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ABSTRACT ⎯ The tourism sector is a strategic sector that plays a crucial role in driving regional economic growth. Tourism is a 

leading sector in West Nusa Tenggara Province, contributing significantly to regional income, job creation, and community 

welfare. The presence of leading tourist destinations such as the Mandalika Special Economic Zone, Mount Rinjani, and Gili  

makes West Nusa Tenggara one of the leading tourist destinations in Indonesia.  Local governments, tourism businesses, and 

other relevant parties need information on future tourist visits to plan the provision of facilities and infrastructure, manage tourist 

destinations, promote tourism, and develop human resources. This study aims to forecast tourist visits to West Nusa Tenggara. 

The methods used in this study are the weighted high-order fuzzy time series (WHOFTS) and Autoregressive Integrated Moving 

Average (ARIMA) methods, and these two forecasting methods are compared. The results of this study showed that WHOFTS 

performs better than ARIMA, as indicated by the lower MAPE value (WHOFTS is 6.17% and ARIMA is 14.67%). The forecasting 

results will be useful for stakeholders, especially the government, in formulating policies. The WHOFTS method used in this 

study cannot be applied to data with long-term seasonal patterns. Suggestion that can be given to future researchers is develop the 

WHOFTS that can capture additional long-term seasonal patterns.  
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I. INTRODUCTION 
       The tourism sector is strategic and plays a crucial role in driving regional economic growth. In West Nusa Tenggara  

Province, tourism is a leading sector that contributes significantly to regional income, job creation, and community 

welfare improvement. The presence of leading tourist destinations such as the Mandalika Special Economic Zone, 

Mount Rinjani, and Gili Trawangan makes West Nusa Tenggara  one of the leading tourist destinations in Indonesia. 

Tourist arrivals are a main indicator used to measure the development of the tourism sector. Local governments, 

tourism businesses, and other relevant parties need information on future tourist arrivals to plan the provision of 

facilities and infrastructure, manage tourist destinations, promote tourism, and develop human resources. Therefore, a 

forecasting method capable of producing accurate predictions is needed to inform the development of tourism policies 

and strategies in the region. 

Tourist visit data generally exhibit complex characteristics, such as trends, fluctuations, uncertainty, and recurring 

seasonal patterns. These seasonal patterns can be influenced by various factors, including school holidays, religious 

holidays, weather conditions, and the implementation of tourism activities and events. These data characteristics often 

make it difficult for conventional forecasting methods to capture the nonlinear relationships and uncertainties inherent 

in the data. Furthermore, changes in tourist numbers do not always follow a linear pattern, making classical statistical 

approaches less optimal in some circumstances. 

Forecasting is a systematic process aimed at estimating future values based on historical observations, where the 

selection of an appropriate technique depends on the data characteristics, influencing factors, and underlying pattern 

structures [1]. In classical time series analysis, future values are modeled as functions of past observations without 

incorporating exogenous variables using methods such as Autoregressive Integrated Moving Average (ARIMA) and 

Exponential Smoothing. However, numerous studies have demonstrated that these linear models have limitations in 

capturing nonlinear dynamics. For example, [2] reported that ARIMA performed poorly in modeling nonlinear water 

quality variables, yielding significantly lower accuracy than Multilayer Perceptron (MLP) and hybrid ARIMA–MLP 

models. Similarly, [3] showed that while ARIMA achieved the lowest forecasting error in specific COVID-19 datasets, 

the model performance remained highly data-dependent. Consequently, hybrid approaches such as ARIMA–LSTM 

and SARIMAX–LSTM have gained increasing attention because of their ability to integrate linear structures, nonlinear 

dynamics, and exogenous information, thereby improving predictive accuracy [4], [5], [6], [7]. In tourism forecasting, 

Exponential Smoothing performs well under stable and short-term conditions but requires modification or 

hybridization during structural disruptions such as the COVID-19 pandemic [8], [9]. 
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One method that can be used to address these issues is the Fuzzy Time Series (FTS). The FTS method was first 

introduced by Song and Chissom and has been further developed by various researchers to improve the forecasting 

accuracy. The advantage of the FTS method lies in its ability to handle uncertain data and not requiring specific 

distributional assumptions. Beyond statistical and hybrid models, Fuzzy Time Series (FTS) represent an extension of 

classical time series methods by incorporating fuzzy set theory and linguistic variables, transforming numerical data 

into fuzzy sets to better handle uncertainty, vagueness, and nonlinearity [10]. The fuzzy logic system provides a 

framework for “counting” using linguistic variables instead of numerical values. This study differs from previous 

research in that it employs the Fuzzy Time Series approach grounded in fuzzy logic, whereas earlier studies primarily 

relied on statistical models or exponential smoothing techniques. However, the basic FTS method still faces significant 

challenges in handling non-stationary data; therefore, it is necessary to develop a model that is more adaptive to 

changes in data patterns over time [11]. Changes in trends in non-stationary data can cause the fuzzy sets formed by 

the FTS to no longer be representative, thus reducing the forecasting performance [12].  

