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Abstract

The purpose of this study is to analyze the influential factors of non-take-up citizens, who do not receive social benefits,
to increase their discovery rate. A spatial regression model was used to analyze the variables affecting the discovery rates.
As a result of the study, there was a difference in the percentage of welfare blind spots by region. In addition, when the
proportion of the elderly population, the number of unemployment benefit recipients, etc. increased, that of welfare blind
spots also increased; the lower the population density was, the higher the rate of increase in welfare blind spots became.
Accordingly, in order to resolve the welfare blind spots at the local level, it is necessary to reinforce policy support for the
elderly population and reduce the unemployment rate. Particularly, the policy will have to be prepared to resolve the welfare

blind spots in rural areas with low population density.
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Introduction

Discussions on the discovery of non-take-ups in Korea, cen-
tered on the Ministry of Health and Welfare, began in 2013.
Since 2015, by utilizing the social security information sys-
tem (Hangbok-e-eum) of the Social Security Information
Service, non-take-up citizens have been identified via the
discovery model based on 29 linked variables. In Korea,
non-take-ups include the non-receiving poor strata who do
not receive social security benefits based on a fixed amount
of recognized income (Hupkau & Maniquet, 2018; Reijnders
etal., 2018).

As of 2019, there were approximately 10% non-take-ups
from almost 6 million people with a receiving history through
29 linked variables, of which 30% to 40% of non-take-up
citizens are being succored through confirmatory investiga-
tion of towns, villages, and dongs by local governments
(Dubois et al., 2018; Fuchs et al., 2020). These non-take-up
citizens include: (1) groups excluded from benefit rights
because they do not meet the property and support obligation
criteria among those who earn less than the minimum cost of
living; (2) those facing economic troubles among near-pov-
erty groups whose amount of recognized income is more
than the minimum cost of living; (3) those who are eligible
for the National Basic Livelihood Security System but are
not actually receiving the benefits; and (4) those who are not
adequately supported among beneficiaries because their
income level is not appropriate.

The non-take-up discovery process in Korea encompasses
collecting and analyzing big data related to vulnerable social
groups associated with power failure, water supply cuts, non-
payment of social insurance premiums, and more, and preemp-
tively discovering and supporting non-take-up citizens. After
2015, starting with three trial services, non-take-ups were dis-
covered using big data and 67,170 citizens were selected in
March 2019. Regarding the discovery procedure, first, data col-
lection is performed by aggregating 29 types of external linkage
information and 37 kinds of internal information for collecting
citizens in the social security information system. Second,
through big data analysis of the collected data, discovery citi-
zens are selected by the predicted statistical models for high-risk
households. Third, a variety of support is provided, such as
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public and private services, emergency welfare services, and
case management, after conducting on-the-spot surveys in
towns, villages, and dongs for the selected discovery citizens
(Lee et al., 2016; Pedersen & Wilkinson, 2018).

However, the scope of non-take-ups in Korea is narrower
than that in Austria, Germany, and other countries, whose
selection criteria for non-take-ups are based on basic income
rather than recognized income (Fuchs et al., 2020). The pro-
cess in Korea is highly likely to generate non-take-ups only
from those with a history of social security benefits.
Furthermore, differences were observed in the object discov-
ery method. In Korea, 29 linked variables are used, and most
are personal income-related variables, wherein predictive
models are utilized for controlling various influencing fac-
tors at the regional level. European countries, on the other
hand, extract non-take-up citizens through micro-simulation
and use a predictive model reflecting various personal and
regional variables for the whole nation (Bargain, 2017; De
Agostini et al., 2018; Gallo, 2021; Van Lancker, 2015).

In Korea, the selection of non-take-up citizens varies in
accuracy according to discovery criteria, linked variables, and
discovery methods, among others. Furthermore, problems
regarding non-take-ups are continuously arising, as variables
that were not recognized earlier are emerging as linked vari-
ables. For example, the emergence of exceptional cases, such
as mother—daughter families in dire circumstances and North
Korean defectors, has expanded the scope of non-take-ups,
which contributes to reducing the accuracy of predictive mod-
els (Leisering, 2009; Leisering & Barrientos, 2013). Therefore,
consideration of the current non-take-up predictors, which are
based on personal income, is urgent. Harnisch (2019) identi-
fied poverty extent, presence of children, householders’ age,
volition to work, immigrant experience, housing type, and oth-
ers as influencing factors on non-take-ups in Germany. Fuchs
et al. (2020) considered employment status, household type,
poverty gap, education level, housing type, gender, and so on
as influencing variables through quantitative analysis of non-
take-ups and regarded the size of local government as a
regional influencing factor (Paz-Fuchs & Wynn, 2019).
Hiimbelin (2019) analyzed the factors affecting the effective-
ness of non-take-up discovery using administrative data from

