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Micro and small industry (MSME) is an industrial sector that includes
small-scale businesses, both those with limited assets and turnover.
MSME is an industrial business that is mostly labor-intensive and plays
arole in creating jobs and driving the local economy. One of the largest
industries in MSME is the textile industry. Production in the textile
industry tends to fluctuate due to market demand, availability of raw
materials, and economic conditions. Understanding the dynamics of

Special Region of Yogyakarta . . .
Textile Industry market demand is very important for the government and business

Time Series actors in making decisions. This study aimed to predict the growth of
MSME production in the textile industry using the seasonal
autoregressive integrated moving average (SARIMA) method. Several
SARIMA models were used to predict the growth of MSME production
in the textile industry. However, only the model with the smallest AIC
value was selected to predict the growth of MSME production in the
textile industry. The prediction results showed that fluctuations
occurred in the growth of the textile industry in each period.

1. Introduction

Micro and small industries (MSMESs) play a vital role in supporting the Indonesian economy.
Data from the Ministry of Cooperatives and SMEs indicate that MSMESs currently number around
64.2 million business units and contribute 61.07% to the national gross domestic product (GDP),
equivalent to IDR 8,573.89 trillion. In addition, this sector absorbs approximately 117 million
workers, representing 97% of the total workforce, and accounts for 60.4% of total investment [1],[2],

[3].

The Special Region of Yogyakarta is home to a variety of creative and labor-intensive industries,
making MSME a crucial sector in the regional economy. One subsector with a significant
contribution is the textile industry [4]. According to the Statistics Indonesia (Badan Pusat Statistik,
BPS), in 2023, the textile industry ranked fourth and was among the top five MSME businesses, with
263,304 businesses [5], [6]. However, production growth in the micro and small-scale textile industry
tends to fluctuate. This is due to market demand, raw material availability, and economic conditions
[7]. Understanding this dynamic market demand is crucial for the government and businesses in
decision-making [8].
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Based on this, an analytical approach was used to model and forecast the temporal dynamics of
textile industry growth to facilitate targeted planning and policymaking. One method that can be used
to forecast MSME production growth in the textile industry is the seasonal autoregressive integrated
moving average (SARIMA) [9]. The SARIMA method is a development of the autoregressive
integrated moving average (ARIMA) method, which examines seasonal patterns [10]. The SARIMA
method performs forecasting in the following stages: (1) data stationarity test, (2) identifying the
order of the SARIMA model, (3) parameter estimation, (4) diagnostic testing, and (5) forecasting
[11].

Several previous studies, such as [12], showed that the SARIMA method with the
SARIMA(1,0,1)(1,0,0):> had good forecasting capabilities in the context of the agricultural sector
industry, especially palm oil in Indonesia with a mean absolute percentage error (MAPE) of 5.54%.
Then, another research showed that SARIMA method with the SARIMA(0,1,1)(0,1,1)7 could predict
the number of positive COVID-19 patients in Padang City with a MSE value 0f 330.9333 [13]. Then,
[14] showed that the SARIMA method with the SARIMA(1,1,2)(1,1,1)1> was the most appropriate
model for forecasting rice production in Bone Regency with an Akaike information criterion (AIC)
value of 2996.04. By applying the SARIMA model, it is hoped that an accurate picture can be
obtained regarding the patterns and trends of the textile industries in Special Region of Yogyakarta
and can predict future periods.

2. Method

2.1. Data

The data used in Table 1 are quarterly time series data on MSME production in the textile
industry in the Special Region of Yogyakarta. The observation period covered 2012 to 2024. Since
each year consisted of four quarters, namely Q1, Q2, Q3, and Q4, the dataset contained 52 quarterly
observations. The data were presented in percentage units because the main variable analyzed was
the production growth rate, not the absolute production quantity.

