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Abstract 

 

Agricultural production in Ghana is mainly carried out by smallholder farmers on 

a subsistence basis. Smallholders constitute about 95% of the farming 

population and produce 80% of the annual output. This study investigates the 

level of technical efficiency of a sample of 294 households from the Upper East 

region of Ghana. Technical efficiency and its determinants are investigated using 

parametric stochastic frontiers and nonparametric data envelopment analysis 

methods. This is the first study that uses bootstrap DEA and Bayesian frontier 

methods in efficiency analysis of agriculture in Ghana. 

Results from our analysis show that mean technical efficiency is low and there is 

significant variability in efficiency among the sample farms. There is significant 

positive correlation of efficiency estimates from nonparametric and parametric 

models which indicates the robustness of the results. The results imply that 

agricultural productivity can be increased substantially through improvement in 

technical efficiency. From a policy perspective, age (as a proxy for farming 

experience), educational status, use of hired labour and farm size, have been 

found to hold the greatest potential for improving technical efficiency in 

Ghanaian agriculture. Policy implications from the analysis of the determinants 

of technical efficiency are sensitive to the methods used to estimate technical 

efficiency. 

 

Keywords: Technical efficiency, smallholders, Ghana, policy, Bayesian stochastic 

frontiers. 
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CHAPTER 1 

 

INTRODUCTION 

1.1 Background to agriculture in Ghana 

Agriculture plays a major role in the economies of most developing 

countries, especially in the economies of African countries. As producers, 70% of 

the population (and nearly 90% of the poor) work primarily in agriculture (World 

Bank, 2000). As consumers, all of Africa’s poor, both rural and urban count 

heavily on the efficiency of the continent’s farmers. Farm productivity and 

production costs have proved to be fundamental determinants of the prices of 

basic foodstuffs which account for 60% to 70% of total consumption 

expenditure by low-income groups (sahn et al., 1997). Agricultural productivity 

growth has long been viewed as a critical determinant of rural welfare and an 

engine for overall economic growth in most African countries (Mugera and 

Ojede, 2013). 

Agriculture is the main stay of the Ghanaian economy. The sector’s 

contribution to Gross Domestic Product (GDP) averaged about 55% in the first 

half of the 1980s and it declined to 41% in 1995 (Nyanteng and Seini, 2000). The 

contribution of agriculture to GDP continued to decline through the mid 1990s 

and beyond. In 2009, the contribution was only 34% (Ministry of Food and 

Agriculture, 2010). Agriculture employs over 60% of the workforce in Ghana. 

Given the importance of agriculture in national economic development, 

successive governments have pursued policies to increase agricultural 

production. 

Agricultural production in Ghana is mainly carried out by smallholder 

farmers on a subsistence basis. It is estimated that smallholders constitute 

about 95% of the farming population and produce 80% of the annual 

agricultural output (Asuming-Brempong et al., 2004). The performance of 

agriculture, therefore, depends on the production activities of smallholders 
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defined as those with land holdings of 10 ha or less (Chamberlin, 2008). Crop 

farming is the dominant activity and is carried out under rainfed conditions; the 

hoe and cutlass are the main tools of production. Climatic conditions vary across 

the country and influence the types of crops that are grown. Besides the 

climatic conditions, the policy environment that farmers operate in largely 

determines the performance of the agricultural sector.  

In the early 1960s agricultural policy emphasised area expansion in order 

to increase output. From the 1970s the policy emphasis shifted towards 

increasing crop yields through investments in research to develop high yielding 

crop varieties and complementary technologies.  

 

1.2 Problem statement 

A number of studies have been conducted to understand farmers’ 

adoption of new technologies (Gyasi et al., 2003; Jatoe et al., 2005; Morris et al., 

1999) but these studies have largely ignored the efficiency aspects of farm 

household crop production. Despite evidence of adoption of improved 

technologies, there exists a gap between actual and potential crop yield levels. 

Table 1.1 provides information on average crop yields achieved on farmers’ 

fields compared with achievable yields for selected crops. In the case of maize, 

for example, actual yields are considered to be only a third of potential yield. 

For most crops, actual yields are below half of what is considered achievable 

under farm conditions. These yield gaps may be partly attributed to inefficiency 

in production and partly due to differences in capital inputs or environmental 

variables such as rainfall.  
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Table 1.1: Average yield and achievable yield of selected crops in Ghana 

Crop 

Average yield 

(kg/ha) 

Achievable yield 

(kg/ha) 

Yield gap 

(kg/ha) 

% yield 

achieved 

Maize 1700 6000 4300 28 
Sorghum/millet 1300 2600 1300 50 
Rice 2400 6500 4100 37 
Cassava 13800 48700 34900 28 
Yam 15300 49000 33700 31 
Plantain 11000 20000 9000 55 
Groundnuts 1500 2500 1000 60 
Cowpea 1300 2600 1300 50 
Tomatoes 7500 15000 7500 50 
Peppers 6500 32300 25800 20 
Cocoa 400 1000 600 40 

Source: Ministry of Food and Agriculture, 2010 

 

Output gains from efficiency and productivity improvement offer a 

solution to closing the yield gap. The measurement of efficiency in Ghanaian 

agriculture is important for the reason that it would serve as a performance 

benchmark against which the success of individual farms in crop production can 

be evaluated. Likewise if the factors determining efficiency differentials among 

farms are established, they would serve an important role in the design of 

policies to improve the productive performance of farm households in Ghana.  

1.3 Objectives of the study 

Given the existence of a yield gap in Ghanaian agriculture, the main 

objective of this study is to find out how the yield gap can be closed through 

improvements in technical efficiency. The study intends to achieve this through 

the following specific objectives:  

1. To assess the level of technical efficiency of farms in Ghana; 

2. To find out the extent of variability in technical efficiency among Ghanaian 

farms; 

3. To identify the factors influencing technical efficiency of Ghanaian farms. 

4. To assess how sensitive the results are to the method of estimation. 
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1.4 Relevance of the study 

Technical efficiency is an important aspect of any production process 

including agricultural production. In agricultural production, the level of 

technical efficiency can facilitate policy decision making as to the choice 

between new production technology and better use of existing technology. If 

farmers are shown to be fully efficient with the existing technology, then policy 

efforts to improve agricultural productivity should be directed at the 

development and transfer of new and improved technology. If that is not the 

case, the focus should be on increasing resource use efficiency with the current 

technology if efficiency levels are low (Ali and Byerlee, 1991).   

There are very few studies on the efficiency of farms in Ghana. This study 

seeks to contribute to an understanding of technical efficiency in Ghanaian 

agriculture. The present study is different from previous studies on the 

efficiency of farms in Ghana in its use of recent developments in the 

measurement of technical efficiency. To the best of our knowledge, this is the 

first study to apply bootstrap DEA and Bayesian methods in the analysis of 

efficiency in Ghanaian agriculture. The study area has received a lot of 

intervention to increase agricultural production, yet none of these interventions 

have considered the efficiency aspects of increasing production. 

1.5 Organisation of the thesis 

The thesis is organised into seven chapters. Chapter 2 provides a review 

of relevant literature and has two main parts. The first part reviews cross-

country studies on agricultural productivity in Africa. The second part deals with 

country-level studies on the empirical measurement of technical efficiency in 

the context of developing country agriculture. Methods used, technical 

efficiency estimates and findings in relation to the determinants of inefficiency 

are discussed. 

Chapter three presents the methodology of the study. It starts by 

providing a background to the measurement of efficiency by presenting basic 



 
 

5 
 

methodological concepts. Next, theoretical models are described in the context 

of nonparametric DEA and parametric stochastic frontier analysis (SFA) models. 

SFA models are subdivided into conventional SFA (CSFA) and Bayesian SFA 

(BSFA) models. 

 Chapter four is concerned with a description of the data used in the 

estimation. It describes the sampling framework and various intermediate steps 

that were followed in arriving at the final sample used in our study. Variable 

definition and descriptive statistics are also presented. 

 Chapter five presents the results from DEA frontier analysis. First, output-

oriented technical efficiency estimates are presented followed by results from 

analysis of scale efficiency. Bootstrap DEA technical efficiency results are then 

presented. The chapter finishes with a presentation and discussion of the 

factors affecting DEA technical efficiency.  

Chapter 6 presents results from stochastic frontier analysis generated 

using conventional stochastic frontier analysis (CSFA) and Bayesian stochastic 

frontier analysis (BSFA) estimation. First results from model selection tests are 

presented. For each estimation method (CSFA and BSFA) parameter estimates 

of the production frontier are provided. This is followed by a presentation of 

input elasticity and returns to scale (scale elasticity) estimates. The chapter 

focuses on factors affecting SFA efficiency.  

Chapter seven summarizes and concludes the thesis. It provides a 

summary of the main findings of the study. Policy impactions are drawn. The 

limitations of the study and suggestions for future research are discussed. 
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CHAPTER 2 

LITERATURE REVIEW 

 

This chapter reviews the literature on technical efficiency in the context 

of developing country agriculture, with emphasis on agriculture. The review is 

divided into cross-country studies, which are presented in section 2.1 and 

country-specific studies, which are presented in section 2.2.  In section 2.3, we 

examine the methodological approaches adopted by the country-level studies 

considered in the review. Section 2.4 discusses consistency in the findings of 

factors affecting technical efficiency. A synthesis of the review is provided and 

information gaps identified in section 2.5.  

 

2.1 Cross-country studies of efficiency in developing country agriculture 

The economies of African countries are heavily dependent on agriculture 

which accounts for two-thirds of the labour force, 35% of GNP and 40% of 

foreign exchange earnings (Fulginiti et al., 2004). Agricultural productivity 

growth has been recognized as the key to overall economic growth. For this 

reason there has been a growing number of cross-country studies on 

agricultural productivity growth in Africa (Alene, 2010). In this section we review 

some of the empirical cross-country studies.  

Fulginiti et al. (2004) examined the effect of institutions on agricultural 

productivity in 41 sub-Saharan countries for the period 1960 to 1999. They 

conclude that productivity grew in the 1960s, declined in the 1970s but growth 

recovered in the mid 1980s. Average productivity growth over the period was 

estimated at 0.8% per annum. The study also found significant reduction in 

productivity during political conflicts and wars and significant increase in 

productivity in countries with higher levels of political rights and civil liberties.   

In a study of productivity growth, technical progress and efficiency 

change in agriculture, Nkamleu (2004), reported a positive trend in total factor 
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productivity (TFP) for a sample of 16 African countries over the period 1970 to 

2001. The positive trend in TFP was attributed to efficiency change rather than 

technical progress. A metafrontier study of 27 African countries from 1971 to 

2000 was carried out by Nkamleu et al. (2006). The authors found a large 

technology gap of between 59% and 99% for different regions, and interpreted 

it as the performance of the agricultural sector at the regional level compared 

with the continental level. Southern African countries had the highest mean 

technical efficiency relative to their regional frontier but they tended to be 

furthest from the productivity potential defined by the metafrontier function. 

East Africa appeared to be the least performing region. Although technical 

efficiency from the metafrontier remained stable over the study period, 

productivity potential showed a slight decline over the same period. For each 

region of Africa, these results indicate whether policies should emphasis a shift 

in technology or a movement towards the best practice frontier.  

Nin Pratt and Yu (2008) analyzed the evolution of sub-Saharan Africa’s 

agricultural TFP from 1964 to 2003 and found that TFP growth declined from the 

mid 1960s to the mid 1980s at the rate of -2.1% per annum. However, TFP 

growth recovered during the period 1984 to 2003 with an annual growth rate of 

1.73% for this period. The recovery in TFP growth was due to improved 

efficiency in production. Policy changes implemented by African countries from 

the mid 1980s appear to have played an important role in agriculture’s 

performance. 

Productivity growth in agriculture has also been examined by Block 

(Block, 2010) who estimated TFP for 34 sub-Saharan African countries from 

1960 to 2002. TFP growth declined in the 1960s but showed a positive and 

increasing growth from the 1970s. Block attributed the trends in TFP growth to 

expenditure on research and development (R&D) as well as macroeconomic and 

sectoral policies that shaped agricultural incentives. Alene (2010) studied 

productivity growth and the effects of R&D in agriculture. Using a sample of 52 

African countries and for the period 1970 to 2004, he found that agricultural 
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productivity grew over the study period. Technological progress was mainly 

responsible for the growth in productivity. R&D had a significant positive effect 

on growth in productivity. Using recent advances in DEA, Mugera and Ojede 

(2013) found that technical inefficiency in agricultural production persisted from 

1966 to 2001 for 33 African countries. Most countries slipped from the best 

practice frontier, thereby necessitating the need for public and private policies 

to provide education, training and extension services to facilitate the uptake of 

existing technologies. 

The empirical evidence from the cross-country studies reviewed suggest 

that improvements in agricultural productivity in African countries  from the 

1960s to 2000 and beyond has mainly come from efficiency change (Nin Pratt 

and Yu, 2008; Nkamleu, 2004; Mugera and Ojede, 2013) although Alene (2010) 

found technological change to be the principal source of growth.  

Policymakers often face the problem of choosing between strategies to 

increase efficiency of farmers and the introduction of new technologies in order 

to improve agricultural productivity. If it can be shown that farmers are 

inefficient in their practices, then it follows that output could be increased at a 

relatively lower cost to the economy through extension and education 

compared to the introduction of new technologies (Belbase and Grabowski, 

1985). The presence of shortfalls in production efficiency means that output can 

be increased without requiring additional conventional inputs and without the 

need for new technology. If this is the case, then empirical measures of 

efficiency are necessary in order to determine the magnitude of the gain that 

could be obtained by improving performance with a given technology (Nkamleu 

et al., 2006). Cross-country analyses provide highly aggregated results that 

conceal substantial regional and country-level variation. Country-level studies 

permit a more nuanced view of the broader findings of cross-country studies 

and may reveal the complexity of agricultural development in any single country 

(Block, 2010). Aggregate cross-country results should therefore be interpreted 

with caution. There is a large volume of country-level studies in response to the 



 
 

9 
 

need for research at the country level. Some of these country-level productivity 

studies are reviewed in the next section. 

 

2.2 Country-level studies of efficiency in developing country agriculture 

Empirical work on efficiency analysis in agriculture started in the 1960s 

when Schultz (1964 p.37) formulated the poor but efficient hypothesis of 

traditional agriculture. Schulz focused on allocative efficiency. This suggested 

that peasant farmers are poor but efficient in the allocation of available inputs. 

Much of the empirical work in the 1960s using production function analysis 

provided support for the hypothesis as noted in a review of theoretical and 

empirical work on efficiency in traditional agriculture (Shapiro, 1983). The basis 

for comparing efficiency levels across farms is the assumption that all the 

sample farms have access to the same technology, but that some are more 

successful in exploiting it than others (Shapiro and Müller, 1977). 

The potential importance of efficiency in fostering production has yielded 

a substantial number of studies focusing on agriculture (Thiam et al., 2001). The 

literature on efficiency analysis of developing country (including African 

countries) agriculture has been reviewed by Bravo-Ureta and Pinheiro (1993), 

Thiam et al. (2001) and Bravo-Ureta et al. (2007). The last review examined 

studies up to 1998, which our review below takes as a starting point and 

examines the literature between 1999 and 2013. It follows the approach of 

Bravo-Ureta and Pinheiro (1993). The studies are divided into DEA and SFA 

frontier studies which are the main approaches to efficiency analysis. 
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2.2.1 Empirical DEA efficiency studies in developing country agriculture 

Coelli et al. (2002) estimated technical, allocative, cost and scale 

efficiency of a sample of 406 rice farms in Bangladesh using the DEA approach. 

They obtained technical efficiency estimates of 69% and 66% for Boro (dry 

season) and Aman (wet season) production, respectively. A second stage Tobit 

regression revealed that poor infrastructure significantly reduces technical 

efficiency in both growing seasons while family size and experience both have a 

negative effect on technical efficiency in the Boro season. Coelli et al. (2002) 

attributed the negative effect of family size to surplus labour from larger 

families during a less labour-intensive Boro season. They noted that older and 

more experienced farmers have more knowledge of their land and traditional 

practices, but are also less willing to adopt new ideas, and this second effect is 

dominant. This accounts for the significant negative effect of experience on 

technical efficiency. Other factors investigated by the study (tenancy, education, 

age, land cultivated, soil fertility, nonfarm income, extension visits, training and 

number of working adults) did not have a significant effect on technical 

efficiency. 

Wadud and White (2000) compared DEA and SFA methods in studying 

farm household technical efficiency in Bangladesh. They estimated a DEA mean 

technical efficiency of 86% with a range from 46% to 100% under variable 

returns to scale for a sample of 150 rice farmers. Inputs to the DEA model were: 

land measured as value of land utilised; labour measured as total cost of labour; 

cost of irrigation; cost of fertiliser and cost of pesticides. Output was measured 

as the total value of rice produced. Wadud and White (2000) found that use of 

diesel pumps and soil degradation significantly reduce DEA technical efficiency 

in a second stage Ordinary Least Squares (OLS) regression. 

Other studies in Bangladesh that have used the DEA approach include 

Balcombe et al (2008) and Theodoridis and Anwar (2011). Balcombe et al (2008) 

used the double bootstrap DEA procedure of Simar and Wilson (2007) to 

estimate and explain technical efficiency of a sample of 295 rice farms. They 
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obtained mean technical efficiency estimates of 64% under constant returns to 

scale (CRTS) and 59% under variable returns to scale (VRTS). This study 

established that education, credit and extension significantly increase technical 

efficiency while age of the farmer significantly decreases technical efficiency. 

Theodoridis et al (2011) used a two-stage conventional DEA approach to 

estimate technical efficiency and establish the factors affecting efficiency for a 

sample of 240 crop farms in Bangladesh. Estimated technical efficiencies of 82% 

and 77% were obtained under VRTS and CRTS frontiers. From a policy point of 

view Theodoridis et al (2011) found that education and access to extension 

services significantly increase technical efficiency while age of the farmer 

decreases efficiency. These results are consistent with the findings of Balcombe 

et al. (2008). 

In a study of the effect of migration on technical efficiency in cereal 

production in Burkina Faso, Wouterse (2010) estimated mean technical 

efficiency of 76%, 83% and 72%  for households with non-migrant members (38 

farms), households with continental migrant members (35 farms) and 

households with intercontinental migrant members (30 farms). A bootstrapped 

DEA approach was used. Wouterse (2010) noted that for continental migrant 

households, migration removes surplus male labour, a cause for inefficiency in 

production. Intercontinental migration leads to a gender imbalance in the 

household, which cannot be compensated for by investments in farm 

equipment. The failure of intercontinental migration to transform cereal 

production from traditional to modern is attributed to an imperfect market 

environment. A second stage Tobit regression analysis indicates that age of 

household head, primary and secondary education of adult household members 

and number of cattle owned significantly reduce technical efficiency of cereals 

production in Burkina Faso. On the other hand, household endowment of 

physical capital and stock of continental migrants significantly increases 

technical efficiency.  
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Binam et al. (2003) applied the DEA approach to estimate technical 

efficiency among coffee farmers in Côte d’Ivoire under CRTS and VRTS 

assumptions, respectively. Estimated technical efficiency was 36% and 47% 

under CRTS and VRTS. Tobit regression analysis indicates that younger farmers 

are more technically efficient compared to their older counterparts. Native 

farmers were found to be more technically efficient compared to migrant 

farmers while larger families were less technically efficient compared to smaller 

families. The study also found that membership of a farmers club or association 

significantly reduces technical efficiency. The authors attribute this observation 

to the fact that farmers in the study area prefer to allocate club and family 

labour first to cocoa farms, which may affect timely execution of field 

operations on coffee farms. From a policy perspective, the study suggests that 

policymakers should foster the development of formal farmers’ association by 

building the capacity of the farmers in production and management skills. 

Haji (2006) estimated technical, allocative and economic efficiency and 

their determinants in smallholder vegetable-dominated mixed farming systems 

of Eastern Ethiopia. Using a sample of 150 farmers, he finds that DEA technical 

efficiency estimates were similar under CRTS and VRTS, respectively. The mean 

estimated technical, allocative and economic efficiency were 91%, 60% and 

56%. These results suggest that allocative efficiency is more of a problem than 

technical efficiency for the sampled farms. Results from Tobit regression 

analysis indicates that asset ownership, off-farm income, farm size, extension 

visits and family size significantly determine technical efficiency. Assets and off-

farm income increase technical efficiency while the other factors decrease 

technical efficiency. On the other hand, the study found that assets, crop 

diversification, consumption expenditures and farm size significantly affect 

allocative and economic efficiency.  

In a study of household production efficiency, Chavas et al. (2005) 

estimated technical, allocative and scale efficiency of a sample of 115 

households in the Gambia using a two-stage DEA approach. Mean technical 
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efficiency was estimated to be 95%, indicating that access to technology is not a 

severe constraint to most farm households in the study sample. Tobit regression 

analysis indicated that imperfections in financial markets for capital and 

nonfarm employment contribute to significant allocative inefficiency.  

In a study of the linkages between the farm and nonfarm sectors at the 

household level in rural Ghana, Anríquez and Daidone (2010) estimated a DEA 

mean technical efficiency of only 18% using a sample of 2289 farm households. 

They found that smaller farms tend to be more efficient and that rural nonfarm 

output is helping households to become more efficient.  

Dhungana et al. (2004) use DEA to study the economic inefficiency of a 

sample of 76 Nepalese rice farmers. The estimated mean economic, allocative, 

technical, pure technical and scale efficiency are 66%, 87%, 76%, 82% and 93% 

in that order. The relatively high scale efficiency suggests that rice farms in the 

sample are of the right size on average but farmers may not be combining 

inputs optimally or are not using low cost input combinations.  Second stage 

regression analysis indicates that female rice farmers are more technically 

efficient. The age of the farmer is found to have a statically significant negative 

effect on technical efficiency while a higher level of education has a significant 

positive effect on technical efficiency.  Farmers that are risk averse (indicated by 

Arrow-Pratt’s average absolute risk aversion coefficient)1 tend to be more 

technically efficient compared to risk loving farmers. Dhungana et al (2004) 

attribute this to the tendency of risk adverse farmers to allocate resources 

under their discretion more optimally. 

Ogunniyi and Oladejo (2011) focus on tomato production in Oyo State 

Nigeria and use the DEA approach. Estimated technical efficiency values for a 

sample of 150 farmers range from 3% to 100% under both CRTS and VRTS, with 

                                                           
1
 The Arrow-Pratt measure of absolute risk aversion is based on utility maximisation. Represent a utility 

function by u(w), where “w” is wealth. The Arrow-Pratt measure of absolute risk aversion is defined by 

RA = u′′(w)/u′(w). If RA() is decreasing in w, then u() displays decreasing absolute risk aversion. If RA() is 

increasing in w, then u() displays increasing absolute risk aversion. If RA() is constant with respect to 

changes in w, then u() displays constant absolute risk aversion.  
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a mean of 42% and 55%, respectively. The empirical DEA model comprised one 

output (quantity of tomato produced) and four inputs (cultivated land area, 

family labour, hired labour and quantity of fertiliser used). Based on a second 

stage Tobit regression model, Ogunniyi and Oladejo (2011) reported that the 

determinants of technical efficiency are education, experience, diversification, 

marital status and gender. 

Malana and Malano (2006) used the DEA approach to evaluate and rank 

productivity performance of selected wheat growing areas in India and Pakistan. 

Using a sample of 25 irrigated wheat areas, they estimate technical efficiency 

under VRTS is to be 88%. In a study of the determinants of technical efficiency 

of wheat farming in Turkey, Alemdar and Ören (2006) used an input-oriented 

DEA model with one output (wheat yield/ha) and six inputs including seed 

(quantity/ha), Nitrogen fertiliser (quantity/ha), phosphorus fertiliser 

(quantity/ha), labour used (hours/ha) total machinery working hours and total 

pesticide costs. Estimated technical efficiency under CRTS ranges from 21% to 

100%, with a mean of 65% while the estimated technical efficiency under VRTS 

ranges from 38% to 100% with a mean of 83%. The study revealed that the 

share of family labour has a significant positive effect on technical efficiency 

while the number of plots cultivated has a significant negative effect on 

efficiency. 

Mugera and Featherstone (2008) investigated the economic efficiency 

and factors affecting efficiency for a sample of 126 hog producers in the 

Philippines. Using the bootstrap DEA approach mean technical efficiencies of 

33% and 41% were obtained under CRTS and VRTS. In a second stage analysis, 

bootstrap DEA technical efficiency estimates were regressed against a set of 

explanatory variables using a Tobit model. The results indicate that receipt of 

credit in the past and experience in hog production significantly increase 

technical efficiency under both constant and variable returns to scale. Age of 

the farmer decreases technical efficiency under constant returns to scale while 
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having a family member abroad or keeping other livestock significantly 

decreases technical efficiency under variable returns to scale. 

