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Abstract 
 

Low agricultural productivity is a critical problem facing smallholder farm households in sub-

Saharan Africa. This problem is mainly attributed to depleted soil nutrients, unsustainable agronomic 

practices such as mono-cropping and removal of crop residues, and climate variability. An emerging 

consensus among policymakers is that sustainable agricultural intensification (SAI) can improve 

agricultural productivity without degrading the natural resource base amidst increasing climate 

variability. However, the effects of SAI practices on smallholder farms’ production and cost 

efficiency, as well as the capacity to mitigate climate variability, are poorly understood. Likewise, 

there is a lack of knowledge about the drivers of intertemporal adoption of multiple SAI practices, as 

previous studies have primarily focused on the adoption of a single, or a limited, set of practices.  

 The goal of this thesis is to investigate the economic benefits of SAI practices using maize 

production in Ethiopia as a case study. An integrated conceptual framework on SAI is used to guide 

the study. The SAI framework consists of three components: the use of farm inputs, the use of 

sustainable agricultural practices and socio-economic innovations. The thesis argues that these three 

components should be framed jointly when modelling their effect on productivity. The analysis is 

based on a large farm household panel data set from Ethiopia with 4471 observations collected in 

2009/2010 and 2012/2013 production seasons from 183 maize growing villages (kebeles). Stochastic 

frontier techniques and a novel intertemporal multivariate adoption method are used to analyse the 

data. 

Results from stochastic production frontier analysis reveal that, on average, substantial 

production (32%) is lost due to inefficiency. This result implies that there is a significant scope to 

expand output with existing resources and technology. Maize output is found to respond positively to 

increases in cropping acreage, nitrogen and farm labour, and negatively to oxen-drawn power. 

Smallholder farmers appear to face diminishing marginal returns on the use of labour and seed but 

increasing returns on the use of nitrogen. While the diminishing marginal returns imply that farmers 

use relatively higher quantities of labour and seed, the increasing marginal returns imply low use of 

nitrogen. There are also significant positive synergies and trade-offs among inputs. The results 

suggest the existence of opportunities to alter input mixes and a prudent increase in the level of 

nitrogen to enhance productivity without compromising output levels. The use of sustainable 

agricultural practices is found to increase output given a set of inputs and technology leading to 

improved productivity. Further, sustainable farming practices reduce the variability of technical 

efficiency while increasing its mean level, whereas climate variability has the reverse effect. 

Enhancing access to supportive institutions as well as access to information (e.g. mobile phone) and 
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cash-saving significantly narrows the observed production inefficiency gap. The estimated 

production frontier parameters are found to be consistent across different stochastic frontier models 

and those of the effects of SAI practices on maize output and efficiency. However, the technical 

efficiency scores are sensitive to model specification, especially how unobserved and observed 

heterogeneity is treated in the models.  

Stochastic cost frontier analysis reveals that the use of combinations of SAI practices can 

offset the cost of production but not when implemented in isolation. The magnitude of the cost offset 

is substantial when the SAI practices are implemented at the maximum levels of the sample. A range 

of factors that change the cost frontier is also discussed. The findings are also robust to alternative 

functional forms. 

An intertemporal multivariate probit analysis demonstrates that drivers of adoption 

significantly differ across SAI practices, and time, and appear to reflect the synergistic effects 

implicit in the different practices. The study reveals that a significant positive temporal 

autocorrelation effect in the adoption of SAI practices. Furthermore, there is compelling evidence of 

significant complementarities and trade-offs between various SAI practices over the two periods. In 

particular, significant synergies between input-intensive and NRM practices are evident, 

underscoring the importance of promoting them as packages. Individual adoption studies do not 

reveal such evidence as multiple comparisons of the practices is impossible. 

Overall, the main findings of the thesis underscore that SAI can effectively be used to raise 

farm productivity if multiple SAI practices are widely adopted and used sufficiently by smallholder 

farmers. These findings should contribute to policy design to uplift smallholder food production and 

foster food security goals amidst increasing soil degradation and climate variability in developing 

countries such as Ethiopia.  

 

Keywords: maize productivity, technical inefficiency, cost inefficiency, sustainable intensification, 

intertemporal multivariate probit, stochastic frontier analysis, climate variability, natural resource 

management, smallholder farmers, panel data, Africa 
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1. General Introduction   

 

1.1 Agriculture and sustainable intensification 

Agriculture and rural welfare are intertwined. Agriculture is widely acknowledged in policy 

discussions as an important sector in eradicating poverty and improving food security in the 

economies of sub-Saharan Africa (SSA) countries. Investing in agriculture can be two to three times 

more effective in reducing poverty than investing in other sectors (World Bank, 2007). The 

investment required to support resource-poor farmers to purchase fertiliser and improved seeds to 

produce one ton of maize grain can be six times cheaper than the cost of providing the same quantity 

of food aid (Sanchez, 2009). Agriculture is also crucial for the process of adaptation to and 

mitigation of climate change (Lipper et al., 2018) given that SSA is the most vulnerable region to 

climate risk with only 4% of its cultivated land under irrigation. Since over 75% of the population in 

SSA live in rural areas, agriculture is key to improving rural welfare and achieving the UN 

sustainable development goals, particularly that of ending hunger and poverty by 2030 (UN, 2015). 

However, agricultural productivity in SSA remains low. Soil degradation is a significant 

limiting factor to productivity despite concerted efforts to promote improved soil and water 

conservation technologies (Nkonya et al., 2018, Wossen et al., 2015, Sanchez, 2002, Gebremedhin 

and Swinton, 2003, Barrett and Bevis, 2015, Antle and Diagana, 2003). About 75% of arable land 

has highly degraded soil; it is estimated that approximately eight million tons of soil nutrients are 

lost each year (Sanchez and Swaminathan, 2005, Sanchez, 2002). Soil and nutrient depletion also 

contribute to a loss of about 3.3% of agricultural gross domestic product (GDP) (The Montpellier 

Panel, 2013). This severe soil degradation, coupled with a host of other factors, has contributed to 

low agricultural returns (World Bank, 2007, Morris et al., 2007, Pretty et al., 2011, Ehui and Pender, 

2005, Barrett and Bevis, 2015). Consequently, there is an emerging concern as to whether SSA 

countries will be able to meet the increasing food demand by 2050 (The Montpellier Panel, 2013, 

van Ittersum et al., 2016).  
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Early strategies for curbing soil degradation and increasing food production in SSA included 

the expansion of farmland and shortening of fallow periods (IFAD, 2011, Teklewold et al., 2013a, 

Pretty et al., 2011, Godfray et al., 2010). However, these conventional strategies are no longer 

feasible due to land scarcity as a result of rapid population growth. Then, intensification of crop 

production through the increased use of improved seed varieties and mineral fertilisers has been 

advocated and promoted as a vehicle for enhancing agricultural productivity and food security. 

However, these intensification efforts have not been successfully entrenched because of poor soil 

fertility and erratic weather conditions that discourage the viability of input-intensive technologies 

(Morris et al., 2007, Toenniessen et al., 2008, Teklewold et al., 2013a, Kassie et al., 2015a, Kassie et 

al., 2013, Di Falco, 2014). In particular, the depletion of soil nutrients coupled with the low 

application of inorganic fertiliser, particularly nitrogen, is a crucial feature of the unsustainable 

intensification and a significant cause of low productivity and food insecurity in SSA (Morris et al., 

2007, Sanchez, 2010, Pretty et al., 2011, Ehui and Pender, 2005, Hailu et al., 2015).  

Many other factors also contribute to low productivity and unsustainable intensification. 

Millions of resource-poor farmers in SSA operate on less than one hectare of land, with imperfect 

markets, low production technology and institutional hurdles including a lack of access to credit. As 

a result, resource-poor farmers have few economic incentives to implement sustainable agricultural 

practices because of their high discount rates, high opportunity cost of labour, market imperfections, 

adverse government policies and insecure land rights (Wossen et al., 2015, Gebremedhin and 

Swinton, 2003, Antle and Diagana, 2003, Lee et al., 2006, Lee, 2005). A trade-off in the use of farm 

resources such as crop residues and manure for cash and soil management is also another challenge 

(Oumer et al., 2013, Jaleta et al., 2013a, Baudron et al., 2014). The primary challenge in smallholder 

production is how to increase agricultural productivity without adverse environmental impacts. More 

output needs to be produced from existing farmland amidst growing populations, increasing 
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competition for farm resources, shrinking cultivable land, severe soil nutrient depletion, imperfect 

input and output markets, and climate variability. 

Sustainable agricultural intensification (SAI)1 has emerged as an alternative approach to 

increase smallholder productivity in SSA. The goal of SAI is to increase food production from 

existing farmland without adverse environmental impact now and in the future (The Montpellier 

Panel, 2013, Garnett et al., 2013, FAO, 2011, Gunton et al., 2016). That is, farmers need to generate 

higher output, nutrition, and income per unit of input through prudent and efficient use of resources 

while reducing environmental damage. Sustainable agricultural intensification is aimed at building 

resilience, the stock of natural capital and the flow of ecosystem services through innovative 

technologies and processes. Thus, contextual policies that encourage the combined use of input-

intensive and natural resource management practices have been pursued under the Alliance for Green 

Revolution in Africa (AGRA) (Toenniessen et al., 2008, Sanchez and Swaminathan, 2005, Sanchez, 

2010). The motivation for this blended solution has also been to address the adverse environmental 

effects and social costs associated with unsustainable input-intensification (Tilman et al., 2002, 

Tilman, 1998, Lee, 2005, Gollin et al., 2005, Pingali, 2012 ). 

Like other sustainable development concepts, sustainable agricultural intensification has 

three interrelated dimensions:  economic, social and environmental (Veeman, 1989, Rasul and 

Thapa, 2004). The economic dimension refers to productivity growth that can translate into increased 

outputs and incomes or reduced costs of inputs. Therefore, the focus of this dimension is enhancing 

the productivity and efficiency of farms by investments in agriculture (Veeman, 1989). The social 

dimension relates to the distributional impacts of innovations that contribute to poverty reduction and 

food security as well as heterogeneity in societal preferences for innovations that are deemed to 

sustain a productive and resilient agricultural system (Zilberman, 2014, Veeman, 1989). The 

environmental dimension focuses on enhancing ecological services that are beneficial to the farm or 

                                                           
1 The term was initially developed in the African context in the 1990s (e.g. Reardon, 1997), but it became a prominent 

scientific paradigm of agricultural development policies in the late 2000s (Gunton et al., 2016). The concept was 

promoted by an influential report by the Royal Society (The Royal Society, 2009).  
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society at large by improving agricultural productivity and subsequently farm incomes, food 

security, and rural welfare. These three dimensions are highly interlinked. 

Sustainable agricultural intensification is closely related to climate-smart agriculture (CSA) 

that aims to build farmers’ resilience through agricultural adaptation and mitigation to climate 

change (Lipper et al., 2018). That is, SAI is primarily a response to land/soil degradation associated 

with unsustainable agricultural practices, and CSA is a response to climate change. As noted by 

Campbell et al. (2014), SAI and CSA are highly complementary in the sense that SAI is a tool for 

adapting to climate change and CSA provides incentives and enabling conditions for successful 

implementation of SAI. Further, SAI has a range of subcomponents that reflect particular concepts, 

attributes and approaches in practice (Rasul and Thapa, 2004, Pretty et al., 2011, Lee, 2005, Gunton 

et al., 2016). These include but are not limited to: precision agriculture (PA), conservation 

agriculture (CA), soil and water conservation (SWC), ecological agriculture (EA), organic 

agriculture (OA), conservation farming (CF), low external input and sustainable agriculture 

(LEISA), integrated soil fertility management (ISFM), natural resource management (NRM)  and 

integrated pest management (IPM), among others.  

Sustainable agricultural intensification is contested and debated. The major criticism is that 

SAI is narrowly focused on the production side of the food system.  However, Garnett et al. (2013) 

argue that SAI is a multi-pronged strategy to improve the entire food system. The authors stress four 

premises underlying SAI. First, food production must increase as a critical priority because policy 

failures in the demand and supply dynamics of the food system are expected, particularly in the 

developing world. Second, increased food production must come through increased yields as 

farmland expansion has environmental costs and is no longer possible. Third, sustainability in the 

food system requires radical thinking rather than mere marginal improvements. Fourth, SAI should 

be seen as a goal but not a prescription of particular techniques or innovations. According to Lee 

(2005), “sustainable agriculture” is also an ambiguous and ambitious concept that may not be 
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consistent with the goals of resource-poor farmers who opt for unsustainable intensification for 

improving short-term food security and farm income.  

Sustainable agricultural intensification is an evolving concept. Its meaning is subject to 

change depending on where and how it is applied. In the context of this study, SAI is defined as a 

strategy to improve farm productivity without adverse environmental impact through the efficient 

and prudent use of resources, new and existing SAI practices and socio-economic innovations (The 

Montpellier Panel, 2013, Garnett et al., 2013, FAO, 2011, FAO, 2016). Examples of new and 

existing SAI practices include the following: use of improved seed varieties, crop rotation, crop 

residues retention, reduced or no-tillage, farmyard manure, maize-legume intercropping, soil, and 

water conservation as well as prudent use of external inputs such as chemical fertiliser and 

pesticides. This broad concept is motivated by the Nebraska Declaration in 2012 (Stevenson et al., 

2014a) that recognised conservation agriculture (CA)2 alone cannot address the multi-dimensional 

problems of resource-poor farmers and called for the scope of CA to be expanded by including 

improved agronomic and natural resource-conserving practices. A few studies have used such a 

broad concept in SSA (Kassie et al., 2013, Kassie et al., 2015a, Teklewold et al., 2013a, Manda et 

al., 2016).  

 The goal of this thesis is to investigate to what extent SAI can lead to increased food 

productivity and efficiency, and what factors drive the intertemporal adoption of SAI practices. In 

this perspective, SAI is framed on interrelated economic, social and environmental aspects in 

Ethiopia. Because the agronomic and ecological viability of SAI is well entrenched in the literature, 

this research focuses on the economic and social aspects. In this case, the economic performance of 

farmers can be measured by their productivity and efficiency levels as well as their ability to offset 

production risks such as reduce output variability and crop failure. The social viability aspects can be 

                                                           
2 Conservation agriculture (CA) is based on three fundamental principles: minimum soil disturbance, permanent soil 

organic cover and crop (legume) rotations (FAO, 2008). However, promotion of a CA package based on these three strict 

principles is regarded as restrictive and does not reflect agro-ecological contexts, incentives and farmer characteristics. 
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inferred by farmers’ propensity to adopt multiple SAI practices that can lead to enhanced 

agroecosystem services and improved food production. It is anticipated that improved food 

productivity can translate into higher incomes and hence food security or welfare leading to social 

equity because the majority of smallholder farmers are subsistence producers. These measures are 

essential to inform evidence-based agricultural policies in Ethiopia and other countries in SSA. The 

measures can also contribute to achieving sustainable development goals in the region. 

 

1.2 Ethiopian agriculture and maize production 

Ethiopia is located in East Africa with a population of 100 million. About 85% of the population live 

in rural areas and engage in subsistence agriculture with negligible mechanisation. The agriculture 

sector accounts for over 40% of national GDP, 90% of exports, and 85% of employment.  However, 

most of the agriculture production is rain-fed, and hence rainfall is very critical for the performance 

of the country's economy. Thus, agriculture can contribute to improving welfare in rural areas by 

ensuring food security and reducing poverty.  

Food insecurity is a critical concern due to low productivity in the smallholder agricultural 

sector. Smallholders own, on average, less than one hectare of land but are the major producers of 

staples (maize, tef, wheat, barley, sorghum etc.), legumes (faba bean, soybean, chickpea, lentil etc.) 

and horticultural crops (potato, sweet potato, coffee, onions, tomatoes, etc.). Cereals are the 

dominant crops grown by smallholders and maize is considered an essential staple food for the rural 

poor.  

Despite the importance of maize for food security, its productivity is low. For example, the 

average maize yield3 for the sample farmers in Ethiopia was about 2.67 t ha-1. Key factors 

accounting for low productivity include poor soil fertility and variable climate. The institutional 

capacity for technological innovation and diffusion to overcome these challenges is also lacking. As 

                                                           
3 The global average maize yield was 5.64 t ha-1 while that of Africa was 1.9 t ha-1 (FAOSTAT, 2016). 
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smallholder farmers account for over 95% of the national agricultural output in Ethiopia (World 

Bank, 2006), policies that enhance maize productivity (staple food crop) and minimise farmers’ 

exposure to climate risk are vital to improving economic growth and social welfare. In this context, 

farmland is already a limiting factor and thus increasing food production through the expansion of 

cultivable farmland is not an option.  

Sustainable agricultural intensification (SAI) practices have been promoted in SSA and 

Ethiopia to improve farm productivity and conserve natural resources such as soil and water. 

However, their adoption and diffusion rates, especially conservation agriculture practices, are low. 

This could be a result of minimal perceived economic benefits, differences in policy strategies used 

to promote them, agro-ecological differences, and a host of idiosyncratic and household factors 

(Pannell et al., 2014, Knowler and Bradshaw, 2007, Giller et al., 2009, Andersson and D'Souza, 

2014, Stevenson et al., 2014b). 

 Furthermore, empirical evidence of the claimed productivity benefits of SAI practices 

remains sparse. One of the key reasons is that farmers are faced with multifaceted constraints, but 

most technology promotion efforts, especially those in Ethiopia have focused on a few subsets of 

SAI practices4. For example, input-intensive technologies such as improved seed and chemical 

fertiliser (Zeng et al., 2015, Spielman et al., 2010, Rashid et al., 2013) or natural resource 

management (NRM) practices such as soil and water conservation (Kassie et al., 2010, Gebremedhin 

and Swinton, 2003) have been promoted and studied in isolation. Input-intensive practices (e.g. 

mineral fertiliser) that increase yields in the short-run do not conserve the soil in the long-run as 

intended because farmers apply minimal rates5. Low application rates of inorganic fertiliser mean 

little residual biomass for soil management. Likewise, NRM practices that conserve soil and water 

do not provide immediate yield improvements because of the longer time horizon required before 

                                                           
4 Historically, farmers adopt packages of technologies in varying pieces depending on their production constraints and 

risks associated with the components of the package (Leathers and Smale, 1991, Byerlee and de Polanco, 1986).  
5 Subsidies were eliminated in the 1990s after structural adjustments to liberalise markets and could partly contribute to 

minimal use of fertilisers. 
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benefits accrue. As such, these two types of SAI practices have often been perceived as incompatible 

for SSA as noted by Wainaina et al. (2016). Such a dichotomy is manifested in differential adoption 

rates among different types of SAI practices. For example, Figure 1.1 shows a larger proportion of 

farmers adopting input-intensive practices such as chemical fertiliser and improved seed variety than 

NRM strategies. This observation is not surprising given the skewed policy emphasis on input 

intensification in the past, especially for Ethiopia (Spielman et al., 2010, Rashid et al., 2013). Since 

2010, there has been a renewed interest in promoting multiple SAI practices (input-intensive and 

NRM types) from which farmers could choose depending on their needs and capacities or their 

particular farming contexts. Farmers can use a range of SAI practices as complements or substitutes 

that can lead to beneficial synergies and trade-offs in productivity and soil health (Kassie et al., 

2015a, Wainaina et al., 2016, Sanchez, 2010, Noltze et al., 2013, Lee, 2005, Koppmair et al., 2017, 

Kassie et al., 2013, Gollin et al., 2005). For example, NRM practices are promoted together with 

improved seed varieties and chemical fertilisers so that farmers can simultaneously reap both 

economic (i.e. increased yields, productivity, and efficiency) and environmental benefits. 
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Figure 1.1 Adoption of input-intensive and NRM practices in Ethiopia. 

Source: Survey data 

 

 

1.3 Problem statement 

Low maize productivity due to poor soil fertility and climate variability has been identified as a 

critical challenge to improving food security and poverty reduction in Ethiopia. Maize is one of the 

important staple foods where the use of input-intensive technologies (inorganic fertiliser and 

improved seed) has been promoted to increase production (Mosisa et al., 2012, Ayele and Wondirad, 

2012). Yield declines have been reported where maize is a dominant crop primarily due to low soil 

fertility, continuous mono-cropping, and removal of crop residues (Mosisa et al., 2012). 

Consequently, there has been a national concern over the high rate of soil nutrients depletion. For 

example, Haileslassie et al. (2005) provide nutrient depletion rate estimates of 122 kg of nitrogen, 13 

kg of phosphorous and 82 kg of potassium per hectare per year in 1999/2000. Also, soil erosion has 

been on the rise resulting in huge soil losses, ranging from 42 tons per hectare per year (Hurni, 1988) 

to 179 tons per hectare per year under a traditional practice in some areas of the country (Shiferaw 
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and Holden, 1999). Soil nutrient mining is already evident and increasing at an alarming rate, and yet 

little efforts have been made to replenish lost nutrients with sustainable agricultural technologies.  

Climate variability poses an additional challenge to maize productivity. Ethiopian agriculture 

is primarily rain-fed (Di Falco, 2014). Only about 1% of maize production is irrigated and mostly 

grown in lowland areas. While seasonal rainfall variability (erratic weather) and high temperature 

affect maize production (Girma et al., 2012), adaptation and mitigation efforts for climate change are 

still minimal. The outcome of minimal mitigation can be reflected in variable crop yields. For 

example, Figure 1.2 shows variable maize yield trends over time in the country until 2010. Since 

2010, a sharp rise in maize yields have been observed, possibly due to an enabling policy 

environment that promoted increased use of improved varieties, mineral fertilisers and extension 

services as well as a coincidence of good climate conditions (Abate et al., 2015). Rainfall variability 

is also observed over time across different maize growing kebeles6 as shown in Figure 1.3. These 

patterns indicate yield variability could be highly influenced by rainfall variability.  

                                                           
6 Kebele is the smallest administrative unit next to the district level in Ethiopia. 
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Figure 1.2 Variable trends of maize yield in MT/HA (metric tons /hectare) in Ethiopia. 

Source: Authors calculations, constructed from USDA (https://apps.fas.usda.gov/psdonline).  
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Figure 1.3 Coefficient of spring and summer rainfall variation (CV) across a sample kebeles in Ethiopia. 

Source: Authors calculations of data from the National Meteorology Agency (NMA) of Ethiopia. 
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Consequently, the livelihoods of smallholder maize farmers are severely constrained by low 

yields relative to what is potentially possible. For example, Figure 1.4 shows huge maize yield gaps 

between on-station trials, on-farm demonstration trials and farmer-managed fields. It is anticipated 

that the adoption and diffusion of SAI practices over time may bridge the yield gaps. Soil 

conservation may restore soil fertility, organic matter, and moisture in drier areas. Simultaneous use 

of chemical fertiliser and improved varieties may increase yields. Complementarity between 

different types of SAI practices may trigger adoption of improved seed varieties and chemical 

fertilisers due to technology spill-over effects. Substitutability between technologies, such as 

chemical fertiliser and farmyard manure, could help reduce dependency on costly external inputs. 

However, empirical evidence supporting these claims is lacking.  

 

 

 

Figure 1.4 Maize yields at different management levels. 

Source: Global yield gap Atlas (www.yieldgap.org). 
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In recognition of the multiple benefits of SAI, a range of technologies have been promoted to 

improve maize production (http://simlesa.cimmyt.org/) over the past decade7. However, there are 

still knowledge gaps to our understanding of the conditions under which resource-poor farmers adopt 

SAI practices and whether they enhance productivity and production efficiency or help mitigate 

against production risks (Pittelkow et al., 2014, Nature, 2012, Stevenson et al., 2014a, FAO, 2008). 

Previous studies have identified determinants of adoption and how SAI practices improve food 

production in a cross-sectional framework (Wainaina et al., 2016, Teklewold et al., 2013b, Manda et 

al., 2016, Kassie et al., 2013).  

However, there is limited empirical evidence on the determinants of intertemporal adoption 

of individual or packages (combinations) of SAI practices (input-intensive and NRM types) and their 

economic benefits in improving the productivity and efficiency of smallholder farmers. In particular, 

the extent to which SAI practices increase technical efficiency in the presence of climate variability 

is unclear8. A related research gap is that there are many competing stochastic production frontier 

models that have been developed to estimate technical efficiency on which SAI policy inferences can 

be based. Nevertheless, empirical studies that evaluate a broad set of stochastic frontier models in the 

agricultural production sector for SSA are sparse despite the fact that smallholder farmers operate in 

an environment that is highly stochastic and heterogeneous.  

Furthermore, whether the use of SAI practices in isolation (individually) or as packages 

(combinations) improves the cost efficiency of farmers is also unclear. Cost efficiency can be an 

important driver for the adoption of SAI practices and can help narrow yield gaps. For example, 

reducing tillage frequency can help farmers cut production costs and at the same time minimise soil 

erosion. Legume rotation or intercropping can help farmers offset the cost of inorganic fertiliser 

because of the potential to fix atmospheric nitrogen. Cost-saving benefits could also arise when 

                                                           
7 There have been efforts to promote NRM practices in different parts of Ethiopia, but adoption rates have been limited.    
8 The SAI practices can also offset production risk. A few studies on production risk show SAI practices as risk-

increasing or risk-decreasing (Kim et al., 2014, Kassie et al., 2015b, Guttormsen and Roll, 2014) without accounting for 

inefficiency effects. Further research should address the risk-inefficiency nexus and the role of SAI practices. 

http://simlesa.cimmyt.org/
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manure and inorganic fertiliser are used as packages due to synergistic effects. Thus, cost-saving can 

be a significant economic incentive for the adoption of SAI practices by smallholder farmers in 

developing countries (Wollni et al., 2010, Lee et al., 2006, Pannell et al., 2014). However, empirical 

studies in Africa rarely estimate cost efficiency due to a lack of good price data at the farm or 

enumeration village level. 

 

1.4 Research objectives 

The purpose of this research is to investigate the effects of sustainable agricultural intensification 

(SAI) practices on the productivity, technical and cost efficiency of maize farmers as well as the 

drivers of intertemporal adoption of the practices in Ethiopia. Specifically, the objectives of the study 

are as follows: 

 

1. Analyse the effects of SAI practices on maize productivity of resource-poor farmers. 

2. Investigate the effects of SAI practices on the technical efficiency of smallholder maize 

farmers faced with climate variability. 

3. Examine the influence of observable and unobservable heterogeneity on technical efficiency 

estimates of smallholder maize farmers. 

4. Investigate the effects of SAI practices on the cost efficiency of smallholder maize farmers. 

5. Analyse the intertemporal drivers and synergies of SAI practices among smallholder maize 

farmers. 
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1.5 Conceptual framework 

A ‘new’ paradigm of sustainable agricultural intensification (SAI) for sub-Saharan Africa (The 

Montpellier Panel, 2013) is used to conceptualise this research (Figure 1.5) 9. Sustainable agricultural 

intensification entails the prudent and efficient use of direct inputs (e.g. land, labour), indirect inputs 

(e.g. knowledge, credit, market) and adoption of sustainable agriculture practices (e.g. reduced 

tillage, legume rotation). It can be conditioned by climate, biophysical, institutional and trade factors. 

Farmers need to use direct and indirect inputs in conjunction with sustainable agronomic practices to 

produce more food, generate more income or get more nutrition per unit of input. While the direct 

inputs are used to produce output, the indirect inputs facilitate the use of direct inputs and sustainable 

agriculture practices. The SAI framework underscores the need to jointly use direct inputs, indirect 

inputs and sustainable agriculture practices (as a holistic system) rather than looking at each of the 

components separately. If farmers pursue SAI, productivity is expected to increase as a result of 

improved farm productivity and efficiency and reduced impacts of climate variability10. An increase 

in productivity, in turn, can translate into better household welfare regarding enhanced food security 

and reduced poverty (von Braun, 1995, Pinstrup-Andersen, 2009). The converse of this is the vicious 

circle of low productivity, soil degradation, food insecurity, and reduced welfare.   

 

 

 
 
 

 

 

 

 

 

 

 

                                                           
9 The framework is broad and includes a range of aspects. However, there are elements in the framework that the study 

does not address, e.g. trade, income, poverty and nutrition related issues. 
10 The research objectives address productivity, technical and cost efficiency as well as technology adoption. 
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Figure 1.5 A conceptual framework for sustainable intensification in Ethiopia. 

 Source: adapted from The Montpellier Panel (2013). 

 

 

There are two main pathways through which farmers can improve efficiency from a 

production and cost perspective. Figure 1.6 shows production and cost efficiency pathways through 

which farmers can improve their productivity. The first pathway is by eliminating technical 

inefficiency in production (movement from A to B or A to D) or reducing cost inefficiency 

(movement from E to F). The second pathway is by the adoption of new agricultural innovations 

such as the use of high yielding seed varieties. New production innovations can shift the production 

frontier upwards (movement from B to C) or cost frontier downwards (movement from F to G). New 

production innovations can also offset or mitigate the negative effects of climate variability.  
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Figure 1.6 Production efficiency (left panel) and cost efficiency (right panel). 

The figure illustrates alternative pathways to improve smallholder productivity. This figure motivates diminishing 

marginal productivity as is the case for most inputs used. Source: adapted from Kumbhakar and Lovell (2000). See 

Figure A1.1 for the possibility of three stages of production/cost function to accommodate exceptions.  

 

 

In production economics theory, a producer seeks to maximise output or minimise the cost of 

production given the prevailing production technology and input prices11. In either of the cases, the 

ultimate goal is to avoid waste by improving resource-use efficiency and productivity. Thus, 

improving efficiency is critical to enhancing productivity (Coelli et al., 2005, Kumbhakar and 

Lovell, 2000, Bravo-Ureta et al., 2007). Here, resource-use efficiency is one aspect of SAI because it 

can lead to the prudent use of natural resources (e.g. land, soil) and external inputs (chemical 

fertiliser, pesticide) subject to production constraints (The Montpellier Panel, 2013, Khataza, 2017, 

Zilberman, 2014).  

                                                           
11 Higher-level objectives such as profit and revenue maximisation can be possible in certain contexts. But these are not 

a strong reflection of the staple maize production in the study areas. 
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According to Figure 1.6, a farmer can produce maize output Y using a vector of direct inputs 

X  conditional upon a vector of production facilitating factors Z . In the production economics 

literature (Kumbhakar and Lovell, 2000), the production possibility frontier can be defined as : 

{( | , ) | |T X Z Y X Z   can produce Y } . An output-oriented12 technical efficiency (TE) can be 

defined as the ratio of the observed output to the maximum possible output.  

A farmer may be technically efficient but could misallocate expenditure on inputs, given 

observed prices. For a farmer who faces a vector of input prices W  to produce a given level of maize 

output Y , the goal is to minimise cost C WX  subject to production technology and environmental 

variables Z . Here, cost efficiency is defined as the ratio of minimum feasible (or optimal) cost to 

observed cost.  

In either of the efficiency concepts, SAI practices can be seen as a farmer’s adaptive 

responses to low productivity associated with soil degradation, climate variability, and institutional 

hurdles. Here, SAI practices may influence the degree of inefficiency or shift the frontier function. 

That is, SAI practices can narrow the inefficiency gap (movement from A to B); induce an upward 

shift to a new production frontier (movement from B to C) or a downward shift to a new cost frontier 

(movement from F to G) as shown in Figure 1.6.  

Regarding the first pathway, a farmer operating at point A (Figure 1.6) may use SAI to 

improve efficiency in three major ways. First, the farmer may save inputs to produce the same 

quantity of output as shown by a horizontal movement from A to D, such that 1 2x x . Second, the 

farmer may reduce inefficiency by producing a higher quantity of output 2y  with the same quantity 

of input 2x  as shown by the vertical movement from point A to B. Third, the farmer may produce an 

output with minimum cost given the prices of inputs as shown by the downward movement from E 

to F. Therefore, an analysis of economic performance can help identify sources of inefficiency and 

                                                           
12 If the goal of a producer is primarily to conserve the use of inputs, then an input-oriented technical efficiency can be 

defined. However, this is not a presumption of the sample maize production context in this study. 
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investigate how SAI practices and related innovations can improve the performance of the least 

productive farmers.  

