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 ABSTRACT 

Article History: 
Agriculture is supposed to have a pivotal role in assisting poverty alleviation in Indonesia. 

Hence, this paper empirically examines the causal link between paddy productivity and poverty 

rates in Sumatra, retrieving balanced panel data from ten provinces for the period 2010-2022. 

Dumitrescu-Hurlin (DH) causality and Pooled Mean Group (PMG) methods are applied in 

order to reveal the causal direction and the elasticity under heterogeneous panel models. This 

paper integrates slope homogeneity, panel unit root, and panel cointegration tests. The results 

reveal that poverty rates and paddy productivity, are integrated in mixed order, 𝐼(0) and 𝐼(1), 

and they are cointegrated. The DH causality test denotes a unidirectional causality from paddy 

productivity toward poverty rates which implies the absence of a feedback effect. Following the 

PMG model, there is a positive impact of paddy productivity on poverty rates in the short run 

(∆β= 0.29); however, this linkage switches to become negative in the long run (β= -0.48). A 1% 

improvement in paddy productivity will be followed by a 0.48% reduction in poverty rates. Thus, 

augmenting paddy productivity has a favorable role in declining poverty rates. The estimated 

parameters of long-run PMG are robust, i.e., consistent with alternative methods of cointegrated 

regressions. 
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1. INTRODUCTION 

The nexus between agriculture sub-sectors and poverty in developing countries such as Indonesia is a 

pivotal topic to be investigated. Empirical findings in this area of research can be insight for policymakers in 

order to promote necessary programs and policies in agriculture sectors (e.g., subsidies, insurance, agriculture 

infrastructure investment, and credits) that have the feasibility to enhance farm productivity. It is supposed 

that augmenting agricultural productivity has a significant impact on income and poverty rates [1]. A previous 

study noted that the impact of agriculture on poverty alleviation is strong in rural areas [2]. More specifically, 

the farming sub-sector of paddy has a vigorous role in sustaining households’ welfare since it supplies staple 

food. Paddy is the main source of nutrients and calories for the majority of households in Southeast Asia [3]. 

Consequently, distress in paddy production will cause shocks in rice stocks and prices. The bad tidings are 

that the current rice farming faces crucial challenges due to rapid population growth, lack of labor, inefficient 

fertilizer use, and climate change [4][5]. 

Numerous papers noted that the beneficial impact of agricultural productivity on poverty alleviation in 

developing countries is confirmed [5][6][7]. Enhancing paddy production has a pivotal role in assisting food 

security and poverty eradication through various pathways [7]. Foremost, an increase in paddy productivity 

leads to an improvement in farms' profits. This chain rule refers to the technical efficiency effect and it is 

more proper for reducing rural poverty. Furthermore, the yield of paddy capacity needs to be sufficient with 

respect to the demand for rice in order to support food security and affordable rice prices [8]. This chain rule 

has a favorable impact on reducing both rural and urban poverty.  

Although the remarkable benefit of agricultural productivity in poverty alleviation is widely discussed, 

the causal connection between them is under debate. Financial constraints lessen the physical and cognitive 

of employees through nutritional deficiencies, low years of schooling, and poor health status, which in turn 

simultaneously affect their productivity [9]. In other words, an increase in poverty rates causes a reduction in 

the number of productive workers which in turn declines the agricultural output per worker. Instead of a one-

way causal nexus, there is a possible bidirectional causality between paddy and poverty.   

It is widely known that paddy is a politically and socially strategic commodity in Indonesia since white 

rice has been the primary staple food [10]. Shocks in rice production have a vast possibility impact to generate 

problems in the economy as a whole. It is necessary to hold rice prices at affordable levels. In early developing 

countries, rice price movements have a significant impact to change the number of people below the threshold 

of poverty [11]. Conversely, the role of agriculture to take a part in economic development such as poverty 

reduction start to decline once a region enters a developed economy [12]. To this day, Indonesia is still in the 

stage of developing economy; therefore, the agricultural sector performance is expected to have a remarkable 

impact to assist poverty eradication. 