Canton City, employing variables that reflect both personal
and regional characteristics such as urban size, language,
political ideology, and poverty level (Bruckmeier & Wiemers,
2018; Harnisch, 2019; Hiimbelin, 2019).

This study identifies the regional variables that affect the
discovery rates of non-take-ups and analyzes the influencing
factors by implementing a geographic information system
(GIS). Accordingly, we found that the non-take-up discovery
model in Korea is excessively dependent on individual vari-
ables; thus, there is a lack of consideration of regional vari-
ables. Through this investigation, we intend to assist
stakeholders in providing region-customized services and
developing policy support to reduce non-take-ups.

Materials and Methods
Research Model

The purpose of this study is to analyze the influencing factors
of non-take-ups using variables reflecting regional characteris-
tics to increase the discovery rate of non-take-ups in Korea. To
this end, we first conduct a theoretical review of the literature
on non-take-ups and propose a new definition of non-take-ups
to improve their discovery rate. Specifically, we reviewed stud-
ies conducted since 2015 to expand the scope of non-take-ups
and derived the influencing variables of non-take-ups, centered
on regional variables, as in previous studies. Second, informa-
tion on the discovery rate of non-take-ups and the influencing
regional variables was collected using national statistical data
and administrative data. Third, a non-take-up discovery model
was designed at the regional level. Fourth, the spatial regres-
sion model was used to analyze the variables affecting the dis-
covery rate of non-take-ups. Fifth, the analyzed results were
implemented in GIS (Geographic Information System), and
policy implications were derived (Figure 1).

Definition of Variables

In the first study conducted for non-take-up discovery, vari-
ables were utilized to discover non-take-ups linked with
information systems (Table 1). The specific variables are



Park et al.

Table I. Composition of Variables.

Variables Item

Personal I3 kinds of information on health and disability

Household 23 kinds of information on household types and incidents and
accidents of family members

Job 7 kinds of information on underemployment

Economic environment
Psychosocial characteristics
System and services concerned

14 kinds of information on income and property
3 kinds of information
5 kinds of information on basic livelihood security or emergent

welfare support

given in the textbox below a total of 29 kinds of externally
linked variables, and 37 kinds of internal variables were used
to discover non-take-up citizens in 2019.

However, analyses based on household or individual units
are more vulnerable to leaks of individuals’ personal infor-
mation in implementing the influencing factors of regional
units on the GIS. In addition, such a method is methodologi-
cally limited in that the non-take-up discovery models at the
individual level cannot analyze the influencing factors of
non-take-ups at the regional level. Therefore, in this study,
we derived the variables influencing the discovery of non-
take-up citizens through a review of precedent studies.

Dependent variable. First, the non-take-up discovery rate
was selected as a dependent variable influenced by non-take-
up-related regional variables. With respect to the extraction
of non-take-up discovery citizens, a process conducted every
2months, we set as the dependent variable the ratio calcu-
lated by adding up the total number of discovery citizens—a
process conducted six times in 2018—and then dividing it
by the number of actual discovery citizens. In the discovery
rate of non-take-ups, we coded the city and country districts
and harmonized regional independent variables in regional
units with parameters. The welfare blind-spot discovery rate
refers to the ratio actually selected as the welfare blind spot
object compared to the parameter to become the welfare
blind-spot discovery target. For example, if 500,000 people
were suspected of being in the welfare blind spot and 50,000
of them were selected as welfare recipients, the discovery
rate would be 10%. Eurofound (2015) believed that it was
important to reduce the welfare blind spot and, to this end, it
was necessary to simplify the procedure. In Korea, discover-
ing welfare blind spots can be seen as a simplified procedure.
In addition, most of the studies on welfare blind spots are
mostly conducted in countries such as Europe and Korea,
where government-led welfare services or medical services
are being provided. Furthermore, it was judged that the study
would be meaningful since there are no countries, such as
Korea, where the region with high population density com-
pared to area has a structure differentiated by district, such
as large cities, small and medium-sized cities, farming and
fishing villages, etc.

