
Abstract
In the late 1960s, Indonesia established community health

centres (CHCs) throughout the country to provide basic healthcare
services for the poor. However, CHC expenditures and invest-
ments vary widely at the sub-provincial level, among administra-
tive areas known as cities and regencies, raising concern that facil-
ities and services do not correspond to population needs. This
study aimed to examine spatial and socioeconomic inequalities in
the availability of CHCs in the Jakarta region. We used spatial and
statistical analysis methods at the village level to investigate these
inequalities based on CHC data from the Ministry of Health and
socioeconomic data from Indonesia Statistics. Results show that

CHCs and the healthcare workers within them are unevenly dis-
tributed. In areas with high need, the availability of CHCs and
healthcare workers were found to be low. There is a mismatch in
healthcare services and delivery for low-income, unemployed
populations at the village level that needs to be addressed. The
findings discussed in this paper suggest that Jakarta Department of
Health should coordinate with local public health districts to deter-
mine locations for new CHCs and assign healthcare workers to
each CHC based on need as this would improve access to essential
health services for the low-income population.

Introduction
Uneven geographical distribution of healthcare services is the

key issue in low-resource settings (Entwisle et al., 1997; Awoyemi
et al., 2011; Yao et al., 2012; Yao et al., 2013; Strasser et al.,
2016). In Indonesia, where public and private healthcare systems
are intertwined (Yusvirazi et al., 2018) with most approaches lean-
ing towards the public system (Heywood and Harahap, 2009a),
government-funded and managed healthcare services are crucial
in efforts to improve public health, especially for the country’s
large, low-income population. Most developing countries experi-
ence inequalities in geographical access and availability of health
services. Research on the number of facilities (Munoz and
Kallestal, 2012; Woldemichael et al., 2019), on healthcare profes-
sionals (Acharya and Cleland, 2000; Paul and Edwards, 2018) and
on type of services provided, have revealed large-scale disparities
in health service availability relative to population needs, e.g.,
with respect to child immunization (Acharya and Cleland, 2000),
reproductive health services (Entwisle et al., 1997), maternal and
neonatal care (Abdulrahim and Bousman, 2019; Ruktanonchai et
al., 2018) and specialized services such as HIV testing (Yao et al.,
2012; Yao et al., 2013). 

Indonesian government-based healthcare facilities, such as
public hospitals, community health centres (CHCs) and Army and
Police clinics are pivotal to providing health services for the low-
income populations. CHCs are primary healthcare facilities that
everyone with Indonesian citizenship can access (Yusvirazi et al.,
2018). The service is free for people covered by the Social
Security Administration for Health (BPJS) and others only need to
pay a small registration fee (less than USD 0.5 in 2021). However,
compared to other countries in Asia and the Pacific, the ratio
between the number of CHCs and those who need them is relative-
ly low in Indonesia (Mahendradhata et al., 2017).

When first established in the 1960s, CHCs were set up to pro-
vide basic healthcare for the poor across the country (Frederick
and Worden, 1993; Heywood and Harahap, 2009a). The initiative
expanded in the 1980s as the Ministry of Health (MOH), Republic
of Indonesia increased both the number of CHCs and the number
of healthcare workers within them (van de Walle, 1994). In the
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mid-1990s, this had resulted in more than 7000 CHCs across
Indonesia, and because of this increase, the average population
accessing them decreased from 96,000 in 1968 to 30,000 in 1995
(Heywood and Choi, 2010). Today, however, financial constraints
have become a major impediment to CHC availability. Indonesia’s
total healthcare expenditure in 2016 was USD 112 per capita [or
3.12% of the country’s gross domestic product (GDP)] (World
Bank, 2019). This expenditure was unevenly distributed among
provinces and regencies, which has been ‘a long-standing concern’
in Indonesia (van de Walle, 1994). Across cities in Indonesia,
healthcare expenditures vary widely (Heywood and Harahap,
2009b), and disparities have increased especially after Indonesia
implemented administrative decentralization in 2001 (Heywood
and Choi, 2010; Mulyanto et al., 2019b). 

