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Background: This study examines the factors affecting unmet healthcare experiences by integrating individual-and community-level extinction indices.

Methods: Using spatial autocorrelation and multilevel modeling, the study utilizes data from the Community Health Survey and Statistics Korea for 218 local government regions from 2018 to 2019.

Results: The analysis identifies significant clustering, particularly in non-metropolitan regions with a higher local extinction index. At the individual level, some factors affect unmet medical needs, and unmet healthcare needs increase as the local extinction index at the community level increases.

Conclusion: The findings underscore the need for strategic efforts to enhance regional healthcare accessibility, particularly for vulnerable populations and local infrastructure development.
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1 Introduction

Despite extensive efforts to combat the declining birth rate in South Korea since 2006, the country still grapples with persistently low fertility rates and a rapid rise in its older adult population, creating a demographic challenge that threatens its socioeconomic stability. This issue varies between regions, with smaller cities and rural areas facing an escalating risk of depopulation (1, 2). Citing Masuda Hiroya’s warning about regional depopulation in Japan and Lee’s (3) study on local extinction in Korea, the 2019 Index of Local Extinction Risk by the Korea Employment Information Service indicates that over 100 municipalities in South Korea could face a risk of extinction by 2021, up from 97 in 2020. The Board of Audit and Inspection of Korea (4) predicts that by 2047, all 226 cities and counties could be at risk of extinction. Of these, approximately 70% are classified as having a “high extinction risk.” Given the persistent low birth rates in South Korea, a somber prediction suggests a steady decline by 2047, leading to a super-aged society where community functions deteriorate and the population decreases. Ultimately, this will negatively affect residents’ well-being (5).

The local extinction index is defined as the ratio of women aged 20–39 years to the population aged 65 years and older. This index is used to measure the risk of population decline, with lower values indicating higher risk due to lower birth rates and an aging population. The theoretical framework of local extinction involves understanding the socio-economic and demographic factors behind regional population declines, highlighting that the issue extends beyond aging and low birth rates (4). Regions facing severe local extinction often experience vulnerabilities in essential societal and economic aspects, such as housing, education, employment, healthcare, and welfare (6). This resource imbalance directly affects residents’ well-being by hindering basic human needs (7). Unfortunately, rural areas and smaller cities in South Korea grapple with social issues triggered by population changes, leading to growing healthcare disparities between regions (8). Here, the predominantly privatized healthcare system poses difficulties in providing essential medical services to underserved areas owing to financial constraints or closures of healthcare facilities in sparsely populated regions (9). Consequently, the issue of local extinction is no longer confined to rural and underdeveloped regions. Rather, it represents an ongoing and realistic challenge for the country.

Universal Health Coverage (UHC), a central tenet of the United Nations’ Sustainable Development Goals since 2015, remains a vital global health priority, aiming to ensure equal health rights for all individuals (10). UHC focuses on making healthcare services accessible to reduce health inequalities by improving factors like facilities, personnel, finances, and information related to healthcare provision and usage (11). Geographical accessibility, in this context, refers to the actual distance people need to travel to access healthcare, which is influenced by variables such as the distribution of healthcare facilities, transportation networks, and geographical barriers. Addressing health disparities stemming from limited geographical access necessitates collaborative national efforts (12, 13). Despite initiatives like the “First Basic Plan for Public Health and Medical Services” that aim to address regional healthcare disparities, gaps in unmet healthcare experiences due to geographical access disparities persist (14, 15). As non-urban areas witness population shifts, a comprehensive regional approach is vital to tackling health disparities in local communities to deal with impending challenges, such as local extinction (16).

Unmet healthcare refers to a situation in which medical needs, whether perceived by individuals or deemed necessary by medical professionals, are not met in a timely way (17). The importance of unmet healthcare needs can be categorized into three aspects. First, the absence of timely access to healthcare services is a violation of the fundamental right to health. Second, from a practical standpoint, not receiving necessary medical services can lead to health deterioration and increased mortality rates due to delayed diagnosis or treatment. This can escalate healthcare utilization and costs (18, 19). Unmet healthcare needs elevate disease severity and complications and diminish satisfaction with care and overall quality of life (20, 21). Third, from an equity perspective, healthcare disparities disadvantage vulnerable groups in terms of health, limiting their opportunities for better health and well-being (22).

