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Abstract – Accurate forecasting of regional export values is critical for effective macroeconomic planning. However, 

these indicators often exhibit complex volatility and structural shocks that challenge traditional frameworks. This study 

compares the forecasting performance of Autoregressive Integrated Moving Average (ARIMA) method against the 

machine learning architecture Long Short-Term Memory (LSTM), utilizing the monthly export values of Lampung 

Province. Data from January 2015 to December 2024 were partitioned into a training set (2015-2022) and testing set 

(2023-2024). For the linear approach, following Box-Cox transformation and first-order differencing, an 

ARIMA(1,1,0)(1,0,1)[12] model was fitted to the data based on Akaike Information Criterion (AIC) with comparison to 

other models of ARIMA. Simultaneously, an LSTM network was constructed using a 12-month lookback window and Min-

Max scaling. The results indicate that the optimized ARIMA model achieved a lower Root Mean Squared Error (RMSE) 

of 94,030,344 compared to the LSTM network of 395,566,847 during the 24 months testing window. The ARIMA model 

effectively captured the underlying linear trends and stable annual seasonality without overfitting the training data. The 

study concludes that for moderately sized time series, ARIMA remains highly robust and can outperform complex machine 

learning architectures. Consequently, while neural networks offer advanced capabilities, classical frameworks should 

remain a primary tool for establishing baseline indicators in regional forecasting. 
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1. INTRODUCTION 

International trade, particularly export activity, serves as a fundamental pillar for regional and national 

economic growth. The foundational theories of regional economic development have long established that the 

growth of the export sector stimulates domestic industries, generates employment, and significantly increases 

a region’s gross domestic product [1]. This remains a critical sector of modern development economics, 

demonstrating that consistent export activities provide the important foreign exchange necessary to finance 

infrastructure and technological advancement in developing nations [2]. Consequently, understanding and 

anticipating the trajectory of export values is very important for policymakers to maintain economic stability. 

In the context of Indonesia, Lampung Province represents a critical region in the national export chain. 

Historically, Lampung has established itself as a primary center for natural resource commodities such as 

pepper, coffee, and rubber [3]. Regional economic theories suggest that infrastructure development and robust 

export structure in areas like Lampung are essential for national development [4]. Therefore, accurately 

forecasting Lampung’s monthly export values is mandatory requirement for regional macroeconomic 

planning, resource allocation, and market strategies. Forecasting macroeconomic indicators presents 

significant analytical challenges. Time series data for regional exports are inherently volatile, characterized by 

seasonal cycles, long-term trends, and sudden changes driven by global economic shocks [5]. Specifically, 

Lampung’s export values show a strong linear trend and stable annual seasonality, yet they remain susceptible 

to non-linear behavior caused by global market shocks. Identifying the underlying process requires robust 

statistical techniques that can separate true economic signals from random market noise. 

The Autoregressive Integrated Moving Average (ARIMA) model has served as the gold standard for univariate 

time series forecasting. The methodology excels at capturing linear dependencies, stabilizing non-stationary 

data through differencing, and mapping seasonal fluctuations using historical lags [6]. ARIMA has been 
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extensively utilized in applied econometrics to model economic indicators, including gross domestic product, 

inflation, and trade volumes [7]. Despite its robustness, classical ARIMA models often struggle to capture 

highly complex, non-linear relationships and are particularly vulnerable to sudden, extreme shocks. 

To address the limitations of ARIMA, deep learning architectures have recently emerged as powerful 

alternatives in economic forecasting. Specifically, the Long Short-Term Memory (LSTM) network, a 

specialized variant of Recurrent Neural Networks (RNN) developed by Hochreiter and Schmidhuber [8], was 

designed explicitly to process sequential data. By utilizing a system of internal gate mechanisms, LSTMs can 

retain long-term memory of temporal dependencies while actively forgetting irrelevant noise [9]. This 

capability has made LSTM highly effective in forecasting complex, non-linear financial and economic time 

series that do not satisfy traditional assumptions [10], [11]. 

