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Insurance industry in Indonesia has shown promising result based on premium growth in 2014-2018, as
recorded in Indonesia General Insurance Market Update 2019. With the increase of premium, the claim
rate also grows. Insurance companies face challenges in processing the claims. Many factors need to be
carefully considered before making a claim decision. This paper proposes a decision support model
(DSM) to score claim cases and to propose claim risk category (CRC) and claim decision (CD). The model
was built with 13 parameters, divided into non-fuzzy group and fuzzy group. The analytic hierarchy
process (AHP) method was used to determine the priority weight (PW) among parameters. The
Tsukamoto’s fuzzy logic (FL) method was applied to process the fuzzy parameters. A simple mathematics
method (SMM) was exercised to calculate the non-fuzzy parameters, and to aggregate the result into claim
risk score (CRS). Finally, CRC and CD were derived from the CRS using a rule base. The model was
tested using 19611 actual claim history records. The result was: 6171 (31.47%) accepted with CRC= low,
3459 (17.64%) pending (CRC medium), and 9981 (50.89%) pending (CRC high). The DSM model was
implemented in python with Google COLAB and Datapane to create various graphics.

Povzetek: Z metodo mehkih mnoZic je narejen odlocitveni sistem, ki preracuna tveganje in predlaga

odobritev za zahtevek zdravstvenega zavarovanja.

1 Introduction

The development of the insurance industry in Indonesia
over the past few years has shown promising
improvement. Data from [1] revealed that during 2014-
2018 the average premium growth was 15% and claim
growth was 18% annually across the insurance industry. It
also showed 10% and 9% respectively for premium and
claim growth annually in general insurance (non-life) and
re-insurance. According to [2], annual growth of
Indonesia general insurance gross written premium was
expected to reach 9.2% in 2026, after going through a
sharp decline in 2020, impacted by the Covid-19
pandemic.

Along with the premium growth, the insurance claim
rate also increases. One insurance company in Jakarta
processed around 17,000 claims in 2020. Around 70% of
these were claims for health insurance product with daily
hospital reimbursement benefit, known as Hospital Cash
Plan (HCP). The main challenge experienced by the
company is how to produce CD with speed and accuracy.
In 2020 the company achieved only 83% of its target claim
processing time. This is due to the complexities of claim
assessment process. There are many factors to be assessed
to differentiate genuine claims from the potential
fraudulent claims, before a claim assessor can make a right
CD.

There are previous researches done to solve various
areas in insurance industry. [3] showed many studies to

solve problems in insurance such as underwriting
classification, reserved funds for projected liabilities,
reinsurance, pricing, asset and investment allocation using
FL and variants of FL. The AHP and FL methods were
used by [4] to create a model to determine the type of
insurance product proposal suitable for potential buyers.
A comparison of methods like AHP, technique for order
of preference by similarity to ideal solution (TOPSIS) and
simple additive weighting (SAW) was performed by [5] in
a DSM case study to decide the eligibility of borrowers for
financial institutions.

Specific studies in DSM to solve problems in
insurance claim were also conducted by many researchers.
A DSM based on AHP was created to determine the
eligibility of surety bond insurance claims [6]. The genetic
support vector machine approach was used to create a
DSM to detect possible claim fraud [7]. A Bayesian
quantile regression model made by [8] to detect which part
of the claim distribution number has the greatest effect in
vehicle insurance in Malaysia. A model to calculate claim
reservation using fuzzy set theory was created by [9].

1.1 Related Works

Table 1 summarizes previous researches and the result.
Apple-to-apple accuracy comparison might not be suitable
because each model was created for a specific case and
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specific dataset. There is still a need for a model to support
claim decision making for health insurance.

Previous researches resulted in a DSM based on
certain methods suitable for each specific case and its
dataset. This paper is to supplement researches in DSM,
focusing on creating a model to suggest the right CD in
health insurance claim. The novelty of this research is a
method combining the AHP, the FL, and the SMM to
create a multi-criteria rule-based DSM for claim decision.
The contribution of this research is a model that is able to
predict CD for the company. This is vital, because if a
claim conclusion is wrong, it would give negative impact
on customers and the business. Customers could be
harmed by late or wrong verdict, and the corporation could
suffer losses or reputational damage from wrong claim
judgement.