Accordingly, the first four objectives of the thesis evaluate the extent to which maize 

producing farmers in the sample deviate from the production frontier or cost frontier and explore 

how SAI innovation and other policy options can reduce or eliminate inefficiency gaps. For example, 

improved maize variety, reduced tillage, legume intercropping and soil-water conservation practices, 

etc. can reduce inefficiency and enable farmers to operate on the frontier. Specific details regarding 

how particular SAI practices affect production or cost outcomes are given in Chapters Two through 

Five.  

The second pathway to achieve productivity is through the adoption of improved 

technologies. As shown in Figure 6, the adoption of new technologies may help a farmer improve 

productivity by shifting the production frontier upwards (movement from B to C) or shift the cost 

frontier downwards (movement from F to G). A few empirical studies have shown the possibility of 

shifting a production frontier through the adoption of best technologies, such as improved seed 

varieties or natural resource management technologies (Khataza, 2017, Villano et al., 2015, Solís et 

al., 2009, Ndlovu et al., 2014). The SAI practices can be best managed as synergies to effectively 

increase productivity or reduce the cost of production and hence improve utility/welfare regarding 

better access to food, income or nutrition. A farmer adopts a technology when the expected benefit 

of utility/welfare is greater than non-adoption, ceteris paribus. In particular, the use of SAI practices 

could lead to higher output levels ( 3 2 1y y y  ) or lower cost levels ( 1 2C C ) that could lead to 

better utility or welfare as shown by the production frontier shift from ( | )f x z  to '( | )f x z  or by the 

cost frontier shift from ( , | )C Y W Z  to '( , | )C Y W Z . The adoption of SAI practices may reduce 

production risk, an important mechanism to eliminate inefficiency by stabilising spatial and temporal 

output variability. It is worth mentioning that under certain circumstances, productivity gains 

associated with SAI practices can be minimal (Khataza, 2017, Lankoski et al., 2006). However, the 
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magnitude of the economic benefits may increase if farmers adopt multiple technologies and use 

them effectively and widely at the recommended levels (Sanchez, 2010). The fourth and fifth 

research objectives address these issues. 

 

1.6 Data 

This thesis is based on farm household panel data collected from maize growing areas of Ethiopia. 

The data were collected in 2009/2010 and 2012/2013 by the Ethiopian Institute of Agricultural 

Research (EIAR) in collaboration with the International Maize and Wheat Improvement Centre 

(CIMMYT). The data are representative of the Ethiopian maize farming system (Jaleta et al., 2013b) 

as shown in Figure 1.7.  

 

 

 

 
Figure 1.7 Sample distribution of maize growing districts surveyed in Ethiopia. 

Source: Jaleta et al., 2013b 
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A multistage sampling procedure was used to select farm households (Jaleta et al., 2013b). 

First, about 39 districts were selected based on maize production potential from five regional states 

namely, Oromia, Amhara, Tigray, Ben-Shangul-Gumuz, and Southern Nations and Nationalities 

Peoples Region (SNNPR). Three to six kebeles (peasant associations)  in each district and 10 to 24 

farm households in each kebele were selected based on a proportionate random sampling procedure 

(Figure 1.8). The survey tool was comprehensive and included detailed information about production 

activities, different types, and levels of farm inputs, outputs, prices and SAI practices, socio-

economic factors and policy variables. The household-level data are matched with kebele level 

climate data (rainfall and temperature) using global positioning system (GPS) coordinates that were 

obtained during the farm surveys. The climate data are provided by the National Meteorological 

Agency (NMA) of Ethiopia. 

 

 

Figure 1.8 Map of the study kebeles representing the major maize growing areas of Ethiopia. 

Source: Author 
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1.7 Originality and scholarship contribution 

 

Sustainable agricultural intensification (SAI) is widely discussed as a means of achieving food 

security. However, the productivity or economic benefits of implementing SAI is still contested 

(Struik and Kuyper, 2017, Pittelkow et al., 2015, Lee, 2005, Garnett et al., 2013). There are vigorous 

debates about the definition of SAI and where, when and how it should be applied. More 

importantly, the empirical evidence on the social and economic benefits of using SAI practices in 

low productivity regions associated with soil degradation and climate variability is sparse. Such 

evidence is crucial for sub-Saharan Africa to address productivity challenges primarily related to the 

depletion of soil nutrients (The Montpellier Panel, 2013, Sanchez and Swaminathan, 2005, Sanchez, 

2010, Sanchez, 2002, Barrett and Bevis, 2015). 

In this context, this thesis makes two significant academic contributions. First, the thesis 

investigated the impacts of SAI using an integrative framework encompassing theories of production 

economics and technology adoption. That is, the thesis contributes to the literature by providing 

empirical evidence of the significant positive effects of SAI practices on maize productivity (whether 

they are included in the production function, or as determinates of efficiency), except for crop 

residue retention whose viability depends on the availability of the resource and suitable ploughing 

equipment (farm power). The thesis also demonstrated that the use of individual SAI practices has a 

significant and positive effect on cost (increase cost), while the combined use of the practices has the 

reverse effect (offsets cost). The magnitude of the cost offset is found to be substantial when the 

level of SAI use is sufficiently high. The drivers of intertemporal and interrelated adoption of the 

SAI practices were also analysed. Previous research has mostly focused on individual or a limited set 

of SAI practices under a cross-sectional data framework. We are not aware of any research that has 

demonstrated the economic benefits regarding the production and cost efficiency and intertemporal 

adoption of multiple SAI practices using an integrative framework under a panel data framework.  
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Second, the thesis innovatively applies economic models to analyse SAI by paying attention 

to three important components. The first component deals with the prudent and efficient use of direct 

inputs or resources such as land, labour, and seed. This component entails the need to avoid waste 

and improve resource productivity. The second component refers to the use of improved SAI 

practices that will help farmers restore degraded soils and enhance their adaptive capacity to climate 

change. The third element relates to expanding favourable socio-economic innovations to ensure the 

continuity of the SAI innovation. This thesis has demonstrated empirically how these three 

components can be framed together to guide research and policy regarding SAI and agricultural 

productivity. Prior empirical research and policy have primarily been addressing each of the 

components ad hoc. The economic models are employed in an innovative way using insights from 

stochastic frontier techniques and a novel intertemporal multivariate probit method, which is an 

original contribution to the SAI literature. 

Overall, this thesis argues that the use of SAI practices in combination, and an enabling 

environment, can successfully improve smallholder farmers’ productivity and efficiency. The thesis 

provides compelling empirical evidence for the promotion of SAI initiatives that enable farmers to 

use their resources efficiently while at the same time enhancing food security amidst increasing 

depletion of soil nutrients and climate variability in developing countries such as Ethiopia. 

 

1.8 Outline of the thesis 

This thesis is organised into seven chapters. The first chapter provides background information and a 

general introduction to the research. Chapters Two to Six present independent research papers that 

investigate the research objectives in the thesis. The research papers have either been presented at 

international conferences or submitted to journals. Some unavoidable repetition could be present as a 

consequence of the thesis being a series of papers, especially in the description of the research 

context, data, and parts of the methodology. Some of the papers are also related and may have 
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methodological similarities, but an effort has been made to minimise repetitions. The last chapter 

provides a synthesis of results and sets out further research directions. A brief overview of the thesis 

chapters is given below.  

The first chapter provides background information and the general introduction to research 

on the economics of sustainable agricultural intensification (SAI). This chapter sets the broader 

context of the study regarding SAI and the debates around it and how it can be framed innovatively 

to guide research and policy. Here, the research problem is outlined in the context of smallholder 

rainfed maize production in Ethiopia. The research objectives, integrative conceptual framework, 

data sources and contribution to scholarship are presented. 

The second chapter applies a stochastic production frontier analysis to examine the 

deterministic production structure and investigate the effects of sustainable agricultural practices 

(SAPs) on maize output under prevailing production technology. A key finding is that SAPs 

positively and significantly expand output given a set of inputs and technology. Thus, the SAPs 

significantly improve maize productivity. The chapter has been presented at the Asia-Pacific 

Productivity Conference (APPC 2018) in Seoul, South Korea and benefited from conference 

participants’ comments. The revised version of the paper will be submitted to the Journal of 

Agricultural Economics. 

The third chapter investigates the effects of SAPs on the mean and variance of technical 

efficiency of smallholder maize farmers faced with climate variability. The main finding is that the 

use of SAPs is significantly and positively associated with higher mean and less variable technical 

efficiency. Climate variability has the opposite effect suggesting that farmers use SAPs as an 

adaptive strategy for climate change. This paper has been accepted for oral presentation in a parallel 

session at the 24th Annual Conference of the European Association of Environmental and Resource 

Economists (EAERE) in Manchester, UK.  
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The fourth chapter applies competing frontier models to examine how firm heterogeneity 

influences production efficiency estimates by fitting different models to the same data set. The key 

result shows that technology parameters are consistent whereas technical efficiency scores are highly 

sensitive to the way both observed and unobserved heterogeneity is treated in the alternative 

stochastic frontier models. The paper has been accepted for oral presentation at the 16th European 

Workshop on Efficiency and Productivity Analysis (EWEPA) in London, UK. 

The fifth chapter applies a stochastic cost frontier to investigate the effects of SAI practices 

on the cost efficiency of smallholder farmers. The chapter is motivated by the fact that a primal 

approach to efficiency analysis does not take into account the cost of inputs. A farm that is efficient 

by a production frontier measure may not be efficient as measured by a cost frontier. The main 

finding is that a combination of SAI practices offsets production costs rather than the individual 

practices. The paper has been presented at the International Association of Agricultural Economists 

(IAAE 2018) conference in Vancouver, Canada, and benefited from comments of participants. A 

revised version of the paper has been submitted to Agricultural Economics. 

The sixth chapter aims to unpack drivers and synergies in the intertemporal adoption of SAI 

practices. The paper applies a novel statistical method, an intertemporal multivariate model to reveal 

complementarities and substitutability between different types of SAI practices (input-intensive and 

NRM types) as well as their driving factors. The main results indicate a significant and positive 

intertemporal spillover effect of adoption for all SAI practices considered. There are also significant 

complementarities and substitution effects between input-intensive and NRM practices and these 

interrelationships appear to condition the drivers of adoption. This paper has been presented at the 

Agricultural and Applied Economics Association (AAEA 2018) Annual Meeting in Washington DC, 

USA, and benefited from comments of participants. A revised version of the paper will be submitted 

to the European Review of Agricultural Economics. 
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The last chapter provides a synthesis of the main findings, policy implications, limitations of 

the study and offers directions for further research.  

 

 

References 

 

 

ABATE, T., SHIFERAW, B., MENKIR, A., WEGARY, D., KEBEDE, Y., TESFAYE, K., KASSIE, M., 

BOGALE, G., TADESSE, B. & KENO, T. 2015. Factors that transformed maize productivity in 

Ethiopia. Food Security, 7, 965-981. 

ANDERSSON, J. A. & D'SOUZA, S. 2014. From adoption claims to understanding farmers and contexts: A 

literature review of Conservation Agriculture (CA) adoption among smallholder farmers in southern 

Africa. Agriculture, Ecosystems & Environment, 187, 116-132. 

ANTLE, J. M. & DIAGANA, B. 2003. Creating Incentives for the Adoption of Sustainable Agricultural 

Practices in Developing Countries: The Role of Soil Carbon Sequestration. American Journal of 

Agricultural Economics, 85, 1178-1184. 

AYELE, A. & WONDIRAD, M. W. 2012. Historical Perspectives of Technology Transfer in Ethiopia: 

Experience of the Ministry of Agriculture. In: WORKU, M., TWUMASI-AFRIYIE, S., WOLDE, L., 

TADESSE, B., G., D., BOGALE, G., WEGARY, D. & PRASANNA, B. M. (eds.) Meeting the 

Challenges of Global Climate Change and Food Security through Innovative Maize Research 

Mexico, DF: CIMMYT. 

BARRETT, C. B. & BEVIS, L. E. M. 2015. The self-reinforcing feedback between low soil fertility and 

chronic poverty. Nature Geoscience, 8, 907-912. 

BAUDRON, F., JALETA, M., OKITOI, O. & TEGEGN, A. 2014. Conservation agriculture in African mixed 

crop-livestock systems: Expanding the niche. Agriculture, Ecosystems & Environment, 187, 171-182. 

BRAVO-URETA, B., SOLÍS, D., MOREIRA LÓPEZ, V., MARIPANI, J., THIAM, A. & RIVAS, T. 2007. 

Technical efficiency in farming: a meta-regression analysis. Journal of Productivity Analysis, 27, 57-

72. 

BYERLEE, D. & DE POLANCO, E. H. 1986. Farmers' Stepwise Adoption of Technological Packages: 

Evidence from the Mexican Altiplano. American Journal of Agricultural Economics, 68, 519-527. 

CAMPBELL, B. M., THORNTON, P., ZOUGMORÉ, R., VAN ASTEN, P. & LIPPER, L. 2014. Sustainable 

intensification: What is its role in climate smart agriculture? Current Opinion in Environmental 

Sustainability, 8, 39-43. 

COELLI, T. J., RAO, D. S. P., O'DONNELL, C. J. & BATTESE, G. E. 2005. An Introduction to Efficiency 

and Productivity Analysis, New York, Springer US. 

DI FALCO, S. 2014. Adaptation to climate change in Sub-Saharan agriculture: assessing the evidence and 

rethinking the drivers. European Review of Agricultural Economics, 41, 405-430. 

EHUI, S. & PENDER, J. 2005. Resource degradation, low agricultural productivity, and poverty in sub-

Saharan Africa: pathways out of the spiral. Agricultural Economics, 32, 225-242. 

FAO 2008. Investing in Sustainable Agricultural Intensification. The Role of Conservation Agriculture. A 

Framework for Action. Rome: Food and Agriculture Organization of the United Nations (FAO). 

FAO 2011. Save and Grow: A Policymaker’s Guide to the Sustainable Intensification of Smallholder Crop 

Production. Rome: Food and Agriculture Organization of the United Nations (FAO). 

FAO 2016. Save and Grow in practice: maize, rice, wheat: A guide to sustainable cereal production. Rome. 



28 
 

FAOSTAT 2016. Statistical databases and data-sets of the Food and Agriculture Organization of the United 

Nations. 

GARNETT, T., APPLEBY, M. C., BALMFORD, A., BATEMAN, I. J., BENTON, T. G., BLOOMER, P., 

BURLINGAME, B., DAWKINS, M., DOLAN, L., FRASER, D., HERRERO, M., HOFFMANN, I., 

SMITH, P., THORNTON, P. K., TOULMIN, C., VERMEULEN, S. J. & GODFRAY, H. C. J. 2013. 

Sustainable Intensification in Agriculture: Premises and Policies. Science, 341, 33-34. 

GEBREMEDHIN, B. & SWINTON, S. M. 2003. Investment in soil conservation in northern Ethiopia: the 

role of land tenure security and public programs. Agricultural Economics, 29, 69-84. 

GILLER, K. E., WITTER, E., CORBEELS, M. & TITTONELL, P. 2009. Conservation agriculture and 

smallholder farming in Africa: The heretics’ view. Field Crops Research, 114, 23-34. 

GIRMA, M., FIKADU, G. & GIZACHEW, L. 2012. The Potential Impacts of Climate Change–Maize 

Farming System Complex in Ethiopia: Towards Retrofitting Adaptation and Mitigation options. In: 

WORKU, M., TWUMASI-AFRIYIE, S., WOLDE, L., TADESSE, B., G., D., BOGALE, G., 

WEGARY, D. & PRASANNA, B. M. (eds.) Meeting the Challenges of Global Climate Change and 

Food Security through Innovative Maize Research Mexico, DF: CIMMYT. 

GODFRAY, H. C. J., BEDDINGTON, J. R., CRUTE, I. R., HADDAD, L., LAWRENCE, D., MUIR, J. F., 

PRETTY, J., ROBINSON, S., THOMAS, S. M. & TOULMIN, C. 2010. Food Security: The 

Challenge of Feeding 9 Billion People. Science, 327, 812. 

GOLLIN, D., MORRIS, M. & BYERLEE, D. 2005. Technology Adoption in Intensive Post-Green 

Revolution Systems. American Journal of Agricultural Economics, 87, 1310-1316. 

GUNTON, R. M., FIRBANK, L. G., INMAN, A. & WINTER, D. M. 2016. How scalable is sustainable 

intensification? Nature Plants, 2, 16065. 

GUTTORMSEN, A. G. & ROLL, K. H. 2014. Production Risk in a Subsistence Agriculture. The Journal of 

Agricultural Education and Extension, 20, 133-145. 

HAILESLASSIE, A., PRIESS, J., VELDKAMP, E., TEKETAY, D. & LESSCHEN, J. P. 2005. Assessment 

of soil nutrient depletion and its spatial variability on smallholders’ mixed farming systems in 

Ethiopia using partial versus full nutrient balances. Agriculture, Ecosystems & Environment, 108, 1-

16. 

HAILU, H., MAMO, T., KESKINEN, R., KARLTUN, E., GEBREKIDAN, H. & BEKELE, T. 2015. Soil 

fertility status and wheat nutrient content in Vertisol cropping systems of central highlands of 

Ethiopia. Agriculture & Food Security, 4, 19. 

HURNI, H. 1988. Degradation and Conservation of the Resources in the Ethiopian Highlands. Mountain 

Research and Development, 8, 123-130. 

IFAD 2011. Rural Poverty Report 2011– New realities, new challenges: new opportunities for tomorrow’s 

generation. Rome: International Fund for Agricultural Development (IFAD). 

JALETA, M., KASSIE, M. & SHIFERAW, B. 2013a. Tradeoffs in crop residue utilization in mixed crop–

livestock systems and implications for conservation agriculture. Agricultural Systems, 121, 96-105. 

JALETA, M., YIRGA, C., KASSIE, M., DE GROOTE, H. & SHIFERAW, B. 2013b. Knowledge, Adoption 

and Use Intensity of Improved Maize Technologies in Ethiopia. Paper Presented to the 4th 

International Conference of the African Association of Agricultural Economists, Hammamet, Tunisia, 

22-25 September. 

KASSIE, M., JALETA, M., SHIFERAW, B., MMBANDO, F. & MEKURIA, M. 2013. Adoption of 

interrelated sustainable agricultural practices in smallholder systems: Evidence from rural Tanzania. 

Technological Forecasting and Social Change, 80, 525-540. 

KASSIE, M., TEKLEWOLD, H., JALETA, M., MARENYA, P. & ERENSTEIN, O. 2015a. Understanding 

the adoption of a portfolio of sustainable intensification practices in eastern and southern Africa. Land 

Use Policy, 42, 400-411. 



29 
 

KASSIE, M., TEKLEWOLD, H., MARENYA, P., JALETA, M. & ERENSTEIN, O. 2015b. Production Risks 

and Food Security under Alternative Technology Choices in Malawi: Application of a Multinomial 

Endogenous Switching Regression. Journal of Agricultural Economics, 66, 640-659. 

KASSIE, M., ZIKHALI, P., PENDER, J. & KOHLIN, G. 2010. The Economics of Sustainable Land 

Management Practices in the Ethiopian Highlands. Journal of Agricultural Economics, 61, 605-627. 

KHATAZA, R. 2017. Sustainable agricultural intensification in Malawi: An economic analysis of productive 

efficiency and adoption. PhD thesis. The University of Western Australia. 

KIM, K., CHAVAS, J.-P., BARHAM, B. & FOLTZ, J. 2014. Rice, irrigation and downside risk: a quantile 

analysis of risk exposure and mitigation on Korean farms. European Review of Agricultural 

Economics, 41, 775-815. 

KNOWLER, D. & BRADSHAW, B. 2007. Farmers’ adoption of conservation agriculture: A review and 

synthesis of recent research. Food Policy, 32, 25-48. 

KOPPMAIR, S., KASSIE, M. & QAIM, M. 2017. The influence of farm input subsidies on the adoption of 

natural resource management technologies. Australian Journal of Agricultural and Resource 

Economics, 61, 539-556. 

KUMBHAKAR, S. C. & LOVELL, C. A. K. 2000. Stochastic Frontier Analysis, Cambridge, UK, Cambridge 

University Press. 

LANKOSKI, J., OLLIKAINEN, M. & UUSITALO, P. 2006. No-till technology: benefits to farmers and the 

environment? Theoretical analysis and application to Finnish agriculture. European Review of 

Agricultural Economics, 33, 193-221. 

LEATHERS, H. D. & SMALE, M. 1991. A Bayesian Approach to Explaining Sequential Adoption of 

Components of a Technological Package. American Journal of Agricultural Economics, 73, 734-742. 

LEE, D. R. 2005. Agricultural Sustainability and Technology Adoption: Issues and Policies for Developing 

Countries. American Journal of Agricultural Economics, 87, 1325-1334. 

LEE, D. R., BARRETT, C. B. & MCPEAK, J. G. 2006. Policy, technology, and management strategies for 

achieving sustainable agricultural intensification. Agricultural Economics, 34, 123-127. 

LIPPER, L., MCCARTHY, N., ZILBERMAN, D., ASFAW, S. & BRANCA, G. (eds.) 2018. Climate-smart 

agriculture: Building resilience to climate change, Switzerland: Springer. 

MANDA, J., ALENE, A. D., GARDEBROEK, C., KASSIE, M. & TEMBO, G. 2016. Adoption and Impacts 

of Sustainable Agricultural Practices on Maize Yields and Incomes: Evidence from Rural Zambia. 

Journal of Agricultural Economics, 67, 130-153. 

MORRIS, M., KELLY, V. A., KOPICKI, R. J. & BYERLEE, D. 2007. Fertilizer use in African agriculture; 

lessons learned and good practice guidelines: Lessons Learned and Good Practice Guidelines, 

Portland, Ringgold Inc. 

MOSISA, W., LEGESSE, W., BERHANU, T., GIRMA, D., GIRUM, A., WENDE, A., TOLERA, K., 

GEZAHEGN, G., DAGNE, W., SOLOMON, A., HABTAMU, Z., KASA, Y., TEMESGEN, C., 

HABTE, J., DEMOZ, N. & GETACHEW, B. 2012. Status and Future Direction of Maize Research 

and Production in Ethiopia. In: WORKU, M., TWUMASI-AFRIYIE, S., WOLDE, L., TADESSE, B., 

G., D., BOGALE, G., WEGARY, D. & PRASANNA, B. M. (eds.) Meeting the Challenges of Global 

Climate Change and Food Security through Innovative Maize Research Mexico, DF: CIMMYT. 

NATURE 2012. Food for thought. Nature, 483, 510. 

NDLOVU, P. V., MAZVIMAVI, K., AN, H. & MURENDO, C. 2014. Productivity and efficiency analysis of 

maize under conservation agriculture in Zimbabwe. Agricultural Systems, 124, 21-31. 

NKONYA, E., MIRZABAEV, A. & VON BRAUN, J. (eds.) 2018. Economics of Land Degradation and 

Improvement – A Global Assessment for Sustainable Development, London: Springer. 

NOLTZE, M., SCHWARZE, S. & QAIM, M. 2013. Impacts of natural resource management technologies on 

agricultural yield and household income: The system of rice intensification in Timor Leste. 

Ecological Economics, 85, 59-68. 



30 
 

OUMER, A., HJORTSØ, C. & DE NEERGAARD, A. 2013. Understanding the relationship between 

livelihood strategy and soil management: empirical insights from the central highlands of Ethiopia. 

Food Security, 5, 143-156. 

PANNELL, D. J., LLEWELLYN, R. S. & CORBEELS, M. 2014. The farm-level economics of conservation 

agriculture for resource-poor farmers. Agriculture, Ecosystems & Environment, 187, 52-64. 

PINGALI, P. L. 2012. Green Revolution: Impacts, limits, and the path ahead. Proceedings of the National 

Academy of Sciences, 109, 12302-12308. 

PINSTRUP-ANDERSEN, P. 2009. Food security: definition and measurement. Food Security, 1, 5-7. 

PITTELKOW, C. M., LIANG, X., LINQUIST, B. A., VAN GROENIGEN, K. J., LEE, J., LUNDY, M. E., 

VAN GESTEL, N., SIX, J., VENTEREA, R. T. & VAN KESSEL, C. 2015. Productivity limits and 

potentials of the principles of conservation agriculture. Nature, 517, 365-368. 

PRETTY, J., TOULMIN, C. & WILLIAMS, S. 2011. Sustainable intensification in African agriculture. 

International Journal of Agricultural Sustainability, 9, 5-24. 

RASHID, S., TEFERA, N., MINOT, N. & AYELE, G. 2013. Can modern input use be promoted without 

subsidies? An analysis of fertilizer in Ethiopia. Agricultural Economics, 44, 595-611. 

RASUL, G. & THAPA, G. B. 2004. Sustainability of ecological and conventional agricultural systems in 

Bangladesh: an assessment based on environmental, economic and social perspectives. Agricultural 

Systems, 79, 327-351. 

REARDON, T., KELLY, V., CRAWFORD, E., DIAGANA, B., DIONÉ, J., SAVADOGO, K. & 

BOUGHTON, D. 1997. Promoting sustainable intensification and productivity growth in Sahel 

agriculture after macroeconomic policy reform. Food Policy, 22, 317-327. 

SANCHEZ, P. A. 2002. Soil Fertility and Hunger in Africa. Science, 295, 2019. 

SANCHEZ, P. A. 2009. A smarter way to combat hunger. Nature, 458, 148. 

SANCHEZ, P. A. 2010. Tripling crop yields in tropical Africa. Nature Geosci, 3, 299-300. 

SANCHEZ, P. A. & SWAMINATHAN, M. S. 2005. Hunger in Africa: the link between unhealthy people 

and unhealthy soils. The Lancet, 365, 442-444. 

SHIFERAW, B. & HOLDEN, S. 1999. Soil Erosion and Smallholders' Conservation Decisions in the 

Highlands of Ethiopia. World Development, 27, 739-752. 

SHIFERAW, B., PRASANNA, B., HELLIN, J. & BÄNZIGER, M. 2011. Crops that feed the world 6. Past 

successes and future challenges to the role played by maize in global food security. Food Security, 3, 

307-327. 

SOLÍS, D., BRAVO-URETA, B. E. & QUIROGA, R. E. 2009. Technical Efficiency among Peasant Farmers 

Participating in Natural Resource Management Programmes in Central America. Journal of 

Agricultural Economics, 60, 202-219. 

SPIELMAN, D. J., BYERLEE, D., ALEMU, D. & KELEMEWORK, D. 2010. Policies to promote cereal 

intensification in Ethiopia: The search for appropriate public and private roles. Food Policy, 35, 185-

194. 

STEVENSON, J. R., SERRAJ, R. & CASSMAN, K. G. 2014a. Evaluating conservation agriculture for small-

scale farmers in Sub-Saharan Africa and South Asia. Agriculture, Ecosystems & Environment, 187, 1-

10. 

STEVENSON, J. R., SERRAJ, R. & CASSMAN, K. G. 2014b. Evaluating conservation agriculture for small-

scale farmers in Sub-Saharan Africa and South Asia. Agriculture, Ecosystems & Environment, 187, 1-

10. 

STRUIK, P. C. & KUYPER, T. W. 2017. Sustainable intensification in agriculture: the richer shade of green. 

A review. Agronomy for Sustainable Development, 37, 39. 

TEKLEWOLD, H., KASSIE, M. & SHIFERAW, B. 2013a. Adoption of Multiple Sustainable Agricultural 

Practices in Rural Ethiopia. Journal of Agricultural Economics, 64, 597-623. 



31 
 

TEKLEWOLD, H., KASSIE, M., SHIFERAW, B. & KÖHLIN, G. 2013b. Cropping system diversification, 

conservation tillage and modern seed adoption in Ethiopia: Impacts on household income, 

agrochemical use and demand for labor. Ecological Economics, 93, 85-93. 

THE MONTPELLIER PANEL 2013. Sustainable Intensification: A New Paradigm for African Agriculture. 

London. 

THE ROYAL SOCIETY 2009. Reaping the Benefits: Science and the Sustainable Intensification of Global 

Agriculture. London. 

TILMAN, D. 1998. The greening of the green revolution. Nature, 396, 211-212. 

TILMAN, D., CASSMAN, K. G., MATSON, P. A., NAYLOR, R. & POLASKY, S. 2002. Agricultural 

sustainability and intensive production practices. Nature, 418, 671-677. 

TOENNIESSEN, G., ADESINA, A. & DEVRIES, J. 2008. Building an Alliance for a Green Revolution in 

Africa. Annals of the New York Academy of Sciences, 1136, 233-242. 

UN 2015. UN Sustainable Development Platform. Transforming Our World: The 2030 Agenda for 

Sustainable Development, United Nations (UN). 

VAN ITTERSUM, M. K., VAN BUSSEL, L. G. J., WOLF, J., GRASSINI, P., VAN WART, J., GUILPART, 

N., CLAESSENS, L., DE GROOT, H., WIEBE, K., MASON-D’CROZ, D., YANG, H., 

BOOGAARD, H., VAN OORT, P. A. J., VAN LOON, M. P., SAITO, K., ADIMO, O., ADJEI-

NSIAH, S., AGALI, A., BALA, A., CHIKOWO, R., KAIZZI, K., KOURESSY, M., MAKOI, J. H. J. 

R., OUATTARA, K., TESFAYE, K. & CASSMAN, K. G. 2016. Can sub-Saharan Africa feed itself? 

Proceedings of the National Academy of Sciences, 113, 14964-14969. 

VEEMAN, T. S. 1989. Sustainable Development: Its Economic Meaning and Policy Implications. Canadian 

Journal of Agricultural Economics/Revue canadienne d'agroeconomie, 37, 875-886. 

VILLANO, R., BRAVO-URETA, B., SOLÍS, D. & FLEMING, E. 2015. Modern Rice Technologies and 

Productivity in the Philippines: Disentangling Technology from Managerial Gaps. Journal of 

Agricultural Economics, 66, 129-154. 

VON BRAUN, J. 1995. Agricultural commercialization: impacts on income and nutrition and implications for 

policy. Food Policy, 20, 187-202. 

WAINAINA, P., TONGRUKSAWATTANA, S. & QAIM, M. 2016. Tradeoffs and complementarities in the 

adoption of improved seeds, fertilizer, and natural resource management technologies in Kenya. 

Agricultural Economics, 47, 351-362. 

WORLD BANK 2006. Ethiopia: Managing Water Resources to Maximize Sustainable Growth. A World 

Bank Water Resources Assistance Strategy for Ethiopia. Washington, DC: World Bank. 

WORLD BANK 2007. World development report 2008: Agriculture for Development, Washington, DC, 

World Bank.  

WOSSEN, T., BERGER, T. & DI FALCO, S. 2015. Social capital, risk preference and adoption of improved 

farm land management practices in Ethiopia. Agricultural Economics, 46, 81-97. 

ZENG, D., ALWANG, J., NORTON, G. W., SHIFERAW, B., JALETA, M. & YIRGA, C. 2015. Ex post 

impacts of improved maize varieties on poverty in rural Ethiopia. Agricultural Economics, 46, 515-

526. 

ZILBERMAN, D. 2014. The Economics of Sustainable Development. American Journal of Agricultural 

Economics, 96, 385-396.  

 

 

 

 

 



32 
 

Appendix  

 
 

 
Figure A1.1: An illustration of three stages of production/cost function. The figure motivates increasing marginal 

productivity in stage I, diminishing marginal productivity in stage II and negative marginal productivity in stage III.  For 

our study, most inputs fall in stage II while underutilised inputs such as Nitrogen fall in stage I. In exceptional cases such 

as oxen-draught power can fall in stage III. 