In the dataset, the variable Year indicates the calendar year of observation. The variables QI,
Q2, Q3, and Q4 represent the first, second, third, and fourth quarters of each year, respectively. Each
value in these quarterly columns shows the percentage change in textile MSME production compared
with the previous corresponding period. A positive value indicates an increase in production, while
a negative value indicates a decline in production. To obtain the MSME production growth value,
(1) is used:

Production growth = I”I_ﬁ X 100% (1)

it—1

where I; ; denotes the production quantity in the i quarter at time #; I;,_; denotes the production
quantity in the i quarter at time ¢-7; i denotes 1,2,3,4; t denotes 1,2,...,n; and n denotes the quantity
of data.

Table 1. Growth of Micro and Small Textile Industry Production

Year Q1 Q2 Q3 Q4
2012 —27 —5.52861 —5.73428 0.650671
2013 ~1.89974 13.52156 11.88547 10.47474
2014 8.55 4.69 -19.23 -10.13
2023 62.80292 20.21481 47.65274 38.12626
2024 34.72581 22.72374 15.7505 44.63928

2.2. Stationarity

To forecast with SARIMA, the data must meet the stationary assumption. Data are said to be
stationary if the means and variance are constant for each observation [15]. If the data are
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nonstationary, differencing can be applied to achieve stationarity. In this study, the augmented
Dickey—Fuller (ADF) test was used to assess stationarity in the mean, while the Levene test was
employed to examine stationarity in the variance.

To determine the stationarity of the series mean, the Augmented Dickey-Fuller (ADF) test was
used using the following hypotheses and a test statistic [16]. The hypothesis used is the following.

H,: data contains a unit root
H,: data does not contain a unit root

Meanwhile, (2) is a test statistic used.

AY, = By + Bo + 8Yeoy + i Diy AV g + & )
Critical region:

Reject Hy if tygiue < trapre(@;n— 1) or p — value < a(0.05)

where AY, is the first difference Y, f3; is the constant or intercept value, 3, is the coefficient for trend,
6 is the coefficient for lag Y, ¢ is the coefficient for difference lag Y, ¢ is the error, k is the lag, and
t is the time.

Meanwhile, to determine the stationarity of variance, Levene test was used using the following
hypothesis and test statistic [17]:

Hy:0f = 0 = --- = g (variances between groups are equal)
2 2 S
Hy:of # af for at least one pair (i, /)
The test statistic is showed in (3).

(N-K) Tk ni(Zi-Z)?

W= k-1 Z{‘:kzyil(zij—zi.)z @
Critical area:

Reject Hy if W > Ftable(a;k—Ln—k) or p — value < a(0.05)

with Z;; = | Yij — Vi |, Z = Zi{:%ﬁlzu, and Z; = % Meanwhile, N denotes the total number of

13
observations from all groups, kdenotes the number of groups, and n; denotesnumber of observations
in group i

2.3. Autocorrelation Function (ACF) and Partial Autocorrelation Function (PACF)

In time series analysis, autocorrelation function (ACF) is a measure of the relationship between
observations at time t and the previous time [18], [19]. The equation for the ACF at lag k (py,) is
shown in (4) [20]:

LGP D erk=)
= 4
Pr S Ge9)? @)
where p, denotes the autocorrelation coefficient at lag k, y; denotes the data value at time t; y
denotes data mean; t denotes 1,2,3,...,n; n denotes the number of data points; and k denotes lag (time
interval between two observations being compared).

If value of py is in the interval —1 to 1 and if p, = 0, then it indicates that there is no
autocorrelation in the data. Meanwhile, the partial autocorrelation function (PACF) is a measure of
the relationship between two different time series data when the influence of other variables has been
removed [17]. Equation (5) was used to calculate the PACF (¢) [21]:

plrkzl

brk = 1Pr=25 (Pr—1,1) (Pr—-1) k>1 5)
1-28 - pr-1) P’
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where ¢y is the partial autocorrelation coefficient at the k lag, ¢, _4 ;is the partial autocorrelation
coefficient at the i lag of the k-1 order model, ¢;_; is the autocorrelation coefficient at the &-i lag,
and p; is the autocorrelation coefficient at the i lag.