Latruffe et al. (2004) examined the determinants of technical efficiency 

of crop and livestock farms in Poland using the DEA approach.  Bootstrapping 

was used to construct confidence intervals but the reported technical efficiency 

estimates were from conventional DEA under CRTS. Sample sizes were 222 and 

250 for crop farms and livestock farms, respectively, with the corresponding 

mean technical efficiency being 57% and 71%. DEA technical efficiency was 

compared with SFA efficiency estimates using the same sample. The SFA results 

are discussed under section 2.3.2 below. Total output, level of market 

integration and soil quality (measured by a soil quality index) significantly 

increase DEA technical efficiency of both crop and livestock farms. The level of 

agricultural education increases efficiency in crop production, the ratio of land 

to labour increases efficiency in livestock production while the ratio of capital to 

labour significantly decreases efficiency in both enterprises. The study (Latruffe  

et al., 2004) reveals that on average, livestock farms are more technically 

efficient than crop farms. For both specializations, large farms are more efficient 

compared to small farms.  

Policy conclusions from Latruffe et al. (2004) are that policy measures 

that can facilitate a farm size increase might have beneficial effects on efficiency 

due to the positive size–efficiency relationship. In addition, for crop farms, the 

development of land leasing is also a substantial factor, as the share of rented 

land positively affects technical efficiency. Therefore, policies stimulating the 

land market and assisting small farmers to move to non-agricultural 

employment may contribute to increased technical efficiency in the long run. 

Finally, any support that can assist in the commercialisation of semi-subsistence 

farms can be beneficial for efficiency gains and can facilitate the viability of 

these farms. 

Table 2.1 provides a summary of the studies under review, identifying 

key features including authors and year of publication, country of study, 
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enterprise studied, number of observations (sample size) and the empirical 

technical efficiency estimates (mean, minimum, and maximum). Sixty two 

studies from 28 countries are covered. Some of the studies produce more than 

one efficiency estimate, so there are multiple entries in column 1 depending on 

the number of efficiency estimates. Thirty of the studies come from African 

countries, of which 12 come from Nigeria and 6 from Ghana. There are 3 studies 

from Ethiopia, 2 from the Ivory Coast and 1 study each from the other African 

countries. Out of the 32 studies from other developing countries 9 studies come 

from Bangladesh and 6 from Greece while there is one study for each of the 15 

remaining developing countries. The overall average mean technical efficiency 

in Table 2.1 is 73%, compared with a value of 69% for African countries and 76% 

for other developing countries. The average mean technical efficiency for Ghana 

is 53% 
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Table 2.1: Empirical efficiency estimates in developing country agriculture 

Authors and year of publication Approach Country Enterprise Sample Mean TE Min TE Max TE 

Ajibefun & Abdulkadri (1999) SFA Nigeria Crops 98 67 22 87 
Abdulai  & Huffman (2000) SFA Ghana Rice 120 81 29 100 
Giannakas et al. (2000) SFA Greece Olives 125 70 
Mochebelele & Nelson (2000) SFA Lesotho Crops 152 76 64 88 
Mochebelele & Nelson (2000) SFA Lesotho Crops 148 64 44 88 
Tian & Wan (2000) SFA China Maize 288 85 
Tian & Wan (2000) SFA China Indica rice 346 95 
Tian & Wan (2000) SFA China Japonica rice 224 91 
Tian & Wan (2000) SFA China Wheat 335 86 
Wadud & White (2000) DEA Bangladesh Rice 150 86 46 100 
Wadud & White (2000) SFA Bangladesh Rice 150 79 49 98 
Abduali & Eberlin (2001) SFA Nicaragua Beans 120 74 34 92 
Abduali & Eberlin (2001) SFA Nicaragua Maize 120 70 31 93 
Bakhshoodeh & Thomson (2001) SFA Iran Wheat 164 93 73 99 
Bakhshoodeh & Thomson (2001) SFA Iran Wheat 164 91 67 99 
Brümmer (2001) SFA Slovenia Whole farm 147 74 
Brümmer (2001) DEA Slovenia Whole farm 147 44 
Kalirajan & Shand (2001) SFA India Rice 500 71 
Kalirajan & Shand (2001) SFA India Rice 500 64 
Karagiannis & Tzouvelekas (2001) SFA Greece Olives 770 79 
Tzouvelekas et al (2001b) SFA Greece Olives 84 69 29 94 
Tzouvelekas et al (2001b) SFA Greece Olives 87 59 23 100 
Tzouvelekas et al (2001a) SFA Greece Cotton 29 80 43 99 
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Table 2.1: Empirical efficiency estimates in developing country agriculture (continued) 

Authors and year of publication Approach Country Enterprise Sample Mean TE Min TE Max TE 

Tzouvelekas et al (2001a) SFA Greece Cotton 29 72 23 98 
Amaza & Olayemi (2002) SFA Nigeria Crops 123 69 13 89 
Coelli et al (2002) DEA Bangladesh Rice 406 69 32 100 
Coelli et al (2002) DEA Bangladesh Rice 406 66 30 100 
Rezitis et al (2002) SFA Greece Whole farm 21856 71 7 95 
Sherlund et al (2002) SFA Ivory Cosat Rice 464 77 9 97 
Sherlund et al (2002) SFA Ivory Cosat Rice 464 36 8 78 
Tzouvelekas et al (2002) SFA Greece Wheat 32 79 51 99 
Tzouvelekas et al (2002) SFA Greece Wheat 35 85 62 99 
Alene & Hassan (2003) SFA Ethiopia MAize 60 76 7 98 
Binam et al (2003) DEA Ivory Coast Coffee 81 47 5 100 
Binam et al (2003) DEA Ivory Coast Coffee 81 36 2 100 
Kurkalova & Carriquiry (2003) BayeSFA Ukrain Crops 41 94 
Mushunje et al (2003) SFA Zimbabwe Cotton 44 71 22 99 
Rezitis et al (2003) SFA Greece Whole farm 482 72 10 93 
Binam et al (2004) SFA Cameroon Maize 150 75 55 99 
Binam et al (2004) SFA Cameroon Groundnut 150 71 48 75 

Binam et al (2004) SFA Cameroon 
Maize-
Groundnut 150 73 53 97 

Coelli & Fleming (2004) SFA PNG Crops 72 78 38 99 
Dhungana et al (2004) DEA Nepal Rice 76 76 41 100 
Dhungana et al (2004) DEA Nepal Rice 76 82 43 100 
Hasnah et al (2004) SFA Sumatra Oil palm 79 66 15 94 



  

 

1
9 

Table 2.1: Empirical efficiency estimates in developing country agriculture (continued) 

Authors and year of publication Approach Country Enterprise Sample Mean TE Min TE Max TE 

Kwon & Lee (2004) DEA Rep of Korea Rice 5130 72 

Kwon & Lee (2004) SFA Rep of Korea Rice 5130 75 

Latruffe et al (2004) DEA Poland Crops 222 57 18 100 

Latruffe et al (2004) SFA Poland Crops 222 73 38 97 

Latruffe et al (2004) DEA Poland Livestock 250 71 38 100 

Latruffe et al (2004) SFA Poland Livestock 250 88 74 99 
Okike et al. (2004) SFA Nigeria Whole farm 559 86 72 92 
Okike et al. (2004) SFA Nigeria Whole farm 559 68 21 90 
Chavas et al (2005) DEA Gambia crops-nonfarm 115 95 
Alemdar & Ören (2006) DEA Turkey Wheat 193 65 21 100 
Alemdar & Ören (2006) DEA Turkey Wheat 193 83 38 100 
Alene & Hassan (2006) SFA Ethiopia Maize 51 80 44 93 
Alene & Hassan (2006) SFA Ethiopia Maize 51 78 41 93 
Alene & Hassan (2006) SFA Ethiopia Maize 47 62 14 88 
Alene & Hassan (2006) SFA Ethiopia Maize 47 68 20 91 
Haji (2006) DEA Ethiopia Crops 150 91 34 100 
Kolawole (2006) SFA Nigeria Rice 200 60 20 93 
Malana & Malano (2006) DEA Pakistan Wheat 25 89 76 100 
Villano & Fleming (2006) SFA Philippines Rice 46 79 13 96 
Villano & Fleming (2006) SFA Philippines Rice 46 79 11 99 
Chirwa (2007) SFA Malawi Maize 48 46 8 94 
Erhabor & Emakaro (2007) SfA Nigeria Cassava 53 83 43 97 
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Table 2.1: Empirical efficiency estimates in developing country agriculture (continued) 

Authors and year of publication Approach Country Enterprise Sample Mean TE Min TE Max TE 

Erhabor & Emakaro (2007) SfA Nigeria Cassava 63 72 23 95 
Erhabor & Emakaro (2007) SfA Nigeria Cassava 40 91 52 98 
Fasasi (2007) SFA Nigeria Crops 100 70 18 93 
Idiong (2007) SFA Nigeria Rice 112 77 48 99 
Oladeebo & Fajuyigbe (2007) SFA Nigeria Rice 50 90 74 99 
Oladeebo & Fajuyigbe (2007) SFA Nigeria Rice 50 90 54 99 
Sehu et al. (2007) SFA Nigeria Rice 60 93 56 99 
Udoh & Etim (2007) SFA Nigeria Crops 180 74 1 98 
Al-hassan (2008) SFA Ghana Rice 482 53 12 88 
Al-hassan (2008) SFA Ghana Rice 250 51 15 75 
Balcombe et al (2008) bcDEA Bangladesh Rice 295 59 38 82 
Balcombe et al (2008) bcDEA Bangladesh Rice 295 64 40 85 
Mugera & Featherstone (2008) bcDEA Philippines Hog 126 33 1 100 
Mugera & Featherstone (2008) bcDEA Philippines Hog 126 41 3 100 
Ogundari (2008) SFA Nigeria Rice 96 75 29 100 
Rahman & Hasan (2008) SFA Bangladesh Wheat 293 90 65 99 
Rahman & Hasan (2008) SFA Bangladesh Wheat 293 86 55 99 
Rahman & Rahman (2008) SFA Bangladesh Rice 298 92 62 99 
Rahman & Rahman (2008) SFA Bangladesh Rice 298 91 63 99 
Bojnec & Latruffe (2009) SFA Slovenia Whole farm 130 54 43 70 
Bojnec & Latruffe (2009) DEA Slovenia Whole farm 130 59 44 75 
Anríquez & Daidone (2010) DEA Ghana household 2289 18 
Khan et al (2010) SFA Bangladesh Rice 150 95 60 99 
Khan et al (2010) SFA Bangladesh Rice 150 91 60 99 
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Table 2.1: Empirical efficiency estimates in developing country agriculture (continued) 

Authors and year of publication Approach Country Enterprise Sample Mean TE Min TE Max TE 

Kinkingninhoun-Mêdagbé et al.(2010) SFA Benin Rice 45 84 
Rahman (2010) SFA Bangladesh crops 1839 90 50 100 
Wouterse (2010) bcDEA Burkina Faso Crops 35 83 69 91 
Wouterse (2010) bcDEA Burkina Faso Crops 38 76 54 95 
Wouterse (2010) bcDEA Burkina Faso Crops 30 72 44 83 
Addai (2011) SFA Ghana Maize 453 64 10 96 
Bäckman et al (2011)  SFA Bangladesh Rice 360 83 16 94 
Ogunniyi & Oladejo (2011)  DEA Nigeria Tomato 150 55 3 100 
Ogunniyi & Oladejo (2011)  DEA Nigeria Tomato 150 42 3 100 
Theodoridis & Anwar (2011)  DEA Bangladesh Crops 240 82 44 100 
Theodoridis & Anwar (2011)  SFA Bangladesh Crops 240 82 55 98 
Theodoridis & Anwar (2011)  DEA Bangladesh Crops 240 77 43 100 
Gedara et al (2012)  SFA Sri Lanka Rice 460 73 
Nkegbe (2012)  SFA Ghana Crops 445 63 18 90 
Kuwornu et al (2013) SFA Ghana Maize 226 51 

 
Notes: DEA=Data Envelopment Analysis; bcDEA=bias-corrected DEA; SFA=Stochastic Frontier Analysis; BayeSFA=Bayesian Stochastic Frontier Analysis; 

observations=number of observations (sample size); Mean TE, Min TE, Max TE =Mean, Minimum, Maximum technical efficiency of sample respectively. 
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2.2.2 Empirical SFA efficiency studies in developing country agriculture 

The SFA approach has found wide application in efficiency analysis of 

agriculture in other developing countries. In studying technical efficiency and it’s 

determinants in China’s grain production, Tian and Wan (2000) estimated frontier 

production functions individually for rice, corn and wheat. Using panel data (1983-

1996) and a translog functional form with half-normal distribution of the error term 

in a single-stage estimation, the mean estimated technical efficiency for Japonica 

rice, Indica rice, corn and wheat are 91%, 95%, 85% and 86% in that order. The 

average level of education was found to have a negative effect on technical 

efficiency in rice but a positive effect on wheat and corn. Multiple cropping has a 

positive effect on efficiency in rice but a negative effect in wheat and corn while 

the proportion of cultivated area with appropriate irrigation and drainage facilities 

has a positive effect on efficiency in Indica rice, wheat and corn with an 

insignificant effect in the case of Japonica rice. 

Sherlund et al (2002) used panel data (1993-1995) from 464 traditional rice 

plots in Côte d’Ivoire to investigate smallholder technical efficiency controlling for 

environmental conditions such as soil erosivity, soil fertility, plot slope, pest 

infestation, weed density, plant disease among other variables. Using a two-stage 

translog specification, estimated technical efficiency without environmental 

variables was found to be 36%. The estimate increased to 77% when 

environmental conditions were accounted for in the model. As Sherlund et al 

(2002) noted the exclusion of environmental variables from efficiency models lead 

to omitted variable bias which tends to provide upward biased estimates of 

inefficiency and hence underestimated technical efficiency. The study showed that 

controlling for measurable environmental production conditions yields significantly 

lower estimates of technical inefficiency, different output elasticity estimates, and 

more intuitive and precise estimates of the sources of technical inefficiency.  
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Binam et al. (2004) used a single-stage Cobb-Douglas stochastic production 

frontier to estimate technical efficiency and its determinants for three cropping 

systems in Cameroon. Using a sample of 450 farmers (150 farmers for each 

cropping system) they reported technical efficiencies of 71%, 73% and 75%, for 

groundnut monocrop, maize monocrop and maize–groundnut farming systems. No 

significant differences were found among the mean technical efficiencies, implying 

that the estimated technical efficiencies are independent of cropping practices in 

Cameroon. Binam et al (2004) established that soil fertility, membership to a 

farmers club and access to credit significantly increase technical efficiency in all the 

cropping systems while distance of the farm from home significantly decreases 

efficiency. The level of farmer’s education was found to have a significant positive 

effect on technical efficiency in the monocropped maize system but was 

insignificant in the other systems. 

Latruffe  et al. (2004) equally use a single-stage Cobb-Douglas stochastic 

frontier specification to analyse the technical efficiency of crop and livestock farms 

in Poland (DEA technical efficiency results of this study have been discussed under 

section 2.3.1 above). The mean estimated technical efficiency for crop and 

livestock farms  were 73% and 88%. This study found that soil quality has significant 

positive effects on technical efficiency in both crop and livestock enterprises. The 

degree of market integration impacts positively on technical efficiency in crop 

farms but is insignificant in livestock farms.  

In a study of the factors affecting farm-specific efficiency in the savannah 

zones of West Africa, Okike et al. (2004) use a single-stage translog stochastic 

frontier approach with half-normal specification for the one-sided error term. 

Using cross-sectional data from a sample of 559 farmers in Nigeria, the study 

indicated the need to include ecological and socioeconomic variables in both the 

production function and the accompanying inefficiency equations. Failing to 

include these variables, such models may suffer from omitted variables bias. Mean 
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technical efficiencies of 62% and 76% were estimated for the Sudan savannah and 

Northern Guinea savannah. Continuous cropping had a significant positive effect 

while credit had a significant negative effect on technical efficiency in the Northern 

Guinea savannah. Okike et al. (2004) noted from previous studies on credit that, 

credit recovery is very low in certain zones while there are no sanctions for loan 

default. In such a case loan misapplication can be high, leading to ineffectiveness of 

credit for increasing productivity. In the Sudan savannah, ownership of livestock 

had a significant positive effect on technical efficiency. 

There are a number of other studies on the empirical estimation of technical 

efficiency in developing country agriculture and the associated factors determining 

efficiency that have used the stochastic frontier approach (Bäckman et al., 2011; 

Akhtaruzzaman et al., 2010; Ogundari, 2008; Oladeebo and Fajuyigbe, 2007; 

Rahman, 2010; Rahman and Rahman, 2008; Theodoridis and Anwar, 2011; Udoh 

and Etim, 2007; Villano and Fleming, 2006). These studies follow the general 

methodology of those already discussed in using either cross-sectional data or 

panel data, adopting a single-stage or two-stage estimation procedure and using a 

Cobb-Douglas or translog specification. One study, Bäckman et al. (2011) used a 

quadratic functional form for the production function. 

In the case of Ghana, there are a number of studies that have used the SFA 

approach. In a study of the economic efficiency of rice farmers in Northern Ghana, 

Abdulai and Huffman (2000) estimate profit efficiency and technical efficiency for a 

sample of 120 farmers using a translog profit and production function. The mean 

estimated profit efficiency was 73% while the mean estimated technical efficiency 

was 89%. The study found that higher education, access to credit, specialization in 

rice production and farm location in terms of access to extension and information 

services significantly increase profit efficiency of rice production. However, 

participation in non-farm activities tends to lower profit efficiency. In terms of 

policy, Abdulai and Huffman noted that the significance of the education variable 
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implies perceiving and responding efficiently to changes in market prices requires 

allocative ability which is acquired by investing in education and useful information. 

Another policy issue highlighted is that improving farmers’ access to institutional 

credit would improve efficiency. The significance of specialization suggests that 

channeling resources into rice production would improve efficiency. There is also 

evidence from this study for policy makers to consider improving the access of 

farmers in remote areas to extension services and agricultural information. 

Technical efficiency of rice production in Ghana has also been examined by Al-

hassan (2008). Using a two-stage approach, Al-hassan estimated production 

frontiers for samples of irrigated (250) and non-irrigated (482) rice farmers and a 

combined sample (732) in the first stage. There were four inputs (land, labour, 

capital and fertilizer) and a single output (quantity of rice). In the second stage, 

estimated technical efficiency from the production frontiers were regressed against 

factors affecting efficiency using OLS regression. From the OLS results, age, 

education, household size, experience in rice farming and access to extension 

significantly increase technical efficiency. 

Addai (2011) and Kuwornu et al. (2013) study technical efficiency of maize 

production in Ghana. Both studies used the translog functional form to 

simultaneously estimate the production frontier and technical inefficiency levels. 

Using a sample of 453 maize farming households, Addai (2011) obtains a mean 

technical efficiency estimate of 64%. The inputs used were farm size, labour, seed 

and fertilizer with a single output (quantity of maize grain). The inclusion and 

exclusion of environmental factors (rainfall amount and geographical location of 

farms) produced similar coefficient estimates (signs and significance). Differences 

between the with and without environmental variables models were that, in the 

production frontier farm size and the interaction between farm size and labour 

were significant only when environmental variables were excluded. In the 

inefficiency model, gender was significant only when environmental variables were 
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considered while use of hybrid seed was significant only when environmental 

variables were excluded. Kuwornu et al. (2013) estimate a mean technical 

efficiency of 51% for a sample of 226 maize farmers in the Eastern region of Ghana. 

Inputs in the production frontier model were fertilizer, agrochemicals, labour, seed 

and other material inputs (all inputs given per unit of cultivated land area). 

Important factors affecting efficiency in maize production from this study include 

extension visits, membership of a farmer-based organization, formal training in 

maize farming and credit. 

Nkegbe (2012) examined technical efficiency in crop production and 

environmental resource management in northern Ghana using the SFA approach. 

For a sample of 445 farms, Nkegbe estimates the mean technical efficiency to be 

63% and found that, credit and soil management practices significantly increase 

technical efficiency while off-farm income reduces efficiency. Summary information 

of all the stochastic frontier studies considered in this review is available in Table 

2.1.  

 

2.3 Technical efficiency and technology specification  

The discussion above has focused primarily on the main results from 

previous studies without any systematic discussion. Technical efficiency studies 

using frontier models can be classified according to estimation approach, type of 

data, functional form and technology representation. We examined the mean 

technical efficiency estimated in the studies discussed in section 2.2, on the basis of 

these technology characteristics. Some of the studies reported more than one 

technical efficiency estimate. In all, 107 estimates were reported from 62 studies. 

Estimates of average mean technical efficiency by technology specification 

are summarized in Table 2.2. In terms of estimation approach, the conventional 

SFA approach was used in the estimation of 77 out of the 107 technical efficiency 

estimates. This makes the stochastic frontier approach more popular than the 

nonparametric DEA approach (Table 2.2) among the sample of published papers 
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reviewed. Thirty seven of the 77 SFA technical efficiency estimates come from 

studies in Africa while the other 40 estimates are from studies in other developing 

countries. The Bayesian SFA approach was used in only one study (Kurkalova and 

Carriquiry, 2003).  

The average mean technical efficiency for Africa is lower than the 

corresponding value for other developing countries irrespective of the approach 

used. Overall, the average mean technical efficiency from stochastic frontiers (75%) 

is greater than the corresponding value from DEA frontiers (65%). This finding is 

supported by the theory on frontier technical efficiency. DEA attributes all 

deviation from the frontier to inefficiency. This leads to a downward and biased 

estimate of efficiency. Stochastic frontiers on the other hand decompose 

deviations from the frontier into a symmetric error component accounting for 

measurement error and factors beyond the control of the decision maker and a 

one-sided non-negative component representing inefficiency. As such stochastic 

frontiers tend to produce higher technical efficiency estimates compared to DEA. 

Table 2.2: Estimated technical efficiency by technology specification 

Average mean technical efficiency 

Approach Africa Other All 

Conventional SFA 71 (37) 79 (40) 75 (77) 
Bayesian SFA - 94 (1) 94 (1) 
DEA 62 (10) 67 (19) 65 (29) 
Data 

Cross-sectional 70 (45) 77 (39) 73 (84) 
Panel 57 (2) 74 (21) 73 (23) 
Functional form 

Cobb-Douglas 74 (24) 82 (17) 78 (41) 
Translog 65 (13) 78 (21) 73 (34) 
Other functional forms - 77 (3) 77 (3) 
Technology representation 

Primal 69 (45) 76 (60) 73 (105) 
Dual 67 (2) - 67 (2) 

  Note: The numbers in parenthesis equal the number of mean estimates 
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Cross-sectional data models were more popular than panel data models 

among the studies under review. Panel data models produced the same average 

mean technical efficiency (73%) compared with cross-sectional data models for the 

whole sample. From the studies on African agriculture, panel data models 

produced an average mean technical efficiency of 57% compared with 67% for 

cross-sectional data models. However, the difference between average mean 

technical efficiency of panel data models (74%) and cross-sectional data models 

(77%) for other developing countries is small.  

In terms of functional form, a good number of technical efficiency estimates 

were obtained using the Cobb-Douglas stochastic frontier formulation, although a 

larger number of estimates were obtained using the translog formulation. Only one 

study estimated technical efficiency estimate using the quadratic formulation. In a 

study of the determinants of technical efficiency of rice farms in Bangladesh, 

Bäckman et al. (2011) used a quadratic formulation to estimate a mean technical 

efficiency of 83% for a sample of 360 rice farms. Their choice of the quadratic form 

was influenced by statistical test of functional form. In view of the popularity of the 

translog form, Bäckman et al. (2011) advised that the choice of functional form 

should be based on appropriate statistical tests. The average mean technical 

efficiency for Cobb-Douglas, translog and other functional forms in the studies we 

reviewed are 77%, 73% and 77% (Table 2.2. Regardless of functional form chosen, 

studies from Africa produced lower average mean technical efficiency compared 

with other developing countries (Table 2.2). 

All the studies under discussion used the primal approach (direct estimation 

of the production function) except Abdulai and Huffman (2000) and Kolawole 

(2006) which used a dual approach. Previous studies note that the primal approach 

has been the common approach used for frontier estimation (Thiam et al., 2001). 

The approach in this review yielded an average mean technical efficiency of 73% 

compared to 67% from the dual approach. 
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We also examined the empirical estimates of technical efficiency on the 

basis of the type of enterprise studied. Rice is the most studied enterprise yielding 

34 mean technical efficiency estimates with an average of 79%. In general, single 

enterprise efficiency estimates dominate over whole farm or household level 

analyses. Chavas et al. (2005) has argued that because of the jointness of 

production technology, the appropriate level at which to carry out efficiency 

analysis is the household level that includes crop production, livestock production 

and non-farm production activities of the household. Most of the studies reviewed 

are at the farm level. Table 2.3 shows the distribution of estimated mean technical 

efficiency by the level of study. Only one study (Anríquez and Daidone, 2010) 

considered crops, livestock and nonfarm activities of the household in the 

estimation of technical efficiency. The overall average mean technical efficiency 

from the 66 studies in this review is 73% compared with an overall average mean 

technical efficiency of 72% found by Bravo-Ureta and Pinheiro (1993) based on 30 

studies focusing on developing country agriculture. 

