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ABSTRACT :
Background: Health insurance for informal workers is very important to be managed properly by Indonesian
government, especially by Health BPJS. Whereas informal workers mostly belong to the category of near-poor
people. The current health insurance scheme will depend on personal insurance or assistance from families and
surrounding communities. The ability of informal workers is still in dire need of health insurance assistance.
This model of assistance can be formulated through certain schemes based on each group's ability limitations.
The purpose of this study is to model predictions of the ability to provide safekeeping funds for health
insurance, especially for informal workers in Bogor, through a Data Mining approach. The data used are
primary data from a survey of 100 respondents of informal workers in Bogor. The algorithm used to this
prediction model is the J48 algorithm. Conclussion:The accuracy of the prediction model for the provision of
safekeeping funds is 100% with RMSE values 0.2493 and MEA 0.1243. The accuracy of the prediction model
for health facilities selection shows a value of 87%.
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I. INTRODUCTION
The Indonesian government continues to work to expand the coverage of health insurance for its
people. In order for health insurance to be able to guarantee the entire population without exception, the
population groups that exist in the community need to be identified and at the same time can be distinguished
characteristics. For this matter, a more specific definition of society is needed. One specification of community
groups that approach poor groups is the people who work in the informal sector. The informal workers
community is currently more likely to rely on health insurance through personal insurance or expect assistance
from the immediate family [1]. As a result there is uncertainty about the availability of health funds and this is
often ignored by the informal workers community [2], not a few of whom are informal workers who experience
poverty due to illness [3; 4].
The results of the study [2] show that only 73% of the informal sector workers in Indonesia are
preparing funds for treatment. Around 41.8% of the informal sector workforce is only able to provide funds
between IDR100,000.00 - IDR500,000.00 annually for treatment. The community group is expected to bear a
heavy burden if they have to pay for their own health insurance to BPJS Kesehatan. This condition also shows
that the ability of informal workers still needs assistance in the form of health insurance, which can be
formulated through certain schemes based on the boundaries of each region [5; 6].
The model or formulation of population participation in the informal sector in this program needs to be
built, because this population group is very diverse and needs more detailed definitions [7]. Descriptions of the
characteristics of informal workers related to willingness and ability to provide health funds can be assessed
through simulation and data mining approaches. The study [2] shows that the primary data surveyed by the
informal workers community can be used to predict the ability to participate in the BPJS or predict facilities
commonly used by informal workers for treatment. Thus this model can be used by stakeholders for policy
formulation and development of other BPJS schemes related to services to the informal worker community [8;
9; 10].
In some studies, predictive model simulations can be built using a computational approach through the
data mining process. Data mining is able to provide more specific meaning even unexpected. This is achieved
through the process of extracting knowledge using a learning machine. Machine learners can process large data
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that includes interdisciplinary subjects, and are able to cut process time with maximum accuracy [11]. Data
mining has also been tested on relatively small data for cases of student graduation prediction. The attribute
pattern used has similarities with the attribute pattern for the case of this study. The results of the study [12]
showed that the student graduation prediction model built using three learning machine techniques (M5P,
REPTree and J48), was able to be implemented with a high level of accuracy up to more than 95%. The data
used consists of 106 records and 13 attributes, with a total of 74 training data lines and 32 test data lines.
The use of data mining for the substance of health insurance or related fields has been carried out [13]
to identify the user acceptance model of the health referral system using the ordinal logistic regression. Research
[14] has also used the concept of data mining to make a selection model for health-guidance candidates that can
reduce referral costs. Implementation of the 5 big data analytic concepts has been tested in the case of healthcare
organizations. The concept is proven to have good capabilities for pattern of care, unstructured data capability,
decision support capability, predictive capability and tracebility [15]. In this study the concept of data mining is
used to predict the participation of BPJS for informal workers and identify health facilities that are more in
demand by informal workers. The data mining model used is the classification model, which was tested using
two learning machines, namely the J48 algorithm. The selection of the J48 algorithm, known as the C45
algorithm for this study, is supported by several studies that show the performance of the J48 algorithm is
superior compared to other algorithms in its class. This refers to the pattern of data used having similarities with
the data used in this study, although it does have differences in the case area [16; 17; 18; 19].
The purpose of this study is to build a prediction model for BPJS participation and the use of health
facilities by informal workers based on several criteria including status, number of living dependents, education,
savings, movable asset ownership, bpjs, reasons for not having BPJS, and willingness to guard funds. The target
class used in making this prediction model is the participation of BPJS and health facilities commonly used by
informal workers. This research is expected to be able to help the government, especially social services and
health offices and related agencies in determining service improvement policies and efforts to increase
participation for informal workers who still show a low level of participation.