 

Source: adapted from Coelli et al. (2005).
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In Chapter One, we introduced the concepts and debates that surround sustainable 

agricultural intensification (SAI) and the role it could play in raising smallholder farm 

productivity. The purpose of the following chapter is to introduce and investigate how SAI 

can lift the productivity of smallholder maize farmers. Here, SAI is framed as combined 

optimal use of farm inputs, sustainable agricultural practices, and socio-economic 

innovations. In this chapter, we particularly examine the structure of the production frontier 

and the effects of sustainable agricultural practices on the production function. We do that by 

introducing conventional inputs in the deterministic frontier and sustainable agricultural 

practices as variables that ‘shift’ the production function.    
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2.  Lifting Smallholder Maize Productivity using Sustainable 

Intensification: Evidence from Ethiopia 

 

Abstract 

 

There is an emerging consensus that sustainable intensification (SI) can improve farm 

productivity without degrading the natural resource base. However, empirical evidence of 

this claim in developing countries remains sparse. This paper investigates the effect of 

sustainable agricultural practices (SAPs) on maize production capacity and productive 

efficiency of smallholder farm households in Ethiopia. We use a nationally representative 

farm household panel data set to estimate heteroscedastic stochastic production frontier 

models with inefficiency effects. Our empirical results show that technical inefficiency 

contributes to substantial production losses (32%); this implies the existence of a significant 

scope to expand output while using existing resources and technology. Maize output is found 

to respond positively to cropping acreage, nitrogen and farm labour, and negatively to oxen-

drawn power. Smallholder farm households appear to face diminishing marginal returns on 

the use of labour and seed but increasing returns on the use of nitrogen. We find evidence of 

synergies and trade-offs among the inputs used, suggesting the existence of opportunities to 

alter input mixes in production without compromising output levels. The use of SAPs is 

found to increase output given a set of inputs and technology leading to improved 

productivity. Enhancing socio-economic aspects could also narrow the observed productivity 

gap. Overall, our results underscore the importance of SI in lifting up the maize production 

capacity and food security of smallholder farm households in developing countries.  

 

Keywords: maize productivity; inefficiency; optimising inputs; sustainable intensification; 

smallholder farmers; heteroscedastic stochastic production frontier; panel data   
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2.1 Introduction 

Enhancing agricultural productivity without degrading the natural resource base is seen as a 

critical policy strategy in ensuring food security across sub-Saharan Africa (SSA) amidst 

natural resource-degradation and climate change. An emerging consensus is that these twin 

goals can be achieved through sustainable intensification (SI) of crop production systems 

(Otsuka et al., 2013, FAO, 2011, FAO, 2016, The Montpellier Panel, 2013, Pretty et al., 

2011, Lee, 2005). In this article, SI is defined as optimisation of farm inputs (e.g. land, 

labour) in conjunction with the use of sustainable agricultural practices (SAPs) (e.g. manure, 

legume rotation) and enriching socio-economic innovations (e.g. education, market, credit) 

(The Montpellier Panel, 2013, FAO, 2011).  

Understanding the relationship between production efficiency and SI is vital to 

effective policy design. For instance, by eliminating mistakes in production, farms can 

expand their output using the same or fewer inputs and hence conserve scarce resources. 

Alternatively, they can reduce their input levels without compromising the level of output. 

Thus, analysis of production efficiency offers better insights about the competitiveness of 

farms and their potential to increase productivity by saving inputs or by expanding output 

depending on production conditioning factors (Abdulai and Tietje, 2007, Coelli et al., 2005, 

Kumbhakar and Lovell, 2000). Such insights are vital for designing effective policy 

intervention programs to help foster food security goals (The Montpellier Panel, 2013, 

Garnett et al., 2013, FAO, 2011, FAO, 2016). However, empirical evidence on the farm level 

benefits of SI are scarce across SSA and, in particular, the mechanisms by which SI can 

improve smallholder agricultural productivity is still contested (Garnett et al., 2013, 

Pittelkow et al., 2015, Giller et al., 2009). 

Sustainable intensification (SI) can help farmers expand their output or conserve their 

scarce inputs by optimising their inputs-output configurations. Thus, scarce inputs can be 
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used more efficiently and prudently with minimal environmental footprint. For instance, 

farmers can save nitrogen by applying the right quantity, at the right time and the right place. 

The use of SAPs in conjunction with socio-economic and institutional innovations can 

increase output, improve efficiency in production as well as enhance ecosystem services and 

farmers’ adaptive capacity to environmental production risks associated with resource-

degradation and weather changes.  

Therefore, empirical analysis of the productivity of smallholder farm households 

within the SI framework is imperative. Many studies have shown that implementations of 

conservation and sustainable agriculture practices have positive effects on crop yields 

(TerAvest et al., 2015, Kuhn et al., 2016, Kassie et al., 2015, Asfaw et al., 2016, Arslan et al., 

2015). However, as is widely recognised, yield (or land productivity) is only a partial 

measure (Coelli et al., 2005, Coelli, 1995) and can be imprecise if productivity is primarily 

gained by the use of non-land inputs such as fertiliser, labour, seed and farm power. 

Therefore, benchmarking farm performance using the production frontier approach (e.g. 

technical efficiency) that considers all outputs and inputs used in production is a more 

objective measure.  

Some recent empirical studies have reported positive effects of natural resource 

management practices (e.g. conservation tillage, soil and water conservation) on technical 

efficiency (Roco et al., 2017, Solís et al., 2009, Solís et al., 2007, Ndlovu et al., 2014, De Los 

Santos-Montero and Bravo-Ureta, 2017, Chan et al., 2017). However, these studies do not 

control for detailed environmental conditions, socio-economic and institutional factors and 

other farm-specific characteristics, which can lead to inadequate identification of production 

frontier models and hence imprecise policy inferences (Sherlund et al., 2002, Rahman and 

Hasan, 2008, O’Donnell, 2016, Demir and Mahmud, 2002, Dell et al., 2014, Burke and 

Emerick, 2016). Moreover, many of those studies have aggregated a range of conservation 
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and natural resource management practices into a single index to investigate effects on 

technical efficiency (e.g. Roco et al., 2017, Solís et al., 2009, Solís et al., 2007). However, a 

single index does not reflect the differential effects of each of the practices on output and 

may not align with smallholder farmers’ production goals (Stevenson et al., 2014b, Giller et 

al., 2009). Smallholder farmers often use a portfolio of conservation agriculture practices to 

address a multitude of production constraints such as moisture stress, pest infestation, a high 

cost of fertiliser, and soil erosion among others (Teklewold et al., 2013b, Kassie et al., 2015, 

Di Falco and Veronesi, 2013).  

The objective of this paper is to investigate whether the use of production practices 

relating to sustainable intensification (use of inputs, SAPs, and socio-economic innovations) 

can improve the output and productive efficiency of smallholder maize farms, thus helping 

close the productivity gap. We use a nationally representative farm household panel data 

from Ethiopia, collected in 2009/2010 and 2012/2013, as a case study. The data are analysed 

using heteroscedastic stochastic frontier modelling techniques with inefficiency effects. Our 

principal results demonstrate that substantial productivity (32%) is lost due to inefficiency in 

maize production among smallholder farmers. Further, the results reveal that maize output is 

most responsive to cropping acreage followed by nitrogen usage and farm labour. The use of 

SAPs is found to increase output and hence improve the productive efficiency of smallholder 

maize farmers. The results suggest that shortfalls in smallholder maize production can be 

offset by efficiently optimising input usage and implementing SAPs.  

We choose to investigate the effects of SI on smallholder maize productivity for the 

following reasons. First, agriculture is a strategic sector for Ethiopia’s economic growth, 

contributing to about 40% of GDP, 90% of exports and 85% of employment. The agriculture 

sector is also dominated by smallholder farmers and characterised by rainfed production 

systems. Cereals production accounts for 73% of the cropped land. Among cereals, maize is 
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grown by millions of smallholder farmers under fragile agroecosystems. Smallholder farmers 

account for more than 95% of the total maize area and production in the country. Second, 

average national maize yields are low with wide yield gaps compared to other regions 

worldwide (www.yieldgap.org) leading to periodic food insecurity. Yet, maize is the main 

staple crop with an immense potential to meet the rising food demand in the country (Abate 

et al., 2015). As such, sustainable maize productivity has been a significant economic and 

policy concern since the 1984 devastating drought and famine. 

 

 

2.2 Methodology 

We use the stochastic production frontier approach to investigate the viability of SI in 

enhancing the output and productive efficiency of farm households while accounting for 

environmental, socio-economic and institutional factors (Greene, 2008, Kumbhakar and 

Lovell, 2000). In microeconomic theory, the production frontier represents the technological 

relationship between output and inputs; it depicts the maximum output attainable from each 

set of input level. Smallholder farmers use both discretionary and non-discretionary inputs. 

Production theory assumes that farmers aim to maximise output given a set of discretionary 

inputs and technology conditional upon a range of environmental, socio-economic and 

institutional factors. Our analysis is motivated by the SI analytical insights proposed by The 

Montpellier Panel (2013) and FAO (2011). Here, SI entails the optimal use of farm inputs, 

SAPs and exploiting socio-economic innovations.   

Following the production frontier literature (Greene, 2008, Kumbhakar and Lovell, 

2000), discretionary inputs (those that farmers have control over) are usually incorporated in 

the deterministic component of the estimated production frontier. Other environmental and 

socio-economic factors are included in the production frontier or the inefficiency effects 

component, depending on a priori expectation about their influence on the output. Likewise, 
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the use of SAPs can influence output as well as technical efficiency levels and therefore can 

be included in both the production frontier and inefficiency effects component. However, the 

focus of this paper is on analysing their effects on output (production frontier), and hence, 

food production.  

 For each farm household  ( =1, 2…n), the discretionary inputs represented by  

are used to produce the output in the period-  conditional upon a range of environmental 

factors and SAI practices represented by itz  and its , respectively. The production technology 

that transforms inputs into output is defined by the production possibility set: 

 

( , ) {( , ) |  can prodce  given , }it it it it it it it itT z s x y x y z s     (2.1) 

 

The production frontier provides the upper boundary for production possibilities and assumes 

all the input-output production activities are on or beneath the frontier. Given the stochastic 

nature of agriculture production, we assume the case where producers operate below the 

frontier due to technical inefficiency and random shocks that are beyond their control. Thus, 

the stochastic production frontier is specified as follows: 

       

( , , ; )exp exp( ( )it it it it it ity f x z s v u m       (2.2) 

 

where is the output and  is a vector of discretionary inputs. The function 

( , , ; )it it itf x z s   represents the deterministic production frontier and  captures random 

factors that are beyond the control of farmers’ as well as statistical noise and, captures 

inefficiency in production which can depend on managerial-related socio-economic variables 

i i
itx

ity t

ity itx

itv

itu
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itm . The maximum possible output when there is no inefficiency in stochastic production can 

be defined as: 

 

  
* ( , , ; )expit it it it ity f x z s v       (2.3) 

 

The output-oriented measure of farm-specific production efficiency is the ratio of the 

observed output to the maximum output attainable given the prevailing technology and 

production environment. This ratio indicates the gain in output when mistakes in production 

are eliminated and hence, can serve as an objective measure of performance among farm 

households. The output-oriented technical efficiency (TE) can be expressed as: 

 

*

( , , ; )exp exp( ( ))
exp( ( ))

( , , ; )exp

it it it it it it
it it

it it it it it

y f x z s v u m
TE u m

y f x z s v






      (2.4) 

 

 

2.2.1 Empirical model 

We estimate stochastic production frontier panel models with heteroscedastic inefficiency 

effects that assume time-varying inefficiency in production. These models are empirically 

appropriate as they account for random noise inherent in the heterogeneous nature of 

agricultural production (Coelli, 1995, Bravo-Ureta and Pinheiro, 1993, Coelli et al., 2005). In 

particular, we build on the basic time-variant model of Battese and Coelli (1992) which is 

frequently applied in the analysis of agricultural production. The basic model only allows 

inefficiency to change exponentially over time with an unknown scalar parameter. The 

generic specification of inefficiency for the basic model is given as exp[( ( )]it i iu t T u     

in which  is an unknown scalar parameter and iu  is a positive underlying inefficiency 
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variable. The terms  and denote the time-variation and the number of periods, respectively. 

However, the basic model can be extended by allowing the variance of the inefficiency term 

to depend on a set of environmental variables (Wang, 2002, Greene, 2016, Greene, 2005, 

Kumbhakar et al., 2015). The extended model can be expressed as: 
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     (2.5) 

 

where: denotes the natural logarithm of output for farm household i  in period t  and  

represent the logarithms of discretionary inputs (land, seed, labour, nitrogen, oxen-power, 

and pesticide). The term denotes a vector of non-discretionary inputs like environmental 

factors;  denotes a vector of SAPs that are hypothesised to directly influence the 

production frontier;  is a normally distributed random error; and itu  is a non-negative 

random variable that measures inefficiency in production, which measures the gap between 

observed (log) output and maximal (log) output given by the frontier. The term iu denotes the 

half-normally distributed underlying random component of inefficiency, which varies across 

individuals but remains time-invariant; itm  denotes managerial variables related to socio-

economic factors that are hypothesised to influence farm inefficiency; and   and   denote 

vectors of unknown parameters to be estimated for the production frontier and the 

inefficiency effects component, respectively.  

t T

ln ity itx

itE

itS

itv
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In this study, socio-economic and institutional variables and inefficiency are related 

via an exponential function13 in a multiplicative formulation. The recent literature argues that 

the multiplicative formulation has a scaling property that allows direct interpretation of 

coefficient estimates of the inefficiency effects component as semi-elasticities (Wang and 

Schmidt, 2002, Rao et al., 2012, Alvarez et al., 2006). This is so because ln /j it itu m     

regardless of the underlying half-normal inefficiency distribution 
iu . Alternatively, SAPs can 

be incorporated into the inefficiency effects component because these practices can be seen 

as farmers’ adaptive responses to environmental risks (e.g. soil degradation, climate 

variability) and institutional hurdles (e.g. lack of cash, credit, poor markets). However, this is 

not the focus of the present study.  

We also estimated the same model with a pooled data set (cross-sectional framework) 

as a check for robustness. A pooled data set ignores panel effects or time effects in the model. 

Each farm observed in two different periods is treated as a separate farm. The pooled version 

of the model in equation (2.5) can be specified as: 
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     (2.6) 

 

In this model, 0   is a constant in the inefficiency effects model and   is a vector of the 

parameters associated with the socio-economic factors im .  We identify this model as Model 

A1.1. The underlying mean of the inefficiency distribution in equation (2.6) can also be 

estimated as a constant   rather than zero in a truncated formulation such that

                                                           
13 These factors can also be incorporated as a linear function in an additive formulation (Battese and Coelli, 

1995) with a constant variance of inefficiency. The constant variance assumption appears too strong for 

heterogeneous production environments. 
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2

0( , ) ( ,exp( ' ))
ii u iu N N m       . The heteroscedastic truncated model is estimated 

as a robustness check and labelled as Model A2.2. 

  

2.2.2 Estimation  

We use the maximum likelihood (ML) method to estimate the proposed models under 

alternative distributional assumptions of the inefficiency term (i.e., truncated-normal or half-

normal). We follow the standard single or one-step approach (Wang and Schmidt, 2002) by 

which the stochastic production frontier and the inefficiency effects model are jointly 

estimated. The estimation provides values for the coefficients of the production frontier 

function, the inefficiency effects model as well as several variance parameters including the 

variance of the composed error 2 2 2

it uit vit    . Two ratio parameters that indicate the 

relative importance (compared to noise) of the inefficiency term in total variation are 

commonly reported for the sample observations across time, i.e. 2 2/it uit it    or 

/it uit vit   . The farm-specific technical efficiency (TE) scores are calculated using the 

conditional expectation predictor (Jondrow et al., 1982) as:  

 

[exp( ) | ]it it itTE E u         (2.7) 

 

We use the translog14  functional form to approximate the underlying production 

technology. This form is flexible and does not impose a priori restrictions on scale 

parameters (Christensen et al., 1973). Prior to taking the logarithm of inputs (land, labour, 

nitrogen15, seed, oxen power and pesticide16) and output for the estimation, the values are 

                                                           
14 In our preliminary analysis, we fitted the restrictive Cobb-Douglas functional form but it was rejected in 

favour of the flexible translog functional form at 1% significance level. 
15 We follow Battese and Coelli (1995), accounting for zero values of nitrogen input using dummy variable.  
16 Since many observations have pesticide use values below one, the dummy variable approach implicitly 

records a high quantity of pesticide and is not appropriate. We follow Sherlund et al. (2002) to correct zero 

values for the logarithm as ln(0) ln( /10)k , where k  is the smallest strictly positive observation in the 

sample.  
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scaled by their arithmetic means. As a result, the first-order coefficients of the estimated 

production frontier can be interpreted as elasticities of output evaluated at the sample mean. 

The estimation is carried out using the econometric software LIMDEP Version 11 (Greene, 

2016).  
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Table 2.1 Descriptive statistics  
 

Model variables  Variable definitions and measurement units  Mean Standard  

deviation 

Output ( ity ) Quantity of maize output a farm household produced in kilograms (kg) 2018 2446 

Discretionary inputs ( itx )    

Land Land area used for maize production in hectares (ha) 0.81 0.75 

Seed  Quantity of seed used in kilograms (kg) 22.02 22.10 

Oxen  Oxen draught power used for ploughing (oxen-days)  12.31 12.12 

Labour  Quantity of family and hired labour used for production (person-days) 65.36 61.28 

Nitrogen  Quantity of nitrogen fertiliser used for production in kilograms (kg) 25.83 40.40 

Pesticide  Implicit quantity index of pesticides used for production (quantity index) 0.13 0.46 

Environmental variables ( itz )    

Temperature  Average monthly maximum temperature from 1990 to 2011 in degree Celsius (°C) 27.11 2.06 

Spring rainfall variability  Coefficient of variation of the monthly rainfall observations in the short rain season  0.84 0.28 

Summer rainfall variability  Coefficient of variation of the monthly rainfall observations in the main rain season  0.34 0.23 

Rainfall  Annual rainfall during the respective production years (2009 and 2012) (100 millimetres)  11.49 3.74 

Soil fertility  Soil fertility status as perceived by farmer (1=good, 2=medium, 3=poor) 1.56 0.56 

Slope of field Type of slope of the field as perceived by farmer (1=flat, 2=medium, 3=steep) 1.35 0.51 

Stress incidence 1= if a household faced production stress on a farm, 0 otherwise 0.43 0.49 

Altitude Altitude on which the household is located above sea level (100 meters) 17.81 2.77 

Sustainable agricultural practices ( its )     

Improved maize variety Proportion of land under improved maize varieties in total maize area 0.43 0.47 

Legume rotation Proportion of land under legumes rotation during previous season in total maize area 0.06 0.22 

Manure  Household’s level of animal manure use in tonnes 0.25 0.42 

SWC  1=if household constructed soil and water conservation (SWC) measures, 0 otherwise 0.28 0.45 

Tillage frequency Frequency of tillage during production season (lower frequency indicates reduced tillage) 3.57 1.31 

Residue retention 1= if a household retained crop residues from previous season, 0 otherwise 0.24 0.42 
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Table 2.1 (continued) 

 

Socio-economic variables ( itm )    

Access to institutions Number of institutions the farm household can depend on for support   2.65 1.78 

Mobile phone   1 = if a farm household head had access to mobile phone, 0 otherwise 0.33 0.47 

Age  Age of the household head in years 43.49 12.84 

Education  Education of the household head in years of schooling 2.93 3.30 

Ownership of oxen Number of oxen owned by farm household 1.64 1.46 

Credit 1= if a household had access to credit, 0 otherwise 0.23 0.42 

Savings 1=if a farm household had savings, 0 otherwise 0.48 0.50 

Gender  1=if gender of the farm household head is male, 0 if female 0.92 0.27 

Grain traders  Number of grain traders known and trusted by farm household  2.02 4.07 

Off-farm cash Share of off-farm cash in total cash revenue 0.24 0.29 

Distance to nearest input market Logarithm of distance to the nearest source of inputs from residence in kilometres 1.38 0.95 

 

Source: Author
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2.2.3 Data 

This study relies on farm household data collected from maize growing areas in Ethiopia. The data 

were collected in 2009/2010 and 2012/2013 by the Ethiopian Institute of Agricultural Research 

(EIAR) in collaboration with the International Maize and Wheat Improvement Centre (CIMMYT). 

The data were an unbalanced17 panel with 4471 observations (2339 farm households in 2009/2010 

and 2132 in the 2012/2013 production period).  

A multistage sampling procedure was used to select the target samples (Jaleta et al., 2013). 

The sample districts of the study were selected from regional states, kebeles18 from chosen districts 

and farm households within selected kebeles (Figure 2.1). Based on maize production potential, 

about 39 districts were selected from five regional states namely Oromia, Amhara, Tigray, Ben-

Shangul-Gumuz, and Southern Nations and Nationalities Peoples Region (SNNPR). A proportional 

random sampling procedure was used to select three to six kebeles in each district and 10-24 farm 

households in each kebele. The surveys were comprehensive and included detailed information about 

production activities and farm management practices.  

 

 

                                                           
17 The unbalanced panel is in terms of households with attrition rate less than 9%. The efficiency models applied in the 

thesis can support unbalanced data (Battese and Coelli, 1992, Greene, 2016). 
18 Kebele is the smallest administrative unit below the district level in Ethiopia. 
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Source: Author 
 

 

The data on production inputs and output were collected at the plot level. Typically, farm 

households allocate more than one plot to maize production. We aggregated plot-level data to farm 

(household) level19 because farmers can change their maize plots or resize them over time. Such data 

aggregation approaches are common in empirical research (Ndlovu et al., 2014, Bezabih and Sarr, 

2012, Udry, 1996, Alem et al., 2010). The farm household-level data are matched with kebele level 

data using global positioning system (GPS) coordinates. 

The units of measurement, definitions and descriptive statistics of discretionary inputs, 

output, sustainable agricultural practices and a range of environmental and socio-economic factors 

are presented in Table 2.1. The dependent variable used is the quantity of maize output. The average 

                                                           
19 Household level data are suitable for analysis of production efficiency and intertemporal technology adoption rather 

than plot level data because the household is fixed and the decision making unit. Plot level variations are captured by 

constructing average values for indices such as slope, soil fertility etc.  

 

 
Figure 2.1 Map of the study kebeles representing the major maize growing areas of Ethiopia. 
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maize cropping area in the sample was 0.81 hectares, which illustrates the scarcity of land in the 

study region. Land includes both owned and rented land under maize production. Labour data is 

measured in person-days. Nitrogen fertiliser is measured in kilograms. Nitrogen is a critical limiting 

nutrient for maize production but with low application rates. Oxen draught power is measured in 

oxen-days for ploughing. Ethiopian farmers use very traditional oxen-drawn traction systems. Farm 

power has been recognised as one of the prime resource constraints for sustainable crop 

intensification in Ethiopia and elsewhere in SSA (ACIAR, 2013, Baudron et al., 2015). Pesticide 

represents the implicit quantity index20 of herbicides, fungicides, and insecticides used for 

production. Ethiopian farmers apply small quantities of pesticide21 for maize production.  

In addition to discretionary inputs, a range of environmental factors including climate 

variability, socio-economic and institutional factors and SAPs, can affect the productivity of farm 

households. Detailed discussion on the effects of these variables on technical efficiency is not the 

focus of the present study. However, we briefly describe these variables with an emphasis on their 

effects on output. 

Environmental factors such as climate variability and land quality can influence crop 

production. We control for rainfall abundance and distribution during the production season in our 

empirical model (Bezabih and Sarr, 2012). Rainfall can be treated as an environmental factor or as a 

natural physical input involved in the production process (O’Donnell, 2016). Ethiopia has three22 

seasons based on the classification by the National Metrological Agency of Ethiopia 

(www.ethiomet.gov.et). We also control for maximum temperature (°C) for each study village as it 

influences crop production. In addition to the weather variables, we control for biophysical 

                                                           
20 The total value of pesticide is deflated by a weighted price index. The weights were the share of each pesticide type in 

total pesticide cost. Pesticide prices do not vary across the few localities and over the two periods. 

21 Some researchers distinguish pesticide as a damage reducing input rather than a yield enhancing input (Lichtenberg 

and Zilberman, 1986). We consider pesticide as one of the discretionary inputs regardless of its impact on the output. 

Inputs can increase yield, reduce variance or reduce damage of the output.   
22 These are: spring season (short rainy season) from February to May; summer season (major rainy season) from June to 

September; and dry season (off-season) from October to January. 
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differences in agro-ecological conditions, soil quality and farm shock. We use altitude to control for 

agro-ecological differences, farmers’ perceptions about soil characteristics to control for soil quality, 

and reported incidences of drought, water logging, frost and  pest-related crop damage to control for 

farm stress incidence23. 

Sustainable agricultural practices (SAPs) can influence output and hence, productivity. We 

consider seven SAPs based on their agronomic merits as well as environmental benefits. These 

include the use of improved24 maize varieties, legume rotation, the use of animal manure, soil and 

water conservation (SWC) measures25, crop residue retention, reduced tillage26 (minimum soil 

disturbance), and conservation tillage (reduced tillage with residue retention). A detailed description 

of these practices and their potential agro-environmental benefits can be found in the literature 

(Teklewold et al., 2013b, Teklewold et al., 2013a, Lee, 2005, Kassie et al., 2015, Kassie et al., 2013, 

Stevenson et al., 2014a, Manda et al., 2016, Arslan et al., 2015). 

We control for socio-economic factors and access to institutions27 that affect production 

efficiency. Most farm households are headed by males (92%). Differences across farm households 

regarding production resources, human capital, supportive institutions, including access to 

information and credit, cash saving and off-farm income, are expected to influence production 

performance. The hypothesised effects of some of these socio-economic and institutional factors on 

production efficiency can be found in the empirical literature (Sherlund et al., 2002, Ali and Byerlee, 

1991, Roco et al., 2017).  

                                                           
23 Stress incidence on a farm can be treated as an exogenous variable because the crop damage was mainly due to 

exogenous factors. Further, most inputs are already applied prior or earlier in the season before the stress/damage 

happens. The production frontier framework also allows exogenous environmental variables influencing producer’s 

performance (Kumbhakar and Lovell, 2000, Greene, 2008, Sherlund et al., 2002). 
24 This refers to fresh hybrid seed or open-pollinated varieties recycled at most three growing seasons. Improved variety 

is seen as a SAI strategy regardless of the specific type of the varieties (Kassie et al., 2015, Alemu et al., 2014). The aim 

is also to create sufficient observations for conducting the statistical analysis.  
25 These include terraces, soil bunds, stone bunds, grass stripes, box ridges and so on. 
26 Higher tillage frequency indicates higher mechanical soil disturbance and vice versa.  
27 Access to both formal and informal institutions can lead to accumulation of “institutional capital” which is a critical 

factor of sustainable development affecting production efficiency (Platje, 2008). 
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2.3 Results and discussion 

The econometric results are presented in Table 2.2. Our findings regarding the productivity of 

smallholder farm households and the roles of sustainable crop intensification in bridging productivity 

gaps are robust to alternative specifications (see Table A2.1). In this paper, we focus on results 

related to the production frontier and highlight additional insights from the inefficiency effects 

component. 
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Table 2.2 Parameter estimates of the translog stochastic production frontier panel model 

 

Direct inputs ( itx ) Coefficient Standard Error  

Deterministic component of the stochastic production frontier 

Constant 1.0508 0.902 

Land 0.49431*** 0.049 

Oxen -0.00667 0.033 

Seed 0.06494* 0.034 

Labour 0.19313*** 0.044 

Nitrogen 0.20787*** 0.014 

Pesticide 0.03575** 0.014 

0.5 Land2 0.04268 0.062 

0.5 Oxen2 -0.00636 0.008 

0.5 Seed2 -0.12352*** 0.043 

0.5 Nitrogen2 0.04548*** 0.004 

0.5 Labour2 -0.21180*** 0.049 

0.5 Pesticide2 0.01144* 0.006 

Land x oxen 0.00766 0.028 

Land x seed 0.02353 0.046 

Land x labour -0.06104 0.045 

Land x nitrogen  0.00657 0.006 

Land x pesticide 0.01431* 0.008 

Seed x labour 0.15609*** 0.035 

Seed x pesticide -0.01319** 0.006 

Seed x nitrogen 0.00416 0.005 

Oxen x seed -0.03403 0.025 

Oxen x labour 0.05700*** 0.016 

Oxen x pesticide -0.00325 0.005 

Nitrogen x oxen -0.00257 0.003 

Nitrogen x labour -0.01865*** 0.006 

Nitrogen x pesticide -0.00113 0.001 

Labour x pesticide 0.0036 0.007 

Environmental factors ( itz )   

Temperature  -0.06601 0.066 

Temperature squared 0.0018 0.001 

Spring rainfall variability  -0.12521*** 0.031 

Summer rainfall variability  -0.09634* 0.051 

Rainfall  -0.35409*** 0.040 

Rainfall squared -0.36489*** 0.085 

Soil fertility  -0.07116*** 0.014 
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Table 2.2 (continued) 

 

Slope of field -0.04249*** 0.016 

Stress incidence -0.22861*** 0.016 

Altitude 0.0043 0.004 

Sustainable agricultural practices ( its )   

Improved maize variety 0.10880*** 0.020 

Legume rotation 0.08636** 0.037 

Manure  0.05418*** 0.021 

SWC  0.03840** 0.018 

Tillage -0.03383*** 0.008 

Residue retention -0.10472** 0.049 

Tillage x residue   0.02927** 0.013 

 

Variables in the inefficiency effects component 

 

Socio-economic factors ( itm )    parameters in the variance of itu    

Access to institutions -0.04081** 0.016 

Mobile phone  -0.14405** 0.061 

Age  0.00413** 0.002 

Education  -0.01117 0.009 

Oxen ownership -0.08042*** 0.024 

Credit 0.00615 0.053 

Savings -0.21093*** 0.055 

Gender  -0.31393*** 0.069 

Grain traders  -0.02290*** 0.008 

Off-farm cash 0.40045*** 0.076 

Distance to nearest input market  0.08081*** 0.025 

Variance parameters averaged for observations   

it  

1.04*** 0.07 

itu  
0.48*** 0.03 

itv  

0.47  

it  
0.67  

it  

0.52  

Log-likelihood  -3323.45  

 

Notes: * Significant at 10% level; **Significant at 5% level; ***Significant at 1% level. A negative coefficient 

parameter estimate on the inefficiency component shows that the variable has a positive effect on efficiency. The 

variance parameters are averaged as these change with environmental variables for each farm across time. 

 
Source: Author 
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2.3.1 Production frontier estimates 

In all models, and except for oxen draught power, we find that farm inputs have a positive and 

statistically significant effect on output. Since the output and inputs are mean corrected, the first-

order coefficients can be interpreted as partial production elasticities at the mean values. These 

production elasticities measure the expected percentage change in output for a unit percentage 

change in each input, holding all else constant. The results reveal that maize output is more 

responsive to changes in land acreage under production relative to other inputs. A 10% increase in 

maize cropping area results in about a 5% increase in maize output, holding all else constant. The 

land area result suggests that maize production is still extensive in Ethiopia. The output is also 

responsive to changes in nitrogen and labour and less responsive to changes in seed and pesticide 

inputs. The elasticity of output for oxen draught power is not statistically significant.  

Our analysis underscores the critical role of land area in smallholder farmers’ productivity. 

The significance of nitrogen is not surprising as it is an essential nutrient for maize production. The 

significance of labour is also expected given that maize production is labour-intensive with limited 

mechanisation in the smallholder sector. The negative elasticity of output for oxen power confirms 

our prior expectation and corroborates studies that reported negative effects of oxen-drawn tillage on 

crop yields in Ethiopia (Temesgen et al., 2008, Temesgen et al., 2009, Temesgen, 2007, Laike et al., 

2012) 28.  

