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ABSTRACT 

Malaysia is one of the top countries that produces natural rubber and was ranked sixth place 

globally. The earnings from natural rubber products are making billions of ringgit for the 

country. However, over the past years the natural rubber production in Malaysia has been 

inconsistent and the deficiencies in the production can affect Malaysia’s economy. Therefore, 

it is important for relevant agencies and departments to understand the patterns and trends of 

natural rubber production in Malaysia besides having the ability to forecast. Hence, the 

integrated autoregressive moving average (ARIMA), seasonal autoregressive moving average 

(SARIMA) and the seasonal Holt-Winter’s model were being considered for the purpose of 

modelling and forecasting this study. The forecast accuracy criteria used to evaluate the 

performance of the models are the root mean square error (RMSE) and mean absolute 

percentage error (MAPE). The results showed that the seasonal Holt-Winter’s model appeared 

to be the best model as it yielded the lowest RMSE and MAPE values. The seasonal Holt-

Winter’s model, however, is not a good choice of model as it was unable to forecast six months 

ahead values. On the other hand, the SARIMA model had a better forecast ability when 

forecasting the values for the same duration. Therefore, the SARIMA model is taken to be the 

model in forecasting the natural rubber production in Malaysia for that period. This study has 

shown that the best fit model that fulfil all the forecast accuracy criteria may not have the best 

forecast ability. 

Keywords: Natural rubber production, Holt-Winter’s model, SARIMA model. 

1. Introduction 

Natural rubber is a hydrocarbon polymerized milky colloidal suspension liquid substance 

known as latex (Hays, 2015) where the natural and synthetic rubber are two common types of 

rubber (Arumugam and Anithakumari, 2013).  Since Malaysia have suitable climate and soils, 

rubber tree can be planted almost anywhere in Malaysia (Krishnan, 2011). Malaysia was one 

of the top countries that produced natural rubber and ranked the sixth place globally in the 

natural rubber production behind Thailand, Indonesia, Vietnam, India and China (Economic 

History Malaya, 2016). However, Malaysia still imports natural rubber from other countries. 

According to the Rubber Journal Asia (2017), one of the important contributors to Malaysia’s 

economy is natural rubber. The earnings from natural rubber products are still making billions 

of ringgit and also manage to provide employment to society from urban to rural areas. The 

Malaysian Government was targeting to expand more in the manufacturing sector of natural 

rubber to ensure Malaysia’s standing at the international level for rubber industry (Matade, 

2016). Hence, the Malaysian Government has made the rubber plantation as one of the priority 

in its economic development. Rubber industry could provide RM 52.9 billion to Malaysia’s 
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Gross National Income (GNI) by 2020 based on current projections. This shows that natural 

rubber is essential to the growth of Malaysia’s economy and industries. Therefore, in order to 

make predictions, we use time series models as the purpose of time series analysis is to 

understand the patterns that are evolving over time and exert these patterns to predict future 

behaviour (Farrelly, 2017).  

The integrated autoregressive moving average (ARIMA) models which have become 

popular in recent times and had been used in various fields like gold analysis (Guha and 

Bandyopadhyay, 2016), modelling of rice production (Biswas & Bhattacharyya, 2013 and 

Hamjah, 2014) and natural rubber price analysis (Khin, Chong, Mohammed and Shamsudin, 

2007). The ARIMA models had also been applied in modelling the natural rubber production 

in India and Thailand by Chawla and Jha (2009) and Kosanan and Kantanantha (2014) 

respectively. The ARIMA models with a seasonal component which is the integrated seasonal 

autoregressive moving average (SARIMA) models are useful for data series that have seasonal 

effects (Hipel and McLeod, 1994). Wang, Feng and Liu (2013) as well as Yamoah, Saeed and 

Karim (2016) applied SARIMA models in the study of precipitation in China and Ghana 

respectively while Chang and Liao (2010) forecasted tourist arrivals in Taiwan using SARIMA 

model. The application of the SARIMA model to forecast natural rubber production was done 

by Arumugan and Anithakumari (2013) in India. Besides the SARIMA models, another model 

that can handle seasonality effect is the seasonal Holt-Winter’s model by Holt and Winter 

(Hyndman and Anthanasopoulos, 2012). This model is one of the best techniques for time series 

data that has both seasonal and trend components. Some of its recent applications were found 

in the study of cloud resource provisioning (Shahin, 2016) and to forecast short-term electricity 

demand in England and Wales (Ruiter, 2017) as well as in Ireland (Kavanagh, 2017). The 

seasonal Holt-Winter’s model was also applied in the study to forecast natural rubber 

production in India (Arumugam and Anithakumari, 2013). 

