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Abstract  

 

Paddy is an important crop in Malaysia, with the country producing more than 2.43 

million tons of paddy annually, making it a key contributor to national food 

security and the economy. Rice, the staple food for most of the population, also 

serves as a primary source of income for many, particularly small-scale farmers. 

Despite its significance, extreme weather continues to negatively impact paddy 

yields and threatens future production. Traditional linear models often fail to 

capture the complex and nonlinear dependencies between weather extremes and 

agricultural output, resulting in limited predictive accuracy. To address this gap, 

this study aims to examine the effects of weather indices on paddy yield and rice 

production. It utilizes annual data from 1963 to 2022, focusing on temperature and 

rainfall as the primary indicators of weather that disrupts paddy cultivation. The 

copula method is employed to analyze the relationship between extreme weather 

and both paddy yield and rice production. This method is useful for measuring the 

dependency structure between the variables. The findings indicate that the Frank 

Copula provides the best fit among the tested copula families, producing the lowest 

Akaike Information Criterion (AIC) value, suggesting a significant dependence 

between weather extremes and paddy production. These results highlight the 

importance of accurately modelling weather and yield relationships to support food 

security planning in Malaysia. 
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1. Introduction 

 

Rice is one of the most vital staple crops globally, providing nourishment to nearly half of the world’s 

population, especially across Asia. As reported by the Food and Agriculture Organization of the United 

Nations (FAO), the average annual rice consumption in Asia has been around 85 kg per person in recent 

years, significantly higher than Europe’s average of just 6 kg per person. In Malaysia, agriculture plays 

a vital role as a primary source of food supply for the population. However, since the implementation 

of the Eighth Malaysian Plan in 2001, there has been a noticeable decline in focus on agricultural 

development. As a result, the country has become increasingly dependent on food imports. By 2015, 

Malaysia imported food worth RM45 billion, which represented approximately 20% of the national 

budget that year (Lee & Baharuddin, 2018), indicating a lack of self-sufficiency in food production. 
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In addition, the rapid pace of urbanization has led to the conversion of agricultural land into 

residential and commercial areas. In 2016, 75% of Malaysia’s population was classified as urban, 

leaving only 25% in rural areas (The World Bank, 2016). Fruit trees and other crops have been cleared 

to make way for urban development, further reducing the nation’s agricultural capacity. This continued 

loss of agricultural land poses a long-term risk to Malaysia’s food security, especially as domestic crop 

production must compete with the expanding urban infrastructure. 

Malaysia, on the other hand, is more vulnerable to climate variability as the country has 

experienced warm and inconsistent rainfall, particularly in the last two decades (Tang, 2019). Climate 

change is defined as long-term changes in temperature, rainfall, or precipitation patterns (NASA, 2024) 

and it has a direct impact on agriculture. As a traditionally agrarian country, Malaysia’s agriculture 

sector is particularly susceptible to the effects of climate change. Therefore, Malaysia needs to assess 

the causes of climate change and implement effective strategies to mitigate its impact, to ensure the 

long-term sustainability of the agricultural sector in the future. Hence, the objective of this study is to 

evaluate the impacts of climate-related factors, particularly temperature and rainfall, on paddy and rice 

production in Malaysia and to provide insights that can support strategies for ensuring the sustainability 

of the agricultural sector. 

Rainfall and temperature are key climate change factors that have been linked to crop yields. In 

regions that rely on rain-fed agriculture and experience stable temperatures, climate change plays a 

crucial role in determining whether paddy crops can grow successfully through to harvest. This also 

indicates the stability of paddy production, which is the staple food source in Malaysia. Understanding 

the relationship between crop yield and climate change is very important. To address this issue, the 

study employs a copula approach because copulas allow flexible modeling of the dependency structure 

between temperature, rainfall, and paddy yield, without requiring strict assumptions about their 

marginal distributions (Ribeiro et al., 2019). This makes copulas particularly suitable for capturing 

complex, nonlinear, and asymmetric dependencies that traditional correlation methods cannot 

adequately represent.  