2.4. Seasonal Autoregressive Integrated Moving Average (SARIMA)

The SARIMA method is a development of the ARIMA method that can analyze seasonal data
patterns [22]. Data are said to have a seasonal pattern if there is a recurring pattern in certain periods,
such as weekly, monthly, quarterly, semi-annually, and annually. The SARIMA method combines
nonseasonal and seasonal components in one analytical framework with the notation
(p,d,q)(P,D, Q) [23]. The general equation for the SARIMA method is shown (6) [24]:

qu(BS)q)P(B)(l -B)4(1 - BS)D}’t = eq(B)OQ(BS)gt (6)

where @, (B %) represents the seasonal autoregressive (AR) rate, ®p(B) represents the nonseasonal

AR rate, (1 — B)? represents the nonseasonal differencing rate, (1 — BS)? represents the seasonal
differencing rate, 6, (B) represents the nonseasonal moving average (MA), 0, (B $)e; represents the
seasonal MA, y, represents the actual value of period ¢, &; represents the error of period ¢, p represents
order of the nonseasonal AR model, P represents the order of seasonal AR model, g represents the
order of nonseasonal MA model, Q represents the order of the seasonal MA model, d represents the
nonseasonal differencing, and D represents the seasonal differencing.

2.5. Diagnostic Test

Diagnostic tests were employed to determine model adequacy by examining the independence
and normality of residuals. To check the independence of residuals, the Ljung-Box test was used
with the following hypotheses and test statistics [21], [25]. The hypothesis is shown below.

Hy: p; = 0 (no residual autocorrelation)
Hy:3p; # 0 (residual autocorrelation exists)

The test statistic is showed in (7).

Qs =n(n+2) XL, (ﬁ) P (7
Critical area:

Reject Hy if Q5 > )(Z(a;k_p) or p — value < a(0.05)

with k denotes the maximum number of lags and p;, denotes the autocorrelation coefficient at the &
lag.

To check the normality of the residuals, the Jarque-Berra test was used with the following
hypothesis and test statistics [26], [27]. The hypothesis is shown below.

H,: residuals are normally distributed
H,: residuals are not normally distributed

The test statistic is showed in (7).

=35+ 5

Critical area:
Reject Ho if JB > x? ;.. or p — value < a(0.05)
with:

Z?=1(£t—5)3

n(5 2 (2-8)2

5% =

3 (skewness value)
) 2
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n _s\4
K = (%) (kurtosis value)
ni

3 (e-B)2)

2.6. Model Evaluation

In determining the best model to be used for forecasting, AIC was used [25]. The AIC value can
explain how well a model fits existing data and future values [28]. Asymptotically, the AIC selects
the model that minimizes the squared error of the prediction or estimate. The best SARIMA model
is determined by selecting the smallest AIC value. To find the AIC value, (9) was used [21]:

)+2@+q+1) )

where n is the number of data, SSE the sum of squared errors, p is the order of AR, and q is the order
of MA.

In addition to the AIC value, another model evaluation used was the MAPE. MAPE was used to
see the error value in predictions against actual data [29], [30]. The smaller the MAPE value, the
more accurate the forecasting results. Equation (1) is MAPE values are, while its categorization is
presented in Table 2.

SSE

n

AIC =nln(

100%
MAPE = ==y,

Ar—Fg
- | (10)

with A; represents the actual value at time ¢; F; represents the predicted value at time ¢; t represents
1,2,3,...,n; n represents the amount of data.

Table 2. MAPE Value Categorization

MAPE Value (%) Category
<10 High prediction accuracy
10 —20 Prediction accuracy is good
20 —-50 Prediction accuracy is sufficient
> 50 Inaccurate/poor prediction accuracy

The steps in this work are presented in Fig. 1.

Start

|

Input data Model estimation | Best model selection
Y
Non-seasonal and Parameter
Descriptive analysis seasonal significance test
differentiation
Y \ 4
Stationarity test L | B Diagnostic test
model
l \ 4

Model evaluation

Finish

Fig 1. Research flow.
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3. Results and Discussion

To perform time series analysis using the SARIMA method, the assumption of stationary data
must first be met. To determine whether the data were stationary on average, the ADF test was used
(Table 3).