II. BASIC CONCEPTS
Efforts to improve health insurance at Municipalities are carried out by integrating cross-sectoral
policies. The Healthy City Movement as one of the popular policies can be implemented in people's lives. The
emergence of a new paradigm that health as an important factor in people's lives, is the key to the success of the
health insurance program [4]. In Indonesia, the implementation of health BPJS has succeeded in raising the poor
to almost poor. Health facilities chosen by them are outpatient in private hospitals / doctors / clinics [20]. Health
insurance for the informal sector community in Cambodia is reviewed through policy documents using
unstructured questions, involving government, non-government and related officials. Data analysis uses the
organization's assessment factors to build a framework for improving and strengthening health financing. The
results of the study indicate that appropriate institutional and organizational arrangements are able to provide
effective health protection for the informal sector in developing countries [3].
Stakeholders including the government, BPJS, ulama, and the supervisory board work together to
optimize health insurance in Indonesia [21]. In line with that in Europe, the design of health financing system
policies based on decision makers involving stakeholders from the Ministry of Health, Health Insurance Funds
and Professional Associations [9] was drafted. Cases of failure of health insurance in Lithuania, Ukraine and
Poland are indicated by the high availability of health infrastructure. This triggered an increase in corruption,
bribery and informal payments for increasingly uncontrolled health services [22]. Regarding health insurance
for non-formal industries in Indonesia has been rolled out but still needs improvement and a tighter control
system [10]. Strengthening social security that is very influential on the health insurance of informal workers is
through reforming the bureaucracy and fostering small micro-enterprises [22]. Other important factors are
improving education, information access and the economy [23]
Small micro business actors are closely related to informal workers. The process of identifying the
characteristics of the informal sector community in Indonesia is carried out by [7]. There are at least seven
characters that distinguish between the formal and informal sectors [24], namely ease of entry, ease of obtaining
raw materials, ownership, scale of activities, use of labor and technology, demands on expertise, and
deregulation and market competition. The results of the study [25] show that the informal economy is part of a
market economy that has no rules / informal [26], low requirements, operate on a small scale, skills are obtained
from outside formal schools and production technology is "labor intensive". Meanwhile [27] adds that the
informal economy is a business unit involved in the production of goods and services with the main objective of
creating employment opportunities and income for the people involved. Labor relations are mostly based on
precarious work, brotherhood or personal and social relationships.
The need for fast and accurate data access to handle health insurance problems, resulting in an increase
in the utilization of information technology that is quite effective in its management [1; 13; 28]. Online data
access is needed for the development of health service organizations, including health insurance organizations
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established in each country [4; 28]. Transforming online access is one effective way of patient co-creating value
activities [29; 30]. The results show that pre-encounter information activities have a positive impact on
developing service service commitments and medical instructions. Increasingly increasing online access causes
the need for information security to increase [31; 32]. The culture of seeking and sharing health information
through social media has also become one of the phenomena that influences the development of health
organization management strategies [31; 29]. The intensity of seeking and sharing of health information is even
a very interesting finding because it has involved non-healthcare professionals in its development [31]. The
Framework Information Security Management (ISM) implemented in health facilities is very interesting to
study, because it is related to a set of strategies that must be prepared by stakeholders [33; 15; 6].
This research aims to build a predictive model of the potential participation of BPJS for informal
workers. Prediction models can be implemented using a classification approach. The classification process is
one of the data mining techniques that is influenced by the behavior and attributes of groups that have been
previously defined [11]. This model provides a classification of new data by manipulating existing and
classified data and using the results to provide a number of rules. These rules are used on new data to be
classified. Classification prediction models use supervised induction, which utilizes a collection of tests from
classified records to determine additional classes. One approach that is often used is the Decision Tree. This
approach is the most popular because it is easy to interpret. Classification consists of two steps process, namely
learning step (classification model is built) and classification step (model used to predict class labels for given
data) [11]. General classification can be processed through four approaches namely Probabilistic Classification,
Decision Tree Clasifier, Linear Discriminant Analysis, and Support Vector Machines [34].
Determination of organizational strategies in various fields including organizations that manage health
facilities [31; 30; 28] and health insurance have utilized the concepts of data mining or big data [13; 14; 10]. The
concept of data mining uses a pattern extraction process or interesting knowledge (non-trivial, implicit,
previously unknown, and very potential for a variety of uses) from a large-scale database called data mining
[11]. Data mining is successful for small-scale data [35; 12], using certain data patterns. This is in accordance
with the data pattern of this study. Data mining functions can include characterization, discrimination,
association, classification, clustering, trend / deviation, outlier analysis, and others. Data mining is also an area
of research that brings together multiple disciplines, including the fields of Machine Learning, Statistics,
Database Technology, Pattern Recognition, Data Warehouse, Algorithms, Applications, Visualization and
others [11; 34].