The coefficients of the quadratic terms provide further information about the technology. For 

seed and labour, the coefficients are negative and highly statistically significant.  For nitrogen, it is 

positive and highly statistically significant. This implies that farmers face diminishing marginal 

returns on the use of seed and labour while increasing29 marginal returns on the use of inorganic 

                                                           
28 According to the authors, the traditional plough (Maresha) creates V-shaped furrows which leave unplowed strips of 

land between adjacent passes and necessitates repeated and cross-ploughings before sowing. Higher tillage frequency 

(mechanical soil disturbance) can also lead to soil erosion, and soil fertility degradation with negative effects on output.  
29 The economic theory of diminishing marginal productivity with respect to all inputs may be violated due to the 

possibility of underutilisation of certain inputs. Likewise, many studies found increasing marginal productivity for 
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nitrogen fertiliser. The results highlight the fact that most farm households apply relatively higher 

levels of seed and labour inputs but low levels of inorganic fertiliser. The average rate of inorganic 

nitrogen fertiliser application for the sample farmers is 33kg/ha. This result is consistent with the 

consensus that African30 farmers are using low levels of inorganic nitrogen fertiliser compared to the 

global average. Thus, efficient and prudent use of more inorganic fertiliser is critical to increasing 

crop yields beyond their current stagnant levels (The Montpellier Panel, 2013, Morris et al., 2007, 

Pretty et al., 2011, Sanchez, 2010, Zhang et al., 2015, Zhang, 2017). The low application rates of 

nitrogen seem to be related to the high cost and lack of well-functioning credit (Morris et al., 2007, 

Guttormsen and Roll, 2014). Even where fertiliser is affordable, farmers in developing countries tend 

to be reluctant to use relatively higher rates possibly due to its risk-increasing effect, especially when 

rainfall is erratic (Just and Pope, 1979, Di Falco et al., 2007, Guttormsen and Roll, 2014, Alem et al., 

2010). Inadequate supply of inorganic fertiliser could also be another constraint (Morris et al., 2007). 

Assessing the interaction effects of inputs on output also offers additional insights. We 

observe that the interaction of some inputs has a positive and statistically significant effect on output. 

These are labour and seed, labour and oxen-power and land and pesticide. On the other hand, the 

interaction of certain inputs has a negative and statistically significant effect on output. These include 

seed and pesticide, seed and oxen-power and nitrogen and labour. These results seem to reveal trade-

offs and synergies in the use of farm inputs that smallholder farmers could exploit, presumably to 

deal with their constraints in maize farming (Teklewold et al., 2013a, Kassie et al., 2015). 

The sum of partial elasticities of production provides a measure of returns to scale for the 

technology. The value is unity (0.99) indicating constant returns to scale evaluated at the mean of the 

sample. This finding is consistent with studies that found farmers operating at constant returns to 

scale (e.g. Roco et al., 2017, Binam et al., 2004) but differs from those reporting decreasing returns 

                                                                                                                                                                                                   
certain inputs (e.g. Villano et al., 2015, Rao et al., 2012, Mukherjee et al., 2013, Kumbhakar and Hjalmarsson, 1995, 

Kumbhakar and Heshmati, 1995, Sherlund et al., 2002).  
30 The average nitrogen usage in 2016 for SSA was estimated at 12-15 kg N per hectare although some countries such as 

Ethiopia, Nigeria and Malawi are applying relatively higher rates (Richards et al., 2016).  
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to scale (e.g. Solís et al., 2009, Solís et al., 2007, Melo-Becerra and Orozco-Gallo, 2017) and 

increasing returns to scale (e.g. Rahman et al., 2009). The scale of the operation appears to be an 

empirical issue that depends on production contexts.  

The coefficients of environmental factors31 offer additional insights. We observe seasonal 

rainfall variability to have a significant negative effect on output. Relatively higher rainfall during 

production season appears to reduce output at an increasing rate. This finding is consistent with those 

of Bezabih and Sarr (2012) who found that the distribution of rainfall (rainfall variability) is more 

critical to crop production than its abundance during the growing season in Ethiopia. As argued by 

O’Donnell (2016), farmers should not be erroneously regarded as ‘unproductive’ when output 

shortfalls are due to variables beyond their control such as rainfall. The overwhelming majority of 

studies, however, do not include rainfall in their production analysis due to lack of data. Warm 

temperature tends to reduce output at a decreasing rate. Our results are consistent with studies that 

reported significant adverse effects of climate variability on food production (Lachaud et al., 2017, 

Di Falco, 2014, Dell et al., 2014, De Los Santos-Montero and Bravo-Ureta, 2017, Barrios et al., 

2008). Further, our results indicate that farmers produce less on poorer soils and steeper fields and 

when they experience farm shocks. These findings corroborate the conjecture that environmental 

factors influence production possibilities, and omitting these variables may lead to poor 

identification of production models and hence, imprecise policy inference about productivity 

(Sherlund et al., 2002, Rahman and Hasan, 2008, O’Donnell, 2016, Dell et al., 2014, Burke and 

Emerick, 2016).  

 

2.3.2 Marginal effects of sustainable agricultural practices  

The results from the lower parts of Table 2.2 reveal that the coefficients of SAPs are statistically 

significant. The results show that except for residue retention, SAPs enhance output and hence 

                                                           
31 Environmental factors can also influence technical efficiency, and this merits further research.  
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improve productivity32. The coefficients for improved maize variety, legumes rotation, manure, soil 

and water conservation measures are positive and highly statistically significant. These results imply 

that each of these practices significantly increases output, ceteris paribus. The coefficient for tillage 

frequency is negative when crop residue is not retained, signalling that output decreases as tillage 

frequency increases (high mechanical soil disturbance). It should be noted that reduced tillage 

frequency is a sustainable agriculture practice. This result is undesirable from both a labour saving 

and a natural resource conservation perspective. The result also shows that tillage frequency has no 

impact on output when crop residue is retained.  

While SAPs have significant positive effects on output (except for residue retention), rainfall 

variability, excess rainfall, warm temperature, and poor soil fertility appear to have adverse effects 

on output. Building on earlier scientific evidence (Lipper et al., 2014, Di Falco et al., 2011, Di Falco 

and Veronesi, 2013, IPCC, 2014, Asfaw et al., 2016), SAPs may play substantial roles in uplifting 

smallholder food productivity by increasing maize output whilst enhancing farmers’ resilience to 

environmental risks such as land degradation and climate change. 

The mean technical efficiency of the sample maize farmers is about 76% with a standard 

deviation of 11%. This result is comparable with estimates from Ethiopia and elsewhere in 

developing countries. For example, based on meta-regression analysis, Bravo-Ureta et al. (2007) 

found average technical efficiency for maize production to be about 75%. The result suggests that, 

on average, the sample farmers could only achieve 76% of the maximal output from a given mix of 

inputs under prevailing technology. Thus, substantial productivity is lost due to inefficiency. Indeed, 

on average, production can be increased by 32% [((1-0.76)/0.76)   100] with efficiency 

improvements. Figure 2 shows the distribution of technical efficiency in the sample. 

 

 

                                                           
32 We also find that SAPs also improve technical efficiency. Results are not shown here for brevity. 
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Figure 2.2 Histogram distribution of technical efficiency scores. 

 

        Source: Author 

 

The coefficients in the inefficiency component in both models can be interpreted as semi-

elasticities as discussed in the methods section. Some socio-economic and institutional variables 

have statistically significant and negative coefficients. These imply that these variables enhance 

production efficiency by lifting the output. However, off-farm income and market access appear to 

have statistically significant and positive coefficients, signalling that these variables induce 

inefficiency in production by negatively impacting the output. Credit and education levels seem to 

have minimal effects on efficiency. Improving the socio-economic aspects of SI appears imperative 

to offset productivity limits effectively and hence, increase food production in smallholder farming 

across developing countries such as Ethiopia.  

 

2.4 Conclusion and policy implications 

This article investigated the productivity of smallholder maize farmers in Ethiopia and the role of 
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sustainable intensification (SI) could play in closing the gap between the actual and potential output 

due to inefficiency in production. We used a stochastic frontier panel model with heteroscedastic 

inefficiency effects to account for potential confounding effects. We also estimated alternative 

heteroscedastic frontier models under a cross-sectional framework to check the robustness of our 

results to model specifications. Our principal findings demonstrate that substantial output (32%) is 

lost due to inefficiency. We find that the use of SAPs and favourable socio-economic conditions 

(enabling environments) have the potential to reduce the gap between realised and potential output. 

These findings are robust to the choice between panel and pooled stochastic frontier model 

specifications.  

  Several policy lessons can be distilled from our empirical results. First, cropping acreage area 

is found to be the most crucial determinant of output in smallholder maize production, underscoring 

the importance of improving the productive capacity of land by eradicating agronomic practices that 

lead to soil degradation. Second, farmers face diminishing marginal returns to seed and labour inputs 

but increasing marginal returns to nitrogen, which is of policy significance to addressing the 

challenges of low food productivity across SSA. Third, smallholder farmers could explore altering 

their input mixes (as shown by the positive and negative interaction of inputs) to mitigate the 

multitude of production constraints and raise their output. It appears imperative to exploit these 

trade-offs and synergies when designing effective policies and programs for improving food 

production through SI.  

Given the increasing population in SSA (Otsuka and Larson, 2013), maintaining or 

enhancing the quality and productive capacity of farmland, for instance, through the implementation 

of SAPs is essential. Because the sample farmers are facing diminishing marginal returns on the use 

of labour and seed inputs, improving the productive capacity of labour and the delivery of improved 

seeds varieties could be essential avenues for reducing mistakes in production and increasing output. 

For example, based on these findings and building on earlier research (The Montpellier Panel, 2013, 
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Pretty et al., 2011), training of agricultural labour and enhancing the knowledge and capacity of 

farmers, particularly women, would be crucial. These can be done, for instance, through expanding 

farmers’ institutional capital and modern information tools including access to mobile phones. The 

supply of improved seeds can be enhanced by engaging the private sector alongside the public sector 

in the multiplication and dissemination of improved variety seeds that can respond better to nitrogen 

use and have resistance to disease and drought.  

There is also a significant scope to conserve soil productivity by promoting increased use of 

inorganic fertiliser matched with soil types by, for example, facilitating uptake through appropriate 

economic incentive mechanisms such as credits, crop insurance and even targeted subsidies where 

applicable. Thus, both supply and demand sides of inorganic fertiliser appear to be critical (Morris et 

al., 2007). Moreover, applying the right rate of nitrogen at the right time and place combined with 

SAPs can increase fertiliser uptake due to improved efficiency stemming from synergistic effects 

(Richards et al., 2016). Improving socio-economic and access to institutions also appear crucial to 

increase maize production in smallholder agricultural systems effectively.  

 Overall, our analyses underscore the importance of SI in increasing maize crop productivity 

among smallholder farmers through efficient use of discretionary farm inputs (scarce resources) in 

conjunction with the use of SAPs and socio-economic innovations. Sustainable intensification is now 

seen as an essential policy direction to increasing food productivity given the current challenges of 

climate variability and associated production risks in smallholder agriculture. Empirical research on 

the effects of SAPs in improving technical efficiency of production will be needed to encourage the 

development and spread of appropriate SAPs technology packages and supporting institutions under 

the new realities of climate change. Further studies should investigate these issues in depth.  
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Appendices 

 
Table A2.1: Parameter estimates of alternative translog stochastic production frontier pooled models  

 

Direct inputs ( ix ) Model A2.1   Model A2.2  

Coefficient SE Coefficient SE 

Deterministic component of the stochastic production frontier 

Constant 1.28062 0.782 1.21403 0.777 

Land 0.49893*** 0.046 0.49189*** 0.045 

Oxen -0.01202 0.030 -0.00649 0.030 

Seed 0.06617* 0.034 0.07535** 0.034 

Labour 0.19094*** 0.041 0.18277*** 0.040 

Nitrogen 0.20728*** 0.013 0.21189*** 0.012 

Pesticide 0.04537*** 0.014 0.04603*** 0.014 

0.5 Land2 0.05015 0.060 0.03812 0.058 

0.5 Oxen2 -0.0079 0.008 -0.00732 0.008 

0.5 Seed2 -0.10690** 0.042 -0.10475** 0.041 

0.5 Nitrogen2 0.04616*** 0.003 0.04733*** 0.003 

0.5 Labour2 -0.16873*** 0.049 -0.17244*** 0.049 

0.5 Pesticide2 0.01539*** 0.006 0.01570*** 0.006 

Land x oxen 0.01675 0.029 0.01507 0.029 

Land x seed 0.02164 0.045 0.02801 0.043 

Land x labour -0.08181* 0.044 -0.07467* 0.043 

Land x nitrogen  0.00723 0.006 0.00703 0.006 

Land x pesticide 0.01424* 0.007 0.01379* 0.007 

Seed x labour 0.15569*** 0.034 0.14950*** 0.034 

Seed x pesticide -0.01593*** 0.005 -0.01534*** 0.005 

Seed x nitrogen 0.00567 0.005 0.00593 0.005 

Oxen x seed -0.04349* 0.024 -0.04284* 0.024 

Oxen x labour 0.05018*** 0.018 0.05070*** 0.019 

Oxen x pesticide -0.002 0.005 -0.00085 0.005 

Nitrogen x oxen -0.00188 0.003 -0.00152 0.004 

Nitrogen x labour -0.02169*** 0.006 -0.02213*** 0.006 

Nitrogen x pesticide -0.00137 0.001 -0.0014 0.001 

Labour x pesticide 0.00371 0.007 0.00296 0.006 

Environmental factors ( iz )     

Temperature  -0.07628 0.057 -0.07886 0.057 

Temperature squared 0.00202* 0.001 0.00205* 0.001 

Spring rainfall variability  -0.12211*** 0.030 -0.12451*** 0.030 

Summer rainfall variability  -0.05845 0.048 -0.04509 0.047 

Rainfall  -0.35594*** 0.036 -0.35934*** 0.035 

Rainfall squared -0.34951*** 0.076 -0.37049*** 0.074 

Soil fertility  -0.06752*** 0.014 -0.06883*** 0.014 

Slope of field -0.05130*** 0.016 -0.05241*** 0.016 

Stress incidence -0.21450*** 0.016 -0.20904*** 0.016 
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Table A2.1 (continued) 

 

Altitude 0.00606* 0.003 0.00482 0.003 

Sustainable agricultural practices ( is )     

Improved maize variety 0.11652*** 0.019 0.11593*** 0.019 

Legume rotation 0.07762** 0.037 0.07520** 0.036 

Manure  0.04925*** 0.019 0.04927*** 0.018 

SWC  0.03180* 0.018 0.03460** 0.017 

Tillage -0.03254*** 0.008 -0.03206*** 0.008 

Residue retention -0.10263** 0.049 -0.10156** 0.049 

Tillage x residue   0.02888** 0.013 0.02844** 0.013 

 

Variables in the inefficiency effects component 

 

Socio-economic factors ( im )    parameters in the variance of iu  

     

Constant -0.82680*** 0.158 NA NA 

Access to institution -0.04493*** 0.017 -0.01577** 0.007 

Mobile phone  -0.16236** 0.068 -0.05466** 0.027 

Age  0.00718*** 0.002 0.00261*** 0.001 

Education  -0.01799* 0.010 -0.00739* 0.004 

Oxen ownership -0.06241*** 0.020 -0.02207*** 0.008 

Credit 0.00758 0.069 0.00654 0.028 

Savings -0.28224*** 0.059 -0.10086*** 0.024 

Gender  -0.40251*** 0.101 -0.14475*** 0.042 

Grain traders  -0.01733** 0.007 -0.00672** 0.003 

Off-farm cash 0.54704*** 0.108 0.20201*** 0.043 

Distance to nearest input market  0.13215*** 0.028 0.04804*** 0.012 

  0  -10.26 18.56 

Log-likelihood  -3287.85  -3265.66  

Notes: * Significant at 10% level; **Significant at 5% level; ***Significant at 1% level. A negative coefficient 

parameter estimate on the inefficiency component shows that the variable has a positive effect on efficiency. SE is 

standard error. NA=Not applicable. The term  is a constant parameter for the truncated formulation in Model A2.2. 

Source: Author  
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In the previous chapter, we investigated the effects of SAI on the production efficiency of 

smallholder maize farmers. We particularly examined the deterministic maize production structure 

and investigated the effects of sustainable agricultural practices as ‘shifters' of the production 

function. The purpose of this chapter is to investigate the effects of SAI practices on the mean and 

variance of technical efficiency while also controlling for a range of factors such as climate, soil 

characteristics, socio-economic and institutional factors. We show this by incorporating sustainable 

agricultural practices in the stochastic component of the frontier function which influences the 

degree of production inefficiency. 
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3. Sustainable Agricultural Practices and Technical Efficiency in Smallholder 

Maize Farming: Empirical Insights from Ethiopia 
 
 

Abstract  

Sustainable agricultural intensification is considered crucial in addressing poverty, food insecurity, 

and environmental degradation in developing countries. It is widely claimed that the use of 

sustainable agricultural practices (SAPs) alongside conventional inputs and related innovations can 

increase the productive efficiency of smallholder farm households with minimum environmental 

impacts. However, empirical evidence on this claim remains scarce. This article uses a nationally 

representative farm household panel data from Ethiopia to investigate the effects of SAPs on 

technical efficiency of farm households faced with climate variability. We estimated stochastic 

production frontiers while accounting for heterogeneity across farm households and 

heteroscedasticity in the variance of inefficiency measure. Our results demonstrate that SAPs such as 

improved maize varieties, maize-legume rotation, farm manure, soil and water conservation practices 

and minimum tillage significantly reduce technical efficiency variability while increasing its mean. 

The use of conservation tillage (residue retention combined with reduced-tillage) reduced the mean 

and increased the variability of technical efficiency. Rainfall variability also reduced the mean and 

increased the variance of technical efficiency. Similarly, off-farm activities and poor access to farm 

inputs are associated with lower mean and variable technical efficiency. Overall, the results point to 

the considerable role SAPs could play to improve food production in developing countries and 

contribute to sustainable development goals by ending hunger and poverty. These findings are robust 

to alternative stochastic production frontier modelling approaches.    

 

Keywords: technical efficiency, sustainable agriculture, climate variability, smallholder farmers, 

stochastic production frontier, heteroscedastic inefficiency effects, Ethiopia  
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3.1 Introduction 

Sustainable agricultural intensification (SAI) is gaining acceptance in the developing world as a 

feasible strategy for achieving food security without degrading the natural resources base. The goal 

of SAI is to raise output levels by optimising the use of conventional inputs through better 

agronomic and natural resource management practices (hereafter, sustainable agricultural practices) 

with minimal environmental damage (The Montpellier Panel, 2013, Pretty et al., 2011, Lee, 2005). It 

is premised on the belief that output can be increased without the expansion of farmland or 

degradation in the natural resource base. It is also widely acknowledged that the use of conventional 

inputs such as improved seed varieties and inorganic fertilisers has limited potential to increase farm 

productivity when environmental resources (e.g. soils) are severely depleted and production is prone 

to climate variability (Lal, 2004, Barrios et al., 2008, Di Falco et al., 2011, Di Falco, 2014). These 

are typical challenges in sub-Saharan Africa countries, including Ethiopia.  

Sustainable agricultural practices (SAPs) can be used to arrest depletion of soil fertility, 

declining farm productivity and food insecurity amidst increasing climate variability (Lee, 2005, The 

Montpellier Panel, 2013, Lal, 2004, FAO, 2011a, Pretty et al., 2011, Kassie et al., 2015a). 

Smallholder farmers can use a range of SAPs, for instance, improved seed varieties, legume 

rotations, animal manure, minimum tillage, crop residue retention, and physical soil and water 

conservation (SWC) measures to improve soil organic matter, conserve soil moisture and curb soil 

erosions, increase nutrient cycling, and enhance farmers’ resilience and ability to adapt to climate 

risk. While the agronomic and ecosystem benefits at the field level of these practices are widely 

accepted, the empirical evidence of the benefits of using those practices on smallholder farm 

productive efficiency is still sparse. The use of SAPs may influence conventional inputs usage and 

realised outputs, and therefore variation in farm productivity among farmers. Existing empirical 

studies on the productivity benefits of SAPs provide mixed assessments (Pittelkow et al., 2015, Kuhn 

et al., 2016, Arslan et al., 2015) and are even contested (Giller et al., 2009, Giller et al., 2011).  
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This article investigates the effects of SAPs on the productive efficiency of smallholder 

maize farm households faced with soil degradation and climate variability in Ethiopia. We contribute 

to the literature on the nexus between SAI and farm productivity in three significant ways. Firstly, 

prior studies have focused on the effects of SAPs on crop yields (Pittelkow et al., 2015, Kuhn et al., 

2016, Kato et al., 2011, Kassie et al., 2015b, Kassie et al., 2015a, Di Falco and Veronesi, 2013, 

Asfaw et al., 2016, Arslan et al., 2015, TerAvest et al., 2015). However, yield (output per hectare) is 

not a complete measure of productivity and lacks objectivity for benchmarking farm performance 

(Coelli et al., 2005, Coelli, 1995). We estimate the effect of SAPs on technical efficiency as the latter 

is a complete measure that accounts for all inputs used in the production process. Secondly, many 

prior efficiency studies have focused on a limited set of conventional inputs and environmental 

factors in which SAPs are either examined separately from conventional inputs or excluded from the 

analysis altogether (Sherlund et al., 2002, Ndlovu et al., 2014, Okike et al., 2004). We investigate the 

effects of SAPs on technical efficiency within a production frontier framework which incorporates a 

broad set of conventional inputs and various inefficiency determinants. Thirdly, many technical 

efficiency studies follow the popular models (Reifschneider and Stevenson, 1991, Kumbhakar et al., 

1991, Huang and Liu, 1994, Battese and Coelli, 1995) that evaluate the effects of environmental 

factors on the mean of inefficiency while assuming a homoscedastic inefficiency variance. The 

studies only account for heterogeneity across farm households but fail to address the problem of 

heteroscedasticity in the inefficiency measure which is known to yield biased efficiency estimates if 

ignored. Instead, we investigate the effects of SAPs on the mean and variance of technical efficiency 

while simultaneously controlling for climate variation and both socio-economic and environmental 

factors.  

These contributions are original: we are not aware of any research that has evaluated the 

effects of SAPs on the mean and variance of technical efficiency in ways that account for a broad set 

of conventional inputs and production conditioning factors. In this article, we analyse farm-level 
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panel data from Ethiopia using stochastic production frontier methods by allowing for variation in 

technical efficiency and incorporating SAPs, and other factors hypothesised to influence farm 

performance.    

The key results demonstrate that the use of SAPs such as improved maize varieties, legume 

rotation, farm manure, and SWC measures significantly reduce the mean and variance of technical 

inefficiency. Conversely, the amount and distribution of rainfall during the production season 

significantly increase farm inefficiency. Thus, SAPs can be used to mitigate environmental risks 

associated with soil degradation and climate variability. Thus, it appears that the role SAPs could 

play in mitigating environmental risks associated with soil degradation and climate variability is far 

more significant than previously presumed. Other factors that affect technical efficiency are also 

discussed in the paper. The results are robust to alternative stochastic production frontier model 

specifications.  

These findings are crucial from a development policy perspective for developing countries 

where improving smallholder agricultural productivity is paramount in achieving food security goals 

as agriculture remains a dominant sector for economic growth amidst environmental resources 

degradation and climate change. For example, the agricultural sector in Ethiopia contributes about 

40% of the national GDP, 90% of exports and 85% of employment. Maize is also the key national 

crop grown by smallholder farmers who account for over 95% of the total maize area and 

production. The majority of farmers undertake extractive farming practices under climate risk that 

lead to variable and stagnant maize yields. Smallholder farm households use a range of SAPs to 

mitigate environmental risks associated with soil fertility depletion and climate variability33.  

 

                                                           
33 For example, Figure A3.1 illustrates the variable nature of maize production and productivity trends in the country. 

The general production context is also similar across many countries in sub-Saharan Africa. 
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3.2 Analytical framework  

Our modelling approach is motivated by the analytical framework for sustainable agricultural 

intensification initially proposed by The Montpellier Panel (2013). The framework34 advocates 

increasing farm productivity through combinations of conventional inputs, indirect inputs (socio-

economic factors) and SAPs. These subcomponents are conditioned by enabling institutions that 

support smallholder farm households through better policies and programs under heterogeneous 

biophysical and climatic factors (Figure 3.1).  

 

 

 

 
 

Figure 3.1 Analytical framework for sustainable intensification in Ethiopia. 

Source: Adapted from The Montpellier Panel (2013). 
 

 

                                                           
34 The framework is too broad and can help investigate a range of issues. In this paper, we do not address income, 

nutrition and trade related issues. 
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We assume that smallholder farm households are rational decision-makers who maximise 

production from a given set of direct (conventional) inputs subject to indirect inputs (socio-economic 

factors), SAPs, as well as environmental factors influencing the farm inefficiency. While the direct 

(conventional) inputs are directly used to produce maize output, the indirect inputs (socio-economic 

factors) and SAPs35 facilitate the production process with which the direct inputs are converted into 

output. Following the spirit of the frontier literature (Kumbhakar and Lovell, 2000), the direct inputs 

are incorporated in the deterministic production frontier to define the production possibility set. The 

indirect inputs (socio-economic factors), SAPs and environmental factors are incorporated in the 

inefficiency effects component to explain the sources and degree of farm inefficiency36.  

Therefore, we use the production function framework to define the underlying production 

technology that transforms conventional inputs into output while accounting for environmental 

factors itz , SAPs its , and socio-economic factors itm  in the inefficiency function. We compute 

technical efficiency as a measure of farm household performance. For each smallholder farm 

household i (i = 1, 2… n), the direct inputs itx  are used to produce a single output ity in period-t. The 

production technology for transforming conventional inputs into output conditional on the 

production facilitating factors can be characterised by the technology set: 

 

    , |  can produce  conditional on z , ,it it it it it it it itT x y x y s m     (3.1) 

 

All production activities are assumed to be on or beneath the frontier because it gives the upper 

boundary for production possibilities. However, given the stochastic nature of agricultural 

production, we consider the case where smallholder producers may operate below the frontier due to 

technical inefficiency and random shocks that are beyond their control. This consideration is critical 

                                                           
35 The SAPs can be seen as farm household’s adaptive responses to production constraints including soil degradation, 

climate variability and institutional hurdles conditioning both direct and indirect inputs. 
36 Some of these variables can also be included directly in the production frontier and have impacts on output. However, 

the main focus of this paper is to investigate the effects of SAPs on farmers’ technical efficiency.  
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because agricultural production is highly stochastic in nature. The stochastic production frontier 

model can be represented as:  

 

 yit it it it it itln ln f x ; v u( z ,s ,m )           (3.2)  

 

where: ity  is the logarithm of output and itx  are the logarithms of vector of conventional inputs. The 

term  itf x ;  is the deterministic frontier, itv  captures the random noise and itu  is the technical 

inefficiency that changes for each farm household due to differences in environmental factors ( itz ), 

SAPs ( its ) and socio-economic factors ( itm ).  

 

 3.3 Empirical model 

We adopt a heteroscedastic stochastic frontier analysis (SFA) approach to empirically investigate the 

effects of SAPs on the mean and variance of the distribution of efficiency. This approach is justified 

because heterogeneity in output across farm households is ubiquitous and can be attributed to 

differences in environmental variables that vary over time and space. We assume that all farm 

households face the same production technology, but there are differences in access and effective use 

by individual farmers due to environmental variables (Kumbhakar et al., 2014, Coelli et al., 1999). 

The environmental variables are not direct inputs and therefore are not included in the deterministic 

production frontier. Instead, they affect the performance of farm households in achieving optimal 

output and influence the degree of productive inefficiency. In this regard, environmental variables 

may influence the degree of technical inefficiency by shifting its mean or scaling its variance 

depending on the nature of the production environments. Thus, we specify two major types of 

models to investigate the effects of environmental factors on technical efficiency.  

 

Model 1: 
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The most widely used approach is to parametrise the mean of the pre-truncated inefficiency term as a 

linear function of environmental variables (Reifschneider and Stevenson, 1991, Kumbhakar et al., 

1991, Huang and Liu, 1994, Battese and Coelli, 1995). The model can be specified as:  
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where: ity  is the log of output for farmer i  at time t ;   is a common intercept; ( ; )itf x  is the 

production technology; and itx  is the vector of inputs in logarithms;   is the associated vector of 

parameters to be estimated, and it  is the composed error of a two-sided symmetric random noise itv  

and a non-negative one-sided inefficiency itu . The inefficiency function itu  has a constant variance 

2

u  and a mean of it  which is a linear function of environmental variables itz , SAPs its  and socio-

economic factors itm  and   is a vector of parameters to be estimated.  

     

Model 2: 

The homoscedastic (constant) inefficiency variance assumption in Model 1 is unrealistic when 

considering smallholder farm households producing in a variable production environment37 affected 

by climate variability. Ignoring heteroscedasticity in the variance of inefficiency may seriously bias 

model estimates, including the efficiency scores (Kumbhakar and Lovell, 2000). Thus, we employ a 

heteroscedastic stochastic frontier model where the variance of inefficiency is a function of 

                                                           
37 Recent studies have documented climate induced agricultural output variability in Ethiopia (Di Falco and Veronesi, 

2014, Di Falco, 2014). We also illustrate variable patterns of maize yield (Figure A3.1) and rainfall variability over years 

in various kebeles of the country (see four example kebeles in Figure A3.2). 
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environmental variables (hereafter heteroscedastic model) (Simar et al., 1994, Hadri, 1999, Caudill et 

al., 1995, Caudill and Ford, 1993, Kumbhakar and Lovell, 2000). The heteroscedastic model has the 

following form:  
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   (3.4) 

         

In this model,   is a parameter vector associated with environmental factors, SAPs, and socio-

economic factors in the variance38 of the inefficiency itu  and iu is the underlying basic random half-

normal inefficiency distribution. We can also estimate similar models under a pooled framework. 

 The heteroscedastic model above has a scaling property with desirable features for empirical 

application (Wang and Schmidt, 2002, Simar et al., 1994, Alvarez et al., 2006). The term iu  

represents a half-normally distributed basic inefficiency or is a random variable varying across farms 

but does not depend on the environmental variables. The scaling property of the heteroscedastic 

model also enables the direct interpretation of inefficiency coefficients as semi-elasticities (Wang 

and Schmidt, 2002, Rao et al., 2012). This is because ln / ( , , )it it it itu z s m     regardless of the 

basic underlying inefficiency distribution iu .   

There are two statistical advantages that favour the empirical application of Model 2 relative 

to Model 1. First, the multiplicative formulation in the heteroscedastic model (Model 2) avoids 

statistical problems in maximum likelihood (ML) estimation unlike the additive structure of the 

                                                           
38 We also estimated a more general model that incorporates environmental variables in both the mean and the variance 

of inefficiency simultaneously (Wang, 2002) and found consistent coefficient estimates. Results are shown in the 

supplementary material. 
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linear function by which environmental variables are related to inefficiency (Simar et al., 1994, 

Kumbhakar and Lovell, 2000). Second, the scaling property of the heteroscedastic model (Model 2) 

relaxes the unrealistic independence assumptions of itu conditional on , ,it it itz s m  overtime in Model 

1 which are widely recognised as unrealistic (Alvarez et al., 2006). Alvarez et al. (2006) further 

argue that a violation of the independence assumption can bias inefficiency scores although the 

estimated coefficients are still consistent. Therefore, the heteroscedastic model (Model 2) appears 

particularly appropriate39 for our empirical application. We present the results from Model 1 for 

comparison and to illustrate the robustness of estimates of the coefficients and technical efficiency 

scores.  

 

3.4 Estimation procedure 

The parameters of the models with environmental variables are estimated by the maximum 

likelihood (ML) method40. The parameters of the deterministic production function and 

environmental variables in the inefficiency effect function are estimated simultaneously following 

the standard one-step modelling approach (Wang and Schmidt, 2002). The scale parameters for the 

ML estimation are expressed using variance parameters such that
2 2

it uit vit    , 2 2/it uit it    

and /it uit vit   . The estimated parameters are then used to calculate farmer specific estimates of 

technical efficiency (TE) using the standard conditional expectation predictor (Jondrow et al., 1982). 

The TE scores are calculated using the conditional statistics as [exp( ) | ]it it itTE E u   . The partial 

effects of environmental factors itz , SAPs its  and managerial socio-economic variables itm  on TE 

are computed using the delta method / ( , , )it it it itTE z s m   (Greene, 2016). 

                                                           
39 Kumbhakar et al. (2014) argue that model choice should be guided by intuitive understanding of institutional and 

production context as opposed to a “standard practice” in stochastic frontier models. 
40 Details on the ML estimation method can be found in the frontier literature (Kumbhakar and Lovell, 2000). 
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We chose a translog41 production functional form for our empirical study because of its 

flexibility (Christensen et al., 1973). Before taking the log values of direct inputs and output for the 

estimation, the values were scaled by their arithmetic means42. Thus, the first-order coefficients of 

the estimated deterministic function can be interpreted as elasticities of output evaluated at sample 

mean values. The estimation is carried out using the econometric software LIMDEP Version 11 

(Greene, 2016). 