Although natural rubber production in Malaysia is an important economic contributor to 

the country, the inconsistency in the production level is a major concern to the exportation 

activities in the agriculture sector. In the year 2017, the fluctuation of rubber production was 

obvious between April and July where the production dropped by 3.4% in July compared to the 

growth of 8.7% in the previous month (Rubber Journal Asia, 2017). Besides, the drop in the 

natural rubber stocks in April 2017 by 9.7% has resulted in a decline in the agriculture sector 

of the Malaysia’s exportation activities. As such, in order to meet the continuous demand in 

natural rubber globally, it is important for the relevant agencies and departments to understand 

the patterns and trends besides having the ability to forecast rubber production in Malaysia. 

A previous study done by Khin, Chong, Mohammed and Shamsudin (2008) had used 

econometric analysis to model and forecast natural rubber production in Malaysia. However 

there are still not many studies done in the similar field. Most of the studies done were related 

to the modelling of natural rubber focusing on the natural rubber prices like the those found in 

Mdludin, Applanaidu and Abdullah (2016), Khin and Thambiah (2015) and In (2012). 

Therefore, in this study, we consider modelling and forecasting the natural rubber production 

in Malaysia using some univariate time series models, namely, the ARIMA, SARIMA and 

seasonal Holt-Winter’s models. The methodology which includes the time series modelling 

procedures will be discussed in Section 2 while the results of the study will be presented in 

Section 3. Finally, the conclusions are contained in Section 4. 

2. Methodology 

2.1 The Data Set 

The statistics of natural rubber production in Malaysia were collected by the Department of 

Statistics Malaysia (Department of Statistic Malaysia, 2017). The data of natural rubber 

production (in tonnes) were recorded from all rubber plantations in Malaysia. The monthly data 

of natural rubber production from the year 2006 to 2016 that consist of 132 observations were 

obtained from Malaysian Rubber Board. The time series plot of the data is shown in Figure 1.  



Mah et.al., Malaysian Journal of Computing, 3 (2): 108–118, 2018 

 

110 

 

 

Figure 1: The time series plot from January 2006 to December 2016. 

 

2.2 Time Series Modelling Procedures 

 

For the purpose of time series modelling, all the 132 observations were divided into two parts 

where the first 120 observations (from January 2006 to December 2015) were used to fit the 

univariate times series models of ARIMA, SARIMA and seasonal Holt-Winter’s while the 

remaining 12 observations were kept for the post sample forecast accuracy check. The process 

of model fitting was done using the computer software R programming language. The accuracy 

of the forecasts in this study were evaluated using the root mean square error (RMSE) and mean 

absolute percentage error (MAPE) as given in Eq. (1) and Eq. (2) respectively 

RMSE =
1

𝑛
(∑ (𝑥𝑖 − 𝑥𝑖)2𝑛

𝑖=1 )1 2⁄      (1) 

MAPE =
1

𝑛
(∑ |

𝑥𝑖−𝑥̂𝑖

𝑥𝑖
|𝑛

𝑖=1 )      (2) 

where 𝑥𝑖 are the actual observed values and 𝑥𝑖 are the predicted values while 𝑛 is the number 

of predicted values. 

2.2.1 ARIMA Model 

ARIMA models are combined functions of the autoregressive (AR) and moving average (MA) 

models. This model is formulated when the stationarity assumption of the variable is not met 

(Lazim, 2016). The general term of the model is ARIMA (p, d, q), where p and q are the orders 

of the AR process and MA process respectively while d is the order of integration or 

differencing process. The ARIMA model is as given in Eq. (3). 

∅(𝐵)(1 − 𝐵)𝑑𝑋𝑡 = 𝜃(𝐵)𝑍𝑡                                                  (3) 

where {Zt} is an uncorrelated random variable with zero mean and constant variance denoted 

by {𝑍𝑡} ~ WN(0,𝜎2) while ∅(𝑧) and 𝜃(𝑧) are polynomials of degrees p and q, respectively.  

The function ∅(𝑧) ≠ 0 for |z| ≤ 1 and B is backward shift operator (Brockwell and Davis, 2002) 

The forecast package in the R programming language was used to model up the best 

ARIMA model. A function called “auto.arima” was used to find the best ARIMA model for the 

time series with some order constraints where the order constraints consist of the order of first 

differencing, restriction to find a model with non-seasonality, information criterion to be used 

in model selection, the instruction to use stepwise selection and Box-Cox transformation 

parameter. The order of first differencing was set to be 1 in order to remove the trend. The 

information criterion used in this model was the AICC (bias-corrected Akaike’s information 

criterion) statistic while the Box-Cox transformation parameter was set at 0 in order to stabilize 

the variability. The other order constraints that were not set returned as default. The coefficient 

of the ARIMA model can be obtained from the summary function (Ayoade et. al, 2018). The 
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best model was then used to forecast the subsequent 12 values using the forecast function with 

the order constraints where the number of steps ahead of forecast values was set at 12 and the 

prediction boundaries set at 95%. The prediction boundaries were used to check the validity of 

the model. 