III. METHOD
The research method applied in this study uses the concept of data mining approach [11; 34]. This
stage of research is also known as the Knowledge Discovery and Data mining (KDD) stage which includes the
collection and use of historical data to find order and determine patterns or relationships in data sets. The
concept of data mining to compile a prediction model for BPJS participation and identification of health
facilities chosen by informal workers is based on the stages of data mining in the KDD concept. as shown in
Figure 1.

Figure 1. Data Mining Process[11]
3.1 Database Formulation
3.1.1 Description of Preleminary Data
BPJS data was obtained from direct data taken from 100 respondents in the Bogor city area in 2017 [2;
36]. Data consists of 100 lines with the attributes used are 10 attributes. The selection of attributes used is the
attribute that has the least missing value. Separating the main attributes from the derived attributes, and reducing
the redundant attributes. The results of the dataset involved in the next process have a data structure as shown in
Table 1.
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Table 1. Data structure predictions of the participation of BPJS for informal workers in Bogor
No
1.
2.

Attribute
Status
number of dependents

Data Type
Categorical
Categorical

3.

Education

Categorical

4.

Income

Categorical

5.
6.

Saved
Ownership of movable assets

Categorical
Categorical

7.
8.

Has BPJS
Reason have no BPJS

Categorical

9.

Unexpected needs

Categorical

10.

Health facilities

Categorical

Range
"1 = married", "2 = unmarried", "3 = ever married"
"1 = 1 person", "2 = 2 people", "3 = 3 people", "4 = more
than 3 people", "5 = none"
"1 = Never go to school", "2 = elementary school", "3 =
junior high school", "4 = senior high school", "5 = other"
“1 <= IDR1,000,000.00”
“2 = IDR1,000,001.00 – IDR1,500,000.00”
“3 = IDR1,500,001.00 – IDR2,000,000.00”
“4 >= IDR2,000,000.00”
“1 = none”, “2 = any”
"1 = motorcycle", "2 = car", "3 = cart", "4 = none", "5 =
pedicab", "6 = no answer", "8 = other"
"1 = None", "2 = Any"
"1 = Not had time", "2 = Not thinking", "3 = Trauma", "4
= Have other insurance", "5 = Load", "6 = The process is
complicated", '7 = Does not have a KTP "," 8 = Still
processed, "" NULL = Has BPJS "
"1 = <500,000", "2 = 500,001-1,000,000", "NULL = No
set aside"
"1 = Puskesmas", "2 = Hospital", "3 = Polyclinic / Doctor
practice", "4 = other", "NULL = No answer"

3.1.2 Pre Process Data (Missing Value, Normalization and Discretization)
Data in Table 1. Then processed by filling in the empty cell (missing value). Data with empty cell
Categorical type is filled with the value of the mode. The process of forming a prediction model for participation
in health insurance for informal workers will be formed by two models. The prediction model for the
participation of the health BPJS that was first formed through 9 attributes with the target class is the ownership
of guard funds. The second prediction model is formed through 9 attributes with prediction target class places or
facilities commonly used for treatment [20; 7].
3.2 Machine Learning Formulation
This prediction model of BPJS participation for informal workers is carried out through the J48
Algorithm. J48 is a better version of the C4.5 algorithm or optimization of C4.5. The output of J48 is a decision
tree. A decision tree similar to a tree structure has a root node, an intermediate node and a leaf node. Each node
in the tree has decisions and decisions that lead to results. Decision trees divide the input space from one data set
into an exclusive area, each region has a label, value or action to describe the data points. How to separate the
criteria used to calculate the best attributes is done by dividing the tree, some training data that reaches a certain
node. Figure 3 shows the stages of decision tree formation
Start