  

3.5 Data and variables 

The data for this study come from maize growing areas of Ethiopia. Farm household data were 

collected in 2010 and 2013 by the Ethiopian Institute of Agricultural Research (EIAR) in 

collaboration with the International Maize and Wheat Improvement Centre (CIMMYT). The data 

were nationally representative of the maize farming system (Figure 3.2). The data were an 

unbalanced panel of 4471 farm household observations collected in 2009/2010 and 2012/2013 

production seasons across 183 kebeles43 in the country.  

A multistage sampling procedure was used to select study kebeles from each district and farm 

households from each kebele (Jaleta et al., 2013a). First, about 39 districts were selected based on 

maize production potential from five regional states, namely, Oromia, Amhara, Tigray, Ben-

Shangul-Gumuz, and Southern Nations and Nationalities Peoples Region (SNNPR). Then, a 

proportionate random sampling procedure was used to select 3 to 6 kebeles in each district and 10 to 

24 farm households in each kebele. The surveys included detailed information about production 

activities, inputs, and output, socio-economic and policy variables as well as farm management 

practices.  

 

                                                           
41 In our preliminary analysis, we fitted the restricted Cobb-Douglas functional form, but it was rejected in favour of the 

flexible translog functional form. 
42 This is because the first order coefficients of the translog function can be interpreted as elasticities once the values are 

normalized by the means before taking the natural logarithms. 
43 Kebele is the smallest administrative unit below the district level in Ethiopia. 
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Figure 3.2 Map of the study kebeles representing the major maize growing areas of Ethiopia. 

 
Source: Author 

 

The farm household data were collected at the plot level. However, farm households vary the 

size and type of plot they allocate to maize production over seasons. Thus, we aggregated data at the 

farm (household) level. Such household level analysis are common in empirical research (Ndlovu et 

al., 2014, Marenya and Barrett, 2007, Bezabih and Sarr, 2012, Udry, 1996, Alem et al., 2010). The 

household-level data are matched with village-level climate data. The definitions and descriptive 

statistics of the factors of production and various environmental variables hypothesised to influence 

technical efficiency are presented in Table 3.1. Overall, the major variables included for analysis are 

grouped into four categories. These are conventional inputs, sustainable agricultural practices, 

environmental factors, and socio-economic factors. We briefly describe these below. 
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Table 3.1  Descriptive statistics 

 

Model variables  Variable definitions and measurement units  Mean Standard deviation 

Output  Quantity of maize output a farm household produced in kg 2018 2446 

Direct inputs ( itx )    

Land Land area used for maize production in hectares (ha) 0.81 0.75 

Seed  Quantity of seed used in kg 22.02 22.10 

Oxen  Oxen draught power used for ploughing (oxen-days)  12.31 12.12 

Labour  Quantity of family and hired labour used for production (person-days) 65.36 61.28 

Nitrogen  Quantity of nitrogen nutrient used for production in kg 25.83 40.40 

Pesticide  Implicit quantity index of pesticides used for production (quantity index) 0.13 0.46 

Sustainable agricultural practices ( its )    

Improved maize variety Proportion of land under improved maize varieties in total maize area 0.43 0.47 

Legume rotation Proportion of land under legumes rotation during previous season in total maize area 0.06 0.22 

Manure  Household’s level of animal manure use in tons 0.25 0.42 

SWC  1=if household constructed soil and water conservation (SWC) measures , 0 otherwise 0.28 0.45 

Tillage frequency Frequency of tillage during production season (lower frequency indicates reduced tillage) 3.57 1.31 

Residue retention 1= if a household retained crop residues from previous season, 0 otherwise 0.24 0.42 

Environmental factors ( itz )    

Temperature  Average monthly maximum temperature from 1990 to 2011 in degree Celsius (°C) 27.11 2.06 

Spring rainfall variability  Coefficient of variation of the monthly rainfall observations in the short rain season  0.84 0.28 

Summer rainfall variability  Coefficient of variation of the monthly rainfall observations in the main rain season  0.34 0.23 

Rainfall abundance Annual rainfall during the respective production years (2009 and 2012) (100 millimetres) 11.49 3.74 

Soil fertility  Soil fertility status as perceived by the farmer (1=good, 2=medium, 3=poor) 1.56 0.56 

Stress incidence 1= if a household faced stress in production, 0 otherwise 0.43 0.49 

Altitude Altitude on which the household is located above sea level (100 meters) 17.81 2.77 

Socio-economic  factors ( itm )    

Access to institutions Number of supportive institutions the farm household is a member  2.65 1.78 
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Table 3.1 (Continued) 

 

Mobile phone   1 = if a farm household head had access to mobile phone, 0 otherwise 0.33 0.47 

Age  Age of the household head in years 43.49 12.84 

Education  Education of the household head in years of schooling 2.93 3.30 

Ownership of oxen Number of oxen owned by farm household 1.64 1.46 

Credit 1= if a household had access to credit , 0 otherwise 0.23 0.42 

Savings 1=if a farm household had savings , 0 otherwise 0.48 0.50 

Gender  1=if gender of the farm household head is male, 0 if female 0.92 0.27 

Grain traders  Number of grain traders known and trusted by a farm household  2.02 4.07 

Off-farm cash Share of off-farm cash in total cash revenue 0.24 0.29 

Distance to inputs Logarithm of distance to the nearest source of inputs from residence in kilometres 1.38 0.95 

 

Source: Author
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Conventional (direct) inputs used in production: The conventional inputs used were land, oxen 

draught power, seed, labour, inorganic nitrogen, and pesticide. The average farm for maize used in 

the sample is 0.81 hectares. Labour data is measured in person-days weighted by gender and age 

during data collection. Inorganic nitrogen is measured in kilograms and is a key nutrient limiting 

maize production. Oxen traction (oxen’s power) is used for ploughing in Ethiopia and measured in 

oxen-days. Data on herbicides, insecticides, and fungicides were aggregated into an implicit 

pesticide quantity index44. Pesticide input is used in meager rates by a few farmers of the sample 

(16%) across a small number of localities.  

Sustainable agriculture practices implemented by farmers. Sustainable agricultural practices 

(SAPs) can be used alongside conventional inputs. Their adoption can enhance maize production 

efficiency and offset the adverse effects of soil degradation and climate variability. We consider 

seven SAPs based on their agronomic merits as well as natural resource management benefits. These 

SAPs include the use of improved45 maize varieties; legume rotation; the use of animal manure for 

soil management; use of fertiliser; soil and water conservation (SWC) measures46; reduced tillage47 

(minimum soil disturbance); and conservation tillage (reduced tillage combined with residue 

retention). A detailed description of these practices can be found in the literature (Teklewold et al., 

2013b, Teklewold et al., 2013a, Lee, 2005, Kassie et al., 2015a, Kassie et al., 2013, Stevenson et al., 

2014, Manda et al., 2016, Arslan et al., 2015).  

 Environmental factors affecting production efficiency. Maize production in Ethiopia heavily 

depends on rainfall. Thus, both the amount and distribution of rainfall during the production seasons 

are expected to influence the production efficiency of farm households. We used annual rainfall to 

control for the level of precipitation in each study village. We also controlled for the variability of 

                                                           
44 The total value of pesticide is deflated by a weighted price index. The weights were the share of each pesticide type in 

total pesticide cost. Pesticide prices do not vary across the few localities and over the two periods.  
45 This refers to fresh hybrid seed and open-pollinated varieties recycled at most three growing seasons. 
46 These include terraces, soil bunds, stone bunds, grass stripes and box ridges. 
47 Higher tillage frequency indicates higher mechanical soil disturbance and vice versa.  
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seasonal rainfall by calculating the coefficient of variation (the ratio of the standard deviation to the 

mean) of monthly rainfall observations within a production season (Bezabih and Sarr, 2012). 

Ethiopia has three48 seasons based on the classification by the Ethiopian National Metrological 

Agency (www.ethiomet.gov.et). We included spring and summer rainfall variability because these 

are important in determining farmers’ crop production decisions. It is expected that greater 

production uncertainty (reflected in higher rainfall variability) can trigger increased use of SAPs as 

an adaptive response (FAO, 2011a, Asfaw et al., 2016, IPCC, 2014). Furthermore, we controlled for 

maximum temperature (°C) for each study village as it influences farm efficiency.  

Figures A3.1 and A3.2 depict the variable patterns of maize yield and rainfall in Ethiopia. 

These patterns signal the importance of incorporating climatic variables in stochastic production 

frontier analysis. Surprisingly, the majority of studies dealing with productivity and efficiency of 

farms omit climatic variables from the analysis by arguing that these are beyond the control of 

farmers and should be treated as random factors. Few studies, however, argue that climate variables 

are not purely random factors and can be measured with proxy indicators and should be included in 

productivity analysis (Sherlund et al., 2002, Lachaud et al., 2017, Demir and Mahmud, 2002, Barrios 

et al., 2008). We follow this later strand of literature. 

 In addition to the climate variabilities, we control for biophysical differences due to agro-

ecological conditions such as topography, soil quality, and farm shock. We use altitude to control for 

agro-ecological heterogeneities that may affect maize production. We control for differences in soil 

fertility as perceived by farmers and observed stress49 incidence on the farm (e.g. drought, 

waterlogging, frost, hailstorm, and pest damages) during the production season.  

                                                           
48 These are: spring season (short rainy season) from February to May; summer season (main rainy season) from June to 

September and dry season (off-season) from October to January. 
49 Stress incidence on a farm could be treated as exogenous variable because the crop damage was mainly due to 

exogenous factors occurring late after input use decisions are made in the season. Pest damage was negligible for maize 

in the study period. The production frontier framework allows such variables to be treated as exogenous environmental 

variables affecting producer’s performance (Kumbhakar and Lovell, 2000, Greene, 2008, Sherlund et al., 2002). 
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Socio-economic factors influencing production efficiency. Socio-economic and institutional 

variables can influence the process by which inputs are converted into output as well as the use of 

SAPs. Differences among farm households regarding production resources, level of education, 

access to institutions50, access to information and credit, cash and off-farm income, are also expected 

to influence production performance. The empirical frontier literature highlights a range of those 

variables hypothesised to influence technical efficiency (Sherlund et al., 2002, Roco et al., 2017, Ali 

and Byerlee, 1991).  

 

3.6 Results and discussion 

Table 3.2 presents the results of both the deterministic production frontier and the inefficiency 

effects component with environmental variables, using two alternative model specifications. 

Additional evidence for ensuring the robustness of the results is presented in the appendix under a 

cross-sectional frontier framework. Our findings of the effects of SAPs on the technical efficiency of 

farm households are robust to alternative specifications.  

 

3.6.1 Output elasticities  

Examining the estimated production frontier coefficients of both models, we find that the 

conventional (direct) inputs, except for oxen draught power, have positive and statistically 

significant effects on maize output. Maize output is most responsive to land input relative to nitrogen 

fertiliser, labour, seed, and pesticide use. Oxen draught power has a negative elasticity, although the 

coefficient is not statistically significant. The plausible argument for this result could be the overuse 

of oxen draught as a result of the traditional frequent tillage system in Ethiopia (Temesgen et al., 

2008, Temesgen et al., 2009). These authors also found negative impacts of the traditional plough on 

                                                           
50 Number of support institutions (formal and informal) matter in rural Ethiopia because it can lead to institutional 

capital (Platje, 2008) regardless of the quality service provided. It is expected that greater institutional memberships can 

ease farmers’ access to information and knowledge, extension services as well as credits for implementing SAI practices 

and improve farm productivity. Future studies can also investigate how the quality of institutions impact SAI.  
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crop yields51. 

The estimates of the second-order terms in the frontier function are also intuitive. The 

coefficients are statistically significant and negative for seed and labour. For nitrogen, they are 

positive and highly statistically significant. These results imply that farmers face diminishing returns 

to the use of seed and labour but increasing returns to the use of nitrogen. The low application of 

inorganic nitrogen fertiliser is consistent with the consensus that smallholder African farmers use 

very low levels of nitrogen that lead to stagnant crop yields (The Montpellier Panel, 2013, Morris et 

al., 2007, Pretty et al., 2011, Sanchez, 2010, Zhang et al., 2015, Zhang, 2017). This result could be 

related to many factors including riskiness of nitrogen on output (Just and Pope, 1979, Guttormsen 

and Roll, 2014) and supply constraints (Morris et al., 2007).  

 

 

 

 

 

 

 

 

 

 

 
 

 

 
 

 

 

 
 
 

 

 

 

 

 

 

                                                           
51 The neoclassical economic theory expectation of monotonicity (positive marginal products) with respect to all inputs 

may not be maintained because of the possibility of over-use of some inputs leading to input congestion (Coelli et al., 

2005). The input congestion could arise due to technical and institutional hurdles in achieving precision agriculture in 

developing countries. 
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Table 3.2 Parameter estimates of translog stochastic production frontier panel models 

 

Deterministic component of the production frontier function 

Direct (conventional) inputs ( itx ) Model 1   Model 2  

Coefficient SE Coefficient SE 

Constant 0.39964*** 0.059 0.24543*** 0.041 

Land 0.49010*** 0.052 0.51764*** 0.048 

Oxen -0.03191 0.034 -0.02581 0.033 

Seed 0.07993** 0.037 0.09306*** 0.035 

Labour 0.20614*** 0.046 0.18156*** 0.044 

Nitrogen 0.20721*** 0.014 0.20597*** 0.013 

Pesticide 0.02101 0.015 0.03417** 0.014 

0.5 Land2 0.03158 0.064 0.01208 0.061 

0.5 Oxen2 -0.01460* 0.008 -0.00398 0.008 

0.5 Seed2 -0.11124** 0.044 -0.12766*** 0.043 

0.5 Nitrogen2 0.04614*** 0.004 0.04585*** 0.004 

0.5 Labour2 -0.28170*** 0.046 -0.22372*** 0.049 

0.5 Pesticide2 0.00582 0.006 0.01068* 0.006 

Land x oxen -0.00643 0.026 0.01387 0.028 

Land x seed 0.02345 0.047 0.03858 0.045 

Land x labour -0.01872 0.045 -0.047 0.046 

Land x Nitrogen  0.00465 0.006 0.01094* 0.006 

Land x pesticide 0.01645** 0.008 0.01370* 0.008 

Seed x labour 0.14387*** 0.035 0.15538*** 0.036 

Seed x pesticide -0.01185** 0.006 -0.01288** 0.006 

Seed x nitrogen 0.00659 0.005 0.00279 0.005 

Oxen x seed -0.03909 0.024 -0.03621 0.025 

Oxen x labour 0.08313*** 0.014 0.05273*** 0.017 

Oxen x pesticide -0.00492 0.005 -0.00325 0.005 

Nitrogen x oxen -0.00419 0.003 -0.00551* 0.003 

Nitrogen x labour -0.01814*** 0.006 -0.01876*** 0.006 

Nitrogen x pesticide -0.00132 0.001 -0.00153 0.001 

Labour x pesticide 0.00329 0.007 0.00435 0.007 

Inefficiency effects component of the frontier model 

Variables   parameters in 

the mean of itu  

   parameters in 

the variance of itu  

 

Constant 1.03959*** 0.247 n/a n/a 

Sustainable agricultural practices ( its )     

Improved maize variety -0.19601*** 0.030 -0.28609*** 0.055 

Legume rotation -0.14427** 0.072 -0.35991*** 0.112 

Manure  -0.08489*** 0.031 -0.14994** 0.065 

SWC  -0.04377* 0.026 -0.12386*** 0.044 

Tillage frequency 0.05386*** 0.011 0.04561** 0.020 

Residue retention 0.09751 0.075 0.35109*** 0.110 
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Table 3.2 (Continued) 

 

Tillage frequency x residue   -0.01707 0.020 -0.09242*** 0.033 

Environmental factors ( itz )     

Temperature -0.04127*** 0.007 -0.06979*** 0.018 

Spring rainfall variability  0.12937** 0.053 0.25973*** 0.078 

Summer rainfall variability 0.23612*** 0.069 0.47477*** 0.129 

Rainfall abundance 0.03459*** 0.005 0.04900*** 0.009 

Soil fertility  0.08050*** 0.019 0.16353*** 0.032 

Stress incidence 0.17788*** 0.024 0.61757*** 0.056 

Altitude -0.00989* 0.005 -0.014 0.013 

Socio-economic factors ( itm )     

Access to institutions -0.01903*** 0.007 -0.03476** 0.014 

Mobile phone  -0.04779** 0.024 -0.17131*** 0.053 

Age  0.00191** 0.001 0.0034 0.002 

Education  -0.00173 0.004 -0.00402 0.009 

Oxen ownership -0.01702* 0.010 -0.0235 0.019 

Credit 0.06910*** 0.024 -0.01954 0.048 

Savings -0.10806*** 0.025 -0.18925*** 0.050 

Gender  -0.16334*** 0.035 -0.26711*** 0.071 

Grain traders  -0.00684** 0.003 -0.02143*** 0.007 

Off-farm cash 0.12281*** 0.038 0.32217*** 0.066 

Distance to inputs  0.01828 0.013 0.06704*** 0.024 

Variance parameters averaged over 

observations 

    

it  
0.48*** 0.03 2.02*** 0.24 

uit  
0.23*** 0.004 0.93 0.61 

vit  
0.31  0.46  

it  
0.54  1.04  

it  0.19  0.80  

Log-likelihood  -3421.40  -3379.81  

 

Notes: *, **, *** Significant at 10%, 5% and 1% probability level, respectively. A negative coefficient parameter 

estimate on the inefficiency component shows that the variable has a positive effect on efficiency. SE is standard error. 

n/a=not applicable/available. The variance parameters are averaged over observations as these change due the 

environmental variables across time.  

Source: Author 

 

3.6.2 Effects of sustainable agriculture practices on technical efficiency 

The inefficiency effects component provides valuable information on the determinants of technical 
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inefficiency (see Tables 3.2 and A3.1). The econometric results show that the coefficients of 

improved maize variety, legume rotation, manure, and SWC are negative and highly statistically 

significant. These results suggest that the intensive use of the first three practices and the use of the 

last one increase the expected level of technical efficiency (Model 1) and reduce technical efficiency 

variability (Model 2). It should be noted that the interpretation of the results based on the two models 

is different: Model 1 is about expected level of efficiency while Model 2 concerns its variability. A 

negative sign on the inefficiency effects component in either of the models indicates a positive effect 

on technical efficiency. 

The effects of tillage frequency depend on whether crop residue is retained or not.   

In both models, if farmers do not retain crop residues increasing tillage frequency (high mechanical 

soil disturbance) increases technical inefficiency. This finding is consistent with the fact that high 

mechanical soil disturbance results in topsoil erosion and high labour demand and thus, farm 

inefficiency. Minimum tillage is likely to have the reverse effect due to its soil and water 

conservation benefits and labour saving. If they do retain residues, this causes an increase in 

inefficiency in Model 1 although the effect of tillage frequency is moderated, while in Model 2 there 

is a decrease in inefficiency variability as tillage frequency increases. These results suggest that farm 

households could benefit from retaining residues by increasing tillage frequency. This is counter-

productive from both efficiency and conservation tillage perspective. Conservation tillage is defined 

as the combination of minimum tillage with crop residue retention. 

Our results contrast with agro-economic studies that reported minimum tillage has a positive 

effect on yield when it is combined with residue retention but negative effects when it is not 

(Thierfelder et al., 2013, Pittelkow et al., 2015, Govaerts et al., 2005, Erenstein et al., 2012). These 

contrasting results could be explained by the fact that previous studies relied on yield per hectare 

which is a partial productivity measure unlike the technical efficiency measure applied in this paper. 

A limitation of productivity measures based on yield per hectare is that they suffer from imputation 
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problems as they do not take into account changes in other conventional inputs such as fertiliser, 

labour, seed and farm power. The scatter plot of maize yield and estimated technical efficiency 

reveals such insights (Figure A3.3).   

A plausible explanation for the negative effect of conservation tillage on technical efficiency 

is that traditional oxen-drawn plough used in Ethiopia (known as Maresha) is not suitable 

(Temesgen, 2007, Temesgen et al., 2008, Temesgen et al., 2009) to mix crop residues with soils at 

the proper depth and hence, can result in reduced soil microbial activity and soil structure52. The 

traditional tillage system and competing uses of farm resources (e.g. manure, crop residues) can limit 

the widespread use of these conservation agriculture practices among smallholder farmers (Kassie et 

al., 2015a, Teklewold et al., 2013b). It would then appear that the contribution of conservation tillage 

to sustainable crop intensification is likely to remain limited unless suitable farm power and 

livestock feed alternatives are in place.  

 

3.6.3 Effects of other environmental variables on technical efficiency 

The results from the agro-climatic factors are also highly statistically significant. We find that spring 

and summer rainfall variabilities significantly increase technical inefficiency. These results imply 

that (for our sample) the distribution of rainfall (rainfall variability) is more critical for crop 

production than its abundance as also observed elsewhere in Ethiopia (Bezabih and Sarr, 2012). The 

negative association of high rainfall and technical efficiency could be interpreted as an indication 

that too much rainfall might be associated with high weed density and frequent weeding which is 

labour intensive (Rusinamhodzi et al., 2011). Historical maximum temperature, however, has a 

positive effect on technical efficiency for the sample farmers; possibly the observed range is within 

the tolerance limit of less than 30 °C for maize production. The results underscore the importance of 

including climate variables in efficiency analysis instead of omitting them by assuming these factors 

                                                           
52 According to the authors traditional plough forms a plough pan and poor utilisation of rainwater. Farmers often repeat 

cross-ploughings to disturb the soil properly, and this leads to soil erosion and degradation.  
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as random variables beyond the control of farms. Furthermore, farm households appear to be 

inefficient in poorer soils and when they experience stress incidence on the farm  which is consistent 

with our prior expectations. 

Many of the socio-economic variables are found to have statistically significant positive 

effects on technical efficiency. Specifically, having cash savings, belonging to farmer support 

groups, having trusted grain traders, having access to a mobile phone, and ownership of oxen53 

significantly increase the technical efficiency level and decrease its variability. Male-headed farm 

households are found to be more efficient, possibly a reflection of the gender54 disparity that leads to 

greater resource constraints in female-headed farm households. This result is consistent with the 

emerging consensus on the significance of gender roles in agricultural development (World Bank, 

2007, FAO, 2011b, Theriault et al., 2017). However, policy-related variables such as education and 

credit appear to have minimal effects on technical efficiency. The negative association between off-

farm cash and technical efficiency is striking. This result may suggest that farmers doing off-farm 

work do not manage their farms well. Alternatively, off-farm earnings may not be remunerative to 

stimulate farm investments and improve agricultural productivity55. Based on a variety of indicators 

and a sample-selection model framework, Amare and Shiferaw (2017) also found negative effects of 

off-farm income on agricultural productivity in rural Uganda. The authors reveal important trade-offs 

between off-farm income and farm productivity growth under smallholder agriculture underscoring 

the need to narrow such trade-offs through targeted policies. A case study from Kenya also showed 

that off-farm income competes with maize intensification, particularly in more productive areas 

where input use rates are higher (Mathenge and Tschirley, 2015, Mathenge et al., 2015). The off-

                                                           
53 It should be noted that access to oxen is different from the effectiveness of oxen draught power usage. Access to oxen 

improves efficiency, but Ethiopian farmers overuse oxen-power due to high tillage frequency as argued earlier.   
54 The gender shifter could catch socially constructed differences related to religion, cultural and ethnic values which can 

affect resource allocations apart from the innate biological differences of sex (Quisumbing, 1996). A disaggregated 

analysis of male and female managed farms could improve estimates where such production contexts are available. In 

Ethiopia both males and females manage the farms and only 8% of the sample farmers are female heads for our sample. 
55 The trade-off between efficiency and off-farm income could be more objective if inefficiency was interpreted as 

opportunity cost and compared with wage rate of off-farm income and linked with welfare rather than physical 

productivity. However, this issue is beyond the scope of the thesis.   
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farm income is used to mitigate long-term weather shock in those areas rather than for short-term 

investments on the farm activities (Mathenge and Tschirley, 2015). 

Examining the direction and magnitude of the influence of environmental variables on 

technical efficiency is also informative. We observe that higher rainfall variability and poorer soil 

fertility to have negative effects on technical efficiency while SAPs have reverse effects except for 

residue retention (see Table A3.2). Further, the magnitude of their effects appears to be relatively 

larger on the heteroscedastic variance model (Model 2) than the mean-focused model (Model 1). 

These results suggest that SAPs may become important strategies to mitigate environmental risks 

associated with soil degradation and weather variability. In this context, these SAPs can increase the 

adaptive capacity of farm households by improving resilience and technical efficiency. Thus, these 

practices can complement other risk-reduction strategies whilst building climate-smart agriculture in 

developing countries (IPCC, 2014, FAO, 2011a, Powlson et al., 2014, Lipper et al., 2014, Di Falco et 

al., 2011, Di Falco and Veronesi, 2013, Asfaw et al., 2016, Huang et al., 2015). 

 

3.6.4 Technical efficiency estimates 

While the effects of SAPs on technical efficiency (our primary concern in this paper) are consistent 

across models, the farm household-specific efficiency scores appear to be slightly different. The 

average technical efficiency score for Model 1 is 64% with a standard deviation of 14%, whereas 

that of Model 2 is 75% with a standard deviation of 15%. The kernel density distributions of the 

efficiency scores from the two models are presented in Figure 3.3.  Model 1 shows a larger 

proportion of farms being inefficient compared to Model 2. These differences of technical efficiency 

score distributions for the two models could be related to heteroscedasticity which is explicitly 

addressed in Model 2 but not in Model 1. It is widely acknowledged that neglected heteroscedasticity 

in the inefficiency measure can lead to biased estimates of technical efficiency (Greene, 2008, 

Kumbhakar and Lovell, 2000). In particular, ignoring or not correctly controlling for 
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heteroscedasticity in the variance of inefficiency can lead to the overestimation of deterministic 

intercept and biased efficiency scores (Kumbhakar et al., 2014, Hadri, 1999, Caudill et al., 1995, 

Caudill and Ford, 1993).  



 
 

94 
 
 

 
            

 
 

Figure 3.3 Kernel density estimates of technical efficiency under alternative models. 

The estimates from panel data (left panel) and pooled data (right panel) show similar results. Model 2 has higher and less dispersed efficiency scores concentrated near the 

production frontier compared to efficiency scores of Model 1. 

Source: Author 
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We also observe that the average discrepancy ratio   for Model 1 (0.19) is far lower than 

Model 2 (0.80). This implies that on average 80% of the total variation in output is attributed to 

inefficiency in Model 2, whereas only 19% for Model 1. Thus, Model 1 attributes variations around the 

frontier primarily to random noise than to inefficiency effects and hence may produce imprecise 

technical efficiency estimates. Technical efficiency estimates from the heteroscedastic model (Model 2) 

appear to be more plausible than estimates from Model 1. The pre-truncation constant inefficiency 

variance assumption in Model 1 appears to be a core limitation. Indeed, the constant inefficiency 

variance assumption could be too strong given a significant share of maize output variation in rainfed 

agricultural systems is explained by climate variability (Ray et al., 2015). The average estimates of 

technical efficiency from our preferred heteroscedastic model (Model 2) are stable in both panel (75%) 

and cross-sectional (71%) modelling frameworks56. The heteroscedastic model reflects the variable 

nature of the underlying maize production environment and the variable weather patterns in the study 

areas as depicted in Figures A3.1 and A3.2. The average technical efficiency estimates from the 

heteroscedastic model are also comparable with mean technical estimates from Ethiopia and elsewhere 

in developing countries. For example, based on meta-regression analysis, Bravo-Ureta et al. (2007) 

found mean technical efficiency for maize to be 74.5% and mean technical efficiency for Africa to be 

73.7%. 

Overall, the findings from this study are important to help design food security policies given 

smallholder farmers in sub-Saharan Africa are vulnerable to climate risk (Di Falco et al., 2011, Di 

Falco, 2014, Barrios et al., 2008) and especially those in Ethiopia which has had a history of recurrent 

droughts over the past few decades. Therefore, SAPs can significantly improve production efficiency in 

addition to their benefits on improved ecosystem services and may offset climate risk if they are widely 

adopted and used effectively by the smallholder farming community.  

                                                           
56 We also observe far lower estimates of mean technical efficiency from Model 1 (57%) than Model 2 (71%) under a 

cross-sectional framework (see Table A3.1). A plausible explanation for low technical efficiency estimates from Model 1 

could be due to a violation of independence assumption of inefficiency over time that can lead to statistical problems as 

argued in the methods section. Further research should investigate these issues in depth.  
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3.7 Conclusions  

Using a large panel data set from Ethiopia, this article investigated the effects of sustainable 

agricultural practices (SAPs) on the technical efficiency of smallholder farm households faced with 

climate variability. We estimated technical efficiency using a stochastic frontier approach with 

heteroscedastic inefficiency effects to control for potential confounding factors on the mean and 

variance of inefficiency measure.  

Except for conservation tillage, our results demonstrate that SAPs have a negative and 

statistically significant effect on the mean and variance of technical inefficiency. In particular, the use 

of improved maize varieties, legume rotations, manure, reduced tillage, and SWC measures are 

significantly and positively associated with technical efficiency (minimise inefficiency). Thus, SAPs 

appear critical for increasing food production while ensuring environmental sustainability and hence 

contribute to ensuring food security goals in developing countries such as Ethiopia.   

Contrastingly, rainfall variability is found to have a strong negative effect on technical 

efficiency. In particular, spring and summer rainfall variability increase technical inefficiency. In this 

case, SAPs may complement climate-risk adaptation strategies to achieve food security goals amidst 

increasing soil degradation. The abundance of rainfall is also found to increase technical inefficiency 

for the production season. These empirical insights underscore the importance of incorporating climate 

factors in farm efficiency analysis rather than omitting them by assuming them to be ‘random factors 

beyond the control of farm households’.  

The SAPs also have a greater magnitude of effects on the variability of technical inefficiency 

(Model 2) than the expected level of technical efficiency (Model 1). This result is important for 

designing technology promotion strategies in heterogeneous smallholder agricultural systems. For 

example, SAPs could enhance the uptake of a risky input like nitrogen because of their climate risk 

buffering potential (Lipper et al., 2014, Di Falco et al., 2011, Di Falco and Veronesi, 2013) in areas 

where rainfall tends to be erratic and risk-transfer schemes are weak or even absent. This is a vital 
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strategy to enhance production efficiency given that smallholder farmers in resource-poor countries use 

very low levels of inorganic fertiliser as well as improved seeds.  

Our finding regarding the negative effect of conservation tillage on technical efficiency 

underscores the trade-offs in the use of resources as well as prerequisites in the implementation of 

certain practices. For example, it is essential to have a suitable farm power (Hobbs et al., 2008, 

Baudron et al., 2015) to benefit from conservation tillage. This is typical of Ethiopian farmers who use 

traditional oxen traction system that necessitates frequent tillage. Improving the traditional tillage 

system or availing affordable farm power alternatives to a group of farmers (e.g. two-wheel tractor) 

could be the best way forward. There are trade-offs in the use of crop residues for soil management, 

livestock feed or income source (Oumer et al., 2013, Jaleta et al., 2013b, Baudron et al., 2014) and 

extension programs need to consider the potential contribution of conservation tillage to sustainable 

crop intensification.  

Our findings show that male-headed farm households are more efficient and face lower 

efficiency variability than female-headed farm households suggesting that gender disparity is reflected 

in production outcomes. Farm households with cash savings are more efficient than those without. This 

indicates the essential role that access to cash plays in procuring external inputs with implications for 

farm performance. Greater access to draught oxen, supporting institutions, trusted grain traders and 

mobile phone services are found to contribute to higher mean and lower variability in technical 

efficiency. However, the effects of some of the most commonly used variables, such as age, education, 

and credit were found to be minimal. In particular, the negative association between off-farm cash and 

farm technical efficiency may point to barriers in the flow of labour between farm and off-farm 

activities which is common in rural Africa (Chavas et al., 2005). Off-farm income could stimulate farm 

investments and access to technology by relaxing liquidity constraints. This, however, requires building 

stronger and balanced farm and non-farm linkages, especially where labour markets are imperfect in 
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rural areas (Haggblade et al., 1989, Chavas et al., 2005). These results are intuitive for identifying 

effective policy strategies when tackling technical inefficiency in smallholder agriculture. 