The High Order Fuzzy Time Series (HOFTS) method was developed to address the limitations of the Fuzzy Time 

Series method, which considers more than one previous period in the forecasting process. A recent study developed a 

high-order hesitant fuzzy time series forecasting method that can capture fuzzy information more richly than 

traditional FTS in representing complex uncertainty and randomness [13]. However, The High-Order FTS model still 

faces problems in the form of inconsistent forecasting rules, reduced utilization of data at higher orders, and sensitivity 

to the formation of fuzzy intervals [14]. Furthermore, the use of weights in fuzzy relationships resulted in the weighted 

high-order fuzzy time series (WHOFTS) method, which can provide different contributions at each lag, resulting in 

more accurate predictions [15]. The use of weights at each lag also allows the model to exert different influences based 

on the relevance of each historical period to the forecasted value. 

Based on this description, research on the application of the Weighted High Order Fuzzy Time Series method to 

forecast tourist visits in the West Nusa Tenggara Province is crucial. The forecasting results are expected to provide 

more accurate information on the number of tourist visits in the future, thus providing a basis for more effective and 

sustainable planning, management, and development of the tourism sector in the province. 
 

II. LITERATUR REVIEW 
Fuzzy Time Series 

Fuzzy Time Series is a method proposed by Song and Chissom based on fuzzy set theory and the concept of 

linguistic variables. Fuzzy Time Series is a method used to predict the value of a variable, where historical data are 

expressed in linguistic values. In classical FTS, fuzzy relations are formed using a previous period. If there is a universe 

of discourse, U, where U = u1, u2,..., up, then the fuzzy set Ai of U with a general membership function is expressed as  
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where 
iA  is the membership function of fuzzy set Ai and is the membership degree from ui to Ai, where ( ) [0,1]

iA iu   

and1 i p  . The membership degree value is determined based on the following rules. 

Rule 1: If the historical data Xt is included in ui, then the membership degree value for ui is 1 and ui+1 is 0.5. If ui and ui+1 

are not included, the value is declared as zero. 

Rule 2: If the historical data Xt is included in ui, then the membership degree value for ui is 1, and for ui-1 and ui+1, it is 0.5. 

If ui, ui-1, and ui1 are not included, it is declared zero. 

Rule 3: If the historical data Xt is included in up, then the membership degree value for up is 1, for up-1 it is 0.5, and if ui is 

not included in up and up-1, it is declared zero [16]. The steps for analysis using Fuzzy Time Series are as follows [17] 

 

Universe of Discourse 

The Universe of Discourse from historical data is determined using the following formula: 

 min 1 max 2,U X D X D= − +                          (2) 

where minX  is the minimum value of the observed variable, maxX  is the maximum value of the observed variable, 

and 
 1D  and 2D are arbitrary positive numbers adjusted by the researcher. 

2.3 Class and Interval Length 

The universe of discourse, U, is divided into several interval classes with the same interval length for each class, as 

follows: The formation of interval classes uses Sturges' rule with the following formula: 

1 3,3log( )K n= +                                                         (3) 

where n is the number of observed data points. The next step was to determine the interval class length using the 

following formula: 

R
I

K
=                            (4) 
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where R is the difference between the minimum and maximum values of the observed data, and K is the number of 

interval classes. 

2.4 Fuzzy Sets 

Identify fuzzy sets A1, A2,..., Ap, and fuzzify the historical data. The definitions of A1, A2,..., Ap in universe U are 

as follows: 

1

1 2 3

2

1 2 3 4

3

1 2 3 4

1 2 3 4 1

1 0,5 0 0
...

0,5 1 0,5 0 0
...

0 0,5 1 0 0
...

0 0 0 0 0,5 1
...

p

p

p

p

p p

A
u u u u

A
u u u u u

A
u u u u u

A
u u u u u u−

= + + + +

= + + + + +

= + + + + +

= + + + + + +



                                      (5) 

Fuzzification 

The first step in the fuzzy inference process is called fuzzification. After data input, the system determines the 

membership function values and categorizes the data according to predetermined intervals to transform numeric (non-

fuzzy) variables into linguistic (fuzzy) variables. 

Fuzzy Logical Relationship (FLR) 

A Fuzzy Logical Relationship (FLR) was created based on the research data. The fuzzy logical relationship is 

represented by, where denotes the fuzzy set in the current state and denotes the fuzzy set in the subsequent state. 

