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best model that provides the most accurate predictions for decision-
making and market stability. The study finds that the Long Short-Term
Memory (LSTM) model outperforms the ARIMA model in forecasting
SMR20 prices, demonstrated by its superior accuracy and lower error
metrics: MAE of 791.706, RMSE of 88.383, and MAPE of 9.398%. While
ARIMA, based on the Box-Jenkins methodology, provides a reasonable
fit for traditional time series data, it struggles to capture nonlinear
dependencies in price patterns, whereas LSTM excels at modelling
complex, non-linear relationships and long-term trends. These findings
highlight the potential of advanced machine learning techniques like
LSTM in agricultural commodity forecasting. The study emphasizes the
significance of machine learning models in forecasting systems to
enhance decision-making, risk management, and market stability in
Malaysia's rubber industry. Future research should explore
incorporating external variables, such as climate dynamics and global
economic factors, to further improve forecasting accuracy and expand
model applicability.

1. Introduction

Natural rubber, primarily derived from Hevea brasiliensis, is a key agricultural commodity in Malaysia,
underpinning both the national economy and global markets. As one of the world’s leading producers, Malaysia
generates approximately 996,000 metric tons of natural rubber annually. Among its products, Standard Malaysia
Rubber 20 (SMR20) stands out as the most utilized grade due to its affordability and versatility in various
industrial applications [1]. However, the industry is frequently challenged by significant price volatility, which
creates uncertainties for stakeholders and complicates market stability.

The fluctuating prices of SMR20 are driven by diverse economic and environmental factors, including global
demand, crude oil price trends, and climate variability [2]. These variations disproportionately affect smallholders
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reliant on predictable incomes and policymakers striving to ensure market balance. Accurate forecasting of
SMR20 prices is therefore critical to enabling stakeholders to mitigate risks and make informed decisions.

Traditionally, time-series forecasting methods such as the Autoregressive Integrated Moving Average
(ARIMA) model have been used to predict prices of agricultural commodities, including natural rubber [3]. ARIMA
models leverage past observations and error terms to predict future values, making them effective for capturing
linear relationships and short-term dependencies. Despite their utility, ARIMA models face inherent limitations
when applied to data with non-linear patterns or long-term dependencies, as is often the case with volatile
commodities like natural rubber.

Advancements in machine learning have introduced method such as Long Short-Term Memory (LSTM)
networks, which are well-suited for modelling non-linear relationships and identifying complex, long-term
patterns in data. LSTM, a specialized Recurrent Neural Network, is equipped with memory cells and gates that
allow it to retain and utilize information over extended periods, indicating a useful tool for analysing dynamic
time-series data [4]. This has positioned LSTM as a promising alternative to traditional statistical methods for
commodity price forecasting [5].

LSTM’s potential has been demonstrated in a range of fields, from finance to energy, and particularly in
forecasting time-series data. In the agricultural sector, LSTM networks have been successfully applied for price
prediction in commodities such as coffee, maize, and cotton. Compared to ARIMA, LSTM can better capture
intricate patterns, making it an emerging alternative for agricultural price forecasting.

In summary, this research aims to apply forecasting models for natural rubber price SMR20 prediction using
ARIMA and LSTM methods. The study will evaluate and compare the accuracy of these models using performance
metrics, including Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), and Root Mean Squared
Error (RMSE). By identifying the most accurate and reliable forecasting model, the research will then utilize the
best-performing model to predict the future price of natural rubber SMR20.

2. Research Methodology

2.1Data Description

The dataset employed in this research consists of monthly price data for natural rubber SMR20, sourced from the
official website of the Malaysia Rubber Board (MRB) [6] via http://www3.lgm.gov.my/mre/MonthlyPrices.aspx.
The data spans from January 2014 to December 2024, encompassing a total of 132 observations. For the purpose
of model training and evaluation, the dataset is partitioned into two distinct subsets: the training dataset, which
comprises 120 observations from January 2014 to December 2023, and the testing dataset, consisting of 12
observations from January 2024 to December 2024. Statistical software, including MINITAB and Python, will be
utilized for data analysis and the development of the forecasting models.