At the sub-provincial level, cities and regencies are further
subdivided into districts. Districts consist of multiple villages/sub-
districts, which may or may not contain village-level CHCs, and
people are required to access the CHCs located within the district
they live in. Each district is required to have at least one CHC,
while districts in Jakarta typically have more CHCs ranging from
3 to 13, while the number of CHCs within each village ranges from
0 to 4. Thus, although every district has a CHC, not every village
has one and this exacerbates the geographical inequality of CHCs.
Typically, CHCs at the district level have more healthcare workers
and provide inpatient care, while village-level CHCs often struggle
to find healthcare workers and their services are therefore very lim-
ited. Among the 262 villages in the Jakarta region, only 11 (4%)
and 14 (5%) villages have 4 and 3 CHCs respectively. A majority
of villages have 1 CHC (49%), and 53 (20%) have no CHC.
Although people who lack a CHC in their village can cross village
boundaries to use another CHC in their district, this might require
time and high travel costs. Central, South and East Jakarta all have
a high density of healthcare workers. For example, the number of
healthcare workers within each CHC varies between 0 and 94,
while the number of general practise doctors (GP) and nurses
ranges from 0 to 20 and from 0 to 77, respectively. 

A growing body of literature analyses geographical inequali-
ties in health service availability in developing countries ranging
from Mozambique (Yao et al., 2012) to India (Shaw and Sahoo,
2020) to Bhutan (Jamtsho et al., 2015). Using increasingly robust
geospatial methods to measures spatial accessibility, these studies
document wide geographical inequalities in health service avail-
ability and supply. However, with a handful of exceptions (e.g.
Wang et al., 2018), few studies have investigated how inequalities
in spatial access to services in developing countries are patterned
according to class, age, and other social dimensions that affect
health care need and vulnerability. We aimed to addresses this gap
by investigating the associations between need and spatial avail-
ability of community health centres in the Jakarta region.

The objective of this study was to analyse social and spatial
inequalities in the availability of CHCs in the Jakarta region, one
of the economic and population hubs of Indonesia. Following the
example of research in both high income and low-income coun-
tries including Australia (McGrail and Humphreys, 2015), China
(Xiong and Luo, 2017), Iran (Hoseini et al., 2018), India (Ranga
and Panda, 2014; Shaw and Sahoo, 2020), Mozambique (Yao et
al., 2012), Rwanda (Munoz and Kallestal, 2012) and Sudan
(Macharia et al., 2017), we used spatial analysis and statistical
methods to analyze the mismatch between CHC services and the
low-income populations most reliant on CHCs for health care. This
is the first study to analyse CHCs at the village level - geographic

variation at these more localized scales has not been studied - con-
sidering the locations of low-income communities. This analysis is
important for policy makers in determining where to place and
build new CHCs in the future.

Materials and methods

Study site 
The geographical area studied was the Jakarta region, which is

situated around the latitude 6°12’0.00’’ S and longitude
106°48’59.998’’ E (Figure 1). This area is important for the analy-
sis because of its high concentration of population, economy, busi-
ness, central government activities, and its uneven spatial distribu-
tion of low-income population. Jakarta is the most highly populat-
ed and densely settled region of Indonesia with 15,900 people per
km2 (BPS, 2020) which means that the impact of inequality with
respect to service availability is potentially very large.

Data 
The CHC dataset was gathered from the MOH in September

2017. Point locations of 327 CHCs were obtained from the MOH’s
WebGIS, (http://gis.depkes.go.id/), which is now integrated with
the Ina-Geoportal (http://portal.ina-sdi.or.id/geoportal). We
excluded CHCs in Kepulauan Seribu district - as this district con-
sists of thousands of tiny islands separated from the mainland. The
point data set was expanded by the addition of information on the
number of healthcare workers, pharmacy, and non-health staff
within each CHC from the MOH’s Board of Development and
Empowerment Human Resources of Health (BPPSDM). All gen-
eral practitioners (GPs), midwives, and nurses within each CHC
were extracted and used as supply indicators since they are the
main primary care providers within the CHCs (MOH, 2014), and
each CHC in the Jakarta district is required to contain at least one
of them on the staff (Heywood and Harahap, 2009a). There are two
types of CHCs, i.e. those providing hospital care and those that
only provide outpatient care (Figure 1). Among the 327 CHCs in
Jakarta, only 51 (16%) offer hospital beds, and those CHCs have
more healthcare workers, including a higher percentage of nurses.
Few CHCs (7%) have medical specialists, reflecting CHCs’
emphasis on primary care.

