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Abstract: Diphtheria is an infectious disease with a high mortality rate. In Indonesia, the number
of diphtheria cases has remained relatively high in recent years, so efforts to prevent and control
diphtheria are needed. Forecasting of the number of diphtheria cases was carried out in this study
by applying a type-2 fuzzy logic systems method. Forecasting in this study was carried out by
involving the variables of the number of diphtheria sufferers, the percentage of immunization
coverage comprising four immunization types, and population density. Regions are grouped into
three clusters based on the number of cases that have occurred. Each cluster is taken and sampled in
the form of one region to acquire a robust model for other regions. The forecasting results for the
next 24 periods show that the performance of the type-2 fuzzy logic systems method is quite good,
with accuracy values in the Malang area showing an MSE of 8.785 and an SMAPE of 54.91%. In the
Surabaya area, the forecasting accuracy results have an MSE value of 14.940 and an SMAPE of 35.51%.
In the Sumenep area, the forecasting accuracy results show an MSE value of 2.188 and an SMAPE of
67.63%. The results of the forecasting of the number of cases can be used as a guide in planning and
making decisions regarding the prevention and management of diphtheria.

Keywords: forecasting; diphtheria; type-2 fuzzy logic; infectious disease

1. Introduction

Diphtheria is a disease caused by the bacterium Corynebacterium diptheriae [1]. This
disease is classified as a contagious disease and can cause death in sufferers. Diphtheria
can be transmitted directly through physical contact with sufferers or through a patient’s
aerosol fluids [2]. The disease primarily affects the nose, throat, and airways, resulting
in difficulty breathing, fever, and the formation of a thick coating in the throat [1,2]. In
addition, diphtheria is a type of communicable disease that requires surveillance activities
for prevention [3] and control as soon as possible; it is necessary to study how vaccination
affects diphtheria [4].

In recent years, Asia has seen outbreaks and an increase in the prevalence of diph-
theria [5]. According to the WHO, Indonesia is in the top ten countries with the most
diphtheria cases. In terms of case numbers, Indonesia is in third position, after India and
Nepal [6]. In Indonesia, the number of diphtheria cases is high, sometimes leading to
outbreaks. The province with the largest number of sufferers is East Java, where there is a
fairly high mortality rate [7].

The high number of diphtheria cases in Indonesia, especially East Java, requires efforts
to prevent and control diphtheria to reduce the number of diphtheria cases. In order
to carry out good planning in efforts to prevent and control diphtheria, forecasting of
the number of cases is carried out. The results of this forecasting can later be used as
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the basis for decision-making related to efforts to prevent and control diphtheria. So far,
the prevention efforts of the Health Service have come in the form of immunizations to
minimize the number of occurrences of diphtheria. However, increases in numbers of cases
are still common.

So far, there are still very few studies that have predicted the number of diphtheria
cases, especially those involving influential variables. Research related to diphtheria is
more often focused on analyzing the impact of vaccines on public health [4,8]. Analyses
are usually distinguished based on various characteristics. Our past research has tried to
predict the number of diphtheria cases [9], but our best model only involved one variable,
namely the number of cases in the previous period. In fact, research developments state
that the risk of diphtheria can be influenced by various other factors [10].

For this reason, this study will provide forecasts of the number of diphtheria cases
in various regions with different characteristics involving various influential factors, such
as population density and the coverage of various types of vaccination treatments. The
approach used is a fuzzy type-2 approach. This method is considered very effective in
dealing with uncertainties such as linguistic uncertainty [11]. The fuzzy type-2 approach
also has the ability to model problems with more complex situations [11,12]. Type-2 fuzzy
systems can help to reduce the difficulties faced in modeling a system based on rules, and
they make it possible to tune and increase our understanding of rule-based systems [12].
The proposed method is expected to improve system performance [13].

2. Related Works

At this time, many studies related to diphtheria have been carried out, but only a
few are related to case number forecasting. So far, research related to diphtheria has
focused more on analyzing the impact of diphtheria vaccine administration. Related to
research on the factors involved, previous studies have stated that the risk factors that
influence the occurrence of diphtheria cases are demographics [10,14], the administration
of vaccines [1,14,15], and familial wealth [14]. For this reason, this research will forecast
the number of diphtheria cases by involving the variables of various vaccines that have
been obtained, the number of cases in the previous period, and population density. There
is still very little research that predicts the number of diphtheria cases involving popu-
lation density variables and the number of cases in the previous period. So far, research
related to diphtheria has focused more on analyzing the impact of vaccines on public
health [4,8], distinguished by age group [5,15,16], population [14], demographics [10], area
characteristics [17], changes in social behavior [18], and the size of the given country’s
income [19].