Numerous quantitative methods have been employed with the aim of investigating the linkage between 

paddy and poverty. For instance, Moses et al. [13] employed multi-stage sampling and logit models in order 

to examine the linkage between rice production and poverty in Nigeria. The results found that annual income 

from rice production has a significant impact on poverty reduction. In another study, Rajindra et al. [14] noted 

that the amount of rice production affected farmers’ income and feasibility index in Labuan Taposo village, 

Donggala. Enhancing rice productivity is a key strategy to spur poverty reduction [14]. Similarly, Arouna et 

al [15] performed a metadata analysis and found that improving rice varieties has a notable role in achieving 

food security and declining poverty rates in Sub-Sahara Africa.  

Moving to broader agricultural proxies, Bekun & Akadiri [16] examined the causal connection between 

Agriculture Value Added (AVA) and poverty rates using a panel of nine Southern Africa Countries. Second-

generation panel methods, i.e., Cross-sectionally augmented IPS (CIPS) unit root, Westerlund and Edgerton 

cointegration, and Dumitrescu-Hurlin (DH) causality methods, were applied. Empirical findings found that 

cointegration among variables is evident and there was a bidirectional causality between AVA and poverty 

reduction. Nonetheless, a time-series study by Tochukwu et al. [17] noted that a two-way causal connection 

between AVA and poverty in Nigeria was not evident. Conversely, there is a one-way causality from poverty 

to AVA. Also, there is unidirectional causal nexus from Food Production Index (FPI) to poverty reduction. 

Furthermore, Matthew et al. [18] employed a General Method of Moments (GMM) and found that AVA has 

a positive impact on poverty reduction. 

Against this background, this study intends to examine the causal linkage between paddy productivity 

and poverty in Sumatra. To the best author's knowledge, an empirical analysis on this angle is still neglected. 
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Previous studies in the case of Indonesia context focus on the causal connection between economic growth 

and poverty rates [19][20][21][22]. The reasons and contributions of this empirical research are as follows. 

This paper chooses a specific case of provinces on Sumatra Island. Previous studies on this angle commonly 

focus on the aggregate data of Indonesia or Java Island. Further, this article applies econometric methods that 

accommodate heterogeneity panels. The Pesaran-Yamagata and Blomquist-Westerlund tests are applied in 

order to check homogeneity slopes. Following the homogeneity test, this paper employs the Dumitresu-Hurlin 

(DH) causality and Pooled Mean Group (PMG) with the aim of unraveling the causal linkage between paddy 

productivity and poverty rates in Sumatra. 

2. RESEARCH METHODS 

This research employs balanced panel data and dynamic heterogeneous methods with the aim of testing 

the causal linkage between paddy and poverty in the case of Sumatra. The data, variables, and estimation 

methods applied are as follows: 

2.1 Data   

Balanced panel data comprising ten provinces in Sumatra for the period 2010-2020 are utilized in this 

analysis. Those provinces are Sumatera Utara, Sumatera Barat, Bengkulu, Lampung, Riau, Jambi, Kepulauan 

Bangka Belitung, Kepulauan Riau, Aceh, and Sumatera Selatan. There are two variables used in this research, 

namely poverty rates and paddy productivity. A Head Count Index (HCI-P0) is applied as a proxy for poverty 

rates. This figure refers to the percentage of people below the poverty line. Paddy productivity is measured 

by lowland rice production produced by one hectare of land. All datasets used are retrieved from the Central 

Bureau of Statistics (BPS). The number of observations is 130 individuals (𝑛), consisting of 10 series (𝑇) and 

13 cross-sections (𝑁), which is appropriate for numerous econometrics methods. 

2.2 Homogeneity Slope Test  

It is meaningful to check for slope heterogeneity prior to performing any panel estimation techniques. 