Previous research predominantly approached unmet healthcare needs from an individual perspective, overlooking structural factors like societal and economic contexts (23–25). This limits effective policy changes and interventions. Currently, recognizing structural determinants as pivotal in shaping health decisions is gaining traction (26). While population shifts contribute to local extinction and resultant health issues, prior studies mainly focused on spatial distribution changes, neglecting the interplay between regional healthcare infrastructure and community health levels (27–29). However, addressing interregional health disparities arising from local extinction requires a balanced regional approach (30).

Given the aforementioned factors, this study primarily aimed to calculate the Local Extinction Risk Index, which will enable the monitoring of spatiotemporal trends in areas at risk of local extinction in South Korea. In addition, this study comprehensively investigates the influence of the extinction index on individuals’ access to healthcare services in different geographic locations. It is anticipated that the outcomes of this study will establish a robust foundation for shaping effective public health policies and optimizing resource allocation strategies. By addressing inter-regional health disparities resulting from variations in the Local Extinction Risk Index, the study aspires to offer well-informed and enduring policy recommendations aligned with our overarching objectives. These findings are particularly relevant to Sustainable Development Goal 3 (SDG3), which aims to ensure healthy lives and promote well-being for all ages (31). By addressing healthcare accessibility in regions with high risk, this study contributes to achieving SDG3 targets, such as reducing health disparities and ensuring UHC.



2 Materials and methods

This study examines the factors affecting unmet healthcare needs by integrating individual and community-level extinction indices. Using spatial autocorrelation and multilevel modeling, the study uses data from the Community Health Survey and Statistics Korea for 218 local government regions from 2018 to 2019.


2.1 Study area

South Korea has 17 regional jurisdictions, including seven metropolitan cities (Seoul, Busan, Daegu, Incheon, Gwangju, Daejeon, and Ulsan) and eight provinces (Gyeonggi-do, Gangwon-do, Chungcheongbuk-do, Chungcheongnam-do, Jeollabuk-do, Jeollanam-do, Gyeongsangbuk-do, and Gyeongsangnam-do). The country also has a special self-governing province of Jeju and a self-governing city of Sejong, which cover the capital region. These entities are subdivided into smaller units like cities, counties, and districts. For the spatial analysis in this study, 218 of 226 local government entities were selected, excluding islands and remote areas, based on data availability.



2.2 Variables

Table 1 presents the variable definitions.



TABLE 1 Definitions of the variables.
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2.2.1 Dependent variable

Unmet healthcare refers to situations where individuals, despite having a desire and need for medical care, experience a lack of access to healthcare services for any reason. This state is an “unmet healthcare experience” (32). The variable for unmet healthcare needs is defined based on the proportion of individuals aged 65 years and older who, in a community health survey, responded “yes” to the following question: “In the past year, have you needed medical treatment (examinations or therapy) at a clinic (excluding dental care) but not received it?”



2.2.2 Independent variables


2.2.2.1 Individual-level variables

The independent variables were categorized based on Andersen’s (33) healthcare utilization model, which includes predisposing factors, enabling factors, and need factors. In this study, predisposing factors included gender, age, educational level, and marital status. Educational levels were classified as “No education,” “Elementary school,” “Middle school,” “High school,” and “University.” Marital status was categorized as “Married spouse” and “Non-spouse.” Enabling factors included monthly household income adjusted for equivalence. Need factors included self-rated health status and chronic illness. Self-rated health status was categorized as “Very bad,” “Bad,” “Fair,” “Good,” and “Very good.” Finally, chronic illness (hypertension or diabetes) was classified as “Present” or “Absent.”