Table 3. ADF Test Result
Dickey-Fuller p-Value
ADF Test —3.9289 0.0194

Based on the results of the ADF test in Table 3, t,51ue = —3.9289 < tigpie = —2.89 and p —
value = 0.0194 < a = 0.05 so that the Hy was rejected or the data did not contain a unit root.
Therefore, the growth data of the micro and small textile industry sector were already stationary in
the mean. Next, a Levene test was carried out to determine whether the data were stationary in terms
of variance, the results are presented in the Table 4.

Table 4. Levene’s Test Result

w p-Value
0.1207 0.9475

Levene’s Test

Based on the Levene test results in Table 4, W = 0.1207 < F(g 05,345y = 2.8 and p — value =
0.9475 > a = 0.05, thus failing to reject Hy. Therefore, the data on the growth of micro and small
textile industries had the same variance, indicating that the data were stationary in variance.

In addition to the ADF and Levene’s tests, the ACF and PACF plots were also examined to
identify the model, as shown in Fig. 2.

1

1

|
1

ACF
04 -02 00 02 04 06
1 L
.
Partial ACF

-04 -02 00 02 04 06

1
L

Fig. 2 ACF and PACEF plot.

Based on the ACF and PACEF plots in Fig. 2, ACF plot showed a gradual decline (tailing off) and
a cut-off occurred in the PACF plot at the first lag, indicating AR(1). Although the data were
stationary, the ACF and PACF plots showed a seasonal pattern. Therefore, the nonseasonal and
seasonal differencing was performed using the ADF test results as shown in Table 5 and the ACF
and PACEF plots in Fig. 3 and Fig. 4.

Table 5. ADF Test Results After One-Time Differencing

Differencing ADF p-Value
Nonseasonal (d = 1) —5.922 0.01
Seasonal (D = 1) —6.8722 0.01

Based on the results of the ADF test in Table 5, T,,0n—seasonar = —5-922 < tigpie = —2.89 and
Tseasonal = —6-8722 < tiapie = —2.89 and p — value = 0.01 < a = 0.05 for both nonseasonal
and seasonal so that H, was rejected or the data did not contain a unit root. Therefore, the growth
data of the micro and small textile industries was stationary nonseasonally and seasonally after the
first differencing. Fig. 3 and Fig. 4 shows plot of ACD and PACF after one-time nonseasonal and
seasonal differencing.
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Fig. 3 Plot of ACF and PACF after one-time nonseasonal differencing.

1
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Fig. 4 Plot of ACF and PACF after one-time seasonal differencing.

Based on Fig. 3 and Fig. 4, the SARIMA model was obtained SARIMA(1,1,1)(3,1,1)4. From this
SARIMA model, overfitting was performed by selecting a lower order or a combination of the main
orders. The several SARIMA models are formed and presented in the Table 6.

Table 6. Significant Parameter Test

Model Coefficient Estimation p-value Parameter Significance
AR1 —0.6846 NaN Not Significant
MA1 0.5478 NaN Not Significant
SARIMA(LL1D)(3,1,1)s SAR1 —0.7482 0.0002 Significant
SAR2 —-0.5677 0.0159 Significant
SAR3 —0.4297 0.0359 Significant
SMA1 —0.7578 0.0062 Significant
AR1 0.62 1.06 x 1073 Significant
SARIMA(1,1,1)(1,1,1), MALl —0.955 6.5419 x 10~* Significant
SARI1 —0.3473 1.2061 x 1072 Significant
SMA1 —0.9999962 2.1543 x 107 Significant
AR1 0.5451 3.0255 x 1075 Significant
SARIMA(1,1,1)(0,1,1), MALl —0.9999989  1.0877 x 10~° Significant
SMA1 —0.9999994 1.3189 x 10713 Significant
AR1 0.7349 4.3477 x 107° Significant
MA1 —0.9999 1.3074 x 10™* Significant
SARIMA(L,1,1)(3,1,0),4 SARI -1.1671 0 Significant
SAR2 —0.9726 1.9062 x 1078 Significant
SAR3 —-0.6013 3.1921 x 1075 Significant
MA1 —0.2715 0.1257 Not Significant
SAR1 —-0.7054 0.0007 Significant
SARIMA(0,1,1)(3,1,1), SAR2 —0.5329 0.0225 Significant
SAR3 -0.39 0.0761 Not Significant
SMA1 —0.785 0.0036 Significant