Fuzzy Logical Relationship Group (FLRG) 

The obtained FLRs are classified into groups to form Fuzzy Logical Relationship Groups (FLRG). The FLRG is 

obtained by combining the values obtained through the FLR formation process. The Chen and Lee models are among 

the common approaches used to determine the sequence of FLRG formation. This grouping process differentiates 

between the two models. Because no weighting is used to determine relationships within a group in Chen's model, 

identical relationships are considered one. In Lee's model, identical relationships are not considered. According to Lee, 

these values must be calculated because they can affect the predicted value. 

Defuzzification 

   The forecast value obtained from the midpoint of each interval in the FLRG formed in the previous stage is called 

defuzzification. Prediction was performed by observing the following rules: 

Rule 1: If the fuzzification result for the t-th dataset is Ai and there is a fuzzy set that does not have a fuzzy logic 

relationship, for example, Ai→Ø, where the maximum value of the membership function of Ai is in the interval ui and 

the midpoint of ui is mi.  

Rule 2: If the fuzzification result for the t-th dataset is Ai and there is only one FLR in the FLRG, for example, Ai=1 → 

Ai=2, where the maximum value of the membership function of Ai is in the interval ui, and the midpoint of ui is mi.  

Rule 3 : If the fuzzification result on the t-th data is Ai and Ai has several FLRs on FLRG, for example Ai →Ai1, Ai2,..., 

Aik , where Ai , Ai1, Ai2 ,..., Aik are fuzzy sets and the maximum value of the membership function of Ai1, Ai2 ,..., Aik is in 

the interval ui1, ui2 ,..., uik and mi1, mi2 ,..., mik.  

 

Weighted High Order Fuzzy Time Series (WHOFTS) 

 In first-order FTS (classical FTS), the predicted value is influenced by only one previous data point. This 

limitation prevents the optimal utilization of longer historical information. Therefore, High-Order Fuzzy Time Series 

(HOFTS) models were developed, namely models that use more than one previous period as the basis for forming 

fuzzy logic relationships. For example, in the third-order model, the prediction for period t is determined by the 

conditions in periods t−1, t−2, and t−3. In the WHOFTS method, the terms antecedent and consequent are known, 

where the antecedent is the previous condition (2nd order) and the consequent is the condition that occurs afterwards. 

This approach can capture more complex temporal patterns and improve forecasting accuracy. Higher-order fuzzy 

logic relationships can be expressed as 

( )1 2, ,...,t t t t nX f X X X− − −=                            (6) 

where n indicating the model order (Zhang and Wang, 2023) [18] 

Weighted High-Order Fuzzy Time Series (WHOFTS) is an extension of HOFTS, in which weights are added to each 

fuzzy logic relationship. Weights are used to represent the importance or frequency of occurrence of a particular fuzzy 

relationship, allowing more relevant historical information to have a greater influence on the prediction process. In this 

method, each high-order FLRG is assigned a weight based on the frequency of occurrence of fuzzy relationships, 

probability of occurrence of fuzzy states, or a specific weighting scheme determined by the researcher. The advantages 



 
 136 
 

 

 ©Department of Statistics, Institut Teknologi Sepuluh Nopember  

                   INFERENSI, Vol. 9(2), August. 2026. ISSN: 0216-308X (Print) 2721-3862 (Online) 

DOI: 10.12962/j27213862.v9i2.9187 

 

of the WHOFTS over the classical HOFTS are improved prediction accuracy, better handling of nonlinear data, and 

more optimal utilization of historical information [19]. The WHOFTS general equation is as follows: 

1 1 2 2 ...t t t n t nX X X X  − − −= + + +                        (7) 

with  
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Mathematically, defuzzification (prediction) in the WHOFTS can be obtained using a weighted average: 
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with 

with  is predicted value at t-th period,  is i-th consequent weight,  is midpoint of the i-th fuzzy consequent interval,  is the 

number of consequents differs in FLRG

t i iF m n  

 

Autoregressive Integrated Moving Average (ARIMA) Box Jenkins 

The Box-Jenkins method is a time-series data application method popularized by George-Box and Gwilyn in 1970, 

combining the autoregressive and moving average approaches. Box-Jenkins recommends that the stationare of a time 

series data can be determined by differentiating one or more difference processes using the ARIMA model [20]. ARIMA 

is a method capable of solving various problems in forecasting time-series data, including forecasting the number of 

tourist visits in West Nusa Tenggara by examining past visit patterns [21]. 

The ARIMA model is composed of three models: Autoregressive (AR), Moving Average (MA), and Autoregressive 

and Moving Average (ARMA), which are preceded by checking for stationarity of the data. 