2.2.2 SARIMA Model  

 

SARIMA models deal with both the seasonal and non-seasonal differencing, d and D 

respectively (Lazim, 2016). SARIMA (p,d,q) (P,D,Q)s processes with positive integer d and D. 

The SARIMA model defined is as shown in Eq. (4). 

𝜑(𝐵)𝛷(𝐵𝑆)(1 − 𝐵)𝑑(1 − 𝐵𝑆)𝐷𝑌𝑡 = 𝜃(𝐵)𝛩(𝐵𝑆)𝑍𝑡        (4) 

where {Zt} is an uncorrelated random variable with zero mean and constant variance, denoted 

by {𝑍𝑡}~ 𝑊𝑁(0, 𝜎2);  𝜑(𝐵) = 1 − 𝜑1𝐵 − 𝜑2𝐵2 … − 𝜑𝑝𝐵𝑝 satisfying 𝜑(𝑧) ≠ 0 and 𝛷(𝐵𝑆) =

1 − 𝛷1𝐵𝑆 − 𝛷2𝐵2𝑆 … − 𝛷𝑝𝐵𝑃𝑆 satisfying 𝛷(𝑧) ≠ 0 for all z such that |z| ≤ 0. The term 

(1 − 𝐵)𝑑 is the differencing order d, while (1 − 𝐵𝑆)𝐷 is the seasonal differencing order D; and 

𝜃(𝐵) = 1 + 𝜃1𝐵 + 𝜃2𝐵2 … + 𝜃𝑝𝐵𝑞 and 𝛩(𝐵𝑆) = 1 + 𝛩1𝐵𝑆 + 𝛩1𝐵2𝑆 … + 𝛩𝑄𝐵𝑄𝑆 where S is 

the period of the seasonal pattern appearing (Brockwell and Davis, 2002).  

The process of fitting the SARIMA model is similar to that of the ARIMA model but 

with an additional constraint which is the restriction to find the models with seasonality. 

2.2.3 Seasonal Holt-Winter’s Model 

A simple exponential smoothing was extended to allow forecasting of data with a trend series 

by Holt (1957) while Winters (1960) extended Holt’s model to capture seasonality in the data.  

There are two types of seasonal Holt-Winter’s model which are the addictive and multiplicative 

method.  The addictive method is preferred if the seasonal variations are constant throughout 

the series while the multiplicative method is chosen when the variations in seasonal changed 

proportional to the level of the series (Hyndman & Athanasopoulos, 2012). The seasonal Holt-

Winter’s equation consist of three smoothing components which are level 𝑎̂𝑛, trend, 𝑏̂𝑛 and 

seasonal, 𝑐̂𝑛+ℎ components. The generalization of the forecast function is shown in Eq. (5) 

(Brockwell & Davis, 2002). 

𝑃𝑛𝑌𝑛+ℎ =  𝑎̂𝑛 + 𝑏̂𝑛ℎ +  𝑐̂𝑛+ℎ,          h = 1, 2, …      (5) 

The function called “Holt Winters” is used to find the Holt-Winter’s model for time series 

in R language. The seasonal variety “addictive” is used to handle the seasonality in the time 

series. The model with the best coefficients is used to forecast the subsequent 12 values using 

the forecast function with the order constraints set at 12 and prediction boundaries set at 95%.  

3. RESULTS 

The monthly forecast from January to December 2016 of natural rubber production in Malaysia 

using the ARIMA model, SARIMA model and seasonal Holt-Winter’s model are presented in 

this section. 

3.1 ARIMA Model 

The ARIMA models together with their respective AICC statistics obtain using the R 

programming language are as displayed in Figure 2.  The ARIMA model with the lowest AICC 

value is ARIMA (3, 1, 1) given by Eq. (6). 

             𝑋𝑡 =  0.4916𝑋𝑡−1 − 0.2872 𝑋𝑡−2 − 0.1865 𝑋𝑡−3 +   𝑍𝑡  −  0.7434 𝑍𝑡−1      (6) 

where {𝑍𝑡} ~ 𝑊𝑁 (0,0.02956) and AICC value = 73.712. The forecasted values and their 

95% confidence intervals together with the actual values for the year 2016 were tabulated in 

Table 1 while the plot of these values are shown in Figure 3. It is clear from Table 1 and Figure 

3 that not all actual values were within the 95% forecast intervals as the actual values for the 
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month of May 2016 as highlighted in bold is found below the lower bound of the 95% forecast 

intervals. 