2.2.2.2 Community-level variables

The local extinction index employed the number of women aged 20–39 years, based on reproductive capability, to gauge potential regional decline. According to a previous study, a 50% decrease in this number could render a locality “at risk” because of the resultant challenges in social security and employment (34). Lee (3) extended Masuda’s method, assessing the decline risk through the ratio of women aged 20–39 years to those aged 65 years and older. An index ≥1.0 signifies an area is “safe,” 0.6–1.0 suggests it is in “incipient decline,” 0.2–0.5 flags it as “at risk,” and < 0.2 implies an area is “high risk” (3). The formula for the decline index in this study is:
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The numerator of the local extinction index signifies women aged 20–39 years and reflects low birth rates. The denominator represents the older adult population (65 years and older), which will indicate population aging. Emphasizing low birth rates and the growing older adult population leads to lower index values, denoting a more pronounced population decline and a higher risk of regional decline. For interpretation, this study utilized a fixed value, in which higher local extinction index values indicate higher risk.

In this study’s framework, a higher local extinction index indicates higher risk and is linked to greater unmet healthcare needs due to demographic imbalances like low birth rates and an aging population. The extinction index serves as a crucial variable for predicting and addressing healthcare needs in aging populations, helping policymakers allocate resources effectively and develop strategies to mitigate the impacts of demographic changes on healthcare systems.





2.3 Analysis methods

Statistical analyses of the existing data were performed using RStudio (Version 4.2.3, Windows) and GeoDa (Version 1.20.0.10). To visualize spatial patterns, QGIS (Version 3.24.1) was used.


2.3.1 Spatial autocorrelation

Spatial data refers to the interdependence and interaction between geographical spaces with similar characteristics, which tend to be highly correlated as they are spatially adjacent (35). We used Moran’s I statistic (36) to analyze the univariate spatial autocorrelation. The basic formula is given by Eq. (1):
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where N represents the number of spatial units, Y is the dependent variable, Yi denotes the mean value of Y in unit i, and ω represents the spatial weight matrix at locations i and j. Moran’s I index is used to assess statistical significance through a Z-test. Its basic formula is given as Eq. (2):
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where E(I) and Se (I) represent the mean and standard deviation of statistic I, respectively. The spatial autocorrelation index of Moran’s I ranges from −1 to +1, with values closer to +1 and − 1 indicating a more positive and negative spatial correlation, respectively (37).

We used local indicators of spatial associations to calculate hotspots in each city, revealing four main patterns: high-high (HH), high-low (HL), low-high (LH), and low-low (LL). HH means the variable is elevated both within the area and nearby. HL indicates high values within one area but low values in the surroundings. LH suggests lower values in one area compared to its surroundings, while LL implies low values in both the area and its surroundings.



2.3.2 Hierarchical linear model

This study employed a hierarchical linear model (HLM) to analyze the impact of the local extinction index variables and individual-level socio-demographic factors on the unmet healthcare needs of older adults. HLM, unlike conventional regression models, considers individual and higher-level contextual factors simultaneously, yielding more accurate outcomes (38). It acknowledges the interplay between these levels, thus enhancing the reliability of results (38). To determine the suitability of HLM, an intraclass correlation coefficient (ICC) exceeding 5% was recommended in the presence of group-level differences (39). Eq. (3) presents the formula:
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where τ represents the variance at the regional level and σ2 the variance at the individual level. ICC represents the proportion of total variance in the dependent variable attributed to between-region differences, indicating regional disparities (40). Therefore, ICC allows us to understand the proportion of variance in the overall data explained by regional disparities.

In the course of our study, the HLM analysis approach was adopted. This involved the implementation of both individual-level and regional-level models. The individual-level model was designed to delve into the intricacies of unmet healthcare needs. This model meticulously dissected the unique attributes of each individual, effectively capturing the nuanced fluctuations in healthcare requirements across various geographical domains. Concomitantly, the regional-level model was crafted to provide a broader perspective. This model systematically probed the underlying determinants contributing to unmet healthcare needs within distinct geographic areas. It thoughtfully factored in regional idiosyncrasies and influences that collectively shape healthcare needs within specific locales.