A parameter is said to be significant if the p — value < ¢ = 0.05. Based on Table 6, the
SARIMA(1,1,1)(1,1,1),, SARIMA(1,1,1)(0,1,1),, and SARIMA(1,1,1)(3,1,0), models were
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models with all significant parameters. Hence, the three models were continued for diagnostic
testing. The diagnostic tests consisted of autocorrelation and residual normality tests. The residual
autocorrelation hypothesis was tested using the Ljung-Box method, and the results are presented in
Table 7.

Table 7. Results of Residual Autocorrelation Test

Model Q:p p-Value Decision
SARIMA(1,1,1)(1,1,1), 0.044755 0.08325 Failed to reject H,
SARIMA(1,1,1)(0,1,1), 0.001662 0.9675 Failed to reject H,
SARIMA(1,1,1)(3,1,0), 0.020159 0.8871 Failed to reject H,

Based on the results of the Ljung-Box test in Table 7.

Table 7, the data supported the rejection of Hy. Therefore, the SARIMA(1,1,1)(1,1,1),,
SARIMA(1,1,1)(0,1,1),, and SARIMA(1,1,1)(3,1,0), models did not have residual
autocorrelation. Next, the normality test was conducted for residuals using Jarque-Bera, and the
results are presented in Table 8.

Table 8. Results of the Residual Normality Test

Model JB p-Value Decision
SARIMA(1,1,1)(1,1,1), 80.506 2.2 x 10716 Reject H,
SARIMA(1,1,1)(0,1,1), 115.02 2.2 x 10716 Reject H,
SARIMA(1,1,1)(3,1,0), 152.24 2.2 x 10716 Reject H,

Based on the results of the Jaque Bera test in Table 8, the data supported the rejection of H,.
Therefore, the residuals in the SARIMA(1,1,1)(1,1,1)4, SARIMA(1,1,1)(0,1,1)4, and
SARIMA(1,1,1)(3,1,0)4 models were not normally distributed.

Subsequently, a model evaluation was conducted to select the best SARIMA model from the
three obtained models. The best model was used to forecast the growth of the textile industry’s
MSME in the Special Region of Yogyakarta. The AIC values for each SARIMA model are presented
in Table 9.

Table 9. Model Evaluation

Model AIC
SARIMA(1,1,1)(1,1,1), 175.9681
SARIMA(1,1,1)(0,1,1), 179.355
SARIMA(1,1,1)(3,1,0), 176.1909

Based on the results in Table 9, the best model for predicting the growth of the textile industry’s
MSME in Special Region of Yogyakarta was the SARIMA(1,1,1)(1,1,1), with the smallest AIC
value, namely 175.9681. The forecasting results of the model are shown in Fig. 5 and Table 10.
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Forecasting the Growth of Textile MSME Using SARIMA(1,1,1)(1,1,1)4

datats

T T T T T T
2012 2014 2016 2018 2020 2022 2024 2026

Time

Fig. 5 Comparison plot of actual and forecasted data.

Table 10. Forecast results for 2025

Period (Quarter) Forecast
Quarter 1 43.38008
Quarter 2 45.5073
Quarter 3 49.90919
Quarter 4 42.66065

Based on Tabel 10, the predicted increase from the first to the third quarter indicates potential
growth improvement during the middle of the year, while the decline in the fourth quarter suggests
a possible weakening toward the end of the year. The MAPE value of 34.81% indicates moderate
forecasting accuracy, meaning that the SARIMA model can be used as an initial forecasting tool,
although further improvement may be needed by incorporating external factors such as market
demand, raw material availability, and economic conditions.