Data on spatial and socioeconomic inequality of access to
CHCs were obtained from the Indonesia Statistics (BPS),
Indonesia Data Portal (IDP) (http://data.go.id), and the MOH (IDP,
2017a, 2017b; MOH, 2017). Since middle- and high-income peo-
ple in Jakarta are likely to go to private clinics and hospitals, we
focused on those most in need of the CHC services, i.e. the low-
income population. To represent this population by village, we
used three variables: i) unemployed which includes people who
lack or are looking for formal employment; ii) people with low-
income occupations based on data from the International Labor
Organization (ILO, 2015); iii) households with a letter poverty, a
certificate enabling the receipt of government rice subsidies and
reduced college tuition for children’s education. Although these
three measures of low-income population are correlated, each rep-
resents different dimensions of Indonesia’s poverty population and
need for CHCs. 

We also considered population density by village as a variable
because it is a fundamental indicator of need for services. Figure 2
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maps the distribution of the CHCs overlaid with the population per
km2 in each village, which reveals a broad correspondence
between CHC locations and local population density.

Spatial and statistical analysis
Kernel density estimation (KDE) was used to estimate the

uneven geographic density of CHCs in the region and the densities
of GPs, midwives, and nurses. KDE estimates the local density of
points (CHCs) at each location in the study area based on a weight-
ed function of distance and generates a continuous surface ‘heat
map’ which indicates areas of high and low CHC availability by
colour (Guagliardo, 2004; Higgs, 2004; Yang et al., 2006). Note
that KDE is not an interpolation method, but rather a method for
estimating the spatially-varying density or intensity of points per
area under investigation. In analysing the spatial distribution of

workers, each point was weighted by the respective number of
workers at the CHC. The choice of bandwidth (kernel radius) is
pivotal in generating the surface (Shi, 2010). We experimented
with many options and found that the default bandwidth of ArcGIS
(ESRI, Redlands, CA, USA), which uses the spatial variant of
Silverman’s method (ESRI, 2017), generated appropriate results
for our localized, village-level analysis. To better understand
where the low-income population is concentrated, we used the
local indicator spatial autocorrelation (LISA) method in GeoDa
software (GeoDa, 2017) to detect spatial clusters for each of the
three measures: unemployment, low-income occupations, and let-
ters of poverty. This method identified nearby villages that have
similar values for low-income population according to Local
Moran’s I statistic (Anselin, 1995). Because the study area is het-
erogeneous, for spatial weights, we used k-nearest neighbours dis-
tance weights with five neighbours. 

                                                                                                                                Article

Figure 1. Distribution of community health centres in the Jakarta Region.
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A spatial lag regression model was estimated to examine the
relationship between the density of CHCs in each village and the
low-income variables. The response variable in this model is the
density value of CHCs, which was extracted at the centroid of each
village. Since the density values are spatially autocorrelated, we
employed the spatial lag model which considers such autocorrela-
tion in the response variable. The predictor variables used were: i)
the number of unemployed; ii) the number of letters of poverty
generated by the village office in each village; and iii) the number
of people with low-income occupations. We examined Pearson’s
correlations between all predictor variables to check for multi-
collinearity. The bivariate correlations (r) between unemployed
and letters of poverty and between letters of poverty and low-
income occupations were both very small. However, unemployed
and low-income occupation were highly correlated (r=0.78). Due
to the collinearity between these two variables, we excluded the
number of people with low-income occupations in the multiple
spatial regression model and kept the numbers of people unem-
ployed since this variable is based on rigorous data collection by
BPS. After estimating models separately for each low-income vari-
able (Models 1-3), we estimated a multiple regression model that
included population density of the village as an additional predic-
tor variable. The equations of the spatial lag models were:

Model 1:                           y = (ρ) Wy+ X1 (β1)+ ε                               (1)
Model 2:                           y = (ρ) Wy+ X2 (β2)+ ε                               (2)
Model 3:                           y = (ρ) Wy+ X3 (β3)+ ε                               (3)
Model 4 (full model):      y = (ρ) Wy+ X1 (β1)+ X2 (β2)+X4 (β4)+ ε  (4)

where y is the KDE estimation value for each model for the spatial
availability of the CHCs, i.e. log (10); W the matrix with WY the

spatially-lagged dependent variable for the spatial weight matrix
W; X1 the number of unemployed; X2 the number of people with a
letter of poverty; X3 the number of people with low-income occu-
pation; X4 the population density (control variable);  the vector of
error terms;  the parameter indicating effect of spatially-lagged
dependent variable (spatial autoregressive coefficient); and β other
parameters. All values here are per village. In our final model
(Model 4), we also included the population density of the village
as a predictor to adjust for scale differences based on village size.
Due to the wide range and skewness of the density values of CHCs
assigned to the centroid point of each village, we transformed the
log 10 values and used log density as the response variable in all
models.