This paper has 5 main sections. Section 1 is an
introduction to the research. Section 2 discusses the
material and methods in great detail. Section 3 displays the
result and discussion. Section 4 is the conclusion and
further work. Section 5 is a reference list cited in this

paper.
Table 1 Previous Researches

Reference and Methods Research Result
Research Topic

[3] FL and its variants FL and its | No stated accuracy
used to solve many variants result. FL gives
areas in insurance more flexibility

[4] AHP and FL to AHP and | No stated accuracy

create a model to FL result
determine insurance

product proposal

[5] DSM case study AHP, AHP was said to

comparing AHP, TOPSIS | TOPSIS, produce better

and SAW to decide the | SAW result in Euclidean

eligibility of borrowers distance analysis

[6] DSM to determine AHP No stated accuracy

the eligibility of surety result

bond insurance claims

[7] Compare 3 GSVM GSVM Linear (80.67%),

classifiers to create a Polynomial

DSM to detect possible (81.22%), Radial

claim fraud Basis Function
(87.91%)

[8] Compare Bayesian Bayesian, Bayesian

quantile, Poisson, and Poisson, overestimates the

negative binomial and actual data by

regression to create a negative 0.79%, Poisson
model to detect which binomial underestimates by
part of the claim regression | 0.69%, and
distribution number negative binomial
has the greatest effect overestimates by
in vehicle insurance in 3.65%

Malaysia

[9] Model to calculate Fuzzy Set | No stated accuracy
claim reservation Theory result
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2 Material and Methods

As stated in the introduction, it is important for an
insurance company to be able to correctly assess claim
cases and issue a valid CD. A claim assessor must be able
to identify potential frauds. According to [10] insurance
fraud is an act that violates the law with the aim of getting
financial benefits from an insurance company. There are
multiple factors to be considered before accepting or
rejecting a claim. Among them are: administrative
completeness, suitability factor for medical services,
accuracy in diagnosis, accuracy in disease codification
according to international classification of diseases (ICD)
[11].

DSM was chosen as the subject of this research to
propose CD. DSM or modeling can help human make
decisions that are logical, rational, structured and
objective [12]. A model is a replica or imitation of a fact
or a reality, it is not an actual fact or reality [13]. The
purpose of a model is to explain something so that it is
easier to be understood. Model development must be
academically logical, meaning that model development
must use methods that are valid and based on previously
existing theories. Model must be factual, so that they can
be analyzed, calculated, and producing predictions that
can be verified and validated [13].

2.1 Research Methodology

The research methodology shown in Figure 1 was adopted
from the seven stages of the DSM Wheel [12]. Problem or
case analysis was carried out by conducting literature
study & field study on DSM. Literature study was done on
DSM techniques and how DSM could be used to solve
insurance problems. Field study was conducted by
studying the real case in the company. From this case
analysis, the research goal was determined. The goal was
to make the right and suitable DSM model to produce
insurance claim decisions.

Next step was to analyze the decisions that will be
proposed by the model. The model was to propose a CD,
whether to accept or pending the claim. Pending means
need further investigation by the claim assessor. The
proposed CD was assessed depending on the potential risk
of the claim, which was calculated as a CRS. CRS was
categorized into a CRC of high, medium, or low risk. If
CRC is low, the model will propose a CD to accept the
claim. If the risk is medium or high, the model will
propose a CD to pending the claim.

Parameter analysis is the process of analyzing what
factors or criteria were used in the field for claim
assessment, and what criteria was more important than
others. This was done mainly by interviewing experts and
literature study. There were 13 parameters in Table 2,
defined by a team of 4 claim assessors whose experience
was more than 5 years. Expert interview method has long
been accepted in qualitative research, and is an efficient
method [14]. There are several techniques to conduct
interviews, such as face-to-face, telephone and text based
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[15]. Given the pandemic Covid-19 situation, the
interviews were conducted virtually, using Cisco WebEXx
platform. It is a collaboration platform where multiple
participants can collaborate virtually, giving virtually
similar experience as a face-to-face interview [16].

Data collection was done by obtaining historical claim
data from the company. Then performing data cleansing,
transforming, and formatting so it can be used as input for
the model. Data cleansing was to remove some rows due
to anomaly or incomplete data. For example, some
columns were blank, or certain column values were not
valid. Data transforming was to convert the non-fuzzy
parameter value from non-numeric to numeric according
to Table 3. For example, column gender has value “M” or
“F” was converted to numeric 1 or 0 respectively. For
fuzzy parameter in Table 4, some columns like Claim
Amount and Daily Benefit were transformed to value in
IDR thousand. Other columns with high / medium / low
value were converted to 1, 0.5, and O respectively. Data
formatting was to rename the columns according to the
designed input file for the model. Final sample cleansed
data can be seen in Table 6.

The next stage was to create the model. The model
was built with 13 selected parameters, divided into non-
fuzzy group (ax) and fuzzy group (bx). The AHP method
was used to determine the PW among parameters. The
Tsukamoto’s FL method was applied to process the fuzzy
parameters. An SMM was exercised to calculate the non-
fuzzy parameters, and to aggregate the result into CRS.
These methodologies were explained in the Framework
Theory sub section.

Finally, the CD was derived from the CRS using a rule
base. CRS was grouped into CRC low, medium, high. The
model proposed to accept the claim when the CRC is low
and to pending the claim for further investigation when the
CRC is medium or high.