Table 2.3: Estimated technical efficiency by enterprise type 

Average mean technical efficiency 

Enterprise/level of study Africa Other All 

Beans - 74 (1) 74 (1) 

Cassava 82 (3) - 82 (3) 

Coffee 42 (2) - 42 (2) 
Cotton 71 (1) 74 (3) 

Crops 73 (13) 77 (7) 74 (20) 

Groundnut 71 (1) - 71 (1) 
Household 18 (1) - 18 (1) 

Livestock - 58 (4) 58 (4) 

Maize 67 (9) 78 (2) 69 (11) 
Oil palm - 66 (1) 66 (1) 

Olives - 69 (4) 69 (4) 

Rice 72 (12) 79 (22) 76 (34) 
Tomato 49 (2) - 49 (2) 

Wheat - 85 (10) 85 (10) 

Whole farm 83 (3) 67 (7) 72 (10) 

Overall average 69 (48) 76 (60) 73 (018) 

Note: The numbers in parenthesis equal the number of mean estimates 
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2.4 Factors affecting technical efficiency in developing country agriculture 

An important component of efficiency analysis is to relate estimated 

efficiency to certain factors that are thought to influence efficiency. There are two 

approaches to accounting for the effect of factors that influence efficiency. The 

first is a two-step procedure which estimates the relative efficiencies of DMUs in a 

first step. In the second step, the efficiency estimates are regressed against 

exogenous factors that influence efficiency. The second approach is a one-step 

procedure that directly includes the exogenous factors when estimating the 

measures of efficiency (Battese and Coelli, 1995). The two-step approach has been 

criticized in the literature for introducing a persistent bias in the efficiency 

estimates in the first step that are carried forward into the second (Greene, 2008). 

The one-step approach is easily implemented in the SFA framework and has 

become popular in the empirical literature. Even then, some researchers argue in 

favour of the two-step approach in SFA estimation (Iráizoz et al., 2003). Coelli et al. 

(2005) provide methods for dealing with exogenous factors in the DEA framework 

and including the two-step approach. They recommend that the two-step approach 

be used in most cases. It is therefore not surprising that most empirical DEA work 

uses this approach. 

From a policy perspective if factors affecting efficiency can be established 

then appropriate strategies can be taken to improve efficiency and hence increase 

production. We examined the studies under review and found that factors 

frequently considered to influence technical efficiency include age, education, 

access to credit, extension services and nonfarm income. Other factors identified 

include farming experience, soil quality, household size, farm size and gender. 

Table 2.4 provides a summary of the results of factors affecting technical efficiency 

in developing country agriculture. The results suggest there is inconclusive 

evidence on how factors affecting technical efficiency impact on the estimated 

efficiency.
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Table 2.4: Consistency in findings of factors affecting technical efficiency 

  Number of studies reporting effect on technical efficiency 

Significant Insignificant 

Factor affecting technical efficiency positive effect negative effect positive effect negative effect total 

Education 32 6 20 12 70 
Age 13 15 8 25 61 
Experience 13 3 12 6 34 
Extension 12 4 7 10 33 
Credit 15 3 3 5 26 
Household  size  8 5 9 3 25 
Non-farm income 4 8 2 8 22 
Farm size 6 6 7 3 22 
Gender 3 2 9 7 21 
Soil quality 7 1 6 5 19 
Tenancy 7 3 5 3 18 
Membership of group 8 3 0 0 11 
Household labour 5 1 1 1 8 
Training 2 0 6 0 8 
Total output 5 1 1 0 7 
Improved varieties 7 0 0 0 7 
Multiple cropping 2 2 2 0 6 
Distance of farm from home 0 3 1 2 6 
Hired labour 0 0 3 3 6 
Irrigation 4 0 0 1 5 
Ownership of livestock 4 1 0 0 5 
Marital status 1 0 0 3 4 
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2.5 Synthesis of efficiency studies in developing country agriculture 

We examined 62 mostly refereed journal articles from 28 developing 

countries (11 African countries and 17 other developing countries) that 

estimated technical efficiency and established the factors affecting technical 

efficiency using sample data. In terms of methodological approach the studies 

reviewed either used the nonparametric DEA or parametric SFA. The SFA 

approach is more popular among these studies. SFA models are said to be more 

reliable than deterministic (DEA in the case of this review) models because the 

former account for statistical noise (Bravo-Ureta and Pinheiro, 1993).  

Most of the studies that used the DEA approach used the conventional 

DEA frontier methodology. Three of the DEA studies, however, used 

bootstrapping methods that permit valid inference in second-stage DEA analysis 

(Simar and Wilson, 2007). This shows that the application of bootstrapping 

methods in efficiency analysis of developing country agriculture is increasing. 

Both input-oriented and output-oriented DEA frontiers were used in these 

studies. The input-oriented frontiers are based on the assumption that the 

decision maker in a production process chooses the level of inputs while in the 

output-oriented frontiers the assumption is that the decision maker chooses the 

level of output to be produced. In the developing-country-agriculture setting, 

farmers have limited quantities of inputs (land, labour and capital) that they use 

to produce outputs to meet household consumption requirements as well as 

cash needs. In such a situation, farmers are focused on maximising output given 

their inputs. On this basis, the output-orientation would be the appropriate 

assumption for decision making by farmers. This thesis adopts the output-

orientation in the empirical analysis. In the second stage of analyses, the DEA 

studies either used the conventional DEA or the bootstrap DEA estimates in a 

Tobit regression model to investigate the factors that affect efficiency. 

However, Greene (2002) notes that when DEA efficiency scores are 

bootstrapped they no longer constitute a censored variable and that OLS should 

be used instead of Tobit. Other developments in the literature indicate Tobit is 
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an inappropriate estimation procedure in second stage DEA analysis. In a model 

considered by Simar and Wilson (2007), it has been demonstrated that 

truncated regression provides consistent estimates in the second stage DEA 

analysis while Banker and Natarajan (2008) proposed OLS for the second stage 

analysis. McDonald (2009) compared Tobit and OLS approaches and concluded 

that OLS or quasi maximum likelihood estimation (QMLE) methods (Papke and 

Wooldridge, 1993) should be used in second stage DEA analysis instead of Tobit. 

QMLE methods treat the DEA efficiency estimates as fractional data and apply 

complex programming techniques to provide asymptotically more efficient 

estimates compared to OLS. In spite of the overwhelming support for OLS in 

second stage DEA analysis, Simar and Wilson (2011) note that second stage OLS 

estimation is only consistent under certain assumptions on the data-generating 

process which limit its applicability. In the OLS model proposed by Banker and 

Natarajan (2008) the noise allowed must be bounded and bounds must be 

constant. In Simar and Wilson’s view, constant bounds for the noise allowed is a 

strong assumption, akin to assuming homoskedasticity, which is commonly 

violated with cross-sectional data. They (Simar and Wilson, 2011) concluded 

that the choice of a model for second stage DEA analysis should consider the 

restrictions that are required. Such restrictions should be tested on the basis of 

a coherent well-defined statistical model, according to the study. 

With regards to the SFA studies, the issues of concern relate to potential 

sensitivity of estimated results to choice of functional form and distributional 

assumptions for the inefficiency term. A number of studies (Nkegbe, 2012; 

Rahman and Hasan, 2008; Tian and Wan, 2000; Tijani, 2006) used the 

generalized likelihood ratio test to test for functional form. However, very few 

of the studies (Nkegbe, 2012; Theodoridis and Anwar, 2011) tested for the 

distribution of the inefficiency term. It is important that model selection in SFA 

is based on appropriate tests. The LR test is appropriate in testing for functional 

form as well as distributional assumptions about the inefficiency term.  
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In terms of the level of analysis of technical efficiency in developing 

country agriculture, household level analysis is considered the most appropriate 

level probably because of the organisation of agricultural households (Chavas et 

al., 2005). Majority of the studies reviewed were carried out at the individual 

crop/livestock enterprise level. Data unavailability is a major constraint to 

carrying out efficiency analysis at the appropriate level.  

An important observation from this review is the diversity of findings in 

relation to factors affecting technical efficiency. Results of technical efficiency 

studies are influenced by the number and type of variables included in the 

production function and the efficiency model. Unfortunately, there is no formal 

procedure which can be followed in deciding the variables to be included in the 

efficiency function versus the production function. In most empirical studies, 

conventional inputs such as labour and capital or their equivalents are usually 

included in the production function, with other variables included in the 

efficiency function (Tian and Wan, 2000). Coelli et al. (1999) has suggested that 

some of the variables should be included in both the efficiency models and 

production functions, but the variables to be included in both functions is again 

left to the subjective judgement of the analyst.  

As indicated above, we found only one study that used Bayesian frontier 

estimation framework. Bayesian frontier methods provide information that is 

not provided by sampling theory based methods (CSFA). One main advantage of 

the Bayesian approach is the ability to formally include information about 

parameters (based on previous studies) into the analysis through informative 

priors. In the Bayesian approach, the uncertainty concerning which sampling 

model to use is treated by mixing over a number of competing inefficiency 

distributions proposed in the literature with posterior model probabilities as 

weights. The choice of a particular distribution for the inefficiency term most 

favoured by the data can be made using Bayes factors or posterior odds ratio as 

a criterion for model selection (Kalirajan and Shand, 1999). Bayesian methods 

also provide the entire distribution of parameter estimates compared to point 



  

35 

estimates of sampling theory methods thereby creating the possibility for 

making probability statements about parameter estimates.  

Based on our review, we point out the following gaps in the literature on 

technical efficiency in developing country agriculture. 

• There are numerous efficiency studies in developing country agriculture 

using DEA and conventional SFA approaches. However, use of the Bayesian SFA 

approach is almost non-existent in the available literature. Understandably 

computational difficulty and substantial computer time requirement have made 

Bayesian SFA methods inaccessible in empirical studies until now. Recent 

improvements in computer processing capabilities and availability of Bayesian 

software packages such as WinBUGS (Griffin and Steel, 2007) would greatly 

facilitate the application of Bayesian SFA methods in empirical efficiency studies 

in agriculture to fill the gap in the literature. 

• Most of the studies in this review were carried out at the individual 

enterprise level. Farm households’ production activities can be categorized into 

crop production, livestock production and non-farm production. Given that 

there is jointness of production technology and that there may be 

synergies/competition among the categories of production activities, efficiency 

analysis should be carried out at the household level. If this is not possible, 

studies focusing on crops should consider the full complement of crops grown 

by the households. Similarly, studies focusing on livestock or non-farm activities 

should apply the same principle. More of such studies are required to better 

understand the efficiency performance of farm households. Unavailability of 

data on one or more of the inputs used and or outputs jointly produced by the 

household is a major constraint to studies considering the jointness issue. Once 

this information is available, standard multi-input/multi-output models can be 

applied. Studies focusing on the jointness issue should therefore focus on 

generating a dataset of all inputs used and all outputs produced by the 

household. 
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• An issue often ignored in efficiency analysis is the inclusion of 

environmental variables in empirical efficiency analysis. A few of the studies in 

this review examined the effect of environmental variables on estimated 

technical efficiency and concluded that the inclusion of environmental variables 

improves the efficiency of farms. Sherlund et al. (2002) estimated a mean 

technical efficiency of 36% for rice farms in the Ivory Coast without considering 

environmental factors compared with a mean of 77% when environmental 

factors were considered. Similarly Okike et al. (2004) estimated mean technical 

efficiency of 60% and 76% without and with environmental variables 

respectively for farms in Nigeria while the corresponding values for wheat farms 

in Bangladesh are 86% and 90% respectively (Rahman and Hasan, 2008). These 

results reiterate the need to incorporate environmental variables in efficiency 

modelling.  

• Climate change has great impact on agricultural productivity yet 

empirical efficiency analysis that take this into consideration is only beginning to 

emerge; see for example Mukherjee et al. (2013). Any empirical analysis of 

efficiency in agriculture that incorporates the effect of climate change would 

contribute to filling an existing gap in the literature.  
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CHAPTER 3 

METHODOLOGY 

This chapter presents the framework for the analysis of efficiency with 

particular reference to technical efficiency in agricultural production. It provides 

an overview of the theoretical concepts and the different approaches to the 

measurement and analysis of efficiency. The measurement of efficiency is based 

on the pioneering work of Farrell (1957) who drew on the work of Debreau 

(1951) and Koopmans (1951) to define technical efficiency as the ability of a 

firm to produce the maximum attainable output given the amount of inputs and 

technology used.  

The concept of a production function and how it relates to the 

measurement of technical efficiency is presented in Section 3.1. This is followed 

by the theoretical framework for estimating and analysing efficiency which is 

presented in 3 sections. The DEA framework for measuring and analysing 

efficiency is presented in Section3.2. Section 3.3 provides the concepts for 

analysing efficiency using the conventional SFA framework, while Section 3.4 

describes the Bayesian SFA framework for estimating and analysing efficiency. 

The empirical frameworks employed for this study are presented in the results 

chapters. 

3.1 Production functions and technical efficiency  

The production function shows the physical or technical relationship 

between output and inputs. It is more appropriately referred to as the 

production frontier in the efficiency measurement literature to reflect the fact 

that the function gives the maximum output that is technologically feasible 

(Coelli et al., 2005). The production function is represented as: 

( )y f x= ,         (3.1)   

where y is scalar output produced and x is a vector of inputs used. It is assumed 

that the decision maker (a farmer in this case) has effective control over the 
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vector of inputs. There are certain properties of production functions that are 

crucial to any economic analysis. The most important properties include 

(Chambers, 1988): 

(i) Nonnegativity: the value of ( )y f x= is a finite, non-negative number. 

(ii) Weak essentiality: the production of positive output is impossible 

without the use of at least one input. 

(iii) Quasiconcavity in x  : any linear combination of 0
x and 1

x each of which 

are capable of producing y  will produce an output that is no less than y . 

(iv) Nondecreasing in x : also known as monotnicity, this property means that 

additional use of an input would not decrease output.  

(v) The output set is closed 

(vi) Outputs are weakly disposable 

The last two properties are due to Färe and Primont (1995). 

 Economic theory requires that the production frontier be monotonically 

increasing in inputs and outputs for efficiency estimates from the frontier to 

have any meaningful interpretation. 

 

Figure 3.1: Non-montonic production frontier  

Source: Henningsen and Henning (2009) 
 

Figure 3.1 illustrates the problem that arises when monotonicity in the 

production frontier is violated. Firm A in Figure 3.1 is inefficient because it is 

below the frontier while firm B is efficient because it is on the frontier. But firm 
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B uses more of the input to produce the same outputs as firm A, implying that 

firm B uses the input less efficiently. As such the efficiency estimates obtained 

from this non-monotone frontier have no reasonable interpretation. 

Monotonicity restrictions can be imposed in the estimation of the frontier 

parameters and technical efficiency. Henningsen and Henning (2009) has 

demonstrated a three-step approach to imposing monotonicity on stochastic 

frontiers. In the first step an unrestricted SFA model is estimated. In the second, 

parameters of the production frontier β̂  and their covariance matrix ˆ
β∑ are 

extracted from the unrestricted estimation results and used in the following 

minimum distance estimation where the objective is to obtain β  parameters 

that are close to the original estimates but satisfy the expected monotonicity 

conditions:  

( ) ( )0 0 1 0ˆˆ ˆ ˆ ˆ ˆarg min ββ β β β β−= − ∑ −  

s.t. 0ˆ( , ) 0 ,if x i xβ ≥ ∀  

where, (.)if is the partial derivative of the restricted SFA frontier with respect to 

inputs. 

The restricted parameters in the minimum distance equation above can be 

estimated using quadratic programming. The parameters estimated in this step 

are theoretically consistent. Frontier output for each firm, calculated on the 

basis of the consistent parameter estimates, is used in the third and final step to 

estimate technical efficiency of the firms and the factors affecting technical 

inefficiency simultaneously. 

 The estimation of technical efficiency begins with a description of the 

structure of production technology. Given a list of p inputs and q outputs the 

production activities of DMUs can be defined by means of a set of points Ψ in 

the Euclidean space p q+
+� . The set Ψ  is known as the technology set (production 

technology) and is defined in terms of feasible input-output sets as follows (Fare 

et al., 1994; Färe and Primont, 1995): 

{ }( , ) | , , ( , ) is feasiblep qx y x y x y+ +Ψ = ∈ ∈� �      (3.2)  
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where x denotes a 1p × input vector of non-negative real numbers and y

denotes a non-negative 1q× output vector. The technology set can also be 

defined in terms of input requirement sets and output correspondence sets. The 

input set consists of all input vectors, x , which can produce a given output 

vector q
y +∈� . In notational form, 

( ) { : can produce } { : ( , ) }L y x x y x x y= = ∈ Ψ     (3.3)  

The input requirement set is illustrated in Figure 3.2 for the case of two inputs. 

  

Figure 3.2: The input requirement set 

 

The curved line in Figure 3.2 defines the boundary of the input requirement set. 

Any combination of 1x and 2x to the right of the line can produce y . 

Combinations of 1x and 2x in the region below the line are not feasible for the 

production of y . Thus the input requirement set is defined by L ( y ) which is the 

space to the right of the curved line. 

Similarly the output correspondence set is defined as 

( ) { : can produce } { : ( , ) }P x y x y y x y= = ∈ Ψ     (3.4)   

where ( )P x  is the output correspondence set. The output set represents the set 

1x  

2x  

( )L y  



  

41 

of all output vectors, y , that can be produced using the input vector p
x +∈� . 

Figure 3.3 illustrates the output correspondence set for the case of two outputs. 

 

 

Figure 3.3: the output correspondence set 

 

The curved line in figure 3.3 defines the boundary of the output correspondence 

set for two outputs ( 1y and 2y ) denoted as P( x ). Any combination of 1y and 2y

below (to the left of) the boundary can be produced by x . Combinations of 1y

and 2y in the region above (to the right of) the boundary are not feasible from 

the use of x . Thus the output correspondence set is defined by P( x ) which is the 

area bordered by the curved line and the 1y and 2y axes. 

The production set can also be obtained from the input set as follows: 

{ }( , ) | ( ), qx y x L y y +Ψ = ∈ ∈�       (3.5) 

It also holds that: 

( , ) ( ), ( )x y x L y y P x∈ Ψ ⇔ ∈ ∈       (3.6) 

which implies that the input and output sets are equivalent representations of 

the technology, as Ψ . The technology set is illustrated by the technology graph 

in figure 3.4. 

( )P x  

2y

1y  
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Figure 3.4: The technology set for a single input and single output case 

 

The boundaries of the technology set define efficient frontiers in radial 

terms. The radial input-oriented efficiency boundary is defined by: 

( ) { | ( ),θ ( ) 0 θ 1}L y x x L y x L y∂ = ∈ ∉ ∀ < <      (3.7)   

where ( )L y∂ defines the “radially efficient” pairs ( , )x y  and θ  is a measure of 

input use efficiency for a given point ( , )x y  which is defined as: 

( , ) inf{ | ( )}x y x L yθ θ θ= ∈        (3.8) 

The output and input sets define production possibility frontiers against 

which the technical efficiency performance of production activities can be 

measured. Any production activity that is on the frontier is technically efficient 

while activities off the frontier are inefficient. Thus the distance of a production 

activity from the frontier is a measure of its efficiency. On this basis, distance 

functions can be defined. The distance function can be output-oriented, input-

oriented or directional distance function. Definitions of the functions are 

presented below for the sake of completeness. 
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Output distance function:  

( , ) inf{ 0 : ( , ) }oD x y x y
µ

µ µ= > ∈ Ψ        (3.9) 

where µ  is the distance from y  to the boundary of production possibilities 

along a ray from the origin through y  to the boundary. An output distance 

function takes an output-expanding approach to the measurement of the 

distance from a producer to the boundary of production possibilities. It gives 

the minimum amount by which an output vector can be deflated and still 

remain producible with a given input vector (Kumbhakar and Lovell, 2000). It 

can be shown that the distance measure ( , )oD x y depicted in Figure 3.4 and the 

inefficiency effect u described in Figure 3.6, are connected by the identity,

ln ( , )ou D x y≡ − . For mathematical details on this identity, the reader should 

refer to Coelli and Perelman (2000). The input distance function on the other 

hand is defined as:  

( , ) max{ : ( )}ID y x x L yλ λ= ∈        (3.10) 

where λ  is the distance from a producer to the boundary of production 

possibilities. An input distance function adopts an input-conserving approach to 

the measurement of the distance from a producer to the boundary of 

production possibilities. It gives the maximum amount by which a producer’s 

input vector can be radially contracted and still remain feasible for the output 

vector it produces (Kumbhakar and Lovell, 2000). The directional distance 

function is defined as: 

( , ; ) sup{ : ( , ) )x yD x y g x g y gβ β βΨ = − + ∈ Ψ
�

    (3.11) 

where ,( )
x y

g g g=  is a chosen vector and β is a scalar measure. The directional 

distance function measures distance along a chosen vector (not necessarily 

through the origin) to the boundary of production possibilities (Färe and 

Grosskopf, 2005). It contracts the input vector and expands the output vector at 

the same time, which moves the producer towards the technology frontier. 

Given the description of the production technology above, the technical 

efficiency of a DMU can be measured in radial terms (Farrell, 1957) by the 
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distance of the DMU from the frontier of the production technology. All points 

on the technology frontier are deemed technically efficient while points off the 

frontier are technically inefficient. We illustrate this radial measurement of 

technical efficiency using Figure 3.4. In Figure 3.4, the point A is on the frontier 

and is taken to be technically efficient. On the other hand point B does not lie 

on the frontier and is considered to be technically inefficient. The technical 

efficiency (TE) of point B can be estimated in two ways either using an input 

orientation or an output orientation. The input orientation adopts an input 

conserving approach in the production of a given output vector while the 

output orientation adopts an output expansion approach for a given vector of 

inputs. From an input orientation perspective, a DMU at point B in Figure 3.4 

would have to move to point C to become technically efficient and the technical 

efficiency of point B is expressed as
1

2x

x
TE

x
= , where xTE denotes an input-

oriented measure of technical efficiency. Similarly from an output orientation 

perspective, a DMU at point B would have to move to point D in order to be 

technically efficient and the output-oriented TE of point B is expressed as

1

2y

y
TE

y
= , where y

TE denotes an output-oriented measure of technical 

efficiency. 

Once the production technology is defined the next step in estimating 

technical efficiency is to decide on the frontier estimation approach to use. 

There are three main approaches in the available literature on the 

measurement of technical efficiency viz. nonparametric, semi-parametric and 

parametric approaches. Nonparametric approaches that include Data 

Envelopment Analysis (DEA) and Free Disposal Hull (FDH) make use of linear 

programming techniques. DEA is the most commonly used nonparametric 

approach in empirical research studies. The main advantage of DEA is that it 

does not require the specification of a functional form for the production 

function. A major disadvantage of DEA is its sensitivity to outliers in the data 

(statistical noise). Parametric approaches rely on the specification of a 
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functional form for the production technology and the estimation of parameters 

of the function using econometric methods. Parametric frontier methods are 

divided into deterministic and stochastic methods, the latter is more popular in 

the available literature. The main advantage of SFA methods is their 

accommodation of a composed error term which permits a distinction between 

inefficiency and factors beyond the control of the decision maker in assessing 

performance. Semi-parametric approaches combine the attributes of 

nonparametric and parametric approaches (have nonparametric and parametric 

components). The DEA and SFA frameworks for efficiency analysis are presented 

in the next sections. 

 

3.2 Data envelopment analysis framework 

Among the alternative approaches to the measurement of efficiency and 

productivity are index numbers, parametric, semi-parametric and 

nonparametric. Index number approaches require price information and 

behavioural assumptions about the decision maker (Hailu and Veeman, 2001; 

Pittman, 1983; Repetto et al., 1997). The choice of a particular index number 

formula also means restrictions about the functional form of the underlying 

technology (Diewert, 1976). Parametric approaches similarly impose a 

functional form using output and input distance function representation in 

multi-output production technologies (Coggins and Swinton, 1996; Färe et al., 

1993; Hailu and Veeman, 2000). The nonparametric approaches have the 

advantage that they do not impose a priori restrictions on the functional form of 

the underlying technology (Färe et al., 1985; Varian, 1984).   DEA is the most 

widely used nonparametric approach in empirical efficiency analysis.  

The DEA approach to the measurement of efficiency was introduced by 

Charnes et al (1978) who assumed constant returns to scale in the model 

framework. This initial model referred to as the CCR model, built on earlier work 

by Koopmans (1951) in the analysis of production as an efficient combination of 

activities. The CCR model was later extended by Banker et al (1984) to include 
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variable returns to scale in a DEA framework known as the BCC model. Given a 

sample n  DMU using a vector of k inputs to produce a vector of m outputs and 

following the approach of Ray (2004), the input-oriented DEA technical 

efficiency of a DMU involves the solution of the following linear programming 

(LP) problem: 

,
Min , ( : , )i ix y

θ λ
θ θ , subject to: 

1

;
N

ij j i i

j

x xλ θ
=

≤∑    

1

M

ij j i

j

y yλ
=

≥∑          (3.12) 

1

1
N

ij

j

λ
=

=∑  

0 ( 1, 2,3,..., )i i Nλ ≥ =  

where iθ  is technical efficiency estimate to be calculated for thi DMU and 

interpreted as the proportion to which the input vector of the thi  DMU can be 

contracted and still remain feasible for the output vector iy , imy  is quantity of 

the thm output produced by the thi DMU with (1, ),m M∈ ikx  is the quantity of 

input thk  used by the thi DMU with (1, )k K∈ and λ  is a non-negative intensity 

variable used to scale individual observed activities for constructing the 

piecewise linear technology. Note that λ  is a matrix 11( with ,..., ).
ij NN

λ λ λ  A DMU 

is considered to be technically efficient if 1=θ , while a DMU with 1<θ  is 

considered to be technically inefficient.  