2.2ARIMA

The Autoregressive Integrated Moving Average (ARIMA) model is one statistical approach designed for time series
prediction, particularly effective in capturing linear trends. The ARIMA model incorporates three components:
autoregression (AR) moving averages (MA), and differencing (I), which work together to model and forecast
stationary data.

Box-Jenkins approach is also known as the ARIMA method. Generally, The Box-Jenkins methodology consists
of three steps which include model identification, parameter estimation, and diagnostic checking as shown in Fig.
1. Box-Cox transformation was applied to stabilize variance in the dataset.

First, model identification is the crucial step of the ARIMA Box-Jenkins methodology. The goal is to select an
appropriate model structure for the time series data. This involves ensuring that the data is stationary, which may
require differencing to stabilize the mean and variance [7]. Autocorrelation analysis is then conducted using ACF
and PACF plots to understand the relationships within the data, guiding the selection of model parameters [8].
The ACF helps identify the moving average (MA) component, while the PACF indicates the autoregressive (AR)
component. Through these steps, the optimal values for the AR, differencing, and MA parameters are determined,
leading to the selection of an initial ARIMA(p,d,q) model structure.

Once a model is identified, the next step is parameter estimation. In this step, the focus is on identifying the
optimal ARIMA model by estimating its parameters and evaluating the model’s performance. Parameters with p-
values less than the significance level of 0.05 are considered statistically significant and vice-versa. Model fit is
then assessed by comparing the Mean Squared Error (MSE), where model with the lowest MSE represents best fit
in terms of prediction accuracy. To further validate the model, the Ljung-Box test is performed to check for
autocorrelation in the residual [9]. A non-significant p-value from the Ljung-Box test suggests that the residuals
exhibit no autocorrelation, implying that the method has adequately identified the core patterns within the time
series data. Lastly, the Akaike Information Criterion (AIC) is used to evaluate the trade-off between model fit and
complexity; a lower AIC indicates a more efficient model.

Penerbit
UTHM


http://www3.lgm.gov.my/mre/MonthlyPrices.aspx

Enhanced Knowledge in Sciences and Technology Vol. 5 No. 2 (2025) p. 452-461 454

Lastly, diagnosis checking is conducted after identifying the optimal ARIMA model. This process involves
validating the model's residuals to ensure that the fitted model is appropriate. The residuals should resemble
white noise, meaning they have no discernible patterns and exhibit characteristics of randomness, such as having
amean of zero and no autocorrelation. If the residuals exhibit significant autocorrelation or other patterns, it may
be necessary to refine the model by adjusting the parameters. Diagnosis checking helps to confirm that the model
adequately captures the underlying time series process and is capable of generating reliable forecasts.
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Fig. 1 Flow Chart of ARIMA method

The general equations of ARIMA or Box-Jenkins method is shown as below;

Qp(ﬁ)vd% = gq(ﬁ)et (1)
where
ve=@1-p)¢° (2)
0p(B) =1— 0,8 — B5% — - — B, P (3)
0,(B) = 1 — 0,8 — 0,87 — -+ — 6, B (4)
After substitution (2), (3), and (4) into Eq. (1), equation of ARIMA model is shown in Eq. (5):
(1= 018 == 8,87)(1 = )%y, = (1= 028 = = 6,5)e (5)
where
y¢ = theith observation in time series data,
B = backward shift operator, (£/y, = Ye-g)
@’s = non-seasonal autoregressive parameters,
0’s = non-seasonal moving-average parameters,
p = order of autoregressive part,
d = degree of first differencing involved,
q = order of the moving average part,
e; = whitenoise
2.3LSTM

The LSTM model, a specialized variant of Recurrent Neural Networks (RNNs), is designed to encounter the
limitations of traditional methods by modelling non-linear patterns and capturing long-term dependencies in
sequential data. Its architecture includes memory cells, input gates, forget gates, and output gates, which work
together to retain or discard information across time [10]. This capability makes LSTM particularly suitable for
volatile and dynamic time-series datasets like SMR20 prices. The LSTM model is trained using backpropagation
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through time, and hyperparameters such as learning rate, number of hidden layers, and epochs are optimized to
enhance predictive accuracy.

