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Abstract

Despite national initiatives to enhance healthcare accessibility,
unmet healthcare needs in South Korea remain notably high, par-
ticularly in specific regions. This study investigated the factors
contributing to geographical disparities in unmet healthcare needs
by employing spatial regression models to examine the spatial
interactions between healthcare resources and unmet needs.
Utilizing data from the 2020 Community Health Survey and
Statistics Korea for 216 local government entities, excluding
remote areas to ensure data consistency, we identified significant
spatial clusters of unmet healthcare needs. These clusters are pri-
marily located in non-metropolitan regions facing transportation
barriers and limited healthcare infrastructure. Spatial regression
analysis revealed that general hospitals and clinics are significant-
ly associated with reduced unmet healthcare needs underscoring
their critical role in mitigating regional disparities. In contrast,
hospitals (>30 beds) and convalescent hospitals did not exhibit
significant effects, likely owing to their focus on specialised inpa-
tient and long-term care services, which do not directly address
immediate outpatient needs. These findings advance the under-
standing of how healthcare resource distribution impacts unmet
needs at a regional level in South Korea and highlight the neces-
sity for allocating general hospitals and clinics strategically to pro-
mote health equity. Based on these results, we recommend evi-
dence-based policy interventions that optimise existing healthcare
resources and strategically deploy new facilities in underserved
regions. These insights provide valuable guidance for policymak-
ers to reduce geographical health disparities and enhance overall
public health outcomes.

Introduction

Ensuring equitable access to medical services is a fundamental
objective of public health policy (Le Grand, 1982). This entails
providing equal opportunities for individuals to obtain necessary
healthcare services regardless of their socioeconomic status or
geographic location (Mooney ef al., 1991). In 2017, South Korea
expanded its Health Insurance Coverage policy to achieve this
goal, incorporating over 3,800 previously excluded medical ser-
vices and materials. This policy was designed to alleviate the
financial burden of medical expenses for vulnerable populations
by covering high-demand, previously uninsured items (Kim,
2018). Despite these efforts, the rate of unmet healthcare needs in
South Korea remained high in 2018 (12.2%), compared to 8.3% in
the United States (Centers for Disease Control and Prevention
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(CDC), 2018; Joo et al., 2022). Unmet healthcare needs refer to sit-
uations in which individuals recognise the necessity of medical
services but cannot access them promptly (Aday & Andersen,
1974). This issue violates the fundamental right to health, leading
to delayed diagnoses and treatments, deteriorated health outcomes
and increased mortality rates (Tidikis & Strasen, 1994; Alonso et
al., 1997; Braveman & Gruskin, 2003). Additionally, it can esca-
late overall healthcare costs because of the need for potentially
more extensive or expensive treatments at a later date (Allin ef al.,
2010). The causes of unmet healthcare needs are primarily cate-
gorised as availability, accessibility and acceptability (Penchansky
& Thomas, 1981; Chen & Hou, 2002; Nelson & Park, 2006; Sibley
& Glazier, 2009). Availability refers to the adequacy and distribu-
tion of healthcare resources, such as facilities and service waiting
times, which are influenced by the geographical distribution of
medical resources (Pyle & Lauer, 1975). Accessibility involves
financial capability, distance to healthcare facilities, travel time
and transportation infrastructure (Shin & Lee, 2011), while accept-
ability is determined by the individual’s perceptions and cultural
attitudes towards healthcare (Penchansky & Thomas, 1981). The
COVID-19 pandemic has further underscored the importance of
community healthcare systems and the effective distribution of
healthcare resources to enhance accessibility (Raeesi ef al., 2022;
Yun et al., 2022).

Despite governmental initiatives such as the Medically
Underserved Area programme and support for central healthcare
institutions, disparities in healthcare accessibility persist, particu-
larly among vulnerable populations in non-metropolitan regions
(Yun et al., 2021; Yim, 2022). In particular, South Korea’s pro-
nounced urban-rural development disparities and the rapid
increase in its ageing population intensify these healthcare chal-
lenges suggesting that unmet healthcare needs are likely to escalate
(Ji et al., 2024). Individual health is influenced by personal factors
and community-level determinants, including geographic condi-
tions, population distribution, transportation infrastructure and
proximity to healthcare facilities (Diez-Roux, 1998; Shin & Lee,
2011). Social relationships centred around residential areas further
highlight the importance of considering contextual healthcare
resources in policies aimed at improving health status and quality
of life (Rho & Kwak, 2005). Moreover, existing research presents
conflicting findings regarding the association between local
healthcare resources and unmet healthcare needs. While Litaker
and Love (2005) and Peterson and Litaker (2010) found no signif-
icant correlation, Heo et al. (2012) reported a positive association.
Although other studies have examined healthcare resource imbal-
ances and spatial perspectives, they have not thoroughly explored
the factors influencing geographical disparities in unmet health-
care needs across different medical institutions (Kim & Jeong,
2010; Kitchen et al., 2011; Jeon et al., 2012).