The individual-level and regional-level models are given by Eqs. (4) and (5):
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The individual-level model (Eq. 4) represents the unmet healthcare needs ([image: image]) of older adults. It combines the average needs in their region ([image: image]) with an individual-specific error ([image: image]). The regional-level model (Eq. 5) examines how the characteristics of an individual’s region affect the outcome. [image: image] is the average unmet healthcare need in region j. Specifically, [image: image] is a constant representing the overall average across all regions, and [image: image] is a region-specific error reflecting unique regional traits that contribute to individual variability beyond the average. Here, the distinct cultural, economic, and educational factors in each region can influence the outcome. The HLM uses individual and regional variables to predict outcomes, offering a valuable approach to analyzing regional disparities and individual differences. Figure 1 illustrates the model of this study.

[image: Figure 1]

FIGURE 1
 Research model.





2.4 Ethics statement

The approval for this study was obtained by the Institutional Review Board of Korea University (approval number: KUIRB-2023-0174-01), in compliance with the Helsinki Declaration.




3 Results

In this study, individual-level analysis was conducted using community health survey data from 2018 and 2019. The survey included 67,311 individuals aged 65 years and above in 2018 and 50,851 in 2019. Following the exclusion of participants who did not report medical dissatisfaction, the final dataset for analysis comprised 5,101 participants from 2018 and 2,843 from 2019, as illustrated in Figure 2.

[image: Figure 2]

FIGURE 2
 Data selection flow chart.



3.1 Ten regions with the highest unmet healthcare needs

Table 2 displays the five leading and trailing areas according to the local extinction index, categorized by city and county. The top five regions in 2018 and 2019 were certain parts of Gyeongsangbuk-do, Gyeongsangnam-do, and Jeollanam-do. The bottom five regions in 2018 included Ulsan, Daejeon, specific zones in Gyeonggi-do, and certain areas of Gyeongsangbuk-do. In 2019, the bottom five included Ulsan, Gyeonggi-do, Daejeon, and certain parts of Gyeongsangbuk-do.



TABLE 2 Regions at the Top and Bottom of the Local Extinction Index.
[image: Table2]

The choropleth map of the local extinction index offers insights into spatial distribution, with a primary focus on non-capital regions (Appendix A). All areas experienced an increased risk of regional decline from 2018 to 2019. Jeollanam-do exhibited the highest risk of decline, and Sejong City had the lowest risk (Appendix B).



3.2 Descriptive statistics

Table 3 presents the descriptive statistics of the variables. Regarding the dependent variable, unmet healthcare needs owing to accessibility limitations decreased slightly, from 27% in 2018 to 23% in 2019. The mean age increased slightly, from 75.84 years in 2018 to 76.01 years in 2019, and household income also increased from 4.95 to 5.09, respectively. The ratio of women was higher than that of men. Women also had a higher prevalence of chronic diseases. The proportion of married individuals was higher in 2018 at 50.6% than that of unmarried individuals. However, in 2019, the proportion of unmarried individuals was higher at 55.7%. Education level was highest for “elementary school,” followed by “no education,” “middle school,” “high school,” and “college” in descending order. Regarding participants’ self-rated health status, a large proportion rated it as “poor,” followed by “fair,” “very poor,” “good,” and “very good” in that order.



TABLE 3 Descriptive Statistics.
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3.3 Spatial autocorrelation of the local extinction index

To calculate Moran’s I coefficient, a spatial weighting matrix was constructed to ensure that each location had at least one neighboring point. Figure 3 shows the results of the spatial autocorrelation. The computed and verified Moran’s I values demonstrated statistical significance for both years, yielding values of 0.647 and 0.645 in 2018 and 2019, respectively.

[image: Figure 3]

FIGURE 3
 Spatial autocorrelation of the local extinction index. *p < 0.05, **p < 0.01, ***p < 0.001.