Independent variables. Race, age, housing type, household
type, gender, employment type, political ideology, and urban
size were selected as independent variables affecting the pro-
portion of discovered non-take-up citizens—the dependent
variables. First, regarding race, Putnam (2000) asserted that
minorities with inaccessible political influence were classi-
fied as non-take-ups. Howse et al. (2004) found that minori-
ties did not receive sufficient local health and social services
compared to the national majority. Forssell and Torres (2012)
also found that despite wide cultural diversity in Sweden,
16% of people from other countries were more likely to be
classified as non-take-ups. Therefore, in this study, we used
the ratio of foreigners per 1,000 Korean individuals as an
independent variable (Forssell & Torres, 2012; Howse et al.,
2004; Uslaner, 2010).

Second, the proportion of the elderly population aged
65 years or above was selected as a variable influencing
non-take-ups. Fuchs et al. (2020) found through a simula-
tion study that the higher the age, the more likely an indi-
vidual is to be classified as a non-take-up. Aboderin
(2013) argued that most non-take-up studies are related to
aging. In addition, Arrighi et al. (2015) stated that elderly
individuals who are eligible for the long-term care system
but who do not apply for benefits are classified as non-
take-ups (Aboderin, 2013; Fuchs et al., 2020; Riedel,
2013).

Third, Harnisch (2019), Fuchs et al. (2020), and Arrighi
et al. (2015) identified household type as an influencing fac-
tor. Harnisch (2019) suggested that the type of household,
such as single-person households and households with chil-
dren, might influence non-take-up discovery. According to
Fuchs et al. (2020), couples with children also play a role.
Meanwhile, Arrighi et al. (2015) suggested that household
types, such as cohabitation, determine non-take-up discov-
ery. Accordingly, in this study, we selected the proportion of
single-person households as the influencing factor for non-
take-ups, as the number of studio-type houses among the
low-income population living in dense areas is high relative
to other household types (Arrighi et al., 2015; Fuchs et al.,
2020; Harnisch, 2019).

Fourth, studies have found that employment type affects
non-take-up discovery. Fuchs et al. (2020) stated that
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Table 2. Variable Selection for Spatial Regression Analysis.

Variable Item Source Precedent research
Dependent Non-take-up Ratio of non-take-up Social Security Information  Social Security Information
variable discovery citizens to Service Service (2018)
the population (2018,
number of people)
Independent Race Foreigner ratio per 1,000 KOSIS (e-Local Index) Putnam (2000), Howse
variables local people (2017, %) et al. (2004), Forssell and
Torres (2012)
Age Percentage of the elderly KOSIS (e-Local Index) Fuchs et al. (2020),

Household type

Employment form

Political ideology

Urban size

population aged 65 or
above (2018, %)

Proportion of single-
person households (2017,
%)

Unemployment benefit
receivers (2018, number
of people)

Progressive (1),
conservative (2) (political
parties to which heads
of cities, counties, and
district belong)

Population density
(population per km?)

KOSIS (e-Local Index)

KEIS (Employment
administration statistics)

National Election
Commission

KOSIS (e-Local Index)

Aboderin (2013), Arrighi
et al. (2015)

Harnisch (2019), Fuchs
et al. (2020), Arrighi et al.
(2015)

Fuchs et al. (2020),
Himbelin (2019)

Heinrich (2016), Himbelin
(2019)

Fuchs et al. (2020),
Hiimbelin (2019)

employment status, such as unemployment, inactivity, and
retirement, influences non-take-up discovery. Hiimbelin
(2019) asserted that the importance of non-take-up discovery
has increased as unemployment has emerged as a social
problem since the 1990s. In the meantime, the study of
Achim et al. (2020) showed that the corruption level might
affect physical and mental health through economic develop-
ment and cultural frameworks, where the unemployment rate
was used as an alternative indicator of economic develop-
ment and national corruption was not considered (Achim
et al., 2020).

Therefore, this study selected the number of beneficiaries
of unemployment benefits as an influencing factor for non-
take-ups (Fuchs et al., 2020; Hiimbelin, 2019).

