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Published: 15t July 2025 of health workers, the number of high schools, and the number of cases of ordinary theft.

Meanwhile, the predicted output variable is the economic growth rate. The fuzzification
process uses a triangular membership function to map the input values. The data used in
this study were obtained from the Central Bureau of Statistics (BPS) of Tuban Regency for

Keywc-)rds. 2014-2024. The prediction results show a very low Mean Absolute Percentage Error
Adaptive Neuro Fuzzy (MAPE) value of 0.14%, which reflects a very high level of accuracy. With MAPE < 10%,
Inference System; the accuracy of this model reaches 99.86% based on calculations made through the Matlab
Economic Growth; GUI. This research shows that the Adaptive Neuro Fuzzy Inference System (ANFIS) method
Fuzzy; can be used effectively and accurately to predict the economic growth rate of the Tuban
Prediction. Regency.
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1. INTRODUCTION

Economic growth is a key indicator that reflects the performance of a region in managing resources
and improving the community’s welfare. The economic structure of Tuban Regency is dominated by the
Processing Industry business sector at 30.69% [1], supported by strategic infrastructure development such as
roads and electricity. This infrastructure plays an important role as a catalyst for regional economic growth

[2].

According to Mankiw [3], infrastructure in economics is a form of public capital formed from
investments made by the government, which includes roads, bridges, and sewer systems. Complementing the
above opinion, Bank [4] has provided limitations on infrastructure. Infrastructure is divided into three parts.
First, economic infrastructure in the form of public utilities (electricity, telecommunications, sanitation, and
gas), public works (roads, dams, bridges, irrigation, and drainage), and the transportation sector (railways,
bus terminals, and airports). Second, social infrastructure such as education, health, housing, and recreation.
Third, administrative infrastructure in the form of law enforcement, administrative control, and coordination.

Thus, we can predict the rate of economic growth based on economic infrastructure, social
infrastructure, and administrative infrastructure. Economic infrastructure, such as road length and electricity
subscribers, supports distribution and productivity. Social infrastructure, such as health workers and
secondary schools, improves labor productivity and skills development. Administrative infrastructure,
reflected by petty theft rates, indicates security concerns that may discourage investment. These
interconnected factors create an environment conducive to growth. In previous research, Susano et al. have
conducted research on predicting economic growth using the Fuzzy Inference System (FIS) Mamdani method
using economic and social infrastructure input variables, which resulted in an accuracy value of 93.69% [5].
To produce better predictions, research is needed using other methods.

Adaptive Neuro Fuzzy Inference System is a method that utilizes artificial neural networks to apply
fuzzy logic [6]. ANFIS uses adaptive learning to adjust fuzzy parameters to the given data, thus being able
to handle uncertainty and variability in the data. In previous research, ANFIS has been used in various
prediction applications, including air quality prediction, energy consumption, and industrial process control.
For example, research about the Application of Adaptive Neuro Fuzzy Inference System Method (ANFIS) in
predicting the Highest Price of Shares obtained an accuracy value of 97.8% [7], 98% [8], and 99% [9].
Implementation of the Mamdani Fuzzy Logic Method in Predicting Short-Term Electric Power Needs at Pt.
PLN (Persero) Pematang Siantar with LOM defuzzification produces a MAPE value of 7.13%, which means
the accuracy value is 92.87% [10], while Daily Peak Load Forecasting at Pt. PLN (Persero) Apb Central Java
and DIY Using ANFIS (Adaptive Neuro-Fuzzy Inference System) with a MAPE value of 1.879% which
means the accuracy value is 98.121% [11], Comparison of Classical Calculation Methods With Fuzzy Logic
(Mamdani and Sugeno) on the Calculation of the Best Student Election the sugeno method is closer to the
value of the flashlight data with percentage of 58.2% and mamdani 41.7% [12] while Predicting the Results
of the Competency Test for Doctor Professional Program Students (UKMPPD) with ANFIS Approach with
a MAPE value of 0.07% which means the accuracy value is 99.93% [13], and Prediction of tensile strength
in fused deposition modeling process using artificial neural network and fuzzy logic, using a fuzzy logic
model produces a MAPE value of 3.29% which means the accuracy value is 96,71% [14] while Prediction
of Tensile and Bending Strength of TKKS Fiber Composites Using the Adaptive Neuro-Fuzzy Inference
System (ANFIS) Method with a MAPE value of 2.879% which means the accuracy value is 97.103% [15].
This shows that ANFIS is effective in predicting, with a low error rate and higher precision than fuzzy logic
methods.