For spatial clustering, of the 218 administrative districts across the country, the number of HH clusters increased from 51 regions in 2018 to 53 in 2019. HH clusters were observed in specific areas of Gangwon-do, Gyeongsangbuk-do, Gyeongsangnam-do, Chungcheongbuk-do, Chungcheongnam-do, Jeollabuk-do, and Jeollanam-do. The number of LL clusters increased from 49 regions in 2018 to 50 in 2019, with LL clusters identified in certain parts of Seoul, Gyeonggi-do, Incheon, Daejeon, Sejong, and Ulsan.



3.4 Results of the hierarchical linear model

Table 4 displays the results from the HLM’s null model analysis. An ICC, which shows regional-level variance within the total variance, was evaluated to test the validity of the model. The ICC values were around 11% in 2018 and 8.9% in 2019. Thus, validity was confirmed as the ICC values exceeded the 5% threshold (39). A comparison of the variance components showed an increase in total individual variance from 1.8 to 2.3%, likely owing to differing local extinction index.



TABLE 4 Results of the null model.
[image: Table4]

Table 5 provides the results of the multilevel model analysis. Significant influences (p < 0.001) on older adults’ unmet healthcare experiences by geographical area included gender, age, education, income, self-rated health, and marital status in 2018, and age, education, marital status, self-rated health, and chronic illnesses in 2019. The local extinction index consistently demonstrated a significant impact (p < 0.001) on older adults’ healthcare experiences.



TABLE 5 Results of the hierarchical linear model.
[image: Table5]



3.5 Model fit evaluation

This study aimed to assess the final model’s goodness of fit by comparing two models: Model 1, which considered individual-level factors, and Model 2, which included regional-level factors. Model fit was evaluated using Akaike’s Information Criterion [AIC; see (41)] and Bayesian Information Criterion (BIC) indices, where lower values indicate a better-fitting and less complex model. In general, a difference in the AIC value of more than 4 suggests that the model needs improvement (42, 43). For 2018, Model 1 had an AIC/BIC of 5406.2/5465, and Model 2 had an AIC/BIC of 5385.4/5450.7. In 2019, Model 1 had an AIC/BIC of 2741.4/2794.4, and Model 2 had an AIC/BIC of 2729.5/2789. As such, the comparative analysis showed Model 2 to be a more suitable fit for the data.




4 Discussion

Recent research on regional health disparities extends beyond identifying gaps to understanding their impact on residents’ well-being. Prior studies commonly visualized changes in depopulating regions without fully explaining local health disparities. Furthermore, research on unmet healthcare needs typically focused on individuals and overlooked structural influences such as social and economic contexts, resulting in a limited understanding. This study is novel in that it integrates Andersen’s healthcare utilization model and incorporates individual and regional factors to comprehensively grasp forces affecting unmet healthcare experiences. This study employed spatial analysis and multilevel modeling with nationwide data (2018–2019) from the Community Health Survey and Statistics Korea.

Analyzing the spatial autocorrelation of the local extinction index, an increase in clustering was observed, especially in non-metropolitan areas, from 51 regions in 2018 to 53 in 2019. This aligns with earlier research indicating that areas facing local extinction are predominantly distributed in non-metropolitan regions such as Jeollabuk-do, Jeollanam-do, Gyeongsangbuk-do, and Gyeongsangnam-do (26). The spatial clustering emphasizes the need for targeted policy interventions to address the unique challenges in these areas.

The results from the multilevel model show the following. First, individual characteristics revealed important insights into geographical disparities in unmet healthcare needs. Gender emerged as a determinant, with women being more vulnerable, which is consistent with prior research (13, 44, 45). Age also had a significant role, in that that older individuals faced higher odds of such experiences. This is consistent with the findings of Jang and Lee (46) and Kwon and Choi (47), who both emphasized rational healthcare resource distribution for aging-related challenges. In addition, education had an impact: a higher level of education was linked to increased odds of unmet healthcare needs, which is also supported by previous studies (13, 48–50). In 2019, the presence of a spouse was an influencing factor, underscoring the importance of paying attention to healthcare for individuals without a spouse (45). These findings stress the need for ensuring gender-specific interventions, rational resource allocation, and addressing educational disparities to improve healthcare accessibility and management.