Results
The CHCs were found to be unevenly distributed in the Jakarta

region, and this distribution did not appear to follow the needs of
the population. The KDE map showed a high concentration of
CHCs in central Jakarta and the eastern areas of western Jakarta
(Figure 3A). In addition, the distribution of healthcare workers
within the CHCs was found to differ strongly from the density of
the CHCs themselves (Figure 3B). 

The three maps in Figure 4 show slightly different density pat-
terns for each type of healthcare worker: GP, midwife, and nurse.
However, although the density of GPs generally followed the den-
sity of CHCs (Figure 3B), an additional concentration of GPs with-
in southern Jakarta was noted. The spatial distribution of CHC-
based GPs was generally dispersed across the study area, but only

                   Article

Figure 2. Distribution of community health centres (CHCs) along with the population density in each village.
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few GPs were observed in the north-eastern region (Figure 4). The
distribution of midwives revealed a different pattern as they were
mainly clustered in North Jakarta and West Jakarta, with a relative
lack of concentration in Central Jakarta. Most nurses, on the other
hand, were found to work within the CHCs in South and Central
Jakarta, and also some parts of East Jakarta, which are both adja-
cent to Central Jakarta. 

To analyse the spatial distribution of need for CHCs, we creat-
ed cluster maps for each need variable based on local Moran’s I
statistics. All three low-income community variables had similar
spatial high-high (H-H) patterns, with main concentrations in
North Jakarta, especially in the Northeast and Northwest (Figure
5). The clusters represented villages with high numbers of unem-
ployed, people with letters of poverty and low-income occupa-

tions. Low-high (L-H) clusters of unemployment and low-income
occupations were also found in North Jakarta villages, particularly
in those along the Java Sea Coast. These villages had low concen-
trations of unemployed and/or low-income occupations even
though they were surrounded by villages with high unemployment
and low-income occupations. 

Figure 5 also shows low-low (L-L) clusters that are mainly
concentrated in villages in Central Jakarta and South Jakarta.
These clusters of unemployed population and people with low-
income occupation are mainly located in certain villages where
high- income populations tend to live. The L-L clusters of people
who had obtained letters of poverty from their village office were
mainly seen in South Jakarta and East Jakarta along with a few
clusters of villages in the western part of the region.

                                                                                                                                Article

Figure 3. Kernel density maps of (A) community health centres (CHCs) and (B) healthcare workers.

Figure 4. Kernel density maps of general practitioners, midwives and nurses.
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Table 1 shows the results of the spatial lag regression models
which predict the density of CHCs as a function of each low-
income variable separately. Across the three models, unemploy-
ment was the only variable that had a negative association associ-
ation with CHC density. However, although the results also
showed an association for both people in low-income occupations
and those with letters of poverty, the coefficients for these vari-
ables did not reach statistical significance. 

Table 2 shows the results of the spatial lag regression models
with the density of CHCs as the response variable and the three
groups: people with unemployment, people who obtained letters of
poverty, and the village population density as predictor variables.
The results show that there is a significant spatial dependency in
the model (P<0.001) indicating that the density value of CHCs at

a location is strongly correlated with the density values at nearby
locations. There was also a statistically significant inverse associ-
ation between the density of CHCs and number of people unem-
ployed.

Discussion
To better understand the distribution of the CHCs and health-

care workers, and to assess whether the availability of CHCs and
healthcare workers meet the low-income population’s need, we
conducted a spatial and statistical analysis at the village level with-
in an area with wide socioeconomic disparities. Most current

                   Article

Table 2. Spatial regression lag analysis of the log density of community health centres with unemployment, letter of poverty, and village
population.