Copula modeling, also referred to as dependence modeling, is based on a core principle 

(Stamatatou et al., 2018). It separates a joint distribution function into two distinct components: one that 

represents the marginal (or univariate) behaviour and another that captures the dependence structure 

between variables. The copula function serves to link these marginal distributions while maintaining 

their individual properties and quantifying the dependence between them, without requiring a 

predefined joint distribution. Instead, the marginal distributions are transformed into uniform 

distributions through the probability integral transformation, after which their joint dependence is 

modelled using a copula function (Vuolo, 2017). 

 

2. Materials and Methods  

 

Copulas, introduced by Sklar in 1959 , are functions used to connect univariate marginal distributions 

to construct multivariate distribution functions. One key advantage of using copulas in multivariate 

distribution construction is their ability to simplify complex joint distribution modelling by focusing on 

the relationships and dependencies between correlated random variables, each with its own specific 

univariate marginal distribution (Shiau, 2006). Copulas can be classified into several families, including 

Archimedean and Elliptical copulas.  

This study will use the Archimedean copula family, consisting of Clayton, Gumbel and Frank 

copulas and the Elliptical copula family, which are Student’s and Gaussian copulas, to study the 

dependence between crop yield, namely paddy and rice, and climate variables, namely temperature and 

rainfall. 
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2.1 Archimedean Copulas 

 

Copula with dimension 𝑑 ≥ 2 is called Archimedean if there is a generator 𝜑 hence for every 𝑢 =

(𝑢1, … , 𝑢𝑑) ∈ 𝐼𝑑 

𝐶(𝑢) = 𝜑−1. (𝜑(𝑢1)+. . +𝜑(𝑢𝑑))                                               (1) 

where 𝜑 is a generator function from Eq. (1) where 𝜑(0) = ∞ and 𝜑(1) = 0.  

The Clayton copula in Eq. (2) is applied to get the positive dependency of a bivariate variable in 

the lower tail with 0 ≤ 𝜃 ≤ ∞. The formula follows by: 

𝑐(𝑢1, 𝑢2) = (𝑢1
−𝜃 + 𝑢2

−𝜃 − 1)−
1

𝜃                                                                 (2) 

The Gumbel copula parameter, given in Eq. (3)  reflects the strength of positive dependence and 

indicates the degree of upper tail dependence, where 1 ≤ 𝜃 < ∞. The Gumbel copula is expressed as 

follows, 

𝑐(𝑢1, 𝑢2) = 𝑒−[(−𝑙𝑛𝑢1)𝜃+(−𝑙𝑛𝑢2)𝜃]
1
𝜃
                                                              (3) 

Besides, the Frank copula, classified as a symmetric copula, captures positive dependence when 

the parameter lies between (0, +ꝏ), negative dependence when the parameter is within (−ꝏ, 0)  , and 

indicates independence when the parameter equals zero. Its formula is defined in Eq. (4) as 

𝑐(𝑢1, 𝑢2) = −
1

𝜃
𝑙𝑛 [1 +

(𝑒−𝜃𝑢1−1)(𝑒−𝜃𝑢2−1)

(𝑒−𝜃−1)
]                                                   (4) 

 

2.2 Elliptical Copulas 

 

Elliptical copulas are derived from elliptical distributions of 𝑑 dimensional random vectors (Dewick et 

al., 2023). In practice, time series data, such as crop yields and climate variables, may be stabilized 

using log-difference transformation to ensure approximate stationarity before applying copula models. 

Therefore, this study will utilize the elliptical copula family, specifically the Student’s T copula and the 

Gaussian copula, to examine the relationship between climate change, crop yield and crop production.  

The student’s t copula is well-suited for modeling distributions with fat tails. It is defined as 

𝐶(𝑢1, … , 𝑢𝑛) = 𝑡𝑣,Σ[𝑡𝑣
−1(𝑢1), … , 𝑡𝑣

−1(𝑢𝑛)]                                                  (5) 

where  = {(v, Σ): v(1, ),ℛ𝑛×𝑛. Here, 𝑡𝑣
−1 in Eq. (5) denotes the inverse of the univariate t-

distribution with 𝑣 degrees of freedom, and 𝛴 represents the correlation matrix.  