Methodologically, incorporating environmental variables in the mean of inefficiency (Model 1), 

as is commonly done, rather than in the variance of inefficiency estimates may not reflect the 

underlying heterogeneous production environment in developing countries. Typically, this is the case 

for smallholder farm households in Ethiopia whose production decisions are strongly dependent upon 

environmental conditions that markedly vary over time and space. Indeed, our results demonstrate that 

smallholder farm households are more efficient than presumed once environmental variables are 

controlled for as shown by the preferred heteroscedastic frontier model (Model 2). In this context, 

incorporating measured heterogeneity in the variance of inefficiency (Model 2) could also be seen as a 

reflection of distributional effects that is masked by the mean model (Model 1) which assumes constant 

variance.  

Overall, our findings can enrich policy discussions on sustainable and climate-smart agriculture. 

They point to the need for implementing SAPs alongside conventional (direct) inputs with enabling 

institutions to increase food production and security under the new realities of climate change and 

environmental resources degradation. This requires co-investments in the intensification process among 

governments, farmers, donors and private sectors alike across the developing world. This is particularly 

important for sub-Saharan Africa countries, including Ethiopia, where food insecurity is rampant. This 

study has shown that maize productivity gaps can be closed by improving technical efficiencies in 

production through the application of SAPs. Further research should investigate the cost implications of 

these practices as well as their effects on production risk of smallholder farm households. 
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Appendices 

Table A3.1: Parameter estimates of translog stochastic production frontier pooled models  

 

Deterministic component of the stochastic production frontier function 

Direct (conventional) inputs ( itx ) Model 1   Model 2  

Coefficient SE Coefficient SE 

Constant 0.50651*** 0.050 0.28550*** 0.055 

Land 0.52293*** 0.045 0.50524*** 0.045 

Oxen -0.02904 0.030 -0.02756 0.029 

Seed 0.09242*** 0.034 0.10990*** 0.034 

Labour 0.17070*** 0.040 0.17316*** 0.040 

Nitrogen 0.19355*** 0.013 0.20594*** 0.013 

Pesticide 0.04277*** 0.014 0.04026*** 0.014 

0.5 Land2 0.04599 0.060 0.01696 0.059 

0.5 Oxen2 -0.00924 0.008 -0.00545 0.008 

0.5 Seed2 -0.11079*** 0.043 -0.12340*** 0.043 

0.5 Nitrogen2 0.04333*** 0.003 0.04651*** 0.003 

0.5 Labour2 -0.17772*** 0.047 -0.19149*** 0.051 

0.5 Pesticide2 0.01415** 0.006 0.01332** 0.006 

Land x oxen 0.00986 0.027 0.01422 0.030 

Land x seed 0.02308 0.045 0.03919 0.045 

Land x labour -0.06848 0.043 -0.05461 0.045 

Land x Nitrogen  0.00948 0.006 0.00999* 0.006 

Land x pesticide 0.01569** 0.007 0.01224* 0.007 

Seed x labour 0.15357*** 0.034 0.15611*** 0.035 

Seed x pesticide -0.01381** 0.006 -0.01300** 0.005 

Seed x nitrogen 0.006 0.005 0.00441 0.005 

Oxen x seed -0.0349 0.024 -0.03864 0.025 

Oxen x labour 0.04809*** 0.016 0.04374** 0.019 

Oxen x pesticide -0.00286 0.005 -0.00239 0.005 

Nitrogen x oxen -0.00286 0.003 -0.00332 0.003 

Nitrogen x labour -0.02292*** 0.005 -0.02241*** 0.006 

Nitrogen x pesticide -0.00123 0.001 -0.00165* 0.001 

Labour x pesticide 0.0025 0.006 0.00449 0.006 

Inefficiency effects component of the frontier model 

Variables    parameters in the mean of iu    parameters in the 

variance of iu  

Constant 0.81838** 0.335 n/a n/a 

Sustainable agricultural practices ( its )     

Improved maize variety -0.23549*** 0.042 -0.21304*** 0.040 

Legume rotation -0.17481** 0.075 -0.19160*** 0.069 

Manure  -0.12438*** 0.045 -0.15770*** 0.046 

SWC  -0.07444** 0.033 -0.05076 0.032 

Tillage frequency 0.04215*** 0.015 0.04129*** 0.014 
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Table A3.1 (Continued) 

 

Residue retention 0.22849*** 0.082 0.17014** 0.082 

Tillage frequency x residue  -0.04959** 0.023 -0.03307 0.021 

Environmental factors ( itz )     

Temperature -0.04954*** 0.011 -0.04383*** 0.010 

Spring rainfall variability  0.21765*** 0.061 0.18152*** 0.061 

Summer rainfall variability 0.34784*** 0.085 0.34151*** 0.086 

Rainfall abundance 0.04570*** 0.007 0.03707*** 0.006 

Soil fertility  0.11355*** 0.027 0.09662*** 0.026 

Stress incidence 0.41278*** 0.051 0.42055*** 0.046 

Altitude -0.00939 0.007 -0.0109 0.008 

Socio-economic factors ( itm )     

Access to institutions -0.03688*** 0.010 -0.02654*** 0.009 

Mobile phone  -0.07748** 0.036 -0.08582** 0.037 

Age  0.00392*** 0.001 0.00380*** 0.001 

Education  -0.00367 0.005 -0.00367 0.005 

Oxen ownership -0.03703*** 0.012 -0.02432** 0.011 

Credit 0.03311 0.035 0.01014 0.038 

Savings -0.13200*** 0.033 -0.12208*** 0.033 

Gender  -0.18080*** 0.048 -0.18062*** 0.054 

Grain traders  -0.01166*** 0.004 -0.00990*** 0.004 

Off-farm cash 0.24924*** 0.054 0.21907*** 0.057 

Distance to inputs  0.06054*** 0.021 0.05260*** 0.016 

Mean technical efficiency (TE) 0.57   0.71   

Standard deviation of TE 0.18  0.14  

Log-likelihood  -3293.92  -3331.90  

 

Notes: *, **, *** Significant at 10%, 5% and 1% probability level, respectively. A negative coefficient parameter 

estimate on the inefficiency component shows that the variable has a positive effect on efficiency. SE is standard error. 

n/a=not applicable/available.  

 

Source: Author 
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Table A3.2: Partial effects of environmental variables on estimated technical efficiency 

 

Variables Model 1   Model 2  

 Partial effect SE Partial effect SE 

Sustainable agricultural practices ( its )     

Improved maize variety 0.018 0.004 0.061 0.014 

Legume rotation 0.013 0.006 0.055 0.022 

Manure  0.009 0.004 0.045 0.015 

SWC  0.006 0.003 0.014 0.010 

Tillage frequency -0.002 0.001 -0.010 0.004 

Residue retention -0.004 0.003 -0.015 0.011 

Environmental factors ( itz )     

Temperature 0.004 0.001 0.013 0.003 

Spring rainfall variability  -0.016 0.005 -0.052 0.018 

Summer rainfall variability -0.026 0.008 -0.097 0.029 

Rainfall abundance -0.003 0.001 -0.011 0.003 

Soil fertility  -0.009 0.002 -0.028 0.008 

Stress incidence -0.031 0.006 -0.123 0.021 

Altitude 0.001 0.001 0.003 0.002 

Socio-economic factors ( itm )     

Access to institutions 0.003 0.001 0.008 0.003 

Mobile phone  0.006 0.003 0.024 0.011 

Age  0.000 0.000 -0.001 0.000 

Education  0.000 0.000 0.001 0.002 

Oxen ownership 0.003 0.001 0.007 0.003 

Credit -0.003 0.003 -0.003 0.011 

Savings 0.010 0.003 0.035 0.011 

Gender  0.014 0.004 0.052 0.017 

Grain traders  0.001 0.000 0.003 0.001 

Off-farm cash -0.019 0.005 -0.063 0.020 

Distance to inputs  -0.005 0.002 -0.015 0.005 

 

Notes: Partial effects on technical efficiency are calculated using the delta method / ( , , )it it it itTE z s m  . The values 

are summarized across the 4471 observations. Partial effects of binary variables are calculated using first differences. 

Interactions terms are accounted in for effects. SE is standard error.  

 

Source: Author
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Figure A3.1: Variable and stagnant maize yields over years (left panel) and wide maize yield gap in Ethiopia. Source: figures produced based on data from the 

USDA and global yield gap Atlas (www.yieldgap.org). 
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Figure A3.2: Spring and summer rainfall variation coefficient (CV) over years for a sample of four out of the 183 maize farming kebeles in Ethiopia.  



 
 

110 
 
 

 
 

 
 

Figure A3.3: A scatter plot between logarithm of maize yield and technical efficiency predicted by Model 1 

(upper panel) and Model 2 (lower panel). The correlation between maize yield and Model 1 is 0.55 and with 

Model 2 is 0.66. The correlation between Model 1 and Model 2 is 0.80. The figure shows that technical 

efficiency and yield are related but do not have a strong correlation. Yield is a partial land productivity 

measure unlike technical efficiency which takes into account all factors of production.  Source: Author



 
 

111 
 
 

 

 

Supplementary material 

 

Parameter estimates of translog stochastic production frontier with environmental variables in both mean and variance of inefficiency  

 

Deterministic component of the stochastic production frontier function 

Direct (conventional) inputs ( itx ) Pooled model    Panel model     

Coefficient SE   Coefficient SE   

Constant 0.54604*** 0.055   0.64432*** 0.101   

Land 0.47349*** 0.044   0.48448*** 0.049   

Oxen -0.00202 0.029   -0.01248 0.032   

Seed 0.10163*** 0.035   0.07983** 0.035   

Labour 0.16923*** 0.041   0.18439*** 0.044   

Nitrogen 0.20668*** 0.013   0.20269*** 0.014   

Pesticide 0.04005*** 0.014   0.02838** 0.014   

0.5 Land2 0.04823 0.059   0.02713 0.061   

0.5 Oxen2 -0.00448 0.009   -0.00352 0.008   

0.5 Seed2 -0.10599** 0.043   -0.12128*** 0.042   

0.5 Nitrogen2 0.04608*** 0.003   0.04556*** 0.004   

0.5 Labour2 -0.14428*** 0.052   -0.21793*** 0.047   

0.5 Pesticide2 0.01300** 0.006   0.00837 0.006   

Land x oxen 0.02517 0.028   -0.00122 0.026   

Land x seed 0.02253 0.044   0.04057 0.045   

Land x labour -0.08716* 0.045   -0.04964 0.044   

Land x Nitrogen  0.00913 0.006   0.00835 0.006   

Land x pesticide 0.01012 0.007   0.01387* 0.008   

Seed x labour 0.14886*** 0.035   0.14135*** 0.034   

Seed x pesticide -0.00701 0.006   -0.01104** 0.006   

Seed x nitrogen 0.0012 0.005   0.00181 0.005   

Oxen x seed -0.04423* 0.024   -0.03005 0.023   

Oxen x labour 0.03387* 0.020   0.05754*** 0.015   
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Oxen x pesticide -0.00229 0.004   -0.00375 0.005   

Nitrogen x oxen 0.0008 0.003   -0.00509 0.003   

Nitrogen x labour -0.02230*** 0.006   -0.01498*** 0.006   

Nitrogen x pesticide -0.00124 0.001   -0.00131 0.001   

Labour x pesticide 0.00102 0.007   0.00163 0.007   

Parameters in the mean and variance of inefficiency 

Variables Mean of iu   Variance of iu   
Mean of itu  

 
Variance of itu  

 

Constant 0.20483 0.340 n/a n/a 1.14984** 0.462 n/a n/a 

Sustainable agricultural practices ( its )         

Improved maize variety -0.04705 0.036 -0.25759*** 0.057 -0.25789 0.194 -0.08618*** 0.030 

Legume rotation -0.07323 0.076 -0.13846 0.106 -0.11276 0.138 -0.11570** 0.058 

Manure  -0.06013* 0.036 -0.09705 0.062 -0.05367 0.061 -0.05291 0.033 

SWC  -0.04641 0.031 0.0104 0.047 -0.01393 0.048 -0.06758*** 0.026 

Tillage frequency 0.07769*** 0.013 -0.05507*** 0.020 0.06976 0.056 0.00297 0.012 

Residue retention 0.35522*** 0.085 -0.37176*** 0.127 -0.01859 0.165 0.17480*** 0.064 

Tillage frequency x residue   -0.08750*** 0.023 0.08921*** 0.031 0.02698 0.050 -0.04748** 0.019 

Environmental factors ( itz )         

Temperature -0.02886*** 0.009 -0.00927 0.015 0.00536 0.036 -0.04930** 0.020 

Spring rainfall variability  0.16818*** 0.056 0.07885 0.093 0.25473 0.236 0.09217* 0.049 

Summer rainfall variability -0.46689*** 0.135 0.83292*** 0.141 0.19041 0.222 0.11542 0.091 

Rainfall abundance 0.03610*** 0.006 -0.01081 0.009 0.11116 0.088 -0.02909*** 0.009 

Soil fertility  0.13911*** 0.024 -0.06243* 0.037 0.04186 0.049 0.07656*** 0.018 

Stress incidence 0.18327*** 0.030 0.37580*** 0.054 0.03466 0.050 0.28941*** 0.039 

Altitude 0.01591** 0.007 -0.02192* 0.012 -0.07884* 0.045 0.04055*** 0.015 

Socio-economic factors ( itm )         

Access to institutions -0.02311** 0.009 0.02204 0.014 -0.01865 0.018 -0.01159 0.008 

Mobile phone  -0.01117 0.031 -0.13850** 0.055 0.00343 0.048 -0.06023* 0.032 
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Age  0.00295** 0.001 0.00066 0.002 0.00351 0.004 -0.00013 0.002 

Education  -0.00094 0.004 -0.00648 0.008 -0.00251 0.012 -0.0003 0.007 

Oxen ownership -0.05296*** 0.013 0.02546 0.016 0.02195 0.026 -0.03604*** 0.013 

Credit 0.02911 0.031 -0.06315 0.058 0.13607 0.111 -0.03709 0.027 

Savings -0.11665*** 0.029 -0.02415 0.048 -0.07669 0.075 -0.06385** 0.027 

Gender  -0.13643*** 0.053 -0.14942* 0.077 -0.12982 0.132 -0.07588 0.050 

Grain traders  -0.01498*** 0.005 0.01109** 0.006 -0.00576 0.007 -0.00712** 0.003 

Off-farm cash 0.20825*** 0.047 0.03835 0.082 -0.03771 0.081 0.18001*** 0.044 

Distance to inputs 0.00881 0.015 0.06440*** 0.024 -0.06054 0.051 0.05869*** 0.015 

Log-likelihood  -3222.09    -3272.63    

 

 

Notes: *, **, *** Significant at 10%, 5% and 1% probability level, respectively. A negative coefficient parameter estimate on the inefficiency component shows that the 

variable has a positive effect on efficiency. SE is standard error. n/a=not applicable/available.  

 

Source: Author
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In the previous chapters (Chapters Two and Three), we investigated the structure of maize 

production regarding the use of farm inputs as well as the effect of SAI practices on the deterministic 

production function and level of inefficiency. There are different approaches to the specification of 

stochastic production frontier models that have been proposed in the literature based on the imposed 

assumption about distribution of technical inefficiency and how to address firm heterogeneity. In this 

chapter, we examine the influence of observable and unobservable heterogeneity on both the 

production function parameters and efficiency estimates by fitting eight competing stochastic frontier 

panel models to the same data set. We explore the implications of alternative specifications on 

critical measures of the production function and efficiency.   
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4. Technical Efficiency and Firm Heterogeneity in Stochastic Frontier Models: 

Application to Maize Farmers in Ethiopia 

 

Abstract 

This paper estimates the technical efficiency of smallholder maize producers using stochastic frontier 

panel models that take different approaches to address heterogeneity. The models are applied to a 

nationally representative farm household panel data set from Ethiopia. Our analysis reveals that 

estimated technical efficiency scores are sensitive to the way both unobserved and observed 

heterogeneity (measured environmental variables) are treated. ‘True’ random effects (TRE) models 

that treat firm effects as heterogeneity yield efficiency estimates that are similar to those obtained 

from cross-sectional models that confound heterogeneity with inefficiency. This result is in contrast 

to the simple random (RE) models that treat firm effects as part of overall technical inefficiency 

(persistent and transient). A more flexible generalised ‘true' random effects (GTRE) model that 

allows for heterogeneity, as well as both persistent and transient inefficiency, suggests that persistent 

inefficiency is the dominant factor, a finding which is picked up by the RE models and not by the 

TRE models. Further, the simple truncated-normal RE model yields efficiency estimates consistent 

with the RE model that incorporates environmental variables in the variance of inefficiency measure 

rather than the mean or both the mean and the variance simultaneously. The efficiency estimates 

from simple RE or the flexible RE model with environmental variables incorporated in the variance 

function are likewise consistent with the persistent efficiency predicted by the GTRE model. The 

results imply that the RE and GTRE models would provide reasonable efficiency estimates for our 

data, rather than the TRE models that have no allowance for persistent inefficiency. However, 

estimates of production technology parameters (output elasticity, marginal returns to inputs, input 

interaction effects and returns to scale) are consistent across all models. Overall, the results 

underscore the importance of scrutinising stochastic frontier models for their empirical consistency 



116 
 

before making policy prescriptions. For the case of Ethiopian maize farmers, the substantial nature of 

persistent inefficiency points towards the need for setting policy priorities to tackle productivity 

differences associated with systemic managerial capabilities in production.   

 

Keywords: Stochastic frontier models, panel data, technical efficiency, firm heterogeneity, maize 

productivity, Africa  

 

4.1 Introduction 

Analysis of smallholder farm efficiency can provide significant economic insights on how well 

available resources are used to produce food crops in developing countries. A high technical 

efficiency score implies that more aggregate output can be produced per unit of aggregate input 

given the current production technology. It also indicates that producers are using the best available 

production practice. Thus, analysis of efficiency offers useful insights into the competitiveness of 

farms (Abdulai and Tietje, 2007, Coelli et al., 2005, Kumbhakar and Lovell, 2000). Therefore, a low 

level of technical efficiency indicates that less than optimal aggregate output is produced per unit of 

aggregate input. Such insights are vital for designing effective policy programs to reduce resource 

wastage and increase farm output.  

Stochastic frontier (SF) models have been widely used to measure the technical efficiency of 

agricultural producers. The SF model has two parts, the deterministic production technology part and 

the stochastic part with inefficiency and random noise57. The literature argues that technical 

efficiency estimates are sensitive to assumptions implied by different SF models and how firm 

heterogeneity is treated (Kumbhakar and Lovell, 2000, Kumbhakar et al., 2014, Caudill et al., 1995, 

Caudill and Ford, 1993). Consequently, SF models can produce inconsistent technical efficiency 

estimates leading to imprecise policy inferences. Disentangling firm heterogeneity from inefficiency 

                                                           
57 It is this ability to account for random noise that makes SF models more attractive than deterministic approaches such 

as data envelopment analysis (DEA). 
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is crucial for an accurate efficiency estimate but challenging in practice because of the complexity of 

distinguishing the two (Greene, 2004, Greene, 2005a).  

Stochastic58 frontier panel models can separate firm effects from inefficiency measures that 

otherwise would be confounded in simple cross-sectional59 models. In the literature, two types of 

stochastic frontier panel models have been advanced depending on whether these firm effects are 

considered as inefficiency or firm heterogeneity. The first type are models that treat firm effects as 

part of overall inefficiency with two components: persistent (time-invariant/long-run) and transient 

(time-variant/short-run) (Kumbhakar and Hjalmarsson, 1995, Kumbhakar, 1990, Kumbhakar and 

Hjalmarsson, 1993, Battese, 1992, Battese and Coelli, 1992, Kumbhakar and Heshmati, 1995). The 

second type is models that treat firm effects as firm heterogeneity (Wang and Ho, 2010, Kumbhakar 

and Wang, 2005, Greene, 2005a, Greene, 2005b) and assume only transient inefficiency60. Thus, the 

first type includes persistent inefficiency but does not separate it from firm effects and the second 

type includes firm effects but does not include persistent inefficiency. Not  separating firm effects 

and other forms of firm heterogeneity from inefficiency has been identified as a significant limitation 

in the literature as efficiency estimates are likely to be incorrect if not modelled correctly (Tsionas 

and Kumbhakar, 2014, Abdulai and Tietje, 2007, Kumbhakar et al., 2014, Greene, 2005b, Greene, 

2004, Filippini and Greene, 2016, Colombi et al., 2014). 

The first type of models that lump firm effects with inefficiency might produce an upward 

bias in inefficiency estimates. This upward bias can be severe if the firm effects are related to the 

structure of the production technology but not to the inefficiency component (Colombi et al., 2014). 

If the firm effects are related to inefficiency and not to the structure of the technology, the models 

can adequately capture firm effects as persistent inefficiency in addition to the transient inefficiency. 

                                                           
58 We do not consider any conventional linear panel model in this study and follow the stochastic frontier literature.  
59 In models using cross-sectional data, firm effects and inefficiency are lumped together and indistinguishable. 
60 There are also models that assume only time-invariant inefficiency (Schmidt and Sickles, 1984, Pitt and Lee, 1981, 

Kumbhakar, 1987, Battese and Coelli, 1988). But this assumption is too restrictive for our production context as farmers 

could alter their production plans yearly (Abdulai and Tietje, 2007) due to the seasonality of rainfed maize production. 

The hypothesis that technical inefficiency is time-invariant has been rejected at the 10% significance level for our data. 
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Hence, these models can be satisfactory in estimating overall inefficiency. Similarly, the second type 

of models that only assume transient inefficiency by assuming all firm effects as firm heterogeneity 

is likely to produce inefficiency estimates that are downward biased. The downward bias can be 

severe if persistent technical inefficiency exists but is erroneously attributed to firm heterogeneity.  

The objective of this paper is to examine the variability in technical efficiency estimates 

computed using stochastic frontier panel models that take different approaches to accounting for 

heterogeneity in the inefficiency measure, with a particular focus on smallholder maize producing 

farms in Ethiopia. The goal is not to give a comprehensive review of stochastic frontier panel models 

or to recommend a particular model. Instead, we apply a selection of competing stochastic frontier 

models to a single data set to illustrate the impacts of heterogeneity (observed and unobserved) on 

technical efficiency and how this might affect policy inferences that can be drawn from such 

measures. Empirical studies that evaluate a broad set of frontier models in the agricultural production 

sector are sparse. Two notable exceptions are Kumbhakar et al. (2014) for the Norwegian grain 

farms and Abdulai and Tietje (2007) for Germany dairy farms. We contribute to this line of literature 

with an application to smallholder maize farmers in Ethiopia. There is more heterogeneity among 

farm households in Africa relative to Norway and Germany due to diverse agro-ecological, climatic, 

socio-economic and institutional factors, which makes such an empirical application particularly 

appropriate. This study is the first application in an African developing country context. We apply 

the models to a nationally representative panel data set collected in 2009/2010 and 2012/2013 across 

39 districts, and 183 kebeles61 in Ethiopia.  

Our analysis reveals that estimated technical efficiency scores are sensitive to the way both 

unobserved and observed heterogeneity (measured sustainable agricultural practices, environmental 

factors and managerial socio-economic factors grouped as 'environmental variables') are treated in 

estimation as well as distributional assumptions about inefficiency. For our data, the results show 

that random effects (RE) panel models that treat firm effects as part of overall inefficiency appear to 

                                                           
61 Kebele is the smallest administrative unit in Ethiopia. 
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provide reasonable efficiency estimates in contrast to ‘true’ random effects (TRE) panel models that 

treat these firm effects only as firm heterogeneity. The TRE models only assume transient 

inefficiency and allow no room for persistent inefficiency. The estimates from TRE models mimic 

the simple pooled models that confound firm effects, persistent inefficiency and transient 

inefficiency in the inefficiency measurement. The GTRE model reveals evidence of both a persistent 

inefficiency gap (32%) and transient inefficiency gap (15%) among smallholder maize producers, 

which is picked by the RE models but neither by the TRE models nor the simple pooled models. 

Incorporating observed heterogeneity (environmental variables) in the variance rather than in the 

mean or both the mean and the variance of inefficiency measure in RE models produce coefficient 

estimates that are consistent with those of the basic truncated-normal simple RE model. However, 

estimated technology parameters (i.e., output elasticity, marginal productivity of inputs, input 

interaction effects and returns to scale) are consistent across all models evaluated. The results 

suggest that the way heterogeneity is treated in the SFA models manifests itself more in the 

measured technical inefficiency scores rather than in the estimates of the structure of the production 

technology, in this application. These empirical results underscore the importance of considering the 

underlying assumptions of SF models before making policy inferences based on technical efficiency 

estimates.     

The rest of the paper is organised as follows. The next section presents the methodology with 

a description of empirical models and estimation strategies. These are followed by a brief description 

of the data and variables used for the analysis. We present and discuss results in the subsequent 

section. The article then concludes by drawing some empirical insights.  

 

4.2 Methodology 

We assume that maize producers maximise output given a set of inputs and technology conditional 

on heterogeneous environmental production conditions. Farmers with the same input bundles may 

produce different output quantities and hence differ in technical efficiency levels. These efficiency 
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differences could be attributed to differences in environmental factors such as weather, soil types and 

agro-ecologies and managerial aspects like farmers’ effort or aptitudes, access to extension services, 

skills, and gender of the farm manager, among others. When these environmental production factors 

are measured by proxies, they can be included in the analysis as observed heterogeneity such that 

technical inefficiency is a function of these ‘environmental variables’. However, the omission of 

such observed heterogeneity has been found to bias estimates of technology parameters as well as 

technical efficiency scores (Sherlund et al., 2002, Rahman and Hasan, 2008, Okike et al., 2004, 

Abdulai and Tietje, 2007). Even when these environmental variables are observed and controlled for 

in the analysis, efficiency estimates can still be biased due to misspecification and statistical errors 

depending on the channels through which they are incorporated into the SF models (Greene, 2008, 

Simar et al., 1994, Kumbhakar and Lovell, 2000, Alvarez et al., 2006).  

In this paper, we investigate the effects of both unobserved and observed heterogeneity 

(measured environmental variables) on efficiency measures. Observed and unobserved heterogeneity 

can be time-invariant or time-variant (Greene, 2008). For example, time-invariant heterogeneity may 

include land quality, the gender of the farm manager, altitude at which the farm is located, risk 

aversion and systematic shortfalls of managerial capabilities. Likewise, time-variant heterogeneity 

includes rainfall, farm management techniques, and both the quantity and quality of extension 

services. Heterogeneity can be related to the structure62 of the production technology or the degree of 

productive inefficiency although the latter has been the focus of most research. For our case study, 

we assume (based on our understanding of the production and institutional environment) that 

smallholder maize producers have access to the same production technology but operate under varied 

environmental production conditions in Ethiopia. That is, the production technology is common 

across farms, but the productive performance of producers differs depending on how successfully 

they apply it, thus leading to varying degrees of productive efficiency. 

                                                           
62 See the latest surveys (Greene, 2008) for different concepts related to heterogeneity and their implications for 

stochastic frontier modelling. If heterogeneity/firm effects are associated with the structure of the technology, finite 

mixture models, latent class models or metafrontier approaches could be more appropriate.  
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4.3 Empirical models 

For our empirical application, we adopt stochastic frontier (SF) panel data models that assume time-

variant inefficiency in production. The time-variant SF approach is appropriate for our production 

context as it accounts for the stochastic and seasonal nature of agricultural production (Coelli, 1995, 

Bravo-Ureta and Pinheiro, 1993, Abdulai and Tietje, 2007). In the efficiency literature, SF panel 

models can be classified into two types depending on whether the time-variant stochastic feature is 

fully maintained or not. The first type is random effects panel SF models that accommodate the 

stochastic nature of the production function by adopting distributional assumptions on the 

inefficiency and random error terms (Kumbhakar, 1990, Battese and Coelli, 1992, Greene, 2005a). 

The second type is models in which the time-variant inefficiency term is not fully stochastic 

(Cornwell et al., 1990, Lee and Schmidt, 1993). These models do not require distributional 

assumptions of the error terms for the estimation of inefficiency. However, two features warrant 

further investigation of the second type of models as pointed out by Greene (2005b) and Filippini 

and Greene (2016). First, the time-invariant heterogeneity that is not inefficiency cannot be 

accounted for; second, producers are ranked relative to the “best firm” in the sample, which is an 

estimate that is subject to statistical error.  

Therefore, we follow the random effects panel SF models for our empirical application. In 

particular, we consider two groups of SF panel models. The first group is random effects (hereafter 

RE) models that treat time-invariant firm effects as part of overall inefficiency (Kumbhakar and 

Hjalmarsson, 1995, Kumbhakar, 1990, Kumbhakar and Hjalmarsson, 1993, Battese, 1992, 

Kumbhakar and Heshmati, 1995). The second group is Greene’s “true” random effects (hereafter 

TRE) model which treat all time-invariant firm effects as heterogeneity, not as inefficiency (Greene, 

2005a, Greene, 2005b). These two competing groups of models have become popular in empirical 

applications.  



122 
 

Recently, Kumbhakar et al. (2014) suggested a general ‘true’ random effects model which 

has both the RE and TRE model features. The general model makes a distinction between four 

components: firm effects; persistent inefficiency; transient inefficiency; and random noise. Below, 

we specify these competing panel models in the context of the Ethiopian smallholder agricultural 

production sector. 

 

4.3.1 Battese and Coelli model 

Among the basic RE models, the model proposed by Battese and Coelli (1992)63 is mostly applied in 

agricultural production64. The basic half-normal model can be specified as: 
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      (4.1) 

 

 where ity  is the logarithm of output for farm household i  in period t ; and itx  is a matrix of the 

logarithms of productive inputs (land, seed, labour, nitrogen, oxen draught power, and pesticide); itv  

is a random error that is normally distributed with mean zero and a variance of 2

v ; itu  is a non-

negative inefficiency term that changes over time exponentially with additional parameter   and t  

indicates current period; and iT  is the terminal period; it  is a composite error term; and   is a 

common intercept for all the productive units and   are technology parameters to be estimated. The 

term  iu  is the individual stochastic component. This model is labelled as BC92HN (Model 1). The 

model in equation (4.1) can allow the individual stochastic component iu  to be distributed truncated-

                                                           
63 We also estimated the model by Kumbhakar (1990) and results are consistent with those of Battese and Coelli (1992). 
64 See surveys by Battese (1992) and subsequent empirical papers. 
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normal as 
2( , )i uu N  

. The truncated–normal model is identified as BC92TN (Model 2).  

 

4.3.2 Greene’s ‘true’ random effects (TRE) model 

Unlike the RE model in equation (4.1), Greene’s TRE model (Greene, 2005a, Greene, 2005b) 

introduces firm-specific intercepts in the panel structure to account for unobserved firm 

heterogeneity. Greene’s TRE model has the following form:  
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      (4.2) 

 

where itv , itu ,  ,   and it  are as defined earlier and iw  is a random term that is time-invariant and 

normally distributed with mean zero and variance of 2

w ; it captures unobserved heterogeneity, not 

inefficiency. In this model, the one-sided inefficiency term varies freely across time and firms. Any 

time-invariant firm effects that could reflect persistent inefficiency are assumed away. This model 

could produce a downward bias in the estimated overall inefficiency as it fails to accommodate any 

persistent inefficiency (e.g. a manager’s innate abilities, skills, and gender) (Kumbhakar et al., 2014; 

Tsionas and Kumbhakar, 2014). Persistent inefficiency is expected in panel data with a short time 

span, such as our data. For example, land quality, family labour and manager’s innate ability may 

vary across farms but not change over a short time span. We estimated this model under both a half-

normal assumption, labelled as TREHN (Model 3) and an exponential-normal assumption, labelled 

as TREEN (Model 4). 
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4.3.3 General ‘true’ random effects (GTRE) model  

The general model distinguishes between persistent and transient inefficiency as well as firm-

heterogeneity and noise. A practical concern about this model is whether these four error 

components can be precisely estimated (Badunenko and Kumbhakar, 2016). The GTRE model is 

specified as: 
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      (4.3) 

 

where itv , itu , ,  , it  and iw  are as defined earlier and ih  is a term that captures persistent 

technical inefficiency; it is half-normally distributed with a variance of 2

h . The terms ( )it it itv u  

and ( )i i iw h    follow a skew-normal distribution (Kumbhakar et al., 2014, Filippini and Greene, 

2016). The model is labelled as GTRE (Model 5). 