 

Figure 2:  Results of the ARIMA models and their AICC values obtained using R. 

Table 1: The monthly forecasts of natural rubber production in Malaysia from January to December 

2016 using the ARIMA (3, 1, 1). 

Month Actual value Forecasted value 95% confidence interval 

January 75447.60 69535.41 (49641.96, 97400.92) 

February 54564.30 64801.02 (42539.11, 98713.20) 

March 57697.50 59401.01 (38410.68, 91861.94) 

April 41786.40 58694.18 (37951.43, 90774.08) 

May 33558.20 60618.29 (39190.80, 93761.21) 

June 47187.70 62810.44 (40392.78, 97669.74) 

July 45623.00 63469.2 (40211.55, 100178.80) 

August 59673.20 62769.31 (39137.24, 100671.04) 

September 60058.00 61830.21 (38147.03, 100216.81) 

October 62225.20 61449.74 (37668.23, 100245.50) 

November 66293.30 61656.74 (37586.15, 101142.41) 

December 69727.00 62042.54 (37571.22, 102452.80) 

 

Figure 3: The forecasted and actual values of monthly natural rubber production in Malaysia from 

January to December 2016. 

3.2 SARIMA Model 

The list of SARIMA models together with their AICC values obtained from R programming 

language are as displayed in Figure 4.  The best SARIMA model which has the lowest AICC 

value is SARIMA (0, 1, 1) (0, 1, 1)12. The model is given by Eq. (7). 

(1 − 𝐵)(1 − 𝐵12)𝑌𝑡 = (1 − 0.5691𝐵)(1 − 0.7153𝐵12)𝑍𝑡        (7) 

 ARIMA(0,1,0)                               : -43.36913 

 ARIMA(1,1,0)                               : -41.31711 

 ARIMA(0,1,1)                               : -41.34002 

 ARIMA(1,1,2)                               : -66.78704 

 ARIMA(3,1,2)                               : -71.95704 

 ARIMA(2,1,1)                               : -73.36258 

 ARIMA(1,1,1)                               : -39.84045 

 ARIMA(3,1,1)                               : -73.71163 

 ARIMA(3,1,0)                               : -66.44702 

 ARIMA(2,1,0)                               : -49.9424 

Best model: ARIMA(3,1,1) 
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where {𝑍𝑡} ~ 𝑊𝑁 (0,0.02022) and AICC value = 100.644. Table 2 shows the monthly actual 

and forecast values of the natural rubber production from January to December 2016 together 

with their 95% confidence intervals while the plot of these values are shown in Figure 5. All 

the actual natural rubber production fall within the 95% forecast boundaries.  

 

Figure 4: Results of the SARIMA models and their AICC values obtained using R. 

 
Table 2: The monthly forecasts of natural rubber production in Malaysia from January to December 

2016 using the SARIMA (0, 1, 1) (0, 1, 1)12. 

Month Actual value Forecasted value 95% confidence interval 

January 75447.60 83425.59 (63123.92, 110256.61) 

February 54564.30 74246.86 (54503.83, 100587.80) 

March 57697.50 55944.44 (40359.17, 77548.19) 

April 41786.40 41720.89 (29460.81, 59082.98) 

May 33558.20 47623.51 (32957.77, 68815.28) 

June 47187.70 60803.11 (41282.20, 89554.79) 

July 45623.00 66337.62 (44227.07, 99501.95) 

August 59673.20 61729.67 (40443.97, 94218.05) 

September 60058.00 66020.55 (42537.34, 102467.93) 

October 62225.20 63336.43 (40155.30, 99899.71) 

November 66293.30 56520.20 (35280.16, 90547.57) 

December 69727.00 66335.46 (40787.45, 107885.96) 

 

 

Figure 6: The forecasted and actual values of monthly natural rubber production in Malaysia from 

January to December 2016. 