Meanwhile, the Gaussian copula given in Eq. (6) is commonly employed as a financial indicator 

to measure tail dependence. It is defined as 

𝐶(𝑢1, … , 𝑢𝑛) = Φδ[Φ−1(𝑢1), … , Φ−1(𝑢𝑛)]                                                  (6) 

where Φ denotes the cumulative distribution function (CDF) of the standard normal distribution 𝑁 (0,1) 

and δ  represents the correlation coefficient between the random variables. 

 

2.3 Marginal Distribution 

 

Prior to modeling the dependence structure using copulas, appropriate univariate marginal distributions 

were fitted to each variable. This study has considered Normal, Gamma, and Log-Normal distributions 

to be included, which are commonly used for agricultural and climatic data. 

The Normal distribution is appropriate for variables that are approximately symmetric and 

continuous. The formula for the normal distribution is described in Eq. (7) with  𝑋~𝑁(𝜇, 𝜎2) is as 

follows, 
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𝑓𝑋(𝑥) =  
1

√2𝜋𝜎2
exp (−

(𝑥−𝜇)2

2𝜎2 ) , −∞ < 𝑥 < ∞                                               (7) 

where 𝜇 is the mean and 𝜎2 is the variance. 

The Gamma distribution is suitable for non-negative, skewed variables such as rainfall or other 

quantities that cannot take negative values. The formula of gamma in Eq. (8), where 𝑋~𝐺𝑎𝑚𝑚𝑎 (𝛼, 𝛽) 

is given by,  

𝑓𝑋(𝑥) =  
𝛽𝛼

Γ(𝛼)
𝑥𝛼−1𝑒−𝛽𝑥 , 𝑥 > 0                                                                               (8) 

where 𝛼 > 0 is the shape parameter, 𝛽 > 0 is the rate parameter, and Γ(𝛼) is a gamma function.  

The log-normal distribution as stated in Eq. (9) is used for positively skewed variables where the 

logarithm of the variables is approximately normally distributed. The formula of 

𝑋~𝐿𝑜𝑔𝑁𝑜𝑟𝑚𝑎𝑙 (𝜇, 𝜎2) is as follows, 

𝑓𝑋(𝑥) =  
1

𝑥√2𝜋𝜎2
exp (−

(ln 𝑥−𝜇)2

2𝜎2 ) , 𝑥 > 0                                                           (9) 

where 𝜇 and 𝜎2 are the mean and variance of ln 𝑋. 

The best-fitting marginal distribution for each variable is determined using the Akaike 

Information Criterion (AIC), which provides a balance between goodness-of-fit and model complexity. 

Selecting appropriate marginal distributions is essential because copulas separate the modeling of 

marginal behavior from the dependence structure between variables, ensuring that the copula accurately 

captures the relationships among variables. 

 

3. Results and Discussion  

 

In Malaysia, paddy has emerged as one of the key agricultural commodities, following palm oil and 

rubber (Firdaus et al., 2020; Dorairaj & Govender, 2023). It is cultivated twice a year, across two distinct 

cropping seasons. The main season, which runs from August to February during the humid period, 

typically operates without reliance on irrigation systems. Conversely, the off-season, from March to 

July during drier weather, requires irrigation support to sustain paddy growth. 

In addition, paddy cultivation zones are strategically located throughout Peninsular Malaysia, 

Sabah, and Sarawak. Among the major rice-producing regions are the Muda Agricultural Development 

Authority (MADA), Kemubu Agricultural Development Authority (KADA), North Terengganu 

Integrated Agricultural Development (KETARA), Project Barat Laut Selangor (PBLS), along with the 

areas of Krian, Seberang Perak, Seberang Perai, Kemasin, Rompin, Kota Belud, and Batang Lupar. 

Each of these key zones encompasses more than 4,000 hectares and is supported by well-developed 

irrigation infrastructure to facilitate extensive rice production (Dorairaj and Govender, 2023).  

Beyond these main granaries, the country also manages 74 secondary and 172 minor paddy-

growing areas, which contribute an additional 28,441 hectares and 47,653 hectares of cultivated land, 

respectively (Rahmat et al., 2019). Nevertheless, Malaysia has the smallest total paddy cultivation area 

in the Southeast Asian region, with only 689,268 hectares devoted to rice farming (Firdaus et al., 2020). 