Matlab is a software that is often used in computational-based modeling and simulations [16], including
in the implementation of ANFIS. Matlab provides various tools and functions that support the learning
process, parameter optimization, and visualization of prediction results more efficiently. One of its key
features is the Graphical User Interface (GUI), which allows users to implement and test ANFIS models.
Matlab 2013R, as one of the stable versions, comes with ANFIS integration features for more accurate data
analysis and decision making. By using the anfisedit command in the Command Window, users can directly
edit and customize the ANFIS model by modifying the parameters and fuzzy rule structure. The identification
process can then proceed using the Matlab GUI to visualize the results, making it easier for users to train and
test the ANFIS model. This combination of ANFIS and Matlab GUI simplifies the modeling process,
providing a flexible and accessible platform for both novice and advanced users. Previous research has shown
that the application of GUI in fuzzy systems can enhance the effectiveness and accuracy of predictions. For
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instance, a study [17], which used ANFIS to monitor air quality in Surabaya, demonstrated that the integration
of a GUI can help users manage data and better understand the prediction results.

Therefore, it is hoped that research on predicting the rate of economic growth using the Adaptive Neuro
Fuzzy Inference System method and using Matlab 2013R assistance in the calculation process can help
policymakers make more precise and effective decisions.

2. RESEARCH METHODS

This research uses a quantitative approach by using secondary data in the form of numbers obtained
from the official publication of the Central Bureau of Statistics (BPS) of Tuban Regency. Data collection was
conducted through literature studies by accessing literature available in the library and utilizing information
from the official website of BPS Tuban Regency for 2014-2024. In applying the Adaptive Neuro Fuzzy
Inference System method, this study included 6 variables, consisting of 1 output variable and 5 input
variables. The input variables include road length, with 4 linguistic values, as well as the number of
electricians, health workers, high schools, and many cases of ordinary theft, each of which is represented by
3 linguistic values. The ANFIS process uses a triangular membership function in the fuzzification process,
while the fuzzy inference process uses the Sugeno method to combine the fuzzy rules that have been formed,
resulting in a more precise and accurate output in making predictions. To evaluate the accuracy of the model,
this research also calculates the prediction error rate using Mean Absolute Percentage Error (MAPE), which
will indicate how close the prediction results are to the actual value described in section 2.2.

2.1 Adaptive Neuro-Fuzzy Inference System

Adaptive Neuro Fuzzy Inference (ANFIS) is a unification of fuzzy inference system (FIS) mechanisms,
which are then described in an Artificial Neural Network (ANN) architecture [18].

—

Layer 5

Laver i Layer 2 Layver 3

H—>
—3

Laver 4
Figure 1. ANFIS Structure

There are 2 inputs and 1 output in the ANFIS structure shown in Figure 1 above. In the structure, there
are two types of nodes, namely adaptive (box) and non-adaptive (circle) nodes. ANFIS has a 5-layer structure,
which can be explained as follows [19].

2.1.1 Layer1

In layer 1, the fuzzification process occurs, in this study using a triangular membership function. It is
defined by three parameters for defining three points: a and ¢ for feet, and b for the tip of the curve [20]:
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With x and y are inputs at it" neuron, 4; or B; is the membership function of each it neuron. The
output in layer 1 is the degree of membership given by the membership function of the input, namely 4, (x),

tp, (), ua, (x), and ug, ().
2.1.2 Layer 2

Each node in this layer is labeled P with an output that is the result of multiplying the degree of
membership generated from layer 1 by a function:

OZ.i =w-i= ”Ai(x) X .uBi(Y)'i =12,.. (2)

Each node output expresses the firing strength of each fuzzy rule. This function can be expanded if the
premise part has more than two fuzzy sets. The number of nodes in this layer indicates the number of rules
formed.

2.1.3 Layer 3

Each node in this layer is given the label N. The it" neuron is used to calculate the power comparison
against the sum of all weights:

O3, =W =—2 i =12 3)
3= l_W1+W2'l =12,..
Output in the form of normalized firing strength. If more than two rules are formed, the function can
be expanded by dividing w; by the total sum of w for all rules.

2.14 Layer 4

Each it" neuron in this layer is an adaptive node with a function node:
O4i =W, f; = W(pix + q;y +17) (4)

The parameter of each layer is called the consequent parameters [21]. Where w; is the normalized
firing strength from layer 3, and the parameters p;, q;, r; represent the adaptive consequent parameters.

y=fi=pix+qy+rc (5)
or in matrix form can be written as
y = AK. (©)

It will be estimated using the Least Squares Estimator (LSE) in Sugeno fuzzy with output in the form
of defuzzification. The matrix A is the design matrix obtained by multiplying the output from layer 3 with
the input data. The entries in each column of this matrix are calculated using the following formula.

ai; = 0371 X x; (7
aiz =031 XY; (8)

a;3 = 031 C))
ajg = 035 X X; (10)
ajs = 03, Xy; (11)

aig = O3, (12)
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2.1.5 Layer 5

Each node in this layer is given the label X and there is only one fixed node that serves to sum all the
inputs. Node function:

Os; =X W, f; (13)
This layer outputs the predicted value.

2.2 MAPE

MAPE (Mean Absolute Percentage Error) measures the prediction error as a percentage, with the
formula [22]:

n

1 — 5
MAPE=—Z Yi yl|><1oo (14)
n Vi

i=1
where: y;  =Actual value
y, = Predicted value
n = Length of the data
The level of forecasting accuracy can be seen in Table 1 [23].
Table 1. MAPE Value as a Forecasting Accuracy Level

Percentage MAPE Accuracy Level
< 10% High Forecasting Accuracy
10% - 20% Good Forecasting Accuracy
>20% - 50% Regular Forecasting Accuracy
> 50% Inaccurate forecasting

3. RESULTS AND DISCUSSION
3.1 Data Set

The data used are road length (PJ), the number of electricity customers (TL), the number of health
workers (TK), the number of high schools (SMA), the number of cases of ordinary theft (PB), and the
economic growth rate (PE). The data used from 2013 to 2023, so that a total of 11 rows of data can be seen
in Table 2.

Table 2. Data Set

Year PJ TL TK SMA PB PE

2013 901,931 153,501 625 93 33 5.84
2014 901,931 162,799 547 100 24 5.47
2015 901,931 174,113 656 105 22 4.89
2016 925,621 182,680 635 114 27 4.90
2017 925,621 192,621 795 116 23 4.98
2018 925,621 201,611 829 121 33 5.15
2019 926,351 310,447 857 122 17 5.14
2020 926,351 324,706 879 124 27 -5.85
2021 926,351 339,290 900 126 54 3.00
2022 893,640 335,173 2,513 129 39 8.88
2023 893,640 388,513 2,682 131 21 4.36

Source: Central Bureau of Statistics (BPS) of Tuban Regency [24]-[34]
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3.2 Membership Function Graph

Based on the data in Table 2, the universe of discourse for each input variable can be determined. To
determine the range in a fuzzy logic system, by identifying the universe of discourse (UOD) for each input
variable, which is the range of possible values for that variable [35]. This range is then divided into several
categories, and sets value limits for each category based on existing data or rules, thus resulting in Table 3.

Table 3. Speaker Universe for Every Input Variable

Variable Speaker Universe Linguistic Value Range
Severely Damaged [882,700 — 904,500]
Road Length [893.640- 926.351] Broken [893,600 — 915,400]
Medium [904,500 — 926,400]
Both [915,400 — 937,300]
Low [36,000 —271,000]
Electricity Customers  [-23-501—388.513] Medium [153,500 — 388,500]
High [271,000 — 506,000]
Low [520 - 1,615]
Health Workers [547 — 2682] Medium [547 - 2,682]
High [1,614 —3,750]
Low [74 - 112]
High School [93 - 131] Medium [93 - 131]
High [112 - 150]
Low [0 - 35]
Ordinary Theft [17 —54] Medium [17 - 54]
High [35-72]

Based on Table 3, the 5 input variables were formed. There are 16 neurons in layer 1, 324 neurons in
layer 2, 324 neurons in layer 3, 324 neurons in layer 4, and 1 neuron in layer 5. Layers 2, 3, and 4 are obtained
from a scale of 4 x 3*. The formed ANFIS structure can be seen in Figure 2.

Plrg P, N,
Plg P, N,
PJ
PJ S P3 N3
Pl Py N,
. PS N5 Z
* R P Ng
® . .
PBR . . .
PB PB < . .
PBy 324 3

Figure 2. ANFIS Structure Formed

3.3 Manual Calculation
3.3.1Layer1l

In layer 1, the fuzzification process occurs using Equation (1) on each input variable.

Length of severely damaged road
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1, x < 882,700
(x) 904,500 —x 882,700 < x < 904,500
x) =
Hpirs 904,500 — 882,700’ ’ X =90
0, x > 904,500
Length of Damaged Road
0, x < 893,600 and x > 926,400
915400 — x 893,600 < x < 915,400
Upj,(x) ={ 915,400 — 893,600 ’ =75
926,400 — x

<
926,400 — 915.400° 915,400 < x <£926,400

Medium Road Length

( 0, x < 904,500 and x > 937,300
x — 904,500

ups(x) ={ 915,400 — 926,400’
937,300 — x

937,300 — 926,400’

904,500 < x < 926,400

926,400 < x < 937,300

The number of thefts is usually high

0, x <35

) ={23° 35 < x <72
Uppy 75 _ 35’ X <

1, x>72

Based on the above equations, the membership degree of each data can be known, and then obtained.
904,500 — 901,931 2,569
904,500 — 882,700 - 21,800
915,400 — 901,931 13,469
915,400 — 893,600 _ 21,800 _
upy(901,931) = 0

0.62

‘up]R (901,931) =

tppr(33) =0
Based on the above calculations, the output layer 1 is obtained in Table 4.
Table 4. Output Layer 1

1 2 11
Hpypp 0.12 0.12 0.50
Hpy, 0.62 0.62 1
Hpy 0 0 0
UpBt 0 0 0

3.3.2 Layer 2

In layer 2, the fuzzy rule process is carried out using Equation (2), and then obtained.
W1 = Upjrp -HTLg -HTKg - Usmag - UpBg = 0.00162
W2 = Upjpp -BrLg -HTKR -Hsmag - Bpes = 0.01539

W3 = Upjpp -UTLg - UTKR - Usmag - Py = O
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Waza = Upjg -Brip - BTy -MsMAr -BpBr = O
Based on the above calculations, the output layer 2 is obtained as in Table 5.
Table 5. Output Layer 2

W1 W2 cee W324
1 000162 001589 .. 0
2 0005366 001402 ... 0
3 0003235 000751 ... 0
11 0 0 .. 0

3.3.3 Layer 3

In layer 3, the normalization process is carried out using Equation (3), and then obtained.

A Ww.

Wi= Wi+ W, + W31+ A Wayy 0.001275

W = i =0.012115
Wi+ Wy + W3 + -+ Wiy,

— W,

Wy :W1+W2+W3+"'+W324:0

Waoy = W324 o

W1+W2+W3+"'+W324 B
Based on the above calculations, the output layer 3 is obtained as in Table 6.
Table 6. Output Layer 3

Wl Wz s W324
1 0001275 0012115 0
2 0002774  0.007247 0
3 0001101  0.00256 0
11 0 0 . 0

3.3.4 Layer 4

In layer 4, the defuzzification process occurs using Equation (4), and then obtained.
W;.f; = 0.001275 - 0.0715 = 9.11797 x 107°>
W,. f, = 0.012115 - 0.2049 = 0.002482319
W5.f3=0-0=0

W34 f324 =0-0=10
Based on the above calculations, the output layer 4 is obtained as in Table 7.
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Table 7. Output Layer 4

Wif1 W f W324f 324
1 9.11797 x 10795 0.002482319 0
2 0.000198 0.001485 0
3 7.87398E x 10795 0.000524478 0
11 0 0 0

3.3.5 Layer5

In layer 5, in the form of a prediction output whose function is to add up all input signals using
Equation (13), then obtained.

324
Zann =Wifi + Wofy + Wafz + - + Wazafaza

n=1
=9.11797 x 107% + 0.002482319 + 0 + -+ 0
= 5.84

Based on the above calculations, the output layer 5 is obtained as in Table 8.
Table 8. Output Layer 5

Year Predicted Economic Growth
2013 5.84
2014 5.47
2015 4.89
2023 4.36
3.4 Matlab GUI Calculation
ANFIS GUI - X B ANFIS GUI - bt
Predicted Economic Growth of Tuban Predicted Economic Growth of Tuban
Regency Regency
— Input Data — Input Data
Road Length: Road Length: 925621
electricity: electricity: 182630
health: health: 635
high school: high school: 114
Ordinary Theft: Ordinary Theft: a7
E=n

Output Prediksi : Output Prediksi - 4.9395

Figure 3. GUI Program View Figure 4. ANFIS Result View

Figure 3 shows the GUI program that is formed based on the fuzzy toolbox. In this GUI program, we
will see how the output is produced in accordance with the input entered by entering a value in each input
box. Next, click calculate, and the prediction results will appear in the output box. Figure 4 shows the results
of the 2016 data test.

3.5 Calculating Accuracy Value

Based on Equation (14), the MAPE value obtained is shown in Table 9.
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Table 9. Prediction Result

Actual Value Manual Predicted Value GUI Predicted Value
5.84 5.84 5.88
5.47 5.47 5.47
4.89 4.89 4.89
4.90 5.13 4.94
4,98 5.04 4.99
5.15 5.15 5.15
5.14 4,91 5.14
-5.85 -6.46 -6.08
3.00 3.00 3.00
8.88 8.78 8.71
4.36 4.36 4.43

MAPE 1.99% 0.14%

From the research results, it was found that the accuracy rate was very high, namely 98.01% in manual
calculations and 99.86% in calculations using Matlab GUI. According to [36], a well-designed GUI can
greatly improve the effectiveness of fuzzy systems by streamlining the user experience, reducing the potential
for human error, and increasing the accessibility of complex analytical tools. The use of the GUI in this study
has contributed to the high prediction accuracy. When compared to previous research done by Susano et al.,
which uses the Fuzzy Inference System (FIS) Mamdani with an accuracy rate of 93.69% [5], the prediction
of economic growth using ANFIS has better results. One of the reasons is that the input variables used in this
study are more complex, covering all infrastructure categories, namely: length of roads and the number of
electricity customers represent economic infrastructure, the number of workers and the number high schools
represent social infrastructure, and many cases of common theft represent administrative infrastructure. Both
the Mamdani Fuzzy Inference System (FIS) and the Adaptive Neuro-Fuzzy Inference System (ANFIS)
implement fuzzy logic concepts in a rule-based decision-making process. However, they differ in the way
they work and their level of complexity.

Mamdani FIS applies a more conventional approach by relying on fuzzy rules that are manually
designed by experts. This model uses membership functions as well as predefined if-then rules to process
information and produce appropriate outputs [37]. While this approach is relatively simple and easy to
interpret, its limitation lies in its inability to automatically adjust fuzzy rules based on empirical data, making
it less flexible in handling datasets with complex patterns.

Meanwhile, ANFIS is a further development that implements fuzzy logic in Sugeno’s FIS with an
Artificial Neural Network (ANN) [38]. Unlike the Mamdani FIS, which produces output in the form of a
fuzzy set and requires a defuzzification process, the Sugeno FIS used in ANFIS has a consequent in the form
of a linear function or constant [39], so it can directly produce numerical output without requiring a
defuzzification stage. This implementation allows ANFIS to automatically adjust and optimize fuzzy rules
through a data-driven learning process. Thus, ANFIS has significant advantages in handling data with high
complexity and improving prediction accuracy compared to the Mamdani FIS approach. Its ability to
recognize and adaptively model non-linear patterns makes it more effective and efficient in producing more
accurate predictions without the need for manual intervention in fuzzy rule generation.

4. CONCLUSIONS

It can be concluded from this study that the prediction of economic growth rate using an Adaptive
Neuro Fuzzy Inference System with 5 input variables, namely, road length, the number of electricity
customers, the number of health workers, the number of high schools, and the number of cases of ordinary
theft and output variables of economic growth, with data sourced from the Central Bureau of Statistics (BPS)
of Tuban Regency show an accuracy of 98.01% in manual calculations and 99.86% in calculations using the
Matlab GUI. The MAPE is 1.99% in manual calculation and 0.14% in calculation using Matlab GUI. With
MAPE < 10%, it shows that the Adaptive Neuro Fuzzy Inference System can be used as a prediction of
economic growth rates.

Future research is recommended to include additional macroeconomic variables such as inflation,
monetary policy, and international trade that have a more significant impact on economic growth and replace
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other membership functions other than triangular membership functions, or can use other methods such as
SVM or neural networks, so as to improve predictions and increase model accuracy.
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