In forget gate, a sigmoid function is applied to determine which information should be removed from the
LSTM memory [11]. In second gate, input gate determines what new information should be stored in the cell which
includes the sigmoid layer and tanh layer [12]. The sigmoid layer identifies which values to update while the tanh
layer generates a vector of the new candidate values to be added to the memory cell. The last gate is the output
gate. This gate manages the information extracted from the cell state and decides how much of the current cell
state should be transferred to the following concealed state [13]. The architecture of LSTM is shown in Fig. 2.

Ry A
Ce-1 Ct
X + I >
1 tanh
1
Ji i C, = 0 X
o) [is] [0 l
s L 1 J n
Ly
- — > <
Fig. 2 Architecture of LSTM [6]
fe = o(Wglhe—1, x] + by) (6)
ir = o(Wilhe—1, x¢] + by) (7)
C, = tanh(W,[h,_1,x,] + b,) 8
Ce= fexcer +1 %G, )
0p = 0(Wo[he—1, X¢] + bo) (10)
h; = o, * tanh(C;) (11)
where
ft = forget gate,
i = input gate,
0 = outputgate,
C, = cellstate at timestamp, ¢,
C; = candidate cell state at timestamp, ¢,
o = sigmoid activation function,
W, = weightfor the associated gate (x) neurons
hs_;y = output of the previous LSTM block at preceding time step,
X; = inputatthe current time step,
bg = biases applied to the respective gates (x),
hs = final output,
tanh = tanh function ().

2.4 Performance Metrics

To assess the forecasting accuracy of the ARIMA and LSTM models, this research utilizes three performance
metrics: Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), and Root Mean Square Error
(RMS). These performance metrics offer valuable insights into the model's predictive capabilities and are selected
to ensure a comprehensive evaluation. The model exhibiting the lowest values for MAE, RMSE, and MAPE will be
deemed the most suitable for forecasting [14]. The Mean Absolute Error (MAE) represents the absolute value of
forecast error which is the difference between actual and anticipated value as in Eq. (12).

n 5
MAE = Yt=1lye — Vel (12)
n

Meanwhile, the Root Mean Square Error (RMSE) in Eq. (13) is used to calculate the standard deviation of
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error. It is also known as a scale-dependent error so it cannot be used for comparison with the other series.

Z?:l(yt - yt)z (13)
n

RMSE =

Finally, the Mean Absolute Percentage Error (MAPE) in Eq. (14) is used to determine the average of absolute
percentage differences between the actual values and prediction values.

Zn Ve — e
mape ==l Y 100 (14)
n
where:
Ve = actual price at period ¢,
Ve = forecast price at period ¢,
n = number of observations.

3. Result and Discussion

This part presents the forecasting analysis of Standard Malaysia Rubber 20 (SMR20) monthly prices using two
established methodologies: Autoregressive Integrated Moving Average (ARIMA) and Long Short-Term Memory
(LSTM) neural networks. These models were selected based on their proven capabilities in time series forecasting,
offering complementary strengths in modelling linear trends and capturing complex, non-linear patterns.

The analysis utilized a dataset of 126 monthly observations spanning January 2014 to December 2024,
representing a decade of SMR20 price trends. Preprocessing steps ensured data consistency and quality,
facilitating accurate model training and evaluation. ARIMA was calibrated for optimal lag orders, differencing, and
moving average components, while LSTM leveraged its recurrent architecture to learn intricate temporal
dependencies from the data. Model accuracy was rigorously evaluated using standard forecasting accuracy
metrics, including Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and Mean Absolute Percentage
Error (MAPE). The comparative results demonstrated that LSTM outperformed ARIMA in handling the highly
volatile and non-linear nature of SMR20 prices, while ARIMA proved effective in capturing straightforward linear
patterns.