Fifth, some studies have reported that political ideology
affects non-take-up discoveries. Heinrich (2016) suggested
that the public administration of non-take-ups depends on
the propensity of bureaucrats who distribute social security
benefits. Holmberg and Rothstein (2011) also thought that
the quality of government (QoG) and public cost procure-
ment could influence the improvement of healthcare ser-
vices, and thus, that the role of the government was
important. In addition, Hiimbelin (2019) argued that left- or
right-wing ideology influences the effectiveness of non-
take-up discovery. In this regard, this study distinguished
between conservatives and progressives based on the politi-
cal parties to which mayors, county governors, and heads of
district in cities, counties, and district belong (Heinrich,
2016; Hiimbelin, 2019).

Sixth, urban size has also been identified as a factor influ-
encing non-take-up. Fuchs et al. (2020) stated that the larger
the local government, the more negative the effect on non-
take-ups. In addition, Hiimbelin (2019) suggested that non-
take-up discovery varies by the size of congested areas, rural
areas, and so on, and that living in rural areas had a significant
impact on non-take-ups. In this regard, this study selected the
population density of each city, county, and district as inde-
pendent variables (Fuchs et al., 2020; Hiimbelin, 2019).

In analyzing regional variables affecting the non-take-up
discovery rate, the validity of data and the clarity of data
sources for spatial regression analysis are important.
Accordingly, this study measured the non-take-up discovery
rate at the city and province levels, but not at the household
and individual levels, and utilized only administrative data
extracted from the Korean Statistical Information Service
(KOSIS), National Election Commission, and Ministry of
Employment and Labor for the remaining regional variables.
The target area of this study was all 230 local governments in
Korea; these 230 regions were marked on the map, and 17 cit-
ies and provinces, which are larger regional units, were deter-
mined as boundary lines. In addition, North Korea’s data were
omitted, considering the divided situation of Korea. The spe-
cific variables and sources are presented in Table 2.

Methods

Spatial regression analysis was used to analyze the regional
variables affecting the non-take-up discovery rate. In this
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study, we are interested in space in non-take-ups because
mutual influences can be exchanged between elementary
local self-governments, which can increase the geographic
heterogeneity of non-take-ups. In other words, local govern-
ments in neighboring regions may execute new welfare proj-
ects to gain support from non-take-ups, which can accelerate
policy transfers to other municipalities. In addition, this will
enable beneficiaries to move to areas where local govern-
ments are in their favor, although such movements may not
be common. Thus, fiscal expenditures of local governments,
including on welfare, are affected by fiscal expenditures of
other local governments in close proximity, and their fiscal
expenditure structures may be similar (Barreira, 2011;
Brueckner, 2000; Case et al., 1993; Dahlberg & Edmark,
2008; Hong & Yim, 2019; Saavedra, 2000, Re-citation). In
other words, geographically adjacent municipalities interact
and exhibit similar behaviors, which can be explained by
spatial autocorrelation or spatial interaction (Barreira, 2011;
Brueckner, 2000; Case et al., 1993; Dahlberg & Edmark,
2008; Hong & Yim, 2019; Saavedra, 2000).

Spatial data may exhibit spatial dependence and heteroge-
neity. In this study, the use of linear least squares (OLS)
resulted in considerable errors. The OLS regression model
assumes that the observed and error values of dependent
variables are mutually independent, but when spatial auto-
correlation occurs due to spatial dependence, this assumption
is broken. To control for spatial dependence of spatial data,
many studies have employed spatial regression models,
which can largely be divided into the spatial lag model,
which utilizes spatially autoregressive dependent variables,
and the spatial error model, which uses spatially autoregres-
sive errors. Combined, these two models are commonly
referred to as the spatial autoregressive model (Martinetti &
Geniaux, 2017; Teng et al., 2019).