The model was validated and verified, and was tested
using claim history data. The DSM model was
implemented in python with Google COLAB platform and
Datapane platform to create the various graphics.

Deocision

Support Model

Hasil Evaluasi Verify Model &

Validate Data

Informatica 46 (2022) 119-130 121

Figure 1: Research Methodology

2.2 Theory Framework

To create the model, unified modeling language (UML)
was used to describe the model. UML is the industry
standard language to describe and to visualize a model. It
is commonly used in constructing and documenting an
object-based system [17]. Some UML diagrams such as
class diagram, activity diagram and influence diagram
were selected to visualize the model. Sample diagrams can
be seen in Figure 6-7 in Section 3.

AHP method [18] was used to determine the PW of
the parameters. AHP is useful when there are many factors
or criteria to be considered to make the right decision.
According to [13], the AHP concept emphasizes the
comparison of each criterion with every other criterion in
terms of its level of importance. It was done by performing
a pairwise comparison using a numerical rating or a value
scale of 1-9 as shown in Table 5 [18].

It is necessary to check consistency ratio (CR) to
ensure the PW comparison is consistent with each other.
CR < 0.1 means it is consistent, otherwise it is not, and the
process must be repeated until it reaches consistency.
Equation (1) and Equation (2) show the formula to
calculate CR. CR is consistency ratio, Cl is consistency
index, RI is random index. n is the number of parameters
used. Lambda max (A max) was obtained first by
performing matrix multiplication between the original
pairwise comparison in Table 7 with the matrix PW in
Table 8, resulting a new matrix Result (R) in Table 10.
Then divide the value of R in each row with the PW of
each row. Finally, the average value of A max was taken
as the final result of A max [13]. The result can be seen in
Table 10.

CR=CI/RI 1)
Cl=(Amax—n)/(n—1) 2)

Non-fuzzy parameters were processed using AHP
method and an SMM. Mathematical model is a description
of a system using mathematical concepts and language
[19]. Mathematical modeling is the process of building a
model to explain a concept in a mathematical form so that
it can be analyzed by performing mathematical
calculations. According to [20] mathematical modeling
includes the transition from a real world problem to a
model representing it, then using that model to study and
then solve the problem. Non-fuzzy parameters were
assigned a numerical value as shown in Table 3. Then an
SMM calculation was performed to obtain final value of
non-fuzzy parameter (NF). It was done by multiplying the
numeric value (ax) with the PW of each parameter
(PW(ax)), then totaling them up.

Tsukamoto FL method was used to process the fuzzy
parameters. FL is a logical concept to convert judgments
in human language into a definite value (crisp). FL has
been used in many domains such as in business,
engineering, science, medical, and others. It was widely
used [21] [22] [23], because its approach was more
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natural. It uses human language and imitates the concept
of human thinking logic by using if-then rule-based in the
decision-making process. FL was more tolerant to biased
or uncertain data elements, as often found in reality. FL
could model a complex uncertainty problem into a
mathematical model for problem solving.

The FL approach uses fuzzy variables to represent
linguistic expressions used by humans. Fuzzy variables
are defined in the membership function (MF), describing
the degree of membership of the variable in the fuzzy set.
Three commonly used MF [22] are: linear up or linear
down function, triangle function, and trapezoid function.
MF in linear up or linear down is described in the form of
a straight line that goes up or down. Triangle function is a
combination of up and down linear function. Trapezoid is
similar to triangle, with a horizontal top. Figure 2 shows
an ascending linear curve with a lower bound a and an
upper bound b. The exact input value of x can be less than
a, or between a and b, or greater than b. The degree of
membership x is represented by the symbol u(x). To
calculate i(x) on an ascending linear curve, can be seen in
Equation (3). Figure 3 shows a descending linear curve.
Equation (4) shows how to calculate p(x) on a descending
linear curve. These 2 equations can be used to calculate
K(X) on triangle and trapezoid function. Figure 4-5 are the
triangle and trapezoid function.

0] a b
Figure 2: MF Linear Up

o a 3

Figure 3: MF Linear Down

0 a b c

Figure 4: MF Triangle
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0 a b c d

Figure 5: MF Trapezoid
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In addition to the membership function, it is necessary
to know the operations on fuzzy sets for the inference
process. The most commonly used are union and
intersection operations. The union is an OR operation,
takes the maximum value of (x) between the two sets. The
intersection is an AND operation, takes the minimum
value of (x) [22].

The stages of the FL algorithm [12], [22] can be seen

in Figure 6. The initial input value is a definite value (crisp
input). Then fuzzification is carried out to convert this
definite value into a fuzzy input value. Followed by the
inference process based on the rules, to get the fuzzy
output value. Finally, defuzzification process is carried out
to change the fuzzy output into crisp output.
There are several well-known FL methods such as the
Tsukamoto method, the Sugeno method and the Mamdani
method [22]. All three follow the steps of the FL process
in Figure 6. The only difference is in the inference and
defuzzification processes. The Tsukamoto method uses a
firm If-Then rule and for defuzzification using the
weighted average method. Equation (5) shows the
Tsukamoto's inference rule and Equation (6) shows the
Tsukamoto's defuzzification formula.

If (xisA)and (yisB) ThenZisC (5)
_ X(ai X Zi)
D ©

Fuzzy Logic Process

De-
Fuzzification j‘> Inference :> Fuzzification

il

Rule base

Figure 6: Fuzzy Logic Process
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3 Result and Discussion

3.1 High Level Configuration of Model

Model entity diagram in Figure 7 shows the entities
involved in the model. One Policy Holder has one or more
health Insurance Policy. The Policy Holder is usually also
the Insured, but not necessarily vice versa. An Insurance
Policy may have zero or more Claim Transaction and zero
or more Claim History. One Claim Transaction will have
a Claim Decision consisting of a Claim_RiskScore and a
Claim_Decision. Claim Transaction was calculated based
on the AHP Method, Fuzzy Logic Method, and Simple
Math Method. Fuzzy Logic Method consists of Language
Variable that form a Fuzzy Membership function and a
Rule Base.

Figure 8 is the algorithm diagram to explain the
process flow of the model. First, define and analyze the
parameters to be used. Then extract the claim transaction
data. The parameters were then compared in pairs with the
AHP method to obtain the PW of each parameter. Then
the parameters were grouped into 2 groups based on data
type and value. Non-fuzzy parameters (ax) are those that
would not have bias value, and fuzzy parameters (bx) are
those that could have bias value. Group (ax) were
calculated using a SMM and AHP method, shown in
Equation (7). Group (bx) were processed following the
Tsukamoto Fuzzy Inference System method and
multiplied by the total PW of (bx), shown in Equation (8).
The CRS was an aggregation of the two groups, displayed
in Equation (9). Then the CRS was evaluated according to
a rule-based logic to determine a CD.

(NF) = ¥((ax)X PW (ax)) (7
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Figure 8: Model Algorithm Diagram

3.2 Parameter Decision

Table 2 shows the 13 parameters defined by the experts.
Non-fuzzy parameters, shown in Table 3 with a numeric
value assigned to each parameter. Fuzzy parameters,
displayed in Table 4 with value range commonly found in
real claim cases. A fuzzy membership range was created
for each fuzzy parameter.

3.3 Collected Data

The result of data cleansing was shown in Table 6, with
some sample data. For better visibility in this paper, the
input column names were simplified to K1-K13 and the
output column names to O1-05. The actual column names
were saved in the .CSV file format for the model.

Table 2; Parameter Table

(F) = Z(bx)XZ(PW(bx)) (8) Code Criteria Description
CRS = (NF) + (F) 9 K1 Customer Age Customer Age
K2 Customer Gender Customer Gender
Insured Policy Holder K3 C|ty C|ty of p0|lcy issued
e e |l <PH it Imcger K4 Product Code Insurance product code
+Ins_Gender. String +PH_Gender: Sting
Reaal) “Read) K5 Policy Tenure Months since policy was
1 .
issued
1.7 N A
Insurance Policy K6 Claim Type Cashless/reimbursement
Toreame: Sing K7 Claim Interval Months since the last claim
+Pol_Age: Integer
Dty Bt et K8 Claim Frequency Claim frequency during
1 [*Read) AHP Method li
1 wgayamele-yme: Sg‘mg po ICy tenure
“f has +ParameterPriority: Float . . . . .
0. e 1] }‘ . 1 [+Caicuiate_Priority() Language Variable K9 Days HOSpltaIlZed Days Of hOSpltaIlZathn
Claim Histol Claim Transaction pr - R R .
e TCa D S Simpie W ethod Pk oyl K10 Claim Amount Claim amount in thousand
=Claim_Interval: Integer +|CD_Code: String 1 1 reaee S J.?eda lue: Sting
—E\m:( Type: String pi lar | NFParaie foa qu rraue String |DR
“Read() o +Read() N of: .
e Ly el K11 ICD-10 International Classification
T Fuzzy Logic Methad - of Disease, 10t edition
lehas +Input_CrispValue: Float
1 f\‘;:f;f epVRlue F'“a‘o_f;""";f AT Fow K12 Daily Benefit Daily cash benefit in
Claim Decision “DeFuzzity) =
T R o thousand IDR
“Caue_ReSCOE) “Rule Stig K13 Hospital Category Hospital category (based on
+CalculateDecision() +Read() L
expert’s opinion)

Figure 7: Model Entity Diagram

Table 3: Non-Fuzzy Parameter
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Code Value Numeric
Value
K2 Female 0
Male 1
K3 City Risk Category: Low 0
Medium 0.5
High 1
K4 Product Risk Category: Low 0
Medium 0.5
High 1
K6 Cashless 0
Reimbursement 0.5
K11 ICD-10 Category: Low 0
Medium 0.5
High 1
K13 Hospital Risk Category: Low 0
Medium 0.5
High 1
Table 4: Fuzzy Parameter
Code Language Reference Used Fuzzy
Value in Actual Member-
Assessment ship
K1 Young <= 32 years <=35
Middle 33-44 28-48
Mature >=45 >=40
K5 Very New 0—-4 month <=6
New 5-13 4-14
Medium 14-28 10-30
Long >=29 >=25
K7 Short 0—-4 month <=5
Long > 4 >=3
K8 Seldom <=2 <=3
Often 3-6 1-7
Very Often >=7 >=5
K9 Short <=3 days <=4
Medium 4 2-6
Long >=5 >=4
K10 Small < 3250 thousand <=3500
Medium 3250 - 6000 2000-7000
Large > 6000 >= 5500
K12 Low <=900 thousand <=950
Medium 900 - 1000 700-1200
High > 1000 >=950

3.4 Priority Weight

Pairwise comparison of the 13 parameters was carried out
by the 4 experts, collaboratively producing an AHP matrix

S. Susanto et al.

in Table 7. The experts filled the yellow cells, by rating
the parameter importance in the row compared to the
column. Example: row 1 of K1 (Customer Age) was
compared to column 2 of K2 (Customer Gender), and was
rated 5, meaning K1 was essentially more important than
K2. In contrast, row 2 of K2 compared to column 1 of K1
was 1/5 = 0.2. This means K2 was essentially less
important than K1. The green cells, were all 1, because
they were a comparison of same parameter pairs. The
bottom row was added to get the total value per column.

Table 7 was then normalized by dividing each value
in Table 7 by the total value per column. Example: first
cell in row K1 column K1, divided by total value of
column K1 was 1/ 76.2 = 0.013. This process produced
normalized value, recorded in Table 8. Total of each
column was 1, meaning the values were proportionally
correct. Then 1 column was added, to capture the average
value of each row. This was the PW of each parameter in
the row [13]. A new Table 9 was created, separating the
group (ax) and (bx), sorted descending by PW.

CR calculation was done, following Equation (1) and
(2). Table 10 shows the calculation of A max, with result
=13.799. Cl result = (13.779 — 13) / (13 — 1) = 0.065. RI
was taken from the random index in Table 11 created by
[18]. n is the number of parameter. For n=13, Rl = 1.56.
CR result = 0.065 / 1.56 = 0.042. It was < 0.1, thus
concluded that the pairwise comparison was consistent.

Table 5: Comparison Table [18]

Value | Description

1 Horizontal criteria is equally important as vertical
criteria

3 Horizontal criteria is moderately more important
than vertical criteria

5 Horizontal criteria is essentially or strongly more
important than vertical criteria

7 Horizontal criteria is very strongly more important
than vertical criteria

9 Horizontal criteria is extremely more important
than vertical criteria

1/3 Horizontal criteria is moderately less important
than vertical criteria

1/5 Horizontal criteria is essentially or strongly less
important than vertical criteria

1/7 Horizontal criteria is very strongly less important
than vertical criteria

1/9 Horizontal criteria is extremely less important than
vertical criteria

Table 6: Claim Transaction

ClaimID K1 | K2 | K3 | K4 | K5 | K6 | K7 | K8 | K9 | K10 K11 | K12 K13 1|01 | 02 | 03 | 04| 05
2019-00001 | 41 | 1 1 1 18 05]18 |1 2 8000 | O 10000 | O
2019-00002 | 40 | 1 1 1 9 059 1 3 3000 | 1 1000 0
2020-19610 | 30 | 1 1 1 26 | 0.5 | 4 6 5 6000 | 1 1000 1
2020-19611 | 53 | O 1 1 26 | 05]26 |1 3 4000 5000 0
2019-00001 | 41 | 1 1 1 18 | 05|18 |1 2 8000 | O 10000 | O
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Table 7: Pairwise Comparison

Criteria K1 K2 K3 K4 K5 K6 K7 K8 K9 K10 K11 K12 K13

K1 1,000 | 5000 | 0,143 | 0,111 | 0,143 | 0,200 | 0,143 | 0,111 | 0,143 | 0,200 | 0,111 | 0,200 | 0,200
K2 0,200 | 1,000 | 0,111 | 0,111 | 0,111 | 0,143 | 0,111 | 0,111 | 0,111 | 0,143 | 0,111 | 0,143 | 0,143
K3 7,000 | 9,000 | 1,000 | 0,333 | 1,000 | 3,000 | 1,000 | 0,333 | 1,000 | 3,000 | 0,333 | 3,000 | 3,000
K4 9,000 | 9,000 | 3,000 | 1,000 | 3,000 | 5000 | 3,000 | 1,000 | 3,000 | 5000 | 1,000 | 5000 | 5,000
K5 7,000 | 9,000 | 1,000 | 0,333 | 1,000 | 3,000 | 1,000 | 0,333 | 1,000 | 3,000 | 0,333 | 3,000 | 3,000
K6 5,000 | 7,000 | 0,333 | 0,200 | 0,333 | 1,000 | 0,333 | 0,200 | 0,333 | 1,000 | 0,200 | 1,000 | 1,000
K7 7,000 | 9,000 | 1,000 | 0,333 | 1,000 | 3,000 [ 1,000 | 0,333 | 1,000 | 3,000 | 0,333 | 3,000 | 3,000
K8 9,000 | 9,000 | 3,000 | 1,000 | 3,000 | 5000 [ 3,000 | 1,000 | 3,000 | 5000 | 1,000 | 5000 | 5,000
K9 7,000 | 9,000 | 1,000 | 0,333 | 1,000 | 3,000 | 1,000 | 0,333 | 1,000 | 3,000 | 0,333 | 3,000 | 3,000
K10 5,000 | 7,000 | 0,333 | 0,200 | 0,333 | 1,000 | 0,333 | 0,200 | 0,333 | 1,000 | 0,200 | 1,000 | 1,000
K11 9,000 | 9,000 | 3,000 | 1,000 | 3,000 | 5000 | 3,000 | 1,000 | 3,000 | 5,000 | 1,000 | 5000 | 5,000
K12 5,000 | 7,000 | 0,333 | 0,200 | 0,333 | 1,000 | 0,333 | 0,200 | 0,333 | 1,000 | 0,200 | 1,000 | 1,000
K13 5,000 | 7,000 | 0,333 | 0,200 | 0,333 | 1,000 | 0,333 | 0,200 | 0,333 | 1,000 | 0,200 | 1,000 | 1,000
Total 76,200 | 97,000 | 14,587 | 5,356 | 14,587 | 31,343 | 14,587 | 5,356 | 14,587 | 31,343 | 5,356 | 31,343 | 31,343

Table 8: Normalized Value

Criteria | K1 K2 K3 K4 K5 K6 K7 K8 K9 K10 K11 K12 K13 PW

K1 0,013 | 0,052 | 0,010 | 0,021 | 0,010 | 0,006 | 0,010 | 0,021 | 0,010 | 0,006 | 0,021 | 0,006 | 0,006 | 0,015
K2 0,003 | 0,010 | 0,008 | 0,021 | 0,008 | 0,005 | 0,008 | 0,021 | 0,008 | 0,005 | 0,021 | 0,005 | 0,005 | 0,010
K3 0,092 | 0,093 | 0,069 | 0,062 | 0,069 | 0,096 | 0,069 | 0,062 | 0,069 | 0,096 | 0,062 | 0,096 | 0,096 | 0,079
K4 0,118 | 0,093 | 0,206 | 0,187 | 0,206 | 0,160 | 0,206 | 0,187 | 0,206 | 0,160 | 0,187 | 0,160 | 0,160 | 0,172
K5 0,092 | 0,093 | 0,069 | 0,062 | 0,069 | 0,096 | 0,069 | 0,062 | 0,069 | 0,096 | 0,062 | 0,096 | 0,096 | 0,079
K6 0,066 | 0,072 | 0,023 | 0,037 | 0,023 | 0,032 | 0,023 | 0,037 | 0,023 | 0,032 | 0,037 | 0,032 | 0,032 | 0,036
K7 0,092 | 0,093 | 0,069 | 0,062 | 0,069 | 0,096 | 0,069 | 0,062 | 0,069 | 0,096 | 0,062 | 0,096 | 0,096 | 0,079
K8 0,118 | 0,093 | 0,206 | 0,187 | 0,206 | 0,160 | 0,206 | 0,187 | 0,206 | 0,160 | 0,187 | 0,160 | 0,160 | 0,172
K9 0,092 | 0,093 | 0,069 | 0,062 | 0,069 | 0,096 | 0,069 | 0,062 | 0,069 | 0,096 | 0,062 | 0,096 | 0,096 | 0,079
K10 0,066 | 0,072 | 0,023 | 0,037 | 0,023 | 0,032 | 0,023 | 0,037 | 0,023 | 0,032 | 0,037 | 0,032 | 0,032 | 0,036
K11 0,118 | 0,093 | 0,206 | 0,187 | 0,206 | 0,160 | 0,206 | 0,187 | 0,206 | 0,160 | 0,187 | 0,160 | 0,160 | 0,172
K12 0,066 | 0,072 | 0,023 | 0,037 | 0,023 | 0,032 | 0,023 | 0,037 | 0,023 | 0,032 | 0,037 | 0,032 | 0,032 | 0,036
K13 0,066 | 0,072 | 0,023 | 0,037 | 0,023 | 0,032 | 0,023 | 0,037 | 0,023 | 0,032 | 0,037 | 0,032 | 0,032 | 0,036
Total 1,000 | 1,000 | 1,000 | 1,000 | 1,000 | 1,000 | 1,000 | 1,000 | 1,000 | 1,000 | 1,000 | 1,000 | 1,000 | 1,000