If there is an order d (d ≥ 1) in a forecasting process Xt, then a homogeneous non-stationary model, known as the 

ARIMA (p,d,q) model (16). In general, the ARIMA model can be expressed as in Equation (1) [22]: 

∅𝑝(𝐵)(1 − 𝐵)𝑑𝑋𝑡 =  𝜃0 +  𝜃𝑞(𝐵)𝑎𝑡
                                                                                  (10) 

In the next section, the parameter θ0 shows the different roles of d = 0 and 𝑑 ≥ 0. When d = 0 implies that the data is 

stationare, such as: 𝜃0 = 𝜇 (1 − 𝜃1 − ⋯ −  𝜃𝑞  ). However, if d ≥ 0, it is known as a deterministic trend. This is rarely used 

or even omitted in the forecasting process. 

Plotting the data and identifying the formation of the ARIMA model are necessary. This is related to the 

stationarity of the data, which is a requirement of the ARIMA model, both stationary in mean and variance [23]. If the 

data are not stationary in variance, a transformation is needed, and if the data are not stationary in mean, differencing 

is needed. When the stationary condition is met, the model is identified by examining the Autocorrelation Function 

(ACF) and Partial Autocorrelation Function (PACF) plots [24]. Next, residual white noise assumption testing 

(diagnostic checking) was performed on several tentative models. The Ljung-Box diagnostic check is used, followed by 

checking that the formed model meets the residual normal distribution requirement [25]. The following equation is 

used for the residual white noise assumption test: 

( )
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                                      (11) 

with the hypothesis: 

𝐻0  ∶  𝜌1 = 𝜌2 = ⋯ = 𝜌𝑘 = 0  (residual white noise) 

𝐻1 ∶ at least one 𝜌𝑘  ≠ 0, for k=1,2,3,…,n (residual is not white noise) 

 

Equation (10) explains that at a significance level of 5%, if the 𝑄∗ value is greater than the 𝜒2
[𝑞;𝐾−𝑝−𝑞] critical value or 

the p-value < significance level, then the decision is made to reject 𝐻0, which means that the residual is not white noise. 

In forecasting the characteristics of future data, this process is carried out by dividing the data into in-sample 

and out-sample data. Out-sample data are used to predict or validate the accuracy of data in a forecasting process, so 

that the model that appears is the best model from the in-sample data [26]. In this study, the best model selection 

measures used were AIC. The calculation formula for AIC is given in Equation 12. 

  2
SS

AIC x ln k
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n
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 
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where n is the number of historical data points, SSE is the sum of squared errors, and k is the number of parameters 

[27]. 

A.    Accuration Measurement 

   The inaccuracy of the predicted results can be calculated using the Mean Absolute Percentage Error (MAPE) with 

the following formula: 

1
. 100%

n
t t

t t

X F

X
MAPE

n

=

−

=


                                      (13) 

where Xt is the historical data for period t, and Ft is the predicted data [28]. 
 

III. METODOLOGI 

The data used in this study were monthly tourist visit data from January 2021 to December 2024. The data in this 

study is sourced from the Central Statistics Agency of West Nusa Tenggara through the website https://NTB.bps.go.id/. 

The method used is the weighted high-order fuzzy time series (WHOFTS) and ARIMA. The steps for completing the 

research are as follows: 

A. The Weighted High Order Fuzzy Time Series (WHOTS) Method 

The analysis steps using the WHOFTS method are as follows: 

1. Input historical data  

2. Determine the universe of discourse  

3. Dividing the data into intervals using a specific method  

4. Forming fuzzy set 

5. Fuzzifying historical data 

6. Determining the order of the fuzzy time series 

7. Forming a High-Order Fuzzy Logical Relationship (HOFLR). 

8. Calculating the weights for each fuzzy relationship 

9. Forming a Weighted Fuzzy Logical Relationship Group (WFLRG) 

10. Performing defuzzification 

11. Accuracy Measurement 

12. Generating forecast values 

The analysis steps using the WHOFTS method are described in the flowchart in Figure 1. 
 

 
 

Figure 1.  Research Flowchart using WHOFTS Method 

 

B. ARIMA Method 

The analysis steps using the ARIMA method are summarized as follows: 

1. Input historical data 

2. Stationarity of the mean and variance testing 

3. Identify the model using ACF and PACF plot 

4. Diagnostic Checking (residual white noise) 

5. Select the best model based on the AIC 

6. Accuracy meausrement  

7. Forecast using the best model 

        The analysis steps using the ARIMA method are shown in Figure 2. 
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                 Figure 2.  Research Flowchart using ARIMA Method 

 

 

IV. RESULT AND DISCUSSION 
Overview of Tourist Visits in West Nusa Tenggara from January 2021 to December 2024. Figure 3 shows a plot of 

the number of tourist visits to West Nusa Tenggara from January 2021 to December 2024. 

 
Figure 3. Plot of  Tourist Visit Data in West Nusa Tenggara in January 2021 to December 2024 

 

Figure 3 shows that the number of tourist visits to West Nusa Tenggara is volatile. In the early to mid-2021 period, 

there was a significant decrease, followed by a significant increase from the mid-2021 to mid-2023 period. This increase 

is thought to be caused by the reopening of international borders after the COVID-19 pandemic. From mid-2023 to the 

end of 2024, the number of tourist visits decreased. However, the number of visits during that period was still higher 

than that during 2021 and 2022. 

A. The Implementation of the Weighted High Order Fuzzy Time Series (WHOFTS) Method 

The weighted high-order fuzzy time series (WHOFTS) method was used to forecast the number of tourist visits in 

West Nusa Tenggara. The steps taken to forecast the number of tourist visits in West Nusa Tenggara using the 

WHOFTS method are as follows: 

1. The Formation of the Universe of Discourse 

The first step is to sort the data, where the minimum value (the least number of tourist visits) in January 2021 to 

December 2024 is 2,465 people (May 2021), while the maximum value (the highest number of tourist visits) is 117,268 

people (March 2023); thus, the difference between the minimum and maximum number of tourist visits (range) is 

114,803 people. Based on Equation (2), where the values D1 and D2 are positive random numbers, D1 = 0 and D2 = 0, so 

that the Universe of Discourse formed is: 

U = [2645-0, 117268+0] = [2645, 117268].     

                                                                                                                                 

2. Determination of class and interval length 

Before determining the interval length, the number of interval classes must be determined using the Sturges 

formula based on the formula in Equation (3), so that the number of interval classes is:  

k = 1 + 3,3 log (n) = 1 + 3,3 log (48) = 6,54 ≈ 7                                             

Therefore, the number of interval classes obtained was seven. The next step is to determine the length of the class 

interval based on the formula in Equation (4). The number of interval classes is generated as follows: 

I = R/k = 114,803/7 = 16,400                                               

Therefore, the length of the class interval was 16,400. Table 1 presents the lower, upper, and midpoint for each 

interval class. 
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Table 1. Lower Limit, Upper Limit, and Midpoint for Each Interval Class 

 

Interval Class Lower Limit Upper Limit Midpoint 

A1 2,465 18,865 10,665,2 

A2 18,865 35,266 27,065,6 

A3 35,266 51,666 43,466,1 

A4 51,666 68,067 59,866,5 

A5 68,067 84,467 76,266,9 

A6 84,467 100,868 92,667,4 

A7 100,868 117,268 109,067,8 

3.    Fuzzification  

The fuzzification process is determined based on the upper and lower bound values presented in Table 1 

according to the number of interval classes formed, and the fuzzification results are presented in Table 2. 

 
Table 2. Fuzzification Results of the Number of Tourist Visits in West Nusa Tenggara for in January 2021 – December 2024 

 

Period The Number of Tourist Visits Fuzzification Period Number of Tourist Visits Fuzzification 

Jan-21 52,744 A4 Jan-23 88,605 A6 

Feb-21 48,381 A3 Feb-23 82,770 A5 

Mar-21 32,553 A2 Mar-23 117,268 A7 

Apr-21 2,720 A1 Apr-23 60,179 A4 

May-21 2,465 A1 May-23 109,696 A7 

Jun-21 8,947 A1 Jun-23 112,069 A7 

Jul-21 18,379 A1 Jul-23 109,719 A7 

Aug-21 29,473 A2 Aug-23 102,707 A7 

Sep-21 27,669 A2 Sep-23 105,759 A7 

Oct-21 39,880 A3 Oct-23 104,053 A7 

Nov-21 44,602 A3 Nov-23 100,044 A6 

Dec-21 52,800 A4 Dec-23 96,584 A6 

Jan-22 71,704 A5 Jan-24 93,593 A6 

Feb-22 67,420 A4 Feb-24 91,002 A6 

Mar-22 84,707 A6 Mar-24 88,754 A6 

Apr-22 69,331 A5 Apr-24 86,800 A6 

May-22 70,002 A5 May-24 85,101 A6 

Jun-22 88,522 A6 Jun-24 83,621 A5 

Jul-22 57,880 A4 Jul-24 82,330 A5 

Aug-22 56,742 A4 Aug-24 81,203 A5 

Sep-22 78,919 A5 Sep-24 80,219 A5 

Oct-22 94,482 A6 Oct-24 79,359 A5 

Nov-22 104,462 A7 Nov-24 78,607 A5 

Dec-22 107,975 A7 Dec-24 77,948 A5 

 

 

4. Fuzzy Logical Relationship (FLR) 

This study used the weighted high-order fuzzy time series method with order 2, where the prediction is influenced 

by the previous two periods. The FLR results are presented in Table 3. 
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Table 3. Fuzzy Logical Relationship (FLR) Order 2 Results 

t-2 t-1 t FLR 

A4 A3 A2 (A4 , A3) → A2 

A3 A2 A1 (A3 , A2) → A1 

A2 A1 A1 (A2 , A1) → A1 

A1 A1 A1 (A1 , A1) → A1 

A1 A1 A2 (A1 , A1) → A2 

⋮ ⋮ ⋮ ⋮ 

A5 A5 A5 (A5 , A5) → A5 

A5 A5 A5 (A5 , A5) → A5 

A5 A5 A5 (A5 , A5) → A5 

 

5. Weighted Fuzzy Logical Relationship Group (WFLRG) 

The formation of the WFLRG is carried out by grouping fuzzy sets that have the same antecedent based on Table 3 

and then grouping them into one group. The WFLRG formed is shown in Table 4. 
Table 4. Results of the Weighted Fuzzy Logical Relationship Group (WFLRG) 

Grup WFLRG 

1 (A4 , A3) → A2 

2 (A3 , A2) → A1 

3 (A2 , A1) → A1 

4 (A1 , A1) → A1, A2  

5 (A1 , A2) → A2 

6 (A2 , A2) → A2, A3 

7 (A2 , A3) → A3 

8 (A3 , A3) → A4 

9 (A3 , A4) → A5 

10 (A4 , A5) → A4, A5, A6 

11 (A5, A4) → A5  

12 (A5 , A5) → A5, A6, A5, A5, A5, A5, A5, A5 

13 (A5 , A6) → A4, A7 

14 (A6 , A4) → A4 

15 (A4, A4) → A5 

16 (A6, A7) → A7 

17 (A7 , A7) → A6, A7, A7, A7, A7, A6 

18 (A7 , A6) → A5, A6 

19 (A6 , A5) → A7 , A5 

20 (A5, A7) → A4 

21 (A7, A4,) → A7 

22 (A4, A7,) → A7 

23 (A6 , A6) → A6, A6, A6, A6, A5 

 

6. Weighting Process 

The weight is calculated by dividing the frequency of occurrence of a consequent by the total frequency of all 

consequents in the same WFLRG. Therefore, the consequences that appear more frequently have a greater weight and 

exert a more dominant influence on the prediction results. The weight calculation formula is presented in Equation 8. 

The weight calculation results are presented in Table 5. 
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              Tabel 5. The Weight Calculation Results 

Antecedent Consequent Frequency Weight Midpoint 

(A4,A3) A2 1 1,0 26285,71 

(A3,A2) A1 1 1,0 9428,57 

(A2,A1) A1 1 1,0 9428,57 

(A1,A1) A1 1 0,5 9428,57 

(A1,A1) A2 1 0,5 26285,71 

(A1,A2) A2 1 1,0 26285,71 

(A2,A2) A2 1 0,5 26285,71 

(A2,A2) A3 1 0,5 43142,86 

(A2,A3) A3 1 1,0 43142,86 

(A3,A3) A4 1 1,0 60000,00 

(A3,A4) A5 1 1,0 76857,14 

(A4,A5) A4 1 0,3 60000,00 

(A4,A5) A5 1 0,3 76857,14 

(A4,A5) A6 1 0,3 93714,29 

(A5,A4) A5 1 1,0 76857,14 

(A5,A5) A5 7 0,9 76857,14 

(A5,A5) A6 1 0,1 93714,29 

(A5,A6) A4 1 0,5 60000,00 

(A5,A6) A7 1 0,5 110571,40 

(A6,A4) A4 1 1,0 60000,00 

(A4,A4) A5 1 1,0 76857,14 

(A6,A7) A7 1 1,0 110571,4 

(A7,A7) A6 2 0,3 93714,29 

(A7,A7) A7 4 0,7 110571,4 

(A7,A6) A5 1 0,5 76857,14 

(A7,A6) A6 1 0,5 93714,29 

(A6,A5) A5 1 0,5 76857,14 

(A6,A5) A7 1 0,5 110571,4 

(A5,A7) A4 1 1,0 60000,00 

(A7,A4) A7 1 1,0 110571,4 

(A4,A7) A7 1 1,0 110571,4 

(A6,A6) A5 1 0,2 76857,14 

(A6,A6) A6 4 0,8 93714,29 

 

7. Defuzzification  

The defuzzification process in the WHOFTS is the stage of converting the prediction results in the form of fuzzy sets 

into numeric values. Defuzzification was performed using the weighted average of the consequent midpoints for each 

WFLRG. The defuzzification calculation is performed using the formula in Equation 9, so that defuzzification is 

generated from the WFLRG in Table 6. 

 
                                                               Table 6. WFLRG Defuzzification Results 

Period 
The Number of Tourist 

Visits 
State 

Defuzzification 

(Predict) 

Jan-21 52744 A4  

Feb-21 48381 A3  

Mar-21 32553 A2 26285,71 

Apr-21 2720 A1 9428,571 

May-21 2465 A1 9428,571 
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Jun-21 8947 A1 17857,14 

Jul-21 18379 A2 17857,14 

Aug-21 29473 A2 26285,71 

Sep-21 27669 A2 34714,29 

Oct-21 39880 A3 34714,29 

Nov-21 44602 A3 43142,86 

Dec-21 52800 A4 60000,00 

Jan-22 71704 A5 76857,14 

Feb-22 67420 A4 76857,14 

Mar-22 84707 A5 76857,14 

Apr-22 69331 A5 76857,14 

May-22 70002 A5 78964,29 

Jun-22 88522 A6 78964,29 

Jul-22 57880 A4 85285,71 

Aug-22 56742 A4 60000,00 

Sep-22 78919 A5 76857,14 

Oct-22 94482 A6 76857,14 

Nov-22 104462 A7 85285,71 

Dec-22 107975 A7 110571,40 

Jan-23 88605 A6 104952,40 

Feb-23 82770 A5 85285,71 

Mar-23 117268 A7 93714,29 

Apr-23 60179 A4 60000,00 

May-23 109696 A7 110571,40 

Jun-23 112069 A7 110571,40 

Jul-23 109719 A7 104952,40 

Aug-23 102707 A7 104952,40 

Sep-23 105759 A7 104952,40 

Oct-23 104052 A7 104952,40 

Nov-23 100043 A6 104952,40 

Dec-23 9658 A6 85285,71 

Jan-24 93593 A6 90342,86 

Feb-24 91001 A6 90342,86 

Mar-24 88753 A6 90342,86 

Apr-24 86800 A6 90342,86 

May-24 85100 A5 90342,86 

Jun-24 83620 A5 93714,29 

Jul-24 82329 A5 78964,29 

Aug-24 81203 A5 78964,29 

Sep-24 80219 A5 78964,29 

Oct-24 79359 A5 78964,29 

Nov-24 78606 A5 78964,29 

Dec-24 77947 A5 78964,29 

 

 

B. The Implementation of Autoregressive Integrated Moving Average (ARIMA) Box Jenkins Method 

  The Box-Jenkins method is a time series data application method popularized by George-Box and Gwilyn in 1970, 

combining the Autoregressive and Moving Average approaches. Box-Jenkins recommends that the stationare of a time 

series data can be determined by differentiating one or more difference processes using the ARIMA model.  

Stationarity occurred if the data did not experience increases or decreases (data fluctuated around an average value 

and remained constant over time). Data can be used for forecasting if its mean and variance are stationary. The results 

of the stationarity test of the variance on the number of tourist visits in West Nusa Tenggara are shown in Table 7. 
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Table 7. Stationarity Test in Terms of Variance 

Variable Rounded value 

The Number of Tourist Visit 1.000 

 

Table 7 shows that the rounded value obtained is 1.000, which indicates that the data are stationary in terms of 

variance. The next step is the stationarity test of the mean using the Augmented Dickey-Fuller (ADF) test. The results of 

the stationarity test of the mean on tourist visits in West Nusa Tenggara using the ADF test are shown in Table 8. 
Table 8. Stationarity Test in Terms of Mean (Level) 

Variable t - statistic p-value 

The Number of Tourist Visit -0.173 0.618 

 

H0 : there is a unit root (not stationare in terms of mean) 

H1 : there is no a unit root (stationare in terms of mean) 

 

Based on Table 8, the p-value is 0.618, which is greater than the significance level (0.05); therefore, we fail to reject 

H0 and conclude that there is a unit root (not stationary in terms of mean). Therefore, differencing must be performed. 

The results of the stationarity test of the mean for the differenced data using the ADF test are shown in Table 9. 
Table 9. Stationarity Test in Terms of Mean (Differenced Data) 

Variable t - statistic p-value 

The Number of Tourist Visit -2.476 0.017 

H0 : there is a unit root (not stationary in terms of mean) 

H1 : there is no a unit root (stationary in terms of mean) 
 

Table 9 shows that the p-value is 0.017, which is less than the significance level (0.05); therefore, we reject H0 and 

conclude that there is no unit root (stationary in terms of mean) for differenced data. The next step is model 

identification using the Autocorrelation Function (ACF) plot to identify the Moving Average (MA) order and the Partial 

Autocorrelation Function (PACF) plot to identify the autoregressive (AR) order.  The ACF and PACF plots are shown 

in Figure 4. 

 

  
Figure 4. ACF and PACF Plot for Identify The Moving Average and Autoregressive Order 

 

Based on Figure 4, The ACF plot shows a cutoff at lag 1, indicating that the Moving Average order is (q=1) or MA 

(1), and the PACF plot shows a cutoff at lag 1, indicating that the autoregressive order is (p=1) or AR(1), and it is known 

that the differencing has been carried out once (d = 1). So, it can concluded that the possible model is ARIMA (1,1,1). 

Once the preliminary model estimation process is obtained, the next step is parameter estimation. The results of the 

parameter estimation are presented in Table 10. 
 

Table 10. Parameter Estimation for Each Tentative Model 

Tentative Model Parameter t-statistic P-value 

ARIMA (1,1,0) AR (1) -2.580 0.013 

ARIMA (1,1,1) AR (1) -0.620 0.538 

MA (1) 0.310 0.761 

H0 : parameter is not significant 

H1 : parameter is significant 

Table 10 shows that in the ARIMA (1,1,0) model, the p-value of parameter AR(1) is 0.013. It is less than the 

significance level (α = 0.05); therefore, we reject H0 and conclude that parameter AR (1) in the ARIMA (1,1,0) model is 

significant. ARIMA (1,1,1) had two parameter, that are AR (1) and MA (1). The p-values of parameters AR(1) and MA 
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(1) were 0.538 and 0.761, respectively. Both are greater than the significance level (α = 0.05); therefore, we failed to reject 

H0 and concluded that parameter AR (1) and MA (1) in the ARIMA (1,1,1) model is not significant.  

A diagnostic check was used to ensure that the model met the white noise assumption. A model is considered good 

if the error values are random, indicating that the residuals have no specific pattern (i.e., white noise). Diagnostic 

checking using the Ljung-Box test. The results of the Ljung-Box test are shown in Table 11. 

 
Table 11. Diagnostic Check Result 

Model 
 

Lag 

ARIMA(1,1,0) 

12 24 36 

Chi-Square 6.6 12.7 15.9 

P-Value 0.830 0.958 0.998 

 

H0 : residuals have no specific pattern (white noise) 

H1 : residuals have specific pattern (white noise not fulfilled) 

Table 11 shows that the p-values for each lag of 12, 24, and 36 are 0.830, 0.958, and 0.998, respectively. These are 

greater than the significance level (0.05); therefore, we failed to reject H0 and concluded that  the residuals have no 

specific pattern (white noise). ARIMA (1,1,0) had a significant parameter and met the white noise assumption. So, we 

can concluded that the best model is ARIMA (1,1,0). This model was used in the forecasting process. 

C. Accuracy Measurement 

 The Mean Absolute Percentage Error (MAPE) is used to measure the inaccuracy of forecasting. MAPE calculates 

the average percentage error between the predicted and actual values. This research used two approaches, the 

WHOFTS and ARIMA methods, to forecast the number of tourist visits in West Nusa Tenggara. The MAPE for both 

methods is shown in Table 12. 
Table 12. MAPE Value of the WHOFTS and ARIMA Method 

Criterion The WHOFTS ARIMA  

MAPE 6.17% 14.67% 

 

Based on Table 12, the MAPE value for the WHOFTS is 6.17%, and for ARIMA, it is 14.67%. The findings of this 

research indicate that the WHOFTS method is better than ARIMA in forecasting tourist visits, which is in line with 

the research conducted by [29], where FTS has a better accuracy (including smaller MAPE) than ARIMA in the case 

of tourist visits. 
 

D. Forecasting using the Best Method  

Forecasting was performed using the WHOFTS method. Forecasting for the 49th (January 2025) period based on 

the last state of the actual data (period December 48, 2024). The midpoint was calculated based on the WFLRG 

Defuzzification in Table 6. The midpoint value becomes the forecast value (numeric forecast) for the subsequent period. 

Based on the weighting and midpoints in Table 5, the results of the forecasting using the WHOFTS method are 

presented in Table 13. 
Table 13. Forecasting Results using the WHOFTS Method 

Period Antecedent Forecasting state Forecast 

January 2025 (A5, A5) A5 78,964.285 

February 2025 (A5, A5) A5 78,964.285 

March 2025 (A5, A5) A5 78,964.285 

April 2025 (A5, A5) A5 78,964.285 

May 2025 (A5, A5) A5 78,964.285 

 

The state for the next period (49-th period or January 2025) is A5. Because this step produced A5 again, the steps 

will repeat with the same list, so the forecast remains 78,964.285 until 53-th period (May 2025). 
 

V. Conclusion and Suggestion 
Based on the results of the research, it can be concluded that the best method for forecasting tourist visits in West 

Nusa Tenggara is the WHOFTS, with an accuracy level of 93.83%, and the forecast remains 78,964.285 in the 49-th until 

53-th period. The classical WHOFTS tends to perform better on volatile and nonlinear data but is difficult to capture 

long-term seasonal patterns or strong trends without additional modifications. Suggestion that can be given to future 

researchers is develop the WHOFTS that can capture additional long-term seasonal patterns or strong trends. 
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