Low-income variable                   Model 4
                                                                                                β (SE)                                                                     P-value
Unemployment                                                                                      –0.00003 (0.000005)                                                                                <0.001
Letter of poverty                                                                                   0.000003 (0.000005)                                                                                   0.44
Control variable                                                                                                                                                             

Population density                                                                               0.000001 (0.0000004)                                                                                <0.001
W                                                                                                                       0.19 (0.03)                                                                                         <0.001
β, beta coefficient of the model; SE, standard error; W, spatial regression lag variable. All villages (N=262).

Table 1. Spatial regression of the log density of community health centres and variables of poverty at the village level.

Low-income variable  Model 1                          Model 2          Model 3
                                                    β  (SE)                P-value                         β  (SE)                P-value            β  (SE)                  P-value
Unemployed                                   –0.00002 (0.00005)              <0.001                                                                                                                                                        
Letter of poverty                                                                                                               –0.000005 (0.000005)              0.36                                                                     
Low-income occupation                                                                                                                                                                          –0.00002 (0.00002)                   0.16
W                                                             0.197 (0.03)                     <0.001                                 0.22 (0.03)                     <0.001                0.21 (0.03)                        <0.001
β, beta coefficient of the model; SE, standard error; W, spatial regression lag variable. All villages (N=262).

Figure 5. LISA cluster maps of poverty at the village level.
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research on geographic inequality to health services in developing
countries has examined the whole population, neglecting differ-
ences based on income or need. Studies investigating healthcare
inequality with attention to low-income communities with poor
access to healthcare services remain limited. Our research fills this
gap by focusing on the low-income population living in a large
metropolitan area. 

The spatially uneven distribution of CHCs and the healthcare
workers within them in the Jakarta region as seen in Figures 3 and
4 reflects the administrative structure as the CHCs are officially
located and registered at the district level but more locally in vil-
lages, which are nested in districts. Indeed, the number of villages
within districts varies depending on the size and population of the
district. The lack of concentration of midwives in the central area,
on the other hand, may be related to the greater availability of GPs
and obstetricians, and the easier opportunity for hospital-based
childbirth in the core of Jakarta’s central area. That most nurses
worked in South and Central Jakarta might be less of a problem as
Central, South, and East Jakarta are adjacent to each other. 

The strong positive association between CHC density and vil-
lage population density indicates a broad correspondence between
overall population and CHC availability. The spatial dependency
of CHC density and nearby density discovered is expected because
the KDE measure incorporates CHCs in nearby areas.
Additionally, the inverse association between the density of CHCs
and number of people unemployed further indicates that villages
with high numbers of people unemployed have a lower density of
CHCs confirming the results of Model 1. 

Although the districts establish the CHCs, their numbers and
the healthcare workers within them do not follow the geographical
distribution of the low-income population. Our findings show that
the villages with more low-income residents, especially unem-
ployed residents, often experience limited geographical access to
healthcare services available at CHCs. Our results also show that
the village-level CHCs often have few healthcare workers. Also, at
smaller CHCs, rules and standards may be unmet due to the lack
of healthcare workers. These problems are particularly acute in
rural settings where the CHCs have even fewer healthcare workers
(Strasser et al., 2016). A recent study (Mulyanto et al., 2019a) even
suggests that local governments should subsidize travel costs for
poor people living in rural regencies due to the extreme low rates
of healthcare utilization found in those regencies.

Although the numbers of midwives and nurses have increased
on a national basis, our findings indicate that the availability of
healthcare workers does not always match population need. Also,
as discussed in another study, Indonesia still faces a shortage of
midwives and nurses within CHCs (Mahendradhata et al., 2017).
Some provinces have tried to employ non-permanent or contract
healthcare workers to meet the unmet demand (Heywood and
Harahap, 2009a). Nurses have become the alternative to fill in the
gap since nurses, especially non-permanent/contract nurses, are
more affordable than GPs and midwives. From this study, we
found that nurses are the dominant type of healthcare worker in all
CHCs across Jakarta, especially in CHCs providing inpatient care.
This is consistent with the results by Shields and Hartati (2003)
who explored the nursing hiring process in Indonesia and found
that nurses were viewed as ‘doctors’ helpers’ (p. 212), hired to help
GPs in the CHCs. Indeed, at the village-level CHCs, nurses often
oversee the CHC.