This study aimed to address these gaps by employing spatial
regression models to analyse the spatial distribution of unmet
healthcare needs in South Korea and investigate how different
medical institutions contribute to geographical disparities.
Focusing on the spatial interactions between healthcare resources
and unmet needs, this research wished to provide actionable
insights into healthcare resource allocation and advance under-
standing of health equity in regional contexts.
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Materials and Methods

Study area

The geographic scope of this study encompassed South Korea’s
administrative divisions comprising nine metropolitan cities (Seoul,
Busan, Daegu, Incheon, Gwangju, Dacjeon, Sejong, Ulsan and
Jeju) and corresponding provinces. The analysis units were defined
at the city, county and district levels (si/gun/gu), totalling 226 local
government entities as of 2020. For this spatial analysis, 216
regions were included, excluding islands and remote areas owing to
data limitations and ensuring uniformity in regional data.

Variables

Dependent variable

Unmet healthcare needs were measured using data from the
2020 Community Health Survey. Individuals aged >65 years, who
responded ‘yes’ to the question ‘During the past year, have you
ever been unable to go to a hospital or clinic (dentist not including)
when you wanted to?’ and identified ‘inconvenient transportation
or long distance’ as the main reason, were considered to have
unmet healthcare needs (Shin et al., 2014). This criterion focused
on accessibility barriers related to geographical and transportation
factors acknowledging that other factors, such as financial con-
straints or cultural attitudes, may also contribute to unmet needs
but these relationships are beyond the scope of this analysis.

Independent variables

Private medical institutions in Korea are classified into four
main categories: hospitals with > 30 beds, convalescent hospitals,
general hospitals and clinics. Hospitals are medical facilities with
a bed capacity of >30, primarily catering to in-patients requiring
hospitalisation for various treatments. Convalescent hospitals have
a bed capacity of >30 and primarily offer medical services and
long-term care for older individuals or patients requiring extended
care and rehabilitation. General hospitals have a capacity of >100
beds and operate at least seven medical specialties; those with
>300 beds must provide services for at least nine medical special-
ties. Clinics are medical facilities with fewer than 30 beds that pro-
vide primary healthcare services to residents, such as general con-
sultations, basic medical treatments, preventive care, health educa-
tion and minor procedures. Clinics serve as the first point of con-
tact in the healthcare system and they address common illnesses,
chronic conditions, routine health screenings and vaccinations.
They play a crucial role in providing accessible healthcare for
communities. Table 1 presents the relevant variable definitions.

The analysis methods used

This cross-sectional study aimed to identify factors associated
with geographical disparities in unmet healthcare needs at the
regional level. As all variables in this study were based on regional
data, spatial regression analyses were performed to explore these
relationships (Figure 1). Statistical analyses were performed using
R Studio (version 2024.04.2) and Geoda software (version
1.20.0.10) programs, while QGIS (version 3.24.1) was used to
visualise spatial patterns.

Ordinary least squares (OLS)

We conducted OLS regression analysis to determine the rela-
tionship between unmet healthcare needs and the independent vari-
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ables. Before performing the regression, we verified the presence

of multicollinearity among the independent variables.
Multicollinearity can lead to imprecise estimation of regression
coefficients, adversely affecting the model’s reliability
(Hutcheson, 2011). We assessed multicollinearity using the
Variance Inflation Factor (VIF), where values below 10 indicate no
significant multicollinearity issues. In our analysis, all VIF values
were below 5, confirming that multicollinearity was not a concern.

Spatial autocorrelation

Spatial autocorrelation describes the correlation of a variable
with itself through space, indicating that spatial data points are not
independent (Anselin & Bera, 1998). We calculated Moran’s /
statistic (Moran, 1950) to assess whether unmet healthcare needs
exhibited spatial clustering. A significant Moran’s / suggests that
similar values of unmet healthcare needs (high or low) are geo-
graphically clustered rather than randomly distributed across the
study area. Spatial data refers to the interdependence and interac-
tion between geographical spaces with similar characteristics.
These spaces are spatially adjacent and tend to be highly correlated
(Anselin & Bera, 1998). Apart from this global assessment, Local
Indicators of Spatial Association (LISA) identify clusters or
‘hotspots’ within the study area (Anselin et al., 2002). By employ-
ing Moran’s / and LISA analyses, this study identified significant
spatial patterns and clusters of unmet healthcare needs across the
study area.