The model above assumes variable returns to scale (VRTS). It can be 

argued that VRTS DEA frontier is the appropriate frontier in farm production 

analysis. Because of differences in the production environment and production 

preferences of farmers, rational producers would not always end up with the 

same bundles of inputs/outputs. However, deleting 
1

1
N

j

j

λ
=

=∑  from the 

constraints imposes CRTS, while replacing it with equation (3.12) imposes non-

increasing returns to scale (NIRTS):     
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1

1
N

j

j

λ
=

<∑          (3.13) 

 The output-oriented measure of technical efficiency under VRTS is 

obtained from the solution of the following LP problem:  

,
TE( , ) Max , ( : , )i i i ix y x y

φ λ
φ φ= , subject to: 

1

N

ij j i

j

x xλ
=

≤∑  

1

N

ij j i i

j

y yλ φ
=

≥∑          (3.14) 

1

1
N

ij

j

λ
=

=∑ 0 ( 1,2,3,..., )
j

j Nλ ≥ =  

where 1

iφ−

 is the technical efficiency estimate to be calculated for each DMU and 

the other symbols are as defined in the input-oriented LP problem. Again 

deleting 
1

1
N

j

j

λ
=

=∑  in the constraints provides the CRTS technical efficiency 

estimate and replacing it with equation (3.13) gives the NIRTS estimate of 

technical efficiency. To obtain efficiency estimates for the sample, the LP has to 

be solved N times, once for each DMU. 

If the solutions for the VRTS, CRTS and NIRTS DEA frontiers are available 

for each DMU, scale efficiency (SE) can be calculated and the nature of returns 

to scale (RTS) for each DMU determined. Figure 3.5 illustrates the three DEA 

frontiers. It can be used to illustrate the estimation of technical efficiency and 

how to calculate SE and determine the nature of RTS.  
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Figure 3.5: DEA frontiers. Source: Coelli et al. (2005) 

Let CRTSTE  and VRTSTE  denote technical efficiency under CRTS and VRTS 

respectively. Under CRTS, the input-oriented technical efficiency of point P is

CRTSTE APc AP= ; under VRTS, the technical efficiency of this point is

VRTSTE APv AP= . The difference between the two measures is due to scale 

inefficiency. SE is calculated as CRTS

VRTS

TE APc
SE

TE APv
= = . If we denote technical 

efficiency under NIRTS as NIRTSTE , SE can be decomposed as follows.  

There are increasing returns to scale if 

1 and 1CRTS CRTS

VRTS NIRTS

TE TE

TE TE
< =        (3.15) 

There are decreasing returns to scale if  

1 andCRTS CRTS

VRTS NIRTS

TE TE

TE TE
<        (3.16)  

There are constant returns to scale if  

CRTS VRTS NIRTSTE TE TE= =        (3.17) 
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There are two groups of farms that constitute the CRTS, those that are both 

technically and scale efficient and those that are technically inefficient but scale 

efficient (Mugera and Langemeier, 2011). For analytical purposes, the former 

group is considered to be operating under constant returns to scale (CRTS), i.e.: 

1CRTS VRTS NIRTSTE TE TE= = =        (3.18) 

and the latter group is considered to operate under the most productive scale 

size (MPSS), i.e.:  

1CRTS VRTS NIRTSTE TE TE= = <        (3.19) 

  DEA efficiency estimates are sensitive to sampling errors in the data. 

Ignoring these errors in the estimation can lead to biased DEA estimates and 

misleading results. This statistical constraint can be overcome by using 

bootstrapping procedures in the estimation of DEA technical efficiency. 

Bootstrapping is a method of testing the reliability of a data set by creating a 

pseudo-replicate data set. Bootstrapping allows you to assess whether the 

distribution has been influenced by stochastic effects and can be used to build 

confidence intervals for point estimates, which normally cannot be derived 

analytically. It must be emphasized that bootstrapping only helps to eliminate 

sampling errors, but does not help with omitted variable errors. Random 

samples are obtained by sampling with replacement from the original data set, 

which provides an estimator of the parameter of interest. Bootstrapping is 

particularly useful when there is no a priori knowledge about the data 

generating process (Gocht and Balcombe, 2006). There are a number of 

bootstrapping procedures, of which the smooth homogenous bootstrap 

procedure of Simar and Wilson (1998; 2000) is the preferred method for 

providing consistent efficiency estimates. A complete and detailed description 

of the procedure can be found in Simar and Wilson (1998; 2000; 2007). The 

bootstrapping procedure is outlined below as described in Gocht and Balcombe 

(2006). 
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(i) For each DMU k given the input–output data ( , , ) 1,...,k kx y k n= , compute 

ˆ
kθ by the linear program to get the efficiency estimators.  

(ii) Resample with replacement, n technical efficiency estimates from the set 

of original estimates }{ ˆ,...θ . Let *ˆ
iθ , i = 1,…, n, denote the resampled 

efficiencies. To achieve smoothing, a small perturbation is added to *ˆ
iθ , 

and second, a correction of the re-sampled sequence is applied. First a 

small perturbation hε is added to *ˆ
iθ , where h denotes the bandwidth 

parameter and ε is drawn i.i.d. from a standard normal distribution, to 

generate the smoothed pseudo-efficiency *

iθ� as 

* *

*

*

if 1

2 ( ) otherwise.

i i

i

i

h h

h

θ ε θ ε
θ

θ ε

 + + ≤
= 

− +

�      (3.20)  

An important aspect of the smoothing process is the choice of the 

bandwidth. There are several approaches available for selecting h as 

discussed in Silverman (1986).  The method used here is the reflection 

method. The final smoothed re-sampled efficiencies denoted as *

iθ
�� , are 

obtained by correcting *

iθ� as  

* * * * 2 2

ˆ
ˆ( ) / 1i i h

θ
θ θ θ θ σ= + − +
�� � ,     (3.21) 

where * *

1

1/
n

i

i

nθ θ
=

= ∑ � and 2

ˆ
ˆ

θ
σ is the sample variance of * *

1
ˆ ˆ,..., nθ θ . 

(iii) Compute a new dataset  

 
* *ˆ{( , ) | 1,..., }, where ( ) ,{ 1,..., }b ib i ib i ib iX x y i n x x i nθ θ= = = =  

(iv) Compute the bootstrap efficiency estimates *ˆ{ | 1,..., }i i nθ = by solving the 

DEA model for each DMU using the new data *

bX . Repeat step (2) – (4) B 

times to provide for 1,...,k n=  a set of estimates *

,
ˆ{ | 1,..., }k b b Bθ = . The 

bootstrap efficiency estimates *ˆ
kθ represent approximations to the DEA 

efficiency estimates ˆ
kθ , just as the DEA efficiency estimates represent 

approximations to kθ  
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The estimation of technical efficiency constitutes what is commonly 

referred to as a first stage in cases where further analysis is done to explain 

technical efficiency. After estimating technical efficiency in the DEA, if data 

exists, one could determine the factors accounting for variability in technical 

efficiency among the DMUs. This is normally done through regression analysis. 

The regression model can be stated as  

iTE zδ ζ= +          (3.22) 

where TE is the estimated DEA technical efficiency, iz is a vector of factors that 

affect technical efficiency, ζ is a symmetric error term and δ is a vector of 

unknown parameters to be estimated. Equation (3.22) can be estimated using 

Tobit regression and truncated regression as alternatives if TE is obtained using 

conventional DEA estimation. On the other hand, Ordinary Least Squares 

regression (OLS) is appropriate if the bias-corrected (bootstrapped) DEA 

technical efficiency estimates are used. The choice of a regression model for the 

second stage DEA analysis (Tobit, truncated regression or OLS) has been 

discussed in section 2.4 of Chapter 2. 

 

3.3 Stochastic frontier analysis framework 

The stochastic frontier model is very popular in the literature on the 

measurement of efficiency (production, cost, revenue, profit) of DMUs. The 

model was originally proposed by Aigner, Lovell and Schmidt (1977) and 

Meeusen and van den Broeck (1977) has the following form: 

( ; ) exp( )i i iy f x β ε= +        (3.23) 

;i i i iv u vε = − −∞ ≤ ≤ ∞ and 0iu ≥  

where iy is the observed outcome of the ith DMU, ix is a vector of inputs and β  

is a vector of unknown parameters to be estimated; (.)f is an appropriate 

functional form such as the Cobb-Douglas or translog. The error term iε is 

decomposed into iv (a symmetric error term) which takes account of 

measurement errors and factors beyond the control of the production unit and 
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iu a non-negative one-sided error term representing technical inefficiency 

effects. Following Battese and Coelli (1995), the technical inefficiency effects 

term is determined by a vector of exogenous variables iz  and iδ  (a vector of 

unknown parameters to be estimated), where:  

i i iu zδ=          (3.24) 

Equations (3.23) and (3.24) are normally jointly estimated by the 

maximum likelihood (ML) approach. This provides a means by which the 

differences between the output of a DMU and the frontier output can be 

examined statistically by calculating variance parameters which relate the 

variance of iu  to the composed variance of iε (Kalirajan, 1981). The variance 

parameters are expressed as follows: 

2 2 2

v uεσ σ σ= + , 
22

u ε
γ σ σ= and 0 1γ≤ ≤      (3.25) 

where 2

εσ  is total (composed) error variance, 2

vσ  is variance in the symmetric 

error term and 2

uσ  is technical inefficiency variance. The parameter γ is defined 

as the total variation in output from the production frontier that can be 

attributed to technical efficiency (Battese and Corra, 1977).  

In the ML approach, it is often assumed iv  follows a normal distribution 

and iu may have an exponential, half-normal, or truncated-normal distribution, 

with the truncated-normal being the most commonly used distribution in 

empirical studies (Lai and Huang, 2010).  Extensions of the standard SFA model 

are focused on modifications of the distribution of the one-sided error iu , 

especially in relation to the possible effects of some exogenous variables on 

inefficiency of DMUs. Lai and Huang (2010) note that such extensions include 

allowing either one or both of the mean and variance of the truncated-normal 

distribution to depend on some exogenous variables. Two typical specifications 

on iu distinguished according to the settings of their mean functions are the 

generalized mean model (GLM) and the generalized exponential model GEM). 

The GLM assumes that the conditional mean function of iu before truncation is 

linear in the exogenous variables iz so that T 0i i iu z wδ= + ≥ has the distribution
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T 2

,( , )i i u iu N zδ σ+
∼ , where iw is an error term. The distribution of iu is equivalent to 

assuming that T

i i iw u zδ= −  is distributed as a truncated normal distribution with the 

truncated point at T

izδ− and variance 2

,u iσ . In a more general setting 2

,u iσ  is assumed to 

be a function of the exogenous variables iz , which implies
T

02( )2

,
iz

u i
e

γ γσ += . The 

distribution of iu in the GLM is therefore given as 

( )T
02( )T

0 ,e iz

i iu N z
γ γδ δ ++ +∼        (3.26) 

In the GEM, the conditional mean function before truncation is assumed to be 

exponential and both the mean and variance of iu  are assumed to be functions of the 

exogenous variables iz . So the distribution of iu  in the GEM is given as 

( )T T
0 0( ) 2( )

e ,ei iz z

iu N
δ δ γ γ+ ++

∼        (3.27) 

If we denote the GLM as model 0 and the GEM as model 1, we find that commonly 

specified SFA models in the literature are either nested in GLM or GEM. For a start, the 

half-normal model of Aigner et al. (1977) here after ALS was modified by allowing a 

nonzero mode, creating a general truncated normal distribution attributed to 

Stevenson (1980). When γ in the GEM is zero, the model reduces to the scaled 

Stevenson model in which the distribution of iu is given by 
T

2. ( , )iz

i uu e u
δ µ σ+

∼ . The 

RSCFG model of Reifschneider and Stevenson (1991), Caudill and Ford (1993) and 

Caudill et al. (1995) is nested in the GLM and GEM models by assuming 

0 0and 0δ δ= = in GLM or 0 and 0δ δ= −∞ = in the GEM. Another model that is very 

popular in the literature is the KGMHLBC model of Kumbhakar et al. (1991), Huang and 

Liu (1994) and Battese and Coelli (1995). The KGMHLBC model is obtained from the 

GEM by assuming 0γ = , so that the distribution of iu becomes 
T

2( e , )iz

i uu N
δµ σ+

∼ in 

the KGMHLBC model. Lai and Huang (2010) has provided a schematic presentation of 

the relationships of other model specifications on iu to GLM and GEM and to the ALS 

model. The Schematic representation is reproduced in Figure 3.6 for reference. 



  

 

5
4 

 

Figure 3.6: Relationships among various SFA models
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The truncated-normal distribution has been used in this thesis so we provide 

the theory of this procedure below. Given the probability density functions for iv  

and iu , the truncated-normal ML procedure for estimating technical efficiency of 

each DMU, as described in Kumbhakar and Lovell(2000), is outlined below. The 

normal-truncated normal model, introduced by Stevenson (1980) is a generalized 

form of the normal-half normal model. In terms of its formulation the normal-

truncated normal model generalises the one-parameter half-normal distribution by 

allowing the normal distribution, which is truncated below at zero, to have a non-

zero mode. As such the truncated normal contains an additional parameter µ that 

has to be estimated. The distribution of iu is given as 2 iid ( , )
i u

u N µ σ+
∼ while that of 

iv  is ~ (0, )i vv iid N σ ; 
iv and

iu are distributed independently of each other and of the 

input vector. The density functions of v and u are given as 

2

2

1
( ) .exp

22 vv

v
f v

σπσ

 
= − 

 
  and      (3.28) 

21 ( )
( ) .exp

22 ( ) uu u

u
f u

µ

σπσ µ σ

 −
= − 

Φ  
     (3.29) 

The joint density function of v  and u   is 

2 2

2 2

1 ( )
( , ) .exp

2 ( ) 2 2u v u u v

u v
f u v

µ

πσ σ µ σ σ σ

 −
= − − 

Φ  
    (3.30) 

The joint density function of u andε is given as 

2 2

2 2

1 ( ) ( )
( , ) .exp

2 ( ) 2 2u v u u v

u u
f u

µ ε
ε

πσ σ µ σ σ σ

 − +
= − − 

Φ  
   (3. 31) 

The marginal density function of ε is obtained by integrating u out of equation 

(3.29) as follows: 

0
( ) ( , )f f u duε ε

∞

= ∫  

=
2

2

1 ( )
. .exp

22 ( )u

µ ελ ε µ

σλ σ σπσ µ σ

 + 
Φ − −  

Φ    
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 =

1

1
. . .

u

ε µ µ ελ µ
φ

σ σ σλ σ σ

−
  +   

Φ − Φ     
       

,     (3.32) 

where 
1
22 2( )  andv u u vσ σ σ λ σ σ= + = , (.)Φ  and (.)φ are the standard normal 

cumulative and density functions. Given input and output data for a sample of n  

DMUs, the log likelihood function is given by 

2

1 1

1
ln constant ln ln ln

2

n n
i i

i iu

L n n
ε λ ε µµ µ

σ
σ σλ σ σ= =

  +   
= − − Φ + Φ − −     

    
∑ ∑  (3.33) 

where 21
u

σ λσ λ= + . Equation (3.33) can be maximised to obtain maximum 

likelihood estimates of all the parameters.  

Using the conditional distribution of ( | ),f u ε we can obtain the mean and 

mode of
iu , either of which may be used to estimate the technical efficiency of 

each DMU. The conditional distribution is given by 

2

2

** *

( | ) 1 ( )
( | ) .exp

( ) 22 [1 ( / )]

f u u
f u

f u

ε µ
ε

σπσ µ σ

 −
= =  

− Φ −  

�

�
   (3.34) 

The distribution of ( |ε)f u is 2

*( , ),N µ σ+
� where 2 2 2( )/

u v
µ σ ε µσ σ= − +� and 

2 2 2 2

* / .
u v

σ σ σ σ=  The mean and mode are given as (Kumbhakar and Lovell, 2000): 

*
*

* *

( )
( | )

1 ( )

i i
i i

i

E u
µ φ µ σ

ε σ
σ µ σ

 
= + 

− Φ − 

� �

�
 
and     (3.35) 

if 0,
( | )

0 otherwise

i i

i iM u
µ µ

ε
≥

= 


� �
      (3.36) 

Given point estimates of iu , the technical efficiency of each DMU is obtained from  

{ }ˆexpi iTE u= − ,        (3.37a) 

where ˆ
iu is either ( )|i iE u ε  or ( )|i iM u ε . Battese and Coelli (1988) provides an 

alternative estimator for the technical efficiency estimate as  

}{ 2* * * 1
* *2

* *

1 ( )
(exp{ }| ) .exp

1 ( )

i
i i i i

i

TE E u
σ µ σ

ε µ σ
µ σ

 − Φ −
= − = − + 

− Φ − 
  (3.37b) 
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3.4 Bayesian stochastic frontier framework 

This section provides a background to Bayesian econometric analysis and 

shows how the Bayesian approach is used in the analysis of stochastic frontier 

models. The Bayesian approach to inference provides an alternative to the classical 

econometric approach in the SFA framework. Important differences between 

classical econometrics and Bayesian econometrics are discussed in Dorfman (1997). 

These differences serve to illustrate the advantages of Bayesian approaches over 

classical econometric approaches. In the Bayesian approach to inference (Coelli et 

al., 2005): 

(i) Estimators are chosen based on their ability to minimise the loss associated 

with an estimation error. 

(ii) Results are usually presented in terms of probability density functions 

(PDFs). As such it is possible to make probability statements about unknown 

parameters, hypothesis and models. 

(iii) There is a formal mechanism for incorporating non-sample information into 

the estimation process. 

(iv) Exact finite-sample results can be obtained for most estimation problems. 

Pre-sample information (such as information from economic theory) about 

parameters of the model is summarized in the form of prior PDF in the Bayesian 

framework. Sample information (information contained in the data) is summarized 

in the form of a likelihood function. In the context of Bayesian econometric 

analysis, let the unknown parameters of the model be β (vector of coefficients) 

and σ (standard deviation). The prior PDF is denoted as ( , )p β σ and the likelihood 

function as ( | , )L y β σ . Combining these two types of information using Bayes’ 

theorem gives 

( , | ) ( | , ) ( , )p y L y pβ σ β σ β σ∝       

 (3.38)where y is the observed data and ( , | )p yβ σ is the posterior PDF. 

Equation (3.38) states that the posterior PDF is proportional to the likelihood 
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function times the prior PDF. The posterior PDF is the basis for Bayesian inference, 

including point and interval estimation, hypothesis testing and prediction.  

 The Bayesian approach invariably involves the evaluation of complex 

integrals which are analytically intractable (Coelli et al., 2005). We use the 

illustrative example of Coelli et al. (2005) to make this point clear. Let θ  be a vector 

of unknown model parameters. Any value a Bayesian analyst would want to 

calculate can be written in the form 

{ ( ) | ) ( ) ( | )E h y h p y dθ θ θ θ
∞

−∞

= ∫        (3.39) 

where ( )h θ  is some function of θ  and ( | )p yθ  is the PDF of θ  given y . If, for 

example, ( , )θ β σ= and 2σ is the optimal Bayesian point estimate of interest, we 

set 2( )h θ σ= . On the other hand if we are interested in the probability that 
kβ is 

contained in an interval, we set ( )h θ equal to an indicator function that takes the 

value of 1 if kβ is contained in the interval and 0 otherwise. In practice equation 

(3.39) would be very difficult if not impossible to evaluate. However, if a random 

sample 1 2 3, , ,..., sθ θ θ θ is drawn from ( | )p yθ the integral (3.39) can be estimated 

equation (3.40) (provided S is large) using the sample mean value 

1

1ˆ( ) ( )
S

s

s

h h
S

θ θ
=

= ∑         (3.40) 

 There are methods for drawing random samples (simulating) from the PDF. 

These are simple Monte Carlo methods that yield samples of independent 

observations, or more sophisticated methods that yield chains of correlated 

observations that have the properties of Markov processes and are therefore 

known as Markov Chain Monte Carlo (MCMC) algorithms (Coelli et al., 2005). 

MCMC methods are currently the most popular in Bayesian frontier analysis and 

might employ the Gibbs sampler algorithm or the Metropolis-Hastings algorithm.  

 The MCMC with Gibbs sampling is a technique for obtaining a sample from a 

joint distribution of a random vector θ  by taking random draws from full 
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conditional distributions (Osiewalski and Steel, 1998). A detailed description of the 

technique can be found in Gelfand and Smith (1990), Casella and George (1992), 

and Tierney (1994). The Gibbs sampler procedure as outlined in Osiewalski and 

Steel (1998) can be described as follows: 

Assume we can partition α into ( 1,..., p
θ θ′ ′ ) in such a way that sampling from each of 

the conditional distributions (of 
iθ  given the remaining subsectors; 1,...,i p= ) is 

relatively easy. Then the Gibbs sampler consists of drawing from these distributions 

in a cyclical way. That is, given the thq draw, ( )qθ , the next draw, ( 1)qθ + , is obtained 

in the following pass through the sampler: 

( 1)

1

qθ + is drawn from ( )

1 2 2( | ,..., )q q

p pp θ θ θ θ θ= =  

( 1)

2

qθ + is drawn from ( 1) ( )

2 1 1 3 3( | , ,..., )q q q

p p
p θ θ θ θ θ θ θ+= = =  

... 

( 1)q

pθ + is drawn from ( 1) ( 1)

1 1 1 1( | ,..., )q q

p p pp θ θ θ θ θ+ +
− −= = . 

Note that each pass consists of p steps, i.e. drawing from the p subsectors ofθ . 

The starting point is arbitrary. Under certain general conditions (irreducibility and 

aperiodicity), the distribution of ( )qθ converges to the joint distribution, ( )p θ as q

tends to infinity. Thus, we draw a sample directly from the joint distribution in an 

asymptotic sense. A Markov chain with invariant distribution πis irreducible if, for 

any initial state, it has positive probability of entering any set to which πassigns 

positive probability. A chain is periodic if there are portions of the state space it can 

only visit at certain regularly spaced times; otherwise, the chain is aperiodic 

(Tierney, 1994). See Tierney (1994) and Cline and Pu (1998) for descriptions of 

irreducibility and aperiodicity.  

 The Metropolis–Hastings algorithm works by generating a sequence of 

sample values in such a way that, as more and more sample values are produced, 

the distribution of values approximates the desired distribution, P(x). These sample 

values are produced iteratively with the distribution of the next sample being 
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dependent only on the current sample value (thus turning the sequence of samples 

into a Markov chain). Specifically, at each iteration the algorithm picks a candidate 

for the next sample value based on the current sample value. Then, with some 

probability, the candidate is either accepted (in which case the candidate value is 

used in the next iteration) or rejected (in which case the candidate value is 

discarded, and the current value is reused in the next iteration). The probability of 

acceptance is determined by comparing the likelihoods of the current and 

candidate sample values with respect to the desired distribution p(x). The MCMC 

with Metropolis-Hastings algorithm requires the specification of an arbitrary 

transition (proposal) density, ( | )tQ x x′ , that is easy to simulate from (Coelli et al., 

2005). We can then draw observations from the target density ( )p x as follows. 

Suppose the most recent value sampled is tx . To follow the Metropolis–

Hastings algorithm, we next draw a new proposal state x′ with probability density

( | )tQ x x′ , and calculate a value 

1 2a a a=  

where 

1

( )

( )t

p x
a

p x

′
=    

is the likelihood ratio between the proposed sample x′ and the previous sample tx , 

and 

2

( | )

( | )

t

t

Q x x
a

Q x x

′
=

′
 

is the ratio of the proposal density in two directions (from tx to x′ and vice versa). 

This is equal to 1 if the proposal density is symmetric. Then the new state 1tx +  is 

chosen according to the following rules. 

If 1:a ≥  
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1tx x+
′=  

else 

1

with probability a

with probability 1-at

x

xt
x

+

′
= 


 

In MCMC, the Markov chain is started from an arbitrary initial value 0x  or starting 

value based on previous estimates and the algorithm is run for many iterations 

until this initial state is "forgotten". These samples, which are discarded, are known 

as burn-in. The remaining set of accepted values of x represent a sample from the 

distribution ( )p x .  

 The Bayesian analysis framework presented so far can be applied to SFA 

models. Following the approach of Van den Broeck et al. (1994), an outline of a 

Bayesian analysis of a stochastic frontier model with truncated normal assumption 

for the inefficiency term is presented next. In the SFA model in equation (3.22), 

assume iu is distributed as 2( , )
u

N µ σ  truncated at 0, and with and ,µ σ +∈ ∈� � both 

unknown, where µ is the mean and 2

u
σ is the variance of iu . We reparameterize 

2( , )
u

µ σ  to ( , )uψ σ , where / uψ µ σ= . ψ  indicates how many standard deviations the 

truncation point 0 is from the underlying Normal distribution. Let 2
θ ( , , , )

u
β σ ψ σ= . 