3.3 Seasonal Holt-Winter’s Model 

The model for seasonal Holt-Winter’s is given by Eq. (8),  

 ARIMA(2,1,2)(1,1,1)[12]                    : -94.33372 

 ARIMA(0,1,0)(0,1,0)[12]                    : -52.38657 

 ARIMA(1,1,0)(1,1,0)[12]                    : -83.8923 

 ARIMA(0,1,1)(0,1,1)[12]                    : -100.6444 

 ARIMA(0,1,1)(1,1,1)[12]                    : -98.70288 

 ARIMA(0,1,1)(0,1,0)[12]                    : -72.8277 

 ARIMA(0,1,1)(0,1,2)[12]                    : -98.7079 

 ARIMA(0,1,1)(1,1,2)[12]                    : Inf 

 ARIMA(1,1,1)(0,1,1)[12]                    : -99.92659 

 ARIMA(0,1,0)(0,1,1)[12]                    : -79.56654 

 ARIMA(0,1,2)(0,1,1)[12]                    : -99.51345 

 ARIMA(1,1,2)(0,1,1)[12]                    : Inf 

 Best model: ARIMA(0,1,1)(0,1,1)[12] 
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𝑃𝑛𝑌𝑛+ℎ =  𝑎̂𝑛 + 𝑏̂𝑛ℎ +  𝑐̂𝑛+ℎ ,  ℎ = 1, 2, …      (8) 

where 

𝑎̂𝑛+1 =  0.352(𝑌𝑛+1 − 𝑐̂𝑛+1−𝑑) + 0.648(𝑎̂𝑛 + 𝑏̂𝑛 ) 

𝑏̂𝑛+1 = 𝑏̂𝑛 

𝑐̂𝑛+1 =  0.481(𝑌𝑛+1 −  𝑎̂𝑛+1) + 0.519 ĉ𝑛+1−𝑑 

The value for alpha which is 0.352 is close to zero. This indicates that the forecasts are based 

on both the recent and less recent observations. The beta value is zero shows that the estimate 

of the slope 𝑏̂𝑛 of the trend component is not updated over the time series thus, it is set to the 

original value. This means that when the level change over time series, the slope remains 

roughly the same. The gamma value of 0.481 which is near to zero indicates that the older data 

values weigh more than the new ones.  The monthly forecasts for the natural rubber production 

in Malaysia from January 2016 to December 2016 are tabulated in Table 3. The actual and 

predicted values together with 95% forecast intervals are shown in Figure 7. Table 3 and Figure 

7 clearly show that all the actual values for the natural rubber production are within the 95% 

forecast boundaries. 

Table 3: The monthly forecasts of natural rubber production in Malaysia from January to December 

2016 using the seasonal Holt-Winter’s model. 

Month Actual value Forecasted value 95% confidence interval 

January 75447.60 82499.98 (62154.52, 102845.44) 

February 54564.30 69724.15 (48152.12 , 91296.18) 

March 57697.50 49400.73 (26668.21 , 72133.25) 

April 41786.40 32597.51 (8760.94 , 56434.08) 

May 33558.20 39831.78 (14940.07 , 64723.48) 

June 47187.70 54865.46 (28961.56 , 80769.35) 

July 45623.00 61664.12 (34786.12 , 88542.11) 

August 59673.20 58441.14 (30623.14 , 86259.15) 

September 60058.00 63459.44 (34732.17 , 92186.71) 

October 62225.20 60115.29 (30506.66 , 89723.92) 

November 66293.30 50904.14 (20439.64 , 81368.64) 

December 69727.00 61511.36 (30214.39 , 92808.33) 

 

Figure 7: The forecasted and actual values of monthly natural rubber production from January to 

December 2016. 

3.4 Comparison between SARIMA (0, 1, 1) (0, 1, 1)12 and Seasonal Holt-Winter’s Model 

The results in Section 3.1 shows that the ARIMA (3, 1, 1) is unable to forecast the natural 

rubber production in Malaysia well as one of the actual is found outside the 95% forecast 

boundaries. Therefore, in this section, we only compare the RMSE and MAPE values of the 

SARIMA (0, 1, 1) (0,1,1)12 and seasonal Holt-Winter’s models in order to find the better model. 
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From Table 4, it is obvious that between the two models, the seasonal Holt-Winter's model is a 

better model as it yields the lower RMSE and MAPE values which are highlighted in bold. 

 

 

 

 

 
Table 4: The RMSE and MAPE values of the SARIMA (0, 1, 1) (0, 1, 1)12  and seasonal                     

Holt-Winter’s model 

Model RMSE MAPE 

SARIMA (0,1,1)(0,1,1)12 10,856.91 16.73% 

Seasonal Holt-Winter's 9,619.06 15.81% 

Next, we compare the forecast ability of the SARIMA and seasonal Holt-Winter’s model where 

the monthly forecasts from January to June 2017 of natural rubber production in Malaysia using 

the SARIMA (0, 1, 1) (0, 1, 1)12 and seasonal Holt-Winter’s model are tabulated in Table 5 and 

6 respectively. Table 5 shows that all the actual natural rubber production values fall within the 

95% forecast boundaries of the SARIMA (0, 1, 1) (0, 1, 1)12 model but the actual value for the 

month of March 2017 (highlighted in bold) is found above the upper boundary of the 95% 

forecast boundaries when using the seasonal Holt-Winter’s model as tabulated in Table 6. This 

clearly indicates that the SARIMA model has a better forecast ability. 