Regarding the method used herein to predict the number of diphtheria cases, thus
far, it has rarely been used specifically to research numbers of diphtheria cases; very few
alternative methods have been proposed. Past research has proposed using the radial basis
function network method to predict the number of diphtheria cases, but the best model is
said to involve only the number of cases in the previous period [9]. This is somewhat dif-
ferent from the recent findings previously mentioned. For this reason, in this study, we will
forecast the number of cases using a time series approach. The method used in forecasting is
the type-2 fuzzy logic systems method. This method is also considered excellent in dealing
with complex situations [11,12], and has been widely used for forecasting in various fields.
In previous research, the type-2 fuzzy model has been compared to the artificial neural
network model and the type-1 fuzzy logic systems model in forecasting coal production
capacity; the type-2 fuzzy logic systems model was considered better in terms of stability
and consistency [11]. Other studies have shown a low number of errors in prediction when
using a type-2 fuzzy method. Prediction of clinical data using type-1 fuzzy and type-2 fuzzy
models was carried out in [13]. The study [13] stated that forecasting results produced
using the type-2 fuzzy model were superior to those of the type-1 fuzzy model. Currently,
there are many applications of the fuzzy type-2 model, including decision-making [11],
pattern recognition, classification, and control [12]. However, to the best of the author’s
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knowledge, until now, there has still only been occasional use of the fuzzy type-2 model for
forecasting time series data, particularly cases related to the spread of disease. With that in
mind, this study uses a type-2 fuzzy model to forecast numbers of diphtheria cases.

3. Methodology
3.1. Data

The data to be used in this study include the number of diphtheria sufferers, population
density, and immunization coverage, including the diphtheria-1 immunization (DPT-1),
diphtheria-2 immunization (DPT-2), diphtheria-3 immunization (DPT-3), and diphtheria-4
immunization (DPT-4). The data periods used were monthly, from 2013 to 2018. Data were
obtained from the East Java Provincial Health Office and the East Java Central Bureau of
Statistics. The data obtained are data from all cities/districts in the province of East Java.
District/City data in the following provinces are grouped based on the number of cases.
Group 1 consists of five cities/districts, while Group 2 and Group 3 each have seventeen
cities/districts. The descriptive statistics data used are shown in Table 1. The data in Table 1
indicate that the data are not normally distributed. This can be seen from the skewness
value, which is different from zero. The range of data and the standard deviation are also
very large.

Table 1. Descriptive statistics data.

Minimum Maximum Mean Std. Deviation Skewness
Statistic Statistic Statistic Statistic Statistic

Case_Number 0 17 2.09 2.722 2.304

Population_
Density 529 8232 3127.5 3.543.534 0.711

DPT_1 3.13 17.1 84.352 113.736 2.433

DPT_2 3.23 16.29 83.390 110.404 1.626

DPT_3 3.51 16.35 83.053 116.969 1.931

DPT_4 0 127.02 52.462 1.184.238 7.710

3.2. Methodology

The experimental stages used in this study are shown in Figure 1.
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3.2.1. Data Preprocessing

The acquired data still need to be processed, so that they become structured data. Data
that are not in the monthly period format will be made so. Regency/city data are grouped
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based on data on the highest number of sufferers that they have. In addition, the data will
also be divided into training data and testing data, with a ratio of 75:25 [9].

3.2.2. Correlation Test

The correlation test is a statistical method used to determine the relationship between
two or more variables [9]. The variables analyzed are the independent variables and the
dependent variables. In this study, the correlation test was used to see the effect of seven
input variables in the tth period on the output variable, namely the number of diphtheria
sufferers in the (t + 1)th period.