Several empirical studies have demonstrated that LSTMs significantly outperform ARIMA by drastically 

reducing error rates when modeling highly complex, high-frequency datasets [12], [13], [14]. However, deep 

learning architectures are inherently data-hungry and prone to overfitting, often resulting in traditional 

statistical models like ARIMA outperforming sophisticated neural networks when applied to smaller, low-

frequency datasets [15], [16], [17]. In the context of Indonesian economic forecasting, researchers have begun 

exploring both methods with mixed results. While some studies advocate for hybrid LSTM approaches to 

capture non-linear export components[18], others have found that classical ARIMA models continue to yield 

lower forecasting errors than LSTM when predicting regional supply chain and commercial activities limited 

by sample size [19]. 

This study aims to comparatively evaluate the forecasting performance of the traditional ARIMA model 

against the deep learning LSTM architecture using the monthly export values of Lampung Province from 2015 

to 2024. By employing recursive forecasting, this research will determine whether the LSTM or ARIMA 

provides superior predictive accuracy for moderately sized regional economic datasets. The performance of 

both models will be objectively evaluated using the Root Mean Squared Error (RMSE) metric, providing 

regional policymakers with recommendation for future macroeconomic modeling. 

While alternative methods such as SARIMAX [20], Prophet [21], GRU [14], or Hybrid models exist [18], this 

study intentionally focused on a direct comparison between a classical baseline model of ARIMA and 

fundamental deep learning architecture of LSTM. This boundary is essential to evaluate the capabilities of 

both frameworks without the bias introduced by exogeneous variables or complexity of hybrid frameworks. 

Furthermore, this research implements a recursive forecasting strategy. Unlike direct forecasting, which 

models each future data point independently, recursive forecasting uses the predicted value from the previous 

step as an input for the subsequent step. This strategy is scientifically chosen as it more accurately represents 

real-world condition where future actual data is unavailable. However, this approach is highly susceptible to 

error accumulation at each step.  

Although numerous studies have evaluated ARIMA and LSTM, a research gap remains: previous literature 

has not addressed how the accumulation of error in recursive forecasting differs between ARIMA compared 

to LSTM in the case of Lampung’s export data. Therefore, this study aims to fill this gap by investigating and 

comparing the ARIMA and LSTM performance during the recursive forecasting process for export values in 

Lampung Province. 

2. RESEARCH METHODOLOGY 

2.1. Data 

The analysis in this study utilizes secondary time series data obtained from official database of Badan Pusat 

Statistik Indonesia [22]. The dataset comprises the total monthly export values originating from Lampung 

Province, measured in US Dollar (US$). The observation period spans exactly ten years, from January 2015 

to December 2024, yielding a total of 120 consecutive monthly data points. 
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Table 1. Data description. 

Data Description Timeframe Observations (𝒏) 

Dependent variable (𝑌𝑡) Total monthly export value 25.00 30 

Training set Sample data for model estimation 75.15 10 

Testing set Data for forecasting validation 44.75 50 

As shown in Table 1, for the purpose of model estimation and validation, the dataset is strictly partitioned into 

two distinct subsets: a training set and a testing set. The training set accounts for 80% of the data (96 months) 

and is utilized exclusively for identifying the ARIMA parameters and optimizing the LSTM network weights. 

The remaining 20% (24 months) serves as the benchmark for evaluating the predictive accuracy of both 

forecasting architectures. 

2.2. Stationarity 

A fundamental prerequisite for building ARIMA model is the assumption of stationarity. A time series is 

considered strictly stationary if its mean and variance remain constant over time. Because macroeconomic 

indicators like export values inherently exhibit growth, increasing volatility, and trends, the raw data must be 

mathematically transformed and tested prior to model estimation. 

The first step in data preprocessing for ARIMA modeling is to address the non-stationarity in variance 

(heteroscedasticity). When the variance of a time series changes over time it violates the foundational 

assumptions of classical forecasting. To stabilize the variance, this study employs the Box-Cox transformation 

[23]. The Box-Cox method evaluates a range of power transformations governed by the parameter 𝜆. The goal 

of Box-Cox transformation is to find the optimal value of 𝜆 that normalizes the data and stabilizes the variance 

across the entire series. If the calculated value of 𝜆 is approximately 1, it indicates that the original data is 

already stable in variance. Conversely, if 𝜆 = 0, a natural logarithmic transformation is optimal, while other 

fractional values dictate specific power transformations as in Equation 1: 

𝑦𝑖(𝜆) =
𝑦𝑖

𝜆 − 1

𝜆
, 𝜆 ≠ 0. (1) 

Once the variance is stabilized, the series must be evaluated for stationarity in the mean. A series with a non-

constant mean will produce autoregressive property. To objectively determine the stationarity, the Augmented 

Dickey-Fuller (ADF) test is applied [24]. The ADF test operates under the following hypotheses: (1) Null 

Hypothesis (𝐻0): The time series data is non-stationary in the mean; and (2) Alternative Hypothesis (𝐻1): The 

time series data is stationary.  

2.3. Autocorrelation Analysis 

Following the stabilization of variance and mean, the next critical phase is the identification of the structural 

parameters for the ARIMA model. This is achieved through the diagnostic examination of the Autocorrelation 

Function (ACF) and the Partial Autocorrelation Function (PACF) plots. These functions quantify the linear 

dependence of the time series across different temporal lags, allowing researchers to isolate the specific 

autoregressive (AR) and moving average (MA) terms. 

The Autocorrelation Function measures the gross linear correlation between the current observation of a time 

series and its historical values at prior lags. The ACF plot is primarily utilized to identify the order of the non-

seasonal moving average component and the seasonal moving average component. If the ACF plot exhibits a 

significant spike at specific lags before sharply cutting off to zero, it indicates that the series is influenced by 

unobserved shocks from those corresponding past periods. Furthermore, significant spikes at regular, repeating 

intervals provide visual confirmation of annual seasonality within the variable. 

While the ACF measures the total correlation, the Partial Autocorrelation Function isolates the direct 

correlation between current observation and a specific lagged value by mathematically removing the influence 
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of all intermediate lags. The PACF is the primary diagnostic tool for determining the non-seasonal 

autoregressive order (𝑝) and the seasonal autoregressive order (𝑃) [25]. 

2.4. ARIMA 

The ARIMA architecture mathematically maps the future value of a variable as a linear combination of its own 

past values (AR terms), past forecast errors (MA terms), and the differencing required to achieve stationarity. 

Differencing is required to achieve stationarity, capturing both the non-seasonal and seasonal dynamics. To 

concisely express the mathematical formulation of the ARIMA model, the backshift operator 𝐵 is utilized, 

where 𝐵𝑌𝑡 = 𝑌𝑡−1 and 𝐵𝑠𝑌𝑡 = 𝑌𝑡−𝑠. The general equation 𝐴𝑅𝐼𝑀𝐴(𝑝, 𝑑, 𝑞)(𝑃, 𝐷, 𝑄)[𝑠] model is defined as: 

Φ𝑃(𝐵𝑠)𝜙𝑝(𝐵)(1 − 𝐵)𝑑(1 − 𝐵𝑠)𝐷𝑌𝑡 = Θ𝑄(𝐵𝑠)𝜃𝑞(𝐵)𝜖𝑡 (2) 

Where: 

1. 𝑌𝑡 represents the Box-Cox transformed value at time 𝑡. 

2. 𝜖𝑡 represents the error term at time 𝑡. 

3. 𝑠 represents the seasonal length. 

4. 𝑑 and 𝐷 are the orders of non-seasonal and seasonal differencing. 

5. 𝜙𝑝(𝐵) = 1 − 𝜙1𝐵 − 𝜙2𝐵2 − ⋯ − 𝜙𝑝𝐵𝑝 is the non-seasonal autoregressive polynomial. 

6. 𝜃𝑞(𝐵) = 1 + 𝜃1𝐵 + 𝜃2𝐵2 + ⋯ + 𝜃𝑞𝐵𝑞 is the non-seasonal moving average polynomial. 

7. Φ𝑃(𝐵𝑠) = 1 − Φ1𝐵𝑠 − Φ2𝐵2𝑠 − ⋯ − Φ𝑃𝐵𝑃𝑠 is the seasonal autoregressive polynomial. 

8. Θ𝑄(𝐵𝑠) = 1 + Θ1𝐵𝑠 + Θ2𝐵2𝑠 + ⋯ + Θ𝑄𝐵𝑄𝑠 is the seasonal moving average polynomial. 

Following the identification of the candidate 𝑝, 𝑞, 𝑃, and 𝑄 orders via the ACF and PACF plots, the model 

coefficients are estimated using the Maximum Likelihood Estimation (MLE) method. MLE determines the 

coefficients that maximize the probability of obtaining the observed data [26]. 

2.5. Akaike Information Criterion 

To objectively select the single most optimal configuration among identified candidate models of ARIMA, the 

Akaike Information Criterion (AIC) is employed. The AIC evaluates the trade-off between the maximum 

likelihood and the complexity of the model (number of estimated parameters). The model yielding the lowest 

AIC score is mathematically selected as the most optimal model. The AIC values are calculated as follows: 

𝐴𝐼𝐶 = −2(ln 𝐿 − 𝐾). (3) 

Where ln 𝐿 is the maximum likelihood of the model and 𝐾 is the number of parameters for the model [27]. 

2.6. Ljung-Box Test 

In ARIMA modeling, a model is appropriate if the forecasting errors must closely resemble a white noise 

process. The residuals must be independently and identically distributed with a mean of zero and a constant 

variance. Most importantly, there must be no correlation between the residuals across different time lags. 

To objectively test the white noise assumption, this study employs the Ljung-Box test. The Ljung-Box test 

comprehensively examines the overall randomness of the residuals based on a number of cumulative lags [28]. 

The formal hypotheses for the Ljung-Box test are defined as follows: (1) Null Hypothesis (𝐻0): The residuals 

are independently distributed; and (2) Alternative Hypothesis (𝐻1): The residuals are not independently 

distributed. 

2.7. Data Standardization 

Neural networks, particularly Long Short-Term Memory (LSTM) models, are sensitive to the absolute scale 

of their input features. If extreme raw values are introduced to the functions inside LSTM, this can trigger the 

vanishing gradient problem, where the neural network algorithm fails to update internal weights. This can lead 

to the model not being able to learn from the temporal dynamics of the time series. 
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To guarantee algorithmic convergence and computational efficiency, the data must be normalized before it fed 

into the neural network. This study employs Min-Max scaling to transform all observations into bounded range 

of [0,1]. The standardization is mathematically defined by the following Equation 4: 

𝑋𝑡
′ =

𝑋𝑡 − 𝑋min

𝑋max − 𝑋min
. (4) 

Where 𝑋𝑡 is the original value, 𝑋min is the minimum recorded observation, and 𝑋max is the maximum 

recorded observation [29]. 

2.8. Long Short-Term Memory (LSTM) 

This study employs a deep learning approach using Long Short-Term Memory (LSTM) networks. The 

fundamental innovation is the introduction of a memory cell state (𝑐𝑡) capable of carrying relevant information 

through long temporal sequences. The diagram in Figure 1 provides a visual representation of LSTM internal 

structure. 

 

Figure 1. LSTM network structure. 

The forget gate determines which information from the previous cell state is no longer relevant and should be 

discarded. It analyzes ℎ𝑡−1 and 𝑥𝑡, outputting a value between 0 and 1 for each component in the previous cell 

state 𝑐𝑡−1. The formulation is given by the following Equation 5: 

𝑓𝑡 = 𝜎(𝑊𝑓 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓) (5) 

Where 𝑊𝑓 is the weight matrix, 𝑏𝑓 is the bias vector, and [ℎ𝑡−1, 𝑥𝑡] is the concatenation of the previous hidden 

state and the current input. 

The input gate decides what new information will be stored in the cell state. It involves two steps: the input 

gate (𝑖𝑡) decides which values to update using a sigmoid function and tangent hyperbolic function creates a 

vector of new candidate values (𝑐̂𝑡). The formulation is given below: 

𝑖𝑡 = 𝜎(𝑊𝑖 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖) (6) 

𝑐̂𝑡 = tanh(𝑊𝑐 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑐) 

Where 𝑊𝑖 , 𝑊𝑐 are weight matrices and 𝑏𝑖, 𝑏𝑐 are bias vectors. The old state 𝑐𝑡−1 is now updated to the new cell 

state 𝑐𝑡 using the below formula: 

𝑐𝑡 = 𝑓𝑡 ∗ 𝑐𝑡−1 + 𝑖𝑡 ∗ 𝑐̂𝑡 . (8) 

The output gate controls what information from the current cell state will be output to the hidden state. This 

gate generates the hidden state (ℎ𝑡). 

𝑜𝑡 = 𝜎(𝑊𝑜 ⋅ [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑜 (9) 

ℎ𝑡 = 𝑜𝑡 ∗ tanh(𝑐𝑡) .  
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Where 𝑊𝑜 and 𝑏𝑜 are the weight matrix and bias vector for the output gate [30]. 

2.9. Cross-Validation and Hyperparameter Optimization 

To ensure the LSTM network was optimized and to justify the selected parameters, a hyperparameter grid 

search was conducted. In standard machine learning, hyperparameters are typically optimized using k-fold 

cross-validation. However, applying standard k-fold cross-validation to time series data is fundamentally 

flawed since randomly shuffling observations destroys the temporal sequence [31]. 

To preserve the temporal sequence property, this study employed specific Time Series Cross-Validation, 

namely Expanding Window (or walk-forward) approach. Under this methodology, the 2015-2022 training 

partition was divided into three sequential folds. For the first fold, the network was trained on an 2015-2018 

data and validated on the subsequent 2019 data. The second fold used 2015-2019 as training data and the year 

2020 as validation data. The final fold incorporates 2015-2020 data as training data and 2021 data as validation 

data. Using this expanding window framework, a grid search was executed to evaluate combinations of three 

critical LSTM hyperparameters: (1) Number of layers between 1 or 2 layers of LSTM network; (2) Number of 

neurons for each layer can be 10,20,30, and 50 neurons; (3) Training duration (epochs) with fixed training 

durations of 20, 50, or 100 epochs. 

2.10. RMSE 

To objectively determine the superior forecasting architecture between the SARIMA model and LSTM 

network, a standardized evaluation metric must be applied to testing data. This study relies on the Root Mean 

Squared Error (RMSE) as the benchmark. The formulation is mathematically defined as: 

𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(𝑌̂𝑡 − 𝑌𝑡)

2
 

𝑛

𝑡=1

. (10) 

Where 𝑛 represents the total number of observations, 𝑌𝑡 represents the actual value at time 𝑡, and 𝑌̂𝑡 represents 

the model’s forecasted value at time 𝑡 [32]. 

3. RESULTS AND DISCUSSION 

3.1. Descriptive Analysis 

A visual and descriptive analysis of the raw time series data is conducted to identify underlying patterns. The 

dataset comprises 120 monthly observations of Lampung Province’s total export values spanning a complete 

decade from January 2015 to December 2024. The time series is illustrated in Figure 2. 

 
Figure 2. Monthly export value of Lampung Province. 

A visual inspection of the complete time series plot reveals distinct macroeconomic phases over the ten-year 

period. From 2015 through 2022, the export values were relatively stable and repeating seasonal fluctuations. 

However, the values shift significantly from 2022 to 2024. During this period, export values violently fluctuate 

and show macroeconomic shocks. 
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To properly evaluate the forecasting under SARIMA and LSTM models, the data is partitioned into two distinct 

temporal parts: the training set and testing set. The training data contains 96 months from January 2015 through 

December 2022, accounted for 80% of the whole data. The testing data isolates the final 24-months period 

from January 2023 to December 2024. The plot of the training and testing data is given in Figure 3. 

 
Figure 3. Training and testing data for monthly export value of Lampung Province. 

3.2. Stationarity Testing and Variance Stabilization 

An initial visual inspection of the raw data suggested the presence of heteroscedasticity, where the variance 

increased proportionally with the values of exports. The results of the Box-Cox log-likelihood plot is given in 

Figure 4. 

 
Figure 4. Box-Cox log-likelihood plot. 

The plot illustrates a curve, with the maximum likelihood peak identifying the optimal transformation 

parameter at 𝜆 = −0.28. It confirms that the original export data suffered from variance instability. By 

applying the Cox-Box transformation, the variance of the new time series data remains constant across the 

entire training set. Following the stabilization of the variance, the transformed series was tested for stationarity 

in the mean using the Augmented Dickey-Fuller (ADF) test. The following Table 2 shows the result of the 

ADF test. 

Table 2. ADF test result. 

Test p-value Description 

ADF 0.2805 Non-stationary 

 

The ADF test yielded a p-value of 0.2805 strictly greater than the standard 𝛼 = 0.05 significance threshold. 

Consequently, this confirms that the time series is non-stationary in the mean. To fix this non-stationarity, 

first-order differencing was applied to the transformed data. The differenced data is plotted in Figure 5. 
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Figure 5. First-order difference data of Lampung’s export values. 

3.3. Autocorrelation and Partial Autocorrelation Plots 

Following the implementation of the Box-Cox transformation and first-order differencing, the next phase 

involves identifying the appropriate autoregressive and moving average parameters by analyzing the 

Autocorrelation Function (ACF) and Partial Autocorrelation Function (PACF) plot of the differenced data. 

Figure 6 visualizes the ACF and PACF plots for the training data. The horizontal dashed blue lines represent 

the 95% confidence intervals. Spikes extending beyond the blue lines indicate statistically significant linear 

dependencies at those specific lags. 

 

Figure 6. ACF and PACF plots. 

An examination of the PACF plot reveals a highly significant negative spike at lag 1. This is primary indicator 

of a first-order autoregressive process, suggesting an AR parameter of 𝑝 = 1. Furthermore, lag 12 and near 24 

are more significant than others, indicating a seasonal component of 𝑠 = 12 months and a first-order seasonal 

autoregressive term 𝑃 = 1. Combining these visual inspection yields model 𝐴𝑅𝐼𝑀𝐴(1,1,0)(1,0,0)[12] as 

SARIMA base model. 

Because visual identification is subjective, it is necessary to specify other candidate models surrounding the 

initial base model. The following candidate models were constructed for comparative estimation: 

1. Model 1: 𝐴𝑅𝐼𝑀𝐴(1,1,0)(1,0,0)[12] 
2. Model 2: 𝐴𝑅𝐼𝑀𝐴(0,1,1)(1,0,0)[12] 
3. Model 3: 𝐴𝑅𝐼𝑀𝐴(1,1,1)(1,0,0)[12] 
4. Model 4: 𝐴𝑅𝐼𝑀𝐴(1,1,0)(0,0,1)[12] 
5. Model 5: 𝐴𝑅𝐼𝑀𝐴(1,1,0)(1,0,1)[12]. 

3.4. SARIMA Model Selection 

To objectively select the single most robust model among the candidates, the Akaike Information Criterion 

(AIC) was employed. A better model will have a lower value of AIC. The estimated model and the 

corresponding AIC values for all five candidate models are summarized in Table 3. 
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Table 3. Candidate ARIMA models and AIC values. 

Model Parameters AIC 

1 𝐴𝑅𝐼𝑀𝐴(1,1,0)(1,0,0)[12] -1092.747 

2 𝐴𝑅𝐼𝑀𝐴(0,1,1)(1,0,0)[12] -1092.488 

3 𝐴𝑅𝐼𝑀𝐴(1,1,1)(1,0,0)[12] -1091.919 

4 𝐴𝑅𝐼𝑀𝐴(1,1,0)(0,0,1)[12] -1092.321 

5 𝑨𝑹𝑰𝑴𝑨(𝟏, 𝟏, 𝟎)(𝟏, 𝟎, 𝟏)[𝟏𝟐] -1094.685 

 

Based on the evaluation of AIC, the model 𝐴𝑅𝐼𝑀𝐴(1,1,0)(1,0,1)[12] yielded the lowest AIC score of -

1094.685. Consequently, this model selected as the optimal ARIMA model for this study. 

3.5. Residual Analysis 

In ARIMA modeling, an estimated model is only appropriate if it has successfully extracted all information 

from the historical data. When a model is fully optimized, the residuals must exhibit the properties of a white 

noise process, meaning they are independently distributed, normally distributed around a mean of zero, and 

display no significant autocorrelation. 

 
Figure 7. ACF plot and histogram of residuals. 

Figure 7 visualizes the diagnostic plots for the model’s residuals. The histogram on the right demonstrates that 

the residual distribution is highly symmetrical and well-centered around zero, closely similar to the normal 

distribution curve. The ACF plot on the left reveals that all correlation spikes fall safely within the 95% 

confidence intervals. This strongly suggests that there is no structural information left behind by the ARIMA 

model. 

Table 4. Ljung-Box test result. 

Test p-value Description 

Ljung-Box 0.9933 White noise residual 

To provide objective, statistical confirmation of these findings, the Ljung-Box test was applied. The result of 

this test is summarized in Table 4. This result formally confirms that the residuals are strictly independent and 

similar to white noise. Consequently, the 𝐴𝑅𝐼𝑀𝐴(1,1,0)(1,0,1)[12] is statistically fit for our training data. 

3.6. LSTM Network 

To empirically determine the optimal LSTM architecture, aa hyperparameter grid search was executed within 

the 3-fold expanding window. The optimization algorithm evaluated 24 distinct architectural combinations, 

iterating through varians in network depth (1 or 2 layers), cell state size (10, 20, 30, and 50 neurons per layer), 

and training duration (20, 50, and 100 epochs). For each configuration, the network was trained and validated 

across the three folds. The performance of each candidate architecture was calculated using RMSE. Table 5 

lists the top five models of LSTM network with each parameter and its RMSE value. 
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Table 5. Top 5 models of LSTM network specification. 

Rank Layers Neurons Epochs Mean CV RSME 

1 2 50 100 73129098 

2 1 50 100 73601481 

3 1 20 50 78079600 

4 1 50 20 78879253 

5 1 50 50 79845035 

 

The optimal architecture, achieving the lowest Mean Cross-Validation RMSE of 73129098 utilized a stacked 

design of 2 layers with the maximum tested number of neurons of 50 neurons and the longest training duration of 100 

epochs. This validates the need of two-layer architecture to separately process seasonal fluctuations and trends. 

Furthermore, the 50-neuron capacity provided the necessary dimension to capture complex interactions. Consequently, 

the 2-layer, 50 neuron, 100 epoch configuration was selected as the deep learning specification for our data. 

3.7. Model Selection 

With the parameters of both the classical SARIMA model and the deep learning LSTM network 

mathematically optimized on the 2015-2022 historical data, the study proceeded to the final phase: 24-month 

recursive forecast for the 2023-2024 period. This testing phase is particularly challenging due to the volatile 

nature observe in late 2024 data. To objectively quantify predictive accuracy, the forecasts of both models 

were evaluated against the actual testing data using the Root Mean Squared Error (RMSE). The final RMSE 

metrics for the 24-month period are presented in Table 6. 

Table 6. Forecasting RMSE for ARIMA and LSTM models. 

Model RMSE 

𝐴𝑅𝐼𝑀𝐴(1,1,0)(1,0,1)[12] 94030344 

LSTM network 395566847  

The mathematical results demonstrate that the classical ARIMA architecture vastly outperformed the LSTM 

network. The LSTM's forecasting error was much larger than the forecasting error of the ARIMA model. A 

visual representation of the export value forecasting results using the ARIMA and LSTM models is presented 

in Figure 8. 

 
Figure 8. Forecasting plot of ARIMA and LSTM. 

In the figure above, the ARIMA model’s forecast establishes a relatively flat line prediction between 400 

million and 500 million US dollars. Because the ARIMA model relies on explicit mathematical rule, 

specifically the rigid seasonal parameters and trend, it follows the trajectory of historical data. In contrast, the 

LSTM network exhibits a massive upward trend that immediately deviate from the actual data in early 2023 

and accelerating quickly. Because the neural network has no explicit mathematical model to follow, it relies 
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entirely on its own prior prediction of a small number of data. When the LSTM made a minor overestimation 

in one month, that creates a compounding feedback loop and the error accumulated. 

4. CONCLUSIONS 

This study empirically evaluated the forecasting performance of ARIMA and LSTM network using the 

monthly export values of Lampung Province from 2015 to 2024. While deep learning models are frequently 

praised for their ability to map complex pattern in data, the forecasting results demonstrated that the classical  

𝐴𝑅𝐼𝑀𝐴(1,1,0)(1,0,1)[12] outperformed the LSTM network. The LSTMs are relatively poor when executing 

long-term recursive forecasts on moderately sized, highly volatile regional time series macroeconomic data. 

The forecasting RMSE of LSTM with value of 395566847 is much larger than RMSE of ARIMA with value 

94030344. Under conditions of volatile dataset, mathematical formulation of an ARIMA model provide a safer 

and more accurate forecasting baseline for economic data with moderate data point size. 
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