Of this, around two-thirds are situated in Peninsular Malaysia, while the remaining one-third lies in 

Sabah and Sarawak (Ramli et al., 2019). 

Currently, an estimated 195,000 farmers are actively engaged in paddy cultivation and 

productivity enhancement efforts (Khazanah Research Institute, 2019). Figure 1 illustrates the annual 

mean data for temperature, rainfall, paddy, and rice production in Malaysia from 1963 to 2022. During 

this period, the mean annual temperature ranged from 25.4°C to 26.93°C, while annual rainfall varied 

between 2,408.61 mm and 3,587.67 mm. The paddy yield ranged from 766,168 to 2,741,404 kg, 

whereas rice yield ranged from 483,900 to 1,834,831 kg per hectare. 
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Table 1 shows the descriptive statistics on the annual average of temperature, annual total of 

rainfall, and annual paddy and rice production. The skewness coefficient of temperature is -0.05, which 

is nearly symmetrical. This shows that the temperature distribution is approximately normal, with very 

slight left (negative) skewness. The skewness coefficient for rainfall is 0.20, showing that positively 

skewed. For paddy and rice production, the skewness coefficient is -0.54 and -0.51, indicating moderate 

negative skewness. This means that both paddy and rice production distributions have longer left tails, 

reflecting the presence of fewer extremely low production values and a concentration of observations 

at relatively higher production levels. 

 

 
 

  
Figure 1.  Annual average of temperature, annual total rainfall, annual paddy and annual rice 

production 
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Table 1. Descriptive statistics on annual temperature, precipitation, paddy and rice production 

 Average 

Temperature 
Total Rainfall 

Total Paddy 

Production 

Total Rice 

Production 

Minimum 25.40 2408.61 766168 483900 

Maximum 26.93 3568.67 2844983 1834831 

Mean 26.10 2933.96 1959660 1271072 

Median 26.15 2902.87 2028271 1308679 

Variance 0.15 84608.16 2.54x1011 1.09x1011 

Std. Deviation 0.38 290.87 503875.70 330742 

Skewness -0.05 0.20 -0.54 -0.51 

Kurtosis -0.79 -0.84 -0.17 -0.19 

 

Table 2 presents the p-values of the correlation coefficients for the pairs average temperature and 

paddy production, average temperature and rice production, total annual rainfall and paddy production, 

and total annual rainfall and rice production, using Pearson, Spearman rank, and Kendall’s tau methods. 

The p-values for the marginal distributions are all below 0.05, indicating that the null hypothesis of no 

correlation between the variables is rejected. Since significant correlations exist among the variables, 

this study proceeds to identify the best-fit marginal distribution for each variable, which are temperature, 

rainfall, paddy, and rice production. 

 

Table 2. 𝑃-value of correlation coefficient among temperature, rainfall, paddy and rice production 

 Temperature-Paddy Temperature-Rice Rainfall-Paddy Rainfall-Rice 

Pearson 0.0000 0.0000 0.0311 0.0256 

Spearman rank 0.0000 0.0000 0.0102 0.0075 

Kendall’s tau 0.0000 0.0000 0.0159 0.0146 

 

Table 3. Akaike information criterion for temperature, rainfall, paddy and rice production 

Marginal distribution 
Akaike Information Criterion (AIC) 

Temperature Rainfall Paddy Rice 

Normal distribution 57.90 854.01 1748.87 1698.36 

Gamma distribution 57.98 856.88 542972.70 368055.80 

Log-Normal distribution 57.95 853.24 1763.55 1712.91 

 

Table 3 shows the result of Akaike information criterion (AIC) for temperature, rainfall, paddy 

and rice by using normal distribution, gamma distribution and log-normal distribution. The smallest 

result of the AIC value indicates the best distribution of the tested variable. The result shows that 

temperature, paddy and rice have the lowest AIC value by using normal distribution, while rainfall has 

the lowest AIC value by using log-normal distribution. Based on the result from Table 3, not all variables 

are suitable to fit with the gamma distribution due to the highest AIC value. Choosing the marginal 

distribution with the lowest AIC is essential, as copula models require accurately fitted marginal 

distributions to effectively represent the dependence structure between variables. 