4. Conclusion

Based on the analysis and discussion, the SARIMA(1,1,1)(1,1,1), model was identified as the
best model for forecasting the production growth of micro and small textile industries in the Special
Region of Yogyakarta. The forecasting results indicate that production growth is expected to
fluctuate throughout 2025, with an increase from the first to the third quarter followed by a decline
in the fourth quarter. This pattern suggests that textile MSMEs may still face unstable production
dynamics, which should be considered in production planning, raw material management, and policy
support. The MAPE value of 34.81% indicates moderate forecasting accuracy; therefore, the model
can be used as an initial forecasting tool, although future studies may improve the prediction by
incorporating external factors such as market demand, raw material availability, and economic
conditions.

References
[1] M. Junaidi, “UMKM Hebat, Perckonomian Nasional Meningkat,” Accessed: June 1, 2026. [Online].
Available: https://djpb.kemenkeu.go.id/kppn/curup/id/data-publikasi/artikel/2885-umkm-hebat,-

perekonomian-nasional-meningkat.html

[2] Native, “UMKM Jaga Denyut Ekonomi Saat Pandemi, Pemerintah Dorong Perbaikan Ekosistemnya,”
Pikiran Rakyat. Accessed: June 1, 2026. [Online]. Available: https://www.pikiran-
rakyat.com/ekonomi/pr-013087425/umkm-jaga-denyut-ekonomi-saat-pandemi-pemerintah-dorong-
perbaikan-ekosistemnya

[3] A.A. Widita, A.M. Lechner, and D.T. Widyastuti, “Spatial patterns and drivers of micro, small and
medium-sized enterprises (MSMESs) within and across Indonesian cities: Evidence from highly granular
data,” Reg. Sci. Policy Pract., vol. 16, no. 11, Nov. 2024, Art. no 100137, doi:
10.1016/j.rspp.2024.100137.

https://journal.uii.ac.id/ENTHUSIASTIC p-ISSN 2798-253X
e-ISSN 2798-3153



ENTHUSIASTIC 55
International Journal of Applied Statistics and Data Science

(4]

(5]

(6]

(7]

(8]

[9]

[10]

[11]
[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

(21]

[22]

V. Sarasi, I. Primiana, B. Harsanto, and Y. Satyakti, “Sustainable supply chain of Indonesia’s textile &
apparel industry: opportunities and challenges,” Res. J. Text. Appar., vol. 28, no. 4, pp. 819-838, Nov.
2024, doi: 10.1108/RJTA-08-2022-0091.

[5]BPS Indonesia, “Profil Industri Mikro dan Kecil 2023, 2004. [Online]. Available:
https://www.bps.go.id/id/publication/2024/09/18/52d85cbe9de005b65d69195/profil-industri-mikro-
dan-kecil-2023.html

S.D.A. Kusumawardani, T.B.A. Kurnani, A.J. Astari, and S. Sunardi, “Readiness in implementing green
industry standard for SMEs: Case of Indonesia’s batik industry,” Heliyon, vol. 10, no. 16, Aug. 2024,
Art. no 36045, doi: 10.1016/j.heliyon.2024.36045.

K. Swaminathan and R. Venkitasubramony, “Demand forecasting for fashion products: A systematic
review,” Int. J.  Forecast., vol. 40, no. 1, pp. 247-267, Jan—Mar. 2024, doi:
10.1016/j.ijforecast.2023.02.005.

L. Ye, N. Xie, J.E. Boylan, and Z. Shang, “Forecasting seasonal demand for retail: A Fourier time-varying
grey model,” Int. J Forecast., vol. 40, no. 4, pp. 1467-1485, Oct—Dec. 2024, doi:
10.1016/j.ijforecast.2023.12.006.

U.H. Perez-Guerra et al., “Seasonal autoregressive integrated moving average (SARIMA) time-series
model for milk production forecasting in pasture-based dairy cows in the Andean highlands,” PLoS ONE,
vol. 18, no. 11, Nov. 2023, Art. no €0288849, doi: 10.1371/journal.pone.0288849.

