, we applied three regression models: ordinary least squares (OLS) regression with

10



global coefficients, and GWR and MGWR with spatially varying coefficients. Their performance was
compared to identify the most appropriate model to describe the associations between HRI incidence

and PC scores.

Ordinary least squares regression model with global coefficients
We first considered an OLS model, which assumes spatially constant relationships between
HRI incidence and PC scores across all districts. The model is expressed as follows [Bhattacharjee and

Yadav 2026]:

K
yi=PBo+ z Brqix + &
k=1

where y; denotes the HRI incidence in district i (i = 1,2, ...,219), and q; ; represents the score of the

k-th PC. The coefficients are estimated using OLS.

Spatial regression models with spatially varying coefficients

To account for spatial heterogeneity, we considered GWR and MGWR, two spatial regression
models with spatially varying coefficients that have been widely used in previous studies to examine
relationships that vary across space [Cao et al. 2025, Meng 2023]. These models estimate district-
specific coefficients using spatial weights, which assign greater influence to nearby observations
[Fotheringham et al. 1998]. These coefficients describe the local association between the PC scores and
HRI incidence. The spatial weights are defined by the bandwidth, which determines the spatial scale
over which these weights are applied. GWR uses a single bandwidth for all variables, whereas MGWR
assigns variable-specific bandwidths, meaning that each explanatory variable operates at its own spatial
scale. In the present study, this enabled MGWR to assess whether the association between HRI
incidence and each PC score was mainly local or reflected broader regional patterns [Wang et al. 2025].

The GWR model is expressed as follows [Huisheng et al. 2025; Charlton et al. 1998]:

K
Yi =Bio+ Z Bikqix + &
k=1

where f; o and f; ; denote the intercept and the coefficient for the k-th PC score in district i,

respectively. The coefficients are estimated by minimizing the weighted residual sum of squares [Leung
et al. 2000].
The MGWR model is expressed as [Lu et al. 2023]

K
— pbwo bwk
yi =PBip *+ Z Bix Qix T &
k=1

where bw0 and bwk denote the adaptive bandwidths for the intercept and the k-th PC score,

respectively. Bandwidths were estimated separately for the intercept and each k-th PC score using a

11



back-fitting algorithm, following Fotheringham et al., (2017) [Fotheringham et al. 2017]. All model

fitting procedures were performed in R version 4.5.1.

Spatial weights and bandwidth selection for the spatial regression models

Spatial weights were used to determine the contribution of neighboring districts to the
coefficient estimation in a target district. Neighboring districts closer to the target district receive higher
weights, whereas those farther from the target district received lower weights or zero weights
[Fotheringham et al. 2002]. These weights are generally determined using a kernel function that defines
the degree to which spatial influence decreases with distance. In the present study, spatial weights (w; ;)

were calculated using the bisquare kernel function:
2

di;\?
B T S
0, otherwise
where d; j is the distance between the spatial coordinates of target district i and neighboring district j
(j=1,2,...,219), and h; is the bandwidth parameter for target district i.

The bandwidth parameter h; determines the spatial range of neighboring districts influencing
the local regression at district i. We used an adaptive bandwidth, which allowed the spatial range of
neighboring districts included in each local regression to vary across target districts, especially when
the districts were not evenly distributed across the study area. The optimal bandwidth was determined
using the corrected Akaike information criterion (AICc), which balances model fit and model

complexity [Fotheringham et al. 2002].

Performance metrics for model comparison

To select the final model for interpreting the regression coefficients, we compared model
performance using several performance metrics, including Moran’s I for the residuals, AICc, and
adjusted R?. A non-significant p — value for Moran’s I for the residuals was taken to indicate that
there was no substantial residual spatial autocorrelation, suggesting that the model adequately captured
the spatial structure of HRI incidence. Overall, a model with a lower AICc, a higher adjusted R?, and

a non-significant Moran’s I for the residuals (p > 0.05) was considered more optimal.

