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ABSTRACT 

 

Vietnam is a leading rice producer and exporter, but rice-farming incomes remain low. This is 

partly due to the inefficient use or allocation of production resources. This thesis aims to 

measure the level and determinants of technical inefficiency and profit efficiency and assess 

the impact of rice variety choices on profits and profit efficiency. Four specific research 

objectives are structured as four separate papers. The first paper (Chapter 2) reviews technical 

efficiency in rice farming globally using meta-regression analysis to produce an overall 

estimate of technical efficiency of global rice farming and quantify the effects of study-specific 

characteristics (or between-study heterogeneity), heteroscedasticity, and publication bias on 

reported efficiency estimates. The second paper (Chapter 3) estimates transient and persistent 

technical efficiency and investigates their determinants using a generalized true random-effects 

(GTRE) model. We also estimate restricted GTRE versions (namely, pooled, random effects, 

and true random-effects models) and use the Bayesian estimation method to check for 

robustness of the GTRE results. The third paper (Chapter 4) measures profit efficiency and 

analyzes the factors affecting inefficiency in rice farming using a true random-effects (TRE) 

model. We examine the sensitivity of profit efficiency estimates to farm heterogeneity (pooled 

and TRE models), functional forms (Cobb-Douglas and translog), inefficiency distribution 

assumptions (half normal, exponential, and truncated normal), and estimation techniques 

(maximum likelihood and Bayesian). The fourth paper (Chapter 5) evaluates the impact of 

high-quality rice varieties (HQRV) on farmer profitability and profit efficiency using a 

combined framework of propensity score matching and stochastic frontier models to correct 

for (observable and unobservable) sample selection biases and the technology gap. 

This research uses two datasets: (1) the first paper uses a dataset of 253 observations extracted 

from 133 primary studies from the literature; (2) the remaining papers use a primary dataset 

collected from 356 rice farmers in the Mekong River Delta covering three cropping seasons in 
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the 2016–2017 production year. The Mekong River Delta has 4.07 million hectares of planted 

rice (more than 50% of the total rice area and production in Vietnam) and contributes more 

than 90% of the total rice export volume.  

Chapter 2 (meta-regression analysis) shows that technical efficiency estimates for rice 

farming differ between regions and tend to decline over time. The average estimate for global 

rice farming is 0.76, with individual study estimates ranging from 0.54 to 0.96, implying that 

there is great potential for increasing rice production if farming inefficiencies are eliminated. 

The results also show that these estimates contain significant study heterogeneity. We find that 

studies using parametric stochastic frontiers and secondary data yield higher mean technical 

efficiency (MTE) scores than studies using non-parametric deterministic frontier and primary 

data. Panel data and a translog functional form produce lower MTE estimates than cross-

sectional data and a Cobb-Douglas functional form. This research indicates that practitioners 

should carefully consider the estimation method and data types for specific empirical studies. 

Similar caution is advised in interpreting the results from productive efficiency studies. 

Chapter 3 shows that the GTRE model is more appropriate than the more restricted 

models in understanding production heterogeneity and rice producer inefficiency. The average 

efficiency ranges from 0.71 to 0.76, with transient rather than persistent inefficiency by far the 

dominant component. This implies that rice output can increase with improved performance 

and rice farmers will benefit more from policies that pay more attention to addressing short-

term inefficiency issues. In relation to efficiency determinants, alkalinity, flooding, and natural 

disasters significantly reduced transient technical efficiency. Farms that are headed by males, 

cultivate larger land areas, have land ownership, and have benefited from field training 

experience a significantly higher level of persistent technical efficiency. 

Chapter 4 shows that profit efficiency estimates are sensitive to distributions of 

inefficiency error terms and estimation techniques but insensitive to functional form choice 
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and whether farm heterogeneity is recognized in the analysis even though the absence of farm 

heterogeneity was statistically rejected. The mean profit efficiency is 0.79, indicating that there 

is room for rice farmers to increase profits. An analysis of profit elasticity reveals that rice 

farming profits are elastic to paddy price but inelastic to input prices. We find that being male, 

larger household and farm sizes, land ownership, and field training significantly reduce 

inefficiency, while distance from the field to home, soil quality factors (salinity and alkalinity), 

rice plant diseases, and natural disasters substantially increase inefficiency. This research 

suggests that policies targeting paddy price would be more efficient in designing income 

support strategies than policies targeting seed, fertilizer, and labor prices. Training programs 

that enhance managerial and production skills of farmers to improve soil quality and mitigate 

output losses due to rice diseases or natural disasters would significantly increase profit 

efficiency. Land-use policies encouraging larger cultivations or improving the security of land 

ownership would also have positive effects on profit efficiency. 

Chapter 5 shows that the profit and profit efficiency gaps between HQRV adopter and 

non-adopter groups are significantly underestimated if selection biases and technology gaps 

are not properly considered. A comparison of profit and profit efficiency scores reveals that 

HQRV adopters, on average, exhibit higher variable profits than non-adopters ($1,086/ha vs. 

$938/ha) but have lower profit efficiency performance (0.61 vs. 0.72). This suggests that 

HQRV adopters will profit more by eliminating inefficiencies. We also find that the efficiency 

performance of HQRV farmers is determined by gender, land ownership, soil quality (salinity 

and alkalinity), rice diseases, natural disasters, and geographical and seasonal factors. The 

analysis also indicates that HQRV adoption is affected by farm size, contract farming, rice 

plots, and geographical and seasonal factors. This research suggests that policies should target 

HQRV adoption and efficiency performance simultaneously to improve farmer profits. 
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Introduction 
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1.1 Background 

Rice plays an important role in global food security and economic development, especially in 

underdeveloped and developing countries dependent on agriculture. In 2018, the rice sector 

provided about 782.0 million tons of paddy (FAOSTAT 2020a), a leading food source for more 

than 3.5 billion people worldwide (Reeves et al. 2016), and billions of dollars to the export 

revenue of rice-exporting countries, including India, Thailand, and Vietnam. Yet, Reeves et al. 

(2016) indicate that about 800 million people globally face chronic hunger, and two billion 

people suffer micronutrient deficiencies. The food shortages mainly occur in African countries, 

with annual imports of about 18.52 million tons (milled equivalent) (Table A1.2, Appendix). 

The food shortages are partly due to the limited and uneven distribution of agricultural 

land between countries, regions, and continents. FAOSTAT (2020c) states that rice production 

areas are mainly in Asian countries, contributing approximately 87.40% of the global rice-

harvested area and supplying approximately 90.20% of the global rice quantity (Table A1.1, 

Appendix). The other main rice production areas are in Africa and the Americas, with 8.52% 

and 3.67%, respectively, with Europe and the Oceania accounting for about 0.37% and 0.04%, 

respectively. The large rice yield gap between countries, regions, and continents contributes to 

these shortages. Almost all underdeveloped countries in Africa produce lower rice yields than 

the global average (Table A1.1, Appendix). Rice yields differ significantly between the major 

rice producers, including China, Vietnam, India, Thailand, and Bangladesh (Figure A1.1, 

Appendix). Food shortages are projected to worsen due to population growth, rapid degradation 

of productive resources, and negative impact of climate change. Improving rice productivity 

and managerial efficiency could be a feasible solution to address this issue.  

Vietnam is a leading rice producer and exporter, with Vietnam’s rice sector contributing 

to global and national food security and economic development. According to the national 

statistics for 2019, Vietnam had about 7.47 million hectares planted to rice, which produced 
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about 43.45 million tons of paddy (GSO 2020b), the main food source for more than 96 million 

Vietnamese people (GSO 2020a) and contributing about 15% to global rice exports (~6.11 

million tons of milled rice). Rice farming is the main livelihood source for about 9 million 

Vietnamese households (Thang and Phuc 2016), adding about $3.06 billion to the nation’s GDP 

(GSO 2020c) through the export of surplus rice. Rice production in Vietnam is mainly 

distributed in two large deltas—the Red River Delta in the north and Mekong River Delta in 

the south. The Mekong River Delta is the main rice-intensified area, accounting for more than 

50% of area and production, and 90% of rice export volume (Anh et al. 2020; GSO 2020b).  

While Vietnam is a large rice producer, efficiency studies have shown substantial 

production inefficiencies in rice farming operations (Hien et al. 2003; Huy 2009; Khai and 

Yabe 2011; Linh 2012; Tung 2013; Linh et al. 2015; Trong and Napasintuwong 2015), which 

reduce farmer incomes and threaten sustainable development, global food security, and 

national economic development. Many studies have undertaken efficiency measurements in 

rice farming to help improve production efficiencies. However, the literature on rice farming 

efficiency suffers from some key shortcomings and research gaps, as discussed below. 

First, there is no systematic review that synthesizes the empirical results to provide an 

overall picture of efficient rice farming operations and analyze the variability in results across 

studies, which would be a good reference for researchers and policymakers. Second, short-term 

(transient) and long-term (persistent) inefficiencies have not been distinguished, which would 

provide useful information for rice policymakers. Third, agricultural economists have focused 

on technical efficiency estimations; more general profit efficiency (PE) analyses have received 

little attention, despite potentially offering policymakers useful price tools for boosting 

production, especially when rice farmers’ production decisions are driven by input and output 

market prices. Kumbhakar and Lovell (2003) argued that the technical or cost efficiency 

measurement approach is only appropriate in environments where the objective is output 
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maximization or input (cost) minimization, but such approaches are inadequate in 

environments where profit maximization is the objective. Here, a profit frontier function 

approach would be more appropriate. Fourth, the effects of rice variety adoption have focused 

on technical efficiency (Villano et al. 2015), but the purpose of new technology adoption is 

typically profit maximization. Also, the effect of farm heterogeneity on efficiency estimates 

has not been received attention, even though heterogeneity can have significant effects on 

efficiency estimates. This study attempts to fill these gaps using data collected from 

Vietnamese rice farmers. 

 

1.2 Research objectives 

The study has the following four specific research objectives: 

1. Statistically synthesize mean technical efficiency (MTE) in rice farming worldwide and 

investigate the determinants of variability in MTE estimates across primary studies. 

2. Estimate transient (short-term) and persistent (long-term) technical efficiency and 

investigate the determinants of both components in rice farming. 

3. Measure profit efficiency and analyze inefficiency determinants in rice farming. 

4. Evaluate the impact of high-quality rice varieties (HQRV) adoption on profit and profit 

efficiency and study adoption and inefficiency determinants. 

 

To address the first objective, we use a meta-regression analysis (MRA) framework to 

statistically synthesize MTE estimates and quantify the effect of study-specific characteristics 

(study heterogeneity), heteroscedasticity, and publication bias on MTE estimates using the 

random-effects meta-regression model with an iterative restricted maximum likelihood 

(REML) estimator. The second objective is addressed using a generalized true random-effects 

(GTRE) model. We estimate the GTRE model using maximum likelihood and Bayesian 
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method methods, which is then compared with three traditional stochastic frontier panel models 

nested within it to reinforce the robustness of our estimates and check the reliability of transient 

and persistent technical efficiency estimates. The transient and persistent technical efficiency 

determinants are analyzed separately in the second stage using fractional regression models. 

The third objective is achieved using a true random-effects (TRE) model, estimated from both 

maximum likelihood and Bayesian methods. We also analyze the sensitivity of profit efficiency 

estimates to the choice of functional form and distributional assumptions for the inefficiency 

error term. We address the the effect of HQRV adoption using a combination of propensity 

score matching methods, sample selection stochastic frontier model, and stochastic 

metafrontier model, which allows us to obtain unbiased results by eliminating the potential 

effects of self-selection biases and the technology gap. Furthermore, we use a double-bounded 

Tobit model to investigate profit efficiency determinants for each group (adopters and non-

adopters). 

 

1.3 Data collection 

The thesis uses two data sources, which are provided in each chapter on data collection and 

descriptive statistics. Briefly, the first data source is the published literature used for the first 

objective (Chapter 2) on a quantitative review of technical efficiency in rice farming 

worldwide. The second data source (Chapters 3 to 5) is a primary data source collected from 

rice households in Vietnam’s Mekong River Delta, the largest rice intensification area of 

Vietnam (about 4.07 million ha). The survey—via a face-to-face interview method using a 

designed questionnaire—was conducted from July to October 2017 to collect information on 

farmer characteristics, farm characteristics, and rice production covering three cropping 

seasons in the 2016–2017 production year. We used a stratified random sampling technique to 

identify the samples. The survey was conducted in 20 villages of three provinces—An Giang, 
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Can Tho, and Bac Lieu—in the Mekong River Delta (Figure 1.1). The primary data comprises 

356 samples, which we structured into panel data based on cropping seasons because farmers 

can grow rice over two or three cropping seasons per production year. While there are twelve 

farmers only grew one season. Therefore, we decided to drop these farmers in estimating the 

transient and persistent efficiency in Chapter 3. We also use data extracted from the General 

Statistics Office of Vietnam (GSO) and Food and Agriculture Organization of the United 

Nations (FAO).  

 

 

Figure 1.1 Map of the Mekong River Delta showing rice farming across the study area  

Source: Nguyen et al. (2015)  

 

1.4 Contributions of the research 

This is the first study on technical and profit efficiency and rice variety choice in rice farming 

in Vietnam using advanced econometric models. It makes important contributions in terms of 
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methods used, empirical applications, and policy lessons generated, which are summarized in 

each chapter (paper) as follows. 

Chapter 2 provides an overall picture of technical efficiency in global rice farming to 

help researchers and policymakers seek solutions for a global food security strategy by 

improving production efficiency. It is the first quantitative review of technical efficiency in 

rice farming and the first MRA study using a random-effects meta-regression model with 

REML estimator to simultaneously quantify the effect of between-study heterogeneity, 

heteroscedasticity, and publication bias on efficiency estimates in agriculture, which recent 

studies have not simultaneously considered (Thiam et al. 2001; Bravo-Ureta et al. 2007; López 

and Bravo-Ureta 2009; Iliyasu et al. 2014). The estimates of meta-regression model parameters 

will provide practitioners with suggestions for improving research design, sample selection, 

and method choice for technical efficiency measurements in rice farming and other efficiency 

analyses.  

Chapter 3 makes two key contributions to the literature: (1) first study to apply the GTRE 

model and use both the maximum simulated likelihood and Bayesian estimation methods to 

examine the production efficiency of rice farming; (2) disentangles production efficiency into 

transient (short-term) and persistent (long-term) efficiency and allowing for farm heterogeneity 

effects.  

Chapter 4 makes two contributions to the literature: (1) first study to estimate profit 

efficiency and its determinants in rice farming using the Bayesian true random-effect (TRE) 

model; (2) first study to analyze the sensitivity of efficiency estimates for estimation methods 

(maximum likelihood vs. Bayesian), functional forms (Cobb-Douglass vs. Translog), and 

distributions of the one-sided error term (half normal, exponential, and truncated normal).  

Chapter 5 makes two key contributions to the literature: (1) first study to use a profit 

frontier function to evaluate the benefits of modern rice variety adoption, and to use a 
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combination of approaches—propensity score matching method, sample selection stochastic 

frontier, and a stochastic metafrontier—to estimate the model to eliminate self-selection biases 

and identify the technology gap in rice farming. We also run a second-stage regression model 

to investigate the determinants of profit efficiency after a correction for self-selection biases 

and the technology gap; (2) our unbiased results confirm the positive effect of HQRV adoption 

on rice farmer income compared with traditional varieties and reveal that inefficiency is the 

main factor affecting the observed low profits of HQRVs. The study also highlights the 

importance of several variables determining profit efficiency operation and HQRV adoption 

choice.  

The MRA results also provide useful information for policymakers interested in 

interpreting and applying empirical studies on rice farming. The findings from the analysis of 

short-term and long-term efficiency determinants, profit efficiency, profit inefficiency 

determinants, profit elasticities, and the impact evaluation of HQRV adoption will have 

important implications for designing supportive policies that enhance rice farmer incomes and 

promote HQRV adoption. These findings will also be useful for other rice-farming countries. 

 

1.5 Thesis outline 

The thesis is organized into six chapters. The main content is structured as a series of separate 

studies, which causes some unavoidable repetition, including data description and 

methodology. Chapter 2 is a review study, quantifying the effect of heterogeneity, 

heteroscedasticity, and publication bias on technical efficiency estimates of global rice farming 

using an MRA approach. Chapters 3 to 5 present the empirical results of technical and profit 

efficiency analyses in rice farming in Vietnam using data collected from rice farmers in the 

Mekong River Delta. Chapter 3 estimates the transient and persistent technical efficiency using 

a generalized true random-effects model. Chapter 4 measures profit efficiency and its 
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determinants using a true random-effects model. Chapter 5 evaluates the impact of HQRV 

adoption on the profit and profit efficiency of rice farmers using a combination of propensity 

score matching method and stochastic frontier framework to correct for sample selection biases 

and the technology gap. Chapter 6 presents a summary of key findings, conclusions, policy 

implications, thesis limitations, and future research directions.  
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Appendix 

Table A1.1 Harvested area, yield, and production of paddy by continent in 2018 

Continent 

Harvested area  Production 

Yield 

(t/ha) 
Area 

(Mha) 

Percentage 

(%) 

 

Production 

(Mt) 

Percentage 

(%) 

World 167.13 100.00      782.00  100.00 4.68 

Asia 146.07 87.40      705.39  90.20 4.83 

Africa 14.24 8.52        33.17  4.24 2.33 

Americas 6.13 3.67        38.76  4.96 6.33 

Europe 0.63 0.37           4.02  0.51 6.43 

Oceania 0.07 0.04           0.65  0.08 9.85 

Source: FAOSTAT (2020c) 

 

Table A1.2 Net rice trade balance (Mt) in 2013 by continent in 2017  

Continent Import  Export  Trade balance†  

Africa 19.00 0.48 –18.52 

Americas 8.03 8.96 0.93 

Asia 24.21 51.42 27.21 

Europe 5.67 3.53 –2.14 

Oceania 0.48 0.30 –0.17 

† Trade balance = Export – Import 

Source: FAOSTAT (2020b) 
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Figure A1.1 Scatter plot of rice yield versus harvested area by country in 2018 

Source: (FAOSTAT 2020d) 
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Abstract: In recent decades, numerous studies have focused on technical efficiency in rice 

farming. There is considerable variation in mean technical efficiency (MTE) estimates across 

these studies. We conducted a meta-regression analysis (MRA) using a random-effects meta-

regression model with an iterative restricted maximum likelihood (REML) estimator to 

understand the variation in MTE estimates due to study heterogeneity, heteroscedasticity, and 

publication bias. We used 253 observations extracted from 133 primary studies 

reported/published in English in the last three decades. The results show that MTE estimates 

are affected by study-specific characteristics. The parametric stochastic frontier and secondary 

data yielded higher MTE scores than the non-parametric deterministic frontier and primary 

data, respectively. Panel data and a translog functional form had lower MTE estimates than 

cross-sectional data and a Cobb–Douglas functional form, respectively. The average MTE level 

declined over time and varied across regions. This study suggests that there are significant 

differences in the estimates of efficiency between estimation technique, choice of functional 

form, and data types (cross-sectional vs. panel). The average genuine (predicted) MTE score 

was 0.76 (range 0.54–0.96), indicating the potential to improve technical efficiency in global 

rice farming and the need for further research to bridge managerial ability gaps among farmers. 

 

Keywords: Technical efficiency, Rice production, Meta-regression, Heterogeneity, 

Publication bias, Quantitative review 

 

2.1 Introduction 

Rice is a staple crop that contributes significantly to global food security and economic 

development, especially in underdeveloped and developing countries dependent on agriculture. 

In 2018, the rice sector supplied approximately 782.0 million tons of paddy (FAOSTAT 
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2020a), a principal food source for more than 3.5 billion people worldwide (Reeves et al. 2016). 

Furthermore, in the world’s leading rice exporting countries, including India, Thailand, and 

Vietnam, the rice sector contributes billions in export revenues. However, approximately 800 

million people globally still face chronic hunger, and about two billion suffer from 

micronutrient deficiencies (Reeves et al. 2016). Food shortages are projected to worsen in the 

future due to continuous population growth, rapid degradation of productive resources, and the 

negative impact of climate change.  

Food shortages are partly due to production constraints and the uneven distribution of 

agricultural land among countries, regions, and continents. Statistics from FAOSTAT (2020c) 

illustrate that rice production mostly occurs in Asian countries, accounting for about 87.40% 

of the global rice-harvested area and contributing approximately 90.20% of global rice 

production (Table A2.1, Appendix). The remaining rice production occurs in Africa (8.52%), 

the Americas (3.76%), Europe (0.37%), and Oceania (0.04%). Production constraints and large 

gaps in rice yield among countries or regions contribute to the uneven distribution of food and 

food shortages. Rice yields in almost all underdeveloped countries in Africa are below the 

global average (Table A2.1, Appendix). Low rice yields and limited land availability for rice 

cultivation have made Africa a major net rice importer, buying approximately 18.52 million 

tons (milled equivalent) annually (Table A2.2, Appendix). In contrast, developed countries 

such as Australia, the USA, and Egypt have high rice yields, averaging more than 8 tons of 

paddy per hectare (Figure A2.1). Significant differences in rice yield also occur between the 

major rice producers, including China, Vietnam, India, Thailand, and Bangladesh (Figure A2.1, 

Appendix). Bridging the yield gap could be a sound solution to addressing global food 

shortages.  

The need to expand rice outputs to overcome food shortages and assist economic 

development has motivated many technical efficiency studies in rice farming. However, the 
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reported mean technical efficiency (MTE) estimates vary significantly across empirical studies. 

This raises the question, are these estimates affected by the study’s specific characteristics 

(estimation methods, research design, and regions)? No systematic review has statistically 

synthesized these empirical findings to provide an overall picture of the level of technical 

efficiency in global rice farming and quantify the effects of estimation methods, research 

design, regions, and publication bias on empirical MTE estimates. Here, we conduct a meta-

regression analysis (MRA) using a random-effects meta-regression model with an iterative 

restricted maximum likelihood (REML) estimator to statistically combine empirical MTE 

estimates for rice farming in the literature and examine the effects of study-specific 

characteristics and publication bias on MTE estimates by addressing study heterogeneity, 

heteroscedasticity, and publication bias that usually arise in meta-analysis studies. 

This study provides an overall picture of technical efficiency in global rice farming, 

which will help researchers and policymakers seek solutions for a global food security strategy 

by improving production efficiency. Several MRA studies have estimated efficiency estimates 

in agriculture (Thiam et al. 2001; Bravo-Ureta et al. 2007; López and Bravo-Ureta 2009; 

Iliyasu et al. 2014) but this is the first MRA study in rice farming, and the first to use a random-

effects meta-regression model with REML estimator to simultaneously quantify the effect of 

heterogeneity, heteroscedasticity, and publication bias. The estimates of the meta-regression 

model parameters will provide practitioners with suggestions for improving research design, 

sample selection, and method choice for technical efficiency measurement in rice farming, in 

particular, and efficiency analysis, in general. The MRA results will also provide useful 

information for policymakers interested in interpreting and applying empirical studies on rice 

farming. 

The next section presents a review of meta-analysis and its issues (i.e., heterogeneity, 

heteroscedasticity, and publication bias), MRA methods, and the application of MRA in 
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efficiency measurements. Section 2.3 describes the methodology used in this study, including 

the selected MRA method, moderator choice, and data collection. It also summarizes the data 

and explores the presence of heterogeneity and publication bias. Section 2.4 presents the results 

and discussion. Section 2.5 provides conclusions and policy implications. 

 

2.2 Literature review 

Meta-analysis, first proposed by Glass (1976), is the analysis of empirical studies to produce 

an overall genuine estimate of findings. A meta-analysis increases the precision of effect size 

estimates, answers research questions that cannot be addressed by individual studies, and 

settles controversies arising from conflicting claims (Deeks et al. 2019). However, the 

combined effect size of a meta-analysis can be misleading if the heterogeneity, 

heteroscedasticity, and publication bias of effect size estimates are not adequately considered 

(Deeks et al. 2019).  

Heterogeneity in meta-analysis refers to the variation in estimated effect sizes between 

studies beyond that which could be explained by sampling variability. This between-study 

heterogeneity has two general causes: factual and methodological (Thompson 1994; 

Christensen 2003; Deeks et al. 2019). Factual heterogeneity is the real differences in effect size 

estimates due to differences between countries, regions, and continents. Methodological 

heterogeneity arises from varying primary research designs and methods, including differences 

in sample sizes, selected input variables, functional forms, and estimation techniques. Between-

study heterogeneity can be informally examined using forest plots and formally tested using 

Cochrane’s Q-statistic homogeneity test (Hedges 1994) or by testing the significance of the 

coefficients of moderator variables included in a meta-regression model (Nelson and Kennedy 
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2009). Evidence of between-study heterogeneity allows meta-regression models to be used to 

quantify the effects of study-level characteristics on effect size estimates.  

Heteroscedasticity refers to non-homogeneous variances of effect size estimates, due to 

primary studies using different sample sizes, sample observations, and estimation techniques 

(Nelson and Kennedy 2009). Heteroscedasticity can be accounted for by weighting both sides 

of the meta-regression model using variances of empirical effect size estimates. However, such 

variance estimates of effect sizes for primary studies might not be reported or estimated (Nelson 

and Kennedy 2009). There are several methods for retrieving these variances. The most 

common method uses the primary study sample sizes as proxies for the variances (Nelson and 

Kennedy 2009). This approach has been used in environmental economics MRA studies (Van 

Houtven et al. 2007; Ma et al. 2015). In efficiency MRA studies, the standard deviation of the 

efficiency distribution has been used to correct for heteroscedasticity (Aiello and Bonanno 

2016, 2018; Fall et al. 2018; Aiello and Bonanno 2019). 

Publication bias, also referred to as the ‘file drawer problem’ (Rosenthal 1978, 1979), is 

an issue for meta-analysts (Stanley 2005). Publication bias exists when researchers, editors, 

reviewers, and academic journals are predisposed to produce, accept, and publish papers with 

statistically significant results (Begg and Berlin 1988; Berlin et al. 1989; Long and Lang 1992; 

Card and Krueger 1995; Stanley 2005). This may result in invalid or biased conclusions from 

meta-analyses studies. There are several ways to explore publication bias. The funnel plot 

(Light and Pillemer 1984) is a simple and commonly used method (Sutton et al. 2000; Stanley 

2005; Sterne et al. 2005) to informally explore the presence of publication bias. A funnel plot 

is a scatter diagram of non-standardized effect size estimates versus its precision, which can be 

measured as the inverse of the standard error, sample size, or square root of sample size. 

Asymmetric distribution of effect size estimates versus its precision measurement illustrates 

the presence of publication bias (Sutton et al. 2000; Stanley 2005). However, asymmetry can 
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be caused by other factors, such as a correlation between moderators (study-specific 

characteristics) and effect size estimates or between-study heterogeneity (Egger et al. 1997; 

Peters et al. 2008; Sterne et al. 2011). To address this issue, statistical tests can be used to 

evaluate the funnel-plot asymmetry distribution for the presence of publication bias. There are 

two common tests for funnel-plot asymmetry distribution in the literature, the Egger’s and 

Begg’s tests. Egger’s test (Egger et al. 1997; Harbord et al. 2006; Peters et al. 2006) regresses 

the standardized effect sizes on their precision; in the absence of publication bias, the regression 

intercept should be zero. Begg’s test (Begg and Mazumdar 1994) uses the rank correlation test 

after standardizing the effects on their precision to stabilize the variance. Publication bias can 

also be explored and corrected using the MRA approach (Card and Krueger 1995; Ashenfelter 

et al. 1999; Gorg and Strobl 2001; Stanley 2005).  

Meta-analysis has been widely used in many fields, including education, psychology, 

health sciences, social sciences, and economics (Nelson and Kennedy 2009). The application 

of meta-analysis in economics began around 1989–1990, with most using the MRA approach 

(Nelson and Kennedy 2009). The MRA is used to investigate sources of excess variation and 

analyze the sensitivity of empirical effect size estimates to study design specifics, such as the 

choice of data type, econometric model, estimation method, and functional form (Stanley 

2005). The MRA approach has been widely used for efficiency analysis for the last two 

decades. Applications in this area include analysis of efficiency in tourism (Assaf and Josiassen 

2016), banking and finance (Iršová and Havránek 2010; Aiello and Bonanno 2016, 2018; Fall 

et al. 2018), health (Nguyen and Coelli 2009; Kiadaliri et al. 2013; Alatawi et al. 2019; 

Mahdiyan et al. 2019), transportation (Brons et al. 2005; Odeck and Bråthen 2012; Merkel and 

Holmgren 2017; Marchetti and Wanke 2019), and agriculture (Thiam et al. 2001; Bravo-Ureta 

et al. 2007; López and Bravo-Ureta 2009; Ogundari and Brümmer 2011; Iliyasu et al. 2014; 
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Ogundari 2014; Djokoto 2015; Djokoto and Gidiglo 2016; Djokoto et al. 2016; Mareth et al. 

2016).  

However, these studies differ in the estimation method used and how they address 

heteroscedasticity and publication bias. Some studies have used the traditional estimation 

method of ordinary least square (OLS) (Nguyen and Coelli 2009; Kiadaliri et al. 2013; Iliyasu 

et al. 2014), while others have used Tobit (Thiam et al. 2001; Bravo-Ureta et al. 2007; Mareth 

et al. 2016; Fall et al. 2018), random-effects Tobit (Odeck and Bråthen 2012; Assaf and 

Josiassen 2016), and fractional regression models (Ogundari 2014; Djokoto 2015; Djokoto and 

Gidiglo 2016; Djokoto et al. 2016; Villano and Tran 2019; Djokoto et al. 2020). The random-

effects meta-regression model using the REML estimator has been used recently (Aiello and 

Bonanno 2016, 2018, 2019). Most of these studies have not addressed publication bias or 

heteroscedasticity (Thiam et al. 2001; Brons et al. 2005; Bravo-Ureta et al. 2007; López and 

Bravo-Ureta 2009; Iršová and Havránek 2010; Odeck and Bråthen 2012; Kiadaliri et al. 2013; 

Iliyasu et al. 2014; Assaf and Josiassen 2016; Mareth et al. 2016; Marchetti and Wanke 2019). 

Some studies have attempted to capture the effects of publication selection bias on MTE 

estimates and correct for heteroscedasticity using variables based on journal ranking (published 

vs. non-published studies and journal impact factor) (Ogundari 2014; Djokoto 2015; Djokoto 

and Gidiglo 2016; Djokoto et al. 2016). The standard deviation of efficiency distribution was 

recently used to account for these issues (Aiello and Bonanno 2016, 2018; Fall et al. 2018; 

Aiello and Bonanno 2019). However, it is not clear whether the standard deviation of efficiency 

distribution measures is the same as the variance of parameter estimates. This study uses the 

square root of sample size to correct for publication bias and heteroscedasticity, as used by 

Ogundari and Brümmer (2011). 
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2.3 Methodology  

We follow the guidelines for meta-analysis in economics research proposed by Stanley et al. 

(2013) to synthesize estimates of MTE for rice farming worldwide to enhance our 

understanding of the level of productive efficiency performance of rice production and quantify 

the effects of heterogeneity, heteroscedasticity, and publication bias. Firstly, we implement a 

rigorous literature search. We then summarize the effect size by moderators and test the 

absence of heterogeneity of effect sizes using Cochrane’s Q-statistic homogeneity test (Hedges 

1994). Next, we examine the presence of publication bias using a funnel plot (Light and 

Pillemer 1984), Egger’s test (Egger et al. 1997; Harbord et al. 2006; Peters et al. 2006), and 

Begg’s test (Begg and Mazumdar 1994). Finally, we implement an MRA (Stanley and Jarrell 

1989, 2005) using a random-effects meta-regression model (Berkey et al. 1995) with an 

interactive REML estimator (Raudenbush 2009) to correct for heterogeneity, 

heteroscedasticity, and publication bias. 

 

2.3.1 Meta-regression analysis (MRA) 

As noted above, the MRA method can quantify the empirical effect size of underlying 

economic phenomena and explore how they vary across primary studies (Stanley and Jarrell 

1989, 2005). Two commonly used regression types in the MRA model are the fixed-effects 

(FE) meta-regression model proposed by Greenland (1987) and random-effects (RE) meta-

regression model introduced by Berkey et al. (1995). The main distinction between these 

methods is how they address between-study heterogeneity. The FE meta-regression model 

assumes that the included covariates capture all between-study heterogeneity in effect sizes. 

The RE meta-regression model allows for additional variation, or residual heterogeneity, not 

explained by the included moderator variables. Thus, the RE meta-regression model is an 
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extended (mixed) version of the FE meta-regression model. It reverts to the FE meta-regression 

model when residual (unexplained) heterogeneity equals zero.  

The FE meta-regression model is rarely used because the included covariates cannot 

account for all between-study heterogeneity; this failure can lead to excessive type I errors if 

the (unexplained) residual heterogeneity is important (Thompson and Sharp 1999; Higgins and 

Thompson 2004; Harbord and Higgins 2008, 2016). The RE meta-regression model has been 

widely used in MRA studies, and more recently, efficiency MRA studies (Aiello and Bonanno 

2016, 2018, 2019). Here, we estimate MRA using a RE meta-regression model, expressed as: 

(2.1)     𝑦𝑖 = 𝛽0 +∑𝛽𝑗𝑥𝑖𝑗

𝑛

𝑗=1

+ 𝑢𝑖 + 𝜔𝑖,   weighted by 𝑤𝑖 =
1

𝜎𝑖
2 + 𝜏2

 

where i = 1, 2,…N denote ith study and j = 1, 2,…n denote jth covariate (moderator variable). 

𝑦𝑖 is effect size estimates. 𝑥𝑖𝑗 is jth moderator variable included to capture between-study 

heterogeneity. The  𝛽𝑗 are unknown parameters to be estimated. 𝑢𝑖~𝑁(0, 𝜏
2) is an RE term to 

capture the between-study heterogeneity that cannot be explained by the included moderator 

variables, and 𝜏2 is an additive between-study variance component. 𝜔𝑖~𝑁(0, 𝜎𝑖
2) is the error 

term.  

Publication bias can be detected and corrected for using the MRA model to identify the 

relationship between reported effect size estimates and their precision (standard errors) (Card 

and Krueger 1995; Ashenfelter et al. 1999; Gorg and Strobl 2001; Stanley 2005). However, the 

standard errors of technical efficiency estimates in primary studies are not reported. Begg and 

Berlin (1988) argued that publication bias is proportional to the inverse of the square root of 

sample size, 𝑛−1 2⁄ , which is also proportional to the standard error of the effect size estimate. 

Thus, in this study, we define 𝑆𝑖 as the inverse of the square root of sample size as a proxy for 

the precision of MTE estimates, and 𝛽1 is the parameter to capture the effect of publication 
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bias. This approach has also been applied in MRA studies (Ogundari et al. 2012; Ma et al. 

2015), with equation (2.1) rewritten to capture publication bias: 

(2.2)     𝑦𝑖 = 𝛽0 + 𝛽1𝑆𝑖 +∑𝛽𝑗𝑥𝑗

𝑛

𝑗=2

+ 𝑢𝑖 + 𝜔𝑖 

However, it is suspected that the error term, 𝜔𝑖can be heteroscedastic because the 

variance in individual effect size estimates changes with sample size, and effect size estimates 

are not independent within a study. The heteroscedasticity can be corrected by weighting the 

observations through the precision of effect size, 𝑆𝑖: 

(2.3)     
𝑦𝑖
𝑆𝑖
= 𝛽1 + 𝛽0

1

𝑆𝑖
+∑𝛽𝑗

𝑥𝑗

𝑆𝑖

𝑛

𝑗=2

+ 𝑢𝑖 + 휀𝑖 

where 휀𝑖 = 𝜔𝑖 𝑆𝑖⁄  corrects for heteroscedasticity. Publication bias is now tested through the 

significance of constant coefficient, 𝛽1 (Stanley 2008; Doucouliagos and Stanley 2009; 

Cipollina and Salvatici 2010; Feld et al. 2013). 

In the RE meta-regression, between-study variance, 𝜏2, is estimated, then the 

coefficients, 𝛽, are estimated using the weighted least squares method with a weight of 

1 (𝜎𝑖
2 + 𝜏2)⁄ , where 𝜎𝑖 is the standard error of the estimated effect size in primary studies 

(Harbord and Higgins 2008); in our case, the inverse of the square root of sample size 

represents this standard error. 

There are different techniques for estimating the 𝜏2 parameter, including REML 

(Raudenbush 2009), maximum likelihood (ML) (Hardy and Thompson 1998; Thompson and 

Sharp 1999), empirical Bayes (EB) (Berkey et al. 1995), DerSimonian–Laird (DL) 

(DerSimonian and Laird 1986), Hedges (HE) (Hedges 1983), Sidik–Jonkman (SJ) (Sidik and 

Jonkman 2005), and Hunter–Schmidt (HS) (Schmidt and Hunter 2015). The REML estimator 
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of Raudenbush (2009) is an iterative ML method that can produce an exact estimate of 𝜏2, and 

has been widely used in empirical MRA studies. Here, we use the REML estimator to estimate 

the RE meta-regression model in equation (2.3). 

The REML estimate of 𝜏2 is the value that maximizes the restricted log-likelihood 

function: 

(2.4)     𝐿REML(𝜏
2) = −

1

2
∑{log(𝜎𝑖

2 + 𝜏2) +
(𝑦𝑖 − x𝑖�̂�)

2

𝜎𝑖
2 + 𝜏2

}

𝑁

𝑖=1

−
1

2
log|X′V−1X| 

where V = diag(𝜎1
2 + 𝜏2, 𝜎2

2 + 𝜏2, … , 𝜎𝑛
2 + 𝜏2), X is the matrix of moderators, and �̂� =

(X′V−1X)−1X′V−1y (Harbord and Higgins 2008). 