N. Qisthi, S.L. Fitri, A. Imannuel, and D.D. Dewi, “Prediksi harga emas untuk investasi masa depan
menggunakan model seasonal autoregressive integrated moving average (SARIMA),” J. Innov. Res.
Knowl., vol. 4, no. 7, pp. 41834194, Dec. 2024, doi: 10.53625/jirk.v417.9053.

M.I. Rizki and T.A. Taqiyyuddin, “Penerapan Model SARIMA untuk Memprediksi Tingkat Inflasi di
Indonesia,” J. Sains Mat. Stat., vol. 7, no. 2, pp. 62-72, Aug. 2021, doi: 10.24014/jsms.v7i2.13168.

L.F. Tokan and A. Hermawan, “Implementasi model SARIMA untuk memprediksi produksi minyak
kelapa sawit,” J. FASILKOM, vol. 13, no. 3, pp. 456-463, Dec. 2023, doi: 10.37859/jf.v13i3.6033.

W. Rahmalina and S. Puspita, “Pemodelan seasonal autoregressive integrated moving average untuk
memprediksi jumlah kasus COVID-19 di Padang,” J. Mat. Integratif, vol. 17, no. 1, pp. 23-31, Aug.
2021, doi: 10.24198/jmi.v17.n1.32024.23-31.

W. Alwi, Adiatma, and Hafsari, “Peramalan produksi padi menggunakan metode SARIMA di Kabupaten
Bone,” J. MSA Mat. Stat. Apl., vol. 11, no. 2, pp. 1622, Aug. 2023, doi: 10.24252/msa.v11i2.36163.
L.D. Jayanti, R. Lestari, F.A.D. Suparno, and F. Fachruzzaki, “Prediksi harga emas tahun 2024-2025
dengan metode autoregressive integrated moving average (ARIMA) pada aplikasi RStudio,” MARAS J.
Penelit. Multidisip., vol. 3, no. 4, pp. 1275-1289, Oct. 2025, doi: 10.60126/maras.v3i4.1253.

AF. Muzakki, D. Aditama, and 1.G. Anugrah, “Penerapan metode autoregressive integrated moving
average untuk memprediksi penggunaan barang medis pada logistik medis Rumah Sakit Muhammadiyah
Gresik,” Indexia, vol. 4, no. 1, pp. 1-16, Jun. 2022, doi: 10.30587/indexia.v4il.3595.

U. Usmadi, “Pengujian persyaratan analisis (uji homogenitas dan uji normalitas),” Inov. Pendidik., vol.
7,no0. 1, pp. 50-62, Mar. 2020, doi: 10.31869/ip.v7i1.2281.

U. Yakubu and M. Saputra, “Time series model analysis using autocorrelation function (ACF) and partial
autocorrelation function (PACF) for e-wallet transactions during a pandemic,” Int. J. Glob. Oper. Res.,
vol. 3, pp. 80-85, Aug. 2022, doi: 10.47194/ijgor.v3i3.168.

A. Mall and S. Singh, “Modelling and forecasting of CERES-retrieved ultraviolet radiation and AOD
using a seasonal-ARIMA model in urban regions of Indo-Gangetic Plain,” Atmos. Environ., vol. 362,
Dec. 2025, Art. no 121570, doi: 10.1016/j.atmosenv.2025.121570.

F.E. Mokorimban, Y. Langi, and N. Nainggolan, “Penerapan metode autoregressive integrated moving
average (ARIMA) dalam model intervensi fungsi step terhadap indeks harga konsumen di Kota Manado,”
d’Cartesian, vol. 10, no. 2, pp. 91-99, Sep. 2021, doi: 10.35799/dc.10.2.2021.34969.

K.R.A. Muslihin and B.N. Ruchjana, “Model autoregressive moving average (ARMA) untuk peramalan
tingkat inflasi di Indonesia,” Limits J. Math. Its Appl., vol. 20, no. 2, pp. 209-218, Jul. 2023, doi:
10.12962/limits.v20i2.15098.