3.1 Time Series Plot

The time series plot in Fig. 3 shows there are no obvious trends and seasonality present in the data. The SMR20
monthly price data from 2014 to 2023 is used as the training set to build the model while the remaining data in
2024 is used as a testing set to evaluate the forecasting model accuracy.

Time Series Plot of SMR 20 Price
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Fig. 3 Time Series Plot of Natural Rubber SMR 20 Price (RM) in Malaysia from 2014 to 2024

3.2 ARIMA Results

Before applying the ARIMA method, a Box-Cox plot is utilized to check the stability of variance. The analysis
revealed that the variance is not constant as the interval did not include a value of 1. Consequently, Box-Cox
transformation is performed to stabilize the variance and ensure the suitability of the data for ARIMA modelling.
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The rounded result of -1.00 indicated applying a power transformation of -1, which is equivalent to the inverse of
the SMR20 price. Fig. 4 shows the time series plot of the SMR20 price after transformation. Since the points are
not scattered around zero, thus the data may not be stationary. Besides, the ACF plot indicates the ACF dies down

slowly. Thus, this shows that the time series is not stationary.
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Fig. 4 Time Series and ACF plot of Natural Rubber SMR 20 Price (RM) after transformation

After the first differencing process, the time series in Fig. 5 fluctuates around zero indicating the data is
stationary. In addition, the ADF test of first differences data reveals the p-value equal to 0.018, which is smaller
than 5% significant level. Thus, the data is stationary after the first differencing.
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Figure 5 Time Series plot for first differencing data

Based on Fig. 6, the ACF and PACF display notable peaks at lag one. Thus, it suggests that AR component of
order 1 or MA component of order 1 may be appropriate for model identification.
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Fig. 6 ACF and PACF for first differencing data

The possible ARIMA models are ARIMA (0,1,1), ARIMA (1,1,1), and ARIMA (1,1,0). The result of parameter
estimation is shown in Table 1. For ARIMA (1,1,1), the parameters are not statistically significant as the p-values
of AR (1) and MA (1) are larger than 0.05. Thus, ARIMA (1,1,1) is not considered. Lastly, ARIMA (1,1,0) is chosen
as the best model due to the significant parameter, no significant autocorrelation in residuals, small MSE, and the
lowest AIC as compared to ARIMA (0,1,1)
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Table 1 Possible Models of ARIMA

Parameter Ljung-Box Test
Possible Model MSE AIC
p-value p-value

Lag 12: 0.671

AR(1): 0335  Lag24:0.335 _, -1886.50
ARIMA (1,1,1) 7.322e

MA (1):0.393  Lag 36: 0.441

Lag 48: 0.269

Lag 12: 0.639
Lag 24: 0.239 B

ARIMA (1,1,0) AR (1): 0.000 7.320e™° -1887.75
Lag 36: 0.347

Lag 48:0.178

Lag 12: 0.611
Lag 24: 0.305 B

ARIMA (0,1,1)  MA (1): 0.000 7.318¢™° -1887.58
Lag 36: 0.368

Lag 48: 0.164

Eq. (16) presents the ARIMA (1,1,0) model.

®1(ﬁ)71}’t =6,(B)e; (15)
1-0.8A -y =e,
Ve=1+0)y1 — D1yt e

Based on Fig. 7, the ACF plot of residuals shows that most autocorrelation values fall within the 95%
confidence limit. Therefore, the residuals of the ARIMA (1,1,0) model are independent and show no significant
autocorrelation. Besides, the residual plot of ARIMA (1,1,0) indicates that residuals are randomly scattered around
zero with consistent variance. Thus, this concludes that ARIMA (1,1,0) is a good fit model to forecast.
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Fig. 7 Diagnostic Checking on ARIMA (1,1,0)

Fig. 8 shows the forecast SMR20 price using ARIMA (1,1,0). The forecast value indicates a steady future trend
while the testing value is consistently increasing upward in 2024. This highlights that ARIMA model increases
uncertainty in long-term forecasting.
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Fig. 8 Forecast SMR20 Price using ARIMA (1,1,0)

3.3LSTM Model and Forecasting SMR20 Price in 2024

The LSTM model was employed to forecast the price of SMR20 natural rubber as illustrated in Fig. 9. The
forecasted prices for the year 2024 demonstrate the capability of the LSTM model to capture complex temporal
dependencies and trends inherent in the natural rubber price data.