Tests need to be performed to determine the most fitted
model among OLS, spatial lag, and spatial error. First, the
OLS model’s fitness test should use assumptions on normality,
homoscedasticity, and spatial independence, which were cal-
culated from the OLS model. Then, the spatial dependence of
the dependent variables and error terms was determined using
the Lagrange multiplier (LM) lag and error. If the LM lag and
error were significant at o.=.05, the null hypothesis of the spa-
tial independence of dependent variables and error terms was
rejected. If only one value of the LM lag or error was statisti-
cally significant, the model was selected; if both were signifi-
cant, a reselection process was conducted via a significance
test on the statistics for robust LM lag and robust LM error.
The goodness-of-fit of the spatial regression model was esti-
mated by comparing the values of R2, log likelihood, Akaike
information criterion, Schwarz criterion (SC), and others. The
models whose log-likelihood values increased and whose
Akaike information criterion (spatial autocorrelation model)
and SC (tolerance model) reduced more than the correspond-
ing values of the OLS model were classified as better fitted
(Acosta et al., 2006; Wang et al., 2019).

As discussed, to accurately establish the factors affecting
non-take-up discovery, it is necessary to control for spatial
autocorrelation. Therefore, since local governments in Korea
were set as an analysis unit in this study, accurate analysis
would be impossible if space control was not achieved;
therefore, we performed spatial regression analysis to con-
sider spatial autocorrelation. This clarified whether the non-
take-up discovery variables related to local governments
were autocorrelated and helped establish the factors influ-
encing non-take-up discovery. The data on space in Korea
are administrative data from KOSIS’s local index, the
National Election Commission, the Ministry of Employment
and Labor, and so on; spatial regression analysis was per-
formed using the Geoda program created by Professor Luc
Anselin.

Results

Basic Statistical Analysis

The results of the basic statistical analyses of the variables
are shown in Table 3. In 2018, the average number of non-
take-up discovery citizens was 0.00464 compared to the total
population of 227 local governments, except Jeju, which has
no geographical proximity. The mean proportion of foreign-
ers per 1,000 local individuals was 21.69%; the mean pro-
portion of the elderly population aged 65 or above was
20.12%, the mean proportion of single households was
30.84%, the number of unemployment benefit recipients was
6,066.61, the number of cases in which the heads of the cit-
ies, counties, and district belong accounted for 67% on aver-
age; and the mean population density was 3,946.17.

The minimum rate of welfare blind spots was 0.27%, and
the area with the highest rate was 1.33%. For the percentage
of foreigners per 1,000 people, the lowest was 3.49 people,
while the highest was 38.8%. This is because there are many
foreign workers in the region where factories are concen-
trated. The proportion of the elderly population came to fur-
ther increase as going from large cities (8.02%) to rural areas
(38.87%). The region with the lowest number of unemploy-
ment benefit recipients fell in 235 people, whereas that with
the highest number was 32,944 people. The region with the
highest population density was 18.89 people per 1km?, and
that with the largest population was 27,445 people.

Spatial Autocorrelation Analysis

To investigate the spatial autocorrelation of non-take-up dis-
covery citizens of local governments in Korea, we examined
a quartile map. Compared to the regional population, the
ratio of non-take-up discovery citizens was high mainly in
Jeollabuk-do, Jeollanam-do, Gyeongsangbuk-do, and east-
ern Gyeonggi-do, but was relatively lower in the capital
areas of Gangwon-do, southern Gyeonggi, and
Chungcheongbuk-do. In the top 25% of the regions, the ratio
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Table 3. Results of Descriptive Statistical Analysis.

Variable M SD Min Max
Dependent variable Number of non-take-up discovery citizens compared 0.00464 0.00272 0.00099 0.01331
to the population
Independent variables  Proportion of foreigners per 1,000 local individuals 21.69 16.96 3.49 90.83
Proportion of the elderly population aged 65 or above 20.12 8.02 7.26 38.87
Proportion of single households 30.84 5.22 18.50 46.00
Unemployment benefit recipients 6,066.61 6,291.05 235.00 32,944.00
Parties to which heads of the cities, counties, and 0.67 0.47 0.00 1.00
district belong
Population density 3,946.17 6,205.46 19.89 27,445.51

~ 4

Quantile: ratio

[ [0.001: 0.003) (57)
[ [0.003: 0.004] (56)
[ [0.004: 0.006) (57)
[ (0.006:0.013) (57

Figure 2. Quartile map on the ratio of non-take-up discovery
citizens compared to population.

of non-take-up discovery citizens ranged from 0.006 to
0.013, whereas in the bottom 25%, the ratio of non-take-up
discovery citizens ranged from 0.001 to 0.003.

Figure 2 shows the regional differences in the ratio of
non-take-up discovery citizens and the distribution of regions
based on their ratios. Specifically, regions with similar ratios
are located adjacent to each other. The quartile map shows
that spatial autocorrelation between the regions may exist.