Input Traini ng Data
( BPJS Data
Response )

Entrophy and
Information Gain

Make a knot

Deci sion Tree

Generate Rule

End

.
Figure 3. Stages of decision tree formation predict the participation of BPJS health for informal
workers
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Decision trees are built by dividing data recursively until each section consists of data from the same
class. The split form used to divide data depends on the type of attribute used in the split. The C4.5 algorithm
forms a decision tree by looking for information gain and entropy values so that this algorithm can form a
decision tree rule in predicting health insurance for informal workers [11; 34].
The C4.5 algorithm builds a top down decision tree, starting with the question which attribute must
first be checked and placed in the root. This question is answered by evaluating all existing attributes using the
statistical measure of the gain ratio to measure the effectiveness of an attribute in classifying a collection of data
samples. Classification can be seen as a mapping of a group of sets of attributes from a particular class. In
carrying out the separation of objects (split) a test is performed on attributes by measuring the level of impurity
of the fruit node (node). C4.5 algorithm uses the gain ratio.
Before calculating the acquisition ratio, it is necessary to first calculate the value of information in units
of bits from a collection of objects. The method of calculating is done using the concept of entropy. The general
steps of the C4.5 algorithm in building decision trees are as follows:
1) Select attributes as root.
2) Make a branch for each value.
3) Divide cases in branches.
4) Repeat the process for each branch until all cases in the branch have the same class.
To select an attribute as a root node, it is based on the highest Gain value of the existing attributes. To
get a Gain, you first need to calculate Entropy. Entropy is a parameter to measure the heterogeneity (diversity)
of a collection of data samples. If the collection of data samples is increasingly heterogeneous, the entropy value
is greater [34].
Mathematically, entropy is formulated in equation (1). where c is the number of values in the target
attribute (number of classification classes). While pi states the number of samples for class i,
𝐸𝑛𝑡𝑟𝑜𝑝𝑦 (𝑆) = 𝑐𝑡 −𝑃𝑖 𝑙𝑜𝑔2 𝑃𝑖 .
(1)
After the entropy value is obtained from a collection of data samples, it can be measured the
effectiveness of an attribute in classifying data called the gain ratio. Gain ratio is calculated based on split
information which is formulated in equation (2).
𝑆
𝑆
𝑆𝑝𝑙𝑖𝑡𝐼𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛 𝑆, 𝐴 = 𝑐𝑖=1 − | 𝑖 |𝑙𝑜𝑔2 | 𝑖 |.
(2)
𝑆
𝑆
Where S states the sample set of data and Si to Sc states the subset of data samples that are divided
based on the number of variation values in attribute A. Furthermore, the gain ratio is formulated according to
equation (3).
𝑆

𝐺𝑎𝑖𝑛𝑅𝑎𝑡𝑖𝑜 𝑆, 𝐴 =

𝐸𝑛𝑡𝑟𝑜𝑝𝑦 𝑆 − 𝑣𝑒𝑉𝑎𝑙𝑢𝑒 (𝐴 ) | 𝑆𝑣 |𝐸𝑛𝑡𝑟𝑜𝑝𝑦 𝑆𝑣
𝑆𝑝𝑙𝑖𝑡𝐼𝑛𝑓𝑜𝑟 𝑚𝑎𝑡𝑖𝑜𝑛

.

(3)

Where V represents a possible value for attribute A, Values (A) is a set of possible values for attributes
A. Sv is the number of samples for the value of v, and S is the sum of all data samples. Entropy (Sv) is entropy
for samples that have a value of v.

IV. RESULT AND EXPLANATION
The results of modeling the predictions of holding funds and predicting the usual place of treatment are
correlated with several important attributes, shown comprehensively in Figures 2 through 9.

Figure 2. Static condition parameter status

Figure 3. Statistical conditions parameters for the
number of dependents 9
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Figure 4. Statistical conditions for educational
parameters

Figure 6. The condition of the statistical parameters is
stored

Figure 8. The condition of parameters have a BPJS

Figure 10. Statistical conditions of safeguarded fund

2019

Figure 5. Statistical conditions of income parameters

Figure 7. The statistical condition of the movable asset
ownership parameter

Figure 9. The statistical conditions of the reason
parameters do not have a BPJS

Figure 11. Statistical conditions for usual parameters
of treatment

Based on the conditions of the respondents, a prediction process for the holding of funds that can be
used for payment of contributions and a strategy for expanding the membership of BPJS membership can be
carried out. The prediction process with the J48 algorithm shows good results, as evidenced by the value of
accuracy that reaches 100%. Predicted results are shown in Figure 12.
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Figure 12. Prediction of Participation in BPJS Health is based on the selection of health facilities
The ownership of savekeeping funds or guard funds for informal workers in Bogor is apparently
influenced by the main factors are ownership of the BPJS, ownership of savings, ownership of movable assets
and number of dependents. It is very clear that informal workers in the city of Bogor show excellent potential to
be directed towards a healthy lifestyle [13; 37], while requiring assistance for good management of household
financial management, through saving habits. The number of dependents is the second factor that is very
influential on the ownership of funds guarded. This can be a reference for BPJS Health managers to map the
conditions of prospective participants, especially from the category of informal workers [1; 2; 8].
The ownership of BPJS for informal workers in the city of Bogor reaches more than 50%, and
ownership of guard funds is greatly influenced by the ownership factors of BPJS. Most informal workers choose
to have BPJS compared to other insurance [5]. BPJS ownership is considered to have provided high health
insurance, so that the ownership of safekeeping funds is neglected if it already has BPJS [2; 36]. Simple lifestyle
[37] among informal workers also influences positive behavior to save part of their income. This behavior is
indicated by a prediction model that gives a positive figure about the positive correlation between holding funds
and saving behavior [13; 4]. Informal workers who do not have the habit of saving are actually predicted not to
have guard funds [4]. There is a very interesting thing about the prediction model of safekeeping of funds for
informal workers, if seen from the habit of saving and having movable motorbike assets and having dependents,
it will be predicted that the funds will be maintained [10; 36]. This pattern can show that informal workers in
Bogor have a very good opportunity to be prospected so that they have a stronger health insurance and adequate
health financing plan. This can also be examined from the ownership of movable assets in the form of
motorcycles. The process of data mining can run well on this data [14; 12] although the data obtained is
relatively small [35; 13; 6]. It is evident that a study of strategies for expansion of membership can be carried
out [33; 8; 1] by looking at the tendency of prospective BPJS participants from movable asset ownership [14; 6;
36]. Informal workers who have other movable assets such as cars, carts, rickshaws and others are predicted to
have guard funds. This can be used as a guide to direct the strategy of expanding BPJS membership [10; 38]
referring to the ownership of movable assets [31; 20; 26].
The prediction model for treatment sites commonly used by informal workers is influenced by
various factors shown in Figure 13. The accuracy of the model also shows a high value of 87% [14]. This again
shows that small data usage is able to provide accurate predictions related to the strategy [9; 14; 39] that can be
arranged for the expansion of BPJS participation, especially for informal workers [35; 2; 36].
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Figure 13. Prediction of healthy behavior patterns of informal workers through the usual conditions of treatment
The prediction model that is formed does have disadvantages due to the lack of systematic instrument
compilation. In the prediction model for the selection of medical facilities, informal workers who are already
members of the BPJS are no longer mapped in detail. The assumptions used for predicting the selection of
treatment facilities for informal workers BPJS participants have followed the Standard Operation Procedure
(SOP) [2; 36].
The prediction model for the selection of treatment sites shown in Figure 13 only applies to informal
workers who do not have BPJS. The most influential factor is ownership of guard funds. Educational factors
have a significant influence on the selection of health facilities commonly used by informal workers in Bogor.
Informal workers who have more education than high school will immediately choose the hospital as the main
choice of health facilities to be used. Informal workers who have lower secondary education prefer health center
health facilities as the main choice. This is in accordance with the study [2; 36; 1] which stated that the
Puskesmas was chosen because it was cheap and relatively close to the residence [13; 4; 10].
There are very interesting findings from the prediction model of the selection of health facilities by
informal workers in Bogor. Informal workers who have education below high school and have movable assets in
the form of carts will prefer polyclinics or medical facilities to practice. Ownership of carts for informal workers
is usually owned by mobile sellers, with relatively high income [10] (this is in accordance with Figure 5). Carts
are also relatively expensive assets, giving a significant influence on the selection of health facilities [10; 36; 4].
Prediction models are increasingly interesting to study because they show a variety of factors that
influence the selection of health facilities by informal workers who are not BPJS participants [5] and do not
have guarded funds. The main influential factor is the need to see movable asset ownership. Informal workers
who have motorbikes and save money, the choice of health facilities is Puskesmas. Other conditions indicate
that lifestyle likes to save very closely with income factors. If the income is less than IDR1,500,000.00 then the
choice of health facility is a polyclinic / doctor practice. As for informal workers with the same character but
with income of more than IDR1,5000,000.00 they will choose other health facilities. Other health facilities are
assumed to be facilities that have higher rental costs [36; 14].
The classification process using the J48 algorithm is also able to specify prediction models. The
model is able to show the factors that influence the choice of health facilities commonly used by informal
workers rather than BPJS participants and owning carts, apparently influenced by the number of dependents
owned. If the number of dependents is owned by more than 3 people, the puskesmas is the most rational choice.
Informal workers are not BPJS participants, do not have guard funds and have less than 3 dependents, so they
will choose other health facilities that are considered more accessible even though they are relatively more
expensive. This condition is very important to be studied, so that BPJS management will be able to develop a
new strategy for expansion of membership, especially for informal workers. This very interesting finding can be
demonstrated by the data mining process, resulting in a prediction model for the participation of health BPJS
with good levels of performance [11; 31; 14].
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The ownership of BPJS is again a major factor in determining the pattern of healthy behavior of
informal workers in the city of Bogor. This model is able to work very well and the culture of healthy living is
formed with the awareness to discipline BPJS Health contributions [21]. Based on Figure 8, it shows that
ownership of guard funds is also very important in the participation and sustainability of BPJS Kesehatan. Even
the level of education, income and number of dependents are interesting things that can be studied more deeply
[1; 36; 4]. One very surprising factor that also influenced the selection of health facilities by informal workers in
Bogor was mobile asset ownership [13; 14]. The results of this study are very useful for the formation and
tracking of the sustainability strategy and expansion of BPJS membership in accordance with the mandate of the
BPJS Law [5; 3].

V. CONCLUSION
The prediction model of BPJS participation for informal workers can be mapped well through the Data
mining process, using the J48 Algorithm, using structured instruments, which are conducted through in-depth
interviews with 100 respondents. This study shows that even relatively small data is able to provide accurate
prediction models with a high degree of accuracy of 100% for prediction models of safekeeping of funds and
87% for prediction models of health facility selection. This further strengthens the main objective of research to
form clear patterns and rules in formulating policies for the sustainability of BPJS Health participation for
informal workers. A healthy lifestyle is very much determined by the ownership of guard funds, which
ultimately converged on the need to become a BPJS Health participant. Through the J48 algorithm it can be
predicted that the ownership of guard funds is strongly influenced by the participation of BPJS Kesehatan. With
conditions that are disciplined paying BPJS contributions Health will shape the mindset of healthy living. This is
indicated by the influence of the pattern of saving habits that shows a very close relationship to the ownership of
funds guarded.
Health BPJS ownership is also a motivation for healthy living with a medical treatment approach.
Other factors that greatly influence the pattern of treatment habits are ownership of guard funds, education
levels and ownership of movable assets. 30% of informal workers in Bogor show good economic conditions,
therefore motivation to live healthy can be predicted from these factors. This study provides a new perception of
the Data Mining approach that can work well in small data to predict the conditions and culture of healthy
living, through the participation of BPJS.

ACKNOWLEDGEMENTS
1. DRPM Ristek Dikti, as the main sponsor, which gives us Competitive Grants Scheme
2. Management Department, Economy Faculty, Pakuan University,and Research Institute Pakuan University,
for supporting, coordinating and facilitating to achieve this grants.
3. BPJS Bogor, Responden and stakeholders for active participation in the activities of interviews and FGD.
Conflict of Interest
None declared.

REFERENCES
[1].
[2].
[3].
[4].
[5].
[6].
[7].
[8].
[9].

A. F, T. H and T. ET, "Pemetaan pemda dalam mendukung persiapan menuju Universal Health
Coverage (UHC)," DJSN, Jakarta, 2013.
F. Andria and N. Kusnadi, "Dampak kepesertaan BPJS bagi pekerja informal di Bogor," Jurnal Ilmiah
Manajemen Fakultas Ekonomi, vol. 3, no. 1, pp. 1-15, 2017.
A. PL, A. S, R. CE and I. P, "Strengthening institutional and organizing capacity for social health
protection of the informal sector in lesser-developed countries : A study of policy barriers and
opportunities in cambodia," Social Science & Medicine, vol. 96, pp. 223-231, 2013.
H. JM, "On becoming healthier communities : Poverty, territorial development and planning," Rev Port
Sauude Publica, vol. 31, no. 1, pp. 58-73, 2013.
H. M. A. A Akmal Shafie, "Willingness to pay for voluntary community-based health insurance :
Findings from an exploratory study in the state of Penang, Malaysia," Social Science & Medicine, vol.
96, pp. 272-276, 2013.
N. D. G. F. A. Jong Chul Rhee, "Considering long-term care insurance for middle-income countries :
comparing South Korea with Japan and Germany," Journal of Health Policy, vol. 119, p. 1319–1329,
2015.
A. D. Rothenberg, A. Gaduh, N. Burger, C. Chazali, I. Tjandraningsih, R. Radikun, C. Sutera and S.
Weilant, "Rethinking Indonesia’s informal sector," World Development, vol. 80, pp. 96-113, 2016.
F. Andria, H. Thaheer, E. T. Tosida, S. Setyaningsih and P. Harsani, "Kebijakan format Badan
Penyelenggara Jaminan Sosial (BPJS) dalam Undang-undang (UU) BPJS," Kemenkokesra RI, Jakarta,
2014.
J. M. B, "Resource allocation strategies in Southeastern European health policy," Eur J Health Econ ,
vol. 14, pp. 153-159, 2013.

AJHSSR Journal

P a g e | 244

American Journal of Humanities and Social Sciences Research (AJHSSR)
[10].
[11].
[12].
[13].
[14].
[15].
[16].
[17].
[18].
[19].
[20].
[21].
[22].
[23].
[24].
[25].
[26].
[27].
[28].
[29].
[30].
[31].
[32].
[33].
[34].

2019

A. Nastiti, I. Prabaharyaka, D. Roosmini and T. D. Kunaefi, "Health-associated cost of urban informal
industrial sector : an assessment tool," Procedia-Social & Behavioral Sciences, vol. 36, pp. 112-122,
2012.
J. Han, M. Kamber and J. Pei, Data mining : Concepts and techniques, Third Edition ed., 225Wyman
Street, Waltham, MA 02451: Morgan Kaufmann is an imprint of Elsevier, 2012.
S. Natek and M. Zwilling, "Student data mining solution-knowledge management system related to
higher education institutions," Expert Systems with Applications, vol. 41, pp. 6400-6407, 2014.
P. W. Handayani, I. R. Saladdin, A. A. Pinem, F. Azzahro, A. N. Hidayanto and D. Ayuningtyas,
"Health referral system user acceptance model in Indonesia. Heliyon 4 (2018) : 1-33.," Heliyon, vol. 4,
pp. 1-33, 2018.
D. Ichikawa, T. Saito and H. Oyama, "Impact of predicting health-guidance candidates using massive
health check-up data: A data-driven analysis," International Journal of Medical Informatics, vol. 106,
pp. 32-36, 2017.
Y. Wang, L. Kung and T. A. Byrd, "Big data analytics: Understanding its capabilities and potential
benefits for healthcare organizations," Technological Forecasting & Social Change, vol. 126, p. 3–13,
2018.
Patil and Sherekar, "Performance analysis of naive bayes and J48 classification algorithm for data
classification," International Journal of Computer Science and Applications, vol. 6, no. 2, 2013.
Y. Kumar and G. Sahoo, "Analysis of bayes, neural network and tree classifier of classification
technique in data mining using WEKA," pp. 359-369, 2012.
S. Singh and K. V, "Performance analysis of tree classifiers using on engineering students recruitment
datasets," Interntional Journal of Computin and Technology, vol. 1, no. 2, March 2014.
P. M and S. VK, "A decision tree algorithm pertaining to the student performance analysis and
prediction," International Journal of Computer Applications , vol. 61, no. 13, 2013.
G.-2. 1.-1. S. Rolindrawan Djoni 2nd Global Conference on Business and Social Science-2015, "The
impact of BPJS health implementation for poor on the use of health facility," 2015.
F. R, R. KP and S. RV, "Critical review of triple helix to quanto-tuple helix: lesson learned from social
security system act implementation," Procedia - Social and Behavioral Sciences, vol. 52, p. 217–225,
2012.
T. Stepurko, M. Pavlova, I. Gryga, L. Murauskiene and W. Groot, "Informal payment for health care
service : The case of Lithuania, Poland and Ukraine," J. Eurasian Studies, vol. 6, pp. 46-58, 2015.
T. Triyono and S. Soewartoyo, "Kendala kepesertaan program jaminan sosial terhadap pekerja di
sektor informal : Studi Kasus di Kota Surabaya," Jurnal Hukum PRIORIS, vol. 3, no. 3, pp. 28-41,
2013.
ILO, "Decent work and the informal economy : Sixth item on the agenda," ILO, 2002.
B. KF, "The informal economy : Fact finding study," SIDA, 2004.
C. S and S. SV, "Social protection and the informal sector in developing countries challenges and
opportunities," Social protection discussion paper series, 2001.
H. R, "Statistical definition of informal employment : Guidelines endorsed by the Seventheenth
International Conference of Labor Statisticians (2003). 7th Meeting of the Expert Group on Informal
Sector Statistics (Delhi Group), New Delhi, 2-4," 2004.
Nick Hajli, M. S and Featherman, "The impact of new ICT technologies and its applications on health
service development and management," Technological Forecasting & Social Change, vol. 126, pp. 1-2,
2018.
O. I. OA, "Community-based health insurance programmes and the national health insurance scheme
of Nigeria: challenges to uptake and integration," International Journal of Equility in Health, vol. 13,
no. 20, 2014.
K. Osei-Frimpong, A. Wilson and F. Lemke, "Patient co-creation activities in healthcare service
delivery at the micro leve l: The influence of online access to healthcare information," Technological
Forecasting & Social Change, vol. 126, p. 14–27, 2018.
Y. Li, X. Wang, X. Lin and M. Hajli, "Seeking and sharing health information on social media: A net
valence model and cross-cultural comparison.," Technological Forecasting & Social Change, vol. 126,
p. 28–40, 2018.
J. M. Sims, "Communities of practice: Telemedicine and online medical communities," Technological
Forecasting & Social Change, vol. 126, p. 53–63, 2018.
Y. Hou, P. Gao and B. Nicholson, "Understanding organisational responses to regulative pressures in
information security management: The case of a Chinese hospital," Technological Forecasting &
Social Change, vol. 126, pp. 64-75, 2018.
Z. MJ and M. J. W, Data mining and analysis: Fundamental concepts and algorithms., 2013.

AJHSSR Journal

P a g e | 245

American Journal of Humanities and Social Sciences Research (AJHSSR)
[35].
[36].
[37].
[38].

2019

R. Andonie, "Extreme data mining : Inference from small datasets," International Journal of
Computers Communications & Control, vol. 3, no. 5, pp. 280-291, 2010.
F. Andria and N. Kusnadi, "MODEL ALTERNATIF PEMBIAYAAN JAMINAN KESEHATAN
BAGI PEKERJA INFORMAL DI BOGOR," Pakuan Law Review, vol. 4, no. 2, 2018.
S. I. Purwandari and C. Maharani, "Analisis sikap pekerja informal Non PBI yang belum terdaftar
program jaminan kesehatan nasional di Kabupaten Brebes," Unnes Journal of Public Health, vol. 4, no.
2, pp. 84-91, 2015.
H. Thaheer and F. Andria, "Kesiapan pemda menuju kepesertaan menyeluruh jaminan kesehatan,"
DJSN, Jakarta, 2012.

AJHSSR Journal

P a g e | 246