Besides North Jakarta, villages in West Jakarta showed some
H-H clusters both for the unemployment and low-income occupa-

tion variables. H-H clusters of low-income occupation were also
found in East Jakarta. Three areas: North Jakarta, West Jakarta and
East Jakarta constantly showed high numbers of low-income com-
munities. The clusters found in this study are consistent with the
number of people living under the poverty line provided by
Indonesia Statistics (2014). In our maps, villages in South and
Central Jakarta consistently emerged as L-L clusters of low-
income variables indicating low concentrations of people in need
of CHCs.

The negative coefficient for the unemployment variable in
both the bivariate and adjusted spatial lag regression models shows
that villages with high concentrations of unemployed population
have fewer CHCs nearby. This provides strong evidence of an
inverse care relationship (Hart, 1971; Watt, 2002): in which vil-
lages with higher need for services according to unemployed pop-
ulation have fewer CHCs locally available. As expected, the con-
trol variable - population density - had a positive association with
the density of CHCs, a sign that more CHCs are available in dense-
ly populated villages. Overall, the model suggests that CHCs are
unevenly distributed and villages with high need face a lack of
CHCs and healthcare workers within them. The inverse relation-
ships between CHC availability and all three indicators of low-
income population indicate that villages with high numbers of poor
and unemployed populations have relatively few CHCs nearby and
that these villages need more CHCs to improve access.

This study has limitations as it did not address the role of and
access to CHCs and healthcare workers in the rural areas, research
that is urgently needed. Geographical issues also pose challenges
in this study. The varying size of the districts and villages constrain
the spatial distribution of CHCs and thus affect the KDE outcome.
For instance, Central Jakarta is the smallest city among the 5 cities
analysed, and its districts and villages are small in size. This, com-
bined with the requirement of one CHC per district, leads to a
higher density of CHCs in this area. Research shows that planning
and allocating service facilities based on political districts can
result in suboptimal location patterns characterized by inequalities
in travel distance (Rushton, 1988). The edge effect is also an issue
for those CHCs on the border with other provinces and along the
coastline of the Java Sea. The edge effect is a common limitation
in studies of healthcare accessibility (Shah et al., 2016). If we had
included CHCs in neighbouring provinces in generating the densi-
ty maps, the maps might show higher concentrations in the areas
close to the provincial border.

Finally, we did not extend the analysis to volunteers and vil-
lage health workers who often assist in CHCs. For instance, mid-
wives from a CHC can work closely with healthcare volunteers
who can help in providing services such as immunization and birth
control. Extending this analysis to consider other types of health-
care workers in CHCs’ networks is an important topic for future
research. In addition, by focusing on low-income population, the
spatial regression models do not incorporate other political or envi-
ronmental factors that might impact the numbers and locations of
CHCs. For example, CHC locations might be constrained by the
availability and cost of land and infrastructure, and these variables
should be considered in future work.

Despite these limitations, the results of this study may have
implications for other developing countries where healthcare ser-
vices are in short supply. Community health centre networks have
been applied in other developing countries to address accessibility
issues (Brauner-Otto et al., 2007; Yao et al., 2012). For example,
in Nepal, low-income people utilize CHC’s networks to get immu-
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nizations for their children (Archarya and Cleland, 2000).
Community involvement is important in these CHC’s networks
and expanding community involvement in Indonesia’s CHCs
offers opportunities for developing more effective and responsive
health services at the village level. It can also provide research-
based evidence to public health agencies in considering new loca-
tions of CHCs and placing healthcare workers within the CHCs.
Such efforts can assist in improving healthcare services for poor
people in the Jakarta region. In this way, our research can also be
a model for other developing countries that face similar challenges
with access to primary care.

Conclusions
There is a mismatch in healthcare services and delivery for

low-income populations at the village level in Jakarta, Indonesia
that needs to be addressed. Though CHCs and healthcare workers
within them are generally available at the district level, the region
still faces significant inequality, both spatially and socioeconomi-
cally, at the village level. The availability of CHCs and healthcare
workers does not match with the populations who need their ser-
vice. Availability and distance to facilities often pose significant
barriers, especially at the city and district levels, which needs to be
considered. 

At the village level, spatial inequality is higher compared to the
district level where policies require at least one CHC per district.
The analysis presented here should assist policy makers in deter-
mining where new CHCs could be built to improve healthcare
delivery and services. Also, it is suggested that Jakarta Department
of Health coordinate with local public health districts in assigning
healthcare workers to each CHC based on population need in order
to improve access to essential health services for the low-income
populations.
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