They show the Global Moran’s I using the queen and rook
methods, respectively. The Global Moran’s I using the queen
method was 0.485701 and that using the rook method was
0.485856, reflecting that both methods were high, meaning
that they were statistically significant.

Figure 3 shows the results of local autocorrelation. The
local autocorrelation analysis results from the clustered
regions have similar values. The cluster types are divided
intohigh -,low -,low -, and high-low; spatial clusters exist
in the high-high and low-low types (Anselin, 2005).
Examining the queen-type local autocorrelation of the
227 units of cities, counties, and district, 33 were classified

K3

i ee

St ‘ ' -
e ‘

; By
- 77 i Cluster Map (GIS_Queen)
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Bl High (33)
B Low (47)

[ Neighborless (6)

Figure 3. Results of local autocorrelation analysis (queen
model).

as high-high clusters and 47 as low-low clusters. High-high
clusters appeared mainly in Jeonbuk, Jeonnam, and
Gyeongbuk; low-low clusters were centered in the metro-
politan area.

Investigating the rook-type local autocorrelation, 34 units
were classified as high-high clusters and 45 as low-low clus-
ters. The distribution appeared to be similar to that of the
queen type, but the high-high distribution in the Gyeongbuk
area was wider for the rook type (Figure 4).

To establish an appropriate spatial regression model, this
study used a bottom-up approach, which moves from spe-
cific to general. The bottom-up approach is used to com-
pare OLS models, SLMs, and spatial error models (SEM)
to select the best-fit model and is considered to be excellent
(Florax & Nijkamp, 2003; Seok-hwan, 2014). Using the
bottom-up approach, Moran’s I value calculated by the
queen method was 3.7954, which is smaller than that
obtained by the rook method (3.8623). The LM (lag) value
in the Queen method was 4.4313, which was statistically
significant, whereas the robust LM (lag) value was 0.0345,
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Figure 4. Results of local autocorrelation analysis (rook model).

which was not statistically significant. The LM (err) value
was 11.3353, and the Robust LM (err) value was 6.9385,
both of which were statistically significant. Accordingly,
the spatial error model was found to be more appropriate
than the spatial lag model.

Table 4 shows the analysis results of the OLS models,
SLMs in the queen method, and SEMs in the queen method.
First, the results of the OLS models showed that the propor-
tion of the elderly population aged 65 or above and the num-
ber of unemployment benefit recipients had a positive (+)
effect on the non-take-up discovery rate, but population den-
sity had a negative (—) effect. The R? value of the OLS model
is 0.61, which can be considered to be fitted if there is no
spatial autocorrelation. However, the Jarque-Bera value was
20.2758 (p<<.001), so the null hypothesis on the normality
of error terms was rejected. The Breusch-Pagan value was
52.7166 (p<<.001) and the Koenker-Bassett value was
34.8394 (p<.001), which showed that both had heterosce-
dasticity in the error terms. Therefore, it is more appropriate
to use the spatial regression model instead of the OLS model.

Thus, the OLS model was found to be unsuitable, and the
more suitable option between SLMs and SEMs was chosen
as follows. The R? value of the SEM was 0.64, which is
higher than that of the SLM (0.62); thus, it had a higher
explanatory power. The log likelihood of the SLM was
1128.41, whereas that of the SEM was 1131.15. Finally, the
Akaike information criterion of the SEM was —2248.3, which
is lower than that of the SLM. Overall, SEM was found to be
a more suitable model.

The results of the SLM were similar to those of the OLS.
The proportion of the elderly population aged 65 or above
and the number of unemployment benefit recipients had a
positive (+) effect on the non-take-up discovery rate,
whereas population density had a negative (—) impact. In the

SEM, the proportion of the elderly population aged 65 or
above had a positive (+) effect on the non-take-up discovery
rate, but population density had a negative (—) impact (Table
5). Since Korea has 230 local governments, the parameters
used in the spatial regression model were analyzed using all
numbers, which could have limitations in the size of the
parameters.

Discussion

This study analyzed factors affecting the non-take-up dis-
covery rate using spatial regression analysis, taking the pro-
portion of foreigners, proportion of the elderly population
aged 65 or above, proportion of single households, number
of unemployment benefit recipients, political ideology, and
urban size as independent variables.