 

Residual homogeneity test 

We use Cochrane’s Q-statistic homogeneity statistic (Hedges 1994) to test for residual 

homogeneity (or absence of heterogeneity in MTE estimates) with the null hypothesis that 

𝐻0: 𝜏
2 = 0 and alternative hypothesis 𝐻1: 𝜏

2 ≠ 0. This test is based on the residual 

heterogeneity statistic, 𝑄res, the residual weighted sum of squares from the FE version of the 

model, including 𝜏2 (see Harbord and Higgins (2008)): 

(2.5)     𝑄res =∑𝑤𝑖

𝑁

𝑖=1

(𝑦𝑖 − X𝑖�̂�)
2
=∑(

y𝑖 − X𝑖�̂�

�̂�𝑖
)

2𝑁

𝑖=1

 

Under the null hypothesis of residual homogeneity, 𝑄res follows a 𝜒2 distribution with 

N – n degrees of freedom. If the 𝑄res statistic is greater than 𝜒2 critical value, then the presence 

of between-study heterogeneity will be measured with the following indicators. 

Residual heterogeneity measures 
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The first indicator to quantify residual heterogeneity is the 𝐼res
2  statistic, which estimates 

the percentage of residual between-study variation relative to total variation due to 

heterogeneity. For an RE meta-regression model, it is defined as (Higgins and Thompson 

2002): 

(2.6)     𝐼res
2 =

𝑄res − 𝑑𝑓

𝑄res
× 100% 

where df is degrees of freedom and 𝑄res is as defined earlier. 𝐼res
2  values range from 0–100%. 

There is no absolute standard for categorizing important levels of heterogeneity for the 𝐼res
2  

statistic value. Higgins et al. (2003) tentatively divided it into three levels: ‘Low,’ ‘Moderate,’ 

and ‘High’ for 25%, 50%, and 75%, respectively. 

The second indicator is the adjusted 𝑅2 that measures the proportion of between-study 

variance explained by the included moderator variables (Harbord and Higgins 2008; Borenstein 

et al. 2009; Harbord and Higgins 2016):  

(7)     𝑅2 =
�̂�0
2 − �̂�2

�̂�0
2 × 100% 

where �̂�2 and �̂�0
2 are estimates of the between-study variance in models with and without 

moderator variables, respectively. 𝑅2 values range from 0–100%. 

 

2.3.2 Choice of moderator variables 

Moderator variables are included in the meta-regression model to capture the effects of 

explainable between-study heterogeneity on MTE estimates. Based on our literature review of 

MRA studies on efficiency measurement, we use the following moderator variables to explain 

variability due to between-study heterogeneity in MTE from primary studies. 
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Estimation method: there are two commonly used estimation methods in the efficiency 

literature: parametric stochastic frontier analysis (SFA) (Aigner et al. 1977; Battese and Corra 

1977; Meeusen and van Den Broeck 1977) and non-parametric deterministic frontier, or data 

envelopment analysis (DEA) (Charnes et al. 1978). Theoretically, the stochastic frontier 

method produces higher efficiency scores than deterministic methods because it disentangles 

statistical noise from inefficiency. This is also found empirically in the MRAs of efficiency 

analysis (Ogundari 2014; Mareth et al. 2016). However, Bravo-Ureta et al. (2007), López and 

Bravo-Ureta (2009), Odeck and Bråthen (2012), Iliyasu et al. (2014), and Aiello and Bonanno 

(2016) show that the parametric SFA approach yields lower estimates than the non-parametric 

DEA approach. 

Functional form: commonly used functional forms in the efficiency literature are the 

Cobb–Douglas (CD) production function (Cobb and Douglas 1928) and flexible translog (TL) 

production function (Christensen et al. 1971). The effect of functional form choice on 

efficiency estimates is detailed in efficiency MRA literature. For instance, Thiam et al. (2001) 

find that the CD functional form generates lower estimates than the TL functional form, 

whereas Iliyasu et al. (2014) and Aiello and Bonanno (2016) find the reverse. However, some 

efficiency MRA studies did not find any evidence of this effect (Bravo-Ureta et al. 2007; 

Ogundari 2014). 

Returns to scale: theoretically, studies that use the variable returns to scales (VRS) model 

produce higher efficiency estimates than those that use the constant returns to scale (CRS) 

model, and is consistent with the findings in efficiency MRA studies (Nguyen and Coelli 2009; 

Odeck and Bråthen 2012; Aiello and Bonanno 2016; Fall et al. 2018). 

Orientation: López and Bravo-Ureta (2009) find that studies with input-oriented models 

yield higher MTE estimates than studies with output-oriented models. Odeck and Bråthen 

(2012) did not find any evidence in favor of this relationship. 
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Approach: efficiency studies can be estimated using primary or dual approaches. Thiam 

et al. (2001) and López and Bravo-Ureta (2009) show that the primal approach generates higher 

efficiency score estimates than the dual approach. While Ogundari (2014) does not find any 

evidence of differences.  

Year of study: the year of surveyed data is included in MRA studies to capture efficiency 

performance change. Ogundari (2014) finds that the efficiency estimates of African agriculture 

decrease over time, while Ogundari and Brümmer (2011) find the opposite. However, Iliyasu 

et al. (2014) find no evidence in favor of efficiency performance change over time. 

Number of (input) variables: Several studies in efficiency MRA literature also find a 

positive relationship between the number of input variables and efficiency estimates (Thiam et 

al. 2001; López and Bravo-Ureta 2009; Nguyen and Coelli 2009; Iliyasu et al. 2014; Aiello 

and Bonanno 2016; Fall et al. 2018). 

Sample size (or number of observations): the effect of sample size on efficiency estimates 

is inconclusive in the literature, with reports of a positive effect (Nguyen and Coelli 2009), 

negative effect (Fall et al. 2018), or no effect (Odeck and Bråthen 2012; Iliyasu et al. 2014; 

Aiello and Bonanno 2016). 

Data type: Thiam et al. (2001) show that studies using cross-sectional data report lower 

MTE estimates than those using panel data, which is consistent with the findings of Bravo-

Ureta et al. (2007), Ogundari (2014), and Fall et al. (2018). However, López and Bravo-Ureta 

(2009) and Odeck and Bråthen (2012) find that cross-sectional studies yield higher MTE scores 

than panel data. We also include Data value (physical data vs. value data) and Data source 

(primary vs. secondary data source) to capture possible effects on efficiency estimates. 
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Regions: the difference in efficiency estimates due to regional heterogeneity is reported 

in some efficiency MRA studies (Bravo-Ureta et al. 2007; López and Bravo-Ureta 2009; Odeck 

and Bråthen 2012; Iliyasu et al. 2014; Ogundari 2014).  

 

2.3.3 Data collection 

We use data extracted from primary studies on technical efficiency in rice farming, collected 

from a literature search of online databases and publisher websites, including AgEcon Search, 

Agris International, EconLit, Emerald Insight, EBSCOhost, Google Scholar (searching for 

unpublished gray studies), Ingenta, JSTOR, ProQuest, Science Direct, Scopus, Social Science 

Citation Index, Web of Science, Wiley Online Library, and World Agricultural Economics and 

Rural Sociology Abstracts. Furthermore, we performed a complementary search in journals 

related to agricultural economics, including American Journal of Agricultural Economics, 

Agricultural Economics, Australian Journal of Agricultural and Resource Economics, Applied 

Economics, Canadian Journal of Agricultural Economics, European Journal of Operational 

Research, Environmental and Resource Economics, European Review Agricultural 

Economics, Journal of Agricultural and Applied Economics, Journal of Agricultural 

Economics, Journal of Econometrics, and Journal of Productivity Analysis.  

A systematic search was performed using a combination of keywords (technical 

efficiency, technical inefficiency, rice production, rice farming, rice farmers, and rice farming 

households) to search for titles, abstracts, and keywords in relevant primary studies published 

up to March 2017. The final sample contains 133 studies. Many of these studies report more 

than one MTE estimate because they use multiple estimation methods or have multiple research 

objectives. Thus, our final data set consists of 253 observations from 133 selected studies.  
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The information extracted from the primary studies includes MTE estimate (mean, 

minimum, maximum, standard deviation, median), estimation method, functional form, sample 

size, year data was collected, number of input variables, data type, data source, region, and 

other study-specific characteristics. Brief summary statistics of the selected moderator 

variables are presented in Table 2.1.  

Overall, there is substantial variation in MTE estimates among studies. The statistical 

summary shows the predominant application of parametric stochastic frontier approaches 

compared to non-parametric deterministic frontier approaches. The average MTE estimate 

from studies using a parametric stochastic frontier approach is slightly lower than those using 

a non-parametric deterministic frontier approach. CD and TL are the two most-used functional 

forms in primary studies; despite TL being more flexible, CD seems to be used more often and 

yields slightly higher MTE estimates than TL. VRS models generate higher MTE scores on 

average than CRS models. Output-oriented models produce slightly lower MTE scores than 

models using input-orientation. The primal technological representation is the most common 

approach, producing significantly lower MTE scores than the dual approach. 
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Table 2.1 Summary statistics of studies, and MTE estimates by moderators 

Variables N Mean S.D. Min. Max. 

Sample statistics      

Sample size (SS) 253 658.23 1165.41 40 6503 

Year of study (Datayear) 253 2005 7 1979 2015 

Number of input variables (Ivar) 253 6.65 2.85 3 21 

MTE by moderators      

D_STO           

= 1 if stochastic frontier 188 0.76 0.14 0.23 1.00 

= 0 otherwise (deterministic frontier) 65 0.78 0.11 0.47 0.99 

D_TL†      

= 1 if translog form 85 0.75 0.15 0.30 1.00 

= 0 otherwise (Cobb-Douglas form) 103 0.76 0.13 0.23 0.96 

D_VRS††      

= 1 if VRS 39 0.79 0.12 0.56 0.98 

= 0 otherwise (CRS) 26 0.75 0.11 0.47 0.99 

D_OO      

=1 if output-orientation 22 0.73 0.09 0.56 0.91 

= 0 otherwise (input-orientation) 43 0.80 0.12 0.47 0.99 

D_Dual      

= 1 if dual approach 21 0.81 0.10 0.63 0.99 

= 0 otherwise (primal approach) 232 0.76 0.13 0.23 1.00 

D_Paneldata      

= 1 if panel data 43 0.72 0.14 0.30 0.95 

= 0 otherwise (cross-sectional data) 210 0.77 0.13 0.23 1.00 

D_Seconddata      

= 1 if secondary data 87 0.76 0.11 0.37 1.00 

= 0 otherwise (primary data) 166 0.76 0.14 0.23 0.98 

D_Valuedata      

= 1 if value and combined data 105 0.76 0.14 0.23 0.99 

= 1 otherwise (physical data) 148 0.76 0.12 0.34 1.00 

Region      

D_EA (= 1 if East Asia, 0 otherwise) 23 0.84 0.07 0.69 0.95 

D_SA (= 1 if South Asia, 0 otherwise) 83 0.81 0.11 0.37 1.00 

D_SEA (South-east Asia, baseline) 103 0.73 0.13 0.30 0.96 

D_WA (= 1 if West Asia, 0 otherwise) 7 0.83 0.11 0.67 0.95 

D_WAF (= 1 if West Africa, 0 otherwise) 35 0.66 0.16 0.23 0.92 

D_EAF (= 1 if East Africa, 0 otherwise) 2 0.72 0.14 0.62 0.82 

Overall 253 0.76 0.13 0.23 1.00 

Note: †parametric approach studies and ††non-parametric approach studies. 
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Figure 2.1 Distribution of MTE estimates for rice farming from 1982–2015 

 

Studies using cross-sectional data are predominant in the sample and tend to generate 

higher MTE estimates than studies using panel data. There are markedly more Asian studies 

than African studies, with the most studies focusing on South-East Asian countries. Studies of 

Asian countries have higher MTE estimates, on average, than those of African countries. Table 

2.1 also reports an overall MTE score for global rice farming in the last three decades is 0.76 

(range 0.23–1.00), but appears to have declined over time (Figure 2.1).  

 

2.4 Results and discussion 

2.4.1 Heterogeneity and publication bias 

The test of residual homogeneity shows that the 𝑄res statistic is 1,479.66, which is greater than 

the 𝜒(237)
2  critical value, generating a p-value of less than 0.001 for the study heterogeneity 
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hypothesis test. That is, there is statistical evidence for residual heterogeneity, and moderator 

variables should be used to capture between-study heterogeneity. 

The funnel plot of MTE estimates against their precision, the inverse of square root of 

sample size, is illustrated in Figure 2.2 and can be used to visualize the presence of publication 

bias. The graph shows that the distribution of MTE is symmetric within the inverse funnel; 

however, many MTE scores lie outside the inverse funnel, mostly those with high precision. 

This suggests the presence of publication bias or heterogeneity. To investigate this issue, we 

use Egger’s and Begg’s statistics to test for the absence of publication bias. Egger’s test result 

without moderators (Table 2.2) shows statistical evidence for the presence of publication bias 

in MTE estimates reported in the literature, with marginal support from Begg’s test. Therefore, 

in the meta-regression model, we include the inverse of the square root of sample size as a 

moderating variable to account for publication bias. 

 

 

Figure 2.2 Funnel asymmetry graph of MTE estimates against its precision 
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Table 2.2 Results of publication bias tests without moderator variables 

Test Null hypothesis Coefficient S.E. z Prob>|z| 

Egger's test 𝐻0: 𝛽1 = 0; no small-study effects 0.66 0.25 2.62 0.01 

Begg's test  2,984.00 1,582.43 1.89 0.06 

 

2.4.2 Meta-regression analysis 

To check the reliability of our estimates, we estimate the model using traditional methods 

commonly used in the literature, including OLS, Tobit, and weighted least square (WLS). The 

OLS and Tobit models did not account for heteroscedasticity (i.e., no weighting). WLS is an 

FE model using a weight of 1 𝜎𝑖
2⁄ , and which assumes that all between-study heterogeneity is 

explained by the included covariates. Table 2.3 reports the parameters of the REML model and 

its comparable models (OLS, Tobit, and WLS). The parameter estimates of REML are 

consistent with the parameter estimates from simpler regressions on study covariates (OLS and 

Tobit models) but differ from the WLS model. This is because the REML model allows for 

(unexplained) residual heterogeneity, while the WLS model treats all between-study 

heterogeneity as explained by the included moderator variables. The parameter estimates of the 

OLS and Tobit models are almost identical (slight difference in standard errors), as reported 

by Thiam et al. (2001), Bravo-Ureta et al. (2007), and Fall et al. (2018). According to Nguyen 

and Coelli (2009), if there are no MTE estimates of 0 or 1 in the meta-data set, then the OLS 

and Tobit models will produce identical estimates.  
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Table 2.3 Meta-regression of rice farming MTE scores 

Variable 
OLS  Tobit  WLS  REML 

Coef.† S.E.  Coef.† S.E.  Coef.† S.E.  Coef.† S.E. 

1/SqrSS (𝛽1) 0.567 ** 0.260  0.567 ** 0.251  –0.23  0.158  0.439  0.297 

Datayear –0.003 ** 0.001  –0.003 ** 0.001  –0.002 *** 0.001  –0.003 ** 0.001 

Ivar 0.005  0.003  0.005 * 0.003  –0.005 *** 0.001  0.003  0.003 

D_STO 0.050  0.031  0.050 * 0.030  0.078 *** 0.016  0.065 ** 0.033 

D_TL –0.013  0.019  –0.013  0.018  –0.092 *** 0.007  –0.034 * 0.019 

D_VRS 0.050  0.031  0.050 * 0.030  0.000  0.016  0.041  0.033 

D_OO –0.014  0.032  –0.014  0.031  –0.064 *** 0.017  –0.016  0.034 

D_Dual 0.029  0.033  0.029  0.032  0.044 ** 0.018  0.032  0.036 

D_Paneldata –0.104 *** 0.025  –0.104 *** 0.024  –0.055 *** 0.010  –0.093 *** 0.025 

D_Secodata 0.049 ** 0.019  0.049 *** 0.018  0.024 *** 0.009  0.047 ** 0.020 

D_Valuedata –0.022  0.016  –0.022  0.015  –0.043 *** 0.006  –0.025  0.016 

D_EA 0.114 *** 0.029  0.114 *** 0.028  0.075 *** 0.013  0.115 *** 0.029 

D_SA 0.065 *** 0.021  0.065 *** 0.020  0.062 *** 0.011  0.071 *** 0.022 

D_WA 0.105 ** 0.052  0.105 ** 0.050  0.086 ** 0.041  0.105 * 0.061 

D_WAF –0.087 *** 0.025  –0.087 *** 0.024  –0.161 *** 0.013  –0.105 *** 0.026 

D_EAF –0.001  0.084  –0.001  0.081  –0.147 *** 0.030  –0.032  0.079 

Constant (𝛽0) 0.715 *** 0.063  0.715 *** 0.061  0.850 *** 0.029  0.728 *** 0.064 

Model properties                

R2(%) 28.77    –    –    31.71   

Pseudo R2(%) –    –28.33    –    –   

𝜏2  –    –    –    0.009   

𝐼2(%)  –    –    –    84.98   

† *, **, and *** represent statistically significant levels of 1%, 5%, and 10%, respectively.             
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An 𝜏2 of 0.009 in the REML model indicates that between-study variance exists, and is 

close to the results (0.012) of Aiello and Bonanno (2016, 2018). The proportion of residual 

variation due to heterogeneity, 𝐼2, is high (according to the classification in Higgins et al. 

(2003)) at 84.98%. The adjusted 𝑅2 value is 31.71%, suggesting that the included moderator 

variables only explain about 32% of the total variation in the MTE estimates. 

In terms of between-study heterogeneity, our study finds strong evidence that study 

characteristics affect the variability in MTE estimates. Specifically, the SFA approach yields 

higher MTE estimates than the DEA approach, which is theoretically consistent and in line 

with the empirical results of Ogundari (2014) and Mareth et al. (2016). The result shows that 

studies using secondary data sources produce higher MTE estimates than those using primary 

data sources. Our finding shows that studies using the TL functional form generate lower 

efficiency scores than studies using the CD form, as reported by Iliyasu et al. (2014) and Aiello 

and Bonanno (2016). A negative relationship between panel data and MTE estimates is 

revealed in our study. Particularly, studies using panel data yield lower technical efficiency 

estimates than those using cross-sectional data, which is consistent with the findings of López 

and Bravo-Ureta (2009) and Odeck and Bråthen (2012). 

We also find statistical evidence on the effect of region on MTE estimates. Empirical 

studies conducted in East Asian, South Asian, and West Asian countries provide higher MTE 

estimates than those conducted in Southeast Asian countries (baseline). The MTE estimates 

from studies in African countries are lower than Southeast-Asian countries. Our research also 

reveals that the MTE estimates decline over study-time. 

We do not find any significant relationship between MTE estimates and the number of 

input variables (Ivar), choice of returns to scale (VRS vs. CRS), orientation (output-oriented 

vs. input-oriented), technology representation specification (dual vs. primal approach), and 

data type (value vs. physical data). The REML results suggest no evidence of publication bias 
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in the MTE estimates (statistically insignificant coefficient of 𝛽1), as reported by Ogundari and 

Brümmer (2011), Ogundari et al. (2012), and Aiello and Bonanno (2016). 

 

Table 2.4 Summary of reported and estimated MTE scores for all meta-regression models 

Model Mean S.D. Min. Max. 

MTE 0.76 0.13 0.23 1.00 

MTEOLS 0.76 0.07 0.56 0.96 

MTETobit 0.76 0.07 0.56 0.96 

MTEWLS 0.76 0.09 0.43 0.93 

MTEREML 0.76 0.08 0.54 0.96 

 

These findings suggest that practitioners should be mindful of the possible impact of 

estimation methods, functional forms, and data on estimated efficiency estimates, and when 

comparing empirical results between models and studies. Furthermore, policymakers and 

practitioners should be cautious about interpreting results and comparing and generating results 

across studies. 

Table 2.4 summarizes the MTE estimates collected from the literature and the predicted 

MTE values estimated from meta-regression models. In general, the mean values of MTE 

scores did not differ between meta-regression models (MTEOLS, MTETobit, MTEWLS, and 

MTEREML) and the observed value (MTE). However, the range in variation significantly 

differed between the observed and estimated MTE scores. Specifically, variability in estimated 

MTE scores is much narrower than observed values (also see Figure 2.4), which is consistent 

with the findings of Ogundari and Brümmer (2011). Further exploration of the correlation of 

MTE estimates between estimated and observed values is presented in Table 2.5 and illustrated 

in Figure 2.3, showing a high correlation between estimated MTE scores predicted from meta-
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regression models, but relatively low correlation between the observed MTE estimates, 

revealing that reported MTE estimates in the literature are affected by study heterogeneity.  

 

Table 2.5 Correlation of MTE scores between meta-regression models 

Model MTE MTEOLS MTETobit MTEWLS MTEREML 

MTE 1.00     

MTEOLS 0.54 1.00    

MTETobit 0.54 1.00 1.00   

MTEWLS 0.42 0.78 0.78 1.00  

MTEREML 0.53 0.99 0.99 0.87 1.00 

 

 

Figure 2.3 Scatterplot matrices of pairwise MTE estimates for all models 
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Figure 2.4 Distribution of observed and estimated MTE scores 

 

2.5. Conclusions and implications 

This chapter conducts a meta-regression analysis (MRA) (Stanley and Jarrell 1989, 2005) on 

mean technical efficiency (MTE) in rice farming, reported in the literature over the last three 

decades, to quantify the effects of study-specific characteristics (e.g., estimation techniques, 

functional forms, sample size, and number of variables), heteroscedasticity, and publication 

selection bias on these empirical findings. We use an RE meta-regression model (Berkey et al. 

1995) with an iterative REML estimator (Raudenbush 2009) to estimate the MRA model. The 

robustness of model estimates is checked by comparing REML model results with those from 

alternative models (OLS, Tobit, and WLS). The dataset consists of 253 observations extracted 

from 133 empirical primary studies published in English.  

The results show that REML model estimates are highly consistent with those of OLS 

and Tobit but differ from the WLS model (due to treatment differences for between-study 
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heterogeneity), confirming the robustness of our REML model estimates. The appropriateness 

of the RE meta-regression model is also confirmed by the 𝜏2 estimate of 0.009, indicating the 

presence of between-study variance (or unexplained residual heterogeneity) that cannot be 

captured by the OLS, Tobit, and WLS models. The 𝐼2 estimate of 84.98% shows the 

importance of heterogeneity for the total variation in MTE estimates (Higgins et al. 2003) and 

that correction for heterogeneity in our study is important. The 𝑅2 value is approximately 32%, 

implying that the included moderator variables explain about one-third of the between-study 

variation of reported MTE estimates.  

In terms of between-study heterogeneity, the research finds strong evidence on the 

relationship between the variability in MTE estimates and study-specific characteristics 

involved. Specifically, the parametric stochastic frontier approach and secondary data source 

yield higher MTE estimates than non-parametric deterministic DEA methods and primary data 

sources, respectively. While panel data and TL functional forms produce lower MTE estimates 

than cross-sectional data and CD functional forms, respectively. We also find statistical 

evidence for the effect of the rice production region on MTE estimates. Empirical studies 

conducted in East Asian, South Asian, and West Asian countries provide higher MTE estimates 

than those conducted in Southeast Asian countries. The MTE estimates in primary studies for 

African countries are lower than those for Southeast Asian countries. The research also reveals 

that MTE estimates tend to decline over time. Furthermore, our research finds no evidence of 

publication bias.  

A comparison analysis of observed and estimated MTE scores shows no difference in 

mean values (both 0.76) after correcting for between-study heterogeneity. However, the range 

in variation significantly differs, with wider variation for observed scores (0.23–1.00) than 

estimated scores ignoring study RE (0.54–0.96). This reveals a remarkable effect of study-

specific characteristics on MTE estimates reported in the literature.  
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The results suggest that, to produce robust estimation results, practitioners should 

carefully consider approaches used, including frontier models selected and data types used. 

Efficiency estimates can be susceptible to study details. The findings point to the need for 

further development of advanced methods and models that can produce consistent results 

between approaches. For empirical results, policymakers and other users of efficiency 

estimates must be cautious when interpreting and applying empirical results to develop policies 

or pursue other objectives. Finally, the estimated mean value of MTE estimates is 0.76, 

suggesting the potential to improve technical efficiency in rice production globally, and the 

need for further research and development to bridge managerial ability gaps in rice farming.  
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Appendix 

Table A2.1 Harvested area, yield and production of paddy by continent in 2018 

Continent 

Harvested area  Production 
Yield 

(Ton/ha) 
Area 

(Mil. ha) 

Percentage 

(%) 
 

Production 

(Mil. ton) 

Percentage 

(%) 

World 167.13 100.00  782.00 100.00 4.68 

Asia 146.07 87.40  705.39 90.20 4.83 

Africa 14.24 8.52  33.17 4.24 2.33 

Americas 6.13 3.67  38.76 4.96 6.33 

Europe 0.63 0.37  4.02 0.51 6.43 

Oceania 0.07 0.04  0.65 0.08 9.85 

Source: (FAOSTAT 2020c) 

 

Table A2.2 Net rice trade balance in 2013 by continent in 2017 (Mil. ton) 

Continent Import  Export  Trade balance†  

Africa 19.00 0.48 –18.52 

Americas 8.03 8.96 0.93 

Asia 24.21 51.42 27.21 

Europe 5.67 3.53 –2.14 

Oceania 0.48 0.30 –0.17 

† 
Trade balance = Export – Import 

Source: (FAOSTAT 2020b) 
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Figure A2.1 Scatterplot of rice yield versus harvested area by country in 2018 

Source: (FAOSTAT 2020d) 
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Abstract: This study estimates transient and persistent technical efficiencies (TE) using a 

Generalized True Random-Effects (GTRE) model and investigates TE determinants using 

fractional regression models. We estimate the GTRE model using maximum likelihood and 

Bayesian estimation methods, then compare it to three simpler models nested within it to 

evaluate the robustness of our estimates. We use a panel data set of 945 observations collected 

from 344 rice farming households in Vietnam’s Mekong River Delta. The results indicate that 

the GTRE model is more appropriate than the restricted models for understanding 

heterogeneity and inefficiency in rice production. Estimates of overall efficiency is 0.71 on 

average, with transient rather than persistent inefficiency being the dominant component. This 

suggests that rice farmers could increase output substantially and would benefit from policies 

that pay more attention to addressing short-term inefficiency issues. We find that alkalinity, 

flooding, and natural disasters reduce transient TE, while the household head being male, larger 

land areas, land ownership, and field training attendance increase persistent TE. 

 

Keywords: Transient and persistent efficiencies, Stochastic frontier, Generalized True 

Random-Effects (GTRE) model, Bayesian estimation, Rice farming, Mekong River Delta 

 

3.1 Introduction 

Rice is a staple crop with a key role in ensuring national food security and economic 

development in Vietnam. According to the national statistics for 2019, rice is planted on 7.47 

million hectares accounting for 83.73% of the total annual cropped area , and paddy production 

is 43.45 million tons accounting for 67.90% of  total crop production (GSO 2020b). Rice is the 

main food source for more than 96 million Vietnamese people (GSO 2020a) and rice farming 

is the main livelihood source for about 9 million households, or about 70% of rural households 



 

56 

 

(Thang and Phuc 2016). In 2018, the rice sector exported 6.11 million tons of milled rice (~15% 

of global rice exports), adding about $3.06 billion (1.25%) to the nation’s GDP (GSO 2020c). 

Production mainly occurs in two large deltas—the Red River Delta in the north and the Mekong 

River Delta (MRD) in the south. The MRD accounts for more than 50% of the rice area and 

production and 90% of the rice export volume (Anh et al. 2020; GSO 2020b), and thus plays a 

crucial role in the development strategy of Vietnam’s rice sector. 

The rice sector has achieved continuous growth since the adoption of the renovation 

policy (Doi Moi policy) in 1986, which helped Vietnam transform from a chronic food importer 

to a self-sufficient food country and become a leading rice exporter in the last two decades 

(Nielsen 2003; Van Long and Yabe 2011; Linh 2012; Nguyen et al. 2012). In recent years, 

paddy production has declined due to reductions in area planted and rice yield (Figure A3.1), 

reducing export earnings, among other things. To maintain rice production and export levels, 

the government needs supportive policies that are well-tailored to improving productivity and 

productive efficiency given that the cultivation area is limited and under increasing pressure 

from urbanization and climate change. 

The productive efficiency of rice production in Vietnam has been the subject of a small 

but growing literature. For instance, Hien et al. (2003) studied the technical efficiency (TE) of 

rice households and its determinants for rice production in the MRD using a stochastic frontier 

analysis (SFA) approach and 2002 survey data from 120 paddy farmers. Huy (2009) used a 

data envelopment analysis (DEA) method to measure the TE of rice households in the MRD 

using surveyed data from 261 rice farmers collected in the 2006 winter–spring cropping season. 

Khai and Yabe (2011) estimated the TE of rice households and identified productive efficiency 

determinants in Vietnam using an SFA model and a 2006 cross-sectional data set. Linh (2012) 

used both DEA and SFA analysis methods to estimate the TE of rice households in Vietnam 

using secondary data for the 2003/2004 cropping year. Tung (2013) used a bootstrapped DEA 
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to measure the technical and scale efficiencies of rice farmers in the MRD using a panel data 

set from 1998 to 2010. More recently, Linh et al. (2015) used a smooth bootstrap DEA method 

to measure the technical and scale efficiencies of rice production in northwest Vietnam using 

a 2014 cross-sectional data set of 292 farmers. While these studies used different methods and 

data types to examine TE and its determinants for rice farming, no study has analyzed whether 

the observed TE is due to short-term (transient) or long-term (persistent) factors, a distinction 

that is important for policy purposes. In addition, the effects of firm heterogeneity, cropping 

seasons, and rice varieties have been ignored in most of these studies.  

To overcome these shortcomings, we estimate and analyze the TE of rice farming in 

Vietnam using the generalized true random-effects (GTRE) model, first introduced in 2014 by 

Colombi et al. (2014), Kumbhakar et al. (2014), and Tsionas and Kumbhakar (2014). This 

model can distinguish between transient and persistent inefficiencies and separate firm 

heterogeneity from inefficiency. The model generalizes earlier models that accounted for some 

but not all of these effects. Different estimation methods have been developed to estimate this 

model. For example, Colombi et al. (2014) introduced a full maximum likelihood (ML) 

estimation method, Kumbhakar et al. (2014) developed a multi-step approach, Tsionas and 

Kumbhakar (2014) used a Bayesian approach, and, more recently, Filippini and Greene (2016) 

proposed a maximum simulated likelihood estimation (MSLE) approach. Here, we apply the 

MSLE approach of Filippini and Greene (2016) to estimate transient and persistent efficiencies 

of rice farmers. The results are also compared with those estimated using Bayesian methods. 

The transient and persistent TE determinants are then analyzed in the second stage using 

fractional regression models. 

This research makes two key contributions to the literature: (1) it is the first study to 

apply the GTRE model and use both MSLE and Bayesian estimation methods to examine the 

productive efficiency of rice farming; and (2) it disentangles productive efficiency into 
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transient (short-term) and persistent (long-term) efficiency while allowing for farm 

heterogeneity effects. The analysis of short-term and long-term efficiency determinants offers 

detailed and relevant information on Vietnamese rice farming performance for policymakers 

to design well-tailored policies that will help rice farmers to increase efficiency and income.  

The rest of the paper is organized as follows: the next section presents a brief review of 

the methods used in the literature for measuring TE and the empirical applications of the GTRE 

model. Section 3.3 describes the data and the methodology used in this study, including the 

SFA method, the GTRE model, the fractional regression models for analyzing the determinants 

of inefficiency, and further details on empirical implementation. The empirical results from the 

analysis are presented and discussed in Section 3.4. Section 3.5 concludes the paper by drawing 

some conclusions and policy implications.  

 

3.2 Literature review 

The concept of productive efficiency began in the early 1950s with the works of Koopmans 

(1951), Debreu (1951), and Shephard (1953), with the basic definition that “A producer is 

technically efficiency if, and only if, it is impossible to produce more of any output without 

producing less of some other output or using more of some input” (Kumbhakar and Lovell 

2003). Farrell (1957) was the first to measure productive efficiency empirically by defining 

and breaking down cost-efficiency into technical and allocative efficiency using linear 

programming techniques applied to U.S. agriculture. Since then, different methods for 

measuring TE have been developed, with two broad approaches widely used in empirical 

studies: (i) the nonparametric technique, or DEA (Charnes et al. 1978); and (ii) the parametric 

approach, or SFA (Aigner et al. 1977; Battese and Corra 1977; Meeusen and van Den Broeck 

1977).  
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The SFA models for panel data sets have evolved over the last four decades, with one of 

the key concerns being whether inefficiency should be treated as a time-variant or time-varying 

component and whether time-invariant random effects should be treated as firm heterogeneity 

in production or persistent inefficiency. These developments are summarized into four 

modeling approaches (Colombi et al. 2014). The first group considered inefficiency term as 

time-invariant (Pitt and Lee 1981; Schmidt and Sickles 1984; Kumbhakar 1987; Battese and 

Coelli 1988). The second group relaxed the assumption and modeled inefficiency as time-

variant (Cornwell et al. 1990; Kumbhakar 1990; Battese and Coelli 1992; Lee and Schmidt 

1993). However, these two approaches have the same shortcoming that unobserved individual 

effects are not considered or separated from inefficiency, which became the target of the third 

and fourth approaches. The third group considered random firm effects as long-term 

(persistent) inefficiency and added a second component to capture this time-variant technical 

inefficiency (Kumbhakar and Hjalmarsson 1993; Kumbhakar and Heshmati 1995; Kumbhakar 

and Hjalmarsson 1995). However, in these models, firm heterogeneity is not identified and 

separated from persistent inefficiency. The fourth group of models considered random firm 

effects (firm heterogeneity, fixed or random) as something different from inefficiency but 

treated inefficiency as always time-variant or transient (Kumbhakar and Wang 2005; Greene 

2005a, 2005b; Wang and Ho 2010). These models fail to capture persistent inefficiency, which 

is lumped with firm heterogeneity. The fourth group is likely to produce a downward bias in 

estimating overall inefficiency, especially if persistent inefficiency exists or is significant. 

Similarly, the third group might produce an upward bias in estimating overall inefficiency by 

treating time-invariant firm effects as inefficiency. The GTRE model recently introduced by 

Colombi et al. (2014), Kumbhakar et al. (2014), and Tsionas and Kumbhakar (2014)  has four 

error components and allows us to distinguish between unobserved firm heterogeneity, 
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transient and persistent inefficiency, and classical noise. Thus, the GTRE model can handle the 

limitations of the previous panel SFA models. 

The parameters of the GTRE model can be estimated in several ways. Colombi et al. 

(2014) introduced the single-step full ML procedure, which was extended by Badunenko and 

Kumbhakar (2017) and Lai and Kumbhakar (2018) to accommodate heteroscedasticity in some 

or all of the error components. The model is simultaneously estimated in a single-step full ML 

method. The approach of Colombi et al. (2014) is difficult to implement in practice due to the 

complexity of the log-likelihood function and computation demand (Filippini and Greene 

2016; Lien et al. 2018). Kumbhakar et al. (2014)  developed a multi-step procedure to estimate 

the four-component model; however, this approach is not as efficient as the one-step ML 

method, despite being simpler (Lien et al. 2018). Tsionas and Kumbhakar (2014) proposed a 

partial Bayesian solution. Recently, Filippini and Greene (2016)  provided an MSLE approach 

for estimating the GTRE model that circumvented most of the challenges associated with the 

classical full information ML procedure proposed by Colombi et al. (2014) by exploiting the 

Butler and Moffitt (1982) formulation (Lien et al. 2018).  

Empirical analysis of transient and persistent efficiency has been applied to many areas, 

such as energy (Filippini and Hunt 2015; Adom et al. 2018; Alberini and Filippini 2018; 

Filippini et al. 2018a; Filippini et al. 2018b), education (Titus et al. 2017; Gralka 2018; Agasisti 

and Gralka 2019; Salas-Velasco 2020), health care (Colombi et al. 2014; Colombi et al. 2017), 

transportation (Colombi et al. 2014; Badunenko and Kumbhakar 2016; Heshmati et al. 2018; 

Albalate and Rosell 2019), banking (Tsionas and Kumbhakar 2014; Badunenko and 

Kumbhakar 2017; Fungáčová et al. 2020), tourism (Assaf et al. 2017), and agriculture 

(Colombi et al. 2014; Kumbhakar et al. 2014; Njuki and Bravo-Ureta 2015; Badunenko and 

Kumbhakar 2016; Lien et al. 2018; Pisulewski and Marzec 2019). However, the GTRE model 

has not been applied to rice farming despite numerous empirical studies on efficiency 
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measurement in rice production in the past few decades (Kalirajan 1981, 1982; Kalirajan and 

Flinn 1983; Kalirajan and Shand 1985; Kalirajan and Shand 1986; Ekanayake and Jayasuriya 

1987; Ekayanake 1987; Dawson and Lingard 1989; Kalirajan 1989; Kalirajan and Shand 1989; 

Dawson et al. 1991; Kalirajan 1991; Squires and Tabor 1991; Battese and Coelli 1992; Battese 

and Coelli 1995; Huang and Kalirajan 1997; Tadesse and Krishnamoorthy 1997; Wadud and 

White 2000; Sherlund et al. 2002; Dhungana et al. 2004; Linh 2012; Tung 2013; Michler and 

Shively 2015; Villano et al. 2015). The present study fills this gap by using the GTRE model 

to estimate transient and persistent TE in rice farming using a data set collected from Vietnam’s 

MRD. The models are estimated using both MSLE and Bayesian methods to reinforce the 

robustness of estimates. 

 

3.3 Methodology 

This study uses the GTRE model to estimate transient and persistent TE of Vietnamese rice 

farmers. To examine the sensitivity of estimated results and evaluate the benefits of using the 

GTRE model, we also estimate and compare results from three traditional models, all of which 

are nested within the GTRE model. This estimation strategy has been used by Filippini and 

Hunt (2015) and Alberini and Filippini (2018). The first model we estimated is a cross-sectional 

(Pooled) model that ignores the panel nature of the data (i.e., ignoring firm heterogeneity and 

persistent inefficiency). The Pooled model only identifies and estimates transient inefficiency. 

The second model is the standard panel random-effects (RE) model proposed by Pitt and Lee 

(1981), which estimates persistent inefficiency and ignores firm heterogeneity and transient 

inefficiency. The third model is the true random-effects model (TRE) proposed by Greene 

(2005a, 2005b) as an extension of the panel data version of Aigner et al. (1977) half-normal 

model by adding time-invariant individual effects. This model distinguishes unobserved time-

invariant individual effects from time-variant inefficiency estimates and treats inefficiency as 
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a time-varying error component (transient inefficiency), while persistent inefficiency is 

attributed to the time-invariant farm heterogeneity. The final model is the GTRE model, which 

simultaneously allows for both transient and persistent inefficiency and farm heterogeneity. 

The specific econometric specifications of these SFA models are presented in Table 3.1, 

showing the differences in error components across models. The first four rows in the table 

describe the restrictions on each of the error components with ‘Yes’ indicating a free variance 

parameter and ‘No’ indicating the parameter being restricted to zero. The last row of the table 

provides the full specifications of the error components with corresponding error variances for 

the four models.  

As the Pooled, RE, and TRE models are all nested within the GTRE model, we employ 

Wald tests to identify if restrictions across models are accepted. The null hypothesis for all 

three tests is that the restricted model is the ‘true’ model. Specifically, the Pooled model is 

tested against the GTRE model with the null hypothesis that there is no farm heterogeneity and 

persistent inefficiency (i.e., 𝐻0: 𝜎𝑤𝑖 = 0 and 𝜎ℎ𝑖= 0; 𝐻1: 𝜎𝑤𝑖 ≠ 0 and/or 𝜎ℎ𝑖 ≠ 0). Second, we 

test the RE model against the GTRE model with the null hypothesis that there is no farm 

heterogeneity and transient inefficiency (i.e., 𝐻0: 𝜎𝑤𝑖 = 0 and 𝜎𝑢𝑖𝑡 = 0; 𝐻1: 𝜎𝑤𝑖 ≠ 0 and/or 

𝜎𝑢𝑖𝑡 ≠ 0). Similarly, we test the TRE model against the GTRE model with the null hypothesis 

that there is no persistent inefficiency (i.e., 𝐻0: 𝜎ℎ𝑖= 0; 𝐻1: 𝜎ℎ𝑖 ≠ 0).  
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Table 3.1 Specifications of the error components in the SFA models 

Disturbance Pooled RE TRE GTRE 

Firm heterogeneity (𝑤𝑖) No No Yes Yes 

Persistent inefficiency (ℎ𝑖) No Yes No Yes 

Transient inefficiency (𝑢𝑖𝑡) Yes No Yes Yes 

Classical noise (𝑣𝑖𝑡) Yes Yes Yes Yes 

Full random error (휀𝑖𝑡) 휀𝑖𝑡 = 𝑣𝑖𝑡 − 𝑢𝑖𝑡 

𝑣𝑖𝑡~N(0, 𝜎𝑣
2) 

𝑢𝑖𝑡~N
+(0, 𝜎𝑢

2) 

 

휀𝑖𝑡 = 𝑣𝑖𝑡 − ℎ𝑖 

𝑣𝑖𝑡~N(0, 𝜎𝑣
2) 

ℎ𝑖~N
+(0, 𝜎ℎ

2) 

 

휀𝑖𝑡 = 𝑤𝑖 + 𝑣𝑖𝑡 − 𝑢𝑖𝑡 

𝑤𝑖~N(0, 𝜎𝑤
2) 

𝑣𝑖𝑡~N(0, 𝜎𝑣
2) 

𝑢𝑖𝑡~N
+(0, 𝜎𝑢

2) 

 

휀𝑖𝑡 = 𝑤𝑖 − ℎ𝑖 + 𝑣𝑖𝑡 − 𝑢𝑖𝑡 

𝑤𝑖~N(0, 𝜎𝑤
2) 

𝑣𝑖𝑡~N(0, 𝜎𝑣
2) 

ℎ𝑖~N
+(0, 𝜎ℎ

2) 

𝑢𝑖𝑡~N
+(0, 𝜎𝑢

2) 
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In addition to formal tests, Badunenko and Kumbhakar (2016) concluded that the 

reliability of transient and persistent inefficiency estimates depends on three estimated 

parameter ratios: (1) the ratio of the variance parameter of persistent technical inefficiency to 

the variance parameter of random heterogeneity (𝜆0𝑖 = 𝜎ℎ𝑖 𝜎𝑤𝑖⁄ ), (2) the ratio of the variance 

parameter of transient technical inefficiency to the variance parameter of classical noise (𝜆 =

𝜎𝑢𝑖𝑡 𝜎𝑣𝑖𝑡⁄ ), and (3) the ratio of the variance parameter of persistent technical inefficiency to the 

variance parameter of transient technical inefficiency (Λ = 𝜎ℎ𝑖 𝜎𝑢𝑖𝑡⁄ ). A large value for the first 

and/or second ratios (𝜆0𝑖 and/or 𝜆 should be >5 and >1, respectively) indicates that the 

estimates of transient and persistent inefficiency are accurate and reliable. The third ratio plays 

a role in identifying the degree to which one can be confident in the accuracy of the estimates. 

Therefore, to be sure of the reliability of the estimates, we compute and compare these variance 

ratios. The specifications of these SFA models and associated log-likelihood functions are 

described in the next subsection. 

 

3.3.1 Stochastic frontier analysis 

The standard specification of the stochastic production frontier function (Pooled model) 

(Aigner et al. 1977) is: 

(3.1)     𝑦𝑖𝑡 = 𝛼 + 𝛃′𝐗𝑖𝑡 + 𝑣𝑖𝑡 − 𝑢𝑖𝑡 

where the subscript i = 1,…, N denotes farms; and t = 1, …, Ti denotes time period; 𝑦𝑖𝑡 is output 

(in log); 𝐗𝑖𝑡 is a vector of the input variables (in logs); 𝛃 is the associated vector of unknown 

parameters that will be estimated; 𝑣𝑖𝑡 is a random variable, assumed to be identically 

independently distributed (iid) with zero mean and variance 𝜎𝑣
2 (𝑣𝑖𝑡 ~ N(0, 𝜎𝑣

2)) (it is assumed 

to capture the effect of random noise); and 𝑢𝑖𝑡 is the time-varying non-negative half-normal 
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inefficiency random variable, which is assumed to be iid with zero mean and variance 

𝜎𝑢
2 (𝑢𝑖𝑡 ~ N

+(0, 𝜎𝑢
2)). The composite error term 휀𝑖𝑡 = 𝑣𝑖𝑡 − 𝑢𝑖𝑡 has a two-parameter skew-

normal distribution with parameters 𝜆 = 𝜎𝑢 𝜎𝑣⁄  and 𝜎 =  √𝜎𝑣2 + 𝜎𝑢2. The log-likelihood 

function for the pooled model is:  

(3.2)    log 𝐿(𝛼, 𝛃, 𝜆, 𝜎) =∑

[
 
 
 
 log

2

𝜎
+ log𝜙 (

𝑦𝑖𝑡 − 𝛼 − 𝛃
′𝐗𝑖𝑡

𝜎
)

+ logΦ(
−(𝑦𝑖𝑡 − 𝛼 − 𝛃

′𝐗𝑖𝑡)𝜆

𝜎
)
]
 
 
 
 𝑁

𝑖=1

 

=∑[log {
2

𝜎
𝜙 (
휀𝑖𝑡
𝜎
)Φ(

−휀𝑖𝑡𝜆

𝜎
)}]

𝑁

𝑖=1

 

where 𝜙(∙) and Φ(∙) are the standard normal density and standard normal cumulative 

distribution function (cdf), respectively.  

The standard panel RE model (Pitt and Lee 1981) is the limiting case of equation (3.1), 

where the 𝑢𝑖𝑡 term is replaced by 𝑢𝑖; that is, the inefficiency term remains constant for each 

farm over time. Thus, this model only estimates persistent inefficiency and ignores farm 

heterogeneity and transient inefficiency. The log-likelihood function for the RE model is 

provided by Pitt and Lee (1981). 

The TRE model (Greene 2005a, 2005b) extends the standard SFA model by adding an 

error component, 𝑤𝑖, to capture the time-invariant unobserved effects and treats these effects 

as random farm heterogeneity: 

(3.3)     𝑦𝑖𝑡 = 𝛼 + 𝛃
′𝐗𝑖𝑡 + 𝑤𝑖 + 𝑣𝑖𝑡 − 𝑢𝑖𝑡 

where 𝑦𝑖𝑡, 𝛼, 𝛃, 𝐗𝑖𝑡, 𝑣𝑖𝑡 and 𝑢𝑖𝑡 are as defined above. The added farm heterogeneity term 𝑤𝑖 is 

assumed to be normally distributed with zero mean and variance 𝜎𝑤
2 . The log-likelihood 

function for the TRE model is:  
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(3.4)     log 𝐿(𝛼, 𝛃, 𝜆, 𝜎, 𝜎𝑤)

=∑log∫

{
 
 

 
 

∏

[
 
 
 
 
2

𝜎
𝜙 (

𝑦𝑖𝑡 − 𝛼 − 𝛃
′𝐗𝑖𝑡 − 𝜎𝑤𝑊𝑖

𝜎
) ×

Φ(
−(𝑦𝑖𝑡 − 𝛼 − 𝛃

′𝐗𝑖𝑡 − 𝜎𝑤𝑊𝑖)𝜆

𝜎
)
]
 
 
 
 

𝑇

𝑡=1

}
 
 

 
 

∞

−∞

𝑁

𝑖=1

𝜙(𝑊𝑖)𝑑𝑊𝑖 

where 𝑤𝑖 = 𝜎𝑤𝑊𝑖 and 𝑊𝑖 is normally distributed with mean 0 and variance 1. The integral in 

equation (3.4) does not have a closed form, but can be evaluated by simulation (Filippini and 

Greene 2016). The simulated log-likelihood function is:  

(3.5)     log 𝐿𝑆(𝛼, 𝛃, 𝜆, 𝜎, 𝜎𝑤)

=∑log 
1

𝑅
∑

{
 
 

 
 

∏

[
 
 
 
 
2

𝜎
𝜙 (

𝑦𝑖𝑡 − 𝛼 − 𝛃
′𝐗𝑖𝑡 − 𝜎𝑤𝑊𝑖𝑟

𝜎
) ×

Φ(
−(𝑦𝑖𝑡 − 𝛼 − 𝛃

′𝐗𝑖𝑡 − 𝜎𝑤𝑊𝑖𝑟)𝜆

𝜎
)
]
 
 
 
 

𝑇

𝑡=1

}
 
 

 
 𝑅

𝑟=1

𝑁

𝑖=1

 

where 𝑊𝑖𝑟 is R simulated draws from the standard normal distribution. Derivatives for gradient-

based optimization and computing the estimator of the asymptotic covariance matrix are also 

simulated. 

We now consider the GTRE model (Colombi et al. 2014; Kumbhakar et al. 2014; Tsionas 

and Kumbhakar 2014), expressed as: 

(3.6)     𝑦𝑖𝑡 = 𝛼 + 𝛃′𝐗𝑖𝑡 + 𝑤𝑖 − ℎ𝑖 + 𝑣𝑖𝑡 − 𝑢𝑖𝑡 

where: 𝑦𝑖𝑡, 𝛼, 𝛃, 𝐗𝑖𝑡, 𝑤𝑖, 𝑣𝑖𝑡 and 𝑢𝑖𝑡 are as defined above; and ℎ𝑖 = |𝐻𝑖| has a half-normal 

distribution with zero mean and variance 𝜎ℎ
2. Thus, in the GTRE model, the disturbance is split 

into four components. The first component (𝑤𝑖) captures unobserved farm heterogeneity 

(Greene 2005a, 2005b), which is now disentangled from the long-term (persistent or time-

invariant) inefficiency effects (ℎ𝑖) in Kumbhakar and Hjalmarsson (1993), Kumbhakar and 

Hjalmarsson (1995), and Kumbhakar and Heshmati (1995). The third component (𝑣𝑖𝑡) captures 
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random shocks, and the last component (𝑢𝑖𝑡) captures short-term (transient or time-varying) 

inefficiency. These four-part disturbances can be grouped into two groups: two time-variant 

components and two time-invariant components. Filippini and Greene (2016) therefore argued 

that these could be viewed as a two-part disturbance, one time-variant and one time-invariant, 

each with its own skew-normal rather than normal distribution Specifically, 휀𝑖𝑡 = (𝑣𝑖𝑡 − 𝑢𝑖𝑡) 

has a skew-normal distribution with parameters 𝜎 and 𝜆 described above, while 휀0𝑖 = (𝑤𝑖 −

ℎ𝑖) also has a skew-normal distribution with parameters 𝜆0 = 𝜎ℎ 𝜎𝑤⁄  and σ0 = √𝜎𝑤2 + 𝜎ℎ
2. The 

GTRE is thus an RE model with skew-normal error components. The full unconditional log-

likelihood function for this model based on the joint distribution of (휀𝑖1, … , 휀𝑖𝑇 , 휀0𝑖) is derived 

by Colombi (2010) and Colombi et al. (2011). The log-likelihood function for the GTRE model 

(Filippini and Greene 2016) is: 

(3.7)     log 𝐿(𝛼, 𝛃, 𝜆, 𝜎, 𝜆0, σ0)

=∑log∫

{
 
 

 
 

∏

[
 
 
 
 
2

𝜎
𝜙 (

𝑦𝑖𝑡 − 𝛼 − 𝛃
′𝐗𝑖𝑡 − 휀0𝑖

𝜎
) ×

Φ(
−(𝑦𝑖𝑡 − 𝛼 − 𝛃

′𝐗𝑖𝑡 − 휀0𝑖)𝜆

𝜎
)
]
 
 
 
 

𝑇

𝑡=1

}
 
 

 
 

∞

−∞

𝑁

𝑖=1

2

σ0
𝜙 (

휀0𝑖
σ0
)Φ(

−휀0𝑖𝜆0
σ0

)𝑑휀0𝑖 

For practical purposes, it is more convenient to use the original parameterization. Recall 

that 휀0𝑖 = 𝜎𝑤𝑊𝑖 − 𝜎ℎ|𝐻𝑖|, where 𝑊𝑖 and 𝐻𝑖 are both normally distributed with mean 0 and 

variance 1. Similarly, the integral in equation (3.7) can be simulated, and the simulated log-

likelihood function for the GTRE model is:  

(3.8)     log 𝐿𝑆(𝛼, 𝛃, 𝜆, 𝜎, 𝜎𝑤 , 𝜎ℎ)

=∑log 
1

𝑅
∑

{
 
 

 
 

∏

[
 
 
 
 
2

𝜎
𝜙 (

𝑦𝑖𝑡 − 𝛼 − 𝛃
′𝐗𝑖𝑡 − (𝜎𝑤𝑊𝑖𝑟 − 𝜎ℎ|𝐻𝑖𝑟|)

𝜎
) ×

Φ(
−(𝑦𝑖𝑡 − 𝛼 − 𝛃

′𝐗𝑖𝑡 − (𝜎𝑤𝑊𝑖𝑟 − 𝜎ℎ|𝐻𝑖𝑟|))𝜆

𝜎
)
]
 
 
 
 

𝑇

𝑡=1

}
 
 

 
 𝑅

𝑟=1

𝑁

𝑖=1
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where 𝐻𝑖𝑟 is R simulated draws from the standard normal distribution.  

The estimation problem is only slightly more difficult than that for the TRE model as it 

involves an extra parameter, 𝜎ℎ. The simulation itself involves pairs of dependent random 

draws from two standard normal distributions. But the optimization problem is essentially the 

same as the TRE model. After the parameters of all models are estimated, the efficiency scores 

are predicted using the procedure in Jondrow et al. (1982). The transient TE is computed as 

exp (−𝑢𝑖𝑡), persistent TE is computed as exp(−ℎ𝑖), and overall TE is the product of transient 

TE and persistent TE (see Colombi et al. (2014) for details). 

 

3.3.2 Bayesian estimation 

The Bayesian analysis of an SFA model, originally introduced by Van Den Broeck et al. (1994) 

and extended to panel data by Koop et al. (1997), was recently developed and applied in 

empirical studies as an attractive alternative to the traditional ML approach to the inference of 

efficiencies because of some advantages highlighted in Koop (1994), Van Den Broeck et al. 

(1994), Coelli et al. (2005), and Griffin and Steel (2007). In the Bayesian framework, 

estimators are chosen based on their ability to minimize the loss associated with an estimation 

error. Second, results are usually presented in terms of probability density functions. Thus, it 

is possible and convenient to make probability statements about unknown parameters, 

hypotheses, and models. Third, exact finite-sample results can be obtained for most estimation 

problems. Fourth, there is a formal mechanism for incorporating non-sample information into 

the estimation process. Thus, the Bayesian estimation method makes it easy to incorporate 

restrictions, such as regularity conditions and allows for a formal treatment of parameter and 

model uncertainty.  
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Let 𝜃 = (𝜃1, … , 𝜃𝑘) denote the unknown parameters of the GTRE model to be estimated, 

𝑝(𝜃) ≡ 𝑝(𝛃, 𝜎𝑤 , 𝜎ℎ , 𝜎𝑣, 𝜎𝑢) denotes the probability density function (pdf) of prior information 

for parameters (e.g., information from economic theory or previous empirical studies) and 

𝐿(𝑦, 𝐗| 𝜃) is the likelihood function (sample information or the information contained in the 

data). The posterior distribution follows from Bayes’s theorem as: 

(3.9)     𝑝(𝜃| 𝑦, 𝐗) ∝ 𝐿(𝑦, 𝐗| 𝜃) 𝑝(𝜃) 

where 𝑝(𝜃| 𝑦, 𝐗) is the posterior pdf and ∝ denotes ‘is proportional to.’ In words, the posterior 

pdf is proportional to the likelihood function multiplied by the prior pdf. Thus, the posterior 

distribution includes all the information on the parameters contained in the prior and the data. 

The prior pdf 𝑝(𝜃) can be non-informative (i.e., ignorance of parameters) or informative. For 

complex models that do not allow inference by analytical methods, implementing the Bayesian 

approach requires the use of an iterative Markov Chain Monte Carlo (MCMC) algorithm, using 

either general algorithms such as the Metropolis-Hastings and Gibbs Sampling which focuses 

on sampling from conditional distributions for blocks of the parameter vector. The Gibbs 

Sampler algorithm used by Koop et al. (1995) is particularly useful for problems involving 

latent variables, such as SFA models (Coelli et al. 2005), and is commonly used in the literature 

(Tsionas 2002; Huang 2004; Kumbhakar and Tsionas 2005; Griffin and Steel 2007). The 

researcher can write their own MCMC algorithms or just specify the model but use BUGS 

(Bayesian inference Using Gibbs Sampling) software such as WinBUGS or JAGS to handle 

the MCMC sampling. Once the prior distributions and likelihood function are specified, it is 

possible to take samples from the posterior distributions and use those samples to make 

inferences about production frontier parameter values and inefficiency levels. Tsionas and 

Kumbhakar (2014) estimate the GTRE model using Bayesian methods. Further information on 

the priors used in the specification of our Bayesian model is provided in the appendix (Table 
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A3.1) to this paper. The simulation uses two chains of 50,000 iterations with a burn-in phase 

of 50,000 iterations to remove the influence of the initial values. Since the Gibbs Sampler 

algorithm can generate highly correlated draws, every tenth draw was retained to reduce 

autocorrelation in the samples. Hence, every chain contributes a sample of 5,000 draws. 

 

3.3.3 Fractional regression for inefficiency model 

For better-informed policymaking, it is of great interest to investigate the determinants of 

transient and persistent rice farming inefficiency. The inefficiency models are often estimated 

simultaneously in the SFA approach using a single-step method (Wang and Schmidt 2002; 

Schmidt 2011). However, we use the  Filippini and Greene (2016) approach, which estimates 

the inefficiency model in the second stage separately using transient and persistent TE scores 

obtained from estimating the GTRE model. 

The choice of regression model for the second stage is not a trivial econometric problem 

(Ramalho et al. 2010). The inappropriate choice of model could lead to biased estimates. The 

Ordinary Least Squares (OLS) and Tobit models have been commonly used in the second stage 

of inefficiency analysis. However, Ramalho et al. (2010) argued that using these models for 

the second stage of inefficiency analysis is not appropriate. The OLS model could lead the 

predicted values of efficiency scores to lie outside the unit interval (0,1). The Tobit model 

ensures that the predicted values of efficiency scores lie within the unit interval (0,1); however, 

the use of this model is questionable. Particularly, the accumulation of efficiency scores 

obtained from DEA at unity is a natural consequence of the way efficiency is defined rather 

than the result of censoring. Furthermore, the domain of the Tobit model differs from that of 

DEA scores because, typically, efficiency scores of zero are not observed (Ramalho et al. 

2010).  
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Ramalho et al. (2010) tested some possible models for the second stage of inefficiency 

analysis, including OLS, Tobit, and fractional regression (FRMs) models. They concluded that 

FRMs are more appropriate than OLS and Tobit for dealing with fractional data of efficiency 

scores. FRMs have been applied in the second stage of DEA efficiency (Raheli et al. 2017; 

Issahaku and Abdulai 2020) and meta-regression analysis to examine the effects of study 

characteristics on mean efficiency estimates (Ogundari 2014; Djokoto 2015; Djokoto and 

Gidiglo 2016; Djokoto et al. 2016). Here, we apply FRMs to investigate the determinants of 

transient and persistent efficiency, expressed as: 

(3.10)     𝐸(𝑦|𝑧) = 𝐺(𝑧𝛿) 

where y transient or persistent efficiency scores and z is a vector of time-varying and time-

invariant covariates. The conditional expected mean of y given z is 𝐸(𝑦|𝑧). 𝐺(∙) is some 

nonlinear function satisfying the condition that 0 ≤ 𝐺(∙) ≤ 1, and 𝛿 is a vector of estimated 

parameters. This approach was first proposed by Papke and Wooldridge (1996) with logit and 

probit models to deal with the fractional responses.  

Table 3.2 presents alternatives for 𝐺(∙) and the corresponding derivatives for the index 

𝑧𝛿, 𝑔(𝑧𝛿) = 𝜕𝐺(𝑧𝛿) 𝜕𝑧𝛿⁄  (or marginal effects). These models are estimated by quasi-ML 

methods (QML) (Papke and Wooldridge 1996). We used RESET, GOFF, and P tests to select 

the most appropriate functional form, (see Ramalho et al. (2010) and Ramalho et al. (2011) for 

more detail).  
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Table 3.2 Alternative specifications for fractional response variables 

Model designation Distribution function 𝐺(𝑧𝛿) 𝑔(𝑧𝛿)  

Cauchit Cauchy 
1

2
+
1

𝜋
arctan(𝑧𝛿) 

1

𝜋

1

(𝑧𝛿)2 + 1
 

Logit Logistic 
𝑒𝑧𝛿

1 + 𝑒𝑧𝛿
 𝐺(𝑧𝛿)[1 − 𝐺(𝑧𝛿)] 

Probit Standard normal Φ(𝑧𝛿) 𝜙(𝑧𝛿) 

Loglog Extreme maximum 𝑒−𝑒
−𝑧𝛿

 𝑒−𝑧𝛿𝐺(𝑧𝛿) 

Cloglog Extreme minimum 1 − 𝑒−𝑒
𝑧𝛿

 𝑒𝑧𝛿[1 − 𝐺(𝑧𝛿)] 

 

3.3.4 Empirical models 

To estimate the SFA models, we need to assume a functional form for the stochastic frontier 

function. Empirical studies have used the Cobb-Douglas (CD) production function (Cobb and 

Douglas 1928) and flexible translog (TL) production function (Christensen et al. 1971) to 

represent the stochastic frontier function. Here, we estimate the stochastic frontier model using 

TL and CD functional forms. As the CD is nested within the TL, we use the likelihood ratio 

(LR) test to select the more appropriate functional form. The translog GTRE model is shown 

in equation (3.11). The CD form can be obtained as a special case by restricting 𝛽𝑗𝑘 parameters 

to zero, while other nested models are estimated by restricting error structures. 

(3.11)  ln𝑦𝑖𝑡 =  α +∑𝛽𝑗

6

𝑗=1

ln𝑥𝑗𝑡 +
1

2
∑∑𝛽𝑗𝑘

6

𝑘=1

6

𝑗=1

ln𝑥𝑗𝑡  ln𝑥𝑘𝑡 +∑𝛽𝑙𝐷𝑙

3

𝑙=1

+ 𝑤𝑖 − ℎ𝑖 + 𝑣𝑖𝑡 − 𝑢𝑖𝑡 

where i = 1,…, n denotes the i-th farm, and t = 1, …, Ti denotes cropping season. 𝑦𝑖𝑡 is total 

revenue of paddy normalized by its mean. 𝑥𝑗𝑡  is a vector of j-th used inputs normalized by the 

means. The six main inputs used in rice production in the MRD are land, seed, fertilizer, labor, 

chemical, and capital. 𝐷𝑙  (𝑙 = 1, 2, 3) are dummy variables, denoting cropping season effects 
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(D_S2 and D_S3) and rice variety effect (D_HQRV). 𝛼 and 𝛽 are unknown parameters to be 

estimated. 𝑤𝑖 is the normally distributed random component capturing unobserved farm 

heterogeneity. 𝑢𝑖𝑡 and ℎ𝑖 are non-negative half-normal iid components capturing transient and 

persistent inefficiencies, respectively. 𝑣𝑖𝑡 is iid symmetric random noise.  

 

Output elasticity and returns to scale 

The partial output elasticities with respect to inputs are computed to examine the sensitivity of 

output change when a change in inputs occurs. The partial output elasticity with respect to input 

j (𝐸𝑗) is computed as: 

(3.12)     𝐸𝑗 =
𝜕𝑙𝑛𝑦𝑖𝑡
𝜕𝑙𝑛𝑥𝑗𝑡

= �̂�𝑗 + �̂�𝑗𝑗𝑙𝑛𝑥𝑗𝑡 +∑�̂�𝑗𝑘𝑙𝑛𝑥𝑘𝑡

5

𝑘=1

 

where �̂�𝑗, �̂�𝑗𝑗, and �̂�𝑗𝑘 are the parameters of the GTRE model estimated in equation (3.11).  

Returns to scale (RTS) is equal to the sum of the partial output elasticities with respect to inputs, 

defined as:  

(3.13)     RTS =∑𝐸𝑗

6

𝑗=1

 

 

Determinants of transient and persistent technical efficiency 

The transient TE (𝑇𝑇𝐸𝑖𝑡) is modeled as a function of time-variant determinants in a second 

stage regression:  

(3.14)     𝑇𝑇𝐸𝑖𝑡 = 𝛿0 + ∑ 𝛿𝑚

4

𝑚=1

𝑍𝑚𝑖𝑡 
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The persistent TE (𝑃𝑇𝐸𝑖) is modeled as a function of time-invariant determinants: 

(3.15)     𝑃𝑇𝐸𝑖 = 휁0 +∑휁𝑛

6

𝑛=1

𝑍𝑛𝑖 

where 𝛿0, 𝛿𝑚, 휁0, and 휁𝑛 are unknown parameters to be estimated using FRMs. 𝑍𝑚𝑖𝑡 and 𝑍𝑛𝑖 

represent time-variant and time-invariant covariates that could explain variations in transient 

and persistent TE, respectively. Time-variant variables include alkaline-prone area (Alkaline), 

flooding-prone area (Flooding), percentage of output lost due to rice diseases (Disease), and 

percentage of output lost due to natural disasters (Disaster). The time-invariant covariates 

include educational level of household head (Education), rice farming experience of the head 

(Experience), gender of the head (Gender), rice-cultivated area (Land), percentage of rice land 

ownership (Ownership), and attendance at rice production field training (Training). The 

continuous variables are demeaned and then normalized by their standard deviation before 

estimation for numerical efficiency.  

 

3.3.5 Data and variables 

The data used were collected from a random sample of rice farmers in three MRD provinces 

in southern Vietnam. Rice is cultivated in the MRD across 13 provinces, with production 

conditions such as soil quality, cultivated-land resources, and freshwater resources varying 

significantly. To obtain a representative sample of the cultivated areas, we used a three-stage 

stratified random sampling method to select the sample sites. The sample includes 344 farmer 

responses over three cropping seasons in the 2016–2017 production year, generating an 

unbalanced panel set of 945 farmer-season observations. The descriptive statistics of the data 

and definitions of variables are presented in Table 3.3.  
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Table 3.3 Descriptive statistics of input and output variables 

Definitions Variables Mean S.D. Min Max 

Output and inputs      

Revenue of paddy (US$) 𝑦 3,440.56 3,426.92 114.54 31,982.38 

Land (the planted-rice area, Ha) 𝑥1 2.37 2.11 0.13 16.90 

Seed (expenditure on seed, US$) 𝑥2 197.44 200.98 5.29 2,233.48 

Fertilizer (expenditure on all used fertilizers, US$) 𝑥3 442.33 433.51 12.33 3,303.97 

Labor (expenditure on hired and family labors, US$) 𝑥4 247.37 174.07 21.15 1,651.98 

Chemical (expenditure on pesticides and herbicides, US$) 𝑥5 568.91 550.07 19.12 4,507.71 

Capital (expenditure on land preparation, seeding, irrigation, and harvesting, US$) 𝑥6 511.86 489.85 21.81 4,460.13 

Winter–Spring (S1) Baseline 0.36 0.48 0 1 

Summer–Autumn (S2) D_S2 0.36 0.48 0 1 

Autumn–Winter (S3) D_S3 0.27 0.45 0 1 

Conventional rice varieties Baseline 0.57 0.49 0 1 

High-quality rice varieties D_HQRV 0.43 0.49 0 1 

Note: 1 US$ = ~22,700 VND in 2016–2017 
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On average, rice farmers in the MRD cultivate 2.37 hectares of land per household and 

earn $3,440.56 per household per cropping season (Table 3.3). Each rice farming household 

spends approximately $197.44 on seed, $442.33 on fertilizers, $247.37 on hired and family 

labor, $568.91 on chemicals, and $511.86 on capital per cropping season. The effect of 

cropping season is also considered in this study each one varies in terms of temperature, 

rainfall, sunshine hours, humidity, and the occurrence of rice diseases and natural disasters. 

The sample comprised 36%, 36%, and 27% of observations from season 1, season 2, and season 

3, respectively. Season 1 was treated as the baseline in the estimated model because it is the 

main cropping season in the MRD, and dummy variables D_S2 and D_S3 represent seasons 2 

and 3, respectively.  

Rice farmers usually adopt different rice varieties according to the production conditions 

and cropping season. We grouped the adopted rice varieties into two groups: (1) conventional 

rice variety group, treated as the baseline, and (2) high-quality rice variety (HQRV) group, 

dominated by OM5451, Jasmine, RVT, DS1, and OM4900. The adoption rate of HQRV in the 

MRD was 43% for the study period.  

Table 3.4 presents the definitions and descriptive statistics of explanatory variables used 

in the inefficiency model. The first part of the table shows the statistics for time-variant 

covariates. On average, 26% and 59% of rice fields are alkaline-prone and flooding-prone, 

respectively. Rice farmers lose 2.77% and 10.84% of their output due to rice diseases and 

natural disasters, respectively. The second part of the table illustrates time-invariant covariates. 

The educational level of rice farmers, on average, is low, with 6.21 years of schooling. 

However, rice farmers have rich experience in rice farming, with an average of 26.78 years. 

Males head 96% of rice households. Households own 75.48% of their cultivatable land for rice. 

On average, households attend 2.39 rice production training sessions, but the values ranged 

from 0 to 30.  
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Table 3.4 Descriptive statistics of efficiency explanatory variables 

Definitions Variables Mean S.D. Min Max 

Time-variant covariates 

Alkaline-prone area (0,1) Alkaline 0.26 0.44 0 1 

Flooding-prone area (0,1) Flooding 0.59 0.49 0 1 

Rice disease damage (%) Disease 2.77 5.36 0 40 

Natural disaster damage (%) Disaster 10.84 12.70 0 62 

Time-invariant covariates 

Education of household head (years) Education 6.21 3.29 0 16 

Experience of household head (years) Experience 26.78 12.08 2 62 

Gender of household head (0,1) Gender 0.96 0.19 0 1 

Rice-cultivated area (hectare) Land 2.37 2.11 0.13 16.90 

Land ownership (%) Ownership 75.48 37.12 0 100 

Attended field training (number) Training 2.39 4.83 0 30 

 

3.4 Results and discussion 

3.4.1 Estimates of stochastic production frontier function 

The parameter estimates of Pooled, RE, TRE, and GTRE models are presented in Table 3.5. 

The GTRE model was estimated using simulated maximum likelihood (MGTRE) and Bayesian 

(BGTRE) methods. The Pooled, RE, and TRE models were estimated using Stata software. 

The MGTRE was implemented in NLOGIT6 software, while the BGTRE was implemented 

using JAGS in R through the ‘apear’ package (Hailu 2013). We used parameter estimates of 

the TL functional form because the CD functional form was rejected in all models. The LR 

values (LR = −2 ∗ (log 𝐿𝐶𝐷 − log 𝐿𝑇𝐿)) for the Pooled, RE, TRE, and GTRE models are 

78.07, 66.65, 46.22, and 51.27, respectively, all greater than the 1% critical value of 𝜒0.99
2  (21) 

= 38.30. The results show that the estimate for the variance parameter, λ = 𝜎𝑢 𝜎𝑣⁄ , is relatively 

large and statistically significant, indicating that inefficiency effects exist in this model and 

dominate over statistical noise or measurement errors. The presence of technical inefficiency 
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is also confirmed by the statistically significant parameter estimates of 𝜎𝑢𝑖𝑡  and 𝜎ℎ𝑖. As the 

differences between the Pooled, RE, TRE and GTRE models all relate to estimates of variance 

parameters, conventional log likelihood ratio tests are not appropriate as the restricted 

parameter is at the boundary of the parameters space (Andrews 2001). Gutierrez et al. (2001) 

suggest that the correct P values of the test will be one half of those conventionally estimated, 

due to the use of a 50:50 chi squared mixing function. We compare the restricted models to the 

GTRE model using Wald tests. And find that we reject all restrictions (RE model: P values < 

0.0001, Pooled model: P value < 0.0001; TRE model: P value = 0.0401).  This confirms the 

presence of heterogeneity and persistent or transient inefficiency in the data set and suggests 

that the Pooled, RE, and TRE models are not adequate representations for the data. The 

estimates of variance parameters for farm heterogeneity (𝜎𝑤𝑖) and persistent inefficiency (𝜎ℎ𝑖) 

are statistically significant in both MSLE and Bayesian models, confirming the presence of 

farm heterogeneity and persistent inefficiency (Table 3.5). This result is in line with those 

reported by Filippini and Greene (2016), Alberini and Filippini (2018), and Filippini et al. 

(2018b). We also follow the approach of Badunenko and Kumbhakar (2016) by computing 

three variance ratios: (1) the ratio of variance parameters of persistent technical inefficiency to 

random heterogeneity (𝜆0 = 𝜎ℎ𝑖 𝜎𝑤𝑖⁄ ); (2) the ratio of variance parameters of transient 

technical inefficiency to classical noise (𝜆 = 𝜎𝑢𝑖𝑡 𝜎𝑣𝑖𝑡⁄ ), and (3) the ratio of variance parameters 

of persistent technical inefficiency to transient technical inefficiency (Λ = 𝜎ℎ𝑖 𝜎𝑢𝑖𝑡⁄ ). A large 

value for the first and/or second ratios (𝜆0 and 𝜆 should be >1) indicates that the estimates of 

transient and persistent inefficiency are accurate and reliable. The results of the MGTRE model 

show that the values for the first and second ratios are relatively high, with 𝜆0 = 0.476 / 0.041 

= 11.70 and 𝜆 = 0.326 / 0.094 = 3.47. The third ratio has a value of Λ = 0.476 / 0.326 = 1.46. 

This result is relatively close to the values of scenario S4 (𝜆0 = 5, 𝜆 = 5, and Λ = 1) reported 

in Table 6 of Badunenko and Kumbhakar (2016), revealing ‘Good’ reliability of transient and 
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persistent efficiency estimates. This confirms that our estimations of transient and persistent 

technical inefficiency are reliable and appropriate. Therefore, the GTRE model is preferred for 

estimating transient and persistent TE. We estimate the GTRE model using both maximum 

likelihood and Bayesian methods with monotonic constraints on elasticities to ensure the 

robustness of the efficiency estimates.  
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Table 3.5 Parameter estimates of translog stochastic production function for all models 

Variable 
Pooled  RE  TRE  MGTRE   BGTRE 

Coef. † S.E.  Coef. † S.E.  Coef. † S.E.  Coef. † S.E.  Coef. ‡ S.D. [95% C.I.] 

Intercept 0.427 *** 0.019  0.332 *** 0.024  0.413 *** 0.019  0.523 *** 0.019  0.519 s 0.027 0.468 0.573 

ln𝑥1 0.975 *** 0.075  0.991 *** 0.096  0.905 *** 0.088  0.919 *** 0.068  0.479 s 0.060 0.353 0.596 

ln𝑥2 –0.068 * 0.038  –0.112 ** 0.045  –0.064  0.041  –0.071 **  0.033  0.057 s 0.018 0.027 0.093 

ln𝑥3 0.073 ** 0.033  0.096 ** 0.044  0.086 ** 0.038  0.098 *** 0.031  0.145 s 0.038 0.077 0.228 

ln𝑥4 –0.075 *** 0.024  –0.068 ** 0.031  –0.082 *** 0.028  –0.070 *** 0.023  0.060 s 0.021 0.022 0.100 

ln𝑥5 0.007  0.042  0.045  0.053  0.015  0.047  0.020     0.038  0.076 s 0.023 0.029 0.120 

ln𝑥6 0.095 ** 0.047  0.053  0.060  0.154 *** 0.053  0.115 *** 0.044  0.240 s 0.044 0.151 0.327 

0.5ln𝑥1
2 –1.019 * 0.575  –0.628  0.662  –0.738  0.619  –0.920 *   0.538  0.060  0.175 –0.313 0.306 

ln𝑥1ln𝑥2 0.642 *** 0.208  0.524 ** 0.246  0.459 ** 0.227  0.571 *** 0.186  0.005  0.032 –0.062 0.062 

ln𝑥1ln𝑥3 0.224  0.211  0.176  0.243  0.165  0.232  0.207     0.199  0.030  0.073 –0.127 0.150 

ln𝑥1ln𝑥4 0.385 ** 0.165  0.247  0.208  0.385 ** 0.184  0.349 **  0.154  –0.005  0.047 –0.097 0.089 

ln𝑥1ln𝑥5 –0.139  0.159  –0.142  0.192  –0.184  0.164  –0.135     0.162  0.010  0.047 –0.060 0.097 

ln𝑥1ln𝑥6 0.224  0.273  0.146  0.337  0.204  0.287  0.201     0.285  –0.039  0.108 –0.261 0.148 

0.5ln𝑥2
2 –0.156  0.102  –0.177  0.129  –0.094  0.110  –0.134     0.093  0.001  0.023 –0.042 0.046 

ln𝑥2ln𝑥3 –0.096  0.075  –0.139  0.090  –0.108  0.080  –0.093     0.069  –0.002  0.020 –0.042 0.037 

ln𝑥2ln𝑥4 –0.022  0.074  0.014  0.086  0.018  0.078  –0.012     0.065  0.002  0.017 –0.031 0.035 

ln𝑥2ln𝑥5 0.081  0.080  0.080  0.091  0.061  0.082  0.067     0.077  –0.015  0.019 –0.051 0.018 

ln𝑥2ln𝑥6 –0.492 *** 0.115  –0.361 ** 0.142  –0.362 *** 0.125  –0.436 *** 0.115  0.010  0.022 –0.037 0.051 

0.5ln𝑥3
2 –0.092  0.107  0.027  0.121  –0.051  0.114  –0.069     0.103  0.014  0.050 –0.099 0.109 
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Table 3.5 Continued 

ln𝑥3ln𝑥4 0.114  0.093  0.214 * 0.116  0.106  0.102  0.107     0.089  0.004  0.023 –0.038 0.051 

ln𝑥3ln𝑥5 0.103  0.064  0.095  0.074  0.105  0.066  0.093     0.065  –0.008  0.025 –0.050 0.037 

ln𝑥3ln𝑥6 –0.160  0.135  –0.234  0.155  –0.122  0.151  –0.142     0.130  –0.022  0.067 –0.110 0.108 

0.5ln𝑥4
2 –0.162 * 0.089  –0.101  0.112  –0.164  0.103  –0.141     0.090  0.001  0.024 –0.049 0.048 

ln𝑥4ln𝑥5 –0.141 ** 0.063  –0.152 * 0.079  –0.145 ** 0.068  –0.131 *   0.071  –0.010  0.018 –0.047 0.021 

ln𝑥4ln𝑥6 –0.229 ** 0.109  –0.267 * 0.139  –0.251 ** 0.122  –0.214 **  0.107  0.007  0.031 –0.062 0.063 

0.5ln𝑥5
2 0.012  0.053  0.056  0.065  0.017  0.058  0.027     0.054  0.017  0.016 –0.014 0.048 

ln𝑥5ln𝑥6 –0.052  0.115  –0.098  0.140  0.016  0.120  –0.046     0.117  –0.005  0.035 –0.069 0.058 

0.5ln𝑥6
2 0.527 ** 0.222  0.626 ** 0.260  0.341  0.230  0.473 *   0.243  0.010  0.128 –0.191 0.231 

D_HQRV –0.035 * 0.018  –0.082 *** 0.020  –0.024  0.019  –0.038 **  0.015  –0.027  0.022 –0.072 0.016 

D_S2 –0.284 *** 0.017  –0.318 *** 0.017  –0.277 *** 0.015  –0.287 *** 0.018  –0.292 s 0.015 –0.322 –0.264 

D_S3 –0.297 *** 0.020  –0.364 *** 0.020  –0.294 *** 0.018  –0.305 *** 0.020  –0.309 s 0.017 –0.341 –0.276 

Model properties                     

𝜆 3.396 *** 0.021  0.895 *** 0.017  6.614 *** 0.024  3.561 *** 0.424  12.184 s 3.914 4.986 18.799 

𝜎𝑢𝑖𝑡 0.362 *** 0.014  –    0.353 *** 0.013  0.328 – –  0.342 s 0.011 0.320 0.364 

𝜎𝑣𝑖𝑡 0.107 *** 0.009  0.216 *** 0.006  0.053 *** 0.015  0.092 – –  0.033 s 0.011 0.017 0.058 

𝜎𝑤𝑖 –    –    –0.106 *** 0.011  0.044 *** 0.006  0.237 s 0.011 0.216 0.257 

𝜎ℎ𝑖 –    0.193 *** 0.019  –    0.455 ** 0.222  0.125 s 0.014 0.099 0.152 

N 945    945    945    945    945         

†***, **, * represent the significant levels at 1%, 5%, 10%, respectively. ‡ s represents statistical significance.  
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Table 3.6 Partial output elasticities with respect to inputs and returns to scale (RTS) 

Inputs 
Pooled  RE  TRE  MGTRE  BGTRE 

Mean S.D.  Mean S.D.  Mean S.D.  Mean S.D.  Mean S.D. 

Land 0.85 0.30  0.87 0.29  0.82 0.24  0.82 0.27  0.46 0.06 

Seed –0.03 0.12  –0.06 0.12  –0.03 0.09  –0.04 0.10  0.06 0.01 

Fertilizer 0.07 0.08  0.09 0.11  0.08 0.08  0.09 0.08  0.14 0.01 

Labor  –0.06 0.09  –0.06 0.09  –0.07 0.09  –0.06 0.08  0.06 0.00 

Chemical 0.02 0.09  0.06 0.10  0.02 0.08  0.03 0.08  0.08 0.01 

Capital 0.17 0.27  0.12 0.25  0.21 0.20  0.18 0.24  0.25 0.03 

RTS 1.02 0.07  1.02 0.08  1.02 0.07  1.02 0.06  1.05 0.02 
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The input and output data were normalized by their sample mean and then log-

transformed; thus, the first-order coefficients of SF models can be interpreted as partial output 

elasticities with respect to inputs at the sample mean. For model estimates with MLE/SMLE, 

estimates of first-order input parameter values are as expected, positive and statistically 

significant, except for seed and labor inputs, which are negative and significant, and chemical 

input, which is not statistically significant. However, when we imposed the monotonicity and 

curvature constraints on the estimates in the BGTRE estimation, all first-order coefficients are 

positive and statistically significant. The estimated coefficients of the models are reported in 

Table 3.5.  

We computed partial output elasticities with respect to individual inputs using equation 

(3.12); the results are summarized in Table 3.6. The RTS value is around unity, implying that 

rice production in the MRD almost achieved a constant RTS, which is consistent with other 

studies on rice farming in the MRD (Huy 2009; Tung 2013), the Philippines (Villano and 

Fleming 2006), and Bangladesh (Bäckman et al. 2011). In terms of individual inputs, rice 

output is most responsive to land, capital, and fertilizer input use. Chemical, seed, and labor 

inputs have much lower output elasticity estimates; the values for seed and labor are positive 

only for the monotonicity constrained (Bayesian) estimation.  

The estimates for dummy variables representing cropping seasons 2 (D_S2) and 3 (D_S3) 

are negative and statistically significant, implying that farmers produce lower paddy outputs 

outside the main cropping season (season 1). The estimate of the parameter for the dummy 

variable of HQRVs (D_HQRV) is negative and statistically significant in the MGTRE model 

and its nested models but insignificant in the BGTRE model, suggesting a lack of robust 

statistical evidence on output differences between HQRV adopters and non-adopters. 
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3.4.2 Transient and persistent efficiency analysis 

Table 3.7 presents the summary statistics of TE scores for rice farming estimated from all 

models. In general, the mean and dispersion of TE vary across models (also see Figure 3.1) but 

show some consistency. For example, the lower bound to the dispersion (min TE) is between 

0.25 and 0.28 for all models that allow for transient inefficiency. The upper bounds for transient 

and persistent efficiency are in the mid to high 90s for most models.  

 

Table 3.7 Descriptive summary of technical efficiency estimates for All models  

Model Mean S.D. Min Max 

Pooled 0.77 0.14 0.25 0.97 

RE 0.86 0.07 0.59 0.96 

TRE 0.77 0.14 0.25 0.98 

MGTRE_T 0.84 0.11 0.28 0.97 

MGTRE_P 0.91 0.04 0.68 0.97 

MGTRE_O 0.76 0.11 0.27 0.94 

BGTRE_T 0.78 0.13 0.28 0.95 

BGTRE_P 0.91 0.01 0.86 0.94 

BGTRE_O 0.71 0.12 0.25 0.89 

Note: GTRE_O = GTRE_T * GTRE_P 

 

The mean persistent efficiency is 0.86 if estimated using a model that ignores transient 

efficiency (RE) but higher (0.91) when estimated using other models, namely, the MGTRE and 

BGTRE models. This implies that persistent inefficiency was overestimated by 5% when farm 

heterogeneity and transient inefficiency are not adequately considered. In contrast, the mean 

transient TE estimated in all models remains relatively stable around 0.77–0.78, except for the 

MGTRE model, where it is higher (MGTRE_T = 0.84). This difference results in different 

overall TE estimates for the MSLE (0.76) and Bayesian (0.71) methods. This result indicates 
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that Vietnamese rice farmers in the MRD perform inefficiently, especially in the short-term, 

with the transient inefficiency being the dominant component of overall inefficiency. Our 

results are similar to the findings in other studies on the technical efficiency of rice farming in 

Vietnam; for example, mean TE of 0.76–0.79 (Huy 2009) and 0.82 (Khai and Yabe 2011). 

Figure 3.2 illustrates the correlations of the TE scores from the different models 

(correlation coefficients are presented in Table A3.2). In general, the GTRE model is highly 

correlated with the models that allow for transient inefficiency (Pooled and TRE) but not the 

RE model that only estimates persistent inefficiency. This is reasonable as the overall technical 

inefficiency is dominated by transient inefficiency. The transient TEs estimated in the Pooled, 

TRE, and MGTRE models are highly correlated with correlation coefficients of 0.84 to 0.97. 

The persistent TEs obtained from RE, MGTRE, and BGTRE are also highly correlated with 

coefficients of 0.83 and 0.86, respectively. This suggests that while the presence of random 

farm heterogeneity cannot be rejected, its effect on TE estimates is trivial in our case. The 

correlation between transient and persistent efficiency is as low as 0.21 and 0.16 in the MGTRE 

and BGTRE models, respectively, implying that transient and persistent efficiency differ and 

should be identified separately (Adom et al. 2018). The overall TE obtained from the MSLE 

and Bayesian estimation methods are highly correlated (0.86–0.97), confirming the robustness 

of our estimates using the estimation method. 
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(a) (b) 

    

 (c)  (d) 

Figure 3.1 (a) Distributions of overall technical efficiency (TE) of all models, (b) Transient 

TE of all models, (c) Persistent TE of all models, and (d) Transient and persistent TE of MSLE 

and Bayesian GTRE models 
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Figure 3.2 Scatterplot matrices of pairwise technical efficiency estimates for all models 

 

3.4.3 Determinants of transient and persistent efficiency 

Based on the results of the RESET, GOFF, and P tests (Tables A3.3–A3.6), the loglog 

functional form is the most appropriate for fitting the models for the transient TE determinants 

of rice farming. The results of the preferred models are presented in Table 3.8. Descriptions of 

explanatory variables are in Table 3.4. The parameter estimates for alkaline, flooding, and 

natural disaster variables are negative and statistically significant, implying that these factors 

negatively affect the transient TE of rice farmers.  
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Table 3.8 Determinants of transient and persistent technical efficiency (TE) (loglog 

specification)  

Variable 
MSLE   Bayesian 

Coef. † Robust S.E.  Coef. † Robust S.E. 

Determinants of transient TE       

Alkaline –0.194 *** 0.045  –0.117 *** 0.025 

Flood –0.223 *** 0.041  –0.104 *** 0.021 

Disease –0.046 * 0.028  –0.027 ** 0.013 

Disaster –0.362 *** 0.016  –0.203 *** 0.011 

Constant 1.979 *** 0.031  0.519 *** 0.016 

Log pseudo-likelihood –289.62    –338.89   

R2 type measure 0.42    0.37   

Test statistics‡ 0.22    1.21   

P-value 0.64    0.27   

Determinants of persistent TE       

Education 0.006  0.013  0.003  0.004 

Experience –0.006  0.012  0.003  0.005 

Gender 0.379 *** 0.069  0.142 *** 0.023 

Land 0.028 ** 0.011  0.010 ** 0.004 

Ownership 0.073 *** 0.013  0.026 *** 0.005 

Training 0.045 *** 0.017  0.008  0.005 

Constant 1.999 *** 0.067  2.224 *** 0.022 

Log pseudo-likelihood –210.54    –209.71   

R2 type measure 0.08    0.07   

Test statistics‡ 0.22    5.96   

P-value 0.64       0.01     

†***, **, * represent significance levels at 1%, 5%, 10%, respectively. ‡ the Ramsay RESET 

test is used to assess misspecification. 

 

The estimates of explanatory variables for the variability in persistent TE of rice farmers 

show almost identical model properties (e.g., AIC and BIC) across models. The results of the 

RESET, GOFF, and P tests (Tables A3.7–A3.10) indicate that we cannot reject any functional 



 

89 

 

form. This means that all functional forms can be used to fit the models of persistent TE. Table 

3.8 shows that gender, land size, land ownership, and field training have a significant positive 

effect on the persistent TE of rice farmers. 

 

3.5 Conclusions and policy implications 

This study estimated the transient and persistent TE of rice farming in Vietnam’s MRD using 

the GTRE model approach proposed by Filippini and Greene (2016). The model was estimated 

using both MSLE and Bayesian methods to check the robustness of parameter estimates. 

Models that are nested in the GTRE model (Pooled, RE, and TRE) were also estimated and 

compared. Fractional regression models were used to investigate the determinants of transient 

and persistent TE. The unbalanced panel data set comprises 945 observations collected using 

a designed questionnaire in a face-to-face interview of 344 rice households about their 

production activities during three cropping seasons in 2016–2017. Samples were identified 

using a three-stage stratified random sampling technique. 

The parameter estimates of the stochastic frontier models show that the GTRE model is 

more appropriate than its restricted versions in modeling heterogeneity in production and 

inefficiency of rice farmers, and the estimates of transient and persistent efficiency are reliable. 

The estimated results of the MSLE and Bayesian methods are consistent, confirming the 

robustness of the estimates. An analysis of partial output elasticities with respect to inputs 

shows that the output is inelastic with respect to all inputs and has a constant RTS, and that 

output is most elastic with respect to cultivated land area. We did not find reliable evidence on 

the impact of rice variety on rice output, but we found strong statistical evidence on the negative 

effects of seasonal factors on rice outputs with lower predicted outputs for seasons 2 and 3.  
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The mean overall TE of rice farming in Vietnam’s MRD is approximately 0.71, with 

transient (short-term) efficiency the dominant component (0.78). This suggests that rice 

farmers could increase their outputs if their technical inefficiency, especially transient 

inefficiency, were eliminated. The estimates of transient and persistent TE determinants reveal 

that alkaline-prone area, flooding-prone area, rice diseases, and natural disasters negatively 

affect transient TE, and the head of the household being male, rice land area, land ownership, 

and field training significantly increase persistent TE.  

This research suggests that supportive policies should be targeted to address short-term 

and long-term inefficiencies, with short-term inefficiency as a priority. In the short-term, 

training programs should focus on supporting rice farmers to improve soil quality and skills 

for dealing with rice diseases and natural disasters. In the long-term, policies should focus on 

increasing rice land area and land ownership for rice farmers to increase persistent TE. 
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Appendix 

 

Figure A3.1 Planted area, yield, and production of paddy in Vietnam, 1990–2019 

Source: (GSO 2020b) 

  

0

5

10

15

20

25

30

35

40

45

50

0

1

2

3

4

5

6

7

8

9

P
ro

d
u
ct

io
n

Y
ie

ld
 a

n
d
 A

re
a

Area (Mil. Ha) Yield (Ton/ha) Production (Mil. Ton)



 

92 

 

Table A3.1 Prior specification for Bayesian estimation of the GTRE model 

Parameter/Variable Prior 

Translog coefficients and 

intercept shifters 

 

α, 𝛽𝑗, 𝛽𝑗𝑘 , 𝛽𝑙 ~ N(0.0, 10), i.e. normally distributed with a 

precision (variance) of 0.1 (10) 

 

Noise term 

 

𝑣𝑖𝑡 ~ N(0.0, 1/hv), i.e. normally distributed with a 

precision (variance) parameter of hv (1/hv) 

 

ℎ𝑣 ~ G(0.001, 0.001), i.e. the precision parameter is 

gamma distributed with shape and rate values of 0.001 

(i.e. a mean of 1 and a variance of 1000) 

 

Persistent and transient 

inefficiency terms  

 

𝑢𝑖 , 𝑢𝑖𝑡  ~ N(0, h.u)T(0,1000), i.e. normally distributed with 

a precision of h.u truncated to 0 to 1000 

 

ℎ. 𝑢 ~ G(5, 10*log(rstar)*log(rstar)), where rstar is the 

expected mode of the efficiency distribution which is 

usually set to 0.875 (See Griffin and Steel (2007)), giving 

the precision parameter a diffuse prior with a mean of 28 

and a variance of about 157 

 

Heterogeneity term 

 

𝑤𝑖 ~ N(0.0, 1/h.wi), i.e. normally distributed with a 

precision (variance) parameter of h.wi (1/h.wi).  

 

ℎ.𝑤𝑖 ~ G(0.5, 1/h.wi.prec), where h.wi.prec is set to a 

relatively high value (4) as in Tsionas and Kumbhakar 

(2014), with a mean of 2 and a variance of 8 
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Table A3.2 Correlation of technical efficiency estimates across models  

Model Pooled RE TRE MGTRE_T MGTRE_P MGTRE_O BGTRE_T BGTRE_P BGTRE_O 

Pooled 1.00         

RE 0.67 1.00        

TRE 0.97 0.52 1.00       

MGTRE_T 0.89 0.34 0.95 1.00      

MGTRE_P 0.62 0.86 0.45 0.21 1.00     

MGTRE_O 0.97 0.54 0.99 0.97 0.45 1.00    

BGTRE_T 0.84 0.27 0.93 0.97 0.18 0.93 1.00   

BGTRE_P 0.56 0.83 0.40 0.20 0.86 0.41 0.16 1.00  

BGTRE_O 0.87 0.33 0.95 0.97 0.24 0.94 1.00 0.23 1.00 
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Table A3.3 Parameters estimates of determinants of transient technical efficiency from the MGTRE model 

Variables 
Cauchit Logit Probit Loglog Cloglog 

Coef. † S.E. Coef. † S.E. Coef. † S.E. Coef. † S.E. Coef. † S.E. 

Alkaline –0.27 *** 0.08 –0.22 *** 0.05 –0.13 *** 0.03 –0.19 *** 0.04 –0.11 *** 0.02 

Flooding –0.47 *** 0.09 –0.24 *** 0.04 –0.13 *** 0.02 –0.22 *** 0.04 –0.10 *** 0.02 

Disease –0.08  0.06 –0.05 * 0.03 –0.03 * 0.02 –0.05 * 0.03 –0.03 ** 0.01 

Disaster –0.56 *** 0.03 –0.41 *** 0.02 –0.23 *** 0.01 –0.36 *** 0.02 –0.20 *** 0.01 

Constant 2.33 *** 0.07 1.91 *** 0.03 1.12 *** 0.02 1.98 *** 0.03 0.70 *** 0.01 

Model properties                

Log pseudo-likelihood –289.83   –289.69   –289.80   –289.62   –290.02   

Deviance 45.02   44.75   44.96   44.61   45.41   

Pearson 48.42   48.31   48.48   48.19   48.86   

AIC 0.62   0.62   0.62   0.62   0.62   

BIC –6,395.10   –6,395.37   –6,395.16   –6,395.50   –6,394.71   

R2 type measure 0.42     0.42     0.42     0.42     0.41     

†***, **, * represent significance levels at 1%, 5%, 10%, respectively.  
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Table A3.4 Parameter estimates of determinants of transient technical efficiency from the BGTRE model 

Variables 
Cauchit Logit Probit Loglog Cloglog 

Coef. † S.E. Coef. † S.E. Coef. † S.E. Coef. † S.E. Coef. † S.E. 

Alkaline –0.205 *** 0.059 –0.209 *** 0.048 –0.125 *** 0.028 –0.172 *** 0.041 –0.117 *** 0.025 

Flooding –0.309 *** 0.060 –0.214 *** 0.042 –0.121 *** 0.024 –0.191 *** 0.038 –0.104 *** 0.021 

Disease –0.065 * 0.038 –0.052 * 0.027 –0.030 ** 0.015 –0.045 * 0.024 –0.027 ** 0.013 

Disaster –0.422 *** 0.022 –0.374 *** 0.019 –0.221 *** 0.011 –0.318 *** 0.015 –0.203 *** 0.011 

Constant 1.564 *** 0.048 1.495 *** 0.032 0.899 *** 0.018 1.601 *** 0.029 0.519 *** 0.016 

Model properties                

Log pseudo-likelihood –338.93   –338.93   –338.99   –338.89   –339.16   

Deviance 54.82   54.82   54.94   54.73   55.28   

Pearson 56.77   56.83   56.93   56.75   57.21   

AIC 0.73   0.73   0.73   0.73   0.73   

BIC –6,385.29   –6,385.30   –6,385.18   –6,385.38   –6,384.84   

R2 type measure 0.37     0.37     0.37     0.37     0.37     

†***, **, * represent the significance levels at 1%, 5%, 10%, respectively.  
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Table A3.5 Test results for selecting preferable FRMs for determinants of transient technical 

efficiency from the MGTRE model (t-statistics)  

Test Cauchit† Logit† Probit† Loglog† Cloglog† 

RESET test 8.83*** 4.45** 7.87*** 1.40 13.87*** 

GOFF-I test 8.35*** 3.73* 7.95*** – 13.99*** 

GOFF-II test 9.26*** 4.22** 7.49*** 1.13 – 

GOFF test 9.32*** 5.10* 9.22*** 1.13 13.99*** 

P test      

H1: Cauchit – 5.04** 8.67*** 1.96 14.32*** 

H1: Logit 10.13*** – 8.76*** 0.89 14.43*** 

H1: Probit 10.32*** 4.81** – 1.26 13.83*** 

H1: Loglog 9.65*** 3.68* 7.83*** – 13.53*** 

H1: Cloglog 10.72*** 4.35** 7.72*** 1.22 – 

†***, **, * represent significance levels at 1%, 5%, 10%, respectively.  

 

Table A3.6 Test results for selecting preferable FRMs for determinants of transient technical 

efficiency from the BGTRE model (t-statistics)  

 Test Cauchit† Logit† Probit† Loglog† Cloglog† 

RESET test 3.42* 2.46 4.45** 0.22 10.28*** 

GOFF-I test 4.40** 2.00 4.55** – 10.38*** 

GOFF-II test 3.85** 2.41 4.20** 0.12 – 

GOFF test 4.62* 3.87 5.89** 0.12 10.38*** 

P test      

H1: Cauchit – 3.37* 5.62** 1.10 11.50*** 

H1: Logit 3.43* – 5.36** 0.06 10.85*** 

H1: Probit 3.53* 3.04* – 0.19 10.39*** 

H1: Loglog 2.70 1.89 4.43** – 10.37*** 

H1: Cloglog 3.91** 2.52 4.37** 0.20 – 

†***, **, * represent significance levels at 1%, 5%, 10%, respectively.  
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Table A3.7 Parameter estimates of determinants of persistent technical efficiency from the MGTRE model 

Variables 
Cauchit Logit Probit Loglog Cloglog 

Coef. † S.E. Coef. † S.E. Coef. † S.E. Coef. † S.E. Coef. † S.E. 

Education 0.015  0.045 0.007  0.014 0.004  0.007 0.006  0.013 0.003  0.005 

Experience –0.033  0.042 –0.006  0.013 –0.003  0.007 –0.006  0.012 –0.002  0.005 

Gender 1.113 *** 0.184 0.401 *** 0.073 0.208 *** 0.039 0.379 *** 0.069 0.161  0.030 

Land 0.082 ** 0.041 0.030 ** 0.012 0.015 ** 0.006 0.028 ** 0.011 0.012  0.005 

Land ownership 0.232 *** 0.042 0.077 *** 0.014 0.039 *** 0.007 0.073 *** 0.013 0.030  0.005 

Training 0.199 *** 0.074 0.047 *** 0.017 0.023 *** 0.008 0.045 *** 0.017 0.017  0.006 

Constant 2.399 *** 0.175 1.930 *** 0.072 1.141 *** 0.038 1.999 *** 0.067 0.725  0.030 

Model properties                

Log pseudo-likelihood –210.54   –210.54   –210.54   –210.54   –210.54   

Deviance 12.34   12.33   12.33   12.33   12.33   

Pearson 13.65   13.63   13.62   13.63   13.62   

AIC 0.46   0.46   0.46   0.46   0.46   

BIC –6,414.07   –6,414.08   –6,414.08   –6,414.08   –6,414.08   

R2 type measure 0.08     0.08     0.08     0.08     0.08     

†***, **, * represent significance levels at 1%, 5%, 10%, respectively.   
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Table A3.8 Parameter estimates of determinants of persistent technical efficiency from the BGTRE model 

Variables 
Cauchit Logit Probit Loglog Cloglog 

Coef. † S.E. Coef. † S.E. Coef. † S.E. Coef. † S.E. Coef. † S.E. 

Education 0.007  0.015 0.003  0.005 0.002  0.002 0.003  0.004 0.001  0.002 

Experience 0.009  0.016 0.003  0.005 0.002  0.002 0.003  0.005 0.001  0.002 

Gender 0.459 *** 0.071 0.149 *** 0.024 0.076 *** 0.012 0.142 *** 0.023 0.057 *** 0.009 

Land 0.032 ** 0.015 0.010 ** 0.005 0.005 ** 0.002 0.010 ** 0.004 0.004 ** 0.002 

Land ownership 0.089 *** 0.016 0.027 *** 0.005 0.014 *** 0.003 0.026 *** 0.005 0.010 *** 0.002 

Training 0.029  0.017 0.008 * 0.005 0.004 * 0.002 0.008  0.005 0.003 * 0.002 

Constant 2.999 *** 0.069 2.169 *** 0.023 1.267 *** 0.012 2.224 *** 0.022 0.823 *** 0.009 

Model properties                

Log pseudo-likelihood –209.71   –209.71   –209.71   –209.71   –209.71   

Deviance 1.61   1.61   1.61   1.61   1.61   

Pearson 1.65   1.65   1.65   1.65   1.65   

AIC 0.46   0.46   0.46   0.46   0.46   

BIC –6,424.80   –6,424.80   –6,424.80   –6,424.80   –6,424.80   

R2 type measure 0.07     0.07     0.07     0.07     0.07     

†***, **, * represent significance levels at 1%, 5%, 10%, respectively. 
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Table A3.9 Test results for selecting preferable FRMs for determinants of persistent technical 

efficiency from the MGTRE model (t-statistics) 

Test Cauchit† Logit† Probit† Loglog Cloglog 

RESET test 0.00 1.29 1.55 1.21 1.79 

GOFF-I test 1.25 1.89 1.58 – 1.81 

GOFF-II test 0.26 1.58 1.71 1.57 – 

GOFF test 9.44*** 7.42** 7.66** 1.57 1.81 

P test      

H1: Cauchit – 0.06 0.10 0.06 0.13 

H1: Logit 2.93* – 1.08 1.97 1.02 

H1: Probit 3.43* 1.59 – 1.83 1.43 

H1: Loglog 2.72* 1.78 1.13 – 0.99 

H1: Cloglog 3.95** 2.06 1.96 2.22 – 

†***, **, * represent significance levels at 1%, 5%, 10%, respectively. 

 

Table A3.10 Test results for selecting preferable FRMs for determinants of persistent technical 

efficiency from the BGTRE model (t-statistics) 

Test Cauchit† Logit† Probit† Loglog Cloglog 

RESET test 5.56** 5.97** 6.02** 5.96** 6.07** 

GOFF-I test 5.89** 6.14** 5.96** – 6.07** 

GOFF-II test 5.71** 6.05** 5.73** 6.07** – 

GOFF test 6.37** 7.60** 14.12*** 6.07** 6.07** 

P test      

H1: Cauchit – 5.17** 5.09** 5.19** 5.01** 

H1: Logit 6.51*** – 5.90** 6.12** 5.81** 

H1: Probit 6.64*** 6.11** – 6.16** 5.92** 

H1: Loglog 6.47*** 6.05** 5.89** – 5.79** 

H1: Cloglog 6.76*** 6.22** 6.13** 6.27** – 

†***, **, * represent significance levels at 1%, 5%, 10%, respectively. 
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Abstract: This article estimates profit efficiency (PE) and its determinants in rice farming 

using a true random-effects model approach. We estimate this model using both frequentist and 

Bayesian inference methods. We also analyze the sensitivity of PE estimates to farm 

heterogeneity, the commonly used production functional forms, and distributional assumptions 

of the one-sided error term. The study uses primary data of 356 rice farmers collected in 

Vietnam’s Mekong River Delta during the 2016/17 production year. The empirical results show 

that PE estimates are sensitive to the distributions of the inefficiency error term and estimation 

techniques but insensitive to farm heterogeneity and functional form specifications. The mean 

PE is 0.81, indicating that there is room for rice farmers to increase their profits. A profit 

elasticity analysis reveals that rice farming profit is elastic to paddy price but inelastic to input 

prices. We find that the household head being male, larger household size, and bigger farm size 

significantly reduce profit inefficiency, while the distance from home to the field, soil quality 

factors (salinity and alkalinity), rice diseases, and natural disasters substantially increase profit 

inefficiency. This research suggests that paddy price is a more effective target for designing 

supportive policies than seed, fertilizer, and labor prices. Training programs that enhance 

farmers’ managerial and production skills to improve soil quality and mitigate output losses 

due to rice diseases and natural disasters would significantly increase PE. Land-use policies 

targeted at improving farm size would also increase PE.  

 

Keywords: Profit efficiency, Bayesian stochastic frontiers, Farm heterogeneity, Sensitivity 

analysis, Rice production 
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4.1 Introduction 

Since Farrell (1957) first introduced a modern idea for productive efficiency measurement,  the 

methods used have been developed and widely applied in agricultural economics and other 

fields. The popularity is mainly due to its potential importance as a means of fostering 

production (Thiam et al. 2001). Comprehensive qualitative and quantitative reviews of the 

methodology and empirical applications of productive efficiency analysis in agriculture have 

been reported by Battese (1992), Bravo-Ureta and Pinheiro (1993), Thiam et al. (2001), and 

Bravo-Ureta et al. (2007). Numerous empirical studies on efficiency measurements in rice 

production have been conducted in recent decades (Kalirajan 1981, 1982; Kalirajan and Flinn 

1983; Kalirajan and Shand 1985; Kalirajan and Shand 1986; Ekanayake and Jayasuriya 1987; 

Ekayanake 1987; Dawson and Lingard 1989; Kalirajan 1989; Kalirajan and Shand 1989; 

Dawson et al. 1991; Kalirajan 1991; Squires and Tabor 1991; Battese and Coelli 1992; Battese 

and Coelli 1995; Huang and Kalirajan 1997; Tadesse and Krishnamoorthy 1997; Wadud and 

White 2000; Sherlund et al. 2002; Dhungana et al. 2004; Linh 2012; Tung 2013; Michler and 

Shively 2015; Villano et al. 2015). However, agricultural economists have focused primarily 

on technical efficiency estimation, while profit efficiency (PE) analysis, a more general 

approach, has received much less attention, despite its potential more significant contributions 

to guiding policymakers in using price tools to boost production, especially when rice farmers’ 

production decisions are driven by input and output market prices. Kumbhakar and Lovell 

(2003) argued that a technical or cost efficiency measurement approach is only appropriate 

where firms’ objective behaviors are output maximization or input (cost) minimization, but not 

profit maximization. In which case, a profit frontier function approach will be more appropriate 

and relevant, such as rice farming in the Mekong River Delta (MRD), southern Vietnam, where 

most of the produced rice is traded and production decisions are determined by input and output 

market prices.  
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In Vietnam, rice is a staple cash crop that significantly contributes to national food 

security and economic development. In 2018, the planted rice area reached 7.57 million 

hectares (approximately 83.03% of the national annual cropped area), producing 43.98 million 

tons (about 65.39% of annual crop production) (GSO 2020). This level of rice production 

exceeded domestic food demands, resulting in exports of 6.11 million tons of milled rice 

(approximately 15% of global rice exports), contributing $3.06 billion (1.25%) to the nation’s 

GDP (GSO 2020). Rice farming is mainly distributed in two large river deltas, the Red River 

Delta in the north and the MRD in the south. The MRD is the main rice-intensified area, 

contributing more than 50% of area and production and 90% of rice export volume (Anh et al. 

2020). In general, the profitability of rice production in Vietnam remains low (Tong 2017), 

which could be partly due to inefficiencies in production.  

Several studies have estimated PE and sources of inefficiency in rice farming in Pakistan 

(Ali and Flinn 1989), Thailand (Rahman 1994), Ghana (Abdulai and Huffman 1998), 

Bangladesh (Rahman 2003), Nigeria (Kolawole 2006), Brunei Darussalam (Galawat and Yabe 

2012), and Vietnam (Trong and Napasintuwong 2015). However, none have considered the 

effects of farm-specific effects (heterogeneity), production functional forms, and the 

distribution of the inefficiency error term for PE estimates. This could lead to biased estimates 

of profit frontier parameters and associated PE scores.  

This is the first study to estimate PE in rice farming by analyzing the sensitivity of 

estimates to incorporating farm-specific heterogeneity, functional form choice, and alternative 

specifications for the distribution of the one-sided error (inefficiency) term. The empirical 

analysis uses a true random-effects (TRE) model, introduced by Greene (2005a, 2005b), 

allowing simultaneous estimation of a stochastic frontier (SF) and inefficiency models 

corrected for farm heterogeneity. The presence of farm heterogeneity in the data is checked by 

estimating and comparing a pooled model using maximum likelihood estimation (MLE) and a 
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TRE model using maximum simulated likelihood estimation (MSLE). These models are 

estimated with commonly used functional forms (Cobb-Douglas and Translog) and 

distributional assumptions of the inefficiency error term (half-normal, exponential, and 

truncated normal) and tested using the log-likelihood ratio (LR) test, Akaike information 

criterion (AIC) and Bayesian information criterion (BIC), respectively. The preferred TRE 

model is estimated using Bayesian methods after imposing monotonicity conditions to 

reinforce the robustness of the empirical estimates. Analysis of the determinants of profit 

inefficiency and profit elasticities will have important implications for designing supportive 

policies in Vietnam, a major rice-producing country, and will provide a useful reference for 

other rice farming countries. 

The remainder of the article is organized as follows. The next section presents a literature 

review of efficiency measurement methods and empirical applications in rice production. 

Section 4.3 describes the methodology, including stochastic profit frontier, Bayesian 

estimation, empirical model, and data description. In Section 4.4, we present and discuss the 

empirical results, including the estimates of stochastic profit frontier, PE analysis, the estimates 

of determinants of profit inefficiency, and the welfare implications of efficiency improvement. 

Section 4.5 provides the conclusion and policy implications. 

 

4.2 Literature review 

There are two commonly used estimation methods for measuring performance efficiency—

parametric and non-parametric methods. The non-parametric method uses mathematical 

programming, also known as the Data Envelopment Analysis (DEA) method, proposed by 

Charnes et al. (1978). The DEA method does not need an explicit production functional form 

or a distributional assumption for the inefficiency error term (Bauer 1990). However, the non-
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parametric approach has an inherent limitation of attributing statistical noise to inefficiency 

estimates, which could lead to inflated estimates of inefficiency scores if the data are 

contaminated by statistical noise. The parametric method is an econometric method, also 

known as the Stochastic Frontier Analysis (SFA) method, developed by Aigner et al. (1977), 

Meeusen and van Den Broeck (1977), and Battese and Corra (1977). The main advantage of 

the SFA method is that statistical noise can be separated from the inefficiency term, but it 

requires a prior production functional form for the SF function and a distributional form 

assumption for the one-sided error term (Bauer 1990). Thiam et al. (2001) and Bravo-Ureta et 

al. (2007) asserted that the lack of a priori justification for choosing particular production 

functional and distributional forms for the SF function and one-sided error term, respectively, 

is a major limitation of the SF approach. The concepts and estimation methods of productive 

efficiency have been comprehensively reviewed (Førsund et al. 1980; Bauer 1990; Battese 

1992; Greene 2008). Two commonly used functional forms in empirical parametric studies are 

the Cobb-Douglas (CD) production function (Cobb and Douglas 1928) and flexible translog 

(TL) production function (Christensen et al. 1971). The TL is a generalization of the CD form 

and the LR test can be used to compare the two for specific data set. An applicable choice set 

of production functional forms and selection criteria are described in Fuss et al. (1978) and 

Griffin et al. (1987). Commonly used distributions of the one-sided error terms are half-normal 

(Aigner et al. 1977), exponential (Meeusen and van Den Broeck 1977), truncated normal 

(Aigner et al. 1977; Stevenson 1980), and gamma (Greene 1990; Tsionas 2000). Baccouche 

and Kouki (2003) found that inefficiency estimates are sensitive to the selected distributional 

form of the inefficiency error term. Here, to mitigate biases and evaluate the robustness of 

selection estimates of the functional and distributional forms, we run the models using both 

common functional forms (CD and TL) and three common distributional specifications for the 

inefficiency term (half-normal, exponential, and truncated normal).  
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One-step or two-step estimation methods can be used to investigate sources of profit 

inefficiency. The one-step method estimates both the frontier and inefficiency models in a 

single step maximizing a joint likelihood function for the efficiency frontier model and the 

model of inefficiency determinants. In the two-step method, efficiency estimates from the first 

step are regressed on potential explanators in the second step. Wang and Schmidt (2002) and 

Schmidt (2011) pointed out that the two-step estimation method may lead to: (i) biased 

parameter estimates of the SF model if the input variables and variables used to explain 

inefficiency are highly correlated; (ii) underestimated effects of explanatory variables for the 

inefficiency term; and (iii) a non-standard test for statistical significance of the inefficiency 

explanatory variables. Wang and Schmidt (2002) and Schmidt (2011) detail the available 

models for estimating the frontier and inefficiency models in a single step. Variation in 

agricultural production inefficiencies can be explained using geographical, farm, and farmer 

variables. Based on literature reviews (Battese and Coelli 1995; Abdulai and Huffman 1998; 

Wadud and White 2000; Sherlund et al. 2002; Rahman 2003; Dhungana et al. 2004; Galawat 

and Yabe 2012; Trong and Napasintuwong 2015) and the reality of the study site, the present 

study uses education, experience, gender, household size, farm size, land ownership, field 

training, field distance from home to rice field, soil quality factors (salinity and alkalinity), rice 

disease, and natural disaster variables to explain the variation in profit inefficiencies among 

Vietnamese rice farmers. We hypothesize that education, experience, being male, household 

size, farm size, land ownership, and field training variables will reduce profit inefficiency, 

whereas field distance, soil quality factors, rice disease, and natural disaster factors will 

increase profit inefficiency. 

The PE measurement approach has been widely used in agricultural economics 

(Kumbhakar and Bhattacharyya 1992; Chavas and Aliber 1993; Ali et al. 1994; Kumbhakar 

1994; Wang et al. 1996; Arnade and Trueblood 2002; Abu and Asember 2011) but applications 



 

117 

 

in rice farming are limited. Ali and Flinn (1989) analyzed PE and its determinants among 

Basmati rice producers in Pakistan Junjab using the SFA method with a TL functional form. 

Rahman (1994) used a parametric approach to estimate PE among rice producers in northeast 

and northern Thailand using a CD functional form. Abdulai and Huffman (1998) estimated 

profit inefficiency and its determinants for rice farmers in northern Ghana using a stochastic 

TL profit frontier function. Rahman (2003) used a stochastic TL profit frontier function to 

measure PE and its determinants among Bangladeshi rice farmers. Galawat and Yabe (2012) 

studied PE and the factors determining profit inefficiency in rice farming in Brunei Darussalam 

using a stochastic TL profit frontier function. Trong and Napasintuwong (2015) examined 

profit inefficiency and its determinants among hybrid rice farmers in Central Vietnam using a 

stochastic TL profit frontier function. The mean profit efficiencies reported in these empirical 

studies are generally low, ranging from 63–80%. The shortcoming of these empirical studies 

is that individual heterogeneity was not considered properly, nor was the selection of functional 

form and distributions of one-sided error terms. This study considers farm heterogeneity using 

the TRE model introduced by Greene (2005a, 2005b), which takes farm effects into account 

and estimates the frontier and inefficiency models in a single step. We also analyze the 

sensitivity of efficiency estimates to commonly used functional forms for the SF model and the 

distribution of inefficiency error term. The selected TRE model is also estimated using the 

Bayesian method to check for the robustness of estimates. 

The estimation of SF models using the Bayesian inference method has recently gained 

attention from efficiency analysts as an alternative approach to the frequentist inference method 

(Coelli et al. 2005). For instance, Anderson et al. (2000) estimated cost and profit X-efficiency 

levels in the residential real estate brokerage market, Ennsfellner et al. (2004) examined 

production efficiency in the Austrian insurance market, Vu and Turnell (2010) measured cost 

efficiency of the Vietnamese banking sector, Tabak and Tecles (2010) and Tecles and Tabak 
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(2010) measured the cost and PE of Indian and Brazilian banking sectors, respectively, Barros 

and Rossi (2014) analyzed the technical efficiency of Serie A Italian football clubs, Chen et al. 

(2015) estimated the technical efficiency of Chinese fossil-fuel electricity generation 

companies, Li et al. (2016) used a Bayesian SF model associated with traditional SF and 

StoNED models to estimate the cost efficiency of electric grid utilities in China, and Arbelo et 

al. (2018) measured PE and its determinants in the hotel sector in Spain. However, the Bayesian 

approach has rarely been applied in agriculture, especially in rice production. Therefore, this 

study will fill the literature gap by providing an empirical application of a Bayesian inference 

approach for PE in rice farming. 

 

4.3 Methodology 

4.3.1 Stochastic profit frontier  

According to Ali and Flinn (1989), PE in rice farming is the ability of a farm to obtain the 

maximum possible profit, given input and output prices and fixed input levels. In this context, 

profit inefficiency of rice farming is computed as the profit loss from not operating on the profit 

frontier. Profit inefficiency can be due to technical inefficiency, allocative inefficiency, and/or 

scale inefficiency (Førsund et al. 1980; Kumbhakar 1987). As mentioned earlier, the two 

common methods for estimating PE are parametric and non-parametric. In this article, we use 

a parametric approach to measure PE in rice farming and investigate sources of inefficiency in 

Vietnam’s MRD. We use a stochastic TRE model (Greene 2005a, 2005b), which can separate, 

as time-invariant effects, unobserved individual farm heterogeneity from inefficiency. The 

model will obtain unbiased estimates of SF parameters and associated profit inefficiency scores 

by separately identifying individual heterogeneity. The stochastic variable profit frontier 

function of Greene’s TRE model, in a single-output case, is expressed as:  
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(4.1)     𝜋𝑖𝑡 = 𝑓(𝑃𝑖𝑡,𝑊𝑖𝑡, 𝑍𝑖 , 𝛽𝑖) ∗ 𝑒𝑥𝑝(𝑤𝑖 + 휀𝑖𝑡) 

where: the subscripts i = 1, 2, …, n indicate farms; t = 1, 2, …, Ti indicate time periods; 𝑓(∙) 

denotes the deterministic part of the stochastic variable profit frontier function; 𝜋𝑖𝑡 is the 

variable profit defined as gross revenue less variable cost; 𝑃𝑖𝑡 represents output price; 𝑊𝑖𝑡 is a 

vector of input prices; 𝑍𝑖 is a vector of fixed inputs to guarantee a short-run profit function; 𝛽𝑖 

is a vector of unknown parameters to be estimated; 𝑤𝑖 captures unobserved random farm 

heterogeneity in production (Greene 2005a, 2005b); 휀𝑖𝑡 is a composed error term (휀𝑖𝑡 = 𝑣𝑖𝑡 −

 𝑢𝑖𝑡); 𝑣𝑖𝑡 is a random noise term which is assumed to be identically independently distributed 

(iid) with zero mean and variance 𝜎𝑣
2 (𝑣𝑖𝑡 ~ 𝑁(0, 𝜎𝑣

2)); and 𝑢𝑖𝑡 is a non-negative random 

variable accounting for a time-varying profit inefficiency effect and is assumed to be 

distributed with mean (𝜇𝑖𝑡) and variance 𝜎𝑢𝑖𝑡
2  (𝑢𝑖𝑡 ~ 𝑁

+(𝜇𝑖𝑡, 𝜎𝑢𝑖𝑡
2 )).  

To obtain unbiased estimates of equation (4.1), the stochastic variable profit frontier 

function in equation (4.1) must satisfy the properties of a profit function: (i) 𝜋𝑖𝑡 is a non-

negative function, convex, continuous, and homogeneous of degree +1 in (𝑃𝑖𝑡,𝑊𝑖𝑡) for given 

𝑍𝑖𝑡; (ii) 𝜋𝑖𝑡 is non-decreasing in 𝑃𝑖𝑡 and non-increasing in 𝑊𝑖𝑡 for given 𝑍𝑖𝑡; and (iii) 𝜋𝑖𝑡 is non-

decreasing, concave, and homogeneous of degree +1 in 𝑍𝑖𝑡 for given (𝑃𝑖𝑡,𝑊𝑖𝑡) (Chambers 

1988).  

Profit inefficiency is modeled as a function of explanatory factors: 

(4.2)     𝜇𝑖𝑡 = 𝜑0 + 𝜑𝑋𝑖𝑡 

where 𝑋𝑖𝑡 is a vector of explanatory variables, which can explain the variation in profit 

inefficiency among rice farmers, and 𝜑 is a vector of unknown parameters to be estimated. 

The time-varying PE (PEit) of the ith farm is computed as a ratio of actual profit versus 

the possible profit. 
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(4.3)     PE𝑖𝑡 = 𝜋𝑖𝑡 / 𝑓(𝑃𝑖𝑡,𝑊𝑖𝑡, 𝑍𝑖 , 𝛽𝑖) ∗ 𝑒𝑥𝑝(𝑤𝑖 + 𝑣𝑖𝑡) 

=  𝑓(𝑃𝑖𝑡,𝑊𝑖𝑡, 𝑍𝑖 , 𝛽𝑖) ∗ 𝑒𝑥𝑝(𝑤𝑖 + 𝑣𝑖𝑡 − 𝑢𝑖𝑡) / 𝑓(𝑃𝑖𝑡,𝑊𝑖𝑡, 𝑍𝑖 , 𝛽𝑖) ∗ 𝑒𝑥𝑝(𝑤𝑖 + 𝑣𝑖𝑡) 

=  𝑒𝑥𝑝(− 𝑢𝑖𝑡)               

Following the approach of Jondrow et al. (1982), the farm-specific estimate of profit 

inefficiency (𝑢𝑖𝑡) for each observation is derived from the mean of its conditional distribution, 

given the composed error term 휀𝑖𝑡. Given a normal distribution for 𝑣𝑖𝑡 and half-normal 

distribution for 𝑢𝑖𝑡, the expected value of 𝑢𝑖𝑡, given 휀𝑖𝑡, is calculated as: 

(4.4)     𝐸(𝑢𝑖𝑡|휀𝑖𝑡) = 𝜎∗ [
𝑓(휀𝑖𝑡𝜆 𝜎⁄ )

1 − 𝐹(휀𝑖𝑡𝜆 𝜎⁄ )
− (

휀𝑖𝑡𝜆

𝜎
)] 

where 휀𝑖𝑡 = 𝑣𝑖𝑡 − 𝑢𝑖𝑡, 𝜆 = 𝜎𝑢 𝜎𝑣⁄ , 𝜎 = √𝜎𝑢2 + 𝜎𝑣2, 𝜎∗ = √𝜎𝑢2𝜎𝑣2/𝜎2, and 𝑓(∙) and 𝐹(∙) denote 

the standard normal density and cumulative density functions, respectively. The variance 

estimates (𝜎𝑢, 𝜎𝑣) are obtained from the maximum likelihood estimates of equation (4.1). 

PE𝑖𝑡 takes values between 0 and 1. If PE𝑖𝑡 is equal to one (or 𝑢𝑖𝑡 = 0), the farmer performs 

on the frontier and obtains the potential maximum profit from given input and output prices. A 

PE𝑖𝑡 belows one (or 𝑢𝑖𝑡 > 0) means that the farmer performs inefficiently (beneath the frontier) 

and does not achieve the optimal profit level.  

 

4.3.2 Bayesian stochastic profit frontier 

The Bayesian analysis of an SF model, originally proposed by Van Den Broeck et al. (1994), 

has been recently applied in empirical studies as an attractive alternative to the traditional 

(MLE) approach to inference efficiencies. The advantages of the Bayesian inference method 

were highlighted in Koop (1994), Van Den Broeck et al. (1994), Coelli et al. (2005), and 
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Griffin and Steel (2007). In the Bayesian framework: (i) estimators are chosen based on their 

ability to minimize the loss associated with an estimation error; (ii) results are presented in 

terms of probability density functions, enabling probability statements about unknown 

parameters, hypotheses, and models; (iii) exact finite-sample results can be obtained for most 

estimation problems; and (iv) there is a formal mechanism for incorporating non-sample 

information into the estimation process. For example, the Bayesian estimation method can 

easily incorporate regularity conditions and formal treatment of parameter and model 

uncertainty.  

From equation (4.1), 𝜃 = (𝜃1, … 𝜃𝑘) denotes the unknown parameters of the stochastic 

profit frontier model to be estimated, 𝑝(𝜃) indicates the probability density function (pdf) of 

prior information for parameters (e.g., information from economic theory or previous empirical 

studies), and 𝐿(𝜋| 𝑃,𝑊, 𝑍, 𝜃) represents the likelihood function (sample information). These 

two types of information are then combined using Bayes’ theorem to generate the posterior pdf 

for the model parameters or 𝑝(𝜃| 𝜋, 𝑃,𝑊, 𝑍) as a value proportional to the product of the 

likelihood and prior: 

(4.5)     𝑝(𝜃| 𝜋, 𝑃,𝑊, 𝑍) ∝ 𝐿(𝜋| 𝑃,𝑊, 𝑍, 𝜃) 𝑝(𝜃) 

Thus, the posterior distribution includes all the information on the parameters contained in the 

prior and the data. The prior 𝑝(𝜃) can be non-informative and informative, and a non-

informative prior reflects ignorance about the parameters. Implementing the Bayesian approach 

requires the use of an iterative Markov Chain Monte Carlo (MCMC) algorithm. The two most 

popular algorithms are the Metropolis-Hastings and the Gibbs Sampler. The Gibbs Sampler 

algorithms used by Koop et al. (1995) are particularly useful for problems involving latent 

variables, such as SF models (Coelli et al. 2005) and are commonly used in the literature 

(Tsionas 2002; Huang 2004; Kumbhakar and Tsionas 2005; Griffin and Steel 2007). Once the 
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prior distributions and the likelihood function are specified, it is possible to draw samples from 

the posterior distributions using bugs software; see Griffin and Steel (2007) for scripts 

applicable to SF models.  

 

4.3.3 Empirical model 

The linear homogeneity property is incorporated into the profit model specification by 

normalizing input prices and variable profit by output price. Subsequently, we normalized these 

values by demeaning them. The benefit of demeaning normalization is to break down the 

potential collinearity between the first-order values and their squared and interacted terms. This 

also makes the correlation between input and output variables clearer in terms of signs and 

significant levels of the first-order coefficients, and the estimation process is quicker. The 

estimated first-order coefficients, in this case, can also be interpreted as the partial profit 

elasticities with respect to input prices and fixed inputs at the sample mean. The normalized 

stochastic TL variable profit frontier function of rice farmers is expressed as:  

 (4.6)     ln𝜋𝑖𝑡 = 𝛼0 +∑𝛼𝑗

3

𝑗=1

ln𝑃𝑗𝑡 +
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∑∑𝛼𝑗𝑘
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𝑘=1
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ln𝑃𝑗𝑡ln𝑃𝑘𝑡 +∑𝛽ℎ

2
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ln𝑍ℎ

+
1

2
∑∑𝛽ℎ𝑙

2

𝑙=1

2

ℎ=1

ln𝑍ℎln𝑍𝑙 +∑∑𝛾𝑗ℎ

2

ℎ=1

3

𝑗=1

ln𝑃𝑗𝑡ln𝑍ℎ +∑𝛿𝑙

3

𝑙

𝐷𝑙 + 𝑤𝑖 + 𝑣𝑖𝑡 − 𝑢𝑖𝑡 

where 𝑖 and 𝑡 are as defined earlier; 𝜋𝑖𝑡 is the variable profit (US$) of rice farming (equal to 

revenue less variable cost) normalized by output price (Py in US$/kg); 𝑃𝑗 (𝑗 = 1,2,3) are input 

prices, including seed (Pseed in US$/kg), fertilizer (Pfert in US$/kg), and labor (Plab in 

US/man-day), all normalized by output price; 𝑍ℎ (ℎ = 1,2) are fixed inputs, including rice-

planted area (Land in hectares) and total expenditure for land preparation, seeding, herbicides, 

pesticides, irrigation, and harvesting (Capital in US$); 𝐷𝑙 are dummy variables to capture rice 
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variety (D_HQRV, taking the value of 1 for high-quality rice variety group, 0 otherwise), and 

cropping seasons (D_S2 and D_S3, equal to 1 for cropping season 2 and 3, 0 otherwise); 𝑤𝑖 

captures farm heterogeneity and is assumed to be iid with zero mean and variance 

𝜎𝑤
2  (𝑤𝑖 ~ 𝑁(0, 𝜎𝑤

2)); 𝑣𝑖𝑡 and 𝑢𝑖𝑡 are defined in equation (4.1), capturing random noise and 

profit inefficiency, respectively; and 𝛼, 𝛽, 𝛾, and 𝛿 are unknown parameters to be estimated. 

The log variance of profit inefficiency term is modeled as a function of explanatory 

variables representing farm and farmer characteristics: 

(4.7)     log 𝜎𝑢𝑖𝑡
2 = 𝜑0 + 𝜑1𝐸𝐷𝑈𝐶𝑖 + 𝜑2𝐸𝑋𝑃𝑖 + 𝜑3𝐷𝐺𝐸𝑁𝑖 + 𝜑4𝐻𝑆𝐼𝑍𝐸𝑖 + 𝜑5𝐹𝑆𝐼𝑍𝐸𝑖 +

𝜑6𝐿𝑂𝑊𝑁𝑖 + 𝜑7𝐸𝑋𝑇𝑖 + 𝜑8𝐷𝐼𝑆𝑇𝑖 + 𝜑9𝐷𝐴𝐿𝐾𝐴𝑖 + 𝜑10𝐷𝑆𝐴𝐿𝐼𝑖 + 𝜑11𝐷𝐼𝑆𝐸𝐴𝑖 + 𝜑12𝐷𝐼𝑆𝐴𝑆𝑖  

where EDUC is the educational level of household heads (years of schooling); EXP is rice 

farming experience of household head (years of rice farming); DGEN is a dummy equal to 1 

for male household heads and 0 otherwise; HSIZE is household size, measured as the number 

of persons in the household (persons); FSIZE is rice-cultivated area (hectares); LOWN is rice 

land ownership, measured as the ratio of a household’s owned rice land to household’s total 

rice-cultivated area (%); EXT is the number of field training attendances; DIST is the distance 

from home to rice field (km); DALKA and DSALI are dummy variables for soil quality, taking 

the value of 1 for alkaline-prone and salinity-prone areas, respectively; DISEA is the (self-

reported) percentage of paddy loss due to rice diseases (%); and DISAS is the percentage of 

paddy loss due to natural disasters (typhoon, flooding, and drought). 𝜑0-𝜑12 are unknown 

parameters to be estimated.  

We first estimate the TRE model and the Pooled model (which treats 𝜎𝑤𝑖 = 0 and ignores 

panel structure) defined in equations (4.6) and (4.7) with alternative distributions of the one-

sided error term (half-normal, exponential, and truncated normal distributions). We also 

estimate a CD version (which treats 𝛼𝑗𝑘 = 𝛽ℎ𝑙 = 𝛾𝑗ℎ = 0) and use the LR test to select the 
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appropriate functional form by testing the null hypothesis 𝐻0: 𝛼𝑗𝑘 = 𝛽ℎ𝑙 = 𝛾𝑗ℎ = 0 and the 

appropriate model by testing the null hypothesis that there is no farm heterogeneity (𝐻0: 𝜎𝑤𝑖 =

0) in our data set. The selected TRE model is also estimated using Bayesian methods imposing 

monotonicity constraints to check the robustness of our empirical estimates. To estimate the 

Bayesian TRE model, we use the MCMC simulation (Koop et al. 1995) to sample from the 

posterior using Gibbs sampling techniques using bugs software. Two MCMC chains of 50,000 

iterations each with a burn-in phase of 50,000 iterations are used. Since the Gibbs sampler 

algorithm can generate highly correlated draws, every tenth draw was retained to reduce 

autocorrelation in the samples. Hence, every chain contributes a sample of 5,000 draws for 

analysis. Details of the Bayesian simulation setup are provided in the appendix (Table A4.2). 

 

4.3.4 Data and definition of variables 

This study uses farm-level data collected from a random sample of rice farmers in three 

provinces of the MRD in southern Vietnam. This is the country's largest rice-intensified area, 

with a cultivation area of 4.11 million hectares (accounting for 54.26% of the total national 

cultivated area) (GSO 2020). Rice is cultivated in the MRD across 13 provinces, with rice 

production conditions, such as soil quality, cultivated land resource, and freshwater resource, 

varying significantly across provinces. To obtain a representative sample of the cultivated 

areas, we used a three-stage-stratified random sampling method to select the samples. In the 

first stage, we classified these 13 provinces into three groups based on rice-cultivated area size 

(including two groups of four provinces and one group of five provinces). One province was 

randomly selected from each group, with two districts randomly selected from each chosen 

province. In the second stage, we randomly chose two communes from each selected district, 

and subsequently, two villages from each selected commune. In the final stage, we randomly 
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selected 33–34 rice farmers from each selected village to survey via face-to-face interviews. 

This sampling procedure generated 406 respondents. After removing incomplete responses, the 

final data set used in this study includes 356 farmer responses. As each response might include 

data for up to three cropping seasons of the 2016/17 production year, the final data set has an 

unbalanced panel of 957 farmer-season observations. The descriptive statistics of the data are 

reported in Table 4.1.  

The first part of Table 4.1 presents the definition and descriptive statistics of variables 

used in frontier profit function, including variable profit (𝜋), output price (Py), input prices 

(Pseed, Pfert, and Plab), fixed inputs (Land and Capital), and dummy variables for rice 

varieties (D_HQR) and cropping seasons (D_S2 and D_S3). The variable profit (US$) is 

measured as the total revenue1 of paddy less total variable cost2 per farm. Bos and Koetter 

(2011) discussed appropriate methods for handling observations of negative profit in data. 

However, our data only has eight observations with negative variable profit; dropping these 

observations has little effect on final estimates. The average variable profit of rice farming is 

approximately $1,010 per hectare, ranging from $13 to $2,573 per hectare. The output price 

measured as the price of paddy sold at harvesting time per kilogram (US$/kg) averaged $0.22 

per kilogram (range $0.15–0.30/kg).  

 

 

 

 

 

 
1 Equal to price of paddy multiplied total paddy quantity. 
2 Computed as total expenditure on seed, fertilizer, and labor. 
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Table 4.1 Definition and descriptive statistics of used variables 

Variable Definition (unit) Mean S.D. Min Max 

Frontier model     

π Variable profit (US$/ha) 1,010.27 418.30 13.05 2,573.70 

Py Paddy price (US$/kg) 0.22 0.03 0.15 0.30 

Pseed Seed price (US$/kg) 0.45 0.14 0.18 0.84 

Pfert Fertilizer price (US$/kg) 0.41 0.06 0.25 0.66 

Plab Labor price (US$/man-day) 5.97 1.61 3.52 8.81 

Land The rice-cultivated area (ha) 2.36 2.11 0.13 16.90 

Capital Expenditures on fixed inputs (US$/ha) 445.54 86.33 179.80 840.39 

D_HQR 1 for HQR varieties, 0 otherwise 0.43 0.50 0 1 

D_S2 1 for cropping season 2, 0 otherwise 0.36 0.48 0 1 

D_S3 1 for cropping season 3, 0 otherwise 0.27 0.44 0 1 

      

Inefficiency model     

EDUC Education (years of schooling) 6.22 3.31 0 16 

EXP Experience (years of rice farming) 26.86 12.13 2 62 

DGEN 1 for males, 0 otherwise 0.96 0.19 0 1 

HSIZE Household size (number of people) 3.75 1.50 1 10 

FSIZE Rice-cultivated area (ha) 2.36 2.11 0.13 16.90 

LOWN Land ownership (%) 75.67 37.01 0 100 

EXT Field training (number) 2.38 4.82 0 30 

DIST Field distance (kilometers) 1.46 4.57 0 40 

DALKA 1 for alkaline-prone area, 0 otherwise 0.26 0.44 0 1 

DSALI 1 for salinity-prone area, 0 otherwise 0.05 0.22 0 1 

DISEA Rice disease (%) 2.75 5.36 0 40 

DISAS Natural disaster (%) 10.98 12.92 0 70 

Note: Exchange rate: 1US$ = ~22,700.0VND in 2016/17 
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The input prices include the prices of seed, fertilizer, and labor. The average price of seed 

is $0.45 per kilogram (range $0.18–0.84/kg). The mean price of fertilizer3 over surveyed farms 

is $0.41 per kilogram (range $0.25–0.66/kg). The mean price of labor is $5.97 per man-day 

(range $3.52–8.81/man-day). It is expected that these input variables will be negative to satisfy 

the profit function properties (nonincreasing in input prices). The fixed inputs used in this study 

are land and capital. The average rice area per farm per season is 2.36 hectares (range 0.13–

16.90 ha). Capital is measured as total expenditure on land preparation, seeding, chemicals 

(herbicides, pesticides, and other chemicals), irrigation, and harvesting. These inputs are 

treated as fixed because price data is often unavailable for chemical and irrigation inputs 

(Kumbhakar 2001), but more importantly, seeding, land preparation, and harvesting prices do 

not vary much across farms and cropping seasons. The mean capital is $445 per hectare (range 

$179–840/ha). Land and capital are assumed to have a positive effect on output. 

We also include dummies for cropping seasons to account for weather factors (e.g., 

rainfall, temperature, and sunshine time) and a high-quality rice variety dummy to capture 

possible effects on the variable profit frontier of rice production. In the MRD, rice was grown 

in three cropping seasons per year, including the winter–spring (S1 from November to February 

next year), summer–autumn (S2 from March to June), and autumn–winter (S3 from July to 

October) seasons. We have more observations from the main growing seasons, S1 (37%) and 

S2 (36%), than S3 (27%), which was largely due to longer practice history and more convenient 

production conditions in S1 and S2 than S3. In our analysis, S1 is treated as the baseline; 

dummies for S2 and S3 are hypothesized to have negative signs, indicating lower profits in S2 

and S3 than S1. Rice farmers also adopted different rice varieties across regions and cropping 

 
3 Farmers use many kinds of fertilizers, including urea, NPK 16-16-8, NPK 20-20-15, NPK 25-25-5, or DAP. 

Therefore, the price of fertilizer was calculated as an average price level following the formula: P =
 ∑𝑃𝑖𝑄𝑖/∑𝑄𝑖 . 
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seasons. These varieties were grouped into two groups: traditional rice varieties (e.g., IR50404 

and OM4218) and HQR varieties (e.g., OM5451, OM7347, and Jasmine).  

In recent years, HQR verities have been promoted in Vietnam to increase output quality 

for export and profits for rice farmers because their output prices are always higher than 

conventional rice varieties, with fewer input costs. However, the descriptive statistics show 

that the adoption rate of HQR varieties remains low at 43% compared with 57% of traditional 

varieties. Traditional rice variety is treated as the baseline, and the dummy for HQR is expected 

to have a positive sign for a higher profit of rice farming.  

The descriptive statistics of variables representing farm and farmers’ characteristics are 

presented in the second part of Table 4.1. On average, Vietnamese rice farmers have limited 

education, with only 6.22 years of schooling per farmer, but are very experienced farmers with 

26.86 years of rice farming experience. Rice farming households are predominantly male-

headed (96%). The average number of field training attendances is 2.38 (range 0–30). These 

four variables are assumed to have a negative relationship with profit inefficiency. The mean 

household size is 3.75 persons per household (range 1–10). Farmers own, on average, 75% of 

their cultivated land, suggesting that they also rent a quarter of their rice land. The distance 

from house to rice field varies substantially, with a mean of 1.46 km. Household size and land 

ownership are hypothesized to have a negative effect on profit inefficiency, whereas rice field 

distance is expected to have a positive sign. Table 4.1 also shows that 26% and 5% of surveyed 

farmers cultivate in alkaline-prone and salinity-prone areas. The MRD farming areas are also 

prone to rice diseases and natural disasters (e.g., typhoons, strong winds, and storms). The 

farmers surveyed reported average output losses of 2.75% and 10.98% due to rice diseases and 

natural disasters, respectively. These four variables are hypothesized to be positively associated 

with profit inefficiency. 
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4.4 Results and discussion 

4.4.1 Stochastic profit frontier estimates 

The Pooled and MTRE models were implemented in Stata (version 16) using the “sfcross” and 

“sfpanel” packages written by Belotti et al. (2013). The BTRE model was implemented in R 

using bugs utilities accessed through the “apear” package written by Hailu (2013). The LR test 

results to select the appropriate functional form and model are given in Table 4.2. The LR 

statistics to test the CD functional form against the TL form (𝐻0: 𝛼𝑗𝑘 = 𝛽ℎ𝑙 = 𝛾𝑗ℎ = 0) are 

much higher (column 4 and 8) than the critical values for a 99% level of significance or 

𝜒0.99
2  (15) = 29.93 (Kodde and Palm (1986) for both the Pooled and MTRE models and for all 

distribution choices for the one-sided error term. This implies that the CD functional form is 

rejected in favor of the TL form. Subsequently, the absence of farm heterogeneity (𝐻0: 𝜎𝑤𝑖 =

0) is tested using the LR test of the Pooled model against the MTRE model using the TL form 

for all inefficiency term distributions. The LR statistics are much higher than the critical values 

for a 99% level of significance (𝜒0.99
2  (1) = 5.41) for all distributions of inefficiency error term, 

confirming the presence of farm heterogeneity. The presence of farm heterogeneity is also 

supported by the statistically significant estimate of parameter 𝜎𝑤𝑖 (Table 4.3) in both MSLE 

and Bayesian methods, implying that the TRE model is more appropriate than the Pooled 

model.  

We use AIC and BIC values for the translog TRE models to compare the distributional 

forms for the one-sided error term. The smallest values of AIC and BIC criteria will indicate 

the best-fitted model. The smallest values of AIC (–171.5) and BIC (23.02) were obtained for 

the truncated normal version, relative to those for the half-normal (AIC = –160.1 and BIC = 

29.58) and exponential (AIC = –142.2 and BIC = 47.53) distributions. This suggests that the 

truncated normal distribution is more appropriate, and consistent with the findings of 
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Baccouche and Kouki (2003). Finally, we estimated the translog TRE model with truncated 

normal distribution using the Bayesian method to impose monotonicity constraints and check 

the robustness of estimates. Thus, we discuss the translog TRE model results estimated using 

truncated normal distribution. The parameter estimates for the Pooled and TRE models (with 

MTRE and BTRE as the MSLE and Bayesian versions, respectively) are presented in Table 

4.3.  
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Table 4.2 Results of the LR tests for SF specifications, functional forms, and inefficiency distributional forms 

Distribution 
Pooled   MTRE   Model selection 

CD TL LR† 𝐻0
†   CD TL LR† 𝐻0

†   LR‡ 𝐻0‡ 

Half-normal 47.02 80.88 67.72 Rejected  85.09 110.08 49.98 Rejected  58.40 Rejected 

Exponential 48.23 81.00 65.54 Rejected  89.39 119.06 59.33 Rejected  76.11 Rejected 

Truncated normal 55.99 89.06 66.14 Rejected  96.22 125.76 59.09 Rejected  73.41 Rejected 

†Null hypothesis 𝐻0: 𝛼𝑗𝑘 = 𝛽ℎ𝑙 = 𝛾𝑗ℎ = 0, alternative hypothesis 𝐻1: 𝛼𝑗𝑘 ≠ 0, 𝛽ℎ𝑙 ≠ 0, 𝛾𝑗ℎ ≠ 0. 𝐿𝑅 = −2 ∗ (log 𝐿𝐶𝐷 − log 𝐿𝑇𝐿). The critical 

value 𝜒0.99 
2 (15) = 29.93. 

‡Null hypothesis 𝐻0: 𝜎𝑤𝑖 = 0, alternative hypothesis 𝐻1: 𝜎𝑤𝑖 ≠ 0. 𝐿𝑅 = −2 ∗ (log 𝐿𝑃𝑜𝑜𝑙𝑒𝑑_𝑇𝐿 − log 𝐿𝑀𝑇𝑅𝐸_𝑇𝐿). The critical value 𝜒0.99
2  (1) = 5.41 
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Table 4.3 Estimates of variable profit frontier and inefficiency models 

Variable 
Pooled   MTRE   BTRE 

Coef. † S.E.  Coef. † S.E.  Coef. † S.D. [95% HPDI] 

Frontier model 

Constant 0.480 *** 0.020  0.477 *** 0.021  0.444 s 0.039 0.388 0.533 

lnPseed –0.191 *** 0.031  –0.204 *** 0.033  –0.169 s 0.038 –0.243 –0.092 

lnPfert –0.220 *** 0.051  –0.214 *** 0.056  –0.346 s 0.063 –0.472 –0.233 

lnPlab –0.145 *** 0.027  –0.161 *** 0.032  –0.168 s 0.038 –0.239 –0.093 

lnLand 1.025 *** 0.043  1.031 *** 0.048  0.786 s 0.132 0.530 0.949 

lnCapital –0.028  0.041  –0.030  0.046  0.208 s 0.124 0.048 0.446 

0.5lnPs2  –0.494 *** 0.141  –0.614 *** 0.148  –0.114  0.068 –0.238 0.024 

lnPs_Pf 0.087  0.147  0.121  0.148  0.029  0.083 –0.145 0.188 

lnPs_Pl 0.054  0.091  0.057  0.095  0.007  0.060 –0.106 0.128 

lnPs_L –0.096  0.107  –0.071  0.109  –0.047  0.082 –0.237 0.067 

lnPs_C 0.064  0.103  0.044  0.103  0.034  0.077 –0.079 0.210 

0.5lnPf2 –0.537  0.423  –0.934 ** 0.457  –0.360  0.249 –0.850 0.134 

lnPf_Pl 0.100  0.216  0.307  0.237  0.018  0.126 –0.199 0.294 

lnPf_L –0.600 ** 0.246  –0.897 *** 0.250  –0.155  0.132 –0.427 0.041 

lnPf_C 0.493 ** 0.242  0.775 *** 0.244  0.123  0.138 –0.067 0.438 

0.5lnPl2 –0.413 ** 0.202  –0.411 * 0.228  –0.033  0.119 –0.268 0.177 

lnPl_L 0.270 * 0.146  0.348 ** 0.156  0.019  0.064 –0.110 0.157 

lnPl_C –0.245 * 0.143  –0.301 ** 0.152  –0.003  0.059 –0.145 0.097 

0.5lnL2 0.004  0.231  0.091  0.244  0.010  0.063 –0.100 0.136 

lnL_C 0.025  0.216  –0.050  0.227  –0.032  0.045 –0.113 0.053 

0.5lnC2 –0.124  0.212  –0.048  0.224  0.004  0.053 –0.083 0.108 

D_HQR 0.027 * 0.015  0.028 * 0.016  0.007  0.021 –0.035 0.044 

D_S2 –0.228 *** 0.014  –0.227 *** 0.012  –0.224 s 0.014 –0.251 –0.197 

D_S3 –0.228 *** 0.017  –0.223 *** 0.014  –0.228 s 0.017 –0.263 –0.197 

Inefficiency model 

Constant –0.776 * 0.434  –0.657  0.460  –1.632 s 0.444 –2.321 –0.754 

EDUC –0.072  0.051  –0.044  0.050  –0.104  0.072 –0.242 0.029 

EXP –0.006  0.052  0.001  0.052  –0.013  0.064 –0.142 0.094 

DGEN –0.973 *** 0.243  –0.872 *** 0.239  –0.870 s 0.409 –1.714 –0.220 
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Table 4.3 Continued 

HSIZE –0.106 ** 0.048  –0.085 * 0.049  –0.120 s 0.064 –0.259 –0.012 

FSIZE –0.239 *** 0.064  –0.186 *** 0.058  –0.174 s 0.088 –0.351 –0.009 

LOWN –0.125 ** 0.054  –0.094 * 0.055  –0.025  0.073 –0.162 0.110 

EXT –0.073  0.048  –0.098 ** 0.048  –0.051  0.063 –0.168 0.080 

DIST 0.119 ** 0.049  0.104 ** 0.050  0.153 s 0.069 0.022 0.298 

DALKA 1.086 *** 0.154  1.015 *** 0.147  1.407 s 0.250 0.979 1.952 

DSALI 0.964 *** 0.227  0.911 *** 0.222  1.015 s 0.271 0.511 1.487 

DISEA 0.224 *** 0.045  0.192 *** 0.041  0.246 s 0.062 0.121 0.354 

DISAS 0.872 *** 0.078   0.832 *** 0.073   0.994 s 0.131 0.762 1.226 

Model properties             

𝐸(𝜎𝑢𝑖𝑡) 0.614 – –  0.660 – –  0.483 s 0.102 0.308 0.681 

𝜎𝑣𝑖𝑡 0.127 *** 0.007  0.080 *** 0.008  –     

𝜎𝑣𝑖𝑡
2  –    –    0.007 s 0.002 0.003 0.011 

𝜎𝑤𝑖 –    0.102 *** 0.008  0.226 s 0.011 0.208 0.248 

log 𝐿 89.06    125.76    –     

N 957      957      957     

†***, ** and * denote significance at the 1%, 5% and 10% levels, respectively. s denotes 

statistical significance for the Bayesian estimates, as determined by whether the 95% level 

highest posterior density interval (HPDI) includes zero or not. 

 

The first part of Table 4.3 presents the estimates of the profit frontier function. The first-

order coefficients of input prices for seed, fertilizer, labor, and land are statistically significant 

at the 1% level with expected signs. The first-order estimate of capital is negative and 

statistically insignificant in the Pooled and MTRE models but constrained to be positive in the 

BTRE model. Thus, the parameter estimates of the BTRE model satisfy the theoretical profit 

function property that optimal profit is negatively related to input prices and positively related 

to fixed inputs. 
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The estimate of the parameter for the D_HQR variable is positive as expected and 

statistically significant at conventional levels in the Pooled and MTRE models, but not 

statistically significant in the BTRE model, implying no stable statistical evidence on the 

difference in the variable profit between rice variety groups. However, we find strong statistical 

evidence for seasonal differences in variable profits. The variable profits for rice production in 

seasons 2 and 3 are significantly lower than those in season 1. The estimate of Theta (𝜎𝑤𝑖) in 

the MTRE and BTRE models, which captures unobserved farm heterogeneity, is highly 

statistically significant. This provides strong support for the presence of unobserved time-

invariant farm heterogeneity in the current data set, consistent with the result of the LR test 

between the Pooled and MTRE models reported above.  

To understand rice farmers’ responses to the fluctuations in input and output prices and 

fixed inputs of rice production, we computed partial elasticities of profit with respect to output 

price, input prices, and fixed inputs. These will provide useful information to assist 

policymakers in designing supportive policies for rice farmers using price tools. As shown in 

Table 4.4 and Figure 4.1, the results are consistent across models; however, the BTRE model 

provides more plausible and precise results. The partial profit elasticities are all theoretically 

consistent, negative for input prices and positive for output price and fixed inputs. Variable 

profit is elastic with respect to output price but inelastic with respect to input prices. The mean 

elasticity with respect to paddy price is 1.68, slightly lower but still consistent with the 

estimated 1.93 reported from Rahman (2003) and 1.86 from Rahman and Shankar (2009).  

The mean elasticities of profit with respect to seed, fertilizer, and labor prices are –0.17, 

–0.35, and –0.17, respectively, indicating that if the prices for seed, fertilizer, and labor increase 

by 10%, the average variable profit of rice farming will decrease by 1.7%, 3.5%, and 1.7%, 

respectively. These results are consistent with those reported by Rahman (2003) and Rahman 

and Shankar (2009). The mean elasticities of profit for land and capital are 0.79 and 0.21, 
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respectively, indicating that if rice land area and capital increase by 10%, the average variable 

profit of rice farming will increase by 7.9% and 2.1%, respectively. Rahman and Shankar 

(2009) reported a similar value for land (0.91), but a much lower value for capital (0.01). 

 

Table 4.4 Partial elasticities of variable profit with respect to prices and fixed inputs 

Variable 
Pooled  MTRE  BTRE 

Mean S.D.  Mean S.D.  Mean S.D. 

Paddy price 1.56 0.20  1.58 0.21  1.68 0.07 

Seed price –0.19 0.16  –0.20 0.19  –0.17 0.04 

Fertilizer price –0.22 0.14  –0.21 0.21  –0.35 0.07 

Labor price –0.14 0.13  –0.16 0.12  –0.17 0.02 

Land 1.02 0.10  1.03 0.15  0.79 0.03 

Capital –0.03 0.12   –0.03 0.15   0.21 0.04 
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(a)  (b) 

  

(c) (d) 

   

 (e) (f) 

Figure 4.1 Density distribution of rice farming profit elasticity with respect to input and 

output prices and fixed inputs between models 
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4.4.2 Profit efficiency analysis 

The PE estimates from the different models are summarized in Table 4.5. The PE scores for 

the Pooled model are similar to those from the TRE model, regardless of the estimation method 

used for the TRE model (MTRE or BTRE), confirming that our estimates for inefficiency level 

are robust to model specification and estimation method choice. The average PE over sampled 

farms is 0.81, indicating that 21.25% of the potential maximum variable profit, on average, was 

lost due to inefficiency. There is also wide dispersion in PE across farms (0.02–0.97), 

suggesting that less-efficient rice farmers have the potential to catch up with better-performing 

farmers. Our estimated mean PE is in line with the findings of other empirical studies. Ali and 

Flinn (1989) reported a mean PE of 0.72 among Basmati rice farmers in Pakistan Punjab. 

Abdulai and Huffman (2000) found an average profit inefficiency of 0.73 for rice farmers in 

Ghana. Similarly, Rahman (2003) estimated a mean PE level of 0.77 for Bangladeshi rice 

farmers, and Galawat and Yabe (2012) reported a mean PE of 0.81 for rice farmers in Brunei 

Darussalam.  

 

Table 4.5 Summary of profit efficiency by models 

Model Mean S.D. Min Max 

Pooled 0.81 0.19 0.02 0.98 

MTRE 0.81 0.19 0.02 0.98 

BTRE 0.81 0.18 0.02 0.97 

 

4.4.3 Determinants of profit inefficiency 

The second part of Table 4.3 presents the coefficient estimates for the inefficiency models 

(equation (4.7)) simultaneously estimated with the SF models defined (equation (4.6)). As we 

are estimating an inefficiency model, a negative sign on an estimated coefficient indicates that 

the variable adversely affects the variance of the inefficiency or one-side error term and thus 
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reduces profit inefficiency (increases PE), whereas a positive coefficient represents the 

opposite effect (reduces PE). In general, the estimates of determinants of profit inefficiency are 

as expected and mostly statistically significant. Gender, household size, and farm size are 

negatively associated with profit inefficiency, whereas rice field distance, alkaline soil, salinity 

soil, rice disease, and natural disaster have a positive effect on profit inefficiency. These results 

are generally consistent across all models estimated. 

The negative and statistically significant estimate for gender implies that male-headed 

rice farmers are likely to perform better than female-headed farming households in the MRD. 

In the MRD, males are the main labor and make all decisions on rice production and thus have 

more experience than females. However, Idiong and Iko (2019) reported that the PE in male-

headed farming households is lower than that of female-headed farming households in Nigeria. 

The negative and statistically significant estimate of household size means that larger farming 

households have higher PE. This may be explained by larger households having more labor 

resources and are more motivated than hired labor. This result is consistent with the findings 

of Idiong and Iko (2019). Farm size is negatively associated with profit inefficiency, indicating 

that larger operations are more efficient, which is in line with a recent finding by Idiong and 

Iko (2019).  

The summary statistics in Table 4.1 show a substantial difference in rice field distance 

from the house. The estimated inefficiency model reveals a significant impact of field distance 

on profit inefficiency. Farmers farther away from their rice fields are less efficient than those 

closer to fields is positive and statistically significant, meaning that longer distances from house 

to rice field increase the level of inefficiency. The parameter estimates for alkaline-prone and 

salinity-prone area variables are statistically significant and show that these soils seem to 

increase inefficiency levels. This suggests that soil quality improvement programs could reduce 

inefficiency. Rahman (2003) also reported that better soil quality improved farmer efficiency. 
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Rice disease and natural disasters were also significantly associated with lower profit 

inefficiency. This suggests that extension programs focusing on preventing, detecting, and 

mitigating the impacts of rice diseases and natural disasters could help farmers decrease profit 

inefficiency.  

We did not find any statistical evidence on the effect of educational level (EDUC) and 

rice farming experience (EXP) on efficiency performance. In addition, there was no clear 

evidence on the impact of land ownership (LOWN) or training program (EXT) on PE. 

 

4.4.4 Welfare implications of efficiency improvement  

Table 4.6 Predicted frontier variable profit and variable profit loss 

Variable Mean S.D. Min Max   

Profit efficiency 0.81 0.18 0.02 0.97  

Observed variable profit (US$/ha) 1010 418 13 2574  

Maximum variable profit (US$/ha) † 1225 363 372 2712  

Variable profit loss (US$/ha) †† 215 188 33 1288  

Difference (%) ††† 21.25     

†Maximum variable profit, profit loss, and percentage of difference were calculated at 

observations. 
††Variable profit loss = Maximum variable profit – Observed variable profit 
†††Difference = 100 × (Maximum variable profit – Observed variable profit) / Observed 

variable profit 

 

To understand how much potential variable profits rice farmers could increase if profit 

inefficiency is eliminated, we calculated the maximum (frontier) variable profit and variable 

profit loss (per hectare) due to inefficiency performance based on the estimated PE scores and 

observed variable profit data. The results are reported in Table 4.6. With the same average PE 

scores (0.81) and given observed variable profit ($1,010/ha), the predicted maximum variable 

profit levels rice farmers can reach for models are identical, approximately $1,225 per hectare 
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(or the variable profit loss due to inefficiency is about $215/ha (21.25%)). This analysis 

confirms that rice farmers lost a significant amount of variable profit due to inefficiency. 

Therefore, supportive policies to assist rice farmers in improving their efficiency are needed. 

 

4.5 Conclusions and policy implications 

This study estimates PE and its determinants for Vietnamese rice farmers using a stochastic 

TRE model approach (Greene 2005a, 2005b). We generate an unbiased and robust set of results 

using an SF model that allows for the effects of farm heterogeneity and compares results from 

alternative functional forms and distributions of one-sided error term on estimates. First, we 

run the Pooled and TRE models using CD and TL functional forms, with three alternative 

distributions for the inefficiency term (half-normal, exponential, and truncated normal). We 

then use the LR test to select the appropriate functional form and test for farm heterogeneity. 

AIC and BIC values are used to compare the alternative distributional forms for the one-sided 

error term. Finally, the preferred model (a translog functional form with truncated normal 

distribution for inefficiency term) is estimated using Bayesian methods and imposing 

monotonicity constraints that were partly violated in the MLE. The data used are farm-level 

data collected from 356 rice farmers in the MRD in southern Vietnam, and cover three cropping 

seasons in the 2016/17 production year.  

The results confirm that PE estimates are sensitive to the distributional forms of the 

inefficiency term but insensitive to functional form choice. This finding is in line with the 

finding of Baccouche and Kouki (2003). The absence of farm heterogeneity was rejected, but 

it has a minor effect on PE estimates. The TRE model estimated using the Bayesian method, 

imposing the monotonicity constraint, provides more plausible estimates than the traditional 

(MSLE) approach. The estimates of parameters for input prices are as expected—negative and 

statistically significant. A positive and significant relationship between profit and fixed inputs 
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(land and capital) is also found. The analysis of partial profit elasticities with respect to output 

and input prices shows that variable profit in rice farming is elastic with respect to output price 

(1.68) but inelastic for input prices (seed: –0.17, fertilizer: –0.35, and labor: –0.17). Profit is 

inelastic with respect to land (0.79) and capital (0.21).  

The PE analysis shows that the mean PE of rice farming in the MRD is approximately 

0.81 but varies from 0.02 to 0.97. This implies that rice farmers could increase profits 

substantially (by approximately 20%) if inefficiencies were eliminated. The inefficiency model 

estimates show that the variation of profit inefficiency among rice farmers was determined by 

farm and farmer characteristics. We find that gender, household size, and farm size have a 

negative and statistically significant effect on profit inefficiency. On the other hand, distance 

from home to rice field, soil quality (salinity and alkalinity), rice disease, and natural disaster 

have a positive and statistically significant effect on profit inefficiency.  

These findings have important implications for policymaking to assist rice farmers in 

improving inefficiency and increasing profits. To improve farmer PE performance, training 

and extension programs should target enhancing rice farmers’ managerial ability and 

production skills to deal with alkaline and salinity soils, rice diseases, and natural disasters. For 

instance, using lime powder to improve saline- and alum-contaminated soil, applying 

integrated pest management programs to control rice diseases, choosing rice varieties, and 

using fertilizers appropriately for corresponding cropping season to mitigate output losses due 

to rice diseases and natural disasters.  

Enhancing weather forecasting and improving forecasting accuracy would be useful so 

that rice farmers have adequate and accurate information to make appropriate production 

decisions and mitigate the negative effects of natural disasters. The forecasting of input and 

output market prices should also be strengthened to provide accurate market price information. 

Linkages between producers, input suppliers, and output buyers (e.g., farming contracts) 
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should be built to guarantee that rice farmers purchase inputs (seed, fertilizers, and chemicals) 

and sell their output (paddy, rice) at the (perfectly competitive) market price.  

Vietnam’s MRD is facing increasingly challenges from climate change, such as drought, 

saline intrusion, alum contamination, and rice epidemics. Investments are needed in 

infrastructure systems, especially roads, irrigation systems, salinity prevention systems, and 

ancillary facilities, to adapt to climate change and mitigate damage. The significantly negative 

relationship between profit inefficiency and farm size suggests that profit inefficiency is partly 

due to scale inefficiency (farm size) and farmer efforts. Therefore, land-use policies should be 

aimed at promoting farm size improvements to achieve optimal profit levels.  

The analysis of profit elasticity with input and output prices suggests that if the 

government uses price intervention to improve farm profits, then targeting the paddy price 

would be a more efficient tool for designing price subsidy policies than using input prices (seed, 

fertilizer, and labor).  
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Appendix 

Table A4.1 Summary of profit efficiency by functional form, distributional form, and model 

Distribution 

Pooled   MTRE 

CD  TL  CD  TL 

Mean S.D.   Mean S.D.   Mean S.D.   Mean S.D. 

Half-normal 0.77 0.19  0.77 0.19  0.77 0.19  0.78 0.19 

Exponential 0.81 0.19  0.82 0.19  0.81 0.19  0.81 0.19 

Truncated normal 0.80 0.19  0.81 0.19  0.80 0.19  0.81 0.19 
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Table A4.2 Prior specification for Bayesian estimation of the TRE model 

Parameter/Variable Prior 

Translog coefficients and 

intercept shifters 

 

α, 𝛽𝑗, 𝛽𝑗𝑘 , 𝛽𝑙 ~ N(0.0, 10), i.e. normally distributed with a 

precision (variance) of 0.1 (10) 

 

Noise term 

 

𝑣𝑖𝑡 ~ N(0.0, 1/hv), i.e. normally distributed with a precision 

(variance) parameter of hv (1/hv) 

 

ℎ𝑣 ~ G(0.001, 0.001), i.e. the precision parameter is gamma 

distributed with shape and rate values of 0.001 (i.e. a mean of 

1 and a variance of 1000) 

 

Inefficiency term 

 

𝑢𝑖𝑡  ~ N(0, h.uit)T(0,1000), i.e. normally distributed with a 

precision of h.uit truncated to 0 to 1000 

 

ℎ. 𝑢𝑖𝑡 ~ G(5, 10*log(rstar)*log(rstar)), where rstar is the 

expected mode of the efficiency distribution which is usually 

set to 0.875 (See Griffin and Steel (2007)), giving the precision 

parameter a diffuse prior with a mean of 28 and a variance of 

about 157 

 

Heterogeneity term 

 

𝑤𝑖 ~ N(0.0, 1/h.wi), i.e. normally distributed with a precision 

(variance) parameter of h.wi (1/h.wi).  

 

ℎ.𝑤𝑖 ~ G(0.5, 1/h.wi.prec), where h.wi.prec is set to a 

relatively high value (4) as in Tsionas and Kumbhakar (2014), 

with a mean of 2 and a variance of 8 
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Abstract: This article assesses the impact of high-quality rice varieties (HQRVs) on farmer 

profit and profit efficiency (PE) using farm-level data from 356 rice farmers surveyed in 

Vietnam’s Mekong River Delta. We combine a propensity score matching (PSM) method and 

stochastic profit frontier framework to mitigate the effects of selection biases and technology 

gap. We use the PSM method to find a comparable non-adopter group to control for selection 

bias associated with observed variables. A sample selection stochastic frontier model is then 

used to correct for selection bias stemming from unobserved factors. Finally, we apply a 

stochastic metafrontier approach to compare PE between groups. We also investigate the 

determinants of PE using a Tobit model. The analysis shows that the profit and PE gaps 

between the two groups are significantly underestimated if selection biases and technology 

gaps are not considered. A comparison of profit and PE scores reveals that HQRV adopters, on 

average, exhibit higher variable profits than non-adopters ($1,086/ha vs. $938/ha) but lower 

PE performance (0.61 vs. 0.72), suggesting that adopters will benefit more from HQRVs if 

inefficiencies are eliminated. We find that the efficiency performance of HQRV farmers is 

determined by gender, land ownership, soil quality (salinity and alkalinity), rice diseases, 

natural disasters, and geographical and seasonal factors. The results also indicate that farm size, 

contract farming, rice plots, and geographical and seasonal factors influence HQRV adoption.  

 

Keywords: Impact evaluation, Profit efficiency, Sample selection, Stochastic metafrontiers, 

Adoption, Rice farming 

 

5.1 Introduction 

Expansion of cultivated land and adoption of high-yielding rice varieties has been considered 

key solutions for increasing rice production to meet the growing consumption demand of 

population growth, especially where rice is the main food. This strategy, embedded in 



156 

 

Vietnam’s innovation policy of 1986, has transformed the country from a chronic food importer 

to a food self-sufficient country since 1996 and leading rice exporter for the last two decades 

(Nielsen 2003; Van Long and Yabe 2011; Linh 2012; Nguyen et al. 2012). The growth of the 

rice sector has significantly contributed to rice producer household incomes, poverty reduction, 

and national economic growth (Demont and Rutsaert 2017). However, focusing on expanding 

outputs has led to an overuse of inputs (fertilizers and other chemicals) and overexploitation of 

cultivated land, constraining rice farmer incomes due to low-quality rice outputs and prices 

(Demont and Rutsaert 2017). In recent years, the statistics have revealed multiple pressures on 

areas available for rice cultivation due to limited agricultural land, impact of climate change 

(drought), urbanization, salinity intrusion, and other forms of agricultural land degradation 

(Kontgis et al. 2015). Rice farmers in Vietnam’s Mekong River Delta might have reached their 

maximum potential rice yields (Kontgis et al. 2015). Recently, the Vietnamese government 

changed its strategy to focus on improving rice quality and value adding, rather than rice 

quantity, by adopting high-quality rice varieties (HQRVs) to hopefully increase output prices, 

competitive advantage, and farmer income (Thang et al. 2017; Stuart et al. 2018). 

In recent decades, HQRVs have been developed and adopted in Vietnam, with the 

expectation of increasing farmer income, relative to traditional varieties. However, initial 

assessments by the Ministry of Agriculture and Rural Development revealed that substandard 

HQRV profits, resulting in low adoption rates. However, these assessments may not reflect the 

potential profitability of HQRVs, ignoring differences in efficiency performance, because new 

technologies usually require practice, resulting in lower inefficiency performance in the short-

term (González-Flores et al. 2014). There could also be sample selection biases arising from 

observable and unobservable variables because the choice to adopt is not randomly assigned. 

Furthermore, biases may arise from technology gaps between rice variety groups (distance 

between the group’s production frontier and metafrontier), as reported by Villano et al. (2015).  
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To obtain unbiased estimates, we follow the analytical framework approach of Villano 

et al. (2015), combining an impact evaluation technique (PSM method) and stochastic profit 

frontier frameworks to eliminate the potential effects of self-selection biases, which stem from 

observable (age, education, experience) and unobservable (managerial ability) variables, and 

the rice variety technology gap. The analytical approach uses the propensity score matching 

(PSM) method, proposed by Rosenbaum and Rubin (1983), to find a comparable non-adopter 

(control) group to mitigate the effect of biases arising from observable factors by dropping 

unmatched observations. Subsequently, using the matched sample, we employ a sample 

selection stochastic frontier (SF) model, proposed by Greene (2010), to correct for selection 

bias stemming from unobservable variables. Next, to allow a direct comparison of profit 

efficiency (PE) between two groups, we use the stochastic metafrontier (SMF) model of Huang 

et al. (2014) followed by a double-bounded Tobit model to investigate PE determinants for 

HQRV adopter and non-adopter groups.  

This study makes two key contributions to the literature. First, unlike Villano et al. 

(2015), we use an alternative metafrontier, a stochastic metafrontier model to produce more 

accurate estimates in SF parameters than mathematical programming or deterministic 

approaches. We also run the second-stage regression model to investigate PE determinants 

after correcting for self-selection biases and the technology gap. Second, this is the first study 

to evaluate the impact of HQRVs on profit and PE using a combined approach of impact 

evaluation techniques and sample selection SF models to eliminate self-selection biases and 

the technology gap in rice farming. Our unbiased results confirm the positive effect of HQRV 

adoption on rice farmers’ income compared with traditional varieties and reveal that the 

observed low profits of HQRVs are mainly due to inefficiency performance. The study also 

highlights the importance of several variables that determine PE operation and the choice of 
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HQRV adoption. These findings will be useful for rice policymakers to design supportive 

policies to increase profit and promote the adoption of HQRVs. 

The remainder of the study is organized as follows. The next section presents a review 

of related literature in profit efficiency measurement of rice farming and impact evaluation of 

rice variety technologies on efficiency. Section 5.3 presents the methodology, which describes 

the analytical framework, empirical model, data collection, and estimation procedure. Section 

5.4 presents the empirical results and discussions. Conclusion and policy implications are 

presented in Section 5.5. 

 

5.2 Literature review 

Combining impact valuation techniques (e.g., PSM method) and the SF framework to assess 

the impact of innovated technology and practice adoption in agriculture has recently received 

attention because it can mitigate the effects of sample selection biases and provide information 

on the potential benefits of improved technology or practice adoption. Dinar et al. (2007) first 

used the SF model to assess the effect of agricultural extension services on farmers’ efficiency 

performance from Crete, Greece. However, the self-selection biases arising from non-

experimental data were not considered; thus, the parameter estimates of estimated SF and 

predicted efficiency scores could be biased. 

Kumbhakar et al. (2009), Lai et al. (2009), and Greene (2010) proposed different 

approaches to modeling self-selection bias associated with unobservable factors in SF models. 

Kumbhakar et al. (2009) introduced a model in which the unobserved sample selection bias is 

assumed to be correlated to the one-sided error term (𝑢𝑖) in the SF function. Lai et al. (2009) 

developed a model in which the unobserved sample selection bias is assumed to operate 

through the composed error term (휀𝑖 = 𝑣𝑖 − 𝑢𝑖) in the SF model, where 𝑣𝑖 is a two-sided error 
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term. Greene (2010) proposed a model in which the unobservable sample selection bias is 

assumed to be correlated to the two-sided error term, 𝑣𝑖. The log-likelihood functions of 

Kumbhakar et al. (2009) and Lai et al. (2009) require substantially more computational demand 

than that of Greene’s model (Bravo-Ureta et al. 2012); therefore, Greene’s approach has been 

widely used in recent empirical studies.  

However, the approach of Greene (2010) only addresses the sample selection bias arising 

from unobservable factors, not observable variables. Bravo-Ureta et al. (2012) suggested a 

combined framework that addresses both types of biases, which has been applied in empirical 

studies. For example, González-Flores et al. (2014) examined the impact of high-value markets 

on smallholder productivity in Ecuadorean Sierra. Ma et al. (2018) studied agricultural 

cooperatives and the technical efficiency of apple farmers in China. Abdul-Rahaman and 

Abdulai (2018) assessed the impact of farmer groups on the yield and efficiency of rice farmers 

in Northern Ghana. Ahmed and Melesse (2018) evaluated the impact of off-farm activities on 

the technical efficiency of maize producers in eastern Ethiopia. However, this approach can 

not directly compare technical efficiency between groups because it is a potential difference in 

the technology gap.  

Villano et al. (2015) extended the framework of Bravo-Ureta et al. (2012) by including 

a metafrontier model to disentangle the technology gap from managerial ability, which has 

been used by Abdulai and Abdulai (2017) and De los Santos-Montero and Bravo-Ureta (2017). 

However, the metafrontier approach used in Villano et al. (2015) is limited by its mathematic 

programming metafrontier approach, which does not account for the statistical noise of 

technology gaps (Huang et al. 2014). Huang et al. (2014) developed a new approach for 

estimating the metafrontier, using SMF model in the second step, which can account for noise 

and further statistical tests. The combination of the PSM method, sample selection SF model, 

and Huang’s SMF model has been used in empirical studies by Dong et al. (2019) evaluate the 
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impact of cooperative memberships of greenhouse vegetable producers on technical efficiency 

and income, Lawin and Tamini (2019) to analyze the impact of land tenure security on the 

technical efficiency of smallholder farmers in Benin, and Issahaku and Abdulai (2020) to 

examine the effect of sustainable land management practices on the technical and 

environmental efficiency of farm households. 

 

5.3 Methodology 

5.3.1 Analytical framework 

We follow the analytical framework approach of Villano et al. (2015), who extended the works 

of Greene (2010) and Bravo-Ureta et al. (2012) to eliminate self-selection biases when 

evaluating the impacts of technology adoption on efficiency performance by adding a 

metafrontier model to disentangle the managerial gap from the technology gap and directly 

compare efficiency levels between groups. In addition, we add a second-stage regression 

efficiency analysis to examine PE determinants for HQRV adopters and non-adopters using a 

Tobit model approach. 

 

5.3.1.1 Propensity score matching (PSM) method 

The PSM method, developed by Rosenbaum and Rubin (1983), can mitigate the effects of 

selection biases arising from observable factors when used to evaluate the impact of adoption 

(Dehejia and Wahba 2002; Faltermeier and Abdulai 2009). The PSM method has been used 

widely in agricultural studies, including those of Faltermeier and Abdulai (2009), Wu et al. 

(2010), Bravo‐Ureta et al. (2011), Cavatassi et al. (2011), Rejesus et al. (2011), Dan (2014), 

and Attavanich (2016). The PSM method mitigates the effects of self-selection biases arising 

from observable factors by generating a comparable control group (non-adoption group) 
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matched to the adopter group based on probability or propensity scores for adoption, as 

determined by observable variables such as age, education, and farm size. Logit and Probit 

models are probability models used to implement matching procedures for the binary treatment 

case; both models yield similar results when estimating the probability or odds ratio for 

participation (Caliendo and Kopeinig 2008; Wu et al. 2010). Here, we use the Probit model to 

estimate propensity scores, which are then used to match adopters with non-adopters for farms 

falling within a common probability range (or ‘common support’). Unmatched observations 

are removed from further analysis. There are several matching algorithm criteria that can be 

used to implement the matching process, such as nearest neighbor matching, caliper matching, 

and kernel matching. We use nearest neighbor matching with caliper and common support. 

After obtaining a matched sample, we can use matched subsamples to estimate stochastic profit 

frontier model for each group and compare the results. However, HQRV adoption decisions by 

farmers can be affected by factors that could not be fully observed (e.g., managerial ability) 

but could lead to differences in efficiency. To mitigate the potential effects of self-selection 

bias arising from unobserved variables, we used the sample selection SF model proposed by 

Greene (2010). 

 

5.3.1.2 Stochastic frontier model corrected for self-selection bias 

In Greene’s approach, the effects of unobserved characteristics that lead farmers to adopt (e.g., 

managerial ability) are captured by the error term (𝑤𝑖) in the sample selection (Probit) model 

and assumed to be correlated with statistical noise (𝑣𝑖) in the SF function. The stochastic profit 

frontier function framework with correction for sample selection bias for ith farm is expressed 

as follows, using models with potentially correlated errors: 

 (a) Sample selection (Probit) function: 𝐷𝑖 = 1[𝛼
′𝑍𝑖 + 𝑤𝑖 > 0], 𝑤𝑖~𝑁(0,1) 
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(5.1) (b) Stochastic profit frontier function: 𝜋𝑖 = 𝑓(𝛽; 𝑃𝑖;  𝐹𝑖) 𝑒 𝑖  

 where (𝜋𝑖 , 𝑃𝑖 , 𝐹𝑖) are observed only when 𝐷𝑖 = 1 or 𝐷𝑖 = 0, but not both 

 (c) Composed error structure: 휀𝑖 = 𝑣𝑖 − 𝑢𝑖  

 (d) Inefficiency term: 𝑢𝑖 = |𝜎𝑢𝑈𝑖| = 𝜎𝑢|𝑈𝑖| 𝑤ℎ𝑒𝑟𝑒 𝑈𝑖~𝑁(0,1) 

      (e) Symmetric noise term: 𝑣𝑖 = 𝜎𝑣𝑉𝑖 𝑤ℎ𝑒𝑟𝑒 𝑉𝑖~𝑁(0,1) 

 (f) Error correlation between SF and selection model: (𝑤𝑖, 𝑣𝑖)~𝑁2[(0,0), (1, 𝜌𝜎𝑣 , 𝜎𝑣
2)] 

In the sample selection (Probit) model, 𝐷 is a binary variable equal to 1 for adopters and 0 for 

non-adopters, 𝑍 is a vector of observed explanatory variables that can explain farmers’ 

adoption decisions, and 𝑤 is the unobservable error term. In the stochastic profit frontier model, 

𝜋 is variable profit (equal to revenue less variable cost) normalized by output price, 𝑃 is a 

vector of input prices normalized by output price, 𝐹 is a vector of fixed inputs, and 휀 is the 

composed error term comprising the statistical noise term (𝑣) and non-negative inefficiency 

term (𝑢). The coefficients 𝛼 and 𝛽 are unknown parameters to be estimated. The coefficient of 

rho (𝜌) captures the relationship between unobservable error in the sample selection function 

and statistical noise in the SF function. A statistically significant parameter of 𝜌 indicates the 

existence of self-selection bias stemming from unobservable factors.  

The log-likelihood function for the SF model in equation (5.1) is formed by integrating 

out the unobserved |𝑈𝑖| and then maximizing with respect to the unknown parameters: 

(5.2)     Log𝐿(𝛽, 𝜎𝑢, 𝜎𝑣 , 𝛼, 𝜌) =∑log

𝑁

𝑖=1

∫ 𝑓(𝜋𝑖|𝑃𝑖 , 𝐹𝑖 , 𝑍𝑖 , 𝐷𝑖 , |𝑈𝑖|) 𝑝(|𝑈𝑖|) 𝑑|𝑈𝑖|
|𝑈𝑖|

 

The integral in equation (5.2) is not known and must be approximated. Greene (2010) 

simplified this in a two-step approach. The single equation maximum-likelihood estimation 

(MLE) of 𝛼 in the sample selection (Probit) model in equation (5.1a) is consistent, albeit 
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inefficient. When estimating the parameters of the SF it does not need to be re-estimated. The 

estimates of 𝛼 derived from equation (5.1a) are substituted into equation (5.3); the Murphy and 

Topel (2002) correction is then used to adjust the standard errors, in a process similar to 

Heckman’s correction of the canonical selection model. Greene (2010) argued that 

observations for non-adopters (𝐷𝑖 = 0) do not provide any information to identify parameters 

in the simulated log-likelihood, and hence the function becomes: 

(5.3)    Log 𝐿𝑆,𝐶(𝛽, 𝜎𝑢, 𝜎𝑣 , 𝜌)

= ∑ log
1

𝑅
𝐷𝑖=1

∑

[
 
 
 
 
 exp (−

1

2
(𝜋𝑖 − 𝑓(𝛽; 𝑃𝑖;  𝐹𝑖) + 𝜎𝑢|𝑈𝑖𝑟)

2 𝜎𝑣
2⁄ )

𝜎𝑣√2𝜋
×

Φ(
𝜌 (𝜋𝑖 − 𝑓(𝛽; 𝑃𝑖;  𝐹𝑖) + 𝜎𝑢|𝑈𝑖𝑟) 𝜎 + 𝑎𝑖⁄

√1 − 𝜌2
)
]
 
 
 
 
 

𝑅

𝑟=1

 

where 𝑎𝑖 = �̂�′𝑍𝑖, 𝑈𝑖𝑟 is R random draws from the standard normal population, and Φ(.) is the 

standard normal cumulative density function.  

The model’s unknown parameters are estimated using a conventional gradient-based 

Broyden–Fletcher–Goldfarb–Shanno (BFGS) algorithm, and asymptotic standard errors are 

estimated using the Berndt–Hall–Hall–Hausman (BHHH) estimator. The maximand collapses 

to the maximum simulated likelihood estimator of the standard frontier model when 𝜌 is equal 

to zero. This allows us to test the specification of the sample selection SF against the simpler 

(conventional) SF model using a (simulated) likelihood ratio (LR) test (Greene 2010). 

The individual profit inefficiency in the sample, 𝑢𝑖, or PE, exp(-𝑢𝑖) is computed based 

on the Jondrow et al. (1982) approach:  

(5.4)     𝐸(𝑢𝑖|휀𝑖) =
𝜎𝜆

1 + 𝜆2
[𝜇𝑖 +

𝜙(𝜇𝑖)

Φ(𝜇𝑖)
] 
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where 𝜇𝑖 = −𝜆휀𝑖 𝜎⁄ , 휀𝑖 = 𝑣𝑖 − 𝑢𝑖, 𝜆 = 𝜎𝑢 𝜎𝑣⁄ , 𝜎 = √𝜎𝑢2 + 𝜎𝑣2, and 𝜙 and Φ denote standard 

normal density and cumulative density functions, respectively. In the standard approach, this 

function is computed using the MLE; in this case, the computation is repeated with the 

maximum simulated likelihood estimates (see Greene (2010) for more detail). 

Thus, parameter estimates of stochastic profit frontier function and associated PE 

estimates are corrected for sample selection biases arising from observable and unobservable 

variables at this stage. However, we cannot directly compare PEs between adopter and non-

adopter groups because efficiency scores are estimated relative to each group’s frontier, not 

relative to the metafrontier (González-Flores et al. 2014; Huang et al. 2014; Villano et al. 

2015). In addition, this comparison could be meaningless due to potential technology gaps 

between farmers using the two rice variety groups. Therefore, we use a metafrontier approach 

to generate a common frontier and estimate the technology gap ratio that would allow us to 

construct a measure of overall PE.  

 

5.3.1.3 Stochastic metafrontier approach 

The definition of a meta-production function, first introduced by Hayami and Ruttan (Hayami 

1969; Hayami and Ruttan 1970, 1971) was “the envelope of commonly conceived neoclassical 

production functions.” (Hayami and Ruttan 1971, p. 82). Later, Binswanger et al. (1978) 

defined the meta-production function as “the envelope of the production points of the most 

efficient countries,” assuming that all producers in different groups (countries, regions, etc.) 

have potential access to the same technology.  

Studies differ in the methods they use to fit the metafrontier. Earlier studies, such as 

Battese et al. (2004) and O’Donnell et al. (2008), used deterministic or mathematical 

programming approaches to fit the metafrontier. However, these approaches are limited by the 
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second-step estimation with no statistical properties of the metafrontier estimators’ result 

because it is a deterministic frontier based on linear (or quadratic) programming. Furthermore, 

they do not account for different production environments facing farms and cannot be used to 

isolate idiosyncratic shocks (Huang et al. 2014). Here, we use the SMF approach introduced 

by Huang et al. (2014) because: (i) we can use conventional MLE methods to estimate the SMF 

model—the usual statistical inferences can be performed without relying on simulations or 

bootstrapping, unlike the mathematical programming techniques; (ii) it allows us to directly 

estimate technology gaps by considering them as a conventional one-sided error term, so that 

we can disentangle random shocks from technology gaps, which is not possible using the 

deterministic metafrontier programming method; and (iii) technology gaps represented by the 

one-sided term can be further specified as a function of environmental variables beyond the 

control of farms since the second-step estimation of the SMF is based on an SF framework. 

This method has been widely used in empirical studies by Chang et al. (2015), Huang et al. 

(2015), Nguyen et al. (2016), Lee and Huang (2017), Melo-Becerra and Orozco-Gallo (2017), 

Le et al. (2018), Alem et al. (2019), Chaffai and Hassan (2019), Dong et al. (2019), Fontin and 

Lin (2019), Lawin and Tamini (2019), and Issahaku and Abdulai (2020). 

Following Huang et al. (2014), the profit frontier function of the 𝑖th farm in the 𝑗th group 

can be expressed as:  

(5.5)     𝜋𝑗𝑖 = 𝑓𝑗(𝛽𝑗; 𝑃𝑗𝑖 ; 𝐹𝑗𝑖) 𝑒 𝑗𝑖 

where 𝜋, 𝛽, 𝑃, 𝐹, and 휀 are denoted above in equation (5.1).  

The PE of the 𝑖th farm in the 𝑗th group is defined as the ratio of observed to the maximum 

potential profit: 

(5.6)     𝑃𝐸𝑖
𝑗
=

𝜋𝑗𝑖

𝑓𝑗(𝛽𝑗; 𝑃𝑗𝑖; 𝐹𝑗𝑖) 𝑒
𝑣𝑗𝑖
= 𝑒− 𝑢𝑗𝑖 
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The common or underlying metafrontier function enveloping all group frontiers is 

defined as 𝑓𝑚(𝛽𝑗; 𝑃𝑗𝑖; 𝐹𝑗𝑖) and is related to the individual group frontier 𝑓𝑗(𝛽𝑗; 𝑃𝑗𝑖; 𝐹𝑗𝑖):  

(5.7)     𝑓𝑗(𝛽𝑗; 𝑃𝑗𝑖; 𝐹𝑗𝑖) = 𝑓𝑚(𝛽𝑗; 𝑃𝑗𝑖; 𝐹𝑗𝑖) 𝑒
− 𝑢𝑗𝑖

𝑚

,        ∀ 𝑗, 𝑖 

where 𝑢𝑗𝑖
𝑚 ≥ 0. Hence, 𝑓𝑚(. ) ≥ 𝑓𝑗(. ) and the ratio of 𝑗th group’s profit frontier to the profit 

metafrontier is defined as the technology gap ratio (TGR): 

(5.8)     𝑇𝐺𝑅𝑖
𝑗
=
𝑓𝑗(𝛽𝑗; 𝑃𝑗𝑖 ; 𝐹𝑗𝑖)

𝑓𝑚(𝛽𝑗; 𝑃𝑗𝑖; 𝐹𝑗𝑖)
= 𝑒− 𝑢𝑗𝑖

𝑚

≤ 1 

The meta profit efficiency (MPE) of 𝑖th farm in the 𝑗th group describes the performance 

of the farm relative to the metafrontier, expressed as: 

(5.9)     𝑀𝑃𝐸𝑖
𝑗
=

𝜋𝑗𝑖

𝑓𝑚(𝛽𝑗; 𝑃𝑗𝑖 ; 𝐹𝑗𝑖) 𝑒
𝑣𝑗𝑖
= 𝑇𝐺𝑅𝑖

𝑗
× 𝑃𝐸𝑖

𝑗
 

𝑀𝑃𝐸𝑖
𝑗
 reflects the PE of the farm, accounting for its performance relative to its group and the 

group’s location relative to the metafrontier. 

The estimation procedure includes two steps. The first step applies the standard MLE to 

each group-specific frontier:  

(5.10)     ln 𝜋𝑗𝑖 = ln𝑓𝑗(𝛽𝑗; 𝑃𝑗𝑖; 𝐹𝑗𝑖) + 휀𝑗𝑖 

which includes the composed error 휀𝑗𝑖 = 𝑣𝑗𝑖 − 𝑢𝑗𝑖  and standard distribution assumptions of the 

symmetric noise term, 𝑣𝑗𝑖~𝑁(0, 𝜎𝑣
𝑗2
), and a non-negative inefficiency term, 𝑈𝑗𝑖~𝑁

+(0, 𝜎𝑢
𝑗2
). 

Given the maximum-likelihood estimates of the 𝑗th group’s frontier, function 𝑓𝑗(. ), the PE of 

the ith against its group frontier is estimated using the Jondrow et al. (1982) estimator as the 

conditional expectation:  
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(5.11)     𝑃�̂�𝑖
𝑗
= �̂�(𝑒−𝑢𝑗𝑖𝑡|휀�̂�𝑖) 

where 휀�̂�𝑖 = ln 𝜋𝑗𝑖 − ln𝑓
𝑗(𝛽𝑗; 𝑃𝑗𝑖 ; 𝐹𝑗𝑖) are the estimated composed residuals. 

The second step uses the predicted group frontier values (in log form for a translog), 

𝑙𝑛𝑓𝑗(𝛽𝑗; 𝑃𝑗𝑖; 𝐹𝑗𝑖), obtained from equation (5.10) as the dependent variable in the metafrontier 

estimation. 

(5.12)     ln𝑓𝑗(𝛽𝑗; 𝑃𝑗𝑖 ; 𝐹𝑗𝑖) = 𝑙𝑛𝑓𝑚(𝛽𝑗; 𝑃𝑗𝑖; 𝐹𝑗𝑖) + 휀𝑗𝑖
𝑚 

where 휀𝑗𝑖
𝑚 = 𝑣𝑗𝑖

𝑚 − 𝑢𝑗𝑖
𝑚, and 휀�̂�𝑖

𝑚 =  ln𝑓𝑗(𝛽𝑗; 𝑃𝑗𝑖; 𝐹𝑗𝑖) − 𝑙𝑛𝑓
𝑚(𝛽𝑗; 𝑃𝑗𝑖; 𝐹𝑗𝑖) are the estimated 

composed residuals. The TGR is then estimated using the estimator of Jondrow et al. (1982): 

(5.13)     𝑇𝐺�̂�𝑖
𝑗
= �̂� (𝑒−𝑢𝑗𝑖

𝑚

|휀�̂�𝑖
𝑚) 

The overall MPE is equal to the product of TGR and group frontier PE: 

(5.14)     𝑀𝑃�̂�𝑖
𝑗
= 𝑇𝐺�̂�𝑖

𝑗
 × 𝑃�̂�𝑖

𝑗
 

  

5.3.1.4 Determinants of profit efficiency  

The determinants of profit inefficiency can be simultaneously obtained from the frontier model 

when we estimate SF models using a single step estimation method (Schmidt 2011). However, 

in our case, the final PE scores are estimated and computed in several separate steps to control 

for sample selection biases and the technology gap; therefore, we use the second-stage 

regression model of efficiency analysis to investigate PE determinants. This approach has been 

applied by Bravo-Ureta and Pinheiro (1997), who used the two-limit Tobit regression model 

to examine the relationship between farm and farmer attributes and technical, allocative, and 

economic efficiencies, which were estimated by the SF method. The Tobit model has been 
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widely used in the second-stage regression of efficiency analysis, especially in studies using 

the non-parametric (DEA) approach, such as Coelli et al. (2002), Dhungana et al. (2004), 

Lissitsa and Odening (2005), Tingley and Pascoe (2005), Davidova and Latruffe (2007), Tipi 

et al. (2009), Ahmed et al. (2011), Adhikari and Bjorndal (2012), Linh (2012), and Gold and 

Gold (2019). 

Following Tobin (1958), the two-limit Tobit model for estimating the determinants of PE 

is expressed for ith farm as: 

(5.15)     𝑀𝑃𝐸𝑖
∗ = 𝜓′𝑍𝑖 + 𝜉𝑖 

where 𝜉𝑖  ~ 𝑁(0, 𝜎
2) and 𝑍 and 𝜓 are vectors of farm-specific characteristics and unknown 

parameters to be estimated, respectively. The 𝑀𝑃𝐸𝑖
∗ is a latent variable and 𝑀𝑃𝐸𝑖 is the meta 

profit efficiency score obtained in equation (5.14). If 𝑀𝑃𝐸𝑖
∗ ≤ 0, then the PE scores for farm 

ith, 𝑀𝑃𝐸𝑖 = 0; if 0 < 𝑀𝑃𝐸𝑖
∗ < 1, then 𝑀𝑃𝐸𝑖 = 𝑀𝑃𝐸𝑖

∗; and if 𝑀𝑃𝐸𝑖
∗ ≥ 1, then 𝑀𝑃𝐸𝑖 = 1. 

 

5.3.2 Data and definition of variables 

This study uses cross-sectional farm-level data from 356 rice farmers randomly surveyed in 

three provinces of Vietnam’s Mekong River Delta (An Giang, Can Tho, and Bac Lieu 

provinces) via face-to-face interviews. A three-step stratified sampling method was used to 

identify the sample. This data covers three cropping seasons in the 2016–2017 cropping year, 

namely, winter–spring (S1, November to February the following year), summer–autumn (S2, 

March to June), and autumn–winter (S3, July to October)4. Each farmer can produce two or 

three cropping seasons per year and adopt different varieties across cropping seasons 

depending on production conditions. In this study, we treat each observation in each season as 

 
4 The seasonal production calendar can be flexible across provinces. 
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an independent observation. From 356 surveyed farmers, we have a pooled cross-section of 

965 observations. However, eight negative profit observations could not be log-transformed. 

Bos and Koetter (2011) proposed that the indicator approach is more appropriate than 

truncation (dropped) or rescale approaches in handling negative profit issues. However, we 

decided to drop these negative profit observations from the sample because it would not affect 

estimates. The final sample used in this study includes 957 observations, with 355 observations 

in S1, 344 observations in S2, and 258 observations in S3. There are 414 observations of HQRV 

adopters (198 for S1, 145 for S2, and 71 for S3) and 543 observations of non-adopters (157 for 

S1, 199 for S2, and 187 for S3). 

As described earlier, we use PSM to identify a comparable control group to mitigate the 

bias arising from differences in observed factors between groups. The observed variables used 

in this study, which can affect farmers’ adoption decisions, include age (years), education 

(years of formal schooling), experience (years of rice farming), gender (1 for males, 0 

otherwise), farm size (hectares), rice plots (number), and contract farming (1 for contract 

farming, 0 otherwise). In addition, we add two dummy variables to capture the effects of 

geographical factors (DAG and DCT represent An Giang and Can Tho provinces, respectively) 

and two dummy variables to capture the effects of seasonal factors (DS2 and DS3 represent S2 

and S3, respectively). These observed variables are also used in the Probit sample selection 

model of the matching process and sample selection SF models. The descriptive statistics of 

these variables are presented in the upper part of Table 5.1. 

The lower part of Table 5.1 presents the descriptive statistics of variables used in the 

frontier profit function. In our case, profit is a function of output price, input prices, and fixed 

inputs. We also include dummy variables representing the effects of seasonal factors as shifter 
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variables in the frontier. The fixed inputs are included because this is a short-term5 profit 

function. The dependent variable (short-term profit) is calculated as the difference between 

revenue from paddy and total variable costs, including expenditure on seed, fertilizer, and 

labor. The output price is the paddy price sold at harvest. The input prices include seed price, 

fertilizer price6, and labor price. Land and capital are fixed inputs. Land is the total cultivated-

rice area measured in hectares. Capital is measured as total expenditure on land preparation, 

seeding, chemicals (herbicides, pesticides, and other chemicals), irrigation, and harvesting. We 

treated these inputs as fixed inputs because price data is unavailable for chemical and irrigation 

inputs (Kumbhakar 2001), but more importantly, seeding, land preparation, and harvesting 

prices do not vary much across farms or cropping seasons. 

 
5 The profit maximization of farm in the long term will be driven to zero. 

6 Farmers used many kinds of fertilizers such as Ure, NPK 16-16-8, NPK 20-20-15, NPK 25-25-5, and DAP. Therefore, the price of fertilizer 

was calculated as a weighted average price, using the formula: P =  ∑𝑃𝑖𝑄𝑖/∑𝑄𝑖. 
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Table 5.1 Descriptive statistics of variables used in the Probit selection and SF models 

Variable Unit 

Full sample  Matched sample 

Pooled  Adopter  Non-adopter  Pooled  Adopter  Non-adopter 

Mean S.D.  Mean S.D.  Mean†  S.D.  Mean S.D.  Mean S.D.  Mean†  S.D. 

Farm and farmer characteristics                   

Age Years 48.56 11.90  48.44 12.45  48.66  11.47  48.98 11.74  49.17 12.21  48.86  11.45 

Education Years 6.22 3.31  6.35 3.46  6.12  3.19  6.14 3.26  6.05 3.41  6.20  3.17 

Experience Years 26.86 12.13  27.17 12.62  26.62  11.75  27.16 12.04  27.62 12.45  26.88  11.78 

Gender (0,1) 0.96 0.19  0.96 0.20  0.96  0.19  0.96 0.19  0.96 0.20  0.96  0.19 

Farm size Ha 2.36 2.11  2.11 1.95  2.56 *** 2.20  2.33 2.00  2.08 1.89  2.48 *** 2.05 

Rice plots No. 2.40 1.62  2.42 1.64  2.38  1.60  2.24 1.48  2.21 1.52  2.26  1.45 

Contract farming (0,1) 0.11 0.32  0.21 0.41  0.03 *** 0.18  0.09 0.28  0.17 0.38  0.03 *** 0.18 

DAG (An Giang) (0,1) 0.42 0.49  0.26 0.44  0.54  0.50  0.44 0.50  0.32 0.47  0.52 *** 0.50 

DCT (Can Tho) (0,1) 0.33 0.47  0.23 0.42  0.41 *** 0.49  0.37 0.48  0.29 0.45  0.43 *** 0.50 

DS2 (Season 2) (0,1) 0.36 0.48  0.35 0.48  0.37  0.48  0.36 0.48  0.33 0.47  0.37  0.48 

DS3 (Season 3) (0,1) 0.27 0.44  0.17 0.38  0.34 *** 0.48  0.28 0.45  0.18 0.39  0.34 *** 0.47 

Profit, prices, and fixed inputs                   

Variable profita US$ 2,537.3 2,748.1  2,284.6 2,654.2  2,730.1 ** 443.54  2,532.5 2,591.5  2,338.0 2,411.2  2,651.4 * 2,691.1 

Paddy price US$/kg 0.22 0.03  0.23 0.02  0.21 *** 0.02  0.22 0.03  0.23 0.03  0.21 *** 0.02 

Seed price US$/kg 0.45 0.14  0.52 0.14  0.39 *** 0.11  0.44 0.13  0.52 0.13  0.39 *** 0.11 

Fertilizer price US$/kg 0.41 0.06  0.44 0.06  0.40 *** 0.05  0.41 0.06  0.43 0.06  0.40 *** 0.05 

Labor price US$/day 5.97 1.61  6.03 1.18  5.92  1.87  5.97 1.68  5.98 1.28  5.96  1.88 

Land Ha 2.36 2.11  2.11 1.95  2.56 *** 2.20  2.33 2.00  2.08 1.89  2.48 *** 2.05 

Capital US$ 1,077.7 1,010.6  979.6 956.9  1,152.6 *** 1,044.4  1,065.1 980.5  990.1 986.7  1,111.0 * 974.7 

N  957   414   543    841   319   522   
†***, **, and * denote means significantly differ from the adopter group at the 1%, 5%, and 10% significance levels, respectively. 
a Variable profit = Revenue – Variable cost, and exchange rate: US$1 = ~22,700 VND in 2016–2017 
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5.3.3 Empirical models 

First, we implement the PSM method to identify a comparable adopter and non-adopter group 

for the efficiency analysis. The Probit model is used to estimate propensity scores, and the 

matching criteria used is the nearest neighbor with a caliper of 0.005 and common support area. 

The sample selection model indicates that HQRV adoption can be explained as a function of 

farmer, farm, geographical, and seasonal characteristics, expressed as:  

(5.16)     𝐷𝑖 = 1 [∑𝛼𝑛𝑍𝑛𝑖 + 𝑤𝑖

11

𝑛=1

> 0] 

where: 𝑖 denotes farm; D is a binary variable which equals to 1 for adopters and 0 for non-

adopters; Z is a vector of explanatory variables for farmers’ adoption decisions, including age, 

educational levels, rice farming experience, gender, farm size, number of rice plots, contract 

farming, and regional (DAG and DCT) and seasonal (DS2 and DS3) dummies; 𝛼 is a vector of 

unknown parameters to be estimated; and 𝑤 is the disturbance term distributed as 𝑁(0,1).  

The matching procedure yielded 841 matched observations, including 319 for adopters 

and 522 for non-adopters, using the ‘psmatch2’ package (Leuven and Sianesi 2003) in Stata 16 

software. A comparison of means for these variables is taken before and after the matching 

process. Table 5.1 shows no significant differences in the mean values of explanatory variables 

between adopters and non-adopters before or after the matching process, except for a dummy 

variable (DAG) after the matching process. 

Once the sample is matched, we estimate SF models with correction for sample selection 

arising from unobservable factors. As mentioned in equation (5.1), this model combines a 

sample selection (Probit) model and a stochastic profit frontier function model. These two 

empirical models, equations (5.16) and (5.17), are simultaneously estimated using NLogit 6. 

The Cobb-Douglas (CD) production function (Cobb and Douglas 1928) and the flexible 
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translog functional production function (Christensen et al. 1971) have been widely used in 

empirical studies to represent the stochastic profit frontier function. However, we used CD 

functional form instead of translog functional form because it did not fit our data set properly. 

The CD stochastic profit frontier function of rice farmers is expressed as: 

(5.17)  ln 𝜋𝑗𝑖 = 𝛼0 +∑𝛽𝑘𝑗

3

𝑘=1

ln 𝑃𝑘𝑗𝑖 +∑𝛾ℎ𝑗

2

ℎ=1

ln 𝐹ℎ𝑗𝑖 +∑𝛿𝑙𝑗

2

𝑙=1

𝑆𝑙𝑗𝑖 + 𝑣𝑗𝑖 − 𝑢𝑗𝑖 , iff 𝐷𝑖 = 1 

where 𝑖 denotes farm, 𝑗 denotes group, 𝜋 is the variable profit of rice farming normalized by 

paddy price. 𝑃𝑘 is the price of the 𝑘th input (seed, fertilizer, and labor) normalized by paddy 

price, 𝐹ℎ is the ℎth fixed inputs, including Land and Capital. 𝑆𝑙 represents the seasonal 

dummies. 𝛼, 𝛽, 𝛾, 𝑎𝑛𝑑 𝛿 are unknown parameters to be estimated. 𝑣𝑗𝑖 is random noise and 

assumed to be identically independently distributed (iid) with zero mean and variance 

𝜎𝑣
2 (𝑣𝑖𝑡 ~ 𝑁(0, 𝜎𝑣

2)). 𝑢𝑗𝑖 is a non-negative random variable accounting for the profit 

inefficiency effect, which is assumed to be iid with zero mean and variance 

𝜎𝑢
2 (𝑢𝑖𝑡 ~ 𝑁

+(0, 𝜎𝑢
2)).  

The specification of PE determinants for each group is expressed as:  

(5.18)     𝑀𝑃𝐸𝑗𝑖 = 𝜓
′𝑍𝑗𝑖 + 𝜉𝑗𝑖 

MPE is a meta profit efficiency score after correction for sample selection biases and the 

technology gap obtained in equation (5.14). Z is a vector of efficiency explanatory variables, 

including education, experience, gender, household size, farm size, land ownership, field 

training, rice field distance, alkaline soil, salinity soil, rice diseases, natural disasters, two 

dummy variables to capture the effects of geographical factors, and two dummy variables to 

capture the effects of seasonal factors. These explanatory variables are used to examine the 

relationship between the variables and PE for each group. We also run equation (5.18) using 
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pooled MPE and include a dummy variable for HQRVs to examine the effect of HQRV 

adoption on PE performance. 

 

5.3.4 Estimation procedure 

The empirical results are obtained by implementing several steps using Stata 16 and NLogit 6 

software to generate a set of alternative efficiency estimates for comparison.  

1. Estimate the pooled SF model (Pooled model) using the full sample and including 

the DHQRV dummy as a regressor to capture the effect of HQRV technology. 

2. Estimate separate SF models for the adopter and non-adopter groups using the full 

subsamples without correction for selection bias from unobservable factors. 

3. Estimate separate SF models for the adopter and non-adopter groups using the full 

subsamples and correcting for selection bias from unobservable variables.  

4. Implement the PSM using the full sample and identify the matched sample.  

5. Estimate the pooled SF model (Pooled model) using the matched sample and include 

the DHQRV dummy as a regressor to capture the effect of HQRV technology. 

6. Estimate separate SF models for the adopter and non-adopter groups using the 

matched adopter subsample without correction for selection bias from unobservable 

factors. 

7. Estimate separate SF models for the adopter and non-adopter groups using the 

matched subsamples and correcting for selection bias from unobserved variables.  

8. Estimate the SMF models using the full and matched sample with predicted 

dependent variables obtained from steps 3 and 7, respectively.  

9. Compute meta-PE scores for adopters and non-adopters using equation (5.14) with 

the full and matched samples, respectively.  
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10. Estimate PE determinants using matched sample correcting for sample selection 

biases and the technology gap for each group and pooled models. 

 

5.4 Results and discussion 

5.4.1 Determinants of HQRV adoption  

Table 5.2 presents the parameter estimates of Probit selection models for HQRV, using the full 

and matched data set. The pseudo R2 values for the full and matched models are 0.258 and 

0.184, respectively, which were associated with the significant values of 𝜒2 indicating that the 

explanatory variables included in the Probit selection models explain about 25.8% and 18.4% 

of the change of probability of being an HQRV adopter, respectively. The signs and 

significance levels of parameter estimates for the two models are highly consistent, except for 

the magnitudes of coefficients; hence, we will use the matched sample results. Farm size, rice 

plots, contract farming, and geographical and seasonal factors have significant effects on the 

adoption of HQRV. HQRVs are more likely to be used in the main growing season than seasons 

2 and 3. The number of rice plots also had a negative effect on adoption. Producers in the An 

Giang and Can Tho provinces are less likely to adopt HQRVs than those in the Bac Lieu 

province. Farm size and farming contract promote HQRV adoption. In particular, the 

coefficient for the farm size variable is significant at the 5% level, implying that a larger rice 

area is associated with a higher probability of HQRV adopters. Similar evidence was reported 

by Villano et al. (2015) for the Philippines.  
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Table 5.2 Parameter estimates of the Probit selection models 

Variable 
Full sample  Matched sample 

Coef.† S.E.  Coef.† S.E. 

Constant 1.240 *** 0.419  0.969 ** 0.437 

Age 0.006  0.009  0.008      0.009 

Education  –0.011  0.015  –0.023      0.016 

Experience –0.002  0.008  –0.004      0.009 

Gender 0.188  0.251  0.230      0.267 

Farm size 0.068 * 0.027  0.072 **   0.031 

Rice plots –0.138 *** 0.036  –0.156 ***  0.041 

Contract farming 0.631 *** 0.176  0.616 ***  0.189 

DAG –1.879 *** 0.148  –1.558 ***  0.159 

DCT –1.783 *** 0.148  –1.497 ***  0.158 

DS2 –0.345 *** 0.108  –0.428 ***  0.113 

DS3 –0.498 *** 0.116  –0.529 ***  0.120 

Model properties        

Log-likelihood (log𝐿) –485.88    –455.33   

𝜒2 337.49 ***   205.73 ***  

Pseudo 𝑅2 0.258    0.184   

N 957      841   

†***, ** and * denote significance at the 1%, 5% and 10% levels, respectively. 

 

5.4.2 Stochastic profit frontier estimates 

The maximum-likelihood estimates for the conventional and selection-corrected SF models 

using the full and matched samples are presented in Tables 5.3 and 5.4, respectively. We 

imposed linear homogeneity in the price property of the profit function by normalizing variable 

profit and input prices by output price. Given the CD functional form used, the coefficients can 

be interpreted as partial elasticities of variable profit with respect to input prices and fixed 

inputs. As expected, all estimates for input prices are negative and significant, except for the 

seed price coefficient in the non-adopter models. The estimate for the land variable is also 
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positive and significant, while the estimate for the capital variable is not. The coefficients for 

the two-season dummies are negative and significant in all models, implying that the variable 

profit tends to be lower outside the main growing season (in S2 and S3). The parameter estimate 

for the DHQRV dummy variable in the pooled models is negative and significant, implying 

that HQRV adopters exhibit lower profit than non-adopters.   
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Table 5.3 Parameter estimates of conventional and sample selection SF models using full sample data 

Variable 

Conventional SF model   Sample selection SF model 

Pooled   Adopter   Non-adopter   Adopter   Non-adopter 

Coef. † S.E.  Coef. † S.E.  Coef. † S.E.  Coef. † S.E.  Coef. † S.E. 

Constant 9.554 *** 0.350  9.538 *** 0.590  9.994 *** 0.430  10.226 *** 0.513  10.017 *** 0.501 

lnPseed –0.099 *** 0.033  –0.124 ** 0.057  –0.029  0.042  –0.107 * 0.060  –0.030  0.053 

lnPfertilizer –0.401 *** 0.069  –0.448 *** 0.106  –0.347 *** 0.081  –0.186 * 0.109  –0.355 *** 0.094 

lnPlabor –0.167 *** 0.037  –0.222 *** 0.074  –0.182 *** 0.039  –0.351 *** 0.074  –0.182 *** 0.044 

lnLand 0.972 *** 0.049  0.926 *** 0.080  1.080 *** 0.063  0.985 *** 0.066  1.085 *** 0.076 

lnCapital 0.042  0.048  0.083  0.077  –0.055  0.062  –0.001  0.057  –0.060  0.075 

DS2 –0.276 *** 0.022  –0.327 *** 0.035  –0.196 *** 0.027  –0.363 *** 0.038  –0.190 *** 0.038 

DS3 –0.297 *** 0.025  –0.370 *** 0.042  –0.215 *** 0.026  –0.433 *** 0.048  –0.208 *** 0.038 

DHQRV –0.062 *** 0.020  –    –    –    –   

Model properties                   

Lambda (𝜆) 6.081 *** 0.020  8.190 *** 0.036  4.141 *** 0.024  6.414  –  4.149  – 

Sigma_u 0.609 *** 0.017  0.753 *** 0.030  0.443 *** 0.018  0.734 *** 0.014  0.444 *** 0.010 

Sigma_v 0.100 *** 0.008  0.092 *** 0.014  0.107 *** 0.010  0.115 *** 0.018  0.107 *** 0.010 

Rho(w,v) –    –    –    0.998 *** 0.005  0.150  0.386 

Probit log𝐿 –    –    –    –263.08    –222.80   

Total log𝐿 –333.43    –218.00    –53.57    –476.27    –276.23   

SF log𝐿 –333.43    –218.00    –53.57    –213.19    –53.43   

LR test 123.72 ***           9.63 ***   0.28   

N 957    414    543    414    543   

†***, ** and * denote significance at the 1%, 5% and 10% levels, respectively. SF log-likelihood (log𝐿) = Total log𝐿 – Probit log𝐿    
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Table 5.4 Parameter estimates of conventional and sample selection SF models using matched sample data 

Variable 

Conventional SF model   Sample selection SF model 

Pooled   Adopter   Non-adopter   Adopter   Non-adopter 

Coef. † S.E.  Coef. † S.E.  Coef. † S.E.  Coef. † S.E.  Coef. † S.E. 

Constant 9.596 *** 0.359  9.741 *** 0.663  9.905 *** 0.430  10.222 ***  0.767  9.931 *** 0.496 

lnPseed –0.084 ** 0.034  –0.126 * 0.066  –0.017  0.043  –0.120 *    0.072  –0.020     0.054 

lnPfertilizer –0.364 *** 0.071  –0.398 *** 0.118  –0.328 *** 0.083  –0.257 **   0.106  –0.338 *** 0.095 

lnPlabor –0.162 *** 0.037  –0.230 *** 0.081  –0.170 *** 0.040  –0.279 ***  0.092  –0.170 *** 0.046 

lnLand 1.003 *** 0.051  0.970 *** 0.091  1.081 *** 0.062  1.041 ***  0.099  1.088 *** 0.076 

lnCapital 0.022  0.049  0.048  0.086  –0.049  0.062  –0.034      0.096  –0.056     0.075 

DS2 –0.267 *** 0.023  –0.335 *** 0.040  –0.204 *** 0.027  –0.381 ***  0.046  –0.195 *** 0.040 

DS3 –0.279 *** 0.025  –0.359 *** 0.045  –0.216 *** 0.026  –0.430 ***  0.052  –0.206 *** 0.040 

DHQRV –0.040 * 0.021  –    –    –    –   

Model properties                   

Lambda (𝜆) 5.514 *** 0.021  6.905 *** 0.039  4.277 *** 0.024  4.654  –  4.264  – 

Sigma_u 0.555 *** 0.017  0.677 *** 0.032  0.445 *** 0.018  0.665 ***  0.016  0.446 *** 0.010 

Sigma_v 0.101 *** 0.009  0.098 *** 0.016  0.104 *** 0.010  0.143 ***  0.028  0.105 *** 0.010 

Rho(w,v) –    –    –    0.975 ***  0.142  0.262  0.500 

Probit log𝐿 –    –    –    –252.60    –202.72   

Total log𝐿 –227.43    –140.00    –49.43    –388.74    –251.86   

SF log𝐿 –227.43    –140.00    –49.43    –136.13    –49.13   

LR test 76.01 ***           7.74 ***   0.59   

N 841       319       522       319       522     

†***, ** and * denote significance at the 1%, 5% and 10% levels, respectively. SF log-likelihood (log𝐿) = Total log𝐿 – Probit log𝐿  
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We tested several hypotheses to select appropriate models. First, we examined whether 

rice variety technology differs between HQRV and conventional variety groups. In doing so, 

we estimated a pooled model using the full and matched samples and included a binary 

variable, DHQRV, to capture potential technology differences between the two groups. Next, 

we estimated two conventional separate group SF models using the full and matched 

subsamples for each group. We used a generalized LR test to test the null hypothesis that there 

is no difference in technology between two rice variety groups. The estimated generalized LR 

test for estimating separate SF models is: 

(5.19)     LR = −2 ∗ (log𝐿P − (log𝐿A + log𝐿N)) 

where log𝐿P, log𝐿A, and log𝐿N represent the log-likelihood function values obtained from the 

pooled model, and the adopter and non-adopter subsamples (restricted models), respectively 

(Greene 2007; Bravo-Ureta et al. 2012). The parameter estimates of DHQRV variables of 

pooled models and the generalized LR tests, in both cases (full and matched samples), 

significantly differ from zero, confirming that rice variety technology differs between the two 

groups. This suggests that the parameters of the stochastic profit frontier function for each 

group should be estimated separately.  

Second, we tested the null hypothesis that there is no self-selection bias arising from 

unobservable factors. To do so, we ran two different sample selection SF models for adopters 

and non-adopters and implemented the LR test again two separate conventional SF models, 

which do not consider self-selection bias. Since two separate conventional SF models were 

estimated using a maximum-likelihood estimation technique, we used the MLE method to 

estimate sample selection SF models to obtain an accurate LR test result. The estimated LR 

test for sample selection SF models is: 
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(5.20)     LR = −2 ∗ (log𝐿C − log𝐿B) 

where log𝐿C and log𝐿B represent the log-likelihood function values obtained from 

conventional and sample selection SF models, respectively. The LR test results (Tables 5.3 and 

5.4) rejected the null hypothesis for the adopter group at the 1% significance level but not for 

the non-adopter group (full and matched subsamples). The correlation coefficient rho(w, v) is 

positive and significant in the adopter SF model but not in the non-adopter SF model, 

confirming that self-selection bias is important only in the HQRV adopter group. This result is 

consistent with Rahman et al. (2009) and Villano et al. (2015), who also found selection bias 

among rice farmers in Thailand and the Philippines, respectively. Thus, the use of sample 

selection SF models is needed to correct for selection bias stemming from unobserved factors.  

As mentioned above, we found evidence for technology differences between the two rice 

variety groups. Therefore, we estimate using metafrontiers for the full and matched samples to 

control the technology gap and directly compare the PE between the two groups. To do so, we 

predict variable profits (linear prediction) using parameter estimates obtained from the sample 

selection SF models for each farmer in each group and then pooled these predicted values as a 

new dependent variable to estimate the metafrontiers. The parameter estimates of the SMF 

models using the full and matched samples are presented in Table 5.5. As expected, all 

coefficients for input prices, fixed inputs (except for the sign for capital variable), and season 

dummy variables are significant at the 1% level and consistent across models. The parameter 

estimates of Sigma_u and lambda (𝜆) differ significantly from zero at the 1% level, confirming 

statistical evidence for the technology gap between various groups. 
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Table 5.5 Parameter estimates of stochastic metafrontier models 

Variable 
Full sample  Matched sample 

Coef. † Std. Err.  Coef. † Std. Err. 

Constant 10.079 *** 0.047  10.007 *** 0.042 

lnPseed –0.067 *** 0.005  –0.069 *** 0.005 

lnPfertilizer –0.338 *** 0.009  –0.332 *** 0.007 

lnPlabor –0.209 *** 0.005  –0.180 *** 0.005 

lnLand 1.046 *** 0.007  1.068 *** 0.006 

lnCapital –0.035 *** 0.006  –0.043 *** 0.006 

DS2 –0.268 *** 0.005  –0.261 *** 0.005 

DS3 –0.285 *** 0.005  –0.273 *** 0.005 

Model properties        

Lambda (𝜆) 7.316 *** 0.004  11.906 *** 0.003 

Sigma_u 0.097 *** 0.003  0.096 *** 0.003 

Sigma_v 0.013 *** 0.002  0.008 *** 0.001 

Log-likelihood 1433.31    1,307.76   

N 957    841   

†***, ** and * denote significance at the 1%, 5% and 10% levels, respectively. 

 

5.4.3 Impact of HQRV on profitability and profit efficiency 

Table 5.6 summarizes the PE, TGR, and MPE scores obtained from the estimated models 

reported in Tables 5.3, 5.4, and 5.5. Before assessing the impact of HQRV adoption on PE, we 

recall how self-selection biases and the technology gap were considered across models: (i) PE 

scores from conventional (pooled and group-specific SF) models (rows 1 & 2) using the full 

(sub)samples were not corrected any biases, (ii) PE scores predicted from these models using 

matched (sub)samples (6 & 7) were only corrected for observable self-selection bias, (iii) PE 

scores obtained from the sample selection SF models (3) using the full subsamples were only 

corrected for unobservable self-selection bias, (iv) the results from these models using matched 

subsamples (8) were corrected for both observable and unobservable self-selection biases, (v) 
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MPE scores computed from the combined metafrontiers and sample selection SF models using 

the full (sub)samples (5) were adjusted by the TGR (4) and only corrected for unobservable 

self-selection bias, and (vi) MPE scores derived from models (10) using matched (sub)samples 

were corrected for the TGR (9) and both observable and unobservable selection biases. 

 

Table 5.6 Profit efficiency levels and differences across models 

Model 
Adopter   Non-adopter   Difference in mean  

Mean S.D.   Mean S.D.   Mean (%)† 

Full sample (N) (414)   (543)     

1 Pooled PE 0.67 0.21  0.70 0.15  –0.03 (–4.55%) *** 

2 Conventional PE 0.65 0.20  0.74 0.15  –0.10 (–12.89%) *** 

3 Sample selection PE 0.67 0.20  0.75 0.15  –0.08 (–11.05%) *** 

4 TGR 0.90 0.06  0.95 0.04  –0.05 (–5.52%) *** 

5 MPE 0.60 0.19  0.71 0.14  –0.11 (–15.68%) *** 

Matched sample (N) (319)   (522)     

6 Pooled PE 0.69 0.20  0.72 0.15  –0.03 (–4.06%) ** 

7 Conventional PE 0.67 0.19  0.75 0.15  –0.08 (–10.64%) *** 

8 Sample selection PE 0.68 0.19  0.75 0.15  –0.07 (–9.50%) *** 

9 TGR 0.89 0.06  0.96 0.03  –0.07 (–6.87%) *** 

10 MPE 0.61 0.17  0.72 0.14  –0.11 (–15.36%) *** 

†Percentages for PE difference between adopters and non-adopters were tested using the simple 

t-test for the null hypothesis that the PE means do not differ between the two groups. ***, ** 

and * denote significance at the 1%, 5% and 10% level, respectively. MPE = TGR × Sample 

selection PE. 

 

The results reveal that although self-selection biases cannot be rejected (Tables 5.3 and 

5.4), their impact on the estimated PE scores are minor in this study. Specifically, mean PE 

scores for the adopter and non-adopter groups without correcting for any biases are 0.65 and 

0.74, respectively, and 0.68 and 0.75 after correcting for both observable and unobservable 

selection biases, respectively. A plausible explanation for this is provided by González-Flores 
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et al. (2014): the rigorous process of data collection and constructing the control group 

mitigated the presence of observable and unobservable selection biases. In contrast, we find 

statistical evidence in favor of the technology gap between the two rice variety groups, which 

contributes to the differences in PE. The mean TGR for adopters (0.89) is significantly lower 

than that for non-adopters (0.96). 

 

 

Figure 5.1 Density distribution of PE for adopters and non-adopters after bias correction 

 

Thus, the mean MPE for adopters and non-adopters after correction for selection biases 

arising from observable and unobservable factors and adjusted for TGR are 0.61 and 0.72, 

respectively. This means that HQRV adopters, on average, exhibit 15.36% lower PE than non-

adopters. We also did a t-test for the null hypothesis that mean PE scores do not differ between 

adopters and non-adopters. The results of the t-test rejected the null hypothesis for all models. 

This difference is also illustrated in Figure 5.1, which presents the PE distribution scores for 

the two groups for the model (10). The distribution for the adopter group is more dispersed to 

the lower value range, indicating an overall lower PE performance than the non-adopter group, 
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suggesting that there is statistical evidence supporting the negative impact of HQRVs on 

farmers’ PE operations.  

 

Table 5.7 Predicted frontier profit and profit loss after bias correction (US$/ha) 

Variable 
Adopter   Non-adopter   Difference in mean 

Mean S.D.   Mean S.D.   Mean (%)†   

Observed variable profit  1,085 463  982 363  103 (10.49%) *** 

Frontier variable profit  1,741 474  1,358 404  382 (28.12%) *** 

Variable profit loss  655 272  376 192  279 (74.20%) *** 

N 319   522      

†Number in parentheses is the percentage mean difference between the adopter group and non-

adopter group. The t-statistic was used to test the null hypothesis the means of variables do not 

differ between adopter and non-adopter groups. ***, ** and * denote significance at the 1%, 

5% and 10% level, respectively. Frontier variable profit (US$/ha) = (observed variable profit / 

MPE) / planted area. 

 

To assess the impact of HQRVs on actual (observed) and maximum possible (frontier) 

variable profits, we predicted the frontier variable profit using overall PE scores from the model 

correcting for sample selection biases stemming from observable and unobservable 

heterogeneity and technology gaps (Table 5.7). 

The observed variable profit of HQRV adopters, on average, is $1,085/ha, 10.49% higher 

than the $982/ha for non-adopters. Without inefficiency, the predicted profit for HQRV 

adopters is $1,741/ha and 28.12% higher than the predicted $1,358/ha for non-adopters. The 

relative difference between predicted profits is then the difference between actual profits due 

to the much lower PE for adopters. We also did a t-test with the null hypothesis that the mean 

values of observed and frontier variable profits do not differ between adoption and non-

adoption groups; the t-test results rejected all null hypotheses at the 1% significance level, 

confirming that HQRVs have significantly higher (actual and frontier) profits than 

conventional varieties. 
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5.4.4 Determinants of profit efficiency 

Table 5.8 Parameter estimates of PE determinant models 

Variable 
Meta_Pooled   Meta_Adopter   Meta_Non-adopter 

Coef. † S.E.   Coef. † S.E.   Coef. † S.E. 

Constant 0.632 *** 0.033  0.630 *** 0.060  0.524 *** 0.040 

Education 0.000  0.005  0.003  0.007  –0.005  0.006 

Experience 0.005  0.005  0.011  0.007  0.002  0.006 

Gender 0.089 *** 0.023  0.107 *** 0.037  0.081 *** 0.028 

Household size 0.004  0.005  0.009  0.007  0.003  0.006 

Farm size 0.009 * 0.005  0.006  0.009  0.010  0.006 

Ownership 0.010 ** 0.005  0.014 * 0.008  0.006  0.005 

Training 0.003  0.004  0.012  0.008  –0.006  0.005 

Distance –0.006  0.004  –0.005  0.007  –0.009 * 0.005 

Alkaline soil –0.059 *** 0.020  –0.091 * 0.048  –0.059 *** 0.021 

Salinity soil –0.071 *** 0.027  –0.111 *** 0.030  0.032  0.054 

Rice disease –0.014 *** 0.005  –0.032 *** 0.007  –0.003  0.005 

Natural disaster –0.093 *** 0.005  –0.096 *** 0.007  –0.094 *** 0.006 

DAG –0.030  0.023  –0.088 * 0.048  0.047 * 0.028 

DCT 0.016  0.023  –0.065  0.050  0.082 *** 0.028 

DS2 0.018 * 0.011  –0.084 *** 0.016  0.083 *** 0.013 

DS3 0.008  0.012  –0.074 *** 0.022  0.070 *** 0.014 

DHQRV –0.087 *** 0.010  –    –   

Log-likelihood 554.12    217.50    396.96   

LR 𝜒2 464.05 ***   224.38 ***   253.18 ***  

Pseudo 𝑅2 –0.720    –1.065    –0.468   

N 841       319       522     

† ***, ** and * denote significance at the 1%, 5% and 10% level, respectively. 

 

The results from the Tobit model for identifying determinants of PE are given in Table 5.8. 

The efficiency measure used as the dependent variable is the MPE obtained from metafrontier 

models using matched sample data (i.e., corrected for sample selection biases and technology 
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gap), with farm and farmer characteristics included as explanatory variables. The Meta_Pooled 

model used pooled data and included a DHQRV dummy variable to capture the effect of rice 

variety, while the Meta_Adopter and Meta_Non-adopter models used subgroup data for each 

group. The results show that the coefficient of DHQRV variable in the Meta_Pooled model is 

negative and significant at the 1% level, implying that HQRV adopters operate less efficiently 

than non-adopters. We find that gender and land ownership positively impact PE for HQRV 

adopters, while soil quality (salinity and alkalinity), rice diseases, natural disasters, and 

seasonal factors significantly reduce PE. For non-adopters (farmers using traditional rice 

varieties), seasonal and geographical factors significantly increase PE, while natural disasters, 

alkaline soil, and distance significantly decrease PE. 

 

5.5 Conclusions and policy implications 

This study assesses the impact of HQRVs on rice farmers’ profit and PE performance and 

examines the determinants of PE and HQRV adoption decisions. To accomplish the research 

objectives, we combine the PSM method and stochastic profit frontier framework to address 

self-selection biases stemming from observable and unobservable factors and the technology 

gap. We first use the PSM method to find a comparable non-adopter group, with characteristics 

similar to the adopter group, to mitigate the effect of selection bias associated with observed 

variables. The sample selection SF model introduced by Greene (2010) is then used to mitigate 

the self-selection bias arising from unobserved factors. We then use the SMF approach 

proposed by Huang et al. (2014) to control for the technology gap and allow a direct 

comparison of PE between adopter and non-adopter groups. Finally, a Tobit model is used to 

investigate the effects of farm and farmer characteristics on PE.  
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The estimates of SF models show that the presence of self-selection biases and the 

technology gap cannot be rejected in this study. A comparison of profit and PE between HQRV 

adopters and non-adopters reveals that the mean observed variable profit for HQRV adopters 

is $1,086/ha, or about 10.49% higher than that for non-adopters ($983/ha). In contrast, the 

mean PE values for adopters (0.61) is lower than that for non-adopters (0.72), which implies 

that the maximum variable profit of HQRVs, on average, is $1,741/ha, or about 28.13% higher 

than that of traditional varieties ($1,359/ha). This result is consistent with the findings of 

González-Flores et al. (2014), who found that the Plataformas program has a positive and 

significant effect on improving yield, but reduced technical efficiency in the short-term. 

We find that gender and land ownership increase PE, while soil quality (salinity and 

alkalinity), rice diseases, natural disasters, and geographical and seasonal factors reduce the 

efficiency of HQRV farmers. The Probit selection model results indicate that farm size, rice 

plots (land fragmentation), contract farming, and geographical and seasonal factors 

significantly affect farmers’ decisions to adopt HQRVs. Farm size and contract farming have 

a positive and significant relationship with HQRV adoption, whereas land fragmentation and 

geographical and seasonal factors constrain the adoption of HQRVs.  

In conclusion, the realized profit of HQRVs is only 10.49% higher than conventional 

varieties, and mainly due to profit inefficiency performance. This research suggests that if 

profit inefficiency were eliminated, the potential profitability of HQRVs would be more 

attractive, with 28.13% higher profits than traditional varieties. To achieve this goal, we 

recommend two policy measures that target improving inefficiency operation and promoting 

HQRV adoption. First, to improve PE performance, promoting land ownership would be a 

sound solution to reduce inefficiency performance because rice farmers will pay invest more 

inputs into improving production. In addition, training programs aimed at soil quality 

improvement, detecting and treating rice diseases, and natural disasters would be useful for 
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rice farmers to enhance their production skills and efficiency operation. To speed up the 

adoption of HQRVs, policies should focus on increasing farm size and farming contracts and 

reducing land fragmentation. Moreover, HQRVs should be developed that are better adapted 

to adverse production conditions, such as during seasons 2 and 3 and drought-, salinity- and 

alkaline-prone areas. 
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6.1 Introduction 

Rice farming is the main livelihood for Vietnamese rice farmers. However, rice farming 

incomes remain low, which is partly due to the inefficient use or allocation of production 

resources. This thesis aimed to identify solutions to increase rice farmer incomes by studying 

technical and profit efficiencies and rice variety choice. Specifically, we addressed four 

research objectives. First, we statistically synthesized mean technical efficiency (MTE) 

estimates in rice farming worldwide using a meta-regression analysis (MRA) approach to 

produce an overall picture of technical efficiency (TE) performance in global rice farming and 

quantify the effects of study characteristics (e.g., estimation methods, functional form, and 

data), heteroscedasticity, and publication bias on MTE estimates. Second, we estimated 

transient and persistent TE and inefficiency determinants by combining a generalized true 

random-effects (GTRE) model with fractional regression models (FRMs). The estimates from 

the GTRE model were compared with those from the restricted models nested within it and we 

used a Bayesian estimation method to reinforce the robustness of our estimates. Third, we 

estimated profit efficiency (PE) and inefficiency determinants in rice farming using a Bayesian 

TRE model. We also analyzed the sensitivity of PE estimates to farm heterogeneity (pooled vs. 

TRE models), functional forms [Cobb-Douglas (CD) vs. Translog (TL)], inefficiency 

distributions (half normal, exponential, and truncated normal), and estimation methods 

(maximum likelihood vs. Bayesian estimation methods), which have been mostly ignored in 

previous efficiency studies. Fourth, we evaluated the impact of rice variety choice on profit 

and PE by comparing profit and PE operation between high-quality rice variety (HQRV) 

adopter and non-adopter groups using a combined framework of propensity score matching 

and stochastic frontier (SF) models (sample selection SF and stochastic metafrontier models). 

Each of the four research objectives is addressed in one of four chapters (Chapters 2–5). 
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This thesis used two datasets: (1) Chapter 2 used a dataset of 253 observations from 133 

primary studies in the literature; (2) Chapters 3–5 used a primary dataset collected via a face-

to-face interview method from 356 rice farmers in the Mekong River Delta, the country’s 

largest intensified-rice area, contributing more than 50% of area and production and 90% of 

the rice export volume for Vietnam. The primary data covered three cropping seasons in the 

2016–2017 production year, which generated an unbalanced panel dataset of 957 observations. 

The empirical results show that rice farming in Vietnam involves substantial technical 

and profit inefficiencies, with a mean values of 0.71 (range 0.25–0.89) (Chapter 3) and 0.81 

(range 0.02–0.97) (Chapter 4), respectively. These findings are consistent with overall MTE 

estimates of 0.76 (range 0.54–0.96) from the literature (Chapter 2). The results also show that 

rice variety choice affects production efficiency performance and rice farming income. 

Specifically, HQRV adopters make more profit, but have a lower PE level than non-adopters, 

suggesting great potential for HQRV adopters to increase profit by eliminating profit 

inefficiency (Chapter 5). The technical and profit inefficiencies were determined by farm and 

farmer characteristics and production conditions. This thesis also highlights the importance of 

unraveling the effect of estimation method choice, heterogeneity, sample selection bias, and 

technology gaps on estimates. These findings and conclusions are summarized below. 

 

6.2 Summary of key findings and conclusions 

6.2.1 Quantifying heterogeneity, heteroscedasticity, and publication bias effects on 

technical efficiency estimates of rice farming: A meta-regression analysis (Chapter 2) 

This chapter conducted an MRA study (Stanley and Jarrell 1989, 2005) on MTE estimates 

reported in the literature for rice farming worldwide to quantify the effects of study-specific 

characteristics (e.g., estimation technique, functional form, sample size, and number of 

variables), heteroscedasticity, and publication selection bias on these estimates. We used a 
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random-effects (RE) meta-regression model (Berkey et al. 1995) with an iterative restricted 

maximum likelihood (REML) estimator (Raudenbush 2009) to estimate the MRA model. The 

robustness of model estimates was checked by comparing REML model results with those from 

alternative models [ordinary least square (OLS), Tobit, and weighted least square (WLS)]. The 

dataset comrprised 253 observations extracted from 133 empirical primary studies published 

in English.  

The results of Chapter 2 show that REML model estimates are highly consistent with 

those of OLS and Tobit but differ from the WLS model (due to treatment differences for 

between-study heterogeneity), confirming the robustness of our REML model estimates. The 

appropriateness of the RE meta-regression model was also confirmed by the 𝜏2 estimate of 

0.009, indicating the presence of between-study variance (or unexplained residual 

heterogeneity) that cannot be captured by the OLS, Tobit, and WLS models. The 𝐼2 estimate 

of 84.98% shows the importance of between-study heterogeneity for total variation in MTE 

estimates (Higgins et al. 2003) and correction for between-study heterogeneity in our MRA 

study. The 𝑅2 value is approximately 32%, implying that the included moderator variables 

explain about one-third of the between-study variation in observed MTE estimates.  

In terms of between-study heterogeneity, parametric SF approaches and secondary data 

sources produced higher MTE estimates than non-parametric deterministic data envelopment 

analysis methods and primary data sources, respectively. Panel data and TL functional forms 

produced lower MTE estimates than cross-sectional data and CD functional forms, 

respectively. We also find statistical evidence for the effect of rice production region on MTE 

estimates. Empirical studies conducted in East, South, and West Asian countries reported 

higher MTE estimates than those in Southeast Asian countries. The MTE estimates in primary 

studies for African countries were lower than those for Southeast Asian countries. The results 
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also reveal that MTE estimates tend to decline over time. Furthermore, our research finds no 

evidence of publication bias.  

A comparison analysis of observed and estimated MTE scores showed no difference in 

mean values (both 0.76) after correcting for between-study heterogeneity. However, the range 

in variation significantly differed, with a wider variation for observed scores (0.23–1.00) than 

estimated scores ignoring study RE (0.54–0.96). This reveals a remarkable effect of study-

specific characteristics on MTE estimates reported in the literature.  

 

6.2.2 Transient and persistent technical efficiency in rice farming: A generalized true 

random-effects model approach (Chapter 3) 

This chapter used the survey data to estimate the transient and persistent TE of rice farming in 

Vietnam’s MRD using the GTRE model approach proposed by Filippini and Greene (2016). 

The model was estimated using maximum simulated likelihood estimation (MSLE) and 

Bayesian methods to check the robustness of parameter estimates. Models that are nested in 

the GTRE model (Pooled, RE, and TRE) were also estimated and compared. FRMs were used 

to investigate transient and persistent TE determinants.  

The parameter estimates of the SF models show that the GTRE model is more appropriate 

than the restricted versions in modeling heterogeneity in the production and inefficiency of rice 

farmers. The estimated results of the MSLE and Bayesian methods are consistent, confirming 

the robustness of the estimates. The estimated coefficients of inputs are as expected, positive 

and statistically significant. An analysis of partial output elasticities with respect to inputs 

shows that the output is inelastic with all inputs and has constant returns to scale, and most 

elastic with respect to cultivated land area. We did not find strong evidence for the impact of 

rice variety on rice output, but we found strong statistical evidence for the negative effects of 

seasonal factors on rice outputs with lower predicted outputs in seasons 2 and 3.  
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The mean overall TE of rice farming in Vietnam’s MRD is 0.71, with transient TE the 

dominant component (mean = 0.78) and persistent TE much higher than transient TE (0.91). 

This suggests that rice farmers could increase their outputs by eliminating their technical 

inefficiency, especially the transient component. The estimates of transient and persistent TE 

determinants reveal that alkaline-prone areas, flooding-prone areas, rice diseases, and natural 

disasters negatively affect transient TE, and a male head of household, rice land area, land 

ownership, and field training increase persistent TE.  

 

6.2.3 Profit efficiency and its determinants in rice farming: A Bayesian true random-

effects model approach (Chapter 4) 

This chapter used the farm-level surveyed data to estimate PE and its determinants for 

Vietnamese rice farmers using a stochastic TRE model approach (Greene 2005a, 2005b). We 

generated an unbiased and robust set of results using an SF model that allows for the effects of 

farm heterogeneity and compares results from alternative functional forms (CD vs. TL) and 

distributions of the one-sided error term (half normal, exponential, and truncated normal). First, 

we ran the Pooled and TRE models using CD and TL functional forms, with three alternative 

distributions for the inefficiency term. We then used the likelihood ratio test to select the 

preferable functional form and test for farm heterogeneity. Akaike information criterion (AIC) 

and Bayesian information criterion (BIC) values were used to compare the alternative 

distributional forms for the one-sided error term. Finally, the preferred model (translog 

functional form with truncated normal distribution for inefficiency term) was estimated using 

Bayesian methods with monotonicity constraints imposed.  

The results confirm that PE estimates are sensitive to the distributional forms of the one-

sided error term but insensitive to functional form choice, and is in line with the findings of 

Baccouche and Kouki (2003). The absence of farm heterogeneity was rejected, but it had a 
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minor effect on PE estimates. The TRE model estimated using the Bayesian method, imposing 

the monotonicity constraint, provides more plausible estimates than the traditional (MSLE) 

approach. The estimates of parameters for input prices were as expected—negative and 

statistically significant. A positive and significant relationship between profit and fixed inputs 

(land and capital) was also found. The analysis of partial profit elasticities for output and input 

prices showed that variable profit in rice farming is elastic for output price (1.68) but inelastic 

for input prices (seed: –0.17, fertilizer: –0.35, and labor: –0.17) and fixed inputs (land: 0.79 

and capital: 0.21).  

The PE analysis showed that the mean PE of rice farming in the MRD is approximately 

0.81 but varies from 0.02 to 0.97. This implies that rice farmers could increase profits 

substantially by eliminating inefficiencies. The inefficiency model estimates showed that the 

variation in profit inefficiency among rice farmers was determined by farm and farmer 

characteristics. Gender, household size, and farm size had a negative and statistically 

significant effect on profit inefficiency. Distance from home to the rice field, soil qualities 

(salinity and alkalinity-prone areas), rice disease, and natural disaster had a positive and 

statistically significant effect on profit inefficiency.  

 

6.2.4 Impact of high-quality rice variety on profit and profit efficiency: A sample selection 

stochastic frontier approach (Chapter 5) 

This chapter assessed the impact of HQRVs on rice farmers’ profit and PE performance and 

examined the determinants of PE and HQRV adoption decisions. To achieve this research 

objective, we combined the PSM method and stochastic profit frontier framework to address 

self-selection biases stemming from observable and unobservable factors and the technology 

gap using the approach of Bravo-Ureta et al. (2012) and Villano et al. (2015). We first used 

the PSM method to find a comparable non-adopter group with characteristics similar to the 
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adopter group to mitigate selection bias associated with observed variables. The sample 

selection SF model introduced by Greene (2010) was then used to mitigate the self-selection 

bias arising from unobserved factors. We then used the stochastic metafrontier approach 

proposed by Huang et al. (2014) to control the technology gap and allow a direct comparison 

of PE between adopter and non-adopter groups. Finally, a Tobit model was used to investigate 

the effects of farm and farmer characteristics on PE.  

The estimates of SF models showed that the presence of self-selection biases and the 

technology gap cannot be rejected in this study. A comparison of profit and PE between HQRV 

adopters and non-adopters revealed that the mean observed variable profit for HQRV adopters 

is $1,086/ha, or about 10.49% higher than that for non-adopters ($983/ha). In contrast, the 

mean PE values for adopters (0.61) was lower than that for non-adopters (0.72), implying that 

the maximum variable profit of HQRVs, on average, is $1,741/ha, or about 28.13% higher than 

that of traditional varieties ($1,359/ha). This result is consistent with the findings of González-

Flores et al. (2014), who found that the Plataformas program had a positive and significant 

effect on improving yield but reduced TE in the short-term. 

Gender and land ownership increase PE, while soil qualities (salinity and alkalinity-prone 

areas), rice disease, natural disaster, and geographical and seasonal factors reduce the 

efficiency of HQRV farmers. The Probit selection model results indicate that farm size, number 

of rice plots (land fragmentation), contract farming, and geographical and seasonal factors 

significantly affect farmer decisions to adopt HQRVs. Farm size and contract farming have a 

positive and significant relationship with HQRV adoption, whereas land fragmentation and 

geographical and seasonal factors constrain the adoption of HQRVs.  
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6.3 Policy implications 

The quantitative review of MTE estimates in rice farming worldwide (Chapter 2) indicates 

potential (estimated mean MTE estimate of 0.76, range 0.54–0.96) for increasing outputs for 

the global rice sector by improving production efficiency and undertaking further research and 

development to bridge managerial ability gaps in rice farming. In addition, we suggest that to 

produce robust estimation results, practitioners should carefully consider the approaches used, 

including frontier models selected and data types. Efficiency estimates can be susceptible to 

study characteristics; thus, estimation methods and models that produce consistent results 

between approaches are needed. Policymakers and other users of efficiency estimates must be 

cautious when interpreting and applying empirical results to develop policies or pursue other 

objectives. 

The distinction between short-term and long-term TE (Chapter 3) and profit efficiency 

analysis (Chapter 4) suggest that supportive policies should be targeted to address short-term 

and long-term inefficiencies, with short-term inefficiency as a priority. In the short-term, 

training and extension programs should target enhancing rice farmers’ managerial abilities and 

production skills to deal with alkaline and saline soils, rice diseases, and natural disasters. For 

instance, using lime powder to improve saline- and aluminum-contaminated soil, applying 

integrated pest management programs to control rice diseases, choosing rice varieties, and 

using fertilizers appropriately for corresponding cropping seasons to mitigate output losses due 

to rice diseases and natural disasters. In the long-term, policies should focus on increasing 

operations (area cultivated) and land ownership for rice farmers to increase persistent TE and 

profit efficiency.  

Enhancing weather forecasting and improving forecasting accuracy would be useful so 

that rice farmers have adequate and accurate information to make appropriate production 

decisions and mitigate the negative effects of natural disasters. The forecasting of input and 
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output market prices should be strengthened to provide accurate market price information. 

Linkages between producers, input suppliers, and output buyers (e.g., farming contracts) 

should be developed to guarantee that rice farmers can purchase inputs (seed, fertilizers, and 

chemicals) and sell their output (paddy, rice) at a (perfectly competitive) market price. 

Vietnam’s MRD is facing the increasing negative impacts of climate change, including 

drought, saline intrusion, aluminum contamination, and rice epidemics. Investments are needed 

in infrastructure systems, especially roads, irrigation systems, salinity prevention systems, and 

ancillary facilities, to adapt to climate change and mitigate damage.  

The impact evaluation of rice variety choice on profit and PE (Chapter 5) suggests that 

rice farmers should adopt HQRVs because they will increase rice farmer income and benefit 

more from these varieties if they improve efficiency performance. To speed up the adoption of 

HQRVs, policies should focus on increasing farm size and farming contracts and reducing land 

fragmentation. HQRVs should be developed that are better adapted to adverse production 

conditions, such as during seasons 2 and 3 and for drought-, salinity- and alkaline-prone areas. 

Focusing on improving PE performance to increase the profit gap compared to traditional 

varieties will also speed up HQRV adoption. 

The analysis of profit elasticity with input and output prices suggests that if the 

government uses price intervention or facilitates marketing opportunities to improve farm 

profits, then targeting paddy price would be a more efficient tool for designing price subsidy 

policies than using input prices (seed, fertilizer, and labor).  

 

6.4 Limitations of the dissertation and future research directions 

The work presented here makes numerous contributions to the literature on rice farming 

efficiency; however, a number of issues remain that could be promising areas for further 

research. 
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In Chapter 2, we did not consider cost and profit efficiency. An extended MRA study of 

rice farming efficiency, including cost and profit efficiency estimates, might provide further 

insight into the overall picture of rice farming efficiency. In addition, an alternative measure 

for the precision of estimated results, instead of sample size or standard deviation of efficiency 

estimates, should be investigated to better capture publication bias and improve the reliability 

of parameter estimates of meta-regression models. 

In Chapter 3, the determinants of transient and persistent TE were estimated separately 

from the SF model. Wang and Schmidt (2002) and Schmidt (2011) argued that the parameter 

estimates of the inefficiency model using the two-step estimation method are not as efficient 

as the single-step estimation method. Future studies could apply more advanced econometric 

models that include the determinants of transient and persistent inefficiency; for instance, the 

approaches of Badunenko and Kumbhakar (2017), Lai and Kumbhakar (2018), and Lien et al. 

(2018). Alternatively, one can apply recently developed SF panel data models, which can 

disentangle allocative and (transient and persistent) technical inefficiencies and include the 

determinants of allocative, transient, and persistent inefficiencies. For example, Lai and 

Kumbhakar (2019), Kumbhakar et al. (2020), and Musau et al. (2021) proposed a systems 

approach comprising the production function and first-order conditions of cost minimization. 

In Chapter 4, the PE was estimated using a single-equation approach. Alternatively, 

researchers could apply a dual systems approach (Kumbhakar 1996; Kumbhakar 2001; 

Kumbhakar and Lovell 2003) to obtain SF parameter estimates and information on elasticity 

input demand and output supply. 

In Chapter 5, PE determinants were estimated separately from the stochastic profit 

frontier models due to limitations of the methods and software available. An alternative SF 

model that simultaneously estimates efficiency and its determinants corrected for sample 

selection, for example, Sriboonchitta et al. (2017), may provide more accurate and efficient 
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estimates. Researchers could try this approach to handle this limitation. Another limitation of 

this chapter is that we only analyzed the determinants of the HQRV adoption decision. It will 

be useful for policymakers if further studies analyze factors affecting the length of HQRV 

adoption using duration analysis. This approach can simultaneously address the drawbacks of 

adoption studies that are unable to investigate the timing to adoption and the effects of time-

variant variables, and the disadvantages of diffusion studies that are unable to explain why 

some farms have adopted earlier than others (Davies 1979; Burton et al. 2003). 
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QUESTIONNAIRE FOR RICE PRODUCTION IN VIETNAM 

(Rice farming household survey, cropping season 2016/2017) 

 

Interviewer:    Date of interview:   Questionnaire code:       

 

PART I: GENERAL INFORMATION 

1. Address:            

2. Age:   3. Gender: ☐ Male    ☐ Female    

4. Education:  ☐ Primary school       ☐ Secondary school  ☐ High school        ☐ Intermediate  

☐ Undergraduate  ☐ Master        ☐ PhD 

5. Years of rice farming experience:     

6. Distance from your house to farm (km):   

 

7. Household components (person) 

≤15 years >15 - ≤30 

years 

>30 - ≤45 

years 

>45 - ≤60 

years 

>60 years Peolpe involved in 

rice farming 

      

 

8. Household’s rice land  

Total area 

(Ha) 

Number of 

plots 

Rented-in Rented-out 

Area (Ha) Value (VND/ha) Area (Ha) Value (VND/ha) 

      

 

9. Do you own any machine used in rice farming (tractor or harvester)?   ☐ Yes  ☐ No  

10. Did you access to credit for rice farming last year?    ☐ Yes  ☐ No 

11. Are you a member of farming co-operative?     ☐ Yes  ☐ No 

 

12. Is it easy to access to market information?    

☐ Too easy ☐ Easy ☐ Neutral ☐ Difficult ☐ Too difficult 
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13. Distance from your house to the nearest markets (km)?    

14. Source of market information? 

☐ TV/Radio/Internet   ☐ Newspapers/Magazine  ☐ Friends/Relatives/Neighbors 

☐ Local authorities/Cooperatives ☐ Suppliers/buyers  ☐ Other    

15. Did you participate in on-farm demonstration activities?   ☐ Yes  ☐ No  

16. Did you attend any training session related to rice production?   ☐ Yes  ☐ No 

17. Did you visit extension worker related to rice production last year?   ☐ Yes  ☐ No 

 

18. How many per cent does rice income account for in your household income (%)?   

19. Land preparation method:  ☐ Machines   ☐ Cattles   ☐ Other   

20. Seeding method:   ☐ Machines  ☐ Hands   ☐ Other   

21. Seeding technique:   ☐ Transplantant   ☐ Seed broadcasting  ☐ Seeding by row 

22. Weeding control:   ☐ Herbicide   ☐ Hand weeding   ☐ Other   

23. Pesticide control:   ☐ Pesticide   ☐ IPM    ☐ Other   

24. Harvesting method:   ☐ Machine  ☐ Hands   ☐ Other   

25. Rice field visiting frequency ☐ 1-5    ☐ 6-11    ☐ >11 

26. Late crop establishment:  ☐ Yes    ☐ No 

27. Late fertilizer application:  ☐ Yes    ☐ No 

28. Replanting:    ☐ Yes    ☐ No 

29. Mono-rice:    ☐ Yes    ☐ No 

 

30. Have you adopted high-quality rice varieties?   ☐ Yes   ☐ No 

If NO, why? (More than one option) and then move to Part II 

☐ No information  ☐ No seeds  ☐ High seed price ☐ Difficult output 

market  

☐ Difficult practice skills ☐ Low output price ☐ Low yield  ☐ Other   

If YES, answer the bellow questions 
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31. When have you hear/known about high-quality rice varieties?       

32. Source of high-quality rice variety information? 

☐ TV/Radio/Internet  ☐ Local authorities/Coopératives  ☐ Friends/Relatives/Neighbors 

☐ Newspapers/Magazine ☐ Seed companies/Seed centers  ☐ Other    

33. When have you adopted these varieties (in case, you are a DMU)?    

34. Why did you choose high-quality rice varieties instead of other varieties?  

☐ Higher yield ☐ Pest/disease tolerance ☐ Drought tolerance  ☐ Higher output price 

☐ Salinity tolerance ☐ Alkaline tolerance ☐ Success peers  ☐ Other    

35. What attribute of high-quality rice varieties don’t you like? 

☐ Weak drought tolerance ☐ Lower yield ☐ Higher seed price ☐ Weak pest/disease tolerance  

☐ Weak salinity tolerance  ☐ Weak alkaline tolerance   ☐ Other    

36. Had you adopted and then stopped using high-quality rice varieties?  ☐ Yes  ☐ No 

If YES, year of stopping:   and why? (More than one option) 

☐ Difficult output market ☐ High seed price ☐ Low yield ☐ Weak pest/disease tolerance 

☐ Low rice price/unstable ☐ Difficult practice skill ☐ Other      
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PART II: INFORMATION ON RICE PRODUCTION 

2.1. WINTER-SPRING season 2016/2017 

A. General information 

Question High-quality rice variety Conventional rice 

variety 

Other rice variety 

Did you use? ☐ Yes      ☐ No ☐ Yes      ☐ No ☐ Yes      ☐ No 

Name of seed?    

Source of seed? (*)    

Number of plots?    

Type of soil (**)    

Soil quality  ☐ Good     ☐ Not good ☐ Good     ☐ Not good ☐ Good     ☐ Not good 

Irrigated area (%)    

Water retention  ☐ Good     ☐ Not good ☐ Good     ☐ Not good ☐ Good     ☐ Not good 

Number of diseases occur    

  Yield damage (%)    

Number of disasters occur    

  Yield damage (%)    

Seed price subsidy? ☐ Yes      ☐ No ☐ Yes      ☐ No ☐ Yes      ☐ No 

Output contract? ☐ Yes      ☐ No ☐ Yes      ☐ No ☐ Yes      ☐ No 

Procurement program? ☐ Yes      ☐ No ☐ Yes      ☐ No ☐ Yes      ☐ No 

Drought-prone area? ☐ Yes      ☐ No ☐ Yes      ☐ No ☐ Yes      ☐ No 

Submergence-prone area? ☐ Yes      ☐ No ☐ Yes      ☐ No ☐ Yes      ☐ No 

Salinity-prone area? ☐ Yes      ☐ No ☐ Yes      ☐ No ☐ Yes      ☐ No 

Alkaline-prone area? ☐ Yes      ☐ No ☐ Yes      ☐ No ☐ Yes      ☐ No 

Final production purpose? 

(***) 

    

Note:  (*) source of seed is coded as: 0 = Uncertified seeds (previous season grains), 1 = Certified seeds 

 (**) type of soil is coded as: 1 = Alluvial soil, 2 = Salinity soil, 3 = Alkaline soil, 4 = Specify  

 (***) Final production purpose coded as: 1 = Household consumption, 2 = Selling, 3 = Specify  
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B. Production costs   

Item Unit 

High-quality rice  

variety 

Conventional rice  

variety 

Other rice variety 

Quantity 

Price 

(VND/unit) 

Quantity 

Price 

(VND/unit) 

Quantity 

Price 

(VND/unit) 

Rented-in land Ha       

Land preparation Ha       

Seeding Ha       

Seed Kg       

Organic fertilizer Kg       

Nitrogen fertilizer Kg       

Potassium fertilizer Kg       

Phosphate fertilizer Kg       

NPK fertilizer Kg       

Pesticide Kg       

Herbicide Kg       

Family labor Man-day       

Hired labor Man-day       

Irrigation Ha       

Harvesting/threshing Ha       

Other costs        
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C. Outputs  

Item 

Output 

(kg) 

Selling 

(kg) 

Sold price 

(VND/kg) 

Expected 

price 

(VND/kg)(*) 

Type of 

selling 

(**) 

Buyer 

(***) 

High-quality rice       

Conventional rice       

Other rice       

Note:  (*) Expected price at the time you make decision of choosing varieties for this season 

(**) codes  1 = Selling fresh paddy at the field,  2 = Selling milled rice,  3 = Specify 

 (***) codes 1 = Companies/enterprises  2 = Collectors  3 = Specify 
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2.2. SUMMER-AUTUMN season 2015/2016 

A. General information 

Question High-quality rice variety Conventional rice 

variety 

Other rice variety 

Did you use? ☐ Yes      ☐ No ☐ Yes      ☐ No ☐ Yes      ☐ No 

Name of seed?    

Source of seed? (*)    

Number of plots?    

Type of soil (**)    

Soil quality  ☐ Good     ☐ Not good ☐ Good     ☐ Not good ☐ Good     ☐ Not good 

Irrigated area (%)    

Water retention  ☐ Good     ☐ Not good ☐ Good     ☐ Not good ☐ Good     ☐ Not good 

Number of diseases occur    

  Yield damage (%)    

Number of disasters occur    

  Yield damage (%)    

Seed price subsidy? ☐ Yes      ☐ No ☐ Yes      ☐ No ☐ Yes      ☐ No 

Output contract? ☐ Yes      ☐ No ☐ Yes      ☐ No ☐ Yes      ☐ No 

Procurement program? ☐ Yes      ☐ No ☐ Yes      ☐ No ☐ Yes      ☐ No 

Drought-prone area? ☐ Yes      ☐ No ☐ Yes      ☐ No ☐ Yes      ☐ No 

Submergence-prone area? ☐ Yes      ☐ No ☐ Yes      ☐ No ☐ Yes      ☐ No 

Salinity-prone area? ☐ Yes      ☐ No ☐ Yes      ☐ No ☐ Yes      ☐ No 

Alkaline-prone area? ☐ Yes      ☐ No ☐ Yes      ☐ No ☐ Yes      ☐ No 

Final production purpose? 

(***) 

    

Note:  (*) source of seed is coded as: 0 = Uncertified seeds (previous season grains), 1 = Certified seeds 

 (**) type of soil is coded as: 1 = Alluvial soil, 2 = Salinity soil, 3 = Alkaline soil, 4 = Specify  

 (***) Final production purpose coded as: 1 = Household consumption, 2 = Selling, 3 = Specify  
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B. Production costs   

Item Unit 

High-quality rice  

variety 

Conventional rice  

variety 

Other rice variety 

Quantity 

Price 

(VND/unit) 

Quantity 

Price 

(VND/unit) 

Quantity 

Price 

(VND/unit) 

Rented-in land Ha       

Land preparation Ha       

Seeding Ha       

Seed Kg       

Organic fertilizer Kg       

Nitrogen fertilizer Kg       

Potassium fertilizer Kg       

Phosphate fertilizer Kg       

NPK fertilizer Kg       

Pesticide Kg       

Herbicide Kg       

Family labor Man-day       

Hired labor Man-day       

Irrigation Ha       

Harvesting/threshing Ha       

Other costs        
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C. Outputs  

Item 

Output 

(kg) 

Selling 

(kg) 

Sold price 

(VND/kg) 

Expected 

price 

(VND/kg)(*) 

Type of 

selling 

(**) 

Buyer 

(***) 

High-quality rice       

Conventional rice       

Other rice       

Note:  (*) Expected price at the time you make decision of choosing varieties for this season 

(**) codes  1 = Selling fresh paddy at the field,  2 = Selling milled rice,  3 = Specify 

 (***) codes 1 = Companies/enterprises  2 = Collectors  3 = Specify 
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2.3. AUTUMN-WINTER season 2015/2016 

A. General information 

Question High-quality rice variety Conventional rice 

variety 

Other rice variety 

Did you use? ☐ Yes      ☐ No ☐ Yes      ☐ No ☐ Yes      ☐ No 

Name of seed?    

Source of seed? (*)    

Number of plots?    

Type of soil (**)    

Soil quality  ☐ Good     ☐ Not good ☐ Good     ☐ Not good ☐ Good     ☐ Not good 

Irrigated area (%)    

Water retention  ☐ Good     ☐ Not good ☐ Good     ☐ Not good ☐ Good     ☐ Not good 

Number of diseases occur    

  Yield damage (%)    

Number of disasters occur    

  Yield damage (%)    

Seed price subsidy? ☐ Yes      ☐ No ☐ Yes      ☐ No ☐ Yes      ☐ No 

Output contract? ☐ Yes      ☐ No ☐ Yes      ☐ No ☐ Yes      ☐ No 

Procurement program? ☐ Yes      ☐ No ☐ Yes      ☐ No ☐ Yes      ☐ No 

Drought-prone area? ☐ Yes      ☐ No ☐ Yes      ☐ No ☐ Yes      ☐ No 

Submergence-prone area? ☐ Yes      ☐ No ☐ Yes      ☐ No ☐ Yes      ☐ No 

Salinity-prone area? ☐ Yes      ☐ No ☐ Yes      ☐ No ☐ Yes      ☐ No 

Alkaline-prone area? ☐ Yes      ☐ No ☐ Yes      ☐ No ☐ Yes      ☐ No 

Final production purpose? 

(***) 

    

Note:  (*) source of seed is coded as: 0 = Uncertified seeds (previous season grains), 1 = Certified seeds 

 (**) type of soil is coded as: 1 = Alluvial soil, 2 = Salinity soil, 3 = Alkaline soil, 4 = Specify  

 (***) Final production purpose coded as: 1 = Household consumption, 2 = Selling, 3 = Specify  
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B. Production costs   

Item Unit 

High-quality rice  

variety 

Conventional rice  

variety 

Other rice variety 

Quantity 

Price 

(VND/unit) 

Quantity 

Price 

(VND/unit) 

Quantity 

Price 

(VND/unit) 

Rented-in land Ha       

Land preparation Ha       

Seeding Ha       

Seed Kg       

Organic fertilizer Kg       

Nitrogen fertilizer Kg       

Potassium fertilizer Kg       

Phosphate fertilizer Kg       

NPK fertilizer Kg       

Pesticide Kg       

Herbicide Kg       

Family labor Man-day       

Hired labor Man-day       

Irrigation Ha       

Harvesting/threshing Ha       

Other costs        
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C. Outputs  

Item 

Output 

(kg) 

Selling 

(kg) 

Sold price 

(VND/kg) 

Expected 

price 

(VND/kg)(*) 

Type of 

selling 

(**) 

Buyer 

(***) 

High-quality rice       

Conventional rice       

Other rice       

Note:  (*) Expected price at the time you make decision of choosing varieties for this season 

(**) codes  1 = Selling fresh paddy at the field,  2 = Selling milled rice,  3 = Specify 

 (***) codes 1 = Companies/enterprises  2 = Collectors  3 = Specify 
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2.4. SUMMER-AUTUMN season 2016/2017 (in progress) 

A. General information 

Question High-quality rice variety Conventional rice 

variety 

Other rice variety 

Did you use? ☐ Yes      ☐ No ☐ Yes      ☐ No ☐ Yes      ☐ No 

Name of seed?    

Source of seed? (*)    

Number of plots?    

Type of soil (**)    

Soil quality  ☐ Good     ☐ Not good ☐ Good     ☐ Not good ☐ Good     ☐ Not good 

Irrigated area (%)    

Water retention  ☐ Good     ☐ Not good ☐ Good     ☐ Not good ☐ Good     ☐ Not good 

Number of diseases occur    

  Yield damage (%)    

Number of disasters occur    

  Yield damage (%)    

Seed price subsidy? ☐ Yes      ☐ No ☐ Yes      ☐ No ☐ Yes      ☐ No 

Output contract? ☐ Yes      ☐ No ☐ Yes      ☐ No ☐ Yes      ☐ No 

Procurement program? ☐ Yes      ☐ No ☐ Yes      ☐ No ☐ Yes      ☐ No 

Drought-prone area? ☐ Yes      ☐ No ☐ Yes      ☐ No ☐ Yes      ☐ No 

Submergence-prone area? ☐ Yes      ☐ No ☐ Yes      ☐ No ☐ Yes      ☐ No 

Salinity-prone area? ☐ Yes      ☐ No ☐ Yes      ☐ No ☐ Yes      ☐ No 

Alkaline-prone area? ☐ Yes      ☐ No ☐ Yes      ☐ No ☐ Yes      ☐ No 

Final production purpose? 

(***) 

    

Note:  (*) source of seed is coded as: 0 = Uncertified seeds (previous season grains), 1 = Certified seeds 

 (**) type of soil is coded as: 1 = Alluvial soil, 2 = Salinity soil, 3 = Alkaline soil, 4 = Specify  

 (***) Final production purpose coded as: 1 = Household consumption, 2 = Selling, 3 = Specify  
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B. Production costs   

Item Unit 

High-quality rice  

variety 

Conventional rice  

variety 

Other rice variety 

Quantity 

Price 

(VND/unit) 

Quantity 

Price 

(VND/unit) 

Quantity 

Price 

(VND/unit) 

Rented-in land Ha       

Land preparation Ha       

Seeding Ha       

Seed Kg       

Organic fertilizer Kg       

Nitrogen fertilizer Kg       

Potassium fertilizer Kg       

Phosphate fertilizer Kg       

NPK fertilizer Kg       

Pesticide Kg       

Herbicide Kg       

Family labor Man-day       

Hired labor Man-day       

Irrigation Ha       

Harvesting/threshing Ha       

Other costs        
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C. Outputs  

Item 

Output 

(kg) 

Selling 

(kg) 

Sold price 

(VND/kg) 

Expected 

price 

(VND/kg)(*) 

Type of 

selling 

(**) 

Buyer 

(***) 

High-quality rice       

Conventional rice       

Other rice       

Note:  (*) Expected price at the time you make decision of choosing varieties for this season 

(**) codes  1 = Selling fresh paddy at the field,  2 = Selling milled rice,  3 = Specify 

 (***) codes 1 = Companies/enterprises  2 = Collectors  3 = Specify 

 

 