 In some circumstances, unmeasured heterogeneity might correlate with inputs and could bias 

estimates of technology parameters. In such cases, the Mundlak auxiliary equation has been 

proposed for the random effects linear regression model. However, this approach is based on the 

normality assumption that does not strictly apply to non-linear stochastic frontier models that follow 

asymmetric composite error distribution (Filippini and Greene, 2016).  

However, inefficiency can be a function of measured heterogeneity in the form of 

environmental variables itE . The environmental variables ( itE ) include sub-components of 

environmental factors itz , sustainable agricultural practices its  and managerial related socio-
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economic factors itm . According to Greene (2005b), the model in equation (4.1) can accommodate 

variations with firm-specific covariates (measured environmental variables) itE . The model can be 

specified as: 
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    (4.4) 

 

where itv , itu , ,   and it  are as defined earlier and itE  are the environmental variables with an 

unknown vector of parameters    and iu  is a time-invariant half-normally distributed inefficiency 

term. This model has two attractive features for empirical applications. First, its multiplicative 

formulation does not change the shape of the underlying basic inefficiency distribution iu (Alvarez et 

al., 2006). Second, the model corrects for heteroscedasticity in the variance of inefficiency through 

measured environmental variables (Greene, 2016, Kumbhakar and Lovell, 2000). This model is 

labeled as BC92G (Model 6).  

 Battese and Coelli (1995) also proposed an inefficiency effects model with environmental 

variables for panel data with an additive formulation65 that cannot be decomposed into independent 

parts. The model assumes that the mean of inefficiency distribution  it  is a linear function of the 

environmental variables itE  and a vector of parameters   under a constant variance 2

u . The model 

has the following form: 

 

                                                           
65 This additive formulation is known to create statistical problems during estimation since the underlying location 

transformation random component are not independent and identically distributed (Simar et al., 1994; Kumbhakar and 

Lovell, 2000). The authors argue that the multiplicative exponential formulation in equation (4.4) can overcome the 

statistical problem that plagues the additive formulations in equation (4.5) or equation (4.6). 
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    (4.5) 

 

This model is widely applied in agricultural economics literature despite some shortcomings. The 

assumption of a homoscedastic inefficiency variance is too strong for decision-making units 

operating in more heterogeneous production environments, such as our case study. Further, as 

pointed out by Alvarez et al. (2006), the model’s assumption of independence66 of the inefficiency 

over time with the function of the environmental variables is also widely recognized as unrealistic. 

Treating a farm observed in two periods as two different farms can lead to intrinsic estimation bias 

due to misspecification and statistical error. The model is identified as BC95 (Model 7). 

Wang (2002) proposed a general model in which the same set of environmental variables can 

simultaneously be incorporated into the mean and the variance of inefficiency with different vectors 

of parameters   and  , respectively. The model has the following form: 
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    (4.6) 

 

This model also assumes independence of inefficiency over time as the Battese and Coelli (1995) 

model. Also, the model may be subject to misspecification and statistical error because of the 

                                                           
66 Alvarez et al. (2006) pointed out that a violation of independence assumption results in biased estimates of efficiency 

scores although the technology parameter coefficients are still consistent. 
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simultaneous placement of environmental variables on the mean and the variance of inefficiency. 

The model in (4.6) confounds the effects of environmental variables on inefficiency measures as 

mean and variance are related statistics (Saastamoinen, 2015). Like the other models already 

discussed, any time-invariant unobserved heterogeneity is pushed into the inefficiency term. This 

general specification is included in the present study for comparison purposes. The model is labelled 

as GEN (Model 8). 

We also estimated simple pooled traditional stochastic frontier models for comparison. The 

simple pooled models assume a farm observed in two periods is treated as separate farms, which is 

unrealistic as argued earlier. The simple pooled frontier model as the form: 

 

2

ln ln ( ; ) ,

(0, ),

i i i i

i v

i i i

y f x v u

v

v u

 





   

 

       (4.7) 

 

It should be noted that simple pooled models ignore any commonalities or panel data effects. 

Consequently, the models lump any firm heterogeneity with the inefficiency measure. Because of 

these limitations, some researchers argue pooled data are less likely to be correct than panel data for 

SF analysis (Kumbhakar and Lovell, 2000, Kumbhakar et al., 2015 ). The simple pooled models67 

can be estimated under alternative assumptions of inefficiency distribution. These are half-normal 

2 ~  (0, )i uu N  , labelled as HN (Model 9); truncated-normal 2 ~  ( , )i uu N   , labelled as TN 

(Model 10); exponential-normal  ~  exp( ), 0i i iu u u   , labelled as EN (Model 11); and gamma-

normal  ~  ( , )iu gamma P , labelled as GN (Model 12). 

Overall, we investigated variants of the popular Battese and Coelli RE models with and 

without environmental variables in the inefficiency measure, Greene’s TRE model, the recently 

                                                           
67 One can also allow the mean and the variance of inefficiency to depend on the environmental variables for the pooled 

frontier models. However, this is beyond the scope of the present study. 
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suggested general TRE (GTRE) model, and simple pooled models for comparison. A summary of 

the 12 investigated models is presented in Table 4.1.  

 

4.4 Estimation procedure 

The different forms of the RE panel models can be estimated using the maximum likelihood (ML) 

method under half-normal or the truncated-normal distributional assumptions of inefficiency. The 

RE models that incorporate environmental variables can be estimated using the ML method 

following the standard single or one-step approach (Wang and Schmidt, 2002). The TRE model and 

the GTRE model can be estimated by the maximum simulated likelihood (MSL) method following 

the recent literature (Greene, 2016, Filippini and Greene, 2016). The MSL method is quite simple 

and effective for the estimation of these models. 

The estimated parameters are then used to calculate firm-specific estimates of technical 

efficiency (TE) using the conditional expectation predictor (Jondrow et al., 1982) 

[exp( ) | ]it it itTE E u   . It should be noted that the Jondrow et al. estimator is not consistent for 

cross-sectional models because [ | ]it itE u   does not approach zero for each farm as the cross-section 

sample increases (Kumbhakar and Lovell, 2000, Kumbhakar et al., 2014). Hence, efficiency 

estimates from pooled data could be less reliable than panel data. Similarly, persistent technical 

efficiency from the GTRE model is estimated as [exp( ) | ]it it itPGTRE E h    and transient technical 

efficiency as [exp ( ) | ]it it itTGTRE E u   . The overall technical efficiency (OTE) is calculated as a 

product of the persistent and transient technical efficiencies, i.e.,   it itPGTRE TGTRE  (Kumbhakar 

et al., 2014). 

We chose a translog68 functional form to approximate the production technology for our 

empirical analysis because of its flexibility (Christensen et al., 1973). The input and output variables 

were scaled by their arithmetic means prior to transformation into logarithm values. As a result, the 

                                                           
68 In our preliminary analysis, we fitted the restricted Cobb-Douglas functional form but it was rejected in favour of the 

flexible translog functional form at 1% significance level. 
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first-order coefficients of the estimated production frontier function can be interpreted as elasticities 

of output evaluated at the mean of the sample. The stochastic frontier models are estimated by the 

econometric software LIMDEP Version 11 (Greene, 2016). The exponential form of the TRE model 

(Model 4) is estimated by the sfpanel command supported in Stata (Belotti et al. 2015)69.  

 

Table 4.1 Key characteristics of the stochastic production frontier models investigated 

 

Models investigated  Distribution of inefficiency term  Estimation 

method 

Origin of model reference 

Random effects basic panel models 

Model 1 (BC92HN) Half-normal ML  Battese and Coelli (1992) 

Model 2 (BC92TN) Truncated-normal ML  Battese and Coelli (1992) 

Model 3 (TREHN) Half-normal MSL Greene (2005a) 

Model 4 (TREEN) Exponential-normal MSL Greene (2005a) 

Model 5 (GTRE) Half-normal MSL Kumbhakar et al. (2014) 

Random effects panel models with environmental variables 

Model 6 (BC92G) Half-normal ML  Greene (2005b) 

Model 7 (BC95) Truncated-normal ML  Battese and Coelli (1995)  

Model 8 (GEN) Truncated-normal ML Wang (2002) 

Simple pooled models (for robustness check) 

Model 9 (HN) Half-normal ML  Aigner et al. (1977) 

Model 10 (TN) Truncated-normal ML  Stevenson (1980) 

Model 11 (EN) Exponential-normal ML  Meeusen and van Den Broeck (1977) 

Model 12 (GN) Gamma-normal MSL Greene (1980) 

 

Notes: ML is Maximum Likelihood, and MSL is Maximum Simulated Likelihood. Source: Author 

 

 

4.5 Data 

This study is based on farm household data collected from maize growing areas of Ethiopia (Jaleta et 

al., 2013). The data were collected in 2009/2010 and 2012/2013 by the Ethiopian Institute of 

Agricultural Research (EIAR) and the International Maize and Wheat Improvement Centre 

(CIMMYT). The data were an unbalanced panel with 4471 farm household observations of which 

2339 were observed in 2009/2010 and 2132 in the 2012/2013 production season. Over 91% of the 

                                                           
69 The Frontier package in R was also used to verify estimates from the Battese and Coelli models (Coelli and 

Henningsen, 2017). 



130 
 

farm households were surveyed in both periods. The panel data were three years apart, and the short 

duration of data would not compromise the comparison of SF models about inefficiency and 

heterogeneity for smallholder maize producers whose production is highly variable because of the 

unpredictable weather and socio-economic conditions. 

A multistage sampling procedure was used to select study kebeles (Figure 4.1) from each 

district and farm households from each kebele. First, about 39 districts were selected based on maize 

production potential from five regional states, namely, Oromia, Amhara, Tigray, Ben-Shangul-

Gumuz, and Southern Nations and Nationalities Peoples Region (SNNPR). We used a proportionate 

random sampling procedure to select three to six kebeles in each district and 10 to 24 farm 

households in each kebele. The surveys were comprehensive and included detailed information about 

production activities.   

 

 

 

 
Figure 4.1 Map of the study kebeles representing the major maize growing areas of Ethiopia. 
 

Source: Author 
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The data on production inputs and output were collected at the plot level. Typically, farm 

households change the size and type of plots they allocate to maize production over seasons. 

Therefore, we analysed the data at the farm (household) level. Such approaches are common in 

empirical research (Ndlovu et al., 2014, Bezabih and Sarr, 2012, Alem et al., 2010).  

Table 4.2 provides descriptive statistics of the production inputs and output. The dependent 

variable used is the quantity of maize in kilograms. The average land acreage under maize crop in 

the sample was 0.81 hectares, which illustrates the scarcity of land. Land includes both owned and 

rented land that a household has available for maize production. Labour data are differentiated by 

gender and age for different production activities (such as land preparation, weeding, harvesting and 

threshing) were measured in person-days. Inorganic nitrogen fertiliser is measured in kilograms. 

Oxen draught power is measured in oxen-days for ploughing. Ethiopian farmers have used 

traditional oxen-drawn traction systems for millennia. Pesticide represents the quantity index of 

herbicides, fungicides, and insecticides. Ethiopian farmers apply insignificant quantities of pesticides 

for maize production, but we included this input for completeness in the analysis.  

The standard deviations of the output and the inputs indicate the variability in the production 

system. Environmental variables that are hypothesised to represent observed firm heterogeneity in 

the inefficiency measure are presented in Table 4.2. These include environmental factors such as 

climate, biophysical and agro-ecological conditions, production stress; farmers’ adaptive managerial 

response proxies of sustainable agricultural practices; and socio-economic factors. The 

environmental variables and other unobserved factors can also influence farmers ’production 

decisions and hence explain differences in inefficiency levels among farmers. Detailed discussion on 

the effects of these environmental variables on production and inefficiency is not the focus of the 

present study. Details on these issues are reported in Chapters Two and Three.  

 



 
 

132 
 

Table 4.2 Descriptive statistics 

 

Model variables Variables definitions and measurement units Mean Std.Dev. 

Output ( ity ) Maize grain output in kilograms (kg )  2018 2446 

Production inputs (
itx )    

Land Maize area in hectares (ha) 0.81 0.75 

Seed  Quantity of seed used in kilogram (kg) 22.02 23.00 

Oxen  Oxen draught power for ploughing (oxen-days)  12.31 12.12 

Labour  Quantity of family and hired labour (person-days) 65.36 61.28 

Nitrogen  Quantity of inorganic nitrogen fertiliser in kilogram (kg) 25.83 40.40 

Pesticide  Implicit quantity index of pesticides (quantity index) 0.13 0.46 

Environmental variables ( itE )    

Sustainbale agricultural practices ( its ) 

Improved maize variety Proportion of land allocated to improved maize varieties  0.43 0.47 

Legume rotation Proportion of area under legumes rotation during the previous season  0.06 0.21 

Manure  1=if household used manure, 0 otherwise 0.56 0.50 

SWC  1=if household constructed soil-water conservation (SWC) practice, 0 otherwise 0.28 0.45 

Ploughing frequency Frequency of ploughing during the production season (lower frequency indicates reduced tillage) 3.57 1.31 

Residue retention 1= if a household retained crop residues from the previous season, 0 otherwise  0.24 0.42 

Envirnomntal factors ( itz )    

Temperature  Historical maximum monthly temperature in degree Celsius (°C) from 1990 to 2011 27.11 2.06 

Spring rainfall variability  Coefficient of variation of the monthly rainfall observations in the short rain season of 2009 and 2012  0.84 0.28 

Summer rainfall variability  Coefficient of variation of the monthly rainfall observations in the main rain season of 2009 and 2012  0.34 0.23 

Rainfall regime 1 = if amount of annual rainfall is less than 1000 mm, 0 if annual rainfall is above 1000 mm in 2009 and 2012 0.49 0.50 

Red soil  1= if the soil is red, 0 otherwise 0.44 0.50 

Black soil  1= if the soil is black, 0 otherwise  0.33 0.47 

Stress incidence  1= if a household faced production shock, 0 otherwise 0.43 0.50 

Ln Plot distance  Logarithm of plot distance from residence (in walking minutes) 1.61 1.19 

Lowland  1= if areas less than 1500 meters below sea level, 0 otherwise  0.10 0.30 

Midland (reference category) 1=if areas are between 1500 and 2300 meters above sea level, 0 otherwise 0.86 0.35 

Highland  1 = if areas above 2300 meters above sea level, 0 otherwise 0.04 0.20 
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Table 4.2 (Continued) 

Socio-econimc factors ( itm )    

Access to institutions Number of institutions the farm household can depend on for support   2.65 1.78 

Mobile phone   1 = if a farm household head had access to mobile phone, 0 otherwise 0.33 0.47 

Age  Age of the household head in years 43.49 12.84 

Education  Education of the household head in years of schooling 2.93 3.30 

Ownership of oxen Number of oxen owned by the farm household 1.64 1.46 

Credit  1= if a household had access to credit, 0 otherwise 0.23 0.42 

Savings  1=if a farm household had savings, 0 otherwise 0.48 0.50 

Gender  1=if gender of the farm household head is male, 0 if female 0.92 0.27 

Grain traders  Number of grain traders known and trusted by the household  2.02 4.07 

 

Source: Author 

 

  

 

 

 

 



 
 

134 
 

4.6 Results and discussion 

The estimates of the basic SF panel models are presented in Table 4.3, and those models with 

environmental variables determining the inefficiency effect are shown in Table 4.4. We present the 

results of the simple pooled stochastic frontier models for comparison (see Table 4.5). The simple 

pooled models do not distinguish between heterogeneity and inefficiency because a farm observed in 

two different periods is erroneously treated as two separate farms. The efficiency estimates from 

pooled data may not be accurate because the Jondrow et al. (1982) estimator is not consistent for 

pooled data as indicated in the methods section. The models are estimated under alternative 

assumptions of inefficiency distribution (see Figure A4.1). For our data, technical efficiency 

estimates generated from the half-normal assumption are different from those of the truncated, 

exponential and gamma assumptions. The truncated and exponential assumptions have striking 

consistency. Hence, either of the two distributional assumptions of inefficiency can be used for 

comparing the models. 
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Table 4.3 Parameter estimates of the translog stochastic production frontier panel models 
 

Production frontier 

 

Model 1 

BC92HN 

Model 2 

BC92TN 

Model 3 

TREHN 

Model 4 

TREEN 

Mode1 5 

GTREHN 

Coefficient Coefficient Coefficient Coefficient Coefficient 

Constant 0.34697*** 

0.043) 

0.255*** 

(0.044) 

0.489*** 

(0.038) 

0.31594*** 

(0.037) 

0.46694*** 

(0.085) 

Land 0.55064*** 

(0.053) 

0.554*** 

(0.049) 

0.547*** 

(0.0479) 

0.52914*** 

(0.047) 

0.55685*** 

(0.047) 

Oxen -0.05762 

(0.036) 

-0.062** 

(0.031) 

-0.044 

(0.0296) 

-0.03511 

(0.029) 

-0.06476** 

(0.031) 

Seed 0.08673** 

(0.039) 

0.091** 

(0.039) 

0.092** 

(0.0379) 

0.10602*** 

(0.037) 

0.07621** 

(0.035) 

Labour 0.19966*** 

(0.046) 

0.196*** 

(0.043) 

0.180*** 

(0.0415) 

0.17380*** 

(0.041) 

0.20567*** 

(0.041) 

Nitrogen 0.23068*** 

(0.014) 

0.230*** 

(0.014) 

0.223*** 

(0.0134) 

0.22745*** 

(0.013) 

0.23749*** 

(0.012) 

Pesticide 0.02578* 

(0.015) 

0.028* 

(0.014) 

0.032** 

(0.0141) 

0.03217** 

(0.014) 

0.02251* 

(0.014) 

0.5 Land2 -0.00047 

(0.064) 

0.000 

(0.062) 

-0.0207 

(0.0591) 

-0.04007 

(0.058) 

-0.01214 

(0.058) 

0.5 Oxen2 -0.01313* 

(0.008) 

-0.012 

(0.009) 

-0.009 

(0.0089) 

-0.00668 

(0.009) 

-0.01521** 

(0.007) 

0.5 Seed2 -0.12994*** 

(0.045) 

-0.129*** 

(0.049) 

-0.121*** 

(0.0464) 

-0.1217*** 

(0.046) 

-0.15463*** 

(0.041) 

0.5 Nitrogen2 0.05039*** 

(0.004) 

0.050*** 

(0.004) 

0.049*** 

(0.0037) 

0.0497*** 

(0.004) 

0.05233*** 

(0.003) 

0.5 Labour2 -0.30596*** 

(0.048) 

-0.301*** 

(0.055) 

-0.260*** 

(0.0532) 

-0.2653*** 

(0.053) 

-0.30260*** 

(0.044) 

0.5 Pesticide2 0.00633 

(0.006) 

0.007 

(0.006) 

0.009 

(0.0058) 

0.00932* 

(0.006) 

0.00625 

(0.006) 

Land x oxen 0.01041 

(0.027) 

0.013 

(0.031) 

0.005 

(0.0299) 

0.0067 

(0.030) 

0.01306 

(0.025) 

Land x seed 0.03697 

(0.048) 

0.038 

(0.048) 

0.056 

(0.046) 

0.06544 

(0.045) 

0.05374 

(0.043) 

Land x labour -0.01186 

(0.046) 

-0.015 

(0.049) 

-0.011 

(0.0476) 

-0.00394 

(0.047) 

-0.01721 

(0.042) 

Land x Nitrogen  0.00785 

(0.006) 

0.008 

(0.006) 

0.0102* 

(0.0062) 

0.00927 

(0.006) 

0.00796 

(0.006) 

Land x pesticide 0.01815** 

(0.008) 

0.018** 

(0.008) 

0.017** 

(0.008) 

0.01535** 

(0.007) 

.01899** 

(0.007) 

Seed x labour 0.15973*** 

(0.036) 

0.162*** 

(0.039) 

0.142*** 

(0.0381) 

0.13901*** 

(0.038) 

0.16754*** 

(0.033) 

Seed x pesticide -0.01510** 

(0.006) 

-0.015** 

(0.006) 

-0.015** 

(0.0060) 

-0.01440** 

(0.006) 

-0.01375** 

(0.006) 

Seed x nitrogen 0.00382 

(0.005) 

0.004 

(0.005) 

0.003 

(0.0051) 

0.00366 

(0.005) 

0.0023 

(0.005) 

Oxen x seed -0.04089* 

(0.025) 

-0.042 

(0.027) 

-0.0405 

(0.0254) 

-0.04283* 

(0.025) 

-0.04371* 

(0.023) 

Oxen x labour 0.07665*** 

(0.014) 

0.075*** 

(0.020) 

0.067*** 

(0.0189) 

0.06461*** 

(0.020) 

0.07469*** 

(0.013) 
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Table 4.3 (Continued) 

 

Oxen x pesticide -0.00533 

(0.006) 

-0.005 

(0.004) 

-0.004 

(0.0045) 

-0.00296 

(0.004) 

-0.00491 

(0.005) 

Nitrogen x oxen -0.00759** 

(0.004) 

-0.008** 

(0.004) 

-0.005 

(0.0039) 

-0.00468 

(0.004) 

-0.00715** 

(0.003) 

Nitrogen x labour -0.01637*** 

(0.006) 

-0.016*** 

(0.006) 

-0.02*** 

(0.0059) 

-0.0211*** 

(0.006) 

-0.01495*** 

(0.005) 

Nitrogen x pesticide -0.00181* 

(0.001) 

-0.002* 

(0.001) 

-0.002 

(0.0010) 

-0.00156* 

(0.001) 

-0.00177* 

(0.001) 

Labour x pesticide 0.00535 

(0.007 

0.005 

(0.007) 

0.005 

(0.0067) 

0.00498 

(0.007) 

0.00203 

(0.006) 

Estimated parameters  

v  0.4858 0.491 0.28*** 

(0.0163) 

0.33497*** 

(0.012) 

0.47 

  0.90543*** 

(0.029) 

2.731 2.38*** 

(0.0336) 

1.07322*** 

(0.023) 

0.44186* 

(0.227) 

  0.6552 1.428 0.723 0.491 0.51 

(0.024) 

   -6.3904 

(13.64) 

 0.3595*** 

(0.014) 

 

u  0.43982*** 

(0.008) 

1.341 0.667*** 

(0.0203) 

0.3595 0.21 

  0.04828 

(0.031) 

0.0895* 

(0.0531) 

   

  0.45 0.88 0.85 0.54 0.17 

w    0.260*** 

(0.0133) 

0.26029*** 

(0.013) 

0.155*** 

(0.008) 

h      0.823*** 

(0.074) 

Returns to scale at the mean 1.04 1.04 1.03 1.03 1.03 

Log-likelihood -3653.01 -3647.87 -3591.55 -3564.67 -3661.11 

 

Notes: * Significant at 10% level; **Significant at 5% level; ***Significant at 1% level. Standard errors are shown in 

parentheses. These models did not include environmental variables. Source: Author 

 

4.6.1 Heterogeneity and estimated production frontiers 

We find estimated technology coefficients to be insensitive to model specifications. These results are 

consistent with the existing frontier literature (Greene, 2008, Greene, 2005b, Coelli et al., 2005, 

Kumbhakar and Lovell, 2000). The technology parameters (output elasticity, the marginal 

productivity of inputs, input interaction effects and average returns to scale) are consistent across all 

models. The results show that output is more responsive to cropping acreage relative to other inputs 
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evaluated at the mean of the sample. Oxen power has a negative70 effect on output at the mean value. 

The negative effect is associated with the overuse of traditional oxen-power due to repeated 

ploughings (Temesgen, 2007, Temesgen et al., 2008, Temesgen et al., 2009). In certain production 

environments, some inputs can be weakly disposable (Coelli et al., 2005). Farmers also appear to 

face diminishing marginal returns for the use of labour and seed but increasing returns for the use of 

nitrogen. We observe significant positive interaction effects between some inputs (e.g. seed and 

labour, oxen and labour, land and pesticide), but negative interaction effects between others (seed 

and pesticide, nitrogen and labour). The average returns to scale is one indicating the sample farmers 

are operating at constant returns to scale evaluated at sample mean. Here, our main focus is on the 

inferences of technical efficiency.  

 

 

                                                           
70 Many studies on agricultural production in developing countries also found negative elasticities (e.g. Battese and 

Coelli, 1995, Battese and Coelli, 1992, Villano et al., 2015, Kumbhakar and Heshmati, 1995). The theoretical expectation 

of monotonicity (positive marginal products) with respect to all inputs may not be maintained given the possibility of 

overuse of some inputs leading to ‘input congestion' (Coelli et al., 2005). 
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Table 4.4 Estimates of the parameters of production frontier for models with environmental variables 

 

Determinstic production frontier ( itx ) BC92G 

Model 6 

 BC95 

Model 7 

 GEN  

Model 8 

  

 Coefficient SE Coefficient SE Coefficient SE   

Constant 0.23574*** 0.041 0.41706*** 0.064 0.70897*** 0.130   

Land 0.50697*** 0.048 0.48170*** 0.053 0.48368*** 0.050   

Oxen -0.03011 0.032 -0.02906 0.034 -0.02231 0.032   

Seed 0.08916*** 0.034 0.06557* 0.037 0.06744* 0.035   

Labour 0.18801*** 0.043 0.20913*** 0.046 0.19012*** 0.044   

Nitrogen 0.22130*** 0.013 0.22879*** 0.014 0.22373*** 0.014   

Pesticide 0.03202** 0.014 0.02327 0.015 0.02953** 0.014   

0.5 Land2 0.02254 0.062 0.03734 0.064 0.04584 0.061   

0.5 Oxen2 -0.00433 0.008 -0.01277* 0.008 -0.00478 0.008   

0.5 Seed2 -0.13590*** 0.043 -0.11772*** 0.044 -0.12173*** 0.043   

0.5 Nitrogen2 0.04938*** 0.004 0.05074*** 0.004 0.05027*** 0.004   

0.5 Labour2 -0.23252*** 0.050 -0.29068*** 0.046 -0.23533*** 0.048   

0.5 Pesticide2 0.00992* 0.006 0.00678 0.006 0.00892 0.006   

Land x oxen 0.01836 0.028 -0.01326 0.026 0.00269 0.026   

Land x seed 0.03503 0.046 0.02273 0.047 0.0267 0.046   

Land x labour -0.05409 0.046 -0.00934 0.044 -0.04808 0.044   

Land x nitrogen  0.00781 0.006 0.00119 0.006 0.00375 0.006   

Land x pesticide 0.01521** 0.008 0.01739** 0.008 0.01470* 0.008   

Seed x labour 0.16487*** 0.035 0.14099*** 0.034 0.14840*** 0.035   

Seed x pesticide -0.01331** 0.006 -0.01253** 0.006 -0.01120** 0.006   

Seed x nitrogen  0.00425 0.005 0.00701 0.005 0.00523 0.005   

Oxen x seed -0.03554 0.025 -0.03108 0.024 -0.02882 0.024   

Oxen x labour 0.05202*** 0.017 0.08150*** 0.014 0.05782*** 0.016   

Oxen x pesticide -0.00423 0.005 -0.00541 0.005 -0.0058 0.005   

Nitrogen x oxen -0.00485 0.003 -0.00308 0.003 -0.00346 0.004   

Nitrogen x labour -0.01884*** 0.006 -0.01820*** 0.006 -0.01708*** 0.006   

Nitrogen x pesticide -0.00134 0.001 -0.00097 0.001 -0.00099 0.001   
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Table 4.4 (Continued) 

 
Labour x pesticide 0.00494 0.007 0.00334 0.007 0.00375 0.007   

Environmental variables in the inefficiency 

effects component ( itE ) 

Variance function 

coefficient  

( ' ) 

SE Mean 

function 

coefficient 

 ( ' ) 

SE Mean 

function 

coefficient 

( ' ) 

SE Variance 

function 

coefficient 

( ' ) 

SE 

Constant NA  1.50391*** 0.181 2.02069*** 0.361 NA  

Sustinbale agricultural practices ( its )         

Improved maize variety -0.31075*** 0.059 -0.19401*** 0.029 -0.30277** 0.154 -0.07282** 0.029 

Legume rotation -0.32706*** 0.117 -0.10716   0.070 -0.10419 0.136 -0.07842 0.055 

Manure use -0.11887*** 0.042 -0.04600** 0.022 -0.01738 0.047 -0.05368** 0.022 

SWC   -0.11924** 0.048 -0.04814* 0.025 -0.02417 0.054 -0.05843** 0.025 

Ploughing frequency 0.05066** 0.021 0.04568*** 0.011 0.08281* 0.046 0.00211 0.012 

Residue retention 0.39296*** 0.116 0.13168* 0.074 0.02743 0.182 0.17078*** 0.063 

Ploughing frequency x residue retention -0.09796*** 0.034 -0.02535  0.020 0.01656 0.051 -0.04349** 0.018 

Environmental factors ( itz )         

Temperature -0.06231*** 0.016 -0.03736*** 0.006 -0.00852 0.031 -0.03185* 0.018 

Spring rainfall variability 0.19082** 0.083 0.16315*** 0.050 0.35003 0.222 0.05015 0.045 

Summer rainfall variability  0.48997*** 0.118 0.20390*** 0.063 0.08089 0.204 0.15683* 0.082 

Rainfall regime -0.38114*** 0.073 -0.22989*** 0.032 -0.73588* 0.380 0.16279** 0.067 

Red soil 0.14655*** 0.054 0.06949*** 0.026 0.07879 0.075 0.03603 0.028 

Black soil  -0.05913 0.054 -0.05093* 0.026 -0.08118 0.069 -0.005 0.027 

Stress incidence 0.65308*** 0.060 0.18038*** 0.023 0.02653 0.048 0.28149*** 0.043 

Lowland 0.1309 0.103 0.02998 0.042 0.30334 0.343 -0.11487 0.163 

Highland -0.22387 0.141 -0.11542** 0.056 -1.07978** 0.537 0.56186*** 0.203 

ln plot distance  -0.06643*** 0.019 -0.01836** 0.009 -0.00226 0.020 -0.02894*** 0.011 

Socio-econic factors ( itm )         

Access to institutions -0.03061** 0.015 -0.01363** 0.007 -0.00869 0.014 -0.01367* 0.008 

Mobile phone -0.15983*** 0.057 -0.03389 0.023 -0.02187 0.055 -0.02738 0.029 

Age  0.00339 0.002 0.00166* 0.001 0.00357 0.004 0.00016 0.002 

Education  0.00117 0.009 0.00001 0.004 0.00661 0.015 -0.00257 0.007 
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Table 4.4 (Continued) 

 
Oxen ownership -0.06016*** 0.021 -0.02893*** 0.009 0.02012 0.025 -0.04519*** 0.013 

Credit -0.01501 0.050 0.05704** 0.024 0.12122 0.077 -0.02344 0.026 

Savings -0.20362*** 0.051 -0.09461*** 0.024 -0.06906 0.062 -0.06160** 0.026 

Gender  -0.27759*** 0.082 -0.17708*** 0.034 -0.21677 0.149 -0.05259 0.052 

Grain traders  -0.02464*** 0.008 -0.00646** 0.003 -0.00401 0.006 -0.00782** 0.003 

Variance parameters averaged over observations     

it  
4.59*** 0.09134 0.468*** 0.034 1.01*** 0.237   

it  
2.18  0.53  0.66    

v  
0.47  0.48  0.47    

uit  
2.13 4.47 0.23*** 0.004 0.47 0.097   

it  
0.96  0.18  0.50    

0    -0.052* 0.027     

Returns to scale at the mean 1.01  0.98  0.97    

Log-likelihood  -3385.91  -3419.60  -3288.10    

 

Notes: * Significant at 10% level; **Significant at 5% level; ***Significant at 1% level. A negative coefficient parameter estimate on the inefficiency effects part shows that 

the variable has a positive effect on efficiency. SE is standard error. NA=not applicable (a constant is not required in the variance function of the itE vector). The variance 

parameters are averaged over observations as these change with the environmental variables across time. Source: Author 
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While the technology coefficients are consistent across models, frontier intercepts 

(constants) are not. Some models have relatively higher frontier intercepts than others (e.g. 