First, we found a regional gap in the non-take-up discov-
ery rate. When examining local autocorrelation of the queen
type, 33 units emerged as high-high clusters and 47 units as
low-low clusters among the total 227 units of cities, counties,
and district. High-high clusters appeared mainly in Jeonbuk,
Jeonnam, and Gyeongbuk; low-low clusters were centered
on metropolitan areas. It can be seen that the capital area is a
metropolis region, while Jeonbuk, Jeonnam, Gyeongbuk,
etc. are farming and fishing areas. For these areas, there is a
difference in benefit criteria in terms of livelihood benefits,
medical benefits, education benefits, housing benefits, and
so on; therefore, it is more likely that welfare blind spots
exist in the farming and fishing areas.

Second, investigating the rook-type local autocorrelation,
34units were classified as high-high clusters and 45 units as
low-low clusters. The distribution was similar to that of the
Queen type, but the high-high distribution in the Gyeongbuk
area was wider in the rook type. In the case of the Gyeongbuk
region, it is a region belonging to a super-aging society; it
was found that it has a higher poverty rate for the elderly, so
that welfare blind spots are likely to be high there.

Third, to analyze the factors affecting the non-take-up dis-
covery rate, OLS, SLM, and SEM were performed. The
results of the SLM were similar to those of the OLS. The pro-
portion of the elderly population aged 65 or above and the
number of unemployment benefit recipients had a positive
(+) effect on the non-take-up discovery rate, whereas popula-
tion density had a negative (—) impact. Since the metropolis
areas with high population density have a relatively lower
elderly population rate and unemployment rate than those of
farming and fishing areas, and the geographic scope of the
region in which public officials should be in charge is nar-
row, the welfare blind spots could be reduced.

Fourth, in the SEM model, the proportion of the elderly
population aged 65 or above had a positive (+) effect on the
increase in the non-take-up discovery citizens, but popula-
tion density had a negative (—) impact on that. Accordingly,
to enhance non-take-up discovery at the local level, social
support for the elderly population should be strengthened.



SAGE Open

Table 4. Comparison of Spatial Autocorrelation.

Queen method

Rook method

Moran’s | 3.7954%* 3.8623**
Lagrange multiplier (lag) 4.4313* 7.9925%*
Robust LM (lag) 0.0345 0.5844
Lagrange multiplier (error) I 1.3353%#* | 1.8525%+*
Robust LM (error) 6.9385%* 4.4444*
*p < 05, #*p < 01, Fkp < 001,

Table 5. Analysis Results of the OLS Model and Spatial Regression Models (Queen Method).

Division SLM SEM
Constant -0.000595059 -0.00120268 -0.000368056
Proportion of foreigners per 1,000 local people 3.013542 3.79488 —0.753678
Proportion of elderly population 65 or above 0.000260526*** 0.000237818*** 0.00022[237%¥*
Proportion of single households —3.24149%4 3.921673 1.302175
Number of unemployment benefit recipients 4.482032* 4.136136* 3.046608
Parties to which heads of the cities, counties, 0.000195341 0.000242825 5.96444e—005
and gus belong

Population density -0.736757*+* -6.847696™+F -0.7046627**+*
Rho 0.178598**

Lambda 0.37201 8%**
R? 0.605657 0.621037 0.638366

Adj R? 0.594902

Log likelihood 1,124.6 1,128.41 1,131.148916
Akaike information criterion -2,235.2 -2,240.82 -2,248.3
Schwarz criterion -2,211.23 -2,213.42 -2,224.32
Jarque-Bera 20.2758%%*

Breusch-Pagan 52.7166%%*

Koenker-Bassett 34.8394%**

Moran’s | 3.8358%**

Lagrange multiplier (lag) 7.9816**

Robust LM (lag) 0.6294

Lagrange multiplier (error) | 1.6537++*

Robust LM (error) 4.3016*

Lagrange multiplier (SARMA) 12.2832%*

*p<<.05. ¥¥p <.01. ¥¥p <.001.

Furthermore, related policies should be reinforced in rural
areas with low population densities.

Nevertheless, this study has the following limitations.
First, attempts have been made to extend the theoretical dis-
cussion on non-take-ups to Europe, redefine new concepts,
and benchmark new models to measure non-take-ups.
However, unlike in Korea, consideration of the political, eco-
nomic, social, and cultural characteristics in European coun-
tries was insignificant in these attempts.