The forecasted prices for 2024 (orange line) show a declining trend, suggesting that the SMR20 natural rubber
prices are expected to decrease gradually over the year. This downward movement may reflect patterns captured
by the model, such as anticipated reductions in demand, improved supply chain conditions, or market corrections
following previous fluctuations.

Time Series Plot of SMR20
Forecast Price

Forecast

Training
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900.000
800.000
700.000
600.000
500.000
400.000

Fig. 9 Forecast SMR20 Price using LSTM

Lastly, LSTM was applied to predict the natural rubber SMR20 price in Malaysia for 2024. Fig. 10 indicates a
downward trend in forecast SMR20 prices starting from March 2024. In contrast, the actual SMR20 price exhibits
a consistent upward trend throughout the year. The downward trend highlighted by the forecast underscores the
LSTM model’s ability to capture complex temporal dependencies. However, it may lack the granularity to account
for external shocks or irregular market behaviours. These forecasts are valuable for stakeholders seeking to
anticipate longer-term market dynamics and strategize accordingly.
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Fig. 10 Actual and Forecast of SMR20 Price in 2024

3.4Forecasting Performance Evaluation

The accuracy of forecasting models is evaluated using MAE, RMSE, and MAPE as shown in Table 2. Based on the
findings, the best forecasting model is LSTM because it has the least MAE (71.706), RMSE (88.383), and MAPE
(9.398%) in performance evaluation. Besides, LSTM is considered a highly accurate forecasting model as the
MAPE is lower than 10%. Thus, LSTM is the best model for SMR20 price forecasting in Malaysia.

Table 2 Forecasting Performance Evaluation

Model Training Testing

MAE RMSE MAPE MAE RMSE MAPE

ARIMA (1,1,0) 24.391 32.732 3984 129.126 138.225 15.988%

LSTM 44,537 64921 7.195 71.706 88.383 9.398%

4. Conclusion

In conclusion, this study successfully achieved its objectives. Box-Jenkins methodology was applied statistical
techniques to address non-stationarity in the data. In contrast, the LSTM model employed advanced deep learning
architectures to capture nonlinear dependencies and dynamic patterns. Based on the performance evaluation, the
LSTM model significantly outperformed ARIMA in predicting accuracy, achieving lower error metrics, including
MAE of 791.706, RMSE of 88.383, and MAPE of 9.398%. These results demonstrate the LSTM model’s robustness
in handling complex time series data, making it a more reliable option for navigating the inherent volatility of the
natural rubber market.

The study shows that LSTM model predicts a downward trend in SMR20 prices for 2024, potentially
indicating market adjustments or changes in supply and demand dynamics. This underscores LSTM’s ability to
capture long-term dependencies while offering practical insights into future market behaviour. This study
recommends that stakeholders in Malaysia's natural rubber industry, including policymakers and the Malaysian
Rubber Board, adopt advanced forecasting models like LSTM to improve decision-making, enhance risk
management, and support strategic planning for smallholders and investors. Integrating external factors such as
climate change, global economic trends, and crude oil prices into forecasting systems could make predictions more
comprehensive, while expanding the dataset to include daily or seasonal data may offer deeper insights into short-
term price fluctuations and trends.

However, the study's focus on SMR20 prices in Malaysia, excluding other rubber grades or international
markets, limits the generalizability of the findings. Additionally, reliance on historical monthly data may overlook
short-term market shocks, and the computational demands of the LSTM model could pose challenges for
organizations with limited resources. Addressing these limitations in upcoming study would improve the broader
applicability of forecasting models for the natural rubber industry.
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