Table 4 shows the fitted copula models of Gaussian, Student’s t, Clayton, Gumbel and Frank 

copula for the dependence variables between temperature-paddy, temperature-rice, rainfall-paddy and 

rainfall-rice based on the parameter, log-likelihood and AIC value. The parameter (𝜃) measures the 

strength of dependence between variables and the highest value of log-likelihood shows that the copula 

model fits the dependence variables well. In addition, the lowest AIC value will indicate the appropriate 

copula model that suits the dependence variables. The dependence variables of temperature-paddy 
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temperature-rice, rainfall-paddy and rainfall-rice show that the Frank copula has the highest log-

likelihood value and the lowest AIC value. The result indicates that Frank Copula captures the full range 

of dependence, and it is symmetric in its dependence structure. This suggests that the relationship 

between paddy yield and rice production responds to climatic variations in a balanced way, where 

dependence is present but not skewed toward extreme events. 

  

Table 4. Fitted copula models 

Copula Model Temperature-Paddy Temperature-Rice 

 
Parameter (𝜃) 

Log-

likelihood 
AIC Parameter (𝜃) 

Log-

likelihood 
AIC 

Gaussian 0.8 30.7 -59.5 0.8 31.1 -60.1 

Student’s t 0.8 30.7 -57.5 0.8 31.1 -58.1 

Clayton 10.1 3.4 -18.1 3.5 9.4 -16.8 

Gumbel 2.4 28.7 -55.3 2.4 29.2 -56.5 

Frank 8.4 32.1 -62.1 8.4 32.3 -62.6 

 

Copula Model Rainfall-Paddy Rainfall-Rice 

 
Parameter (𝜃) 

Log-

likelihood 
AIC Parameter (𝜃) 

Log-

likelihood 
AIC 

Gaussian 0.3 2.4 -2.9 0.3 2.6 -3.2 

Student’s t 0.3 2.4 -0.9 0.3 2.6 -1.2 

Clayton 0.5 -1.6 5.2 0.6 -1.5 5.0 

Gumbel 1.3 3.0 -3.9 1.3 3.3 -4.5 

Frank 1.8 3.0 -4.0 1.9 3.3 -4.5 

 

4. Conclusion 

 

Malaysia experienced some of its most severe floods in recent decades during 2021 and 2022. According 

to environmental anthropologist Serina Rahman, these events resulted in financial losses totaling RM6.1 

billion. Such extreme weather events raise concerns about the country’s preparedness, both logistically 

and economically, to cope with increasing climate-related risks, particularly in vulnerable regions. The 

agricultural sector was heavily affected, with the Department of Statistics Malaysia reporting that the 

rice paddy industry suffered the highest losses at RM81.4 million, followed by the livestock sector, 

which is RM36.9 million and the non-rice crops sector, which is RM33.2 million. These impacts 

highlight the vulnerability of national food security and the livelihoods of agricultural stakeholders, 

especially small-scale farmers who rely entirely on farming. 

Statistical methods, such as regression and copula models, have been developed to explore the 

relationships between crop yield and weather variables. However, many existing models consider only 

a single variable at a time, overlooking the complex interdependencies among multiple variables. 

Ignoring these dependencies can reduce the model’s ability to represent the true complexity of crop-

climate relationships. Furthermore, traditional linear regression assumes that the effect of weather on 

crop yields is constant across all yield levels, which may fail to capture nonlinear responses to extreme 

climatic events. 

Copula models provide a flexible approach to measuring dependencies among multiple variables. 

Therefore, this study focuses on examining the relationship between climate change and crop yield using 

copula methods. Specifically, it aims to assess whether climate variables significantly influence crop 

yield and production. Based on model comparisons using log-likelihood and AIC values, the results 
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indicate that the Frank copula provides the best fit for the dependence structure between temperature, 

rainfall, paddy yield, and rice production. The Frank copula captures symmetric dependence across the 

full range of observations, reflecting a balanced relationship between climate variables and crop yield. 
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