I. Fadliani, I. Purnamasari, and W. Wasono, “Peramalan dengan metode SARIMA pada data inflasi dan
identifikasi tipe outlier (Studi kasus: Data inflasi Indonesia tahun 2008-2014),” J. Stat. Univ.
Muhammadiyah Semarang, vol. 9, no. 2, pp. 109-116, Dec. 2021, doi: 10.26714/jsunimus.9.2.2021.109-
116.

https://journal.uii.ac.id/ENTHUSIASTIC p-ISSN 2798-253X

e-ISSN 2798-3153



ENTHUSIASTIC 56
International Journal of Applied Statistics and Data Science

(23]

[24]

[25]

[26]

[27]

(28]

[29]

[30]

[31]

F. Ayiah-Mensah, S. Bosson-Amedenu, E.M. Baah, and J.A. Addor, “Advancements in seasonal rainfall
forecasting: A seasonal auto-regressive integrated moving average model with outlier adjustments for
Ghana’s Western Region,” Sci. Afr., vol. 28, Jun. 2025, Art. no €02632, doi: 10.1016/j.sciaf.2025.¢02632.
N. Septiani, N. Salam, and K. Khairullah, “Prakiraan indeks kekeringan menggunakan metode seasonal
autoregressive integrated moving average (SARIMA) berdasarkan data standardized precipitation index
(SPI) Kota Banjarbaru,” RAGAM J. Stat. Its Appl., vol. 2, no. 2, pp. 77-89, Jan. 2024, doi:
10.20527/ragam.v2i2.11334.

J. Dai, Y. Xiao, Q. Sheng, J. Zhou, Z. Zhang, and F. Zhu, “Epidemiology and SARIMA model of deaths
in a tertiary comprehensive hospital in Hangzhou from 2015 to 2022,” BMC Public Health, vol. 24, no.
1, Sep. 2024, Art. no 2549, doi: 10.1186/s12889-024-20033-7.

D. Widyanti, S. Sudarno, and T. Widiharih, “Analisis volatilitas bitcoin menggunakan model ARCH dan
GARCH,” J. Gaussian, vol. 12, no. 2, pp. 254-265, Jul. 2023, doi: 10.14710/j.gauss.12.2.254-265.

Q. Cao, Z. Sun, and H. Li, “Comparative analysis of SARIMA, prophet, and a diagnostic decomposition—
correction hybrid for long-horizon lottery sales forecasting,” Entropy, vol. 28, no. 3, March 2026, Art.
no 286, doi: 10.3390/e28030286.

H.N.D. Fortuna and A. Oktaviarina, “Metode SARIMA ARCH peramalan jumlah produksi padi
Kabupaten Ngawi menggunakan metode SARIMA ARCH,” MATHunesa J. Ilm. Mat., vol. 12, no. 2, pp.
418-427, Apr. 2024, doi: 10.26740/mathunesa.v12n2.p418-427.

D.W. Laraswati and A. Fauzan, “Implementasi metode runtun waktu dalam pemodelan total harga alat
kedokteran dan kesehatan,” Jambura J. Probab. Stat., vol. 4, no. 1, pp. 30-38, May 2023, doi:
10.34312/jjps.v4il.17873.

H. Ning et al., “Enhancing public health surveillance: SARIMAX model incorporating Baidu search
index for HCV prediction in China,” BMC Med. Res. Methodol., vol. 25, no. 1, Apr. 2025, Art. no. 108,
doi: 10.1186/s12874-025-02562-w.

B.G. Prianda and E. Widodo, “Perbandingan metode seasonal ARIMA dan extreme learning machine

pada peramalan jumlah wisatawan mancanegara ke Bali,” BAREKENG J. llmu Mat. Dan Terap., vol. 15,
no. 4, pp. 639—650, Dec. 2021, doi: 10.30598/barekengvollSissdpp639-650.

https://journal.uii.ac.id/ENTHUSIASTIC p-ISSN 2798-253X

e-ISSN 2798-3153