The joint distribution of the observed iy and the unobserved iu , given the 

exogenous 'six  and the parameters θ is of the form 

1 2
1 2 ( | , )

( , | ,θ) ( | ( , ) , ) ( 0)
( )

N i u u
i i i N i i i i

f u
p y u x f y f x u I u

ψσ σ
β σ

ψ
= − ≥

Φ
  (3.41) 

Equation (3.41) can be rearranged to give 

2 2 2 2
1 2 2 1

2 2 2 2

( ) ( 0)
( , | ,θ) ( | , ) | , ,

( )

u u i i u i
i i i N i i u u N i

u u

y f I u
p y u x f y f f u

σ ψσ σ σ σ
ψσ σ σ

σ σ σ σ ψ

 − − ≥
= − + ×  

+ + Φ 

where ( , )i if f x β= . Integration over (0, )iu ∈ +∞ leads to the sampling density of iy  

under the truncated normal distribution for iu which is 
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2
1 1 2 2

2 2

( )
( | ,θ) [ ( )] ( | , )u i i

i i N i i u u

u

y f
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Therefore the conditional density of iu given ,i iy x and the parameters is 
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p u y x f u I u
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σ σ σ σσ σ σ

−
    − − − −  = Φ × ≥   + + +    

          (3.43) 

In Bayesian frontier analysis, individual firm efficiencies are given by exp( ),i ir u= −  

where ir  is the efficiency of the ith firm given the observed data ( , )y x  and the 

parameters (θ) . Inferences about individual efficiencies of the observed firms is 

based on the marginal posterior densities of ir ’s as follows 

θ

1
( | , ) ( | , ,θ)p(θ|y,X)dθ

i i i i

i

p r y X p u y x
r

= ∫ , where p( | , ,θ)i i iu y x , the density in (3.43) is to 

be evaluated at ln( )ir− . The empirical Bayesian stochastic frontier model is 

presented in Chapter 6. 

 

3.5 Summary of Chapter 3 

 This chapter examines the concept of a production function (which is the 

technical relationship between output and inputs) in relation to the measurement 

of technical efficiency. The concept of a production technology or technology set is 

discussed. The technology set is defined by input requirement sets and output 

correspondence sets. The technology set defines a frontier against which the 

efficiency performance of firms can be assessed. The performance of a firm is 

assessed by its distance from the frontier, using the concept of distance functions 

(input, output and directional distance functions). An input distance function 

provides a measure of the radial distance by which the input vector of a firm can be 

contracted and still remain feasible for the production of the output it produces. 

An output distance function gives the minimum amount by which an output vector 
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can be deflated and still remain producible with a given input vector. A directional 

distance function provides the maximum amount by which the input vector can be 

contracted and the amount by which the output vector can be expanded at the 

same time. 

 We discuss three approaches to the empirical measurement of technical 

efficiency, viz. DEA conventional SFA and Bayesian SFA. DEA is a nonparametric 

approach that uses mathematical programming to fit a frontier and estimate 

technical efficiency in a first step. In a second step, the estimated technical 

efficiency is regressed against factors that are assumed to influence technical 

efficiency. This two-step approach is widely criticized in the literature, although it is 

the most popular approach in DEA efficiency analysis. The conventional SFA 

approach is a parametric approach that uses classical econometric methods to fit 

the frontier and estimate technical efficiency. In this approach, it is possible to 

jointly estimate technical efficiency and the factors affecting efficiency in a single 

step which is an improvement over DEA analysis. The Bayesian SFA approach uses 

Bayesian econometric methods to estimate technical efficiency. Like conventional 

SFA, it is possible to estimate technical efficiency and factors affecting efficiency in 

a single-step using the Bayesian approach. One major improvement of the Bayesian 

SFA approach over DEA and conventional SFA approaches is that the Bayesian 

approach estimates the entire distribution of parameters compared to point 

estimates provided by DEA and conventional SFA. 
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CHAPTER 4 

DATA DESCRIPTION 

 

  This chapter presents a description of the data used in the current study. 

The presentation starts with a discussion of the sources of data and the motives for 

collecting these datasets. The sampling framework used in the original data 

collection, suitability of the data for purposes other than those intended by the 

original survey and the procedure for selecting the sample are presented next. 

Finally a description of variables used and their summary statistics are presented. 

4.1 Choice of study area and sources of data 

This study used household data from the Upper East region of Ghana. The 

region is one of the 10 administrative regions in the country. The study is focused on 

this region for a number of reasons. The rate of poverty in the region is increasing 

compared to the rest of the regions in the country (IFAD, 2012). The region also has 

the largest percentage of the active population engaged in agriculture at 80% 

compared to a national figure of about 60% (Asuming-Brempong et al., 2004; IFAD, 

2012). The region imports food annually from other regions of the country. Crop 

productivity in the region is low. Farmers and administrators attribute the low 

productivity to unreliable rainfall (amount and distribution) and rising temperatures. 

Yet empirical evidence suggests that rainfall amount is slightly on the increase, there 

is no systematic pattern of change in rainfall distribution and there is no significant 

variability in temperatures (Blench, 2006). 

The study region covers a land area of 8840 square kilometers which 

represents 3.7% of the total land area of Ghana. With a population density of 104 to 

145 persons per square kilometer (the highest in the country), there is much pressure 

on land for agricultural production. Figure 4.1 shows the map of Ghana and illustrates 
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the study region (edged in red) relative to the rest of the country. The region 

comprises 8 administrative districts. 

Figure 4.1: Map of Ghana highlighting the study region (edged by the rectangle) 

 

The data used in this study come from the fifth round of the Ghana Living 

Standards Survey (GLSS5) and the Statistics Research and Information Directorate 

(SRID) of the Ministry of Food and Agriculture (MoFA). GLSS5 is a nationally 

representative multipurpose household survey which was conducted in 2005-2006 by 

the Ghana Statistical Service (GSS), a government department. The survey was 

conducted to provide:  

(i) insights into living standards in Ghana by providing data to facilitate in  

 depth analysis of the living conditions of households;  

(ii) information on patterns of household consumption and expenditure at a  

  sub-regional level of disaggregation;  

(iii) data on total earnings, hours of work, etc., for in-depth study of differentials  
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among branches of industry, sectors of employment, occupations at 

geographic areas, levels and between women and men;  

(iv) the basis for the construction of the consumer price index;  

(v) data to up-date the National Accounts and provide databases for national  

 and regional level planning and poverty monitoring.  

 

 In order to achieve the above objectives, the GSS used four sets of 

questionnaires namely:  

(i) Household questionnaire 

(ii) Non-farm household enterprise module 

(iii) Rural community questionnaire 

(iv) Prices of food and non-food items questionnaire 

 

We use data collected using the household questionnaire and the rural 

community questionnaire. The household questionnaire has 12 sections divided into 

part A and part B. Part A contains seven sections as follows: Section one is a 

household roaster with questions requesting information on every individual in the 

household. All persons living in the household were listed and given identification 

numbers. The head of household or representative of the head then answered 

questions relating to each person listed regarding gender, relationship to the head of 

household, age, and marital status religious denomination, place of birth 

(region/country) and how long the person has lived in the household over the last 12 

months, among other questions. Section two covered general education, educational 

career and literacy/apprenticeship. As in section one, specific questions were 

answered for each person in the household as to whether they ever attended school, 

highest grade completed, highest academic qualification attained, school attendance 

rate, educational expenses, etc.  Sections three and five to seven covered issues 

related to health, employment, migration and housing. Section four addressed the 
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employment status of individual members of the household. It contains information 

on type of job done, number of weeks in last 12 months that an individual did a 

particular job and the number of hours worked per week by an individual. 

Sections one, two and four provided data on household labour, educational 

status of the head of household, and gender which are relevant for the analysis in the 

current study. Table 4.1 provides information on the data used in this study and the 

relevant sections of the GLSS5 household questionnaire from which these data are 

derived.  

Table 4.1: Source of data in relation to GLSS5 questionnaire 

Variable Meaning 

Section of household 

questionnaire 

Land Cultivated area (ha) 8b 
Labour Household labour (mandays) 4e 
Varinput Variable input cost (US$) 8f 
mz Maize grain produced per household 8c 
sg Sorghum grain produced per household 8c 
mlt Millet grain produced per household 8c 
rc Rice grain produced per household 8c 
cp Cowpea grain produced per household 8c 
gn Groundnut grain produced per household 8c 
age Age of head of household 1 
gender Gender of head of household 1 
educ Educational status of head of household 2 
fert Cost of fertiliser input used 8f 
hdlab Cost of hired labour input used 8f 
extn Access to agricultural extension services Community 

questionnaire 

 

Part B of the household questionnaire comprised sections eight to twelve. 

Section eight is focused on household agricultural activities. This section is the main 

source of data used in the present study. The section is divided into seven sub-

sections which cover broad issues as outlined in Table 4.2 below. 
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Table 4.2: Outline of section 8 of household questionnaire 

Sub-section Issues covered 

8a Agriculture assets: land, livestock and equipment 
8b Farm/land details 
8c Harvest and disposal of crops 
8d Seasonality of sales and purchases (key staples only) 
8e Other agricultural income (cash and in kind) 
8f Processing of agricultural produce 

8h Consumption of own produce 
 

The remaining sections of part B covered household expenditure (food and 

non-food expenses), income transfers and miscellaneous income/expenditure, 

household savings and credit. 

Data on prices of crop outputs and conversion factors for units of 

measurement for agricultural inputs and outputs were obtained from SRID. SRID 

collects agricultural data annually at the district level from a sample of households in 

relation to small scale farming practices. Weekly prices are recorded from selected 

markets from which average monthly prices are calculated. 

4.2 Sample selection 

The households selected for the GLSS5 were based on the 2000 population 

census for Ghana. GSS maintains a record of census enumeration areas (EA) which 

were used in the sampling procedure for GLSS5. A two-stage stratified random 

sampling design was adopted. Initially, a total sample of 550 EAs was considered at 

the first stage of sampling, followed by a fixed take of 15 households per EA.  The 

distribution of the selected EAs into the ten regions or strata was based on 

proportionate allocation using the population size. A minimum of 400 households per 

region was required. Under this sampling scheme, it was observed that the 400 

households minimum requirement per region could be achieved in all the regions but 

not the Upper West Region.  The proportionate allocation formula assigned only 17 

EAs out of the 550 EAs nationwide and selecting 15 households per EA would have 
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yielded only 255 households for the region.  In order to surmount this problem, two 

options were considered:  retaining the 17 EAs in the Upper West Region and 

increasing the number of selected households per EA from 15 to about 25, or 

increasing the number of selected EAs in the region from 17 to 27 and retaining the 

second stage sample of 15 households per EA. The second option was adopted in 

view of the fact that it was more likely to provide smaller sampling errors for the 

separate domains of analysis. Based on this, the number of EAs in Upper East and the 

Upper West were adjusted from 27 and 17 to 40 and 34 respectively, bringing the 

total number of EAs to 580 and the number of households to 8,700.  

A complete household listing exercise was carried out between May and June 

2005 in all the selected EAs to provide the sampling frame for the second stage 

selection of households. At the second stage of sampling, a fixed number of 15 

households per EA was selected in all the regions. In addition, five households per EA 

were selected as replacement samples.  The overall sample size therefore came to 

8,700 households nationwide. At the end of the survey, 8,687 households were 

successfully interviewed representing a 99.85 percent response rate. For details on 

the sampling procedure in GLSS5, the reader is referred to the final report of the 

GLSS5 (GSS, 2008). 

The GLSS5 although a nationally representative sample of households, does 

not provide a ready to use sample for in-depth analysis of agricultural performance. 

The instruments and methods of measurement are not tailored for agriculture and 

there is a diversity of units used in measuring production without clarity in conversion 

factors (Quiñones et al., 2011).  In using the GLSS5 dataset to analyze smallholder 

agriculture in Ghana, Chamberlin (2008) noted that because of data structure and 

quality issues, it was not possible to use the GLSS5 to look at farm level productivity. 

To consider yields of staple crops, he used district-level production data of major 

crops compiled by SRID. 
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Because of the data quality issues with the GLSS5, in-depth analysis using this 

dataset focused on selecting a subsample of households that provides consistent data 

with regards to the different variables. The area of focus for this study (the Upper 

East region) had a sample of 600 households in the GLSS5 sample. We considered 

consistency in information provided by households in section 8a-c in selecting a sub-

sample for our analysis. Because of the lack of clarity on conversion factors for units 

of measurement, we considered only plot areas reported in acres and crop output 

reported in bowls and bags. SRID has conversion factors for these units. From section 

8a of the survey 495 households reported their farmland inventory area in acres. 

From section 8b of the survey 498 households reported their cultivated land area in 

acres. A total of 447 households reported their harvest area in acres. The same 

number (447) of households reported the units of harvest for their crop outputs in 

bowls and bags. We merged these three sections and selected households that were 

consistent in reporting their land area in acres and crop outputs in bowls and bags. 

This provided a sample of 423 households. Large farms, defined as those comprising 

more than 10 ha were removed from the sample, further reducing the sample to 378. 

Next, we used scatter plots of partial productivity measures (revenue per hectare, 

revenue per man-day of labour input) to further eliminate households that were 

outliers with unreasonable values. Revenue per hectare and revenue per man-day 

can only be interpreted as partial productivity measures if output prices are constant 

(which often they are in cross-sections such as in this research). The identification of 

outliers was done using the method of Hadi (1992; 1994). Figure 4.2a and 4.2b 

illustrate the scatter plots for revenue per hectare and revenue per man-day of 

labour, respectively. We came up with a final sample of 294 households for the 

analysis.  

The elimination of a large number of households from the sample is likely to 

cause sample bias. This sampling bias is overcome through bootstrapping during data 

analysis (in the case of the DEA framework). 
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Figure 4.2a: Scatter plot of crop revenue per hectare 

 

 

Figure 4.2b: Scatter plot of crop revenue per man-day of labour 
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4.3 Description and summary statistics of variables  

The variables in the present analysis are divided into three categories: 

production inputs, crop outputs and determinants of technical efficiency. There are 

three production inputs, six crop outputs and seven determinants of technical 

efficiency. The definitions and summary statistics of variables are provided in Table 

4.3. 

Land is the total land area (in hectares) under cultivation during the survey 

period and is the sum of all plots cultivated by a household. The cultivated area 

ranges from 0.4 ha to 10.0 ha. Labour is calculated as the sum of household labour 

and hired labour (both measured in mandays of labour input). A household is defined 

as a group of people who work on the same farm and eat from a common pot. A 

person is considered as a member of the household if they live in the household for a 

minimum of six months in a year. The GLSS5 recorded labour input in hours spent on 

the farm by each household member and the number of weeks that the member 

worked on the farm over a 12 month period. We calculated the man-day equivalent 

of labour (assuming an eight hour work day) for each member of the household. We 

summed up the labour input of all members of the household to obtain the 

household labour input for each household. Labour input was weighted on the basis 

of age and gender before the aggregation at the household level. The weights were 

obtained from Runge-Metzger (1988). Hired labour was calculated as the ratio of 

expenditure on hired labour to the mean daily wage of farm labour. Both the 

expenditure on hired labour and daily wage of farm labour were available from the 

GLLS5. 

Variable cost is calculated as the sum of the cost of intermediate inputs such 

as seeds, fertilizers, and pesticides. The cost of variable inputs used by the household 

was reported in the GLSS5 dataset. We summed these costs up in Ghana cedis (¢) for 

each household and converted the figure into United States dollars (1US$=¢9050). 
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Crop outputs were reported in various local units of measurement. Conversion 

factors available from SRID were used to convert all crop outputs into weights in 

kilograms (kg). Outputs for each crop were summed up for each household on the 

basis of reported production from different plots. Table 4.3 provides summary 

statistics for the crop outputs of the sample. Crop outputs were then converted to 

revenue by multiplying output by the prevailing market price for each crop. Crop 

revenues were summed up to obtain an aggregate measure of crop output, which is 

used in the frontier model analysis.  
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Table 4.3: Definition and summary statistics of variables 

Variable Definition Minimum Maximum Mean St. Dev. 

Production inputs 
Land Cultivated land area in hectares (ha) 0.40 10.00 1.48 1.21 
Labour Labour input in man-days per household 40.00 1996.00 562.66 374.06 
Varinput Intermediate input cost (US$) calculated at market prices  0.55 918.78 31.63 66.69 

Crop output 
MZ (150) Output of maize grain (kg) produced per household 7.5 2100.00 241.60 300.76 
SG (174) Output of sorghum grain (kg) produced per household 13.63 1090.00 196.53 153.82 
MLT (265) Output of millet grain (kg) produced per household 23.25 930.00 180.19 143.08 
RC (179) Output of rice grain (kg) produced per household 5.00 1200.00 164.54 156.64 
CP (124) Output of cowpea grain (kg) produced per household 2.73 1090.00 87.60 127.43 
GN (210) Output of groundnut grain (kg) produced per household 2.05 9225.00 206.66 636.67 
Revenue Total crop revenue at prevailing market prices (US$) 28.18 1319.34 228.82 182.33 

Factors affecting technical efficiency 
Age Age (years) of head of household 19 95 48.69 14.59 
Fert  Expenditure on fertilizers (US$)  0.00 170.17 18.38 24.08 
Hdlab Expenditure on hired labour (US$) 0.00 779.01 10.08 87.65 

Frequency distribution of dummy variables frequency 
Gender  Gender of head of household 0=female 37 

1=male 257 
Educ Educational status of head of household 0= has no formal education 229 

1= has formal education 65 
Extn Access to agricultural extension services 0 = farm does not have access  74 
  1 = farm has access 220 
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Determinants of technical efficiency include age, gender, education, fertilizers, 

hired labour, access to agricultural extension services and farm size. Age is taken 

as the age (in years) of the head of household. Gender refers to the sex of the 

head of household. In Ghana, heads of household are normally males and a 

female becomes head of household in the absence of a surviving male who is old 

enough to be head of household. Table 4.3 gives the frequency distribution of 

gender of heads of household in the sample (there are 37 females and 257 males). 

The educational status of the head is a dichotomous variable indicating if the head 

of household has formal education or not. The use of fertilizers is captured as the 

sum of expenditures on organic and chemical fertilizers used during the survey 

period and stated in US dollars. Fertilizer is the only input apart from seed that 

enhances productivity, hence its inclusion as a determinant of efficiency. Fertilizer 

use can be captured as a dummy variable or as the level of its use. Moreover there 

are issues as to how much fertilizer to apply as a management practice. The level 

of fertilser use (captured by total expenditure on fertilizer) would more 

appropriately capture its influence on efficiency than a dummy variable on 

fertilizer use. A total of 105 households in the sample reported expenditures on 

fertilizers. The mean expenditure on fertilizers is $23.95. Hired labour makes up 

for shortfalls in household labour especially during critical activities such weed 

control that cannot be delayed without significant yield loss. The use of hired 

labour would therefore influence the efficiency of farms. The influence of labour 

on efficiency can be captured as a dummy variable or the share of hired labour in 

total labour input, but the level of hired labour input would give a more intuitive 

explanation of its influence. A total of 86 households from the sample reported 

expenditures on hired labour. From Table 4.3 the mean expenditure on hired 

labour is $34.47 with a maximum expenditure of $799.01. Access to agricultural 

extension services is captured by a dummy variable (extn) which takes on a value 

of one if a farm has access to extension services and zero otherwise.  
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4.4 Summary of Chapter 4 

Chapter 4 provides a background to the choice of the study area, the 

Upper east region of Ghana. The region has the largest percentage (80%) of the 

active population engaged in agriculture compared to 60% for the nation. There 

is low crop productivity in the region, which is attributed to adverse climatic 

factors but available evidence suggest climatic conditions have been stable or 

improving over time in the region. Poverty is on the increase in the study region 

relative to the rest of the country. 

Data for the study come from the fifth round of the Ghana Living 

Standards Survey, a multipurpose dataset that was collected in 2005/2006. The 

dataset contains several sections including a section on household demographic 

information and a section on household agricultural activities. These two 

sections are the sources of data for the analysis in this study. From a sample of 

600 households, a sub-sample of 294 households was selected for the analysis 

after considering consistency in reported units of measurement for land area 

and crop outputs.  

Variables included in the empirical analysis are the production inputs 

(land, labour and intermediate inputs), outputs (total crop revenue) and factors 

affecting technical efficiency in crop production (age, gender, education, 

extension, fertilizer and hired labour). Crop revenue is used as a quantity 

measure in this study because there are six crop outputs and some households 

do not produce all the six outputs. Given that the data is a cross-section, prices 

are assumed to be constant. Therefore the use of crop revenue as a quantity 

measure is appropriate. 
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CHAPTER 5 

DEA RESULTS 

 

This chapter presents the estimated results of a standard (conventional) 

output-oriented DEA frontier under variable returns to scale (VRTS). A multi-

input, aggregated-output approach was used to estimate technical efficiency for 

a sample of 294 farms from the Upper East region of Ghana. Constant and non-

increasing returns to scale DEA frontiers were also estimated for the purpose of 

calculating scale efficiency and determining the nature of returns to scale. 

Bootstrap DEA methods were applied to estimate technical efficiency and to 

correct for statistical bias. The bias-corrected technical efficiency estimates 

were used in a linear regression model to investigate the factors affecting 

technical efficiency. 

The chapter is structured as follows: section 5.1 presents the empirical 

DEA model and results of estimated DEA technical efficiency. Results of scale 

efficiency analysis and the nature of returns to scale are presented in section 

5.2. Results from bootstrap DEA estimation are presented in section 5.3 and the 

factors affecting DEA technical efficiency are presented and discussed in section 

5.4. Section 5.5 presents a summary of the chapter. 
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5.1 Empirical DEA model and technical efficiency results 

The empirical DEA model contains 3 inputs and a single output. The 

inputs are land, labour and intermediate inputs. The output is total crop 

revenue. The empirical output-oriented technical efficiency for each farm can 

be calculated by solving the following linear programming problem. 

,
Max , ( : , )Inputs Revenue

φ λ
φ φ , subject to: 

294

1

j j i
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1
TEi

i
φ

= . The LP was solved 294 times to obtain the 

technical efficiency for each farm. 

Conventional output-oriented DEA technical efficiency estimates are 

shown in Table 5.1. The results indicate that there is considerable variability in 

technical efficiency among the sample farms, with estimates varying from 5.87% 

to 100%, with a mean of 51.80%. One hundred and sixty-eight farms, 

representing 57.14% of the sample have technical efficiency below the sample 

mean. Only 25 farms, representing 8.5% of the sample are fully technically 

efficient. The results in Table 5.1 are illustrated by a frequency histogram in 

Figure 5.1. 



 

Table 5.1: Frequency distribution of conventional DEA technical efficiency
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Figure 5.1: Frequency histogram of estimated DEA technical efficiency (VRTS)

 

The characteristics of the sample farms with respect to inputs, outputs 

and other factors (household characteristics and management factors) were 

examine to see if differences in these aff

were grouped into top, medium and bottom performers on the basis of their 

respective estimated efficiency. 
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: Frequency distribution of conventional DEA technical efficiency

Technical efficiency index (%) No. of farms % of farms Cumulative % of farms

2 0.68 
 23 7.82 
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Summary statistics of technical efficiency (%) 

51.80 
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   26.46 

: Frequency histogram of estimated DEA technical efficiency (VRTS)

The characteristics of the sample farms with respect to inputs, outputs 

and other factors (household characteristics and management factors) were 

examine to see if differences in these affect the level of efficiency. The farms 

were grouped into top, medium and bottom performers on the basis of their 

respective estimated efficiency. There are 25 farms that are fully technically 

: Frequency distribution of conventional DEA technical efficiency 
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: Frequency histogram of estimated DEA technical efficiency (VRTS) 

The characteristics of the sample farms with respect to inputs, outputs 

and other factors (household characteristics and management factors) were 

ect the level of efficiency. The farms 

were grouped into top, medium and bottom performers on the basis of their 

that are fully technically 
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efficient; they constitute the top performers. These farms are compared with 

the 25 least performing farms. The remaining 244 farms constitute the medium 

performance group. Table 5.2 provides summary statistics of the characteristics 

of the farms based on their performance.  

The mean labour per hectare of top performers is significantly lower than 

the corresponding values for medium performers (5 percent level) and bottom 

performers (10 percent level) using t-test for equality of means. The amount of 

Varinput per hectare is not statistically different among the categories of 

performers. Output per hectare is significantly higher for top performers 

relative to medium and bottom performers from mean comparisons using a 2 

tail t-test. There is no significant difference in age among the categories of 

performers based on t-tests for equality of means.  