Second, concerning enabling factors, higher household income was linked to reduced geographical disparities in unmet healthcare needs in 2018. This is similar to previous research highlighting the elevated likelihood of such issues among lower-income households owing to limited accessibility (51–53). Here, income inequality exacerbates healthcare disparities, leading to more unmet healthcare needs among lower-income groups (51). Similarly, Kim et al. (52) found a higher prevalence of unmet healthcare needs in lower-income households. Song et al. (51) also reported an odds ratio of 4.95 (95% CI 1.91–12.87) for unmet healthcare needs in lower income groups compared to higher income groups. These findings underscore the persistent role of economic factors in shaping unmet healthcare needs. While statistical significance was observed only for 2018, future research could delve into income categorization for a more nuanced understanding. Nonetheless, acknowledging the impact of economic factors, it is essential to explore interventions such as strengthening health insurance coverage and improving payment systems to alleviate financial burdens.

Third, regarding need factors, better self-perceived health was linked to reduced geographical disparities in unmet healthcare needs, consistent with Choi and Ryu (45) and Kim et al. (52). Choi and Ryu (45) associated better health with lower odds (0.34; 95% CI, 0.26–0.44) of experiencing unmet healthcare needs. Kim et al. (52) also found that self-perceived health influenced unmet healthcare needs. They confirmed that poorer self-perceived health may lead to lower health behavior adherence, causing individuals to perceive themselves as unhealthy if their healthcare needs are not met, in contrast with those who perceive better health (54). The presence of chronic illnesses increased the odds of geographical disparities in unmet healthcare needs, which is consistent with the results of prior research (24, 55). While Kim and Lee (55) emphasized the impact of chronic illnesses, Kim and Eun (24) did not find a significant effect in panel data from 2009 to 2013. This study found the data for 2019 to be significant, and given Korea’s aging population, addressing geographical health disparities necessitates policies targeting vulnerable chronic illness groups.

Fourth, disparities in the local extinction index significantly contributed to higher individual-level geographical unmet healthcare experiences. The spatial autocorrelation analysis revealed that areas with higher local extinction indices, primarily rural regions, experienced limited healthcare access, which is consistent with prior research (8, 56, 57). This highlights the importance of addressing structural healthcare inequalities in rural and high-risk regions to ensure equitable access to healthcare services. An et al. (8) emphasized rural–urban healthcare resource disparities impacting accessibility due to transportation challenges. Similarly, Chang (56) highlighted the influence of poor healthcare service accessibility on unmet healthcare needs among older adults. Taqi et al. (57) underscored the role of rural healthcare infrastructure deficits in hindering access, revealing geographical disparities in unmet healthcare needs. Therefore, enhancing healthcare infrastructure and improving transportation networks in these regions is a crucial piece of addressing these unmet healthcare disparities. By enhancing healthcare accessibility in regions with high local extinction indices, this study supports SDG3 (reduce health disparities and ensure universal health coverage). The findings underscore the necessity for comprehensive policy interventions aligned with the WHO and UN guidelines to address regional healthcare disparities. Specifically, improving healthcare infrastructure and transportation in high-risk areas can significantly enhance health outcomes and promote a more equitable healthcare system. The WHO’s framework on social determinants of health emphasizes the importance of improving healthcare accessibility to reduce health inequities (26). In addition, UNDP’s report on sustainable development highlights the need for robust infrastructure and transportation networks in underserved regions to achieve SDG3 (58). These international guidelines align with the study’s recommendations, advocating for targeted policy interventions to ensure equitable healthcare access and improve overall health outcomes in high-risk areas.