3. Results

3.1 Spatial variation in HRI incidence

We investigated regional variation in HRI incidence for 219 administrative districts in Korea
using data from 2023 and 2024. Incidence, defined as the number of cases per 100,000 population, was

examined in relation to its spatial distribution and structure and its association with variables related to

12



heat exposure and vulnerability. Figure 2 presents the temporal trends and spatial distribution of HRI
in 2023 and 2024. The HRI case count was 3,704, and the average temperature was 24.88°C in 2024,
both of which were higher than in 2023 (2,818 and 23.85°C, respectively). The temporal patterns were
similar in both years, with peaks in early August (Figs. 2(a) and (b)), while spatial differences in

incidence were more pronounced across districts (Figs. 2(d) and (e)).
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Fig. 2 Temporal trends and spatial distribution of HRI incidence in the Republic of Korea for 2023 and
2024. Comparison of (a) daily HRI case counts and (b) average temperature between 2023 (blue) and
2024 (red). (c) The 16 cities in the Republic of Korea included in the analysis. Spatial distribution of
HRI incidence by district in (d) 2023 and (e) 2024. The color intensity represents HRI incidence (cases
per 100,000 population)

We also compared the HRI incidence and heat-related variables between 2023 and 2024 at the
city level. For each city and year, we calculated HRI incidence, and the heat-related variables were
obtained by averaging the corresponding district-level values within each city. Incidence increased in
all cities by 37.43% on average from 2023 to 2024, while the degree of this increase ranged from 6.60%
in Sejong (G7) to 75.75%, 80.86%, and 80.98%, in Gyeongnam (G14), Jeonnam (G9), and Incheon
(G3), respectively (Supplementary Fig. S1(a)). The relative changes in the heat-related variables also
varied across cities (Supplementary Figs. S1(b)—(c)). In particular, the extreme heat indicators
demonstrated a considerable increase, with Dyeqtwaves Dadvisorys @nd Dygrning Tising by 43.41-
176.09%, 46.38-240.00%, and 50.88—450.00%, respectively. Therefore, we focused our main analysis
on data from 2024.

To examine the spatial structure of these regional differences, the spatial autocorrelation of HRI
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incidence in 2024 was evaluated using global Moran’s I. The resulting 0.25 (p < 0.05) indicated the
presence of a clustered spatial pattern. Similarly, heat-related variables exhibited regional differences
across districts (Supplementary Figs. S2 and S3). These differences were statistically significant for
all 18 variables, as confirmed by Kruskal-Wallis tests comparing district-level values across cities (p <
0.05). Overall, both HRI incidence and heat-related variables exhibit spatially structured variation

across districts.

3.2 Structure of heat-related principal components

To analyze the association between HRI incidence and heat-related variables using the spatial
regression models, we first examined the relationships among the variables using PCA. Prior to PCA,
we assessed the suitability of the 18 heat-related variables using the KMO measure and Bartlett’s test
of sphericity. The KMO value was 0.76, surpassing the threshold of 0.5 that indicates sampling
adequacy, while Barlett’s test was statistically significant (p < 0.05), confirming the presence of
sufficient correlations among the variables. These results indicated that the variables were suitable for
PCA.

We then performed PCA on the 18 heat-related variables across 219 districts. Table 3
summarizes the retained PCs, along with the cumulative explained variance and rotated coefficients for
each heat-related variable. Five PCs were retained to explain at least 80% of the total variance, and
these components accounted for 84.53% of the total variance. The variance explained by PC1-PC5 was
30.45%, 27.47%, 14.40%, 6.66%, and 5.55%, respectively. To interpret these components, variables
with strong contributions to each component were identified based on the rotated coefficients. The
rotated coefficients with absolute magnitudes of 0.5 or greater were considered to represent strong
contributions, and the corresponding variables were used to characterize each component. Accordingly,
PC1-PC5 were interpreted as Thermal Environment, Social Vulnerability, Healthcare Accessibility &
Energy Use, Labor Vulnerability, and Land Use & Humidity, respectively.

Table 3. Rotated principal component (PC) coefficients for each PC. The category indicates the groups
for the original variables used to derive PCs. The values represent the cumulative total variance and the
rotated coefficients of each variable for PC1-PC5. The column headings present the interpreted names

of the PCs

Healthcare
. Thermal Social Accessibility & Labor Land Use &
Cat Derived Environment Vulnerability Vulnerability =~ Humidity
ategory Factors Energy Use
PC1 PC2 PC3 PC4 PC5
Cumulative 30.45 57.92 72.32 78.97 84.53
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total variance
Tavg 0.654 —0.34 0.125 —0.390 —0.194
RH —0.250 0.352 -0.075 0.148 0.721
Thermal WBGT 0.971 0.071 -0.043 -0.039 0.069
environment DI, 0.950 0.085 -0.039 —0.081 0.076
Dheatwave 0.934 -0.019 -0.003 0.016 —0.234
Daavisory 0.930 0.135 -0.029 —0.132 0.114
Dyarning 0.931 0.114 —0.051 0.092 0.132
Elderly single 0.060 0.956 —0.041 -0.056 0.147
' Elderly ratio 0.043 0.957 -0.035 -0.022 0.095
Vuli::;gnty Elderly welfare 0.198 0.816 ~0.058 0.036 0.399
Sex ratio —0.088 0.062 -0.179 0.787 0.387
Simple labor —0.115 0.637 —0.044 0.579 —0.113
Healthcare  Fharmacy access 0.001 0.003 0.845 —0.281 -0.207
accessibility  z7,05i1al access 0.171 0.426 0.708 —0.348 -0.008
andenergy use . iciyuse | —0.220 ~0.173 0.810 0.345 ~0.031
Agricultural area 0.193 0.123 -0.079 0.066 0.850
Land use Green space —0.038 —-0.738 —-0.154 -0.239 —-0.185
Building density | —0.095 -0.359 0.456 —0.357 —0.582

* Variables in bold (with absolute values exceeding 0.5) were used to interpret the components.

3.3 Comparison of spatial statistical models and regression coefficient

estimates

The retained PCs (PC1-PC5) were used as explanatory variables in the OLS, GWR, and
MGWR regression models to examine their associations with HRI incidence (i.e., q; , = k-th PC score
and y; = HRI incidence). These models were compared to identify the most appropriate model for
explaining the spatial variation in HRI incidence, with OLS capturing global associations and GWR
and MGWR accounting for spatial heterogeneity.

Table 4 summarizes the performance of the OLS, GWR, and MGWR models. Residual spatial
autocorrelation was assessed using Moran’s 1. The OLS model exhibited significant positive spatial
autocorrelation at the 0.05 significance level (Moran’s I =0.089, p — value = 0.02). In contrast, GWR
(Moran’s 1=0.013, p — value = 0.72) and MGWR (Moran’s [ = —0.013, p — value = 0.84) showed
no significant spatial autocorrelation, with Moran’s I values close to zero. These results suggested that
GWR and MGWR adequately captured the spatial structure. Model fit was also compared using AICc
and adjusted R?. The MGWR model showed the best performance, with the highest adjusted R?
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(0.44) and the lowest AICc (1604.055), compared with GWR (adjusted R?: 0.42, AICc: 1615.636)
and OLS (adjusted R?: 0.35, AICc: 1615.315). These results indicated that MGWR better captured
spatial heterogeneity by allowing each variable to operate at its own spatial scale. Therefore, MGWR

was selected as the final model for analysis.

Table 4. Comparison of the performance of the OLS, GWR and MGWR models based on Moran’s I of
the residuals, AICc and adjusted R?. The Moran’s 1 and p — value columns indicate the global

Moran’s I statistic and its corresponding p — value, respectively

Model Moran’s I p — value AlCc Adjusted R?
OLS 0.089 0.02 1615.315 0.35
GWR 0.013 0.72 1615.636 0.42
MGWR —0.013 0.84 1604.055 0.44

The results of the MGWR model are visualized in Supplementary Fig. S4, while Table 5
summarizes the bandwidths and ranges of locally estimated coefficients. In addition, Supplementary
Fig. S4 visualizes the spatial distribution of statistically significant local coefficients based on the
absolute value of the local t-statistic (|t| > 1.96). The range of coefficients reflected the magnitude and
direction of the association between HRI incidence and the PC scores, with positive coefficients
indicating that an increase in the PC scores was associated with an increase in HRI incidence.

Thermal Environment (PC1) had a bandwidth of 89 and generally positive coefficients (0.7—
4.1). Significant associations were found in 201 districts, which indicates a broad spatial distribution
(Supplementary Fig. S4(a)). Social Vulnerability (PC2) had a bandwidth of 218, and consistently
positive coefficients (2.3-2.7), with significant associations observed across all districts
(Supplementary Fig. S4(b)). In contrast, Healthcare accessibility & energy use (PC3) and Labor
Vulnerability (PC4) exhibited more limited spatial associations (Supplementary Figs. S4(c) and (d)),
with significant relationships observed only in a small number of districts. Land Use & Humidity (PC5)
had a bandwidth of 218, but no significant relationships were identified. These results suggest that
Thermal Environment and Social Vulnerability may play an important role in explaining the spatial
variation in HRI incidence. Therefore, further analysis focused on Thermal Environment and Social

Vulnerability.

Table 5. Bandwidths and summary statistics for the local coefficients estimated using the MGWR

model

Thermal Social Healthcare Labor

Land use &
environment vulnerability  accessibility &  vulnerability humidity Intercept
(PC1) (PC2) energy use (PC4) (PCS)
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(PC3)

Bandwidth 89 218 28 82 218 218
Local 1.8 2.5 0.4 0.8 —-0.2 12.3
coefficient* (0.7-4.1) (2.3-2.7) (-8.2-7.3) (-5.8-22)  (=0.6-0.3) (11.4-12.6)

* Values indicate local estimated coefficients, summarized as the median (min—max).

3.4 Regression coefficient analysis between hotspots and coldspots

Because interpretation of district-specific coefficients was challenging, we conducted Getis-
Ord Gi* analysis to identify hotspots and coldspots of HRI incidence and to enable cluster-based
interpretation. A hotspot was defined as a district where both the local HRI incidence and the incidence
in neighboring districts were high, whereas a coldspot was defined as a district where both the local
HRI incidence and the incidence in neighboring districts were low.

Figures 3(a) and (b) show the district-level HRI incidence and statistically significant spatial
clusters of HRI incidence across districts, respectively. Hotspots were identified in a total of 34 districts
whthin Chungnam (GS5), Jeonbuk (GS8), Jeonnam (G9), Gangwon (G11), Gyeongbuk (G12), and
Gyeongnam (G14). Coldspots were identified in 90 districts within Seoul (G1), Gyeonggi (G2), Incheon
(G3), Chungnam (G5), Sejong (G7), Gyeongbuk (G12), Daegu (G13), Gyeongnam (G14), Ulsan (G15),
and Busan (G16). Details are provided in Supplementary Table S1.

We compared the distributions of significant regression coefficients for Thermal Environment
(PC1) and Social Vulnerability (PC2) between hotspots and coldspots. As shown in Figs. 3(c) and (d),
the coefficients for both Thermal Environment and Social Vulnerability were positive in both hotspots
and coldspots. This indicates that higher scores for these two components were associated with higher
HRI incidence in both cluster types. However, the median coefficients were higher in hotspots than in
coldspots for both Thermal Environment (hotspots: 2.30 vs coldspots: 1.64) and Social Vulnerability
(2.57 vs 2.35). These findings suggest that the association between both Thermal Environment and

Social Vulnerability and HRI incidence was stronger in hotspots than in coldspots.
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(a) Incidence of heat-related illness (b) Hotspots and coldspots
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Fig. 3 Spatial patterns of heat-related illness (HRI) incidence and comparison of local regression
coefficients between hotspots and coldspots. (a) Spatial distribution of HRI incidence across districts in
the Republic of Korea. Darker red indicates a higher HRI incidence. (b) Spatial clusters of HRI
incidence identified using the Getis—Ord Gi* statistic. Red and blue indicate hotspots and coldspots,
respectively. Darker colors indicate a stronger statistical significance, while gray areas indicate non-
significant districts. Boxplots comparing significant regression coefficients between hotspots and
coldspots for (¢) Thermal Environment (PC1) and (d) Social Vulnerability (PC2). The red and blue

boxplots represent hotspots and coldspots, respectively

In the present study, the association of Thermal Environment with HRI incidence exhibited
spatial variation, as reflected by its bandwidth of 89, which was relatively low compared with the total
number of districts (219). In contrast, Social Vulnerability followed a global pattern, as reflected by its

larger bandwidth of 218. Accordingly, we examined regional differences in the association between

18



Thermal Environment and HRI incidence by analyzing significant regression coefficients in several
cities identified using the Getis-Ord Gi* analysis.

For this purpose, we focused on cities containing both hotspot and coldspot districts, with at
least two districts of each type (G5 and G14). The analysis was also conducted for coldspot-dominant
cities, defined as cities with at least two coldspot districts and no hotspot districts (G1, G2, G3, G13,
and G16), and hotspot-dominant cities, defined as cities with at least two hotspot districts and no
coldspot districts (G8 and G9). Cities represented by only one district in the relevant cluster type were
excluded because they were considered insufficient for comparison.

Chungnam (G5) and Gyeongnam (G14), which contained both cluster types, were used for the
within-city comparison between hotspots and coldspots (Fig. 4(a)). In Chungnam (GS5), the Thermal
Environment scores were generally lower in hotspots than in coldspots, whereas the regression
coefficients for Thermal Environment were higher in the hotspots than in coldspots (Figs. 4(b) and (c)).
Specifically, the mean Thermal Environment score was -1.44 in hotspots and 0.49 in coldspots, with a
mean regression coefficient of 3.60 and 3.08, respectively. In Gyeongnam (G14), the Thermal
Environment scores were higher in the hotspots than in coldspots, and the regression coefficients were
also higher in hotspots than in coldspots (Figs. 4(d) and (e)). Specifically, the mean Thermal
Environment score was 2.54 in hotspots and 0.68 in coldspots, while the mean regression coefficient
was 2.00 and 1.28, respectively. Thus, the Thermal Environment scores demonstrated the opposite
trends in hotspots and coldspots in the two cities, while the regression coefficients for Thermal
Environment were consistently larger in hotspots than in coldspots. These findings suggest that the

association between Thermal Environment and HRI incidence may differ across districts within the

same city.
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Fig. 4 Comparison of Thermal Environment (PC1) scores and significant regression coefficients

between hotspots and coldspots in Chungnam (G5) and Gyeongnam (G14). (a) Chungnam (G5) and
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Gyeongnam (G14), where both hotspots and coldspots are present, are outlined in orange. (b, d)
Comparison of Thermal Environment (PC1) scores between hotspots and coldspots in Chungnam (GS5)
and Gyeongnam (G14). (c, e) Comparison of significant regression coefficients for 7Thermal
Environment (PC1) between hotspots and coldspots in Chungnam (GS5) and Gyeongnam (G14). Points
represent district-level values, dashed lines indicate the mean district-level values, and shaded boxes

present the value ranges (min—max). Red and blue denote hotspots and coldspots, respectively

To identify differences in the Thermal Environment scores and regression coefficients between
coldspot-dominant and hotspot-dominant cities, we compared coldspot-dominant cities, including
Seoul (G1), Gyeonggi (G2), Incheon (G3), Daegu (G13), and Busan (G16), with hotspot-dominant
cities, including Jeonbuk (G8) and Jeonnam (G9). As shown in Fig. 5, both Thermal Environment scores
and regression coefficients were generally higher in the hotspot-dominant cities than in the coldspot-
dominant cities. Overall, these findings suggested that hotspot-dominant cities had stronger associations
between Thermal Environment and HRI incidence than coldspot-dominant cities. This also indicated

the presence of regional differences in the association between Thermal Environment and HRI incidence.
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Fig. 5 Comparison of Thermal Environment (PC1) scores and significant regression coefficients
between coldspot-dominant and hotspot-dominant cities. (a) Coldspot-dominant cities are outlined in
green, and hotspot-dominant cities are outlined in pink. (b) Boxplots comparing Thermal Environment
(PC1) scores between coldspot-dominant and hotspot-dominant cities. (c) Boxplots comparing
significant regression coefficients for Thermal Environment (PC1). Green and pink boxplots represent

coldspot-dominant and hotspot-dominant cities, respectively
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4. Discussion

HRI has emerged as a major public health concern in the Republic of Korea, particularly in
conjunction with rising levels of heat exposure. HRI incidence generally exhibits clear regional
variation due to regional differences in thermal exposure, population vulnerability, and local conditions.
This suggests the need for spatially explicit analysis to better understand geographic heterogeneity in
the HRI risk. Previous studies in the Republic of Korea have identified key risk factors and examined
patterns within specific regions, thus providing useful insights into general risk patterns [Yi and Kwon
2023; Han et al. 2024]. However, these studies have not been able to capture geographically varying
associations, because they either focused on a small number of regions or did not examine district-
specific associations between predictors and HRI incidence. Therefore, nationwide district-level
analysis of the HRI risk has been lacking.

In this study, we investigated the spatial variation in HRI incidence and determined whether its
associations with heat-related factors differ across districts. Using data for 219 administrative districts
in the Republic of Korea from 2024, we analyzed 18 heat-related factors associated with the thermal
environment, social vulnerability, healthcare accessibility, energy use, and land use. We identified
spatial patterns of HRI incidence using spatial autocorrelation via Moran’s I. The OLS, GWR, and
MGWR models were compared to evaluate the suitability of modeling spatially varying associations
between HRI incidence and heat-related factors. In addition, we conducted hotspot and coldspot
analysis to detect clusters of high- and low-incidence districts. Within these clusters, regression results
were examined to provide a more detailed interpretation that reflects regional differences in these
associations.

This analysis yielded three main findings. First, we found that the HRI incidence in 2024 had a
statistically significant positive spatial autocorrelation (Global Moran’s I value of 0.25, p < 0.05). This
indicated that the HRI risk was spatially clustered rather than randomly distributed. To examine factors
explaining this spatial heterogeneity, we considered 18 heat-related variables and employed PCA to
derive PCs from these variables. Compared with previous studies that mainly considered a limited set
of factors [Guo et al. 2017; Zhou et al. 2024], this study is distinct in that it used a broader set of
variables related to the HRI risk and summarized them into a smaller set of risk components using PCA.
This approach enabled a more comprehensive and fine-scale assessment of regional differences in the
HRI risk.

Second, among the five PCA-derived components (PC1-PC5), Thermal Environment (PC1)
and Social Vulnerability (PC2) were identified as the main components associated with HRI incidence
in the MGWR model, which outperformed the OLS and GWR models (adjusted R? = 0.35 and 0.42,
respectively) with an adjusted R? of 0.44. This value was comparable to that reported in previous
studies (e.g., 0.28 in [Anderson et al. 2023] and 0.44 in [Yin et al. 2024]). Based on the MGWR model,

Thermal Environment and Social Vulnerability were positively associated with HRI incidence. Notably,
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Social Vulnerability exhibited a global pattern (bandwidth = 218), which indicated a broadly consistent
effect across districts, whereas Thermal Environment had a spatially varying effect (bandwidth = 89)
that reflected region-specific differences in the influence of heat exposure. Previous studies in the
Republic of Korea have identified key predictors of HRI[Yi and Kwon 2023; Han et al. 2024], including
population vulnerability and thermal exposure. However, relatively little attention has been given to
how the effects of these predictors on HRI incidence vary across districts. For example, Han et al. (2024)
identified the elderly population and thermal exposure as important predictors using machine learning
approaches, but spatial variation in their associations with HRI incidence was not examined [Han et al.
2024]. The present study identified this spatial variation by employing MGWR to distinguish between
globally consistent and locally varying associations. These findings help to identify district-specific key
components associated with HRI incidence and provide a clearer understanding of how their
associations vary across districts.

Third, the associations of Thermal Environment and Social Vulnerability with HRI incidence
differed between hotspots and coldspots. Using the Getis-Ord Gi* statistic, we identified 34 hotspots
and 90 coldspots, which were defined as districts clustered with neighboring districts showing similarly
high or low HRI incidence. In the MGWR results, significant regression coefficients varied between
hotspots and coldspots, with higher median coefficients in hotspots for both Thermal Environment
(hotspots: 2.30 vs. coldspots: 1.64) and Social Vulnerability (2.57 vs. 2.35). The higher coefficients in
the hotspots suggested that HRI incidence was more strongly associated with Thermal Environment and
Social Vulnerability than in coldspots. Notably, among cities where coldspot districts were concentrated,
Daegu (G13) showed the lowest regression coefficients for Thermal Environment. This suggested that
the influence of Thermal Environment on HRI incidence was weaker, which may reflect the impact of
dedicated heatwave and urban heat island response policies implemented in this city [An and
Dedekorkut-Howes 2025]. Further comparison of cities containing both hotspots and coldspots revealed
that significant regression coefficients were consistently higher in hotspots than in coldspots, such as in
Chungnam (GS5; hotspots: 3.60 vs. coldspots: 3.08) and Gyeongnam (G14; 2.00 vs. 1.28). These findings
were consistent with evidence from studies in other countries demonstrating that the heat-related risk
varies with climate conditions and adaptive capacity [Navas et al. 2024], and showed that this
heterogeneity operates across multiple spatial scales.

Despite the relevance of these findings, the present study has several limitations. First, the
analysis focused primarily on data from 2024, which limits the ability to capture long-term temporal
dynamics in HRI incidence. However, 2024 was selected because it represented a year of substantially
elevated HRI incidence and higher levels of heat exposure than 2023, thus providing more useful data
for examining the factors associated with elevated HRI risk. Moreover, while previous studies have
examined earlier periods [Yi and Kwon 2023; Han et al. 2024], the analysis of more recent conditions
has been limited. This highlights the relevance of the present study in capturing recent patterns in the

HRI risk in the Republic of Korea. In addition, rather than focusing solely on thermal exposure, this
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analysis incorporated a broad set of heat-related variables, including the thermal environment, social
vulnerability, healthcare accessibility, energy use, and land use, providing a comprehensive assessment
of factors associated with the HRI risk.

Second, although MGWR improved model performance compared with OLS and GWR, its
adjusted R? of 0.44 indicates moderate explanatory power. This may be attributable to the complexity
of HRI incidence, which is influenced by multiple interacting factors that are difficult to fully capture
within a single statistical modeling approach. Nevertheless, previous studies employing MGWR to
assess health outcomes have reported a comparable model performance, with adjusted R? values of
0.28 [Anderson et al. 2023] and 0.44 [Yin et al. 2024]. This suggests that the model adequately captured
spatial heterogeneity within a reasonable range.

In conclusion, the findings of the present study demonstrate that HRI incidence in the Republic
of Korea exhibits clear spatial heterogeneity and is associated with both broadly acting and spatially
varying factors, as confirmed using the MGWR model. Thermal Environment and Social Vulnerability
were identified as the primary factors associated with HRI incidence, and the strength of these
associations varied across districts. These results highlight the need for geographically differentiated
HRI prevention strategies that reflect local factors associated with HRI. They also provide an empirical
basis for identifying priority districts and supporting targeted public health interventions in the Republic

of Korea.
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