This idea comes up because several methods such as Levin-Lin-Chu (LLC), Kao residual test, and traditional 

Granger causality test assume slope homogeneity. Those approaches are no longer proper to be applied if the 

assumption of homogeneity fails to be fulfilled. Hence, this paper employs a procedure developed by Pesaran 

& Yamagata [23] (P-Y test). The P-Y test is proper to be enforced in cases of long panel, i.e., 𝑇 > 𝑁. Also, 

this technique accommodates the issue of cross-sectional dependence. Equations for the slope homogeneity 

test can be written as follows [24][25]: 

∆̃𝑆𝐻= (𝑁)
1
2(2𝑘)−

1
2 (

1

𝑁
�̃� − 𝑘) (1) 

 
and 

∆̃𝐴𝑆𝐻 = (𝑁)
1
2 (

2𝑘(𝑇 − 𝐾 − 1)

𝑇 + 1
)

−
1
2

(
1

𝑁
�̃� − 𝑘) (2) 

where Equation (1) and Equation (2) produce the delta tilde (∆̃𝑆𝐻) and the adjusted delta tilde (∆̃𝐴𝑆𝐻), 

respectively; k is the number of exogenous regressors; �̃� stands for Swammy’s test statistic; N refers to cross-

dimension. The null hypothesis of slope homogeneity is proposed. This paper checks the 𝐻0 on the p-value 

at a 5% level. For the robustness check, this research considers a technique developed by Blomquist & 

Westerlund [26] (B-W test). This approach has the ability to identify slope homogeneity under the condition 

of serial correlation and heteroscedasticity problems.  

2.3 Panel Unit Root Test 

It is requisite to check the integrated order of research variables prior to the empirical estimation. The 

DH causality test and PMG method are no longer proper to be applied if there is any variable that is stationary 

at the second difference. This paper employs the IPS and Fisher-ADF tests since both methods are appropriate 

to use under the dynamic heterogeneity panels [27]. The IPS test is derived from the mean of individual unit 

root statistics. Alternatively, the Fisher-ADF adopts the Fisher procedure to examine test that integrate the p-

value from individual tests [28]. A formal model for the stationary test can be specified as follow: 
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Δ𝑦𝑖𝑡 = 𝛼𝑖 + 𝜈𝑖𝑡 + 𝛽𝑖𝑦𝑖𝑡−1 + ∑ 𝜙𝑖𝑦𝑖𝑡−𝑘

𝑛

𝑘=1

+ 𝜀𝑖𝑡 (3) 

where y is the research variable across provinces over period t; ∆ is the first difference operator; k shows the 

number of lags specified for the ADF equation; 𝜌𝑖 is an autoregressive coefficient; ε is the error term supposed 

to be ~𝑁(0,1). The null hypothesis of the non-stationary series (there is a unit root) is proposed in both IPS 

and Fisher-type tests, that is, 𝐻0: 𝛽𝑖 = 0, ∀𝑖, against the alternative, 𝐻0: 𝛽𝑖 < 1. The parameter of 𝛽𝑖 is allowed 

to vary across provinces in order to represent heterogeneous panels. The fisher-ADF test can be estimated by 

following Equation (4) and Equation (5) [29]: 

𝐴𝐷𝐹 − fisher 𝐼 = −2 ∑ log(𝑝𝑖)

𝑁

𝑛=1

→ 𝜒2𝑁
2  (4) 

 

𝐴𝐷𝐹 − Choi 𝑍 =
1

√𝑁𝑛=1

∑ 𝜙−1(𝑝𝑖)

𝑁

𝑛−1

→ 𝑁(0,1) (5) 

 
𝑝𝑖 shows the p-value from the ADF equation for individual n. 𝜙−1 depicts the inverse of the standard normal 

Cumulative Distribution Function (CDF).  

2.4 Panel Cointegration Test 

The presence of long-term nexus between variables can be examined by the cointegration test. Hence, 

this paper employs methods proposed by Pedroni [30] which can be applied both in the case of homogeneity 

or heterogeneity panels. The common AR (group statistics) is derived from the average results of individual 

test statistics whilst the individual AR (panel statistics) pools the statistics along the within-dimension [31]. 