Second, as the focus herein was on regional non-take-up
discovery, less attention was given to the association with
resources held by local communities. Therefore, follow-up
studies will be necessary to develop non-take-up
models that consider public or private resources in local
communities.

Third, since we limited our research to regional units and
analyzed the influencing factors of regional units on the non-
take-up discovery rate, there was a lack of consideration of
policy support functions. Region-customized policies should
be provided by implementing non-take-up-related local vari-
ables and welfare information through the GIS map; deci-
sion-making systems for policymaking, research support,
and so on—which use social security information—should
be prepared.

Conclusions

Spatial regression analysis was performed to analyze the
regional variables affecting the non-take-up discovery rate.
The following implications are based on the results. First,
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this study attempted to identify the factors influencing non-
take-up discovery at the local level, which was implemented
in the GIS. Accordingly, this study can provide a basis for the
development of customized region-specific non-take-up dis-
covery models and relevant policies. Korea, in particular, has
strong regional characteristics regarding non-take-ups; this
necessitates extensive regional research as there are many
factors of income-related non-take-up, such as housing type,
health status, and unemployment level.

Second, this study suggests the possibility of developing
more sophisticated predictive models by incorporating non-
take-up predictive models into the GIS. In these predictive
models, it is necessary to include not only variables related to
individuals and households but also those associated with
regions. In particular, as environmental variables related to
regional non-take-ups vary, they may contribute to the devel-
opment of customized region-customized non-take-up models
(Siebertova et al., 2016; Van de Walle, 2018).

Third, we will expand the citizens and areas from the
existing risky households to those such as caring blind spots,
medical blind spots, children blind spots, and elderly blind
spots, and derive analysis indexes affecting non-take-ups to
develop predictive models that could be implemented on the
GIS. Specifically, it may be necessary to update regional
variables such as increases in the elderly population, popula-
tion density, and unemployment benefits.

Fourth, we can consider and index various variables
related to non-take-ups by city and province and by city,
county, and district. Notably, unique regional properties,
such as characteristics of residential types and blind spots
related to income, should be reflected in non-take-ups. To
this end, it will be necessary to develop a module-type non-
take-up predictive model that can cluster regions and suggest
where various variables for each region can be applied.

Fifth, in the long term, it will be necessary to maintain
the non-take-up discovery model of the Social Security
Information Service and simultaneously develop a new pre-
dictive model that can reflect local characteristics and
increase the predictive power of the model. An integrated
predictive model needs to be developed that considers both
local and individual variables simultaneously. Such models
have been utilized in many European countries, and it is nec-
essary to establish national non-take-up discovery platforms
for Korea through microsimulation based on panel surveys.

In this study, the existing discovery methods of welfare
blind spots have been performed based on individuals or
households, which could also contribute to the low discovery
rate of welfare blind spots. This study assumes that regional
factors could influence the discovery of welfare blind spots
and then analyze the influencing factors by using administra-
tive variables related to regional characteristics. In addition,
since individual factors are included in the dependent vari-
able of the welfare blind spot discovery rate, it is judged to
be an original study considering the influence of regional

characteristics on the discovery rate induced by individual
variables. Therefore, a hierarchical study combining regional
and individual factors is limited. Furthermore, it is necessary
to increase the validity of the variables that describe regional
characteristics through additional research. Specifically, it
is possible to compare individual and regional influencing
factors through the multi-level model to comprehensively
analyze groups and individuals.

Nevertheless, at a time when discussions on welfare
blind spots are active around the world, analyzing the
Korean situation where welfare blind spots are discovered
through government-led efforts provides implications on
what role the government-led welfare policy should play in
discovering welfare blind spots where regional characteris-
tics are reflected.

Particularly, in the case of countries that determine the
criteria of a certain livelihood benefit based on income or
that use complex criteria, such as income, housing, or the
like, there is a possibility that welfare blind spots may occur
as well among the households that do not meet the criteria.
Used in some European countries, the statistical estimation
scheme through micro-simulation also has a high occurrence
probability of households being excluded. Therefore, it will
be necessary to consider the minimization of welfare blind
spots through Korea’s direct welfare blind spot discovery
system.
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