Analysis (mean comparison t-test) of the other characteristics of farms 

based on efficiency performance (Table 5.2) show that the top performing farms 

have smaller household sizes compared to the other categories. Top performing 

farms also have the highest ratios of male to female, household heads with 

formal education to heads without formal education and farms with access to 

extension to farms without access to extension. Labour use intensity and 

household size differentials appear to be the main characteristics accounting for 

the relative performance of farms. 
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Table 5.2: Characteristics of farms based on efficiency performance 

Characteristics Top 25 performing farms Medium performing farms Bottom 25 performing farms 

of farms Mean 
Std. 
Dev.  Minimum Maximum Mean 

Std. 
Dev.  Minimum Maximum Mean 

Std. 
Dev.  Minimum Maximum 

Farm size 1.2 0.9 0.4 4.0 1.5 1.3 0.4 10.0 1.4 0.7 0.4 4.0 
Labour/ha 342.8 341.1 25.0 1740.0 486.8 335.6 32.5 2187.5 486.2 387.8 45.5 1772.5 
Varinput/ha 29.30 40.89 0.28 132.91 24.69 39.35 0.55 414.36 22.05 17.49 2.21 71.27 

Output/ha 
302.1

6 173.91 18.78 571.82 179.15 95.87 20.03 453.04 54.96 21.18 14.09 86.33 
Household size 3.3 2.2 1 9 5.5 2.6 1 21 5.2 2.6 1 11 
age 49.56 20.78 22 95 48.34 13.65 21 88 51.2 16.46 19 85 
Fertiliser cost 7.13 16.08 0 66.30 8.97 19.31 0 170.17 5.93 8.96 0 27.62 
hired labour 8.27 17.29 0 66.30 10.90 54.28 0 779.01 3.96 6.29 0 18.78 
Frequency of dummy variable characteristics 
gender Male = 17 Male = 221 Male = 19 

Female = 8 Female = 23 Female = 6 
education Has formal education = 7 Has formal education = 54 Has formal education = 4 

Has no formal education = 18 Has no formal education = 190 Has no formal education = 21 
Extension Has access to extension services = 16  Has access to extension services = 184 Has access to extension services = 20 

  Has no access to extension services = 9 Has no access to extension services = 60 Has no access to extension services = 5 



  

82 

 The mean DEA technical efficiency in this study differs from the mean 

found in previous studies that used the DEA frontier approach. The available 

literature suggests there are no studies on the efficiency of crop production in 

Ghana that have used the DEA approach. In a study of the production efficiency 

of smallholders’ vegetable-dominated mixed farming in Eastern Ethiopia, Haji 

(2006) estimated a mean technical efficiency of 91 percent. Theodoridis and 

Anwar (2011) estimated a mean DEA technical efficiency of 82 percent in a case 

study of farm households in Bangladesh. It is, however, important to note that 

these studies were carried out in different countries for different crops. The 

farmers in these previous studies and the farmers in our sample do not face the 

same production environment; as such a direct comparison of technical 

efficiency estimates should be done with caution. 

5.2 Scale efficiency analysis 

The observed inefficiency in crop production can be due to pure technical 

inefficiency or scale inefficiency or both. On this basis scale efficiency was 

calculated and the nature of returns to scale examined. Scale efficiency is 

calculated as the ratio of CRTS technical efficiency to VRTS technical efficiency 

while the ratio of CRTS efficiency to NIRTS efficiency is used to determine the 

nature of returns to scale as presented in methods section. 

Results of the CRTS and NIRTS frontiers are summarized in Table 5.3. The 

table also contains results of the VRTS results for purposes of comparison. The 

estimated technical efficiency from the CRTS DEA frontier ranges from 5.48% to 

100% while the corresponding range for the VRTS and NIRTS efficiencies is 

5.87% to 100%. 
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Table 5.3: Frequency distribution of conventional DEA technical efficiency 

Technical 

efficiency 

score (%) 

CRTS NIRTS VRTS  

No. of 

farms Percent 

No. of 

farms Percent 

No. of 

farms Percent 

< 10 3 1.02 33 1.02 2 0.68 
10 - 20 23 7.82 22 7.48 23 7.82 
20 - 30 56 19.05 48 16.33 46 15.65 
30 - 40 52 17.69 53 18.03 50 17.01 
40 - 50 39 13.27 43 14.63 39 13.27 
50 - 60 37 12.59 32 10.88 37 12.59 
60 - 70 21 7.14 23 7.82 19 6.46 
70 - 80 20 6.80 19 6.46 18 6.12 
80 - 90 21 7.14 23 7.82 20 6.80 
90 - 99 11 3.74 15 5.10 15 5.10 

100 11 3.74 13 4.42 25 8.50 
Total 294 100.00 294 100.0 294 100.00 

Summary statistics of technical efficiency (%) 

Mean 48.09 49.96 51.80 
Minimum 5.48 5.87 5.87 
Maximum 100.00 100.00 100.00 
Standard 
deviation   24.33   25.09   26.46 

 

There is less variability in the CRTS technical efficiency when compared with the 

VRTS and NIRTS on the basis of their respective standard deviations (Table 5.3). 

The relationships of VRTS, CRTS and NIRTS technical efficiency are illustrated by 

the scatter plots in figures 5.2a, 5.2b and 5.2c. The dashed line in each scatter 

plot is a 45 degrees line showing the equality of the two efficiency estimates 

plotted. From figure 5.2a the VRTS efficiency estimates are either equal to or 

greater than the CRTS efficiency estimates. In general, the difference between 

VRTS and CRTS technical efficiency is greater at higher levels of technical 

efficiency. The scatter plot of VRTS and NIRTS technical efficiency estimates 

(figure 5.2b) shows that VRTS efficiency estimates are either equal to or greater 

than NIRTS efficiency estimates. Deviations from the line of equality of VRTS and 

NIRTS technical efficiency are small compared to those between VRTS and CRTS 

technical efficiency. This implies that the VRTS and NIRTS DEA frontiers are 

closer than the VRTS and CRTS frontiers. Consequently, the NIRTS technical 

efficiency is either equal to or greater than the CRTS technical efficiency as 
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depicted in figure 5.2c. These results conform to what one would theoretically 

expect given the nature of the different DEA frontiers. 

 
Figure 5.2a: Scatter plot of VRTS and CRTS DEA technical efficiency  

 

 

Figure 5.2b: Scatter plot of VRTS and NIRTS DEA technical efficiency 

0

20

40

60

80

100

Te
ch

n
ic

al
 e

ff
ic

ie
n

cy
 u

n
d

er
 V

R
TS

0 20 40 60 80 100

Technical efficiency under NIRTS

0 

20 

40 

60 

80 

100 

T
e

c
h
n

ic
a

l e
ff
ic

ie
n

c
y
 u

n
d

e
r 

V
R

T
S

 

0 20 40 60 80 100 

Technical efficiency under CRTS 



  

85 

 
Figure 5.2c: Scatter plot of CRTS and NIRTS DEA technical efficiency 

Differences in technical efficiency between the CRTS and VRTS DEA 

frontiers suggest the presence of pure technical inefficiency as well as scale 

inefficiency in crop production among the sample farms. On this basis scale 

efficiency was estimated and the nature of returns to the scale examined. The 

frequency distribution and summary statistics of the estimated scale efficiency 

are reported in Table 5.4. 

The results in Table 5.4 indicate that for farms that are not fully scale 

efficient, the proportion of farms increases as scale efficiency increases. Nearly 

80% of the farms have scale efficiency between 90% and 99% and less than 5 

percent of the sample farms are fully scale efficient. The least scale efficient 

farm has a scale efficiency score of 36.39%. The mean estimated scale efficiency 

is 94.07% and the standard deviation is 9.65. A total of 214 (approximately 73% 

of the sample) farms have scale efficiency scores above the sample mean scale 

efficiency.  The mean and distribution of scale efficiency indicates that scale 

efficiency is very high and suggests that pure technical inefficiency may be a 

more serious problem than scale efficiency in crop production among the 

sample farms.  

0 

20

40

60

80

100

Te
ch

n
ic

al
 e

ff
ic

ie
n

cy
 u

n
d

er
 N

IR
TS

 

0 20 40 60 80 100

Technical efficiency under CRTS 



  

86 

Table 5.4: Frequency distribution and summary statistics of scale efficiency 

Scale efficiency score 

(%) Number of farms Percent 

<40 1 0.34 
40 - 50 2 0.68 
50 - 60 2 0.68 
60 - 70 5 1.70 
70 - 80 12 4.08 
80 - 90 30 10.21 
90 - 99 229 77.89 

100 13 4.42 
Total 294 100.00 

Summary statistics of scale efficiency (%) 

Mean 94.07 
Minimum 36.39 
Maximum 100.00 

Standard deviation   9.65 

 
Table 5.5 below presents the nature of returns to scale for the sample 

farms. The results indicate that 134 farms operate under increasing returns to 

scale (IRTS), implying that these farms are too small to be efficient. They would 

need to expand their operations in order to move onto the production frontier 

and hence become technically efficient. Another 147 farms operate under 

decreasing returns to scale, implying that these farms are not fully technically 

efficient because they are too large. The remaining 13 farms operate under 

constant returns to scale. These are the farms that are fully scale efficient. 

Table 5.5: Nature of returns to scale of sample farms 

Nature of returns to scale  Number of farms Percent 

Increasing returns to scale 134 45.58 
Decreasing returns to scale 147 50.00 
Constant returns to scale 13 4.42 

Total 294 100.00 

 

The characteristics of farms with respect to input use and nature of 

returns to scale are presented in Table 5.6. Looking at the characteristics of 

farms provided in Table 5.6, on the average, farms operating under CRTS 

produce a greater total crop output (US$494.29) than those operating under 
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IRTS (US$154.19) and DRTS (US$273.37) respectively. Farms operating under 

CRTS (the optimal scale) surprisingly produce the highest output. This result 

conforms with Sharma et al. (1997) but contrasts with Hjalmarsson et al. (1996) 

and Wadud and White (2000) who found that the highest output is produced 

under decreasing returns to scale (super optimal scale).  

Table 5.6: Returns to scale relative to levels of input use and output produced 

Statistics 

Inputs/output 

Land Labour Varinput Output 

Constant returns to scale (optimal scale) 

observations 13 13 13 13 
Mean 1.35 335.77 67.04 494.29 
Minimum 0.80 190.00 1.77 85.64 
Maximum 4.00 975.00 372.15 1319.34 
Standard 
deviation 0.74 207.23 101.24 338.65 

Increasing returns to scale (sub-optimal scale) 

observations 134 134 134 134 
Mean 0.98 426.07 23.21 154.19 
Minimum 0.40 40.00 0.55 28.18 
Maximum 4.00 1488.00 165.75 534.81 
Standard 
deviation 0.57 303.20 24.05 94.63 

Decreasing returns to scale (super-optimal scale) 

observations 147 147 147 147 
Mean 1.95 707.24 36.17 273.37 
Minimum 1.00 196.00 2.21 38.67 
Maximum 10.00 1996.00 918.78 1248.62 
St. Dev. 1.47 388.30 85.79 189.08 

 

The level of input use relative to scale of operation indicates (through 

statistical comparison of means) that sub-optimal farms use less land, less 

intermediate inputs and a comparable amount of labour to produce a lower 

output when compared to the optimal farms. This implies that the sub-optimal 

farms are inefficient in the use of labour. The super-optimal farms use more 

land, more labour and a comparable amount of intermediate inputs to produce 

a lower output when compared with the optimal farms. This implies that super-

optimal farms are inefficient in the use of both land and labour.  
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5.3 Bootstrap DEA results 

DEA technical efficiency scores are biased in finite samples and are not 

independent observations since the calculation of the efficiency score for one 

farm household necessarily involves all other farm households in the sample 

(Simar and Wilson, 2007). As such, the use of conventional DEA technical 

efficiency scores in regression models to explain factors affecting technical 

efficiency (as happens in the available literature) violates one basic model 

assumption required by regression analysis, independence within the sample 

(Xue and Harker, 1999). In such cases, Simar and Wilson (2007) has noted that 

standard inferences are not valid and suggested that bootstrapping methods be 

applied to correct this problem. Given that DEA technical efficiency estimates 

are biased, the estimates in this study were corrected for bias using the smooth 

homogenous bootstrap procedure of Simar and Wilson (2000) outlined in 

Chapter 3. Another reason for bootstrapping is because the study used a sample 

of farms from the Upper East region of Ghana. This sample may not be 

representative of the population of farms in the region. It is envisaged that 

bootstrapping would reflect better the characteristics of the population. 

Frequency distribution of the bias-corrected efficiencies under VRTS together 

with their summary statistics is reported in Table 5.7.  

No farm is fully technically efficient. A number of farms (4 representing 

1.36% of the sample) have bias-corrected technical efficiencies less than 10 

percent (Table 5.7). More than 50% of the sample farms have bias-corrected 

efficiencies below 50 percent. Bias-corrected technical efficiency ranges from 

5.35% to 90.05%. The mean bias-corrected technical efficiency is 44.63% and 

the standard deviation is 21.54. There is less variability in technical efficiency 

after correcting for bias. This is indicated by the lower standard deviation 

(21.54) of bias-corrected efficiency compared with the standard deviation 

(26.46) of the conventional DEA technical efficiency under VRTS.  

Table 5.7 also shows summary statistics of the 95% confidence band for 

the bias-corrected technical efficiency. The summary statistics were calculated 
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from the lower and upper bounds of the 95% confidence interval estimated 

from the sample data. The mean of the lower bound (36.44%) and mean of 

upper bound (50.29%) give the range for the mean bias-corrected technical 

efficiency. This implies that the mean bias-corrected technical efficiency of 

44.63% ranges from 36.44% to 50.29%. The 95% confidence band together with 

the bias-corrected technical efficiency is illustrated by Figure 5.3. 

Table 5.7: Distribution of bias-corrected DEA technical efficiency (VRTS)* 

Technical efficiency score (%) Number of farms % of farms 

0 - 10 4 1.36 
10 -20 31 10.54 
20 - 30 55 18.71 
30 - 40 56 19.05 
40 - 50 35 11.90 
50 - 60 35 11.90 
60 - 70 25 8.50 
70 - 80 30 10.20 
80 - 90 22 7.48 
90 -99 1 0.34 

100 0 0.00 
Total 294 100.00 

Summary statistics of bootstrap DEA technical efficiency (%) 

Mean 44.63 
Minimum 5.35 
Maximum 90.05 
Standard deviation 21.54 

Summary statistics of 95% confidence band of bootstrap DEA 

Lower bound Upper bound 
Mean 36.44 50.29 
Minimum 4.73 5.78 
Maximum 81.44 97.60 
Standard deviation 17.94 25.46 

* 2000 bootstrap replications were used. 
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Figure 5.3: 95% confidence band of bias-corrected efficiency 

The confidence band is narrow at lower levels of technical efficiency and 

widens as technical efficiency increases. This is an artefact of the bootstrap 

method. Inefficient points in the sample tend to have more stable estimates 

compared to efficient points when bootstrapped. The bias in efficient points, 

therefore, tends to be greater, giving rise to the observed pattern in figure 5.3. 

In drawing the confidence band, bootstrap technical efficiency estimates are 

ordered from lowest to highest.  

There are strong positive correlations among the different DEA frontier 

efficiency measures. Pair wise correlation coefficients were calculated for 

estimated conventional DEA efficiency under VRTS, NIRTS, CRTS and bootstrap 

DEA efficiency under VRTS. The correlation coefficients are shown in Table 5.8. 

Table 5.8: Correlation coefficients of DEA efficiency estimates 

TEvrts TEnirts TEcrts bcTEvrts 

Pearson correlation coefficients 

TEvrts 1.0000 
TEnirts 0.9664 1.0000 
TEcrts 0.9519 0.9784 1.0000 
bcTEvrts 0.9833 0.9824 0.9644 1.0000 

Spearman rank correlation coefficients 

TEvrts 1.0000 
TEnirts 0.9790 1.0000 
TEcrts 0.9675 0.9823 1.0000 
bcTEvrts 0.9889 0.9883 0.9748 1.0000 
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In Table 5.8 Pearson correlation coefficients measure the relationship 

between the levels of estimated efficiency while Spearman rank correlation 

coefficients measure the relationship of the rankings of efficiency estimates. 

The correlation between conventional DEA efficiency under VRTS and NIRTS is 

0.9664 (column 2 and row 4, Table 5.8). The corresponding value for the 

Spearman correlation coefficient is 0.9790 (column 2 and row 9, Table 5.8). This 

implies that in 96.64% of cases the conventional VRTS and NIRTS DEA frontiers 

estimate the same level of efficiency and in 97.90% of cases they rank the farms 

in the same order. Similar deductions can be made for other pairs of frontiers. 

The correlation coefficient and Spearman rank correlation coefficient 

between the conventional DEA and bootstrap DEA technical efficiency estimates 

are 0.9833 and 0.9889 respectively. These coefficients are statistically significant 

at the 1 percent level. The significant positive correlation coefficient suggests 

that conventional DEA methods and bootstrap DEA methods produce very 

similar results in terms of technical efficiency levels and their rankings. 

5.4 Factors affecting DEA technical efficiency 

The effect of farmer characteristics and management practice factors on 

DEA technical efficiency was investigated. The farmer characteristics include 

age, gender and educational status of the head of farm household. The 

management practice factors are use of fertilisers, hired labour, agricultural 

extension services and farm size under production.  

DEA studies examining the factors affecting technical efficiency typically 

adopt a two-step approach (Haji, 2006; Helfand and Levine, 2004). In the first 

step, technical efficiency is estimated and corrected for bias if necessary. In the 

second step, a Tobit regression model is estimated using the standard DEA 

technical efficiency as independent variable against the factors assumed to 

influence efficiency. Where the efficiency estimates are corrected for bias, the 

bias-corrected estimates are regressed against the factors influencing efficiency 

using ordinary least squares (OLS) regression. As a rule of thumb it is 

recommended that the standard technical efficiency estimates should not be 
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corrected for bias unless the absolute value of the estimated bias is greater than 

a quarter of the standard deviation of the parameter estimated (Efron and 

Tibshirani, 1993). The absolute value of the estimated bias in the sample data 

used in this study is 0.3608 which is greater than a quarter of the standard 

deviation (0.0662) of the estimated technical efficiency. Bias-corrected 

efficiency estimates were therefore used in an OLS regression model. A Breusch-

Pagan test for heteroskedasticity was performed after running the OLS 

regression and the null hypothesis of constant variance could not be rejected at 

the 5% level. Results of the regression model are shown in Tables 5.9. The 

dependent variable = bias-corrected DEA technical inefficiency under VRTS 

Table 5.9: OLS model of factors affecting DEA technical efficiency 

Factor Coefficient Std. Err. 

age -0.0468 0.0434 
gender 0.0518 0.0385 
educ -0.0720** 0.0316 
hdlab -0.0056** 0.0027 
extn 0.0245 0.0289 
fert -0.0018 0.0064 
farmsize -0.0110 0.0162 
constant 0.5712 0.0617 
F(7, 286) 2.11*** R2                   0.0490 

*, **, *** significant at the 10%, 5%, 1% levels, respectively. 

Note: A negative coefficient in Table 5.7 means an increase in the level of the factor increases 
technical efficiency, while a positive coefficient means an increase in the factor decreases 
efficiency. 
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Among the farmer-specific characteristics, age of head of household and 

educational status of the household head have a positive effect on technical 

efficiency while gender has a negative effect. The results imply that farms with 

older heads of household are more technically efficient compared with those 

with younger heads and that farms with heads of household who have formal 

education are more technically efficient compared with those with heads who 

do not have formal education. The effect of the gender variable implies that 

farms with female heads of household are more technically efficient in crop 

production compared with farms with male heads of household. Women in 

Ghanaian farm households play a very important role in household food security 

even when they are not heads of household. One of the management practice 

variables (access to agricultural extension services) has a negative effect on 

technical efficiency. This finding runs contrary to expectation, although similar 

results have been reported by Amadou (2007) and Kyei et al. (2011). The other 

management practice variables (use of hired labour, fertilisers and farm size) 

have positive effects on technical efficiency. The effect of farm size suggests 

that larger farms are more technically efficient compared to smaller farms. 

Educational status and hired labour are statistically significant at the 5% level 

(Table 5.9).  

5.5 Summary of Chapter 5 

 This chapter presents the results of DEA frontier estimation of technical 

efficiency. The estimation was done using an output orientation under variable 

returns to scale. Conventional and bootstrap DEA methods were used. 

Conventional DEA frontiers were also estimated under constant returns and 

non-increasing returns to scale for the purpose of calculating scale efficiency 

and determining the nature of returns to scale.  Conventional DEA technical 

efficiency results show that 8.5% of the sample farms are fully technically 

efficient. The mean estimated efficiency is 51.80%, indicating that output can be 

increased substantially with the current level of inputs and the available 

production technology. The conventional DEA results also show that farms differ 
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on the basis of their input-use characteristics in relation to their efficiency 

performance. The mean labour input per hectare for the fully technically 

efficient farms is lower than the corresponding mean value for the remaining 

farms. Output per hectare is significantly higher for the efficient farms relative 

to the rest of the farms. Results of scale efficiency analysis show that scale 

efficiency is very high. The average scale efficiency is 94.07% with more than 

70% of farms having scale efficiency values above the sample mean scale 

efficiency. The mean and distribution of scale efficiency suggests that technical 

efficiency may be a more serious problem than scale efficiency in crop 

production among the sample farms. Bootstrap DEA results indicate that no 

farm is fully efficient. There is less variability in technical efficiency after 

correcting for sampling bias through bootstrapping. The mean bootstrap DEA 

technical efficiency is 44.63%. Results of correlation analysis show that 

conventional and bootstrap DEA methods produce similar results in terms of the 

levels of estimated technical efficiency and the ranking of farms on the basis of 

estimated efficiency.  

 Second-stage regression analysis of the factors affecting DEA technical 

efficiency indicate that the use of hired labour and educational status of the 

head of farm household significantly affect technical efficiency. The indication is 

that farms with heads of household who have formal education are more 

efficient compared with farms with heads who do not have formal education. 

Farms that use hired labour tend to be more efficient compared with farms that 

do not use hired labour. 
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CHAPTER 6 

 

STOCHASTIC FRONTIER ANALYSIS RESULTS  

 

This chapter presents estimated results of conventional stochastic 

frontier analysis (CSFA) and Bayesian stochastic frontier analysis (BSFA). CSFA is 

undertaken using Battese and Coelli (1995) technical inefficiency effects model. 

A translog functional form with truncated normal assumptions for the 

distribution of the one-sided error term is used. Monotonocity restrictions are 

imposed in the estimation of the translog frontier. BSFA technical efficiency is 

also estimated using a translog functional form. MCMC methods are used to 

estimate the frontier parameters and technical efficiency. Estimation was done 

with WinBugs (Griffin and Steel, 2007) in R (R Development Core Team, 2008). 

 Section 6.1 provides the empirical SFA model and results of statistical 

tests for functional form and the presence of inefficiency. Section 6.2 presents 

results of the coefficient estimates of the CSFA production frontier. This is 

followed by results of partial production elasticity of inputs and returns to scale 

in section 6.3. Estimated CSFA technical efficiency results and the factors 

affecting CSFA technical inefficiency are presented in section 6.4. Section 6.5 

provides results of coefficient estimates of BSFA frontier. Partial production 

elasticity and returns to scale of the BSFA frontier are presented in section 6.6 

while estimated BSFA technical efficiency and the factors affecting BSFA 

efficiency are presented in Section 6.7. Section 6.8 provides a summary and 

conclusions based on the results. 



  

96 

6.1 Empirical SFA model and test for functional form and inefficiency 

We used a translog functional form for the empirical SFA model. The 

model contains 3 inputs (the same as in the empirical DEA model) and a single 

output which is the aggregation of the 6 crop outputs in value terms. Prior to 

estimation, all variables of the translog model were normalized by their 

respective means. When the translog SFA model is normalized this way, the 

linear parameter estimates represent output elasticities with respect to inputs 

at the mean of inputs. The sum of elasticity estimates provides a measure of 

size (Rahman, 2010; Villano and Fleming, 2006). However, this study made use 

of the three-step procedure of Henningsen and Henning (2009). In this 

procedure elasticity estimates and economies of size are calculated for each 

DMU. The elasticity values and returns to scale reported later are from this 

procedure. The empirical SFA model is specified as: 

2 21
0 1 2 3 4 52

2

6 7 8

9

ln ln(Land) ln(Labour) ln(Varinput) [ ln(Land) ln(Labour)

ln(Varinput) ] ln(Land) ln(Labour) ln(Land) ln(Varinput)

ln(Labour) ln(Varinput) (6.1a)i i

y

v u

β β β β β β

β β β

β

= + + + + +

+ + × + ×

+ × + −

0 1 2 3 4 5 6 7age gender educ fert hiredlab extn + farmsize (6.1b)iu δ δ δ δ δ δ δ δ= + + + + + +

where, ln denotes natural logarithm and y is total output (crop revenue). 

0 1 2 9, , ,...,β β β β and 0 1 2 7, , ,...,δ δ δ δ are unknown parameters to be estimated. 

Equation (6.1a) and (6.1b) were jointly estimated in R (R Development Core 

Team, 2008) using the three-step procedure of Henningsen and Henning (2009). 