Group and panel statistics in the Pedroni test adopt residual-based tests. Equation (6) – Equation (9) show 

general models to test cointegration [31]: 

 

𝑦𝑖𝑡 = 𝑣𝑖 + 𝛾1𝑖𝑥1𝑖𝑡 + 𝛾2𝑖𝑥2𝑖𝑡 + ⋯ + 𝛾𝑛𝑥𝑀𝑖𝑡 + 𝑒𝑖,𝑡 (6) 

∆𝑦𝑖𝑡 = ∑ 𝛾𝑚𝑖∆𝑥𝑚𝑖𝑡

𝑀

𝑚=1

+ 𝑢𝑖𝑡 (7) 

�̂�𝑖𝑡 = �̂�𝑖�̂�𝑖𝑡−1 + 𝜀�̂�𝑡 (8) 

�̂�𝑖𝑡 = �̂�𝑖�̂�𝑖𝑡−1 ∑ �̂�𝑘∆�̂�𝑖𝑡−𝑘

𝐾

𝑘=1

+ 𝜀�̂�𝑡
∗  (9) 

 

where 𝑡 = 1,2, … 𝑇 is the number of series; 𝑖 = 1,2 … 𝑁 is the number of individuals in the pooled data. 𝑚 =
1,2, … 𝑀 shows the number of explanatory variables; 𝛾 denotes the slope coefficient; 𝜈 and 𝑒 are the intercept 

and error terms, respectively. �̂� is the estimated error term. 

2.5 Dumitrescu-Hurlin Causality Test 

This paper employs a causality method proposed by Dumitrescu & Hurlin [32]. DH causality test can 

be applied both in short panel (𝑁 > 𝑇) and long panel (𝑁 < 𝑇) and is more robust and proper as compared 

to the previous procedure, i.e., Granger non-causality test [33]. Furthermore, this method has the ability to 

address some critical issues in pooled data such as individual heterogeneity and cross-sectional dependence. 

Previous studies have utilized this method [33] [34] [35]. A general model can be written as follow: 

𝑦𝑖𝑡 = 𝜂𝑖 + ∑ 𝜋1𝑦𝑖,𝑡−𝑘

𝑘

𝑘=1

+ ∑ 𝜆𝑖𝑥𝑖,𝑡−𝑘

𝑘

𝑘=1

+ 𝑢𝑖,𝑡 (10) 

 

where 𝑦𝑖𝑡 and 𝑥𝑖𝑡 are the stationary variables and they are cointegrated. t and i express period (𝑇) and cross-

section (𝑁), respectively. k shows the lag order and it is supposed to be the same for all individuals. The 𝛼𝑖
(𝑝)
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and 𝛽𝑖
(𝑝)

 signify the autoregressive and explanatory parameters. The null and alternative hypotheses of the 

DH causality test are: 

𝐻0: 𝜆𝑖 = 0, ∀𝑖= 1, … 𝑁  

𝐻1: 𝜆𝑖 ≠ 0, ∀𝑖= 𝑁 + 1, 𝑁 + 2 … 𝑁 

For the hypothesis test, the DH causality method utilizes the average Wald (�̅�) statistics and tests the 

𝐻0 by estimating the z-bar (𝑧̅) or z-bar tilde (�̃�) statistics [36]. 

2.6 Pooled Mean Group  

Last, of all, this study applies the PMG (or Panel-ARDL) developed by Pesaran et al. [37] with the aim 

of estimating the elasticity. Panel-ARDL is appropriate for heterogeneity panels because it permits the short-

run coefficients and speeds of adjustment to be varied across individuals [38]. Homogeneity restriction only 

holds for long-run parameters. This method is proper for this study given that it performs better as compared 

to the GMM method in the case of 𝑇 > 𝑁. Moreover, Panel-ARDL offers consistent and efficient estimators 

given that it reduces the issues emerging from endogeneity by plugging sufficient lag for both regressand and 

regressor [39]. The PMG (p q) model can be specified as follow [37][40]: 

ln 𝑃𝑂𝑉𝑖𝑡 = ∑ 𝛿𝑖𝑗
′

𝑝

𝑗=0

ln 𝑃𝑂𝑉𝑖𝑡−𝑗 + ∑ 𝜗𝑖𝑗
′

𝑝

𝑗=0

ln 𝑃𝑃𝐷𝑖𝑡−𝑗 + 𝑣𝑖 + 𝜀𝑖𝑡 (11) 

 

By re-parameterization, Equation (7)  can be modified as follow: 

∆𝑃𝑂𝑉𝑖𝑡 = 𝜙𝑖 ln 𝑃𝑂𝑉𝑖𝑡−1 + 𝛽𝑖 ln 𝑃𝑃𝐷𝑖𝑡 + ∑ 𝛿𝑖𝑗
′

𝑝

𝑗=0

ln 𝑃𝑂𝑉𝑖𝑡−𝑗 + ∑ 𝜗𝑖𝑗
′

𝑝

𝑗=0

ln 𝑃𝑃𝐷𝑖𝑡−𝑗 + 𝑣𝑖 + 𝜀𝑖𝑡 (12) 

where: 

 

𝜙𝑖 = −1 (1 − ∑ 𝛿𝑖𝑗
′

𝑝

𝑗=1

) 

𝛽𝑖 = ∑ 𝜗𝑖𝑗
′

𝑝

𝑗=0

 

𝛿𝑖𝑗
′ = − ∑ 𝛿𝑖𝑚

𝑝

𝑚=𝐽+1

, 𝑗 = 1,2,3 … 𝑝 − 1, 𝑎𝑛𝑑 

𝜗𝑖𝑗
′ = − ∑ 𝜗𝑖𝑚

𝑞

𝑚=𝑗+1

, 𝑗 = 1,2,3, … 𝑞 − 1 

By grouping variables in levels, a panel error correction equation is defined as follows: 

∆ ln 𝑃𝑂𝑉𝑖𝑡 = 𝜙𝑖(ln 𝑃𝑂𝑉𝑖𝑡−1 − 𝛾0 − 𝛾𝑖
′ ln 𝑃𝑃𝐷𝑖𝑡) + ∑ 𝛿𝑖𝑗

′ ∆

𝑝−1

𝑗=1

ln 𝑃𝑂𝑉𝑖𝑡−𝑗 + ∑ 𝜗𝑖𝑗
′

𝑝−1

𝑗=0

∆ ln 𝑃𝑃𝐷𝑖𝑡−𝑗

+ 𝑣𝑖 + 𝜀𝑖𝑡 

(13) 

where 𝛿𝑖  and 𝜗𝑖 denote the short-run coefficients of the lags of poverty rates and paddy productivity. 𝛾𝑖 =
−(𝛽𝑖 𝜙𝑖⁄ ) shows the long-run parameters. 𝜓𝑖 denotes the parameter of error correction term which is critical 

to check the existence of long-run equilibrium. For confirmation, the 𝐸𝐶𝑀𝑡−1 parameter of 𝜓𝑖 must be a 

negative value (−1 < 𝜓𝑖 < 0) and be statistically significant. 𝜓𝑖 depicts the speed of adjustment respecting 

long-term equilibrium. Finally, the estimates of parameters are calculated by: 

 

𝛾𝑃𝑀𝐺 =
∑ �̃�𝑁

𝑖=1

𝑁
; 𝛿𝑃𝑀𝐺 =

∑ 𝛿𝑁
𝑖=1

𝑁
;  𝑎𝑛𝑑  �̂�𝑃𝑀𝐺 =

∑ �̃�𝑁
𝑖=1

𝑁
 

 

where 𝑗 = 0, … 𝑞 − 1, and  �̂�𝑃𝑀𝐺 = �̃� 
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3. RESULTS AND DISCUSSION 

To commence with the discussion, descriptive statistics of research variables are displayed in Table 1. 

During the period of analysis (2010 – 2022), the mean value of poverty rates is 10.49% and it ranges from 

4.50% to 20.98%. Paddy productivity has a mean value of 43.77 tons and it is around 22.85 to 56.49 tons. 

All variables used are not normally distributed since the J-B test results denote that the Chi2 statistics are less 

than the Chi2 table (42.56). Thus, they are platykurtic distributed. Additionally, Figure 1 displays the kernel 

density function of paddy productivity (a) and poverty rates (b). 

Table 1. Descriptive Statistics  

 Mean Med Max Min Std. Dev. JB 

POV 10.49 8.94 20.98 4.50 4.28 10.34 

PPD 43.77 46.00 56.49 22.85 8.09 12.79 

Note: JB test uses a 5% significance level. 
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Figure 1. The kernel density graph of poverty rates (a) and paddy productivity (b) 

 

Table 2 presents the outcomes of the slope homogeneity test. The P-Y test denotes that the 𝐻0 of slope 

homogeneity cannot be accepted. Similarly, the alternative technique of the B-W test is found to be rejected 

the 𝐻0 at a 1% significance level. These findings imply the presence of slope heterogeneity across provinces 

in Sumatra. Hence, concerning methods that cover slope heterogeneity are requisite. 

Table 2. Slope Homogeneity Test Results  

 Pesaran-Yamagata Blomquist-Westerlund 

 Delta p-value Delta p-value 

 4.572*** 0.000 3.366*** 0.001 

adj. 5.213*** 0.000 3.838*** 0.000 

  Note: *** denotes significance at a 1% level 

Following the slope homogeneity test results, both IPS and Fisher-type are proper methods to test the 

presence of unit roots. Table 2 presents the outcomes. The results denote that POV is stationary at the level, 

while PPD is non-stationary. Nonetheless, PPD is found to be stationary after taking the first difference. The 

IPS and Fisher-ADF tests point out that the order of integration is mixed, i.e., 𝐼(0) and 𝐼(1). Thus, the PMG 

estimation is appropriate to be applied since none of the variables is found to be 𝐼(2). 

Table 3. Unit Root Test Results  

Deterministic = Intercept Intercept & trend 

  level 1st difference  level 1st difference  

IPS POV -2.73449*** -8.53147*** -2.00103 -6.94783*** 

  (0.0031) (0.0000) (0.0227) (0.0000) 

 PPD 0.30710 -5.57115*** -0.23426 -3.55072*** 

  (0.6206) (0.0000) (0.4074) (0.0002) 
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Deterministic = Intercept Intercept & trend 

  level 1st difference  level 1st difference  

Fisher-ADF POV 43.0063*** 94.0388*** 32.6534*** 77.4998*** 

  (0.0020) (0.0000) (0.0368) (0.0000) 

 PPD 18.4928 65.1138*** 22.9526 47.9694*** 

  (0.5550) (0.0000) (0.2911) (0.0004) 

Note: the lag length was automatically selected by the AIC method. P-values are in the parentheses.  

*** indicates significance at a 1% level. 

The outcomes of cointegration tests are displayed in Table 3. Following the presence of heterogeneity 

among provinces, Pedroni with individuals AR (within dimension) method is more appropriate to be applied 

compared to common AR because it covers heterogeneous slope, intercept, and trend. The results of Group 

PP and ADF statistics denote that the null hypothesis of no level relationship is found to be rejected at a 1% 

significance level. Given those findings, there is a long-run heterogeneous connection between poverty rates 

and paddy productivity in Sumatra. 

Table 4. Cointegration Test Results  

 
Within-dimension 

(Common AR) 

Between-dimension 

(Individual AR) 

 Statistic p-value Statistic p-value 

Panel v-Statistic 3.36301*** 0.0004   

Panel/Group rho-Statistic 0.08178 0.5326 0.78425 0.7836 

Panel/Group PP-Statistic -3.78438*** 0.0001 -5.01417*** 0.0000 

Panel/Group ADF-Statistic -3.28148*** 0.0005 -4.33122*** 0.0000 

Note: the automatic lag length was selected by the SC method. *** denotes significance at a 1% level 

 Since the cointegration relationship is evident, it is meaningful to reveal the causal nexus between the 

variables investigated. Causality analysis has an essential function in order to promote policy direction. The 

DH-causality test results are presented in Table 4. In regard to Z-bar tilde statistics, the results cannot reject 

the 𝐻0 that POV does not cause PPD; however, the 𝐻0 that PPD does not cause POV is found to be declined 

at a 1% significance level. Thus, there is a unidirectional causal linkage that flows from paddy productivity 

toward poverty rates in Sumatra. 

Table 5. Pairwise DH-Causality Test Results  

𝑯𝟎: 𝒙𝒊𝒕 does not homogeneously cause 𝒚𝒊𝒕 W-bar stats. Z-bar stats. Z-bar tilde 

PPD → POV 10.5839 13.5723*** 3.0761*** 

  (0.0000) (0.0021) 

POV → PPD 5.4379 5.4358*** 0.8929 

  (0.0000) (0.3719) 

Note: the lag length (2) was selected by the VAR-SC method. *** denotes significance at a 1% level. 

The 𝐻0 is tested based on the Z-bar tilde statistics 

The DH causality results point out that a change in paddy productivity causes a change in poverty rates. 

Nonetheless, a change in poverty rates has no significant impact on paddy productivity. Consequently, these 

results imply that it is pivotal to enhance (or at least maintain) paddy productivity. Shocks in paddy sectors 

can be transmitted to poverty rates. In other words, the number of people below the national poverty line is 

dependent on the rice sector’s performance. Also, this implies that the number of vulnerable households with 

regard to food security is significant. These empirical findings can be both a negative and positive signal for 

policymakers. Poverty rates in Sumatra are conditional on paddy productivity. 

The PMG procedure is applied in order to estimate the elasticity of paddy productivity with respect to 

poverty rates. It is used because it has the advantage to estimate the short- and long-run coefficients. Also, 

this method accommodates non-stationary data and heterogeneity among individual panels. Given the optimal 

lags of 2 and the automatic lag structure selection by the SC method, the PMG (1,1), i.e., 𝑝 = 1 and 𝑞 = 1, 

is the most appropriate model. 
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Table 6. PMG, FMOLS, and DOLS Estimation Results  

 PMG FMOLS DOLS 

 Long run equation   

Ln (PPD) -0.482202*** -0.55827*** -0.52903*** 

 (0.107009) (0.147123) (0.186591) 

 Short run equation   

ECM (-1) -0.366335***   

 (0.069798)   

∆Ln (PPD) 0.292353**   

 (0.139645)   

Constant 1.473204***   

 (0.312940)   

R-squared  0.954560 0.985167 

Note: standard errors are in the parentheses; *** denotes significance at a 1% level 

The short- and long-run models of PMG estimation are presented in Table 6. The ECM coefficient is 

found to be negative (-0.366) and statistically significant at a 5% level. This result denotes that short-term 

shock in the economy will be adjusted around 0.37% within a year to bounce back to the long-run equilibrium. 

Surprisingly, paddy productivity has a positive impact on poverty rates at a 5% significance level in the short 

run. This result implies that paddy commodities cannot be used as an instrument for poverty alleviation in 

the short run. However, paddy productivity has a negative impact on poverty rates at a 1% significance level 

in the long run. An increase in 1% paddy productivity has a beneficial impact on to decline of approximately 

0.48% poverty rates in Sumatra, ceteris paribus. 

For the robustness check, this paper utilizes cointegrated regressions. As shown in Table 6, the long-

run parameters of PMG are consistent with the alternative methods which are FMOLS and DOLS. It can be 

stated that the negative nexus between paddy productivity and poverty rates in Sumatra is robust. Thus, paddy 

is a strategic commodity with the aim of poverty alleviation. This finding is consistent with previous studies 

in India, Sub Sahara Africa, Nigeria, and Indonesia [15][14][13][41]. Augmenting paddy productivity has a 

pivotal role to generate technical efficiency. Further, sufficient paddy production is necessary for the reason 

of holding affordable rice prices for consumers who are poor. Once the paddy sector fails to meet its domestic 

demand; consequently, it would rapidly cause an increase in rice prices, reduce consumers' real income, and 

in turn, boost the number of people below the poverty line. 

4. CONCLUSIONS 

The current paper aims to estimate the causal linkage between paddy productivity and poverty rates in 

Sumatra for the period 2010-2022 by employing dynamic heterogeneity panel methods. Several key findings 

can be drawn as follows: 

1. The P-Y and B-W tests validate there is heterogeneity among provinces in Sumatra; consequently, it 

is requisite to adopt methods that accommodate slope heterogeneity. 

2. All the variables used are mixed order of integration and they are cointegrated; hence, the DH causality 

and PMG estimation methods are appropriate to be applied. 

3. There is a unidirectional causal nexus that flow from paddy productivity toward poverty rates. Thus, a 

change in paddy productivity causes a change in poverty rates. Following the long-run PMG estimation 

results, a 1% increase in paddy productivity has a beneficial role to decline around 0.48% poverty rates. 

4. The long-run estimated parameters of PMG are robust given that they are consistent with the alternative 

methods such as FMOLS and DOLS.  
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