Models 3, 5, 7, 8 and 9). In particular, the highest frontier intercept is associated with the 

general model (Model 8). On the other hand, Model 2 and Model 6 have relatively lower 

intercepts relative to the other models. The remaining models fall in between these two 

extremes. Differences in the levels of frontier intercept may indicate the extent of 

heterogeneity affecting estimated inefficiency (Greene, 2008, Kumbhakar and Lovell, 2000), 

an issue we now explore in detail. 

 

 
Table 4.5 Parameter estimates of the translog stochastic production frontier simple pooled models 

 

Production frontier ( ix ) 

 

Model 9 

HN 

Model 10 

TN 

Model 11 

EN 

Model 12 

GN 

Coefficient Coefficient Coefficient Coefficient 

Constant 0.49065*** 

(0.037) 

0.31533*** 

(0.047) 

0.3140*** 

(0.037) 

0.3024*** 

(0.047) 

Land 0.56496*** 

(0.049) 

0.54940*** 

(0.049) 

0.5490*** 

(0.048) 

0.5487*** 

(0.049) 

Oxen -0.06606** 

(0.030) 

-0.06089* 

(0.032) 

-0.0606** 

(0.030) 

-0.06043* 

(0.032) 

Seed 0.09735** 

(0.039) 

0.11075*** 

(0.038) 

0.1108*** 

(0.038) 

0.1111*** 

(0.038) 

Labour 0.18277*** 

(0.042) 

0.17735*** 

(0.043) 

0.1776*** 

(0.042) 

0.1776*** 

(0.043) 

Nitrogen 0.22690*** 

(0.013) 

0.23148*** 

(0.013) 

0.2313*** 

(0.013) 

0.2315*** 

(0.013) 

Pesticide 0.03897*** 

(0.014) 

0.03871*** 

(0.015) 

0.0386*** 

(0.014) 

0.0386*** 

(0.015) 

0.5 Land2 0.00479 

(0.061) 

-0.0108 

(0.059) 

-0.012 

(0.060) 

-0.01213 

(0.059) 

0.5 Oxen2 -0.01532* 

(0.009) 

-0.01326 

(0.008) 

-0.0134 

(0.009) 

-0.01335 

(0.008) 

0.5 Seed2 -0.12807*** 

(0.047) 

-0.12874*** 

(0.044) 

-0.1292*** 

(0.047) 

-0.1293*** 

(0.044) 

0.5 Nitrogen2 0.05034*** 

(0.004) 

0.05147*** 

(0.004) 

0.0514*** 

(0.004) 

0.0515*** 

(0.004) 

0.5 Labour2 -0.26684*** 

(0.054) 

-0.26990*** 

(0.049) 

-0.2704*** 

(0.055) 

-0.2707*** 

(0.049) 

0.5 Pesticide2 0.01176** 

(0.006) 

0.01189* 

(0.006) 

0.0119** 

(0.006) 

0.01185* 

(0.006) 

Land x oxen 0.0131 

(0.030) 

0.01283 

(0.028) 

0.0128 

(0.031) 

0.0128 

(0.028) 
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Table 4.5 (Continued) 

 

Land x seed 0.04444 

(0.047) 

0.05401 

(0.045) 

0.0546 

(0.046) 

0.05477 

(0.045) 

Land x labour -0.03068 

(0.049) 

-0.0239 

(0.044) 

-0.0235 

(0.048) 

-0.0233 

(0.044) 

Land x Nitrogen  0.01066* 

(0.006) 

0.00988* 

(0.006) 

0.0099 

(0.006) 

0.00983* 

(0.006) 

Land x pesticide 0.01758** 

(0.008) 

0.01601** 

(0.008) 

0.016** 

(0.008) 

0.01596** 

(0.008) 

Seed x labour 0.16604*** 

(0.039) 

0.16073*** 

(0.034) 

0.1606*** 

(0.039) 

0.1605*** 

(0.034) 

Seed x pesticide -0.01637*** 

(0.006) 

-0.01549** 

(.006) 

-0.0155** 

(0.006) 

-0.01549** 

(0.006) 

Seed x nitrogen 0.00409 

(0.005) 

0.00451 

(0.005) 

0.0045 

(0.005) 

0.00453 

(0.005) 

Oxen x seed -0.04626* 

(0.026) 

-.04703* 

(0.025) 

-0.0470* 

(0.026) 

-0.04698* 

(0.025) 

Oxen x labour 0.07086*** 

(0.019) 

0.06962*** 

(0.017) 

0.0698*** 

(0.020) 

0.0698*** 

(0.017) 

Oxen x pesticide -0.00327 

(0.005) 

-0.00224 

(0.005) 

-0.0022 

(0.004) 

-0.00216 

(0.005) 

Nitrogen x oxen -0.00674* 

(0.004) 

-0.00660* 

(0.004) 

-0.0066 

(0.004) 

-0.0066* 

(0.004) 

Nitrogen x labour -0.02236*** 

(0.006) 

-0.02218*** 

(0.006) 

-0.0222*** 

(0.006) 

-0.0222*** 

(0.006) 

Nitrogen x pesticide -0.00202** 

(0.001) 

-0.00203** 

(0.001) 

-0.0020** 

(0.001) 

-0.00203** 

(0.001) 

Labour x pesticide 0.00434 

(0.007) 

0.00433 

(0.007) 

0.0044 

(0.007) 

0.00436 

(0.007) 

Estimated parameters     

    2.7585*** 

(0.111) 

2.700*** 

(0.165) 

P    0.9473*** 

(0.116) 

v  0.376 0.421 0.4213***  

 (0.009) 

0.4233*** 

(0.010) 

  1.7920*** 

(0.058) 

15.30       0.86 0.853 

  0.77282*** 

(0.001) 

6.46       0.56 0.56 

   -113.22 

 

  

u  0.67 6.465 0.363 0.361 

  0.76 1.00 0.43 0.42 

Returns to scale at the mean 1.04 1.05 1.05 1.05 

Log-likelihood -3644.80 -3621.19 -3621.10 -3620.96 

 

Notes: * Significant at 10% level; **Significant at 5% level; ***Significant at 1% level. Standard errors are 

shown in parentheses. These models did not include environmental variables. Source: Author 
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4.6.2 Technical efficiency estimates and firm heterogeneity 

Table 4.6 presents the summary statistics of technical efficiency estimates of the models. 

Mean technical efficiencies range from the lowest (47%) in the general Wang (2002) model 

(Model 8 or GEN) to the highest (78%) in Battese and Coelli (1992) model with the 

truncated-normal specification (Model 2 or BC92TN). Note that the general model (Model 8) 

incorporates the same set of environmental variables in the mean and the variance of 

inefficiency. Mean technical efficiencies for five models stand at 71% or 72%. The mean 

efficiency estimate for the Battese and Coelli (1992) model with environmental variables in 

the variance of inefficiency measure (Model 6) is 75%. Note that this model (Model 6) 

corrects for heteroscedasticity problem in the variance of inefficiency using measured 

environmental variables. The simple pooled half-normal model (Model 9), Greene’s TRE 

half-normal model (Model 3) and Battese and Coelli (1995) with environmental variables in 

the mean function (Model 7) have a mean efficiency of just over 61%. The GTRE model 

provides estimates of the persistent (PGTRE) and transient (TGTRE) component of technical 

efficiency. The mean persistent technical efficiency score is 76% while the mean residual 

(transient) technical efficiency score is 87%. From Figure 4.4, the spread of efficiency is 

higher for the persistent component than for the residual component. These results suggest 

that persistent technical inefficiency is a larger problem than residual technical inefficiency 

for the smallholder maize producers in Ethiopia. Kumbhakar et al. (2014) also found similar 

results for  Norwegian grain farms. A greater persistent inefficiency gap of 32% [((1-0.76) 

/0.76) × 100] than transient inefficiency gap of 15% [((1-0.87)/0.87) × 100] underscores the 

need for addressing structural inefficiency drivers in maize production. Nonetheless, these 

clear differences in efficiency estimates among the different groups of SF models 

demonstrate the difficulty in correctly measuring technical efficiency estimates. Kumbhakar 

et al. (2014) also demonstrated a similar finding for the Norwegian grain farms.  
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Table 4.6 Summary statistics of technical efficiency for the estimated frontier models 

 

Models  Mean Std. Dev. Minimum Maximum 

Basic stochastic frontier random effects panel models 

Model 1 (BC92HN) 0.71 0.11 0.26 0.92 

Model 2 (BC92TN) 0.78 0.11 0.23 0.93 

Model 3 (TREHN) 0.61 0.16 0.08 0.92 

Model 4 (TREEN) 0.72 0.14 0.07 0.92 

Model 5 (GTRE)     

   Persistent efficiency (PGTRE) 0.76 0.06 0.42 0.90 

   Transient efficiency (TGTRE) 0.87 0.02 0.74 0.91 

   Overall efficiency (OTE) 0.66 0.06 0.35 0.81 

Frontier random effects panel models with environmental variables  

Model 6 (BC92G) 0.75 0.15 0.09 0.97 

Model 7 (BC95) 0.63 0.14 0.23 0.92 

Model 8 (GEN) 0.47 0.12 0.09 0.84 

Pooled stochastic frontier models  

Model 9 (HN) 0.61 0.16 0.14 0.91 

Model 10 (TN) 0.71 0.14 0.08 0.92 

Model 11 (EN) 0.72 0.14 0.06 0.92 

Model 12 (GN) 0.72 0.14 0.06 0.93 

Source: Author  

We observe an inverse relationship between frontier intercept levels and mean 

technical efficiency estimates. That is, models with higher frontier intercepts (e.g., Models 3, 

5 (OTE), 7, 8 and 9) are associated with lower mean efficiency and vice versa (see Figure 

4.2). In particular, the general model (Model 8) has the highest intercept and the lowest mean 

efficiency inference. Such an inverse relationship appears to be an important indicator of 

heterogeneity/heteroscedasticity bias that appears as inefficiency. Based on a simulation 

study, Caudill and Ford (1993) revealed that neglected heterogeneity in the variance of 

inefficiency (heteroscedasticity/misspecification) could lead to overestimation of frontier 

intercept and inefficiency measure. By definition, overestimation of inefficiency measure 

means an underestimation of technical efficiency. Likewise, the general model (Model 8) 

seems to support this conjecture. The Battese and Coelli (1995) inefficiency effects model 

(Model 7), the half-normal TRE model (Model 3) and the half-normal simple pooled models 

(Model 9) also show a similar trend. By contrast, Model 2 and Model 6 have relatively lower 

frontier intercepts and higher mean efficiency estimates. This observation implies that these 
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models seem to be less impacted by the bias compared to other models. It appears that both 

observed and unobserved heterogeneity leads to higher frontier intercepts and understated 

efficiency estimates. Some empirical studies have also reported a greater effect of neglected 

heteroscedasticity on technical efficiency estimates (Caudill et al., 1995, Kumbhakar et al., 

2014). 

 

 
Figure 4.2 Plots of mean technical efficiency (TE) and frontier intercept for stochastic frontier models. 

 
Note: The figure shows that the higher mean efficiency the lower is frontier intercept. Greene’s TRE models 

(Model 3 and Model 4) are very close to pooled models 9 and 10. The truncated-normal basic panel model 

(Model 2) is very close to the model with environmental variables in the variance of inefficiency measure 

(Model 6). The general model in which the same set of environmental variables is incorporated in the mean 

and variance of inefficiency (Model 8) has highest intercept and the lowest mean efficiency estimate of all the 

models. A similar trend is observed for the half-normal TRE (Model 3), the half-normal pooled (Model 9) and 

the BC95 inefficiency effects model (Model 7).  Source: Author 

 

 

Concerning the observed heterogeneity, the channels with which the environmental 

variables enter the inefficiency measure (mean, variance and both) appear to be the major 

source of bias. It should be noted that environmental variables are incorporated via the 
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inefficiency component71. The model with environmental variables incorporated in the 

variance of inefficiency (Model 6) is close to Model 2. On the other hand, the Battese and 

Coelli (1995) model (Model 7) with environmental variables incorporated in the mean 

function yielded mean efficiency estimates that are very close to the simple pooled model 

(Model 9) and Green’s TRE model (Model 3). The ‘general’ model (Model 8) in which the 

same set of environmental variables are simultaneously incorporated in the mean and the 

variance of inefficiency had the lowest mean efficiency estimate (47%). Using the other 

results as a benchmark, mean efficiency estimate from the ‘general’72 model (Model 8) 

appears implausible. We also observe that efficiency estimates from Models 7 and 8 appear 

understated relative to the estimates of other models (see lower panel of Figure A4.2 and 

upper panel of Figure A4.3).  

The results appear to support the prior conjecture that RE models that incorporate 

environmental variables in the mean function of the inefficiency measure can lead to biased 

efficiency inference due to misspecification and statistical error as argued in the literature 

(Simar et al., 1994, Kumbhakar and Lovell, 2000, Alvarez et al., 2006). As  the authors 

argue, the misspecification and statistical error could arise due to the unrealistic 

independence assumption of the inefficiency over time, i.e., when each farm observed in 

different periods is treated as separate farms and the mean function (additive formulation) by 

which environmental variables are related in the truncated mean function in models 7 and 8. 

Furthermore, the simultaneous placement of the same set of environmental variables in both 

the mean and the variance of inefficiency measure as in Wang (2002) could distort efficiency 

                                                           
71 Environmental variables can also be incorporated directly into the production frontier function. However, we 

opted for the inefficiency channel as our focus is on technical efficiency. The efficiency channel is an intuitive 

and a preferred approach in the literature for this purpose (e.g. Coelli, 1999, Kumbhkar at al., 2014). 

Incorporating measured heterogeneity in both the production and inefficiency channels can lead to identification 

problems (Greene, 2008). 
72 Research evidence based on simulated and real data shows ‘general’ models can be misspecified and their 

flexibility does not guarantee reliability or better outperformance than simpler models (Badunenko and 

Kumbhakar, 2016). 
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estimates due to potential confounding effects because mean and variance statistics are not 

unrelated.  

Efficiency estimates also depend on the distributional assumptions of inefficiency. 

For example, the mean technical efficiency estimate of the half-normal RE model (Model 1) 

is 71% while that of the truncated-normal RE model (Model 2) is 78%. Since these models 

are nested within each other, they can be compared using the likelihood ratio test. In our case, 

the test rejected Model 1 in favour of Model 2 at 1% level of significance. The mean 

technical efficiency estimates for the half-normal and exponential-normal TRE model are 

61% and 72%, respectively. The overall TE from the GTRE model is also understated (66%) 

and appears to be affected by the half-normality of the inefficiency distribution, which is not 

supported for our data. These results support the notion that efficiency estimates are sensitive 

to distributional assumptions of the inefficiency term (Coelli et al., 2005, Kumbhakar and 

Lovell, 2000). Thus, the assumption of the inefficiency distribution appears to distort 

efficiency estimates, especially when heterogeneity is not measured but assumed to be 

constant for each firm. 

Further, the efficiency estimates of TRE models (Models 3 and 4) which treat all firm 

effects as heterogeneity are much closer to the simple pooled models than to the RE models 

(Models 1 and 2). Greene (2005b) also found a similar result using a banking application in 

which the TRE model had similar estimates as the simple SF pooled model. Note that the RE 

models treat unobserved firm effects as overall technical inefficiency. Figure 4.3 shows 

pairwise scatter plots for the SF panel models with and without environmental variables. The 

graphical illustration clearly shows the differences between the models for efficiency 

estimates. The scatter plots also show that the efficiency estimates from the TRE models are 

closer to those of the simple pooled half-normal or exponential–normal models than to the 

basic RE models. The kernel density distribution of technical efficiency confirms the striking 
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consistency of Greene’s TRE models with the simple pooled frontier models than to the 

Battese and Coelli RE models (see Figure A4.2). We also observe that the RE models are 

close to the persistent efficiency (PGTRE) while the TRE models are close to residual 

efficiency (TGTRE). Similarly, the RE models with environmental variables are closer to the 

persistent efficiency than to the transient efficiency. These observations are consistent 

irrespective of the assumptions of inefficiency distribution.  
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Figure 4.3  Scatter plot matrices of pairwise technical efficiency estimates of the alternative models. 
Note: Technical efficiency levels for each scatter plot are shown on both the horizontal and vertical axes for each pair-wise 

comparison. The transient and persistent efficiency are included for comparison. The figure shows that the TRE models 

(TREHN and TREEN) have a relatively a higher correlation with the simple pooled models than the RE models (BC92HN 

and BC92TN). The RE models with environmental variables are closer to the persistent (PGTRE) than to the transient 

efficiency (TGTRE). Source: Author 
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Technical efficiency across the different groups of models (RE or TRE) depends on 

the way heterogeneity is treated rather than the assumptions of inefficiency distribution. We 

recall that TRE models completely ignore persistent inefficiency. The GTRE model (Model 

5) reveals substantial persistent technical inefficiency which is captured by the RE models 

but not by the TRE models (see Figure 4.4). We observe that both the persistent and transient 

efficiency scores are closer to the RE models than to the TRE model (see Figure A4.3). Thus, 

the TRE models that mimic the simple pooled models (lump all heterogeneity with 

inefficiency) appear not supported for our data. Likewise, efficiency estimates from simple 

pooled models are less likely to be correct (Kumbhakar and Lovell, 2000).  

 

 

 

Figure 4.4 Distribution of persistent, transient and overall technical efficiency from the GTRE model. 

Source: Author 
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4.6.3 Ranking of farm households and heterogeneity  

Ranking of farm households based on their efficiency scores is also interesting for policy 

purposes. If different frontier models rank farm households differently, then policy inference 

may be fragile and inconsistent as noted by Abdulai and Tietje (2007). Table 4.7 provides the 

Spearman rank correlation coefficients for the technical efficiency scores generated from the 

estimated stochastic frontier models. The coefficients show the close rankings of farm 

households based on their efficiency scores. The results suggest that Greene’s TRE models 

(Models 3 and 4) have strong ranking correlations (0.97) with the simple pooled models 

(Models 9 and 10). On the other hand, the basic RE Battese and Coelli basic models (Models 

1 and 2) have relatively weaker ranking correlations with the TRE models or the simple 

pooled models. This result suggests that the RE and TRE panel models show quite 

inconsistent efficiency patterns and hence inconsistent rankings. We observe that the ranking 

correlations between the TRE models (Models 3 and 4) are consistent with the transient 

efficiency (TGTRE). Conversely, the RE models (Models 1 and 2) are close to the persistent 

efficiency (PTGRE). Ranking correlations between PGTRE and TGTRE are positive but 

weak (0.39); and one would not expect these two estimates to be highly correlated. The result 

could indicate some overlap in estimating these two types of inefficiencies (see Figure 4.4). 

Based on a simulation experiment and real data, Badunenko and Kumbhakar (2016) showed 

that the GTRE model might not separate the four error components reliably and the model 

may not outperform the preceding simpler panel models. According to the authors, either the 

persistent or the transient inefficiency is estimated reliably at any one time but not 

simultaneously. Among the extensions of RE modes, incorporating environmental variables 

(measured heterogeneity) in the variance of inefficiency (Model 6) appears to provide closer 

ranking of technical efficiency to the basic RE models (Models 1 and 2) and persistent 

efficiency (PGTRE) than incorporating in the mean (Model 7) and in both the mean and the 
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variance simultaneously (Model 8). These modes (Models 6, 7 and 8) also show weak 

ranking correlations with the TRE modes (Models 3 and 4) and the transient efficiency 

(TGTRE).  

 

 
Table 4.7 Spearman rank correlation between efficiency estimates of the frontier models 
 

 

Models BC92HN 

Model 1 

BC92TN 

Model 2 

TREHN 

Model 3 

TREEN 

Model 4 

TGTRE 

Model 5 

PGTRE 

Model 5 

BC92G 

Model 6 

BC95 

Model 

7 

GEN 

Model 

8 

HN 

Model 

9 

TN 

Model 

10 

BC92HN 1.00           

BC92TN 1.00 1.00          

TREHN 0.64 0.64 1.00         

TREEN 0.63 0.63 1.00 1.00        

TGTRE 0.41 0.40 0.94 0.94 1.00       

PGTRE 0.98 0.98 0.63 0.63 0.39 1.00      

BC92G 0.78 0.77 0.57 0.56 0.38 0.77 1.00     

BC95 0.74 0.74 0.49 0.49 0.31 0.74 0.82 1.00    

GEN 0.71 0.71 0.52 0.52 0.36 0.70 0.94 0.90 1.00   

HN 0.78 0.78 0.97 0.97 0.86 0.77 0.66 0.59 0.61 1.00  

TN 0.78 0.78 0.97 0.97 0.86 0.77 0.66 0.59 0.61 1.00 1.00 

 

Note: The simple pooled exponential-normal (Model 11) and gamma-normal model (Model 12) have similar results with 

those of truncated-normal (Model 10). The results are not reported to conserve space. Source: Author 

 

These results reveal substantial persistent inefficiency which is picked up by the RE 

and GTRE models but not by the TRE or the simple pooled models. We argue that the TRE 

model’s core assumption that technical efficiency is only transient could be inappropriate for 

agricultural production environments such as ours (see Figure 4.4). Persistent inefficiency 

could be a result of some rigidity in the structure and managerial capabilities in the 

production process (Kumbhakar et al., 2014, Kumbhakar and Heshmati, 1995, Filippini and 

Greene, 2016). Factors such as gender of the farm manager, work motivation, traditional farm 

power, and agroecology as well as soil types could lead to persistent inefficiency for our 

production context. For example, we find that the use of improved maize variety is 

statistically significant and correlated with persistent efficiency, but not with transient 
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efficiency (see Table A4.1). The result could be a result of maize breeding for persistent 

abiotic factors such as drought, acidic soils, and diverse agro-ecology rather than transient 

biotic factors of disease, weeds, and insects73.  

Overall, our results underscore the importance of scrutinising stochastic frontier 

models for their empirical consistency in the context of production environments 

(Kumbhakar et al., 2014). Among the panel models that address unmeasured heterogeneity 

(environmental variables are not controlled for) but are assumed to be constant for each firm, 

the mean efficiency estimate (78%) from the basic truncated-normal Battese and Coelli 

(1992) model (Model 2) appears to be less biased. However, when differences in production 

environments are measured, the mean efficiency estimate (75%) from the RE model (Model 

6) that incorporates environmental variables into the variance of inefficiency (Greene, 2005b) 

appears to be less biased74 than the panel models which incorporate into the mean or both the 

mean and variance of inefficiency. These efficiency estimates (the average from the above 

two preferred models, 76.5%) are also comparable with efficiency estimates from Ethiopia 

and elsewhere in Africa. For example, based on meta-regression analysis, Bravo-Ureta et al. 

(2007) found average technical efficiency for maize production to be about 75% and average 

technical efficiency for the African region to be about 74%. Furthermore, the discrepancy 

ratio   for Model 2 (0.88) and Model 6 (0.96) is close to one. This implies that 88% of the 

total variation in output is attributed to inefficiency in Model 2 and 96% in Model 6. Thus, 

these models attribute variations around the frontier primarily to inefficiency effects than 

random noise.  

 

                                                           
73 This issue is beyond the scope of the present study and further investigation is required to associate the 

different sustainable agricultural practices with transient and persistent technical efficiency.  
74 We also estimated this model in a pooled framework with environmental variables in the variance of 

inefficiency and found consistent results (results not shown for brevity).  
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4.7 Concluding remarks 

This paper estimated the technical efficiency of maize farmers in Ethiopia using stochastic 

production frontier models that take different approaches to address observed and unobserved 

heterogeneity. The first type is random effects (RE) panel models which treat unobserved 

firm effects as part of overall inefficiency. The second type includes ‘true’ random effects 

(TRE) panel models which treat all unobserved firm effects as heterogeneity, not as 

inefficiency. We decompose overall technical efficiency into persistent and transient 

components using a general model (GTRE) that has both features. We also estimated RE 

models with environmental variables (observed heterogeneity) incorporated into the 

inefficiency measure as well as simple pooled models (without observed heterogeneity) for 

comparison. 

We show that technical efficiency estimates are sensitive to how unobserved and 

observed heterogeneity is treated as well as assumptions about the inefficiency distribution. 

Mean technical efficiency estimates from the investigated models range from 47% to 78%. 

However, we find consistent estimates for the production technology parameters: output 

elasticity, marginal returns to inputs, input interaction effects and average returns to scale. 

We draw three methodological insights from this case study. First, the TRE panel 

models generate results that are strikingly close to those from the simple pooled models. This 

result is in contrast to the RE models. Given the apparent advantage of panel data over cross-

sectional data (Kumbhakar and Lovell, 2000), the RE models that treat firm effects as part of 

overall technical inefficiency would appear to be more appropriate than the TRE models that 

have no allowance for persistent inefficiency for our data. Also, the GTRE model reveals 

evidence of substantial persistent inefficiency gap (32%) in Ethiopian maize production 

which is also picked by the RE models but not by the TRE models.  

Second, incorporating environmental variables (observed heterogeneity) in the 
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variance of the inefficiency component of the RE model (Model 6) appears to provide more 

consistent efficiency estimates with the corresponding truncated-normal simple RE model 

(Model 2) than incorporating them in the mean (Model 7) or both the mean and the variance 

simultaneously (Model 8). Likewise, the efficiency estimates from the RE models (Model 2 

and Model 6) are consistent with the persistent efficiency (PGTRE) estimates predicted by 

the GTRE model (Model 5). In particular, efficiency estimates from a ‘general’ model 

(Model 8) that allows the same set of environmental variables in the mean and the variance 

simultaneously appears less plausible. The results underscore the importance of evaluating 

stochastic frontier models for their empirical consistency before making policy prescriptions 

about addressing the inefficiency gap. 

Third, technical efficiency estimates are not necessarily robust to inefficiency 

distributions. In particular, the observation that the half-normal distribution yields mean 

efficiency estimates that are inconsistent with those from the truncated and exponential and 

gamma-normal is important given that the half-normal distribution is the most frequently 

used assumption in practice. These results underscore the importance of choosing appropriate 

distributional assumptions (flexible or otherwise) for production environments rather than 

focusing on the appeal of parsimony of a particular distribution. The choice also should not 

be a matter of computational convenience or software availability as pointed out by Coelli et 

al. (2005). For our data, the half-normal assumption of inefficiency distribution is rejected in 

favour of the flexible truncated-normal. 

The literature on stochastic production frontier analysis does not provide clear criteria 

for choosing the right stochastic frontier model for a given data set. Likewise, estimated 

technical efficiency measures rest on strong distribution assumptions that have no basis in 

economic reasoning. However, this study demonstrated that evaluating a broad set of 

stochastic frontier models could help researchers to narrow the range of possible models to 
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consider and make an educated choice of the model that best fits with their data, given their 

specific production and institutional environment that reflect the extent of heterogeneity. As 

also argued by Kumbhakar et al. (2014), no one model can be considered an adequate 

representation of the "true" efficiency given efficiencies are unobserved or a ‘modelled 

effect’. Further research could investigate ‘model averaging’ techniques as an alternative to 

model selection in stochastic frontier models taking into account both technology parameters 

and efficiency scores.   

Overall the results have two implications for policy. First, policy inferences regarding 

technology parameters are easier to draw since their estimates are consistent across the SF 

models. Second, policy inferences on the technical efficiency gap can be sensitive to model 

specification and require cautious assessment as different SF models can yield different 

technical efficiency scores. For example, a considerable amount of public resources would 

appear to be required to close a wider productive efficiency gap in Model 8 (47%) than 

Model 2 (78%). Therefore, accurate assessment of efficiency in SF models is crucial to guide 

policy programs on enhancing productive efficiency in developing countries such as Ethiopia.  
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Appendices 

 
 
Table A4.1 Partial and Semipartial correlation of the use of improved maize variety with transient and 

persistent technical efficiency.  

 

Variable Partial 

correlation 

Semipartial 

correlation 

Partial 

correlation 

squared 

Semipartial 

correlation 

squared 

Significance 

value 

Transient 

technical 

efficiency 

0.0154 0.0152 0.0002 0.0002 0.3034 

Persistent 

technical 

efficiency 

0.1316 0.1312 0.0173 0.0172 0.0000 

 
Note: Improved maize variety is measured as the proportion of land allocated to improved maize varieties. 

Source: Author 
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Figure A4.1 Kernel density estimates of technical efficiency for simple pooled stochastic frontier models: half-

normal (HN), truncated –normal (TN), exponential-normal (EN) and gamma-normal (GN). The figure shows 

that technical efficiency estimates from the pooled truncated-normal, exponential-normal and gamma-normal 

distributions are highly consistent but the half-normal distribution is quite different from them. The truncated-

normal and the exponential-normal distributions have a striking agreement. Source: Author 
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Figure A4.2 Kernel density estimates of technical efficiency under half-normal (upper panel) and under 

truncated normal distributional assumptions of inefficiency (lower panel). The figure clearly shows that TRE 

models are very close to the simple pooled model (HN) than to other models. The Battese and Coelli (1995) 

inefficiency effects model and the general model (GEN) are quite different from the benchmark simple pooled 

models (TN) or the basic panel frontier models (TREEN or BC92TN). The general model greatly 

underestimates efficiency scores. Source: Author 
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Figure A4.3 Technical efficiency scatter plots from panel models relative to the efficiency score from the simple 

pooled truncated-normal (TN) model (upper panel) and the half-normal (HN) model (lower panel). The figures 

clearly show that the efficiency score of the TRE models highly correlate with the simple pooled models as 

shown by the linear trend. The persistent and transient efficiency scores are closer to the BC92G than to the 

TREHN model. The BC95 inefficiency effects model and the general model (GEN) underestimate efficiency 

inference in comparison to other panel models.  Source: Author 
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The focus of all previous chapters (Chapters Two to Four) was on the physical relationship 

between output and inputs under the current production technology; cost and prices of inputs 

are not taken into account. In this chapter, we investigate the effects of single and combined 

use of SAI practices on the cost efficiency of smallholder farmers. We do this by estimating a 

cost frontier and incorporating SAI practices into the frontier function. It should be noted that 

although duality theory in production economics implies that the features of the cost function 

can be recovered from the production function and vice versa, this is not always empirically 

possible especially in the developing country context where production factor markets are 

imperfect. 
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5. Sustainable Agricultural Intensification Practices and Cost Efficiency in 

Smallholder Maize Farming: Evidence from Ethiopia 

 

Abstract 

Sustainable agricultural intensification (SAI) practices have been promoted to improve 

environmental services and farm productivity in developing countries. However, it is unclear 

whether the implementation of SAI practices in isolation or combinations increases the cost 

efficiency of smallholder farmers. This study investigates whether the use of SAI practices 

has any effects on the cost efficiency of smallholder maize producers in Ethiopia. We 

estimate stochastic cost frontier models that account for heterogeneity across farms. The key 

result demonstrates that the use of individual SAI practices has a significant and positive 

effect on cost (increase cost), while the combined use of the practices has the reverse effects 

(offsets cost). Furthermore, the marginal effects of all SAI practices are still positive when 

evaluated at the sample mean of SAI adoption/use levels indicating that there is a decrease in 

cost but, it is not substantial.  However, when SAI practices are set at their sample maximum 

levels, the marginal effect of SAI use is negative indicating cost decreases substantially with 

higher levels of SAI use. Environmental, institutional and socio-economic factors that 

significantly influence the cost of production are also discussed. Overall, the results 

demonstrate the relevance of exploiting beneficial synergistic effects of SAI practices to help 

farmers minimise the cost of external inputs, adverse effects of soil degradation and climate 

variability. The results suggest that policy programs should focus on promoting a portfolio 

(packages) of SAI practices as opposed to the individual practices to enhance food security 

and incomes of smallholder farmers as well as long-term sustainability goals in developing 

countries. 
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Keywords: cost efficiency, sustainable intensification, soil degradation, climate variability, 

stochastic cost frontier, smallholder farmers, maize production, Ethiopