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ABSTRACT

Understanding environmental disease risk factor analysis at the district level is essential for gaining
valuable insights into regional disease variations, offering a broader perspective compared to
individual-level studies. Recently, explainable artificial intelligence (XAl) has received increasing
attention in the analysis of factors affecting public health. However, previous purely data-driven
XAl-based risk factor analyses faced challenges in capturing regional effect of environmental
variables, leading to confusion regarding key spatiotemporal risk factors. Therefore, this study
proposes a framework that includes two complementary XAl-based risk factor analyses following
two assumptions. Regionally rescaled environmental variables must account for the unequal
effects on environmental factors, which are likely influenced by variations in adaptation capacity
to weather conditions and differences in exposure-response relationships to air pollutants. District-
level disease distribution highlights geographic disparity in sociodemographic vulnerability,
whereas temporal variation in diseases by district underscores temporal environmental impacts.
Based on these two hypotheses, we rescaled environmental variables using two complementary
schemes: one that employs the district-level disease distribution as the target variable, and another
that utilizes the temporal residual of the disease within each district. We evaluated this framework
by analyzing the association between cardiovascular age-standardized mortality rate (CVD-ASMR)
and various risk factors in South Korea from 2010 to 2019, using high-performing random forest
and light gradient boosting models with additive Shapley explanation. Compared to previous
purely data-driven XAl-based analyses, the proposed schemes achieved significantly better results
in capturing regional exposure-response relationships. In two complementary schemes, the most
explainable factor to districts with high CVD-ASMR was low education level related to socio-
demographic vulnerability, whereas the most explainable factors to high temporal CVD-ASMR
patterns were low greenness and high air pollution levels. In addition, the two complementary
schemes enabled us to reasonably analyze the interaction effect of the two risk factors, i.e.
temperature and air pollutants. Furthermore, high CVD-ASMR and its high temporal variation
were observed in situations of high sociodemographic vulnerability with poor air quality. These
findings provide insightful public health planning for sustainable cities and society by pinpointing
high-risk areas and tailoring strategies to address regional environmental challenges.
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1. Introduction
contributing to regional health disparities (Kamal-

The acceleration of urbanization has led to uneven
population growth and environmental degradation
(Han et al. 2014; Sun et al. 2022). Heterogeneous
levels of urban development led to local disparities,
including environmental factors such as deteriorat-
ing air quality and increased susceptibility to heat, as
well as sociodemographic factors such as education
levels, access to health care, and income rates, thus

Chaoui and Sanchez-Reaza 2012; Rosenberg et al.
2016; Seto, Parnell, and Elmqvist 2013). Numerous
studies indicate that district-level disease studies can
provide invaluable insights into the occurrence of
mortality/morbidity and spatial variations, and cap-
ture the differential impact of urbanization, as indi-
vidual-level studies are not always feasible (Conrad
and Capewell 2012; Hoffmann et al. 2014
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Morgenstern 1995). Therefore, conducting risk factor
analysis at the district level is crucial for
a comprehensive understanding of sustainable pub-
lic health.

The ever-growing threat of chronic and infectious
diseases requires continuous advancements of public
health strategies. By surpassing conventional statistical
models, artificial intelligence (Al) has emerged as
a powerful tool because it can learn complex associa-
tions between various factors and diseases from huge
and complex datasets (Cho et al. 2021; Hossain, Uddin,
and Khan 2021; Ross et al. 2016). Al techniques, such as
random forest (RF) and light gradient boosting model
(LGBM), aid in managing public health policies and
fostering sustainable societies by generating geographi-
cal disease maps (Alvarez-Mendoza et al. 2020; Razavi-
Termeh, Sadeghi-Niaraki, and Choi 2022), detecting dis-
ease signs (Manne 2021; Tayal et al. 2021), and predict-
ing mortality and morbidity (Boudreault et al. 2024;
Parikh et al. 2019). Despite the high performance of Al
algorithms, their “black-box” nature poses difficulties
(i.e. interpretability) in healthcare applications. To
extend the application of Al to public health, explain-
able Al (XAl) algorithms have been used: Shapley addi-
tive explanations (SHAP), local interpretable model-
agnostic explanations (LIME), anchors, and heatmaps
(Lundberg and Lee 2017; Ribeiro, Singh, and Guestrin
2016, 2018; Selvaraju et al. 2017). Unlike other algo-
rithms, SHAP provides both global and local interpret-
ability, enabling the analysis of positive or negative
contributions of risk factors to individual predictions.
SHAP has been successfully applied in various epide-
miological settings to facilitate informed decision-
making regarding treatment options, and improve risk
detection (Alabi et al. 2022; Peng et al. 2021; Wang,
Feng, and Qi 2021).

Despite the multispectral interpretability of SHAP,
its purely data-driven application in risk factor studies
has overlooked differences in regional exposure-
response effects (Ke et al. 2023; Kim and Kim 2022;
Ogata et al. 2021; Shimada-Sammori et al. 2023; Wen,
Wang, and Shao 2024; Wertis et al. 2023; Yao et al.
2022). This oversight may lead to confusion regarding
key spatiotemporal risk factors. For example, studies
in a developed country (e.g. Japan) identified tem-
perature as a key predictor of disease (Ke et al. 2023;
Ogata et al. 2021; Shimada-Sammori et al. 2023), while
studies in less urbanized cities placed emphasis on
sociodemographic factors (Y. Kim and Kim 2022; Wen,

Wang, and Shao 2024). Notably, Wertis et al. (2023)
highlighted that the scale of the analysis (multiple vs.
single districts) impacts key risk factors. Because SHAP
is data-driven and cannot automatically adjust for
unequal regional effects on environmental factors,
interpreting influential factors can be challenging.
To better understand regional disease patterns and
establish effective policies, it is crucial to comprehend
these inconsistencies and develop solutions in SHAP-
based analyses. To the best of our knowledge, there is
no SHAP-based research that has proposed guidelines
for understanding the influencing factors in different
local conditions.

Cardiovascular diseases (CVD) are a leading cause
of mortality and morbidity globally, attributable to
18.6 million deaths and 523 million cases in 2019
(Roth et al. 2020). In particular, South Korea has
a high CVD mortality rate despite active management
strategies (Arafa et al. 2021; Kim et al. 2015; Lee et al.
2021). Understanding the spatiotemporal association
between risk factors and CVD could facilitate the pre-
vention of CVD-related diseases and provide remedies
for the increasing incidence of CVD. While several
CVD-related risk factor analyses are based on model-
specific variable importance, these metrics can make
it difficult to understand positive/negative trait con-
tributions to the target disease and individual sample
contributions of input traits to the target disease
(Dong et al. 2023; Hu, Liu, and Li 2020; Ji et al. 2020).
Few studies identified risk factors for spatiotemporal
CVD patterns using the XAl, but none addressed
important categories of factors such as sociodemo-
graphic factors, air pollutants, and meteorological
variables (Harford et al. 2022; Nakashima et al. 2021;
Shimada-Sammori et al. 2023). Therefore, we applied
the proposed XAl-based risk factor framework to
understand the spatiotemporal association between
CVD and various risk factors in South Korea from 2010
to 2019.

Our aim was to propose an XAl-based framework
for analyzing various risk factors (i.e. environmental
and sociodemographic factors) associated with the
disease at the district level. This framework includes
the concept of the regional effects of environmental
factors. The key objectives of this study were to (1)
design two XAl-based complementary schemes that
reflect different local exposure-response relationships
and adaptation effects to environmental factors; (2)
systematically evaluate these two schemes in



a casestudy focusing on spatiotemporal CVD mortal-
ity patterns in South Korea; and (3) understand the
contribution and interaction of these two comple-
mentary schemes based on spatiotemporal properties
of the target variables.

2. Datasets

This framework was used to conduct a case study for
risk factor analysis targeting age-standardized CVD
mortality rate (CVD-ASMR) during 2010 2019 across
250 district-level divisions (si/gun/gu) in South Korea.
South Korea is located between 124 and 131 °E long-
itude and 33 and 39 °N latitude (Figure 1), with
approximately 51 million people according to the
2020 census. South Korea comprises 17 provincial-
level divisions subdivided into multiple smaller enti-
ties, such as 250 si/gun/gu (as of 2019). We aligned the
disease data and environmental and sociodemo-
graphic variables to 250 district-level divisions to con-
duct risk factor analysis. All features used in the case
study and their brief descriptions are given in Table 1.

2.1. Standardized mortality rate

We used the 2010-2019 annual CVD-ASMR calculated
using data from the National Health Insurance Service

38°N T A
,,,,, -
37°N 1
36°N T
ok : CVD-ASMR
. ’;:‘ (per 100,000
& s y Al population)
35N i :110
P R NRT
L ,{‘5“7 &[ 4" 43
34°N 1 g . ¢ "
a- 0 100 200 300 km
33°N — T T T T
125°E  126°E  127°E  128°E  129°E 130°E 131°E

GISCIENCE & REMOTE SENSING (&) 3

(NHIS) in South Korea. The NHIS manages all residents
health insurance medical information, including hos-
pital visits (e.g. date of admission, date of discharge,
and diagnosis codes) and personal information (e.g.
gender, birth year, and residential address) (Song
2009). The vital status of participants was determined
by Statistics Korea through NHIS, and death due to
CVD was reported as 100-199 of the International
Classification of Diseases as the cause of death on
the death certificate. To calculate CYD-ASMR by dis-
trict and standardize it by gender (male and female)
and age (0-15years, 15-65years, and >65 years),
number of deaths due to CVD and population struc-
ture data for 250 districts were utilized. A population
structure in South Korea from mid-2005 was used as
the standard population structure for age-
standardization.

2.2. Environmental factors

Air pollutants, meteorological conditions, and the
normalized difference vegetation index (NDVI) were
used to determine environmental factors. The annual
average concentrations of air pollutants (PM;o, SO,,
NO,, CO, and O3) were obtained from the AIRKOREA
website (https://www.airkorea.or.kr/web) under the
control of the National Institute of Environmental
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Figure 1. Study area maps depicting CVD-ASMR and the temporal CVD-ASMR residual. These values were calculated at the district
level and averaged over the period 2010—2019; specifically, the district map of temporal CVD-ASMR residuals displays the average

absolute CVD-ASMR residuals across 250 districts (si/gun/gu).
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Table 1. Summary of target and input variables, used in a case study of spatiotemporal CVD-ASMR risk factor analysis from 2010-2019

in South Korea.

Name Abbreviations Units Data sources
A target variable
Cardiovascular disease CVD-ASMR % National Health Insurance Service
Standardized mortality rate
Input variables
Annual mean PM;, PM1o ug/m? Ministry of Environment
Annual mean Os 03 ppm
Annual mean NO, NO, ppm
Annual mean CO Cco ppm
Annual mean SO, SO, ppm
Annual mean temperature Temp °C Korea
Annual amount of precipitation precipitation mm Meteorological Administration
Number of heatwave days heatwave day
Number of cold wave days coldwave day
Annual mean NDVI NDVI - NASA, MODIS
Distance from urban areas distance_urban Decimal degree
Sick bed sickbed Beds per Statistics Korea
1,000 people
Doctor doctor Doctors per 1,000 people
Smoking rate smoke % National health insurance service
Percentage of population aged 65 and above age65 % Ministry of the Interior and Safety
Rate of elderly living alone solitary % Statistics Korea
High school graduate or less rate under_hs %
Number of disabled persons disable Number of persons with

disabilities per
100,000 people

Research. In South Korea, ground-based air quality
stations are classified into urban, roadside, rural, and
background sites to effectively monitor air quality
nationwide. We used 343 urban air quality stations
to account for local air quality and avoid unexpected
emissions. Daily meteorological data, including aver-
age temperature (°C) and precipitation (mm), were
derived from 516 automatic weather stations and 93
automated synoptic observation systems of the Korea
Meteorological Administration (KMA).

As air pollution and meteorological data are pri-
marily derived from ground stations, we employed
spatial interpolation methods, such as ordinary kri-
ging and inverse distance weighting (IDW), to esti-
mate environmental hazards at unsampled locations
(J. Li and Heap 2014). Ordinary kriging was chosen for
air pollutants and temperature due to their spatial
autocorrelation, which is influenced by their distribu-
tion patterns (S. Y. Kim et al. 2014; Rivera-Gonzalez
et al. 2015; Shtiliyanova et al. 2017; Yang, Wang, and
August 2004). For precipitation, IDW was applied to
capture the characteristics of heavy rainfall in specific
regions (F. W. Chen and Liu 2012; Keblouti, Ouerdachi,
and Boutaghane 2012). Notably, the accuracy of spa-
tial interpolation is sensitive to the density of ground
stations within the study area. To ensure reliability, we
validated these methods for representing district-

level environmental factors using five-fold cross-
validation (Table S1).

To account for extreme temperature events, we
included annual heat wave and cold wave days, calcu-
lated using spatially interpolated daily average maxi-
mum and minimum temperatures (J. Chen et al. 2020;
Son, Bell, and Lee 2014). According to the KMA, annual
heatwave days were calculated when the daily maxi-
mum temperature was above 33°C. The annual cold
wave day was calculated when the daily minimum tem-
perature was less than — 12°C. To consider the influence
of greenery on disease, we used NDVI, obtained from
the Terra Satellite-Moderate Resolution Imaging
Spectroradiometer (MODIS) MOD13A1 product at
a spatial resolution of 500 m (https://search.earthdata.
nasa.gov/). The 16-day composite MODIS NDVI was
averaged annually. Finally, we obtained the district-
level values for the average value of environmental
variables in 250 administrative units using the “Zonal
Statistics” function in ArcGIS.

2.3. Sociodemographic factors

Sociodemographic factors were used to consider
regional vulnerability: percentage with a high school
diploma or less, number of disabilities per 100,000
people, percentage of elderly living alone, number


https://search.earthdata.nasa.gov/
https://search.earthdata.nasa.gov/

of hospital beds and doctors per 1,000 population,
smoking rate, distance from the nearest urban area,
and percentage of people aged 65 or older. The per-
centage with a high school diploma or less, the num-
ber of disabilities per 100,000 population, the
percentage of elderly living alone, and the number
of hospital beds and doctors per 1,000 population
were obtained from the open-source Korean
Statistical Information System (https://kosis.kr.) of
the National Statistical Office in the period
2010-2019. Since the education level data is gener-
ated every five years, the following years’ data was
replaced: Data from 2010 was used for 2010-2014,
and data from 2015 was used for 2015-2019. The
smoking rate was obtained from the open-source
NHIS (http://nhiss.nhis.or.kr:8087/intro/index.do) to
consider the regional medical characteristics. The dis-
tance from the nearest urban area was calculated
using the “Euclidean distance” function in ArcGIS
with urban and built-up information from the
MODIS Land Cover Type (MCD12Q1) (https://search.
earthdata.nasa.gov/) on board Terra and Aqua satel-
lites. When each sociodemographic factor was miss-
ing, this was imputed by applying population
proportions to the data from the year closest to the
missing value.

3. Methodology

The proposed framework aims to conduct XAl-based
risk factor analysis to analyze spatiotemporal disease
patterns at the district level based on different variables
(e.g. sociodemographic and environmental). We
assumed that regional risk levels from environmental
factors vary, likely due to differences in adaptation capa-
city to weather conditions (Kim et al. 2019; Wu et al.
2024) and local exposure-response relationships to air
pollutants (Li, Jin, and Kan 2019; Papadogeorgou and
Dominici 2020). To explore the different spatiotemporal
relationship between various factors and diseases, we
proposed two complementary schemes targeting spa-
tial and temporal disease variations, respectively.

(@) Proposed scheme (P1): Examine the association
between district-level disease distribution and
diverse risk factors to highlight those related to
spatial disease variation.

(b) Proposed scheme (P2): Investigate the associa-
tion between temporal disease variations by
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district and various factors to highlight the
impact of risk factors on temporal disease
variations.

Based on two complementary concepts, we created
a district-level spatiotemporal dataset that includes
various input variables and a target disease. To assess
the effectiveness of our proposed complementary
schemes, we compared their model performance
and SHAP analysis results with a previously estab-
lished purely data-driven XAl strategy (comparison
scheme, C). This comparison scheme used raw input
data (risk factors and disease targets) without any
rescaling or preprocessing. Subsequently, we selected
the optimal Al models for application in the XAl ana-
lysis. Finally, we performed a SHAP-based risk factor
analysis to evaluate the contribution of different traits
to the predicted CVD-ASMR, with a focus on the
spatial and temporal variability of the disease.
Figure 2 illustrates the proposed framework for iden-
tifying associations between various risk factors and
diseases at the district level.

3.1. Assumption of the proposed framework

The proposed framework considers the regional
effect of environmental factors on health outcomes
for districts consisting of neighborhood factors (e.g.
age, gender, parental education, emissions, and
unhealthy behaviors). Previous meta-analyses and
time-analyses found that the short- and long-term
effects of environmental factors (e.g. air pollutants
and temperature) on hospitalizations and/or mortality
vary depending on regional characteristics within the
same country and between different countries world-
wide (Bell and Dominici 2008; Chen et al. 2017; Lee
et al. 2022; Lee et al. 2016; Tan et al. 2021). For
example, residents of areas exposed to a one-unit
increase in particulate matter (PM) concentrations
(e.g. Europe and North America) would be at higher
risk of heart disease and acute respiratory illnesses
than residents of areas exposed to constant higher
PM concentrations (e.g. China) (Li, Jin, and Kan 2019;
Tan et al. 2021). Residents of northern cities in South
Korea are more susceptible to a similar rise in tem-
perature increase than residents of southern cities,
where the average temperature is relatively higher
(Kim et al., 2019).
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Sociodemography

XAl-based risk factor analysis
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Sociodemographic
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Sex- & age-
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P2: A target variable
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Machine learning models
for estimating the environmental disease

XAl algorithm, SHAP

Figure 2. Workflow for the proposed xai-based spatiotemporal risk factor analysis in public health.

Previous XAl-based modeling studies did not con-
sider the regional effect of district-level environmen-
tal variables (Ke et al. 2023; Y. Kim and Kim 2022;
Ogata et al. 2021; Shimada-Sammori et al. 2023;
Wen, Wang, and Shao 2024; Wertis et al. 2023; Yao
et al. 2022). Moreover, these studies focused primarily
on overall mortality/morbidity rates at the district
level, making it difficult to capture temporal variation
in the disease amidst significant spatial variation
across multiple districts, especially on a nationwide
scale. Therefore, this study hypothesized that consid-
ering regional exposure-response relationships to
environmental factors helps to find influencing fac-
tors in different contextual backgrounds in XAl-based
risk factor analysis. In addition, regional disease resi-
duals can help identify influencing factors in time
series within XAl-based spatiotemporal modeling.

3.2. Preprocessing the dataset

Environmental and sociodemographic factors and
disease data were collected in each administrative
region. When accounting for local exposure-
response relationships to environmental factors,
environmental variables that arise at the district
level (e.g. meteorological variables and air pollutants)
were rescaled to remove their spatial characteristics
and highlight their temporal correlation with a target

disease. Finally, min-max scaling was applied to
obtain regional environmental values within the com-
mon range (0-1) for all administrative units
(Equation (1)).

Xij — min(x;) )

Zij = max(x;) — min(x;)

where, z;; is the rescaled value of the environmental
variable at time j in district i, x;; is the environmental
value at time j in district i, and min(x;) and max(x;)
correspond to the minimum and maximum values,
respectively, of the environmental variables in district
i within the study period.

Age- and gender-standardized disease data are
recommended as target variables for understanding
overall disease patterns. To understand temporal dis-
ease fluctuations in public health, we calculated the
temporal disease residuals per district, i.e. the extent of
the difference between the temporal disease residual
and the average disease progression in the district’s
time series. Residual disease is standardized by district
because it can be relative across regions (Eq. (2)).

sij = Yij n;e?:(j/?)(yi) 2)
where, s;; is the temporal residual disease by district
at time j in district j, y;; is the disease value at time j in
district i, and mean(y;) corresponds to the average
disease value in district iduring the study period.



Finally, we constructed a dataset comprising 2,500
samples from 250 districts over 10 years. Specifically,
P1 included rescaled environmental variables and raw
sociodemographic variables as independent vari-
ables, with CVD-ASMR as the target. P2 had the
same independent variables as P1, but used the tem-
poral residual of CVD-ASMR by district as the target. In
contrast, C utilized raw environmental and sociode-
mographic variables, with CVD-ASMR as the target,
without any rescaling. Table S2 summarizes the
rescaling status of input and target variables across
the proposed and comparison schemes.

3.3. Machine learning models for XAl-based
spatiotemporal risk factor analysis

This framework recommends applying various
machine learning models to determine the optimal
model for XAl-based spatiotemporal risk factor ana-
lysis. We include three different algorithms:
ElasticNet, RF, and LGBM, which are widely used in
various fields of data mining and statistics.
ElasticNet is a linear regression method that com-
bines the advantages of both Lasso and Ridge tech-
niques to improve the generalization of traditional
linear regression models (Zou and Hastie 2005).
Lasso penalizes the sum of the absolute values of
the coefficients (L1 norm), while Ridge penalizes the
sum of the squared coefficients (L2 norm). These
penalties help to mitigate overfitting by addressing
feature multicollinearity and refining the selection of
regression coefficients. ElasticNet incorporates both
L1 and L2 penalties, and its two key parameters —
the penalty amount and the ratio of L1 to L2 penal-
ties — allow for flexible adjustment. In this study,
ElasticNet was implemented using the “ElasticNet”
function from Python’s scikit-learn module, with
parameters optimized for best performance.

RF is an ensemble model widely used to address
the limitations of conventional decision trees. RF
builds multiple independent trees using randomly
sampled subsets of training data and input features
at each tree’s node (Breiman 2001). This approach
reduces output variance and bias by averaging pre-
dictions across all trees. RF offers robust performance
and is less sensitive to parameter changes compared
to other methods (Lee, Kim, and Park 2023; Odebiri
et al. 2020). The model was implemented using the
“RandomForestRegressor” function from Python’s
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scikit-learn module, with optimization focusing on
two key hyperparameters: the number of trees
(n_estimators) and the number of features considered
at each split (max_features).

The LGBM is an advanced version of the Gradient
Boosted Decision Tree (GBDT), a sequential ensemble
technique introduced by Ke et al. (2017). GBDT itera-
tively prioritizes data samples with the highest loss
when building subsequent trees. LGBM improves
upon this by using a leaf-wise growth strategy,
which can significantly reduce memory usage and
computation time compared to the level-wise
approach of traditional GBDT models. This makes
LGBM particularly effective for handling large datasets
(Cho et al. 2022; Liu et al. 2023). In this study, LGBM
was implemented using the “Igb” function from
Python'’s lightgbm module. Given the model’s sensi-
tivity to parameter tuning, multiple parameters were
optimized, including the number of trees (n_estima-
tors), the proportion of features used in each tree
(colsample_bytree), maximum tree depth (max_-
depth), maximum number of leaves (num_leaves),
subsampling rate (subsample), and the learning rate
(learning_rate) is increased.

Bayesian optimization was applied to determine
the optimal hyperparameters for ElasticNet, RF, and
LGBM. This method is widely used to optimize data-
driven models, as it can identify optimal parameters
more efficiently than existing optimization tools, such
as random and grid searches (César de S4 et al. 2022;
Kang et al. 2023; Ma et al. 2022). The technique
employs a Gaussian process to update its posterior
distribution when selecting the next set of hyperpara-
meters, thereby expediting the model optimization
process. The hyperparameter settings for the
Bayesian-optimized ElasticNet, RF, and LGBM are sum-
marized in Table S3. To determine the optimal hyper-
parameters for XAl-based analysis, five-fold cross-
validation was performed on the training dataset.

3.4. XAl algorithm, SHAP

The contribution of the input variables was estimated
using SHAP based on game theory (Lundberg and Lee
2017). The SHAP method provides the extent to which
each variable contributes positively and negatively to
individual predictions compared to tree-based fea-
ture importance (Jang et al. 2021). The SHAP value
was calculated as the average response of the
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remaining variables when a particular factor was
excluded (Equation. (3)).

¢ = > EHEREUf i (xsom) —fsxs)]  (3)
SCRV)

where, ¢; represents the SHAP value for the input
factor i, f denotes the prediction model, F indicates
the set of all input variables, S represents one of all

possible subsets except i, xs denotes the value of the

ISI'F =[S =1)!
IFI!

normalized weight sum that takes into account the
number of subsets without i.

Compared to other XAl techniques (e.g. LIME), the
SHAP method provides a global view by analyzing
all predictions to understand the overall feature
contribution and the interaction between two fea-
tures. This comprehensive understanding s
achieved through diverse SHAP plots in various
fields including epidemiology (Gao et al. 2022;
Kang et al. 2023; Y. Kim and Kim 2022; Zhu, Geil,
and So 2024). A SHAP summary plot provides the
overall significance of the feature importance and
highlights how each feature negatively/positively
contributes to the prediction. A SHAP dependency
plot shows how interactions between two factors
increase/decrease the predicted result. We per-
formed SHAP analysis using the Python implemen-
tation of SHAP called “TreeexExplainer.”

variable within the subset S, and is the

3.5. Model evaluation

To evaluate the optimal models for XAl-based analy-
sis, five-fold cross-validation was conducted. This
method randomly divided the entire dataset into
five subsets, using four subsets for training and one
for validation in each iteration. The model’s accuracy
was assessed using the coefficient of determination
(R% Eq. (4)), root mean square error (RMSE; Eq. (5)),
mean absolute error (MAE; Eqg. (6)), and index of
agreement (IOA; Eqg. (7)). The IOA serves as
a standardized indicator of prediction errors, where

higher values denote greater model accuracy
(Willmott 1981).
2
R2 >, (0-0)-P) 4)

) VI 00 1 -5

n
RMSE =1, /5 (P~ 0)° (5)

i=1

n

MAE = 15°p — O] (6)

i=1

1 _ 27:1 (P-0)*

A= S oo oy 7

where, n is the total sample size; O and P are the
referred and predicted disease mortality/morbidity,
respectively; and O and P are the average values of
referred and predicted disease mortality/morbidity,
respectively.

4. Results
4.1. Variation and correlation analysis

Before building the framework, we examined simple
statistical analyses regarding CVD-ASMR and influen-
cing factors. The CVD-ASMR showed a higher spatial
variance, whereas the CVD-ASMR residual by district
showed a greater temporal variance (Figure 3). This
finding indicates that, in the spatiotemporal models,
P1 and C were designed to address risk factors related
to the spatial variance of the target, whereas P2 was
tailored to capture the risk factors related to the tem-
poral variance of the target. In the correlation analysis,
sociodemographic variables were highly correlated
with CVD-ASMR, whereas environmental variables
were strongly correlated with the CYD-ASMR residuals
by district (Figure 4). These results indicate that district-
level CVD-ASMR distribution was more closely linked to
sociodemographic variables with geographic disparity,
although CVD-ASMR residuals by district were asso-
ciated with environmental variables with higher tem-
poral fluctuations.

In the proposed models, most input variables
showed higher spatiotemporal correlations than
those in C (Figure 4). While temporal correlations
were consistent for all schemes, the spatial correlations
of environmental variables were lower in the proposed
schemes due to rescaling of environmental variables
by each administrative district (Fig. S1). Furthermore,
the spatial association between CVD-ASMR residuals by
district and sociodemographic variables showed lower
correlations as CVD-ASMR was rescaled to emphasize
regional temporal changes. Nevertheless, the highest
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Figure 3. Boxplot of spatial and temporal standard deviations (STD) for CVD-ASMR and CVD-ASMR residual, by district, during the

study period.
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Figure 4. Bar graph illustrating the spatiotemporal correlation coefficients between input and target variables during the study period,
as computed using the Pearson’s test. Blue indicates positive correlation coefficients, while red indicates negative correlation

coefficients.

spatiotemporal R values, particularly at P2, indicated
a stronger association between environmental vari-
ables and CVD-ASMR temporal variations than those
with sociodemographic variables.

4.2. Model performance evaluation

The non-linear RF and LGBM models exhibited signif-
icantly superior performance compared to ElasticNet,

a linear model (Table 2 and Figure 5). ElasticNet exhib-
ited similar training and validation performances for
all schemes, suggesting that it prevents overfitting
compared to RF and LGBM. However, it showed the
lowest R* (0.49-0.78) and I0A (0.80-0.93) and the
highest MAE (6.5-9.8) and RMSE (8.4-12.7). In con-
trast, RF and LGBM had significantly higher accuracies
than ElasticNet, with R? and IOA of approximately 1 in
training and R? of 0.66-0.80 and I0A of 0.87-0.94 in
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Table 2. Mean (standard deviation) of the four evaluation metrics (i.e. R?, MAE, RMSE, and I0A) derived from five times training
performance in random five-fold cross-validation, based on ElasticNet, RF, and LGBM in three proposed schemes.

ElasticNet RF LGBM
Metric P1 P2 C P1 P2 C P1 P2 C
R? 0.56 0.78 0.50 0.97 0.98 0.97 1.00 0.99 0.99
(0.01) (0.01) (0.01) (0.00) (0.00) (0.00) (0.00) (0.01) (0.02)
MAE 9.1 6.5 9.8 3.0 2.2 2.8 0.2 0.6 1.0
(0.09) (0.06) (0.14) (0.04) (0.01) (0.01) (0.25) (0.94) (1.23)
RMSE 1.7 8.4 12.6 39 29 3.7 0.4 0.9 13
(0.10) (0.11) (0.14) (0.04) (0.03) (0.02) (0.39) (1.27) (1.59)
I0A 0.84 0.93 0.80 0.99 0.99 0.99 1.00 1.00 1.00
(0.00) (0.00) (0.01) (0.00) (0.00) (0.00) (0.00) (0.00) (0.01)
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Figure 5. Scatterplots of random five-fold cross-validation results of ElasticNet, RF, and LGBM in three schemes. Color gradient from
blue to red indicates increasing sample density. Red solid and gray dashed lines represent the regression and identity lines (y=x),
respectively.



validation. When analyzing the spatial and temporal
variability estimation performance of CVD-ASMR (Fig.
S2), RF and LGBM outperformed ElasticNet, and better
captured both spatial and temporal variability with
higher I0A and lower RMSE.

Among the three schemes, P1 and C exhibited similar
performances; however, P2 outperformed the other two
(Table 2 and Figure 5). P2 was superior in estimating the
CVD-ASMR time series, showing superiority in capturing
the regional maximum and minimum values (Table 3).
ElasticNet exhibited improved accuracy in P2 because of
the stronger linear relationships between the input vari-
ables and the target compared to those in the other
schemes. Nevertheless, RF and LGBM demonstrated
higher accuracies in the proposed schemes with R* of
0.66-0.80 and IOA of 0.87-0.94. Therefore, this study
conducted a risk factor analysis using SHAP values of
RF and LGBM with reliable performance for all three
schemes.

4.3. SHAP application for risk factor analysis

The main input variables for each scheme were similar
in terms of spatiotemporal correlation coefficients
(Figures 4 and 6). For example, sociodemographic
factors (e.g. under_hs and smoking) were the most
important factors in estimating the CVD-ASMR.
Environmental factors (e.g. NDVI) were the most
important factors in P2 (Figure 6). Additionally, their
contribution signs were comparable to the spatiotem-
poral signs of the R values. For example, under_hs and
smoking positively contributed to CVD-ASMR,
whereas NDVI contributed negatively to residual CVD-
ASMR by district. These results indicated that higher
CVD-ASMR was related to higher sociodemographic
vulnerability, and a higher CVD-ASMR residual score
by district was linked to greater environmental
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hazards. The highest-ranked input variables were
comparable across schemes in RF and LGBM. The RF
and LGBM showed similar positive and negative con-
tribution signs for each scheme.

Several variables show opposite contribution
signs between C and the proposed scheme
(Figure 6). The NDVI and temperature positively con-
tributed to the prediction in C, whereas they nega-
tively contributed to the prediction in the proposed
schemes. CO, NO,, and extreme meteorological con-
ditions negatively contributed to the prediction of C,
although the proposed schemes mitigated their
negative contribution patterns and the distinct posi-
tive contribution of CO. These variables were
rescaled by administrative districts to reflect tem-
poral correlations more closely than spatial ones
(i.e. local exposure-response relationships to envir-
onmental factors).

NDVI and temperature showed distinct opposite
interactions with air pollutants between the proposed
schemes and C (Figures 7, 8, S3, and S4). The proposed
schemes had comparable interactions with air pollu-
tants, with P2 having a more pronounced interaction
than P1. In the proposed schemes, higher NDVI corre-
lated with lower predictions and interacted with lower
air pollutant concentrations. Conversely, higher NDVI
contributed to higher predictions for C, interacting
with fewer air pollutants. In scheme C, the regions
with high NDVI were rural, whereas the regions with
low NDVI were urban, suggesting that the NDVI serves
as a distinguishing factor between rural and urban
areas. When the temperature was lower and the air
pollutant concentration was higher, their interactions
contributed to better predictions in the proposed
schemes (Figure 8). In contrast, temperature showed
a U-shaped relationship with CVD-ASMR, with no clear
interaction with air pollutants in scheme C.

Table 3. Four evaluation metrics for the maximum/minimum values of the target factor in each district, derived using random five-fold
cross-validation, based on ElasticNet, RF, and LGBM in three proposed schemes.

Maximum value ElasticNet RF LGBM

P1 P2 C P1 P2 C P1 P2 C
R? 0.44 0.81 0.43 0.64 0.79 0.74 0.68 0.77 0.73
MAE 12.6 11.2 15.0 120 10.0 13.6 11.0 10.0 12.0
RMSE 16.3 13.3 18.7 151 124 16.3 13.8 12.5 14.5
I10A 0.69 0.84 0.66 0.74 0.86 0.75 0.81 0.86 0.81
Minimum value ElasticNet RF LGBM

P1 P2 C P1 P2 C P1 P2 C
R? 0.33 0.62 0.43 0.36 0.60 0.53 0.48 0.57 0.49
MAE 9.1 8.4 123 8.6 7.2 10.5 7.7 7.0 8.8
RMSE 114 10.5 14.4 10.8 9.3 12.4 9.8 9.3 11.0
I10A 0.66 0.78 0.62 0.67 0.80 0.68 0.75 0.80 0.72
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The interaction between under_hs and PM;g
primarily contributed to overall CVD-ASMR and
its temporal residual (Figure 9). Although environ-
mental variables were regionally rescaled by
removing its spatial characteristics, the spatial dis-
tribution of SHAP values for PM;, was similar to
the CVD-ASMR distribution (Figures 2 and 9). Their
strong positive interaction led to high CVD-ASMR.

In P2, dynamic temporal variation of CVD-ASMR
was shown along with time series of PM,,. The
spatial pattern of the SHAP value for under_hs
was not as similar to that of the temporal residual
of CVD-ASMR as the SHAP value for PM,; in P1.
This was due to the high dispersion of yearly
SHAP values for under_hs, which resulted in
a smooth spatial map. However, the SHAP value
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Figure 7. Rf-based SHAP values indicate the contribution of NDVI to the predicted target variables, while interacting with SO,, PM;,

and CO in all schemes.

of under_hs affected the temporal variation of
CVD-ASMR to the time series of PM;o. A high
temporal variation was observed in regions with
high sociodemographically vulnerable areas

5. Discussion

This study provides the first evidence from the XAl
technique and detailed spatiotemporal district-level
nationwide data: the unequal effects of environmental
factors on district-level health. Earlier studies rarely
examined sociodemographic and environmental fac-
tors with varying spatiotemporal patterns simulta-
neously and often overlooked the importance of its
local exposure-response relationships when analyzing
environmental variables. Additionally, these studies

only addressed spatial patterns of disease, disregarding
temporal disease variations by district (Ke et al. 2023;
Kim and Kim 2022; Ogata et al. 2021; Shimada-
Sammori et al. 2023; Wen, Wang, and Shao 2024;
Wertis et al. 2023; Yao et al. 2022). To comprehensively
understand influencing factors from spatiotemporal
perspectives, we propose two complementary
schemes for two objectives: the overall spatiotemporal
disease pattern and the residual disease by district. We
recommend 1) disease distribution at the district level
itself, characterized by dynamic spatial variations, to
highlight the geographical disparities in sociodemo-
graphic vulnerability, and 2) disease residuals per dis-
trict, characterized by fluctuating temporal variations,
to highlight environmental factors related to disease
and different neighborhood characteristics.
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PM;, and CO in all schemes.

To indirectly validate the proposed complementary
schemes, simple statistical analyses provided valuable
insights into the overall relationship between the risk
factors and targets in the Al dataset (Chelgani 2021;
Fatahi et al. 2022; Zhang et al. 2024). Targets with
greater spatial variance showed stronger R values with
sociodemographic vulnerability variables, whereas tar-
gets with higher temporal variance had larger correla-
tion coefficients with environmental factors.
Multidimensional statistical analyses revealed that spa-
tiotemporal correlations were based on spatial rather
than temporal patterns. These results contradicted
established medical knowledge and, in time series ana-
lysis, found primarily positive associations between air
pollutants and diseases, including CVD mortality (Kim

et al. 2021; Park et al. 2021; Pranata et al. 2020). The
rescaled environmental factors can be identified based
on their temporal association rather than their spatial
association with district-level disease patterns based on
different regional environments.

In the XAl-based analysis, sociodemographic vari-
ables positively contributed to the objectives of all
schemes, implying significant impacts on the geogra-
phical disparities in sociodemographic vulnerability
(e.g. lower education and unhealthy behavior)
(Bevan et al. 2023; Khan et al. 2021). Environmental
variables showed a significant contribution to tem-
poral disease variation by district, suggesting that
temporal environmental stressors are related to tem-
poral disease variation despite community resilience



SHAP for Rescaled PM10

P1 N
38°N 1 A
-
37°N 1
36°N 1
SHAP
35°N 1 EO‘S
04
34°N 1
o e
‘- 0 100 200 300 km
33°N

125°E  126°E  127°E  128°E  129°E  130°E 131°E

P1

SHAP for PM10

Low High

rescaled PM10

TOP / Bottom 20% under_hs
b o SHAP for PM10

[ [ cvb-AsMR

SHAP for under hs

GISCIENCE & REMOTE SENSING (&) 15

SHAP for under_hs

38°N T

37°N 1

36°N 1

35°N 1

34°N 1"

300 km

“ 0 100 200

125°E  126°E  127°E  128°E  129°E 130°E 131°E

33°N

0.02 1

P2
0.015
0.01 C_g
| i)
0.005 0
o
i X
0

Lot &
0.005 <F
0.3 g
O

0.2

L 0.1

Low High

under_hs

TOP / Bottom 20% PM10
=t ——o—— SHAP for under_hs

- Difference of CVD-ASMR residual

Figure 9. Spatial distribution of SHAP values for PM;, in P1 and under_hs in P2 (up). An area graph showing the mean (line graph) and
standard deviation (shaded area) of SHAP values for rescaled PM;q (left) and under_hs (right) values for the top (pink) and bottom
(blue) 20% of under_hs (left) and PM;, (right), alongside a bar graph for the mean and standard deviation of CVD-ASMR (left) and
a bar graph for the difference between magnitudes of CVD-ASMR residual in situations of high (top 20%) and low (bottom 20%) PM;,

(right).

(Xiong et al. 2019; Zhou et al. 2010). In our case study,
NDVI and temperature contributed negatively to the
objectives, whereas air pollutants and extreme
meteorological conditions contributed positively to
the objectives of the proposed scheme. The results
align with findings from previous epidemiological
studies (Alahmad et al. 2023; J. Chen et al. 2020; Kim

et al. 2021; Yeager, Smith, and Bhatnagar 2020).
District-level environmental factors, including air
quality, temperature, and green space, act as contex-
tual determinants of local public health (Hankey and
Marshall 2017; Mahakalkar et al. 2024). For instance,
greenness mitigates air, light, and noise pollution
through its barrier and absorption properties,
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contributing to a lower CVD risk (Hedblom et al. 2017;
Yeager, Smith, and Bhatnagar 2020). Cold exposure
increases sympathetic nervous system activity, lead-
ing to vasoconstriction and elevated cardiac oxygen
demand, while also triggering hypercoagulability due
to increased blood viscosity and clotting factor
abnormalities (Greaney, Kenney, and Alexander
2016; Stewart et al. 2017). Additionally, poor air qual-
ity induces oxidative stress that originates in the lungs
and extends to systemic vascular oxidative stress
reactions (Pranata et al. 2020).

The proposed schemes show a beneficial interaction
between higher NDVI and lower air pollutants, indicat-
ing improved air quality and high greenness (Heo and
Bell 2019; Yitshak-Sade, Kloog, and Novack 2017).
Harmful interactions between lower temperatures and
higher levels of air pollutants were observed, suggesting
a compounding effect of detrimental factors on the
disease (Hansel, McCormack, and Kim 2016; Son et al.
2011). High CVD-ASMR was observed with interactions
between educated vulnerable areas during the high
PM,, period (Deguen and Zmirou-Navier 2010). The
dynamic temporal variation of CVD-ASMR was linked
to interactions with sociodemographically disadvan-
taged areas and dynamic temporal variation of PM,
reflecting regional health resilience. These findings
implicated the important role of our proposed model
in reducing regional disparities and improving temporal
resilience within cities to reduce the impact of spatio-
temporal health patterns at the district level.

Despite the valuable insights into spatiotemporal
district-level risk factors, our study has limitations in
establishing causal relationships between the identi-
fied factors and health outcomes due to the charac-
teristics of an ecological design. Furthermore, due to
challenges in data collection, this framework only
conducted a risk factor analysis for CYD-ASMR in
South Korea during 2010-2019. Further case studies
are needed to explore the application of this frame-
work to other chronic diseases (e.g. respiratory dis-
eases and cancer) and infectious diseases (e.g. COVID-
19), other geographical areas, and specific time peri-
ods (e.g. weekly or monthly). By integrating socio-
economic information and accounting for
unmeasured confounding variables, researchers
could provide comprehensive insights into regional
vulnerability and sensitivity levels. In this case study,
economic data (e.g. gross domestic product) could
not be used due to their coarse spatial resolution.

Additionally, we recommend incorporating informa-
tion on daytime and nighttime populations to achieve
a more realistic spatial population distribution than
relying solely on residence information (Rauch et al.
2021; Yoo et al. 2023).

6. Conclusion

This study proposed two XAl-based complementary
schemes for analyzing influencing factors in spatio-
temporal district-level datasets. Unlike previous stu-
dies that overlooked local exposure-response
relationships to environmental factors, this study
reflected regionally different impacts of environmen-
tal factors. Rather than focusing on spatiotemporal
disease patterns like previous studies, this study
used additional objectives to identify the risk factors
associated with temporal disease variations. Two XAl-
based complementary schemes provided an in-depth
interpretation of the disease-related estimation
model based on comprehensive and detailed feature
contributions. According to the proposed framework
for spatiotemporal modeling of CVD-ASMR patterns
in South Korea, RF and LGBM outperformed ElasticNet
in XAl-based risk factor analysis. Compared to pre-
vious risk factor analysis approaches, our SHAP analy-
sis revealed that low greenness and temperature and
high air pollutant levels were the most explainable
factors for high CVD-ASMR, reflecting local exposure-
response effects. The interaction between lower NDVI,
temperature, and higher air pollutant levels contrib-
uted to an increase in CVD-ASMR. In addition, two
complementary schemes showed different character-
istics: P1, which focused on spatial disease variation
showed a strong association with sociodemographic
vulnerability variables, whereas P2, which focused on
temporal disease variation showed a strong associa-
tion with environmental variables. In addition, the
two complementary schemes enabled us to reason-
ably analyze the interaction effect of the two different
categorized risk factors (e.g. temperature and air pol-
lutants). Furthermore, high CVD-ASMR and its tem-
poral variation were observed in situations of high
sociodemographic vulnerability with poor air quality.
These results demonstrated the need for rescaling of
environmental factors based on local exposure-
response relationships, as well as two complementary
schemes that provide multi-dimensional insights for
XAl-based spatiotemporal risk factor analysis at the



district level. Public health surveillance systems have
recently been introduced to monitor a wide range of
health conditions, risk factors, and public health
issues. The XAl-based risk factor analysis can identify
data-driven potential risk factors, aiding in the screen-
ing and discovery of underlying causes behind sud-
denly occurring public health issues. Furthermore,
this novel framework is expected to enable stake-
holders and researchers to develop more sophisti-
cated diagnostic tools for spatiotemporal district-
level risk factor analysis. These insights provide
a valuable foundation for policymakers and environ-
mentalists to design targeted interventions that
address issues such as degraded air quality and sud-
den temperature fluctuations, particularly in regions
with high sociodemographic vulnerability.
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