Table 5: The monthly forecasts of natural rubber production in Malaysia from January to June 2017 

using the SARIMA (0, 1, 1) (0, 1, 1)12. 

Month Actual value Forecasted value 95% Confidence Interval 

January 64871.00 81266.92 (48035.95 , 137486.85) 

February 88698.00 72325.69 (41812.47 , 125106.36) 

March 81387.00 54496.85 (30840.45 , 96299.07) 

April 49144.00 40641.34 (25213.19 , 73307.40) 

May 43962.00 46391.23 (25213.19 , 85357.92) 

June 50614.00 59299.81 (31577.41 , 111097.45) 

 

Table 6: The monthly forecasts of natural rubber production in Malaysia from January to June 2017 

using the seasonal Holt-Winter’s model. 

Month Actual value Forecasted value 95% Confidence Interval 

January 64871.00 74771.28 (40681.33 , 108861.22) 

February 88698.00 61995.82 (27159.93 , 96831.71) 

March 81387.00 41672.44 (34314.48 , 77238.37) 

April 49144.00 24868.75 (-11413.06 , 61150.55) 

May 43962.00 32103.18 (-4880.39 , 69086.74) 

June  50614.00 47136.67 (9464.42 , 84808.93) 

4. Conclusions  

The aim of this study is to model and forecast the natural rubber production in Malaysia using 

univariate time series models, namely the ARIMA, SARIMA and seasonal Holt-Winter’s 

model. The results show that all the actual monthly natural rubber production for the year 2016 

were within the 95% forecast boundaries of the SARIMA and seasonal Holt-Winter’s models 

but not the ARIMA model. Between the two models, the seasonal Holt-Winter’s model 

appeared to be the better model as it yielded the smaller RMSE and MAPE values. However, 

when the seasonal Holt-Winter’s model is used to forecast the six months ahead values (from 

January to June 2017), one actual values was found outside the 95% forecast boundaries. 

Instead, the SARIMA model could forecast well for the same duration. From this study, it can 

be concluded although the ARIMA model is one of the basic models in time series analysis it 
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is not necessarily suitable for all kinds of dataset. Besides, this study also shows that the best 

fit model that fulfil all the forecast accuracy criteria may not have the best forecast ability. 

Hence the SARIMA model is the alternative model in this study. Since this study only considers 

univariate time series models which are very sensitive towards sudden changes, therefore it is 

important to update the models when new data become available. The use of the intervention 

time series and multiple time series can be considered for further study as these models consider 

other variables besides time alone in forecasting the production of natural rubber in Malaysia.

   

References 

Arumugam, P., & Anithakumari, V. (2013). SARIMA model for Natural Rubber production in 

India. International Journal of Computer Trends and Technology, 4(8), 2480-2484. 

Retrieved September 27, 2017 from http://ijcttjournal.org/Volume4/issue-8/IJCTT-

V4I8P116.pdf 

Ayoade, A. A., Ibrahim, M. O., Peter, O. J, Oguntolu, F.A. (2018). On The Global Stability Of 

Cholera Model With Prevention And Control. Malaysian Journal of Computing, 3(1), 28-

36. 

Biswas, R., & Bhattacharyya, B. (2013). ARIMA Modelling to Forecast Area and Production 

of Rice in West Bengal. Journal of Crop and Weed, 9(2), 26–31. Retrieved September 25, 

2017  from http://oaji.net/articles/2014/1378-1419350766.pdf  

Brockwell, P. J., & Davis, R. A. (2002). Introduction to Time Series and Forecasting (2nd ed.). 

New York: Springer-Verlag. 

Chang, Y. W., & Liao, M. Y. (2010). A Seasonal ARIMA Model of Tourism Forecasting: The 

Case of Taiwan. Asia Pacific Journal of Tourism Research, 15, 215–221. 

https://doi.org/10.1080/109416610036330001  

Chawla, D., & Jha, V. S. (2009). Forecasting Production of Natural Rubber in India. Sage 

Journal. https://doi.org/10.1177/0971890720090107 

Department of Statistics Malaysia (2017). Agriculture. Retrieved October 12, 2017, from 

http://www.dosm.my/v1/index.php?r=column/cone&menu_id=MVgvSXFPVGZyWnA5

R2RYSDIVWFVBZz09 

Economic History Malaya. (2016). Early 20th Century Rubber Development. Retrieved October 

10, 2017, from https://www.ehm.my/publications/articles/about-rubber  

Farrelly, C. (2017). What is the importance and usage of time series. Retrieved Jun 21, 2017, 

from https://www.quora.com/What-is-the-importance-and-usage-of-Time-Series  

Guha, B., & Bandyopadhyay, G. (2016). Gold Price Forecasting using ARIMA Model. Journal 

of Advanced Management Science, 4(2) https://doi.org/10.12720/joams.4.2.117-121 

Hamjah, M. A. (2014). Rice Production Forecasting in Bangladesh: An Application of Box-

Jenkins ARIMA Model. Model Theory and Modeling, 4(4).  

Hays, J. (2015). Rubber in Malaysia. Retrieved September 26, 2017 from 

http://factsanddetails.com/southeast-asia/Malaysia/sub5_4e/entry-3702.html 

http://ijcttjournal.org/Volume4/issue-8/IJCTT-V4I8P116.pdf
http://ijcttjournal.org/Volume4/issue-8/IJCTT-V4I8P116.pdf
http://oaji.net/articles/2014/1378-1419350766.pdf
https://doi.org/10.1080/109416610036330001
https://doi.org/10.1177/0971890720090107
http://www.dosm.my/v1/index.php?r=column/cone&menu_id=MVgvSXFPVGZyWnA5R2RYSDIVWFVBZz09
http://www.dosm.my/v1/index.php?r=column/cone&menu_id=MVgvSXFPVGZyWnA5R2RYSDIVWFVBZz09
https://www.ehm.my/publications/articles/about-rubber
https://www.quora.com/What-is-the-importance-and-usage-of-Time-Series
https://doi.org/10.12720/joams.4.2.117-121
http://factsanddetails.com/southeast-asia/Malaysia/sub5_4e/entry-3702.html


Mah et.al., Malaysian Journal of Computing, 3 (2): 108–118, 2018 

 

117 

 

Hipel, K. W., & McLeod, A. I. (1994). Chapter 12 Seasonal Autoregressive Integrated Moving 

Average Models. Developments in Water Science, 45, 419-462. 

https://doi.org/10.1016/S0167-5648(08)70673-7  

Holt, C. E. (1957). Forecasting seasonals and trends by exponentially weighted 

averages (O.N.R. Memorandum No. 52). Carnegie Institute of Technology, Pittsburgh 

USA. https://doi.org/10.1016/j.ijforecast.2003.09.015 

Hyndman, R. J., & Athanasopoulos, G. (2012). Forecasting: Principles and Practice. Retrieved 

April 22, 2018, from http://www.otexts.org/fpp/8/9  

In, S. (2012). Forecasting the Price of Natural Rubber in Malaysia (Doctoral dissertation, 

California State University, Sacramento, California). Retrieved December 11, 2017 from 

http://csus-dspace.calstate.edu/bitstream/handle/10211.9/1784/Thesis.pdf?sequence=3  

Kavanagh, K. (2017). Short Term Demand Forecasting for the Integrated Electricity Market. 

Student Journal of Energy Research, 2(1). http://doi.org/10.21427/D75G90  

Khin, A. A., Chong, E. C. F., Mohammed, Z., & Shamsudin, M. N. (2007). An Econometric 

Analysis of Price Forecasting of Natural Rubber in the World Market, Kuala Lumpur, 

Malaysia. The 3rd International Borneo of Business Conference. Retrieved December 11, 

2017 from https://www.researchgate.net/publication/282783438   

Khin, A. A., Chong, E. C. F., Mohammed, Z., & Shamsudin, M. N. (2008). Forecasting of 

Natural Rubber Production in Malaysia and World Markets. An Econometric Analysis. 

Paper presented at the USM-UPM-PETA Conference Agriculture as a Business: The 

Paradigm and The Challenges, Penang, Malaysia. Retrieved October 4, 2017 from 

https://www.researchgate.net/publication/282783275 

Khin, A. A., & Thambiah, S. (2015). Natural Rubber Price Forecasting Models of Malaysian 

Natural Rubber Market: Between Theory and Reality. Multimedia University (MMU). 

Retrieved December 13, 2017 from 

https://www.researchgate.net/publication/283043796_Natural_Rubber_Price_Forecastin

g_Models_of_Malaysian_Natural_Rubber_Market_Between_Theory_and_Reality  

Kosanan, O., & Kantanantha, N. (2014). Thailand’s Para Rubber Production Forecasting 

Comparison. World Congress on Engineering, 2, 979–984. Retrieved October 15, 2017 

from http://www.iaeng.org/publication/IMECS2014/IMECS2014_pp979-984.pdf  

Krishnan, S. (2011). Rubber Cultivation in Malaysia. Retrieved September 16, 2017, from 

http://icsehelp-resources.blogspot.my/2011/02/rubber-cultivation-in-malaysia.html  

Lazim, M. A. (2016). Introductory Business Forecasting-a practical approach (3rd ed.).  Shah 

Alam, Selangor: UiTM Press. 

Matade, S. P. (2016). Rubber a High-Priority Area for Malaysia. Retrieved October 1, 2017 

from http://www.rubberasia.com/2016/03/09/rubber-a-high-priority-area-for-malaysia-

mazlan-harun/  

Mdludin, N., Applanaidu, S., & Abdullah, H. (2016). An Econometric Analysis of Natural 

Rubber Market in Malaysia. International Journal of Environmental & Agriculture 

Research, 2(6), 2454–1850. Retrieved December 13, 2017 from 

https://ia800402.us.archive.org/23/items/IJOEARMAY201659/IJOEAR-MAY 2016-

59.pdf.  

https://doi.org/10.1016/S0167-5648(08)70673-7
https://doi.org/10.1016/j.ijforecast.2003.09.015
http://www.otexts.org/fpp/8/9
http://csus-dspace.calstate.edu/bitstream/handle/10211.9/1784/Thesis.pdf?sequence=3
http://doi.org/10.21427/D75G90
https://www.researchgate.net/publication/282783438
https://www.researchgate.net/publication/282783275
https://www.researchgate.net/publication/283043796_Natural_Rubber_Price_Forecasting_Models_of_Malaysian_Natural_Rubber_Market_Between_Theory_and_Reality
https://www.researchgate.net/publication/283043796_Natural_Rubber_Price_Forecasting_Models_of_Malaysian_Natural_Rubber_Market_Between_Theory_and_Reality
http://www.iaeng.org/publication/IMECS2014/IMECS2014_pp979-984.pdf
http://icsehelp-resources.blogspot.my/2011/02/rubber-cultivation-in-malaysia.html
http://www.rubberasia.com/2016/03/09/rubber-a-high-priority-area-for-malaysia-mazlan-harun/
http://www.rubberasia.com/2016/03/09/rubber-a-high-priority-area-for-malaysia-mazlan-harun/
https://ia800402.us.archive.org/23/items/IJOEARMAY201659/IJOEAR-MAY%202016-59.pdf
https://ia800402.us.archive.org/23/items/IJOEARMAY201659/IJOEAR-MAY%202016-59.pdf


Mah et.al., Malaysian Journal of Computing, 3 (2): 108–118, 2018 

 

118 

 

Rubber Journal Asia (2017). The natural rubber industry still an important part of the Malaysian 

economy – Deputy Chief Minister. Retrieved September 17, 2017 from 

https://rubberjournalasia.com/the-natural-rubber-industry-still-an-important-part-of-the-

malaysian-economy-deputy-chief-minister/  

Ruiter, M. (2017). Using Exponential Smoothing Methods for Modelling and Forecasting 

Short-Term Electricity Demand (Bachelor Thesis, Erasmus University Rotterdam, 

Rotterdam, Netherlands). Retrieved from https://thesis.eur.nl/pub/38564/Ruiter-de.pdf  

Shahin, A. A. (2016). Using Multiple Seasonal Holt-Winters Exponential Smoothing to Predict 

Cloud Resource Provisioning. International Journal of Advanced Computer Science and 

Applications, 7(11). http://doi.org/10.14569/IJACSA.2016.071113    

Wang, S., Feng, J., & Liu, G. (2013). Application of seasonal time series model in the 

precipitation forecast. Mathematical and Computer Modelling, 58(3–4), 677–683. 

https://doi.org/10.1016/J.MCM.2011.10.034 

Winters, P. R. (1960). Forecasting sales by exponentially weighted moving 

averages. Management Science, 6, 324–342. https://doi.org/10.1287/mnsc.6.3.324 

Yamoah, E. A., Saeed, B. I. I., & Karim, A. (2016). Sarima Modelling and Forecasting of 

Monthly Rainfall in the Brong Ahafo Region of Ghana. World Environment, 6(1), 1–9. 

https://doi.org/10.5923/j.env.20160601.01  

 

 

https://rubberjournalasia.com/the-natural-rubber-industry-still-an-important-part-of-the-malaysian-economy-deputy-chief-minister/
https://rubberjournalasia.com/the-natural-rubber-industry-still-an-important-part-of-the-malaysian-economy-deputy-chief-minister/
https://thesis.eur.nl/pub/38564/Ruiter-de.pdf
http://doi.org/10.14569/IJACSA.2016.071113
https://doi.org/10.1016/J.MCM.2011.10.034
https://doi.org/10.1287/mnsc.6.3.324
https://doi.org/10.5923/j.env.20160601.01