3.2.3. Modeling and Forecasting

Modeling is carried out using type-2 fuzzy logic systems (T2FLS). The characteristics
of the type-2 fuzzy model lie in the membership function [12]. In a type-2 set, the degree
of membership for each element is a fuzzy type-1 set in [0, 1]. Type-2 fuzzy logic has two
membership degrees: primary and secondary membership [11]. In a type-2 fuzzy interval,
there are limits on the membership functions, namely the upper membership function
(UMF) and lower membership function (LMF). The membership function used is of the
Gaussian type. Using the Gaussian primary membership function, the antecedent and
the number of rules in the membership function are expressed in Equation (1); the upper
membership function is defined in Equation (2). The lower membership function is defined
in Equation (3). Furthermore, to generate fuzzy rules from input–output pairs, the lookup
table scheme is used.

µl
k(x) = exp

−1
2

(
xk −ml

k

σl
k

)2
σl

k ∈
[
σl

k1, σl
k2

]
(1)

µl
k(xk) = N

(
ml

k, σl
k2; xk

)
(2)

µl
k(xk) = N

(
ml

k, σl
k1; xk

)
(3)

The input and output variables used in modeling are shown in Table 2. Experiments were
carried out in various scenarios, which were combinations of input variables. The scenarios
in this study are shown in Table 3. There are 12 subsequent scenarios denoted by scenarios
A3, A5, A7, B3, and so on, where 3, 5, and 7 show the many linguistic categories of each
group of variables. The distribution of training and testing data used is 75% and 25%,
respectively. Furthermore, an example of the linguistic category 5 membership function is
shown in Table 3.

Table 2. Input and output variables.

Input Variable Output Variable

Number of Diphtheria Sufferers Period t

Number of Diphtheria Sufferers
Period t + 1

Population Density Period t

Diphtheria-1 Immunization (DPT-1) Coverage Period t

Diphtheria-2 Immunization (DPT-2) Coverage Period t

Diphtheria-3 Immunization (DPT-3) Coverage Period t

Next, twelve scenarios will each be applied to the three selected areas, which are the
areas with the highest diphtheria case numbers. These areas are Surabaya City, Malang
Regency, and Sumenep Regency. The selection was based on areas in which the number of
cases had dominated in the previous year.
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Table 3. Input variables combination.

Combination MF Input Variable

A

3

Number of Diphtheria Sufferers Period t5

7

B

3
Number of Diphtheria Sufferers Period t

Population Density Period t
5

7

C

3 Number of Diphtheria Sufferers Period t
Diphtheria-1 Immunization (DPT-1) Coverage Period t
Diphtheria-2 Immunization (DPT-2) Coverage Period t
Diphtheria-3 Immunization (DPT-3) Coverage Period t
Diphtheria-4 Immunization (DPT-4) Coverage Period t

5

7

D

3 Number of Diphtheria Sufferers Period t
Population Density Period t

Diphtheria-1 Immunization (DPT-1) Coverage Period t
Diphtheria-2 Immunization (DPT-2) Coverage Period t
Diphtheria-3 Immunization (DPT-3) Coverage Period t
Diphtheria-4 Immunization (DPT-4) Coverage Period t

5

7

3.2.4. Model Performance Calculations

The model’s performance is found using symmetric mean absolute percentage error
(SMAPE) and mean square error (MSE). The SMAPE is depicted in Equation (4) [9], while
the standard MSE is obtained by using Equation (5), where n shows the number of periods,
Xi is the actual value in period ith, and Fi is the predicted value in ith period.

SMAPE =
100%

n

n

∑
i=1

|Xi − Fi|
|Xi|+|Fi|

(4)

MSE =
1
n

n

∑
i=1

[Xi − Fi]
2 (5)

3.3. Model’s Robustness Test

The model robustness test is used to see how well the model performs in each group
when it is used to forecast data in other regions.

3.4. Case Number Forecasting in the Next Several Periods

The model that has proven to be robust is then used to forecast the number of cases in
the coming period. The Health Service has stated that the forecast that needs to be made
concerns the next 24 months.

4. Results and Discussion

Modeling in each sample area is carried out by involving many variables that are
considered to have an effect on the number of cases of this disease. Tables 4–6 show the
results of the correlation test between the variables involved for Surabaya, Malang, and
Sumenep, respectively.
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Table 4. Correlation test results for independent variables in Surabaya.

Variable Pt+1 Pt DPT-1 DPT-2 DPT-3 DPT-4 K

Pt 0.485 1.000

DPT-1 0.091 0.052 1.000

DPT-2 0.052 −0.003 0.930 1.000

DPT-3 0.042 −0.033 0.894 0.944 1.000

DPT-4 −0.033 −0.080 0.139 0.167 0.150 1.000

K −0.111 −0.165 0.088 0.177 0.148 0.146 1.000

Table 5. Correlation test results for independent variables in Malang.

Variable Pt+1 Pt DPT-1 DPT-2 DPT-3 DPT-4 K

Pt 0.110 1.000

DPT-1 −0.086 −0.114 1.000

DPT-2 −0.035 −0.063 0.959 1.000

DPT-3 −0.023 −0.085 0.947 0.962 1.000

DPT-4 −0.083 −0.140 −0.026 0.028 −0.005 1.000

K 0.959 0.026 −0.200 −0.190 −0.196 0.675 1.000

Table 6. Correlation test results for independent variables in Sumenep.

Variable Pt+1 Pt DPT-1 DPT-2 DPT-3 DPT-4 K

Pt 0.168 1.000

DPT-1 −0.039 0.062 1.000

DPT-2 0.049 0.101 0.877 1.000

DPT-3 0.072 0.112 0.889 0.908 1.000

DPT-4 −0.002 −0.028 −0.125 −0.129 −0.141 1.000

K 0.117 0.066 −0.328 −0.363 −0.371 0.120 1.000

Tables 4–6 shows that the value of the correlation coefficient in the city of Surabaya
ranges from −0.033 to 0.485. The variables that have a negative correlation are the DPT-
4 immunization coverage variable and the population density variable, which means
that when the value of these variables is greater, the value of the number of cases in
the next period will decrease, while the remaining variables have a positive correlation,
which means that changes in the values of these two variables are directly proportional
to changes in the value of case numbers in period of t. In Surabaya city, it was found that
the most influential independent variable was the number of sufferers in the t period, with
a correlation coefficient value of 0.485, which is included in the sufficient criteria [9]. The
other independent variables in the Surabaya city data have a very weak correlation with the
dependent variable. From the analysis of the correlation results in Malang and Sumenep,
it emerges that the variable that has the highest correlation value is also the number of
sufferers in the period t.

The results of determining the range values for each variable, taken from the lowest
and highest values of the training data for each variable, can be seen in Table 7. Meanwhile,
the parameters of each model in each region are listed in Table 8. An example of the formed
rule fragments (“L” is for “Low Number”, “MN” is “Medium Number”, “MA” is “Many”,
“LD” is “Low Density”, “FD” is “Fair Density”, “HD” is “High Density”, “U” is “Uneven”,
“FE” is “Fairly Even”, and “E” is “Even”) is shown in Table 9.
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Table 7. Variable ranges.

Variable
Malang Surabaya Sumenep

Upper
Limit

Lower
Limit

Upper
Limit

Lower
Limit

Upper
Limit

Lower
Limit

Number of Diphtheria
Sufferers Period t 0 6 0 16 0 4

Population Density Period t 706 728 8008 8183 528 540

DPT-1 Immunization
Coverage Period t 6.92 17.1 6.48 14.44 6.7 11.07

DPT-2 Immunization
Coverage Period t 6.97 16.29 6.21 12.17 6.43 11.04

DPT-3 Immunization
Coverage Period t 7.16 16.35 6.17 13.35 6.89 11.75

DPT-4 Immunization
Coverage Period t 0 10.54 0 100 0 127.02

Number of Diphtheria
Sufferers Period t + 1 0 6 0 16 0 4

Table 8. Parameter model C.3 in Sumenep.

Variables MF Label
Standard

Deviation:
Lower

Standard
Deviation:

Upper
Average

Sufferers

Low Number

0.637 0.8493

0

Medium Number 2

Many 4

DPT-1
Immunization

Coverage

Uneven

0.6959 0.9279

6.7

Fairly Even 8.885

Even 11.07

DPT-2
Immunization

Coverage

Uneven

0.7341 0.9788

6.43

Fairly Even 8.73

Even 11.04

DPT-3
Immunization

Coverage

Uneven

0.7739 1.032

6.89

Fairly Even 9.32

Even 11.75

DPT-4
Immunization

Coverage

Uneven

20.23 26.97

0

Fairly Even 63.51

Even 127.02

The results of the model’s performance in the studies of twelve scenarios in the districts
of Malang, Surabaya and Sumenep are shown sequentially in Tables 10–12. In Malang, the
model that has the lowest SMAPE value is the model of scenario C.7. Specifically, C.7 is the
scenario in which all independent variables and seven membership functions are used.
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Table 9. Model results in Malang, using scenario D.3.

Pt K DPT-1 DPT-2 DPT-3 DPT-4 Pt+1

L LD U U U U

L LD E E E U B

L FD FE U FE U LD

L HD U U U FE LD

MN FD U U U FE LD

MN FD U U U FE B

MN HD U U U FE MN

B LD U U U U MN

B FD U U U U LD

Table 10. Model accuracy in Malang.

MF Model
Train Test

MSE SMAPE MSE SMAPE

3

A.3 2.503 61.9% 8.785 54.91%
B.3 2.643 57.8% 11.674 99.83%
C.3 3.077 63.2% 8.580 67.75%
D.3 3.418 49.8% 7.300 54.37%

5

A.5 2.475 46.4% 6.368 51.56%
B.5 1.645 45.7% 8.129 63.92%
C.5 1.854 43.1% 6.327 49.75%
D.5 1.863 44.2% 5.837 46.78%

7

A.7 2.248 62.1% 9.785 67.70%
B.7 1.411 41.1% 7.579 55.02%
C.7 2.286 44.4% 6.269 45.83%
D.7 3.681 51.92% 5.971 49.52%

Table 11. Model accuracy in Surabaya.

MF Model
Train Test

MSE SMAPE MSE SMAPE

3

A.3 7.705 40.20% 14.940 35.51%
B.3 8.967 64.31% 45.637 99.98%
C.3 6.414 37.28% 20.017 34.48%
D.3 6.309 36.01% 21.039 35.57%

5

A.5 6.633 40.43% 20.037 34.80%
B.5 5.211 32.95% 29.928 52.35%
C.5 9.133 38.85% 13.657 31.02%
D.5 5.967 34.93% 27.693 36.71%

7

A.7 6.296 35.98% 20.401 39.17%
B.7 3.780 30.38% - -
C.7 7.072 36.39% 18.256 34.40%
D.7 4.997 33.43% 25.150 35.67%
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Table 12. Model accuracy in Sumenep.

MF Model
Train Test

MSE SMAPE MSE SMAPE

3

A.3 1.285 76.9% 2.188 67.63%
B.3 0.838 75.4% 2.126 70.87%
C.3 1.130 85.6% 1.980 68.86%
D.3 1.264 84.0% 2.130 78.09%

5

A.5 0.802 86.7% 2.739 84.61%
B.5 0.618 85.7% 2.971 91.27%
C.5 0.586 75.8% 1.985 76.35%
D.5 0.572 77.0% 1.891 71.02%

7

A.7 1.310 90.6% 2.527 84.88%
B.7 0.809 85.5% 3.261 77.18%
C.7 1.078 79.0% 2.545 70.86%
D.7 1.079 90.3% 2.954 75.07%

In the Surabaya city model, the model that has the best accuracy/smallest SMAPE is
the model with scenario C.5, in which the number of sufferers and the coverage of DPT
immunization are the variables used. The best performance in the Surabaya model is 31.02%.
In scenario B.7 of the Surabaya city model, the testing results cannot be obtained. This
is because in scenario B.7, the variables used are the number of sufferers and population
density, where the population density variable shows an upward trend. In scenario B.7, the
standard deviation value used in the model is smaller than in B.5 and B.3, so the model
cannot reach variable values that are far from those of the predetermined range.

In the model for the Sumenep area, the model with the best performance is the model
with scenario A.3. In Table 12, it can be seen that model A.3 has the lowest SMAPE value,
which is equal to 67.63%.

The SMAPE value calculated for each model can be used to determine the best model.
However, it transpires that the model that has the lowest SMAPE score in each city has a
different number of membership functions. In the Malang regency model, the model with
the lowest SMAPE score is that which has a scenario with seven membership functions.
In the Surabaya city model, the model with the lowest SMAPE score is the model with
five membership functions. Finally, in the Sumenep model, the model with the lowest
SMAPE score is the model that has three membership functions. If the models with low
SMAPE scores are used, they may lead to differences in linguistic categories. Therefore,
the selection of the best model to be used in the next process is carried out to equalize the
number of membership functions.