The procedure estimates a SFA model by Maximum Likelihood in the first step 

and third step and imposes parameter restrictions by quadratic programming in 

the second step. The analysis was facilitated by the R packages “frontier” (Coelli 

and Henningsen, 2010), “micEcon” (Henningsen, 2012) and “quadprog” (Turlach 

and Weingessel, 2007). 

The translog functional form was chosen for the analysis. This functional 

form is flexible, thereby permitting a better investigation of the properties of 

the production frontier compared to functional forms such as the Cobb-Douglas. 

To justify the choice of the translog functional form, a generalized likelihood 
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ratio test was performed between the Cobb-Douglas and the translog forms. 

Likelihood ratio tests were also performed to establish the presence of technical 

inefficiency and the need to impose monotonicity restrictions. Results of these 

statistical tests are provided in Table 6.1. 

From the results in Table 6.1, the Cobb-Douglas functional form is 

rejected at the 1 percent level in favour of the translog functional form. The null 

hypothesis of no inefficiency is equally rejected at the 1 percent level. A test of 

the significance of excluding an intercept term in the inefficiency model could 

not be rejected (Table 6.1). Finally a test of monotonicity condition revealed 

that monotonicity is fulfilled at 127 out of 294 observations (43.2%). Although 

quasiconcavity is not a requirement for the production function, a test of 

quasiconcavity was performed which revealed that the production function is 

quasiconcave at 226 out of 294 observations (76.9%). After imposing 

monotonicity restrictions, tests revealed that monotonicity and quasiconcavity 

are both satisfied for all observations. 

Table 6.1: Model selection using likelihood ratio (LR) tests* 

Hypothesis DF 
2χ  value 

-valuep

 Decision 

Cobb-Douglas versus translog production function 
H0: The Cobb-Douglas production 
function is the correct functional form 6 39.1680 0.0000 Reject H0 

Significance of translog production function 
H0: There is no technical inefficiency 
(OLS is appropriate) 1 12.1550 0.0002 Reject H0 

Significance of intercept in inefficiency model 
H0: The translog technical efficiency 
effects model without intercept is the 
correct model 1 1.5850 0.2080 

Do not 
reject H0 

Monotonicity restrictions 
H0: Monotonicity is not violated 8 51.413 0.0000 Reject H0 

* The LR test statistic is calculated as follows: 
 

2 ln(likelihood for the null model) 2 ln(likelihood for the alternative model)D = − + , where 

D is the LR statistic, which is approximately a chi-squared distribution with degrees of 
freedom equal to df2 − df1; df1 and df2 represent the degrees of freedom of the null 
model and the alternative model, respectively. 
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6.2 Coefficient estimates of the CSFA production frontier 

Results of maximum likelihood estimates of parameters from the 

unrestricted stochastic frontier are given in Table 6.2. The coefficients of the 

production inputs are all positive, with the coefficients of land and intermediate 

inputs (Varinput) being statistically significant at the 1 percent level while the 

coefficient of labour is not significant. The coefficients of the quadratic terms 

are all negative. The coefficient for the quadratic term of land is significant at 

the 5 percent level while those of labour and Varinput, respectively, are 

significant at the 1 percent level. The signs of the input coefficients and their 

quadratic terms have the expected signs, making the production frontier 

theoretically consistent.  

Table 6.2: ML estimates of unrestricted translog CSFA production frontier 

Variable Coefficient Estimate Std. Error 

Constant 
0β  1.1501*** 0.0253 

Ln(Land) 
1β  0.7760*** 0.0318 

Ln(Labour) 
2β  0.0684 0.0468 

Ln(Varinput) 
3β  0.1636*** 0.0227 

Ln(Land)2 
11β  -0.1906** 0.0934 

Ln(Land) x Ln(Labour) 
12β  0.5274*** 0.0807 

Ln(Land) x Ln(Varinput) 
13β  -0.0351 0.0266 

Ln(Labour)2 
22β  -0.5946*** 0.0758 

Ln(Labour) x Ln(Varinput) 
23β  0.0888*** 0.0027 

Ln(Varinput)2 
33β  -0.1135*** 0.0099 

Inefficiency model 

age 
1δ  0.1839  0.1688 

gender 
2δ  0.2576  0.2165 

educ 
3δ  -0.1223  0.1335 

hdlab 
4δ  -0.0824*** 0.0224 

extn 
5δ  0.1077 0.1647 

fert 
6δ  -0.0044 0.0445 

farmsize 
7δ  0.2743*** 0.0858 

Sigma-square 2σ  0.5252*** 0.0707 
gamma γ  1.0000*** 0.0000 

* *, **, *** significant at the 10%, 5% and 1% level respectively 
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The interaction between Land and Labour as well as the interaction 

between Labour and Intermediate inputs are positive and significant at the 1 

percent level. The interaction between Land and Varinput on the other hand is 

negative but statistically insignificant.  

Monotonicity in the production frontier is a requirement for obtaining 

consistent parameter estimates. A test of monotonicity condition of the 

production frontier in Table 6.2 indicates that monotonicity is violated at 56.8% 

of the data points; see Henningsen and Henning (2009) for the test of 

monotonicity condition. When monotonicity is violated, efficiency estimates of 

the individual firms obtained from the production frontier have no reasonable 

interpretation. The problem that arises when monotonicity in the production 

frontier is violated has been discussed previously in Chapter three. Given that 

monotonicity is not fulfilled at all data points with the sample data used in this 

study, a restricted model was estimated by imposing monotonicity following the 

minimum distance approach of Henningsen and Henning (2009) described in 

Chapter three. In this approach, parameters of the production frontier β̂  and 

their covariance matrix ˆ
β∑ are extracted from the unrestricted estimation 

results and used in the following minimum distance estimation where the 

objective is to obtain 0β̂  parameters that are close to the original estimates but 

satisfy the expected monotonicity conditions:  

( ) ( )0 0 1 0ˆˆ ˆ ˆ ˆ ˆarg min ββ β β β β−= − ∑ −       (6.2) 

s.t. 0ˆ( , ) 0 ,if x i xβ ≥ ∀  

The restricted parameters in the minimum distance equation above were 

estimated using quadratic programming. 

Results of the minimum distance estimation are presented in Table 6.3. 

The coefficients are as defined earlier, with the superscripts denoting that these 

are restricted coefficients. Many of the coefficients have changed greatly, with 

most of them exceeding the unrestricted model estimates by several times the 

standard error (column 4 in Table 6.3). The parameters obtained in this 
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minimum distance estimation process are considered to be theoretically 

consistent (provide a monotonic production frontier using the sample data). 

These estimates are used in a third step to estimate technical efficiency and the 

factors affecting technical efficiency (estimation results are presented in 

sections 6.5). 

It is however difficult to obtain a consistent covariance matrix of the 

restricted parameters because standard bootstrapping leads to an inconsistent 

covariance matrix if the restricted parameters are at the boundary of the 

parameter space (Andrews, 2000; Dhrymes, 2006) cited in Henningsen and 

Henning (2009). So standard errors cannot be calculated. Consequently t values 

or p values cannot be calculated in order to determine the statistical 

significance of the restricted parameter estimates. None-the-less, this approach 

is useful in providing a consistent production frontier for the estimation of 

technical efficiency of farms which is the main objective of this study. More so, 

the effect of production inputs on output is better examined from calculation of 

partial production elasticity and returns to scale. 

Table 6.3: Minimum distance estimation results 

Variable Coefficient Estimate Diff. Diff./std.Error 

Constant 0

0β  1.0930 -0.0571 -2.2569 
Ln(Land) 0

1β  0.8198 0.0439 1.3798 
Ln(Labour) 0

2β  0.0216 -0.0469 -1.0003 
Ln(Varinput) 0

3β  0.2024 0.0388 1.7130 
Ln(Land)2 0

11β  -0.0548 0.1359 1.4541 
Ln(Land) x Ln(Labour) 0

12β  0.0018 -0.5257 -6.5176 
Ln(Land) x Ln(Varinput) 0

13β  0.0626 0.0977 3.6681 
Ln(Labour)2 0

22β  -0.0057 0.5889 7.7681 
Ln(Labour) x Ln(Varinput) 0

23β  0.0068 -0.0820 -30.7367 
Ln(Varinput)2 0

33β  -0.0731 0.0404 4.0656 

Note: Diff is the deference between the coefficient estimate of the restricted 
model and the unrestricted model. 
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6.3 Partial elasticity and returns to scale of the CSFA production frontier 

We examined the response of output to varying levels of each of the 

production inputs while holding the levels of the other inputs constant, by 

estimating partial production elasticity for the inputs. Results of input elasticity 

calculated from the production frontiers are presented in Table 6.4. On the 

average the results in Table 6.4 show that all the production inputs have 

positive elasticity values, implying that output can be increased by increasing 

the level of individual inputs.  

The mean partial production elasticity of Land increased from 0.7221 in 

the unrestricted model to 0.7861 in the restricted model. In similar manner, the 

mean partial production elasticity of Varinput Intermediate inputs increased 

after the imposition of monotonicity restrictions (Table 6. 4). The mean partial 

production elasticity of Labour on the other hand decreased from 0.0387 in the 

unrestricted model to 0.0178 in the restricted model. Comparison of means for 

partial production elasticities between the unrestricted and restricted models 

was carried out using paired-sample t-tests. Results of the tests are summarized 

in Appendix 1. The mean differences of partial production elasticity of Land and 

Varinput between unrestricted and restricted models are statistically significant 

at the 1% and 5% levels, respectively. In the case of Labour, the mean difference 

of partial production elasticity between the restricted and unrestricted models 

is not statistically significant.  

Table 6.4: Partial production elasticity of inputs 

Unrestricted model Restricted model 

Statistics Land Labour Varinput Land Labour Varinput 

Mean 0.7221 0.0387 0.2294 0.7861 0.0178 0.2402 
Standard 
deviation 0.3470 0.4551 0.1428 0.0725 0.0086 0.0850 
Minimum -0.5778 -0.9170 -0.2488 0.5483 0.0000 0.0000 
Maximum 1.4271 1.5409 0.5309 0.9954 0.0459 0.5108 

 

Clearly the imposition of monotonicity reduced the range and variance 

(compare standard deviation of the restricted and unrestricted models) of the 
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partial production elasticity of land, Labour and Varinput. Small values 

(including negative values) increased and large values decreased. The restricted 

partial production elasticity estimates have smaller ranges. 

The results of partial production elasticity of inputs presented above give 

an idea of how the level of output changes in response to changes in the level of 

one of the variable inputs while the levels of the other inputs are held constant. 

In order to establish the response of output when the levels of all inputs are 

varied simultaneously, the returns to scale of the production frontier was 

calculated for each farm as the sum of partial production elasticity for all inputs. 

Calculated returns to scale (scale elasticity) suggests that the CSFA 

frontier technology exhibits decreasing returns to scale if monotonocity is not 

imposed but exhibits increasing returns when monotonicity is imposed. This 

implies that output would more than double if all inputs are doubled under 

monotonicity restrictions; output would less than double if all inputs are 

doubled without imposing monotonicity restrictions on the frontier.  

The mean returns to scale for the unrestricted and restricted models 

were compared using a paired-sample t-test (the test results are summarized in 

Appendix 1). On the average, returns to scale increased slightly from 0.9902 

under the unrestricted model to 1.0440 under the restricted model but the 

difference between the two means is statistically significant at the 1% level. The 

range of returns to scale for the unrestricted model is 0.5160 to 1.5683 

compared with 1.0254 to 1.0620 for the restricted model. As indicted in the 

case of partial production elasticity, the imposition of monotonicity has the 

effect of increasing small values and decreasing large values of returns to scale. 

The variance of the calculated returns to scale has also greatly reduced with the 

imposition of monotonicity. Results of the calculated returns to scale are 

summarized in Table 6.5.  
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Table 6.5: Summary statistics of scale elasticity of CSFA frontier 

Returns to scale 

Statistics Unrestricted model Restricted model 

Mean 0.9902 1.0440 
Standard deviation 0.1748 0.0068 
Minimum 0.5160 1.0254 
Maximum 1.5683 1.0620 

 

 Partial elasticity of production values of Labour and Varinput from the 

unrestricted CSFA frontier are positively correlated with the corresponding values 

from the restricted CSFA frontier. These correlations are statistically significant at 

the 1% level. A negative but statistically insignificant correlation (-0.0793) exists 

between the unrestricted and restricted CSFA partial production elasticity of land. 

Returns-to-scale estimates under the unrestricted and restricted CSFA frontiers 

are positively correlated. A correlation coefficient of 0.9425 was calculated for the 

RTS between the two frontiers, which is statistically significant at the 1% level. 

Correlation coefficients of partial production elasticity and returns to scale are 

shown in Table 6.6 for the unrestricted and restricted CSFA frontiers. 

Table 6.6: Correlation coefficients of partial production elasticity and returns to scale 
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Land-U 1.0000 

Land-R -0.0793 1.0000 

Labour-U 1.0000 

Labour-R 0.6437*** 1.0000 

Varinput-U 1.0000 

Varinput-R 0.8339*** 1.0000 

RTS-U 1.0000 

RTS-R             0.9425*** 1.0000 

Note: -U = unrestricted model and –R = restricted model. 

The correlation coefficient of 0.8339 for Varinput (Table 6.6, column 6 and row 7) 

indicates that the unrestricted and restricted CSFA frontiers estimate the same 

partial production elasticity of Varinput in less than 84% of cases. The correlation 

coefficient for labour (0.6437) suggests that the two frontiers estimate the same 

partial production elasticity of labour in less than 65% of cases.  
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6.4 Estimated CSFA technical efficiency and factors affecting efficiency 

Frontier output for each farm, calculated on the basis of the consistent 

parameter estimates in 6.2, were used in a final step to estimate technical 

efficiency of the farms and their determinants. In this step, a CSFA production 

frontier model is estimated jointly with an inefficiency model. The dependent 

variable in this model is the observed output of each farm and the only 

independent variable is the predicted output calculated for each farm from the 

restricted model.  Frequency distributions of estimated technical efficiency and 

summary statistics from the unrestricted and restricted models, respectively, 

are presented in Table 6.7.  

The results in Table 6.7 indicate that majority of farms fall within the low 

technical efficiency ranges for both models. The results also suggest that there 

is considerable inefficiency in crop production among the sample farms. The 

mean technical efficiency for the unrestricted model (45.91%) is significantly 

lower than the mean for the restricted model (54.24%). About 51 percent of the 

farms have technical efficiency below the restricted model mean technical 

efficiency and 46 percent of the sample farms actually produce below 50% 

technical efficiency. Going by the restricted frontier technical efficiency, these 

results imply that crop output could be increased substantially using the current 

level of inputs and existing technology. The mean technical efficiency of this 

model is within the range of mean technical efficiency estimates for Ghanaian 

agriculture. It is higher than a mean efficiency estimate of 51% by Kuwornu et 

al. (2013)However, it is lower than estimates of 64% by Addai (2011) and 63% 

by Nkegbe (2012). 
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Table 6.7: Frequency distribution of CSFA technical efficiency 

Unrestricted model Restricted model 

Technical efficiency score 

(%) 

Number 

of farms % of farms 

Number 

of farms % of farms 

<10 4 1.36 1 0.34 
10 - 20 33 11.22 11 3.74 
20 - 30 48 16.33 32 10.88 
30 - 40 58 19.73 37 12.59 
40 - 50 45 15.31 54 18.37 
50 -60 32 10.88 38 12.93 
60 - 70 22 7.48 32 10.88 
70 - 80 15 5.10 48 16.33 
80 - 90 17 5.78 39 13.27 
90 - 99 20 6.80 2 0.68 

100 0 0.00 0 0.00 
Total 294 100.00 294 100.00 

Summary statistics of conventional CSFA technical efficiency (%) 
Mean 45.91 54.24 
Minimum 5.28 9.52 
Maximum 99.99 95.12 
Standard deviation   23.6264   20.60 

 

Correlation analysis of efficiency estimates from the unrestricted and 

restricted CFSA frontiers and from the BSFA frontier and CSFA frontiers were 

carried out. Efficiency estimates of the BSFA frontier are presented in section 

6.7. Results of the correlation analysis are presented in Table 6.8. All correlation 

coefficients are positive and statistically significant at the 1% level. The results 

indicate strong correlation between the CSFA frontiers estimates (0.8827). 

There is a stronger positive correlation (0.8525) between efficiency estimates of 

the restricted CSFA frontier and the BSFA frontier compared with the 

correlation (0.7134) between the unrestricted CSFA frontier and the BSFA 

frontier.  

Table 6.8: Correlation coefficients of SFA efficiency estimates 

  CSFA-Unrestricted CSFA-Restricted BSFA frontier 

CSFA-Unrestricted 1.0000 
CSFA-Restricted 0.8827 1.0000 
BSFA frontier 0.7134 0.8525 1.0000 
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Figure 6.1 is a scatter plot of estimated technical efficiency from the two 

CSFA models with a 45 degrees line included to highlight any differences 

between the two.  Points below the line indicate situations in which the 

unrestricted model produces efficiency estimates greater than those produced 

under the restricted model. Points above the line indicate the restricted model 

produced greater efficiency estimates while points on the line indicate the 

situations in which both models produce similar efficiency estimates. It can be 

seen from Figure 6.1 that in most cases the restricted model produces higher 

technical efficiency estimates. 

The imposition of monotonicity reduced the range of estimated technical 

efficiency of 5.28 to 99.99 percent in the unrestricted model to 9.52 to 95.12 

percent in the restricted model.  The space between the vertical dash line and 

vertical dotted line in Figure 6.1 gives the range of estimated efficiency after 

imposition of monotonicity. Points to the left of the dash line show observations 

that had efficiency estimates below 9.52 percent under the unrestricted model, 

which have their values increased to 9.52 percent and above after imposition of 

monotonicity restrictions. Points to the right of the dotted line show 

observations that had estimated efficiency above 95.12 percent, which have 

their values reduced to 95.12 percent after imposition of montonicity 

restrictions. These results indicate that extreme efficiency values are produced 

without the imposition of monotonicity restrictions using this data set. Policies 

based on such extreme results would be misleading.  
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Figure 6.1: Scatter plot of stochastic frontier technical efficiency estimates 

 

Given the existence of inefficiency in crop production and the variability 

in technical efficiency among the sample farms, we examined a number of 

farmer characteristics and socio-economic management practice factors that we 

expected to affect technical inefficiency. Results from the stochastic frontier 

model are presented in Table 6.9.  

Table 6.9: Parameter estimates of the technical inefficiency model from the CSFA frontier 

Variable Coefficient Estimate Std. Error 

Constant 
0

α  -0.0814 0.1205 
Fitted output 

1
α  0.7611*** 0.0703 

age 0

1δ  0.1786 0.2053 
gender 0

2δ  0.0315 0.2458 
educ 0

3δ  -0.0756 0.1963 
hdlab 0

4δ  -0.1407* 0.0857 
extn 0

5δ  -0.0482 0.1703 
fert 0

6δ  -0.0353 0.0502 
farmsize 0

7δ  0.2631*** 0.0874 
Sigma-square 2σ  0.6297*** 0.1251 
gamma γ  0.8766*** 0.0756 

*, **, *** significant at the 10%, 5% and 1% levels respectively  

Note: a negative sign on the estimate of a delta coefficient in Table 6.6 indicates that an increase in the 
level of that factor increases efficiency. The reverse is true in the case of a positive coefficient estimate. 
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The variance parameters, 2σ as well as the parameter indicating the 

proportion of the variance in the error term accounted for by inefficiency (γ ) 

are both significant at the 1% level, implying that there is significant variability 

in crop output among the sample farms and that variability in technical 

inefficiency accounts for nearly 90 percent of total variability in crop output. The 

results show that the coefficients on age, gender and farm size each have a 

positive effect on technical inefficiency.  The effect of age suggests that farms 

with younger heads of household are more technically efficient compared to 

farms that have older heads of household. The coefficient on the gender 

dummy variable indicates that farms with female heads of household are more 

technically efficient compared to farms with male heads of household. The 

effect of farm size on technical efficiency suggests that smaller farms are more 

technically efficient compared with larger farms. While farm size is statistically 

significant at the 1% level, age and gender are not significant.  

 

The coefficients on educational status of the head of household, the use 

of hired labour and fertilisers as well as access to agricultural extension services 

are negative. The negative coefficient of the education dummy variable 

indicates that farms with heads of household who have formal education are 

more efficient compared to farms with heads who do not have formal 

education; higher levels of hired labour use increases technical efficiency; and 

farms that have access to agricultural extension services are more technically 

efficient compared to their counterparts without access to extension. The use of 

hired labour is statistically significant at the 10% level while the remaining 

factors that have negative coefficients are not significant. The size of the 

significant coefficients suggests that farm size has a greater influence on 

technical efficiency compared to the use of hired labour.  

6.5 Parameter estimates of the Bayesian SFA production frontier 

The empirical BSFA model used a translog specification for the functional 

form. This same specification was used for the CFSA model (see equations (6.1a) 
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and (6.1b)). Bayesian estimation results are sensitive to assumptions about the 

prior distribution of parameter estimates. We used non-informative priors 

where possible to ensure that posterior parameter estimates do not depend on 

the prior distributions. The following prior distributions were used for the 

parameters of interest ( 2, ,
v

u andβ σ δ ). 

0
( , );Unifβ −∞ ∞∼ (0, ) 1,...,3;j Unif for jβ ∞ =∼ ( , ) 4,...,9;j Unif for jβ −∞ ∞ =∼  

2

1 2 1 2| , ( , );
v

p p Gamma p pσ −
∼ and ( , ),j j jGamma a gδ ∼  

where *

1 11for 1,and 1, ln( ), with (0,1).j ja g j a g r r= = > = = − ∈  The notation 

( , )Unif a b is used for a uniform distribution with the probability density function 

( ) 1, ( , ).f x x a b= ∈  A Gamma prior distribution is a widely used choice for the 

inverse of the variance parameter in normal models (Kurkalova and Carriquiry, 

2003). The parameter 2
p must be positive, othersie the posterior distribution in 

the inefficiency model does not exist (Fernandez et al., 1997). We set 

1 2
0.01.p p= =  

The empirical BSFA model was estimated by running 150,000 iterations. 

The first 50,000 iterations were discarded as burn-in runs and the remaining 

iterations were retained with a thinning of 5. This resulted in a sample size of 

20,000 per chain for 2 parallel chains. After assessing that convergence was 

achieved, the results from the 2 chains were combined to give a total sample of 

40000. Gelman plots (Gelman and Rubin, 1992) were used to assess that 

convergence has been achieved. This convergence criterion requires that 

iterations should be run until the shrink factor for all quantities of interest are 

close to 1. Figures 6.2 to 6.5 provide Gelman plots for selected parameters of 

the BSFA frontier model. As can be seen in Figures 6.2 to 6.5, the shrink factor 

for the median and 97.5 percentile of the precision parameter, lambda, the 

mean returns to scale (mrts) and mean technical efficiency (mTE) decline to 1 in 

the last iteration, confirming that convergence has been achieved. 
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Figure 6.2: Gelman plot for precision parameter of BSFA frontier 

 

 

Figure 6.3: Gelman plot for lambda of BSFA frontier 
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Figure 6.4: Gelman plot for mean returns to scale of BSFA frontier 

 

 

Figure 6.5: Gelman plot for mean returns to scale of BSFA frontier 
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Table 6.10 presents the distributions of the estimated parameters of the 

BSFA production frontier. The coefficients of all inputs in the production frontier 

are positive. The linear parameters provide estimates of partial production 

elasticities at the mean of inputs if the variables in the TL model are normalized 

by their respective means. The mean coefficient values of the quadratic terms 

are all negative, even though the upper 2.5 percent of the distribution for these 

quadratic terms are positive (Table 6.10). 

Table 6.10: Estimated parameters of Bayesian stochastic frontier 

Variable Parameter 

Posterior Distributions 

Mean St. Dev. 
0.025 

percentile 
0.975 

percentile 

Stochastic Production frontier 

Constant 
0

0β  0.3097 0.0941 0.1503 0.5195 

lnLand 
0

1β  0.4148 0.0692 0.2813 0.5523 

lnLabour 
0

2β  0.1958 0.0481 0.1027 0.2924 

lnVarinput 
0

3β  0.2072 0.0339 0.1416 0.2749 

lnLandSq 
0

11β  -0.0614 0.1006 -0.2236 0.1484 

lnLandxlnLabour 
0

12β  0.0724 0.0389 -0.0080 0.1434 

lnLandxlnVarinput 
0

13β  0.0320 0.0317 -0.0376 0.0858 

lnLabourSq 
0

22β  -0.0716 0.0524 -0.1714 0.0304 

lnLabourxlnVarinput 
0

23β  0.0074 0.0214 -0.0345 0.0506 

lnVarinputSq 
0

33β  -0.0124 0.0317 -0.0657 0.0492 

gamma γ  0.7735 0.0730 0.6170 0.8976 

lambda λ  1.2139 0.4393 0.5297 2.2236 

Mean technical efficiency  0.7748 0.0543 0.6554 0.8661 

Mean returns to scale  0.7897 0.0801 0.6354 0.9489 

precision 2σ −  4.1579 0.8514 3.0397 6.2931 

sdTE  0.1750 0.0268 0.1207 0.2235 

Inefficiency model 

age 
0

1δ  -0.9528 0.7579 -2.6963 0.2301 

gender 
0

2δ  -0.6170 0.7096 -2.2252 0.6024 

educ 
0

3δ  -0.6525 0.7106 -2.2268 0.6240 

hdlab 
0

4δ  -0.6880 0.5074 -1.9427 -0.0229 

extn 
0

5δ  -0.5852 0.6515 -2.0774 0.4919 

fert 
0

6δ  -0.1486 0.3316 -0.9932 0.3440 

farmsize 
0

7δ  -0.5643 0.7412 -2.2979 0.5190 
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The estimated parameters suggest that cultivated area, labour and Varinput 

jointly determine the output produced and also show that the structure of 

production is influenced by individual input effects. The interactions among 

inputs have a positive effect on output suggesting that the inputs complement 

each other. Figure 6.6 shows the density plots for the coefficient estimates of 

the production frontier. Figure 6.6 indicates that the coefficients exhibit 

variability, some skewed to the left, and others to the right. 