Univariate spatial autocorrelation

Moran’s [ statistic was employed to analyse univariate spatial
autocorrelation and assess the spatial distribution of unmet health-
care needs, while LISA was used for local assessments. Results of
the former range from —1 (perfect dispersion) to +1 (perfect clus-
tering), with values near zero suggesting a random spatial pattern,
and those of the latter classify spatial patterns into four categories:
High-High (HH), High-Low (HL), Low-High (LH), And Low-
Low (LL). HH regions represent clusters where the area and its

Community level

Healthcare resources

neighbours exhibit high unmet healthcare needs, signalling areas
with concentrated disparities. HL regions indicate areas with high
unmet needs surrounded by neighbours with relatively low unmet
needs, suggesting potential outliers. Conversely, LH regions
denote areas with low unmet needs adjacent to neighbours with
high unmet needs, whereas LL regions signify clusters where the
area and its neighbours have low unmet healthcare needs, reflect-
ing areas of relative advantage.

0 PIess

Bivariate spatial autocorrelation

We also employed bivariate Moran’s [ statistic (Anselin ef al.,
2002), which examines the spatial correlation between one vari-
able at a location and another at neighbouring locations and can
thus reveal spatial association patterns between different attributes
the spatial relationship between unmet healthcare needs and
resources. Specifically, bivariate Moran’s / enables the identifica-
tion of whether regions with high unmet healthcare needs are spa-
tially correlated with low densities of medical institutions or vice
versa. This study also explored the spatial lag and the spatial error
models — two commonly used spatial regression models — to anal-
yse the data with spatial autocorrelation, address geographical
issues and enhance results’ reliability.

Spatial lag model (SLM)

This approach assumes that spatial autocorrelation is inherent
in the dependent variable. It introduces a spatial weight matrix into
the regression equation to account for spatial autocorrelation and
eliminates the errors caused by autocorrelation in the regression
analysis (Ward & Gleditsch, 2018). The equation for the SLM is as
follows:

Y; = pW;Y; + BX; + 5 (Eq.)

where Y; and Y; represent the dependent variables at locations 7 and

Unmet healthcare needs

General Hospital, Hospital,
Clinic, Convalescent Hospital

due to accessibility

Figure 1. Conceptual framework of the research model.

Table 1. Definitions of study variables.

Variable Definition Source
Independent ~ Unmet healthcare needs Percentage of individuals aged >65 years reporting Community Health
an inability to visit a hospital or clinic (excluding dentists) Survey (2020)
due to transportation or distance barriers
Dependent  General hospital Medical institution with >100 beds, providing specialized
services across multiple medical fields
Hospital Medical institution with >30 beds, primarily offering inpatient and outpatient care Korean Statistical
Clinic Medical institution with <30 beds, delivering outpatient care and preventive services Information Service (2020)
Convalescent hospital Healthcare facility capable of accommodating >30 long-term care patients

and providing medical services

[Geospatial Health 2025; 20:1295]
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Jj» respectively; X; the independent variables in region ; r is the spa-
tial regression coefficient of the SLM; W, the spatial weight matrix
of region 7; b the regression coefficient; and ¢, the error term for
region i. The term WY, is the spatial lag that explains the spatial
autocorrelation in the dependent variable.

Spatial error model (SEM)

Contrary to the SLM, the SEM assumes a geographical depen-
dency in the error term of the OLS regression equation. By adding
a spatial weight matrix, the SEM accounts for potential spatial
autocorrelation in the residuals, ensuring no spatial autocorrelation
in the error term (Ward & Gleditsch, 2018). The equation for the
SEM is as follows:

Yi = PO+ Xif + AWE + & (Eq.2)

where Y, represents the dependent variable in region #; X, the inde-
pendent variables in region i, f§ the regression coefficient; 7 the
spatial weight matrix; & the spatial error term for region 7; A the
degree of correlation among these geographical components; and
¢;the non-spatially correlated error term (Ward & Gleditsch, 2018;
Mollalo et al., 2020).

Spatial dependence tests and model fit evaluation

The choice between the spatial lag and spatial error models
was guided by the robust Lagrange multiplier (LM) test (Anselin,
2001), which determines whether residual spatial dependence pri-
marily affects the dependent variable (lag) or error term (error).
When both LM (lag) and LM (error) were statistically significant,
the model with the lower LM statistic was selected, indicating a
diminished degree of unaccounted spatial autocorrelation. Model

Table 2. Descriptive statistics of the variables.

fit was subsequently assessed using the Akaike Information
Criterion (AIC) and Bayesian Information Criterion (BIC), where
lower values signified more parsimonious and better-fitting solu-
tions (Vrieze, 2012). The coefficient of determination (R?) was also
examined to gauge the explanatory power of each model, with
higher R? values suggesting stronger congruence between predict-
ed and observed outcomes. Additional diagnostic procedures
included the Jarque-Bera test to confirm residual normality, along
with the Breusch-Pagan and Koenker tests to evaluate potential
heteroskedasticity (Rossi et al., 2020).

Results

Descriptive statistics

Table 2 presents the descriptive statistics of the study variables.
The average geographical disparity rate of unmet healthcare needs
was 0.46%, with a range from 0% to 3.5%. The mean number of
general hospitals, hospitals, convalescent hospitals and clinics per
region was 1.4 (ranging from 0 to 11), 6.8 (ranging from 0 to 41),
7.1 (ranging from 0 to 40), and 148 (ranging from 1 to 1,700),
respectively. Notably, the clinics exhibited the highest inter-region-
al variability. Choropleth maps in Appendix 1 represent the spatial
distributions of these variables visually.

Regions with high unmet healthcare needs

Table 3 lists the ten regions with the highest percentages of
unmet healthcare needs. The top ten regions were found to be dis-
tributed across the study area: Gyeongsangbuk-do (four regions),
Gyeongsangnam-do (one region), Jeollanam-do (two regions),
Jeollabuk-do (one region), Gyeonggi-do (one region) and

Variable Study area Mean SD Minimum Maximum
Unmet healthcare needs 216 0.46 0.61 0 35
General hospital 216 1.4 1.7 0 11
Hospital 216 6.8 7.4 0 41
Clinic 216 148 183 1 1,700
Convalescent hospital 216 7.1 7 0 40

SD, standard deviation.

Table 3. Top 10 regions with the highest unmet healthcare needs.

No. Study area (si-gun-gu) Unmet healthcare needs (%)
1 Bonghwa-gun, Gyeongsangbuk-do 3.50
2 Gokseong-gun, Jeollanam-do 3.08
3 Yeoncheon-gun, Gyeonggi-do 3.02
4 Uiseong-gun, Gyeongsangbuk-do 2.92
5 Tongyeong-si, Gyeongsangnam-do 2.44
6 Goseong-gun, Gangwon-do 2.02
7 Yeongcheon-si, Gyeongsangbuk-do 2.01
8 Cheongsong-gun, Gyeongsangbuk-do 1.83
9 Gurye-gun, Jeollanam-do 1.82
10 Jinan-gun, Jeollabuk-do 1.72
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Gangwon-do (one region), with Bonghwa-gun, Gyeongsangbuk-
do having the highest rate at 3.5%.

Univariate spatial autocorrelation

Moran’s /, calculated to assess the spatial autocorrelation of
unmet healthcare needs, revealed a significant positive spatial
autocorrelation (0.235, p<0.001), indicating that regions with sim-
ilar unmet healthcare needs are geographically clustered. HH clus-
ters were identified in Gangwon-do (Samcheok-si, Taebaek-si),
Gyeongsangbuk-do (Yeongyang-gun, Andong-si), Jeollabuk-do
(Jinan-gun) and Jeollanam-do (Gurye-gun). LL clusters were pre-
dominantly located in metropolitan areas such as Seoul and
Gyeonggi-do (Figure 2). These findings provide critical insights
into the geographical disparities in healthcare access and utilisa-
tion, highlighting areas that may require targeted interventions to
address unmet needs effectively.

Bivariate spatial autocorrelation

The examination of the spatial correlation between unmet
healthcare needs and each type of healthcare resource can be seen
in Figure 3. The results, presented in Table 4, show significant neg-
ative spatial correlations between unmet healthcare needs and the
number of general hospitals (—0.144), hospitals (—0.202), clinics
(—0.282) and convalescent hospitals (—0.16). Not surprisingly, it
was found that regions with more healthcare institutions tend to
have lower unmet healthcare needs. However, these findings elu-
cidate the spatial dependencies and interactions between health-
care resource distribution and unmet needs, informing more pre-
cise and targeted policy interventions.

Spatial dependence tests

Table 5 displays the results of the Lagrange multiplier (LM)
tests for spatial dependence. The LM (lag) and LM (error) coeffi-
cients were statistically significant (lag: 7.4178; error: 6.7821)
indicating the presence of spatial dependence in the dependent
variable and error term.

Ordinary least squares regression (OLS)

This regression model, detailed in Table 6, yielded an R? value
of 18.3%, suggesting that the independent variables explain
approximately 18.3% of the variance in unmet healthcare needs.
The coefficients for the number of general hospitals (—0.064,
»<0.05) and clinics (—0.001, p<0.01) were significantly associated
with reduced unmet healthcare needs. The variables hospital and
convalescent hospital were not statistically significant.

Spatial lag model (SLM)

Here the R? was 22.8% indicating enhanced explanatory power
compared to the OLS model. The spatial autocorrelation coeffi-
cient (p) was 0.228 (p<0.01). Similar to the OLS results, the coef-
ficients for the number of general hospitals (—0.0646, p<0.05) and
clinics (—=0.0007, p<0.1) were significantly negatively associated
with unmet healthcare needs. Hospitals and convalescent hospitals
remained non-significant.

Spatial error model

Here the R? was 20.6%. The spatial error coefficient (1) was
0.206 (p<0.05). In this model, the coefficients for the number of
general hospitals —0.061, p<0.1) and clinics (—0.0007, p<0.1)

Mol Sionificant (1463 R
B ioh-Hioh (16)
Bl oo (Aa)
B @ onwe—High (90
I Hioh— Lo (1)
»w
Unmet h‘ i
healthcare i
g7
needs
[ "
w, " '
B
H 5 | i 3 5
5615, 2008
Moran’s | (.23 5%**

Figure 2. Spatial autocorrelation of the unmet healthcare needs. ***p< 0.001, **p< 0.01, *p<0.1
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were negatively associated with unmet healthcare needs, albeit
with marginal significance. Hospitals and convalescent hospitals
remained non-significant.

Model fit evaluation

Table 6 compares the fit of the OLS, SLM, and SEM models.
The SLM exhibited the highest R? (22.8%) and the lowest Akaike
Information Criterion (AIC) value (356.093), followed by the
SEM (R*= 20.6%, AIC = 359.16) and OLS (R*= 18.3%, AIC =

Article

363.235). Thus, the SLM was identified as the most suitable model
for this analysis based on these criteria.

Discussion

This study examined geographical disparities in unmet health-
care needs across 216 municipalities in South Korea using spatial
analysis. Our findings reveal significant spatial clustering of unmet

Higher % Unmet —

Highaer % Unmet —

Higher % Clinic =

o 7 150 ki

Higher % Unmet —

Figure 3. Bivariate LISA cluster maps of the distribution of unmet healthcare needs and healthcare resources showing their spatial rela-
tionships. A) General hospital; B) Hospital; C) Clinic; D) Convalescent hospital.

Table 4. Results of bivariate Moran’s I analysis.

General hospital Hospital Clinic Convalescent hospital

Unmet healthcare needs -0.144 -0.202

OPEN aACCESS

-0.282 -0.16
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healthcare needs, particularly in non-metropolitan regions facing
transportation challenges and limited healthcare resources. They
corroborate previous studies that emphasise the influence of geo-
graphic factors on healthcare utilisation disparities (An et al.,
2014; Kim et al., 2021). Specifically, the vulnerable areas identi-
fied, constrained healthcare resources and inadequate transporta-
tion infrastructure hinder access to medical services compared to
their urban counterparts, leading to significant disparities in health
outcomes (An et al., 2014; Raeesi et al., 2023). Therefore, enhanc-
ing healthcare infrastructure and accessibility in these vulnerable
areas is essential.

Our spatial regression analysis demonstrated that the presence
of general hospitals and clinics significantly reduces unmet health-
care needs. This underscores the critical role these institutions play
in mitigating regional disparities and supports the notion that
increasing the availability of comprehensive medical facilities and
primary care services enhances healthcare accessibility (Oliver &
Mossialos, 2004; Perucca et al., 2019). In contrast, hospitals and
convalescent hospitals did not show significant effects on reducing
unmet healthcare needs. This may be attributed to their specialised
focus on inpatient care and long-term treatment, which do not
directly address the immediate outpatient needs captured in our
study. Data limitations or the specific services offered by these
facilities could also contribute to this result. Future research incor-
porating individual-level data and mixed-method approaches could
provide a deeper insight into these findings.

The model comparison indicated that the SLM was the most
suitable, emphasising the importance of considering spatial depen-
dence in studies of healthcare resource allocation. The SLM anal-
ysis revealed that increasing the number of general hospitals and
clinics in a region benefits that specific area and generates positive
spill-over effects in neighbouring regions, thereby enhancing over-
all healthcare service utilisation. Understanding these spatial
dynamics is crucial for developing regional health equity policies
(Park, 2012).

Policy implications

Evidence-based policy interventions that strategically allocate

healthcare resources is recommended—particularly general hospi-
tals and clinics—to underserved regions. Enhancing healthcare
infrastructure in the identified vulnerable areas, such as certain
regions of Gyeongsangnam-do, Gwangju, and Gyeonggi-do, can
reduce geographical health disparities. This approach is consistent
with the UK ‘spearhead areas’ strategy, which has successfully
reduced health disparities through targeted investments
(Department of Health, 2010; Shin & Lee, 2011). Reallocating
healthcare personnel and facilities based on actual demand, rather
than simply increasing the number of medical institutions, can
ensure high-quality services and address regional imbalances more
effectively (National Health Service, 2015). Moreover, policies
should focus on improving transportation infrastructure and acces-
sibility to healthcare services in non-metropolitan regions
(Mohammadi et al., 2021). Policymakers can more effectively
address the disparities highlighted in this study by linking the iden-
tified impact of clinics and general hospitals on reducing unmet
needs to specific strategies—such as enhancing primary care ser-
vices and expanding comprehensive hospital facilities.
Implementing these recommendations can lead to more equitable
healthcare access, reduce regional disparities, and improve public
health outcomes.

0 PIess

Strengths and limitations

This study has several limitations that should be addressed in
future research. First, because of data constraints, the ecological
design did not account for individual-level factors such as personal
health behaviours, socioeconomic status, or cultural attitudes
towards healthcare (Schwartz, 1994). These individual factors can
significantly influence healthcare utilisation and unmet needs.
Future research should incorporate individual-level data for a more

Table 5. Lagrange multiplier (LM) test for spatial dependence.

df=1
df=1

7.4178%*
6.7821%*

Lagrange multiplier (lag)
Lagrange multiplier (error)
***p<0.001, **p<0.01, *p<0.1.

Table 6. Comparison of estimation results across OLS, SLM and SEM models.
Model variables

Constant 0.726%** 0.0557 13.039 0.5613***  0.0704 7.971 0.6821***  0.0629 10.847

General hospital -0.064* 0.0323 -1.974 -0.0646*%  0.0311 -2.079 -0.061* 0.0316 -1.934 2.1
Hospital 0.012 0.0113 1.042 0.0099 0.0108 0.922 0.0093 0.0111  0.841 49
Clinic -0.001** 0.0003 -3.123 -0.0007*  0.0003 -2.309 -0.0007 0.0003 -2.119 2.5
Convalescent hospital -0.014 0.0087 -1.661 -0.0134  0.0083 -1.602 -0.0136 0.0086 -1.585 2.6
Rho (lambda) 0.264%*  (0.224*

R? 0.183042 0.227983 0.206385

Log-likelihood -176.617 -172.047 -174.58

AIC 363.235 356.093 359.16

Schwarz criterion 380.111 376.345 376.037

Jarque-Bera 517.1797***

Breusch-Pagan test 5.3357 7.0969 7.5573

Koenker-Bassett test 1.2975

Likelihood ratio test 9.1415%** 4.0746%*

***p<0.001, **p<0.01, *p<0.1 OLS, ordinary least squares), SLM, spatial lag model), SEM, spatial error model), VIF, variance inflation factor, SD, standard deviation, AIC,

Akaike Information cxriterion.

[Geospatial Health 2025; 20:1295]
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comprehensive understanding of the factors influencing unmet
healthcare needs. Mixed-method approaches, including qualitative
studies, could also explore personal experiences and perceptions
that quantitative data may not capture. Second, the study’s cross-
sectional nature limits the ability to infer causality between health-
care resources and unmet needs. The temporal sequence of events
remains unclear, and the observed associations may not reflect
causal relationships. Longitudinal studies are needed to examine
temporal dynamics and establish causality more effectively. Third,
some regions were excluded from the analysis owing to their
island or remote locations, and certain regions were combined or
modified to ensure uniformity in regional data. This exclusion may
affect the findings’ generalizability. Furthermore, geographic data
differ from general data because spatial units are not independent
and exhibit spatial dependence or autocorrelation, relating to the
modifiable areal unit problem (MAUP) (Cho, 2010). For example,
the choice of administrative boundaries at the si/gun/gu level may
influence the results, potentially masking local variations within
regions and leading to underestimation or overestimation of spatial
relationships. Future studies could explore different spatial scales,
such as smaller administrative units, and employ sensitivity analy-
ses to assess the impact of MAUP on the findings. Finally, the lack
of significant effects of hospitals and convalescent hospitals war-
rants further investigation. Specific contextual factors, such as ser-
vice types, patient populations served, or regional healthcare poli-
cies, may influence these results. Data limitations regarding
detailed hospital characteristics could have affected the analysis.
Future research using more granular data on healthcare facilities
and incorporating variables such as service scope, patient demo-
graphics, and operational efficiency could provide deeper insights.

Despite these limitations, this study makes several important
contributions to understanding geographical disparities in unmet
healthcare needs. By employing spatial regression models that
account for spatial interactions, this study provides a more nuanced
analysis than previous research that assumed uniform effects
across regions. The detailed examination of the direct and indirect
effects of healthcare facility distribution on unmet needs under-
scores the necessity of considering spatial distribution in health-
care resource allocation to enhance service quality and equity in
healthcare utilisation. Furthermore, identifying specific municipal-
ities with high unmet healthcare needs offers valuable information
for targeted policy interventions and resource allocation (Dong et
al., 2023). The study’s findings provide actionable insights for pol-
icymakers aiming to manage healthcare disparities, emphasising
the importance of incorporating spatial analysis into public health
policy to guide tailored resource allocation strategies that address
individual accessibility and broader social and structural influ-
ences. Additionally, this study advances spatial epidemiology
methodologies by integrating spatial autocorrelation analyses with
regression models, offering a robust framework for future research
in similar contexts. These methodological advancements con-
tribute to the broader discourse on health equity and equitable
resource allocation, making this study a significant addition to
public health and healthcare policy.

10 CPress

Conclusions

This study significantly contributes to understanding geo-
graphical disparities in unmet healthcare needs within South Korea
by leveraging community-level data and advanced spatial analysis
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techniques. By identifying the critical role of general hospitals and
clinics in reducing unmet healthcare needs, the research provides
actionable insights for policymakers and public health profession-
als. The findings advocate for strategic, needs-based allocation of
healthcare resources and emphasise the importance of empowering
local governments through capacity-building, targeted funding,
and supportive policy frameworks. Ultimately, this study under-
scores the necessity of tailored, evidence-based strategies to pro-
mote health equity and improve public health outcomes across
diverse regions.

References

Aday LA, Andersen R, 1974. A framework for the study of access
to medical care. Health Serv Res 9:208-20.

Allin S, Grignon M, Le Grand J, 2010. Subjective unmet need and
utilization of health care services in Canada: What are the
equity implications? Soc Sci Med 70:465-72.

Alonso J, Orfila F, Ruigémez A, Ferrer M, Ant6 JM, 1997. Unmet
health care needs and mortality among Spanish elderly. Am J
Public Health 87:365-70.

An S, Kim NH, Kim YN, 2019. Comparison of health status and
the effectiveness of health cost between rural and urban resi-
dents. Naju: Korea Rural Economic Institute. 1-182.

Anselin L, Bera AK, 1998. Spatial dependence in linear regression
models with an introduction to spatial econometrics. Stat
Textbooks Monogr 155:237-90.

Anselin L, 2001. Spatial effects in econometric practice in environ-
mental and resource economics. Am J Agric Econ 83:705-10.

Anselin L, Syabri I, Smirnov O, 2002. Visualizing multivariate
spatial correlation with dynamically linked windows. In:
Proceedings, CSISS Workshop on New Tools for Spatial Data
Analysis, Santa Barbara, CA.

Braveman P, Gruskin S, 2003. Defining equity in health. J
Epidemiol Community Health 57:254-8.

Centers for Disease Control and Prevention, 2018. Unmet need for
health care. Internet. Available from:
https://www.cdc.gov/nchs/hus/topics/unmet-need.htm.

Chen J, Hou F, 2002. Unmet needs for health care. Health Rep
13:23-34.

Cho I, 2010. A study on spatial effects in MAUP: With a focus on
scale and zoning effects. Master’s thesis. Korea National
University of Education.

Department of Health, 2010. Department of health and social care.
Available from: https://www.gov.uk/government/publica-
tions/mortality-monitoring-bulletin-life-expectancy-and-all-
age-all-cause-mortality-and-mortality-from-selected-causes-
overall-and-inequalities-update-to-include-data-for-2009.

Diez-Roux AV, 1998. Bringing context back into epidemiology:
Variables and fallacies in multilevel analysis. Am J Public
Health 88:216-22.

Dong E, Sun X, Xu T, Zhang S, Wang T, Zhang L, Gao W, 2023.
Measuring the inequalities in healthcare resource in facility
and workforce: A longitudinal study in China. Front Public
Health11:1074417.

Heo J, Oh J, Kim J, Lee M, Lee JS, Kwon S, 2012. Poverty during
plenty: Unmet needs and distribution of health care resources
in South Korea. PLoS One 7:¢51004.

Hutcheson GD. Ordinary least-squares regression. In: Moutinho L,
Hutcheson GD, editors. The SAGE dictionary of quantitative

[Geospatial Health 2025; 20:1295]



management research, SAGE Publications; 2011. pp. 224-8.

Jeon BY, Choi SM, Kim CY, 2012. Socioeconomic equity in
regional distribution of health care resources in Korea. Health
Policy Manag 22:85-108.

Ji S, Kwon YG, Lee H, Shin C, Sohn M, Choi M, 2024. Regional
disparities in health literacy for chronic diseases: focusing on
healthcare resources and local extinction index. Front Public
Health 12:1423645.

Joo HJ, Jang BN, Joo JH, Park EC, Jang SI, 2022. Unmet health-
care needs status and trend of South Korea in 2020. Health
Policy Manag 32:237-43.

Kim HS, Jeong DW, 2010. Characteristics of spatial distribution of
medical services in Seoul. Korean Urban Manag Assoc 23:27-
45.

Kim JE, Lee H, Nam EW, 2021. Unmet healthcare needs among
adults in Rural area, Paraguay: A cross-sectional study. J Reg
Stud Develop 30:135-56.

Kim YM, 2018. Care: Strategies and Challenges. Public Health Aff
2:17-27.

Kitchen P, Williams A, Pong RW, Wilson D, 2011. Socio-spatial
patterns of home care use in Ontario, Canada: A case study.
Health Place 17:195-206.

Le Grand J, 1982. The Strategy of Equality: Redistribution and
Social Services, 1st ed. Routledge.

Litaker D, Love TE, 2005. Health care resource allocation and
individuals’ health care needs: Examining the degree of fit.
Health Policy 73:183-93.

Mohammadi A, Mollalo A, Bergquist R, Kiani B, 2021. Measuring
COVID-19 vaccination coverage: an enhanced age-adjusted
two-step floating catchment area model. Infect Dis Poverty
10:1-13.

Mollalo A, Vahedi B, Rivera KM, 2020. GIS-based spatial model-
ing of COVID-19 incidence rate in the continental United
States. Sci Total Environ 728:138884.

Mooney G, Hall J, Donaldson C, Gerard K, 1991. Utilisation as a
measure of equity: Weighing heat? J Health Econ 10:475-80.

Moran PA, 1950. Notes on continuous stochastic phenomena.
Biometrika 37:17-23.

National Health Service, 2015. A guide to community-centred
approaches for health and wellbeing. NHS England, Public
Health England.

Nelson CH, Park J, 2006. The nature and correlates of unmet
health care needs in Ontario, Canada. Soc Sci Med 62:2291-
300.

Oliver A, Mossialos E, 2004. Equity of access to health care:
Outlining the foundations for action. J Epidemiol Community
Health 58:655-8.

Park KD, 2012. Study on regional disparities in healthcare utiliza-
tion: Using spatial dependence. Korean Policy Stud Rev
21:388-416.

Penchansky R, Thomas JW, 1981. The concept of access:
Definition and relationship to consumer satisfaction. Med Care
19:127-140.

Perucca G, Piacenza M, Turati G, 2019. Spatial inequality in
access to healthcare: Evidence from an Italian Alpine region.
Reg Stud 53:478-89.

Peterson LE, Litaker DG, 2010. County[I-level poverty is equally
associated with unmet health care needs in rural and urban set-
tings. J Rural Health 26:373-82.

Pyle GF, Lauer BM, 1975. Comparing spatial configurations:
Hospital service areas and disease rates. Econ Geogr 51:50-68.

Raeesi A, Kiani B, Hesami A, Goshayeshi L, Firouraghi N,
MohammadEbrahimi S, Hashtarkhani S, 2022. Access to the
COVID-19 services during the pandemic-a scoping review.
Geospat Health 17:1079

Raeesi A, Tara M, &Kiani B, 2023. Spatial accessibility to hospi-
tals in Southeast Iran: an enhanced two-step floating catchment
area method. GeoJournal 88:5427-43.

Rho BI, Kwak HK, 2005. A study on the effect of neighborhood-
level contextual characteristics on mental health of community
residents. Health Med Sociol 17:5-31.

Rossi R, Murari A, Gaudio P, Gelfusa M, 2020. Upgrading model
selection criteria with goodness of fit tests for practical appli-
cations. Entropy 22:447.

Schwartz SH, 1994. Are there universal aspects in the structure and
contents of human values? J Soc Issues 50:19-45.

Sibley LM, Glazier RH, 2009. Reasons for self-reported unmet
healthcare needs in Canada: A population-based provincial
comparison. Healthc Policy 5:87-101.

Shin HR, Lim YG, Han KM, 2014. The influence of medical
expenditure on unmet needs for health care: Focused on the
moderating effect of private health insurance. J] Reg Stud
22:25-48.

Shin HS, Lee SH, 2011. Factors affecting spatial distance to outpa-
tient health services. Health Policy Manag 21:23-43.

Tidikis F, Strasen L, 1994. Patient-focused care units improve ser-
vice and financial outcomes. J HealthcFinancManag 48:38-40.

Vrieze SI, 2012. Model selection and psychological theory: a dis-
cussion of the differences between the Akaike information cri-
terion (AIC) and the Bayesian information criterion (BIC).
Psychol Methods 17:228.

Ward MD, Gleditsch KS, 2018. Spatial regression models, 2nd ed.
Sage Publications.

Yim J, 2022. Measures for strengthening public health care. Korea
Institute for Health and Social Affairs. doi: 10.23062/
2022.09.2

Yun GJ, Kim DJ, Lee HN, Park EH, 2021. Utilization of informa-
tion for health protection of vulnerable populations in public
health crisis situations. Korea Institute for Health and Social
Affairs. Available from: https://repository.kihasa.re.kr/han-
dle/201002/39082

Yun GJ, Song ES, Ko SJ, Kim JH, Jeong HS, Bae JY, 2022. A
study on restructuring of the regional health systems for coping
with public health crises: Centering on health centers. Korea
Institute for Health and Social Affairs. Available from:
http://repository.kihasa.re.kr/handle/201002/41538

0 PIess

Online supplementary materials

Appendix 1. Choropleth maps of variables

[Geospatial Health 2025; 20:1295]

OPEN aACCESS