Looking at the graphs of the actual data forecasting results, for the city of Surabaya
and the Malang regency, the forecasting chart that follows the actual data pattern is the
model with a total of three membership functions, while for Sumenep, the model with a
good data pattern is the model with a total of five membership functions. So, the model
chosen for forecasting is the model with a membership function of three, which only uses
the variable of the number of cases.

Next, to find model with the best robustness for each group, the models will be tested
on data from other cities/regencies in the same group. The model robustness test was
carried out in other regions. Comparisons of the actual data with the results of the forecast
by the robustness model in the three regions are shown in Figures 2–4.

Figure 2 shows the results of testing the model on data from other cities/districts. The
trial results of the Surabaya city model using Blitar data graphs show forecast results that
follow a pattern. However, the graph seems to shift. Within the Blitar data, the trend of
increasing in the mid-period is not captured in the forecast results. Both of these trends
occur because of the combination of basic rules used in the model.
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The results of the trials for the Malang regency and the Sumenep models in Figures 3
and 4 show the same result: the graphs follow a pattern, but there is a ‘delay’ in the pattern.
The reason for this is the same, namely the basic rules used. From the trials conducted, it
can be concluded that the rules cannot be used optimally, because the data do not have a
strong linear correlation; therefore, they are less able to capture patterns.

After we know how the model performs against other data, we may forecast the case
numbers for the next several periods. The forecasting results for the next several periods
using model A.3 in the Malang region are shown in Figure 5. The future forecasting results
for the Malang regency show a straight graph with the same value, without any up or
down pattern. This is due to the rules used in the model.
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Figure 5. The next period forecasts results in Sumenep.

The actual value used in the January 2019 period is included in the first category,
namely “Low Number”, and according to the rules used, if there is a value that is in the
“Low Number” category, the result is “Low Number”. This is why the value of the forecast-
ing results does not increase or decrease; the value remains in the “Low Number” category.

5. Conclusions

Accurate forecasting of the number of diphtheria cases is very important, because
forecasting numbers are needed as a basis for making decisions regarding preventive
measures. The type-2 fuzzy approach used herein produces different performances when
it involves different independent variables and membership functions. The results of the
correlation test show that not all the independent variables involved have a significant
effect on the forecasting results. The type-2 fuzzy method is more suitable for application to
data that show a strong relationship between variables. Forecasting involving the number
of sufferers in the previous period produces the best forecasting. The relationship between
these variables has an impact on the basic rules generated in the fuzzy model.

Experiments and robustness model tests show that the Malang group model in several
regions produces forecasting results with patterns similar to those of actual data; however,
it experienced time delays. However, specifically in the Batu region, the forecasting results
were less able to follow the actual data pattern, because there are actual data whose values
are outside the range of variables used in the training model. The variable number of
patients in the training model reached a maximum of six, but other regional data have
a value of more than six. This condition means the rules used on the model are unable
to capture patterns. The same is true of the results of the Surabaya group model. The
forecasting results in the Blitar region showed that the increasing trend in the middle of the
period was not captured in the forecasting results. This result was also influenced by the
rules used in the model. The increment value is very high, and lies outside the variable
range; thus, the basic rules do not capture this value. This was a similar result to that
captured using the models of the Sumenep model trials in other regions. The forecasting
results in several test areas, including Magetan, follow the actual data pattern, but with
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delays. The model can effectively capture the value of the increase; this is because the data
value in this district is still within the pool of variable values used in the training model.

The basic rules used greatly affect the forecasting results, as do the values of the upper
limit and lower limit. Determining the value of the upper limit and lower limit for each
range of variables using the min–max method on training data transpired to be less than
optimal. With min–max, the model cannot capture values that are far from the range of
values that existed before. Thus, this method is not suitable for application to data that
shows a trend. In future research, this type-2 fuzzy model will be developed in terms of the
basic rules used. In addition, it is necessary to develop this type-2 fuzzy method so that the
range of variables may be dynamic, and may capture all existing data patterns.
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