 

Figure 6.6: Density plots of coefficients of BSFA frontier  

Note: Densities of parameters (from left to right by rows):  

Row 1:  
0 0 0

1 2 3, ,β β β  Row 2: 
0 0 0

11 12 13, ,β β β  Row 3: 
0 0 0

22 23 33, ,β β β  

The variance parameters of the BSFA production frontier (lambda and 

gamma) suggest there is inefficiency in crop production. Given that 2 2/ ,
u v

λ σ σ=

the value of lambda (1.213) in Table 6.10 suggests there is greater variability in 

technical inefficiency compared to variability in random errors. The gamma 

value (0.7735) suggests that technical inefficiency is the main source of 
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variability in crop output. On the average 77.35% of the total variance in crop 

production among the sample farms can be attributed to variance in technical 

inefficiency. The density of gamma is shown in Figure 6.7 below. 

 
Figure 6.7: Density of gamma from BSFA frontier 
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6.6 Elasticity and returns to scale of BSFA production frontier 

Input elasticity and returns to scale were estimated under the Bayesian 

stochastic frontier model. Elasticity was estimated at the mean for each input. 

Table 6.11 provides the distributions of the estimated elasticity which are 

illustrated in Figure 6.8. All elasticity values are positive, indicating that output 

responds positively to increasing levels of each input when the levels of the 

other inputs are held constant. The results show that the greatest increase in 

crop output is achieved by increasing the cultivated area while holding Labour 

and Varinput constant. Crop output responds least to changes in the level of 

Labour input.  The densities of input elasticity shown in Figure 6.8 indicate that 

the distribution of the elasticity of Land is left skewed while the elasticity of 

Labour is right skewed. This implies that there is high probability that the 

estimated elasticity of Land would be lower than the mean value and the 

elasticity of labour would greater than the mean. Consequently, output may be 

less responsive to Land than the mean elasticity suggests. In the case of Labour, 

output may be more responsive than suggested by the mean elasticity. By 

providing the entire distribution of the parameter estimates, The BSFA results 

give a better understanding of the likely effect of variables of interest compared 

with the point estimates provided by CSFA and other approaches.  

Table 6.11: Input elasticity and returns to scale of Bayesian stochastic frontier 

Posterior distributions 

Input/RTS Mean St. Dev. 025 Percentile 0.975 Percentile 

Land 0.3886 0.0618 0.2446 0.5018 

Labour 0.1926 0.0559 0.0988 0.3173 

Varinput 0.2089 0.0230 0.1641 0.2543 

Return to scale 0.7901 0.0429 0.7080 0.8956 
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Figure 6.8: Density plots of input elasticities of BSFA frontier 

Note: from left to right, elasticity of Land, labour and Varinput. 

 
The mean estimated returns to scale under the Bayesian stochastic 

frontier is 0.7901 with a standard deviation of 0.0429 (Table 6.10). This means 

that on the average output would increase by 0.7901 if all the inputs are 

doubled. This gives a situation of decreasing returns to scale. 

6.7 BSFA technical efficiency and factors affecting efficiency 

Technical efficiency estimates under the Bayesian stochastic frontier are 

presented in Table 6.12. Only four farms (less than two percent of the sample) 

have mean efficiency levels less than 50%. The remaining farms all have 

estimated mean technical efficiency equal to or above 50%. The number of 

farms increases as technical efficiency increases, up to 90%. Seven farms (less 

than 3% of the sample) have technical efficiency greater than 90%. No farm in 

the sample had a perfect technical efficiency score (100%). The efficiencies 

discussed above are the means for the distribution of estimated technical 

efficiency. 

The mean Bayesian technical efficiency ranges from 40.62% to 97.39% 

with a mean of 77.48% and standard deviation of 9.33. Figure 6.9 shows the 

density of estimated technical efficiency from the BSFA model. The distribution 

in Figure 6.9 is left skewed, but most of the farms have estimated efficiency 
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above the sample average mean efficiency. The average mean efficiency is 

indicated by the vertical dash line in Figure 6.9. 

Table 6.12: Frequency distribution of BSFA frontier technical efficiency 

Technical efficiency score (%) Number of farms % of farms 

< 50 4 1.36 
50 -60 9 3.06 
60 - 70 43 14.63 
70 - 80 103 35.03 
80 - 90 128 43.54 
90 - 99 7 2.38 

100 0 0.00 
Total 294 100.00 

Summary statistics of BSFA technical efficiency (%) 
mTE (from 2 chains) 77.48 
Minimum 40.62 
Maximum 97.39 
Standard deviation   9.33 

 

 
Figure 6.9: Density plot of estimated BSFA technical efficiency 
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Given the presence of technical inefficiency in the BSFA model, the 

factors affecting technical efficiency were examined. Estimated coefficients of 

the factors affecting technical efficiency are reported in Table 6.7 (bottom half) 

and illustrated in Figure 6.10.  

 
Figure 6.10: Density plots of coefficients of factors affecting BSFA efficiency 

Note: From left to rgiht by rows:  
Row 1: age, gender, educ Row 2: hdlab, extn, fert  Row 3: farmsize 

 

All the coefficients are negative. The effect of the age of head of 

household implies that farms with older heads of household are more 

technically efficient compared with farms with younger heads.  The negative 

coefficient of the gender dummy variables indicates that farms with female 

heads of household are more technically efficient compared with farms with 

male heads. The educational status of the head of household points to the fact 

that farms with heads of household who have formal education are more 

technically efficient compared with farms that have heads of household who do 

not have formal education. Higher levels of hired labour as well as higher levels 

of fertilisers increase technical efficiency. Finally, the effect of farm size suggests 

that increasing farm size increases technical efficiency. Among the factors 

investigated, only age and hired labour are statistically significant.  
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6.8 Summary of chapter 6 

This chapter presented estimates of technical efficiency for a sample of 

crop farms in the Upper East region of Ghana based on CSFA and BSFA frontier 

estimation methods. The results show that land, labour and intermediate inputs 

contribute significantly to crop output.  

From estimated partial production elasticity of inputs, there is indication 

that output responds to increasing levels of inputs. Estimates of input elasticity 

under CSFA and BSFA models produced consistent results in terms of order of 

magnitude of the estimated elasticity. Both frameworks produced higher output 

elasticity for land, followed by intermediate inputs and labour in that order. The 

output elasticity of land and intermediate inputs under the CSFA model are 

higher than the corresponding values under the BSFA model. In the case of 

labour, the CSFA model produced a lower output elasticity compared with the 

BSFA model. The CSFA frontier exhibits increasing returns to scale while the 

BSFA frontier exhibits decreasing returns to scale at the mean of inputs. 

Estimated technical efficiency scores reveals substantial variability and 

inefficiency in crop production among the sample farms.. These results imply 

that crop output in the study area can be increased through increase in 

technical efficiency. In general, the CSFA model produced lower efficiency 

estimates compared with the BSFA model. Figure 6.11 shows a scatter plot of 

estimated efficiency from the two models. The dash line indicates the equality 

of efficiency estimates from the two models. Points below the line show that 

the CSFA model produced higher efficiency estimates while points above the 

line indicate the BSFA model produced higher efficiency estimates. 
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Figure 6.11: Scatter plot of CSFA and BSFA technical efficiency 

 

An examination of the factors affecting technical efficiency of crop farms 

produced mixed results from the CSFA and BSFA models. Education, hired 

labour and fertilisers and extension services have consistent positive effects on 

technical efficiency in both models. Age and gender of head of household and 

farm size reduce efficiency under the CSFA model while they increase efficiency 

under the BSFA model.  These findings imply that policy decisions are sensitive 

to the model (CSFA versus BSFA) that is used to estimate technical efficiency 

scores.  

Results of the stochastic frontier analysis reveal the existence of 

substantial technical inefficiency in crop production among a sample of farms in 

the Upper East region of Ghana. This result implies that crop output can be 

increased substantially with the current level inputs and available production 

technology. The current low level of output compared to the frontier output 

could be because many farmers do not have access to the same technology (as 

their peers) or are using it inefficiently. 
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Partial production elasticity analysis indicates that output responds 

positively to increasing levels of inputs. The greatest response in output is 

achieved from expansion in the annual cultivated land area. There is moderate 

response of output to intermediate inputs while output response to labour is 

negligible. From a policy point of view, these results imply that area expansion 

and higher levels of intermediate inputs use offer an opportunity to increase 

crop output in the study region. A major drawback to this opportunity of 

increasing output through area expansion is that land is scarce in the Upper East 

region. Increasing land productivity may therefore be a better and feasible 

option for increasing output. This issue is considered in more detail in Chapter 

seven. 

The existence of substantial technical inefficiency implies that output can 

be increased by reducing inefficiency. Important factors to consider in reducing 

inefficiency include age of head of household, use of hired labour and farm size.  

Comparison of estimated technical efficiency among the three 

frameworks indicates that the mean efficiency from the BSFA framework is 

significantly higher than the corresponding value from the CSFA framework, 

which in turn is significantly higher than the mean efficiency from the DEA 

framework. The estimated mean efficiencies are significantly different from 

each other at the 1 percent level using the Student t-test. Spearman’s rank 

correlation analysis shows that even though the three estimation frameworks 

produce different levels of efficiency estimates, they all rank the sample farms 

in roughly the same order on the basis of estimated efficiency. Table 6.13 shows 

calculated Spearman’s correlation coefficients between pairs of estimation 

frameworks. All correlation coefficients in Table 6.13 are statistically significant 

at the 1 percent level. The high and positive correlation coefficients mean that 

the three frameworks are consistent in ranking the farms based on technical 

efficiency estimates.  
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Table 6.13: Spearman’s rank correlation of by estimation framework 

  DEA framework CSFA framework BSFA framework 

DEA framework 1.0000 
  

CSFA framework 0.8716 1.0000 
 

BSFA framework 0.8306 0.8848 1.0000 

 

 Analysis of the factors affecting technical efficiency produced mixed 

results from the different estimation frameworks. Table 6.14 summarizes the 

outcome of the analysis of factors affecting technical efficiency. Age of head of 

household has a significant positive effect on technical efficiency in the Bayesian 

SFA framework. The estimated positive effect of age (a proxy for farming 

experience) on efficiency is consistent with a priori expectation and in 

agreement with studies on technical efficiency in agriculture worldwide 

(Alemdar and Ören, 2006; Binam et al., 2003; Coelli et al., 2002; Haji, 2006; 

Kurkalova and Carriquiry, 2003; Wouterse, 2010). 

Table 6.14: Factors affecting technical inefficiency by estimation framework 

Estimated coefficient by framework 

Factor Bootstrap DEA Constrained CSFA Constrained BSFA 

age -0.0468 0.1786 -0.9528* 
gender 0.0518 0.0315 -0.6170 
educ -0.0720** -0.0756 -0.6525 
hdlab -0.0056** -0.1407* -0.6880** 
extn 0.0245 -0.0482 -0.5852 
fert -0.0018 -0.0353 -0.1486 
farmsize -0.0110 0.2631*** -0.5643 
Note: A positive coefficient in Table 6.14 indicates that an increase in the level of the factor associated 
with the coefficient decreases technical efficiency. A negative coefficient implies an increase in technical 
efficiency with an increase in the level of the factor associated with the coefficient. 
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CHAPTER 7 

 

SUMMARY, CONCLUSIONS AND POLICY IMPLICATIONS 

 

7.1 Summary of main findings and conclusions 

Agriculture is the main stay of the economy of Ghana. Agricultural 

production, mainly crops, is carried out by smallholder farmers who produce 

more than 80% of the annual crops output. Government efforts over the years 

have been directed at increasing crop production through productivity increase. 

As part of these efforts, government funded research has produced high 

yielding crop varieties and complementary technologies for use by farmers. In 

spite of the availability of improved crop production technologies, considerable 

yield gaps persist between what farmers achieve and what is feasible (Ministry 

of Food and Agriculture, 2010). The yield gap can be attributed to lack of access 

to the available technology. However, analysis of a sample of farms from the 

Upper East region of Ghana indicates that farmers use improved crop varieties 

and fertilisers, the two main components of improved technology. This raised 

the question of whether the yield gap may be attributed to existence of 

inefficiency in production. 

The main objective of this thesis was to investigate the extent and 

determinants of technical inefficiency among a sample of smallholder farms in 

the Upper East region of Ghana. A secondary objective was to investigate 

whether determinants of technical inefficiency are invariant to the method used 

to compute the measures. 

Technical efficiency was estimated using three frameworks (DEA, CSFA 

and BSFA frontiers) and the results were compared. The DEA framework used 

an output-orientation and technical efficiency was computed under VRTS, CRTS, 

and NIRTS assumptions. This facilitated the computation of scale efficiency and 

the nature of returns to scale. Bootstrapping was applied to correct for sampling 
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bias in estimating technical efficiency and OLS regression was used to establish 

the factors affecting bias-corrected technical efficiency.  

The CSFA and BSFA frameworks adopted a translog functional form with 

a truncated normal specification for the error term. Monotonicity restrictions 

were imposed on the production frontiers and an inefficiency effects model was 

estimated simultaneously with parameters of the production frontier for each 

framework. 

Estimated technical efficiency measures indicate there is considerable 

inefficiency in crop production among the sample farms. The mean technical 

efficiency measure under VRTS from the conventional DEA model is 51.80% 

compared with the mean from the bootstrapped bias-corrected model of 

44.63%. Although the conventional and bias-corrected mean technical efficiency 

estimates are significantly different statistically, the sample farms are ranked in 

nearly the same order on the basis of estimated efficiency. Calculated 

Spearman’s rank correlation of technical efficiency measures from the two 

models is 0.9889; implying that in approximately 99 percent of cases the 

conventional DEA and bias-corrected DEA estimation rank the farms in the same 

order. 

Analysis of returns to scale from the DEA frontier models shows that 

50.00% of the farmers operate under decreasing returns to scale, 45.58% 

operate under increasing returns to scale while the remaining farms (4.42%) 

operate under constant returns to scale. Estimated mean scale efficiency is 

94.07%. Given that the mean scale efficiency is relatively very high, inefficiency 

in crop production can be attributed to pure technical inefficiency.  

Results of OLS regression analysis of factors affecting DEA technical 

efficiency reveal that farms with heads of household who have formal education 

are more technically efficient compared with farms whose heads have no formal 

education and that higher levels of hired labour increases technical efficiency. 

Formal education enables farmers to read and interpret written information. 

This would tend to make such farmers more efficient compared to non-



  

125 

educated farmers. Formal education also offers non-farm employment 

opportunities. Farmers with alternative sources of employment tend to be less 

efficient. So the effect of education would depend on whether an educated 

farmer has non-farm employment. The present study did not consider non-farm 

employment activities of farmers. The results on education are consistent with 

Cinemre et al. (2006), Dhungana et al. (2004), Latruffe et al. (2004), Nkegbe 

(2012), Tian and Wan (2000) but contrast with Coelli et al. (2002), Sherlund et al. 

(2002), Udoh and Etim (2007). From the CSFA results, all the coefficients of the 

production frontier have the expected signs. The variance parameter 2σ is 

statistically significant, implying that there are significant variations in crop 

output among the sample farms. The value of the variance parameter γ (0.8766) 

indicates that variance in technical inefficiency dominates in the total error 

variance. Calculated partial production elasticity suggests that output is more 

responsive to changes in land and intermediate inputs than to changes in the 

level of labour input. The CSFA frontier technology exhibits increasing returns to 

scale. The variance parameter λ from the BSFA estimation results indicates that 

the variance of the inefficiency term is greater than the variance of random 

errors. The value of γ (0.7735) confirms the dominance of inefficiency variance 

in total error variance. Consistent with the CSFA model, output is more 

responsive to land and intermediate inputs compared with labour. The BSFA 

frontier technology exhibits decreasing returns to scale at the mean of inputs. 

Both CSFA and BSFA frameworks demonstrate that there is considerable 

inefficiency in crop production among the sample farms. Estimated mean 

technical efficiency of the CSFA and BSFA frontiers are 54.24 percent and 77.48 

percent respectively. About 51 percent of the farms under the CSFA approach 

are below the sample mean technical efficiency compared with 40 percent 

under the BSFA approach. 

Results of analysis of the determinants of CSFA and BSFA technical 

efficiency indicates that (for both approaches) farms that use hired labour are 

more efficient compared to farms that do not use hired labour. Smaller farms 
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are more efficient than larger farms under the CSFA model and farms with older 

heads of household are more efficient compared with farms that have younger 

heads of household under the BSFA model. 

 The three estimation frameworks provide consistent results for hired 

labour in terms of the signs of the estimated coefficients. The results bring to 

light that higher levels of hired labour usage increase efficiency.  The positive 

effect of hired labour on efficiency is generally supported by the existing 

literature, see for example Bojnec and Latruffe (2009) and Latruffe  et al. (2004). 

 The findings of this study have important policy implications. The 

estimated level of technical efficiency implies that substantial gains in output 

can be achieved given the existing technology. In other words, there is an 

opportunity to increase crop output without resorting to greater use of factor 

inputs or the introduction of improved technologies. Policy implications of the 

study are summarized below on the basis of the analytical frameworks. 

 

7.2 Policy implications of the study 

The estimated DEA efficiency results indicate there are substantial 

technical inefficiencies among crop farming households in the Upper East region 

of Ghana. This implies that if all farmers are efficient, output can be increased 

without using extra inputs. This increase in output in terms of actual grains 

produced would move the Upper East region (which is a net importer of food 

from other regions of the country) towards achieving self-sufficiency in food 

production.  

Results from scale efficiency analysis reveal that scale efficiency is very 

high implying that the observed inefficiency in crop production is of a technical 

nature. Efforts at increasing efficiency of crop production in the region should 

focus on increasing technical efficiency. The factors to consider from a policy 

perspective are educational status of head of household and the use of hired 

labour. 
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Educational status and use of hired labour significantly increase technical 

efficiency. These results can be used by policy makers to increase technical 

efficiency in the region. One way in which the government can make use of the 

information on educational status of farmers, is to design policies that would 

attract more people with formal education into crop production. Alternatively, 

the government, through the extension services can provide non-formal 

education specifically on farming (to farmers without formal education) using 

farmers with formal education as resource persons. Training can take the form 

of Farmer Field Schools (FFS), field visits/days, farmer fora and demonstrations. 

The Farmer Field School (FFS) approach is one way of equipping farmers with 

knowledge and skills for increased crop production. The FFS approach has global 

success stories (Braun and Duveskog, 2011). In Ghana the approach has resulted 

in significantly higher groundnut production levels for farmers who participated 

in the program compared to non-participants of the program (Carlberg et al., 

2012) and a 14 percent increase in cocoa production for participants (Gockowski 

et al., 2010). The successes in groundnut and cocoa can be applied to food crops 

production in general. The Universities and other agricultural research 

institutions in Ghana would have to play a leading role in this effort. The role of 

the Ghana government would be to provide the financial resource needed to 

run FFS. 

The use of hired labour presumably makes up for shortfalls in household 

labour supply during critical production activities. The government can make 

this use of hired labour accessible to farms that require extra labour but do not 

have the financial capacity to hire labour. Alternatively, farmers could go into 

labour sharing arrangements that have proved to increase technical efficiency 

elsewhere (Chavas et al., 2005). 

Results of the SFA models indicate there is a potential to increase crop 

production in Ghana through increased technical efficiency. From a policy point 

of view and going by the conventional SFA results hired labour, and farm size 

are the factors that are promising for action. The use of hired labour increases 
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techncial efficiciency on the basis of the results of this study. Hired labour 

makes up for shortfalls in household labour supply during peak demand for 

labour in the cropping calendar. Certain production actvities cannot be delayed 

without decreasing crop yields. Delayed weed control for example leads to 

significant yield reduction from weed competition and delayed harvesting of 

rice results in shattering that reduces rice yields. Households that have the 

ability to hire labour are able to carry out production activities in a timely 

manner and so produce higher output compared to households that do not 

have access to hired labour to make up for labour deficits. A direct policy 

intervention to make hired labour accessible to all households who need it is to 

provide cash credit to farm households. It is important that credit is provided in 

time to ensure timely execution of farming activities. The evidence from the 

analysis in the present study is that smaller farms are more technically efficient 

(based on CSFA results) compared to larger farms. The farms in the sample are 

categorized into small (cultivated area is less than the sample areverage area) 

and large (cultivated area is equal to or greater than the sample average area). 

Policies that encourage farmers to cultivate smaller land areas would be 

required in this regard. Policies that aim at reducing farm size would be 

complementary to the earlier suggested policy to attract people with formal 

education into crop production by making land available to the new entrants. 

Age has a positive effect on technical efficiency (going by the BSFA 

results), implying that farms with older heads of household are more efficient 

than farms with younger heads. The effect of age is presumably due to farming 

experience gained by older heads of household. It is envisaged that if this 

experience can be shared with younger and less experienced farmers, the 

situation would increase technical efficiency. The sharing of farming experience 

can be done in a number of ways, including on-farm demonstrations, filed days 

and farmers’ workshops. Older and more experienced farmers would serve as 

resource persons during these experience sharing activities with the 

Department of Agriculture playing a facilitating role. The use of hired labour is 
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another factor to be considered for policy action to increase efficiency on the 

basis of the BSFA results. Policy suggestions for the use of hired labour have 

been discussed under the DEA and CSFA policy implications. The same 

suggestions apply in the case of the BSFA results. 

The three frameworks for analysis in this study provide different factors 

for policy intervention to increase technical efficiency, except hired labour 

which has been identified as a factor for policy intervention by all the 

frameworks. In addition to hired labour, the DEA framework identified 

educational status of the head of household as a factor for policy intervention; 

the CSFA and BSFA frameworks identified farm size and age of the head of 

household, respectively, as factors for policy intervention. It should be noted 

here that efficiency estimates from the DEA and CSFA frameworks were used as 

priors in the BSFA framework. Given that prior information about a parameter is 

used together with the available data to obtain updated information in the form 

of posterior parameter estimates, the BSFA results should be more believable. 

On this basis, policy interventions should focus on the BSFA framework results. 

In this regard, policy efforts directed at increasing technical efficiency should 

consider age of the head of household and the use of hired labour. 

7.3 Limitations of the study and suggestions for future research 

This study used a general purpose dataset, the GLSS5 collected by the 

Ghana Statistical Service. The variables used in the frontier models were 

constrained by the extent of information available in the GLSS5 dataset. There 

are a number of variables that could have provided more policy options for 

increasing efficiency of farms in the Upper East region of Ghana. It was however 

not possible to include these in the models because they were not available. 

Important variables to consider in technical efficiency analysis include credit, 

soil quality, land tenure, gender division of labour, access to market for inputs 

and outputs besides those used in the present study. When possible, 

quantitative measures of these variables should be obtained because binary 
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variable measures do not provide information on the extent of intervention 

required to increase technical efficiency. 

The study made use of a cross-section sample to analyze technical 

efficiency. In future panel data should be collected in all regions of the country. 

Such data would allow an assessment of efficiency change over time and a 

comparison of efficiency across different regions of the country.    

Efficiency analysis should be done at the household level (crops, 

livestock, and non-farm activities) because households engage in all of these 

activities using the same pool of resources, thereby creating a situation of 

jointness of technology. Analysis at separate levels of these broad categories of 

household production often ignores the synergies and competitive elements 

that exist among them. In the particular case of the present study, the nature of 

information available did not permit an analysis at the household level. 
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Appendix 1: Comparison of means of partial production elasticity and RTS  

 

Hypothesis DF -statistict   -valuep  Decision 

Partial productivity of land 
    H0: The mean partial production elasticity of land for the 

unrestricted and restricted CSFA models are the same 293 -3.05 0.0025 Reject H0 

Partial productivity of labour 
    H0: The mean partial production elasticity of labour for 

the unrestricted and restricted CSFA models are the same 293 0.78 0.4258 

Do not 

reject H0 

Partial productivity of varinput 
    H0: The mean partial production elasticity of varinput for 

the unrestricted and restricted CSFA models are the same 293 -2.15 0.0321 Reject H0 

Returns to scale 
    H0: The mean returns to scale for the unrestricted and 

restricted CSFA models are the same 
  
 293 -5.48 0.0000 Reject H0 
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