In conclusion, this study revealed that individual-level factors, along with the community-level risk of local extinction, contribute to increased geographical disparities in unmet healthcare needs among older adults. Despite government efforts to enhance healthcare accessibility under the “Public Health and Medical Service Act,” the findings of this study highlight variations in perceived accessibility constraints based on the degree of local extinction. Specifically, considering the exacerbated geographical unmet healthcare disparities due to differences in the local extinction index, addressing economic accessibility and developing healthcare systems and infrastructure within local communities are essential to mitigating inter-regional healthcare inequalities. As an example of how to address these issues, Japan introduced the concept of a “community living district” in 2014 to combat population decline and local extinction. These districts integrate daily facilities for healthcare, welfare, and shopping to restructure regions, fostering connections between neighboring clusters and enhancing well-being (59, 60). Furthermore, politician and scholar Masuda Hiroya proposed “core cities” to encourage growth around metropolitan regions, advocating for continuous policy efforts (61). In response, Korea designated 89 high-risk municipalities as population decline regions and introduced the “Special Act on Population Decline Area Support” to prevent population disappearing, emphasizing comprehensive support (8). However, managing areas beyond this law is crucial owing to widespread population decline. To mitigate geographical disparities in unmet healthcare needs, a growth-centric “community living district” could link regional resources. Addressing the vulnerable older adult population as Korea becomes an ultra-aged society requires community-centered health systems to bridge health disparities between urban and rural areas. Furthermore, despite its contributions, this study also has limitations. First, using yearly samples from the Community Health Survey instead of panel data may hinder establishing robust causal relationships owing to changing sample composition. Future regional panel surveys could offer deeper insights into long-term trends and higher-level causal links. Second, the exclusive reliance on the local extinction index on population data for discussing local extinction might narrow its scope. Incorporating broader regional characteristics like economic activity and education level could provide a more accurate assessment. Third, the scope of this study was limited as it excluded islands and rural areas from the spatial analysis. Furthermore, data adjustments may affect the generalizability of the results. Geographical data often exhibit spatial dependence, as linked to the Modifiable Areal Unit Problem (MAUP) (62), potentially raising issues related to the selection of spatial units.

Nonetheless, this study boasts several noteworthy strengths. First, it combines individual-level variables with regional data, creating a diverse dataset that captures interactions between individuals and their local communities. This comprehensive approach provides insights into education, income, health, and the environment, enabling tailored policies for socioeconomic revitalization and healthcare promotion that align with regional traits. Second, incorporating the hierarchical structure of the local extinction index enhances the precision of the model. Unlike traditional linear regression, multilevel models consider interactions within this hierarchy, leading to more accurate results. The correlation between the local extinction index and geographical disparities in unmet healthcare needs is explored, offering informed policy recommendations for health policy formulation. Third, analyzing time-series data shows temporal changes and trends in regions. Over time, the influence of the local extinction index and individual-level factors may evolve, allowing predictions about geographical disparities in unmet healthcare issues stemming from local extinction. These insights are valuable for enhancing health policies, improving community well-being, and addressing healthcare disparities.



5 Conclusion

This study differs from previous research in that it comprehensively analyzes individual-level key factors based on Anderson’s healthcare utilization model and the community-level local extinction index to clarify the factors influencing unmet medical experiences. The results of this study are expected to contribute to improving health disparities in local communities if a system for community-centered, geographically-based healthcare management is established. Furthermore, it is expected that focusing on vulnerable areas and designating “cluster living zones” could reduce the gap in unmet medical needs across regions by ensuring that resources are allocated for social infrastructure development and enhancement. Addressing healthcare accessibility in high local extinction index regions is essential for achieving SDG3, which aims to reduce health disparities and ensure universal health coverage. Policy interventions aligned with WHO and UN guidelines can effectively mitigate regional healthcare disparities, significantly improving health outcomes and overall well-being.

Regional decline in South Korea is currently worsening a grave crisis. This predicament is expected to adversely affect the health and welfare of local community residents owing to future population decline, economic downturns, and worsened accessibility to medical services. Consequently, the government and relevant organizations should formulate strategies to enhance medical infrastructure and foster collaboration and community awareness within local communities.
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