Table 9: Priority Weight

Non-Fuzzy Group (ax) | Fuzzy Group (bx) | Non-Fuzzy Group (ax) | Fuzzy Group (bx)
Criteria Code Priority Weight Criteria Code Priority Weight
K4 0,172 K8 0,172
K11 0,172 K5 0,079
K3 0,079 K7 0,079
K6 0,036 K9 0,079
K13 0,036 K10 0,036
K2 0,010 K12 0,036
K1 0,015
Total (3(PW(ax))) 0,504 Total (3(PW(bx))) 0,496

Table 10: A Max Calculation

Comparison matrix in Table 7 PW Result (R) A max
Criteria K1 K13 in Table 8

K1 1,000 0,200 0,015 0,194 13,140
K2 0,200 | 1,000 | 0,143 0,010 0,125 13,168
K3 7,000 3,000 0,079 1,110 14,029
K4 9,000 5,000 0,172 2,404 14,003
K5 7,000 3,000 X 0,079 1,110 14,029
K6 5,000 1,000 0,036 0,493 13,674
K7 7,000 3,000 0,079 1,110 14,029
K8 9,000 5,000 0,172 2,404 14,003
K9 7,000 3,000 0,079 1,110 14,029
K10 5,000 1,000 0,036 0,493 13,674
K11 9,000 5,000 0,172 2,404 14,003
K12 5,000 1,000 0,036 0,493 13,674
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K13 5,000 1,000 0,036 0,493 13,674
Total 76,200 31,343 1,000 Average A max = | 13,779
Table 11: Random Index [18]

n 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

RI | 0,00 | 0,00 | 0,58 | 0,90 | 1,12 | 1,24 | 1,32 | 1,41 | 1,45 | 1,49 | 1,51 | 1,48 | 1,56 | 1,57 | 1,59
3.5 Fuzzification, Inference, and 250' x <25

Defuzzification uLong (x) = ;0 ., 25 5x<30 (13)

For each fuzzy parameter in this study, the fuzzy MF was 1, x=30
determined first, as shown in Table 4. The grouping of I
each MF was based on field data and claim assessors’ 10
experience. Sample membership function of some 0
parameters such as K5, K7 and K8 and the output Claim 16 e
Risk membership can be seen in Figure 9-12. Equation e
(10) — (21) show the formula to calculate the (ux) in @
fuzzification process. o : . . T : : -

Next, inference process was performed following . .
Equation (5). A rule-based was defined by the 4 experts.  Tigure 10: MF Claim Interval (K7)
Initially there were 1944 rules, with many similarities. 1, x<3
Then they were summarized into 13 final rules. Some —x
samples of the rules were recorded in Table 12. uShort(x) =y=—, 3 <x<5 (14)

Last step was defuzzification process, to get the Claim 0, x=5
Risk (Z(bx)) value using Equation (6). Then Z(bx) was
multiplied by the total priority weight (Y(PW(bx))) as PG
stated in Equation (8) to get the final fuzzy parameter uLong(x) = T3 3 <x<5 (15)
result (F). The CRS was obtained from the sum of the non- 1, x>5

fuzzy parameter values (NF) and fuzzy parameters (F) as
shown in Equation (9). The CRS was then evaluated
against a CD rule-based logic in Table 13 to get the CRC
and CD.

Policy Tenure

Very New
— New
= Medium
— Long

o 5 0 5 yii) p:) 30

Figure 9: MF Policy Tenure (K5)

1, x <4
6—x
uVeryNew(x) = =2 4 <x<6 (10)
0, x=6
( 0, x<4orx =14
| x—4
ey 4 <x<9
uNew(x) = { 1 x=9 11
14 — x
-9 9<x<14
( 0, x<10orx =30
| 2210 10 <x<20
, <x
uMedium(x) = {20 - 1% X =20 (12)
30 —x
l30_20, 20<x <30

10

08

0.6

04

02

Claim Frequency

00

Figure 11: MF Claim Frequency (K8)

1, x <1
3—x
uSeldom(x) = 37 1 <x<3 (16)
0, x =3
( 0, x<lorx=7
|x—1
11 1 <x<4
uOften(x) = 1 =4 @17)
7—x
k7_4, 4<x<7
0, x<5
x—5
uVeryOften(x) = Pt 5<x<7 (18)
1, x=>7
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( 0, x<02orx>08
) x—02 02 <x<05
—_— X
) 05-02’ == ’
N uMedium(x) = $ 1 X=05 (20)
lO'S_x 05<x<08
08-05 ST
00 02 04 6 08
Figure 12: MF Claim Risk -0 50' x <05
uHigh(x) ={ ———, 05 <x<0,8 (21)
1, x<0.2 0,8-0,5
0,5—x 1, x=08
Low(x) = { ——— 02 <x<0,5 19
uLow(x) 0502’ 2 <x<0, (19)
0, x=>0,5
Table 12: Final Inference Rule Based
RULE F THEN CR
NO =
K8= SELDOM AND K5 = VERY NEW AND K7= SHORT AND (K9 = SHORT OR K9 = MEDIUM OR K9 = LONG)
1 AND (K10 =SMALL OR K10 = MEDIUM OR K10 = LARGE) AND (K12 = LOW OR K12 = MEDIUM OR K12 = High
HIGH) AND (K1 = YOUNG OR K1 = MIDDLE OR K1 = MATURE)
K8 = SELDOM AND K5 = MEDIUM AND (K7 = SHORT OR K7 = LONG) AND (K9 = SHORT OR K9 = MEDIUM)
6 AND (K10 = SMALL OR K10 = MEDIUM OR K10 = LARGE) AND (K12 = LOW OR K12 = MEDIUM OR K12 Low
=HIGH) AND (K1 = YOUNG OR K1 = MIDDLE OR K1 = MATURE)
K8 = VERY OFTEN AND K5 = LONG AND K7 = LONG AND (K9 = SHORT OR K9 = MEDIUM) AND (K10 =
13 SMALL OR K10 = MEDIUM OR K10 = LARGE) AND (K12 = LOW OR K12 = MEDIUM OR K12 = HIGH) AND | Medium
(K1 = YOUNG OR K1 = MIDDLE OR K1 = MATURE)

Table 13: Claim Decision Rule

Rule ID | If Claim Risk Score Then CR Category | Then Claim Decision
1 < 0,600 Low Accept

2 >0.600 and < 0,650 | Medium Pending

3 > 0,650 High Pending

Table 14: Calculation Result from Model

ClaimiD NonFuzzyValue | FuzzyValue | ClaimRiskScore | ClaimRiskCategory | ClaimDecision
2019-00001 0.278 0.144 0.422 LOW ACCEPT
2019-00002 0.450 0.159 0.609 MEDIUM PENDING
2020-19610 0.486 0.222 0.708 HIGH PENDING
2020-19611 0.269 0.198 0.467 LOW ACCEPT

3.6  Proposed Decision

The model was run with 19611 claim history records. It
proposed 6171 records (31.47%) with CRC = low and CD
= accepted, 3459 records (17.64%) with CRC = medium
and CD = pending, and 9981 records (50.89%) with CRC
= high and CD = pending. Calculation result from the
model was shown in Table 14 with some sample rows.
Graphical dashboard with different views were displayed
in Figure 13-19.

3.7 Discussion

Compared to previous studies related to insurance, some
were using FL only [3] [9] or AHP only [6]. Some were
using other methods or fewer parameters [5] [7] [8] [11].

Another combining AHP and FL but with only 4
parameters. This study was combining AHP, FL and
SMM with 6 non-fuzzy parameters and 7 fuzzy
parameters which made it more comprehensive. Other
study that combined the 3 methods was done by [24] to
determine student’s academic performance. However, the
non-fuzzy group (ax) was calculated by multiplying total
group(ax) with total PW(ax). This paper was done by
multiplying individual value of each parameter (ax) with
individual PW(ax), then summed it up as total NF. This
was more proportional and accurate.

Accuracy check of the model result is displayed in
Table 15. Result from model was compared to the actual
claim history result by claim assessor. Model result was
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90.73% true positive where CD from model = accept with
CRC = low and actual claim result = accepted. 9.49% can
be classified as true positive where CD from model =
pending with CRC = high (logically expected to be
rejected) and actual claim result = rejected. Note that
actual claim result does not have pending decision because
already final decision.

Table 15 Model Accuracy Check

Model Result ACtL.|a.I Claim True
Decision Total Positive
cb CRC Accept | Reject
Accept Low 5599 572 6171 | 90.73%
Pending Medium 3211 248 3459
High 9034 947 9981 9.49%
Total 17844 1767 | 19611

4 Conclusion and Further Works

This research concluded that the model was able to
produce the CRC of low / medium / high and the final CD
as expected. The CRC will help claim assessors in
distributing the cases among the assessors. For example,
the low / medium risk to junior assessors and the high risk
to senior ones. For further research, it would be good to
add machine learning to enhance the model logic, and to
add / remove parameters according to the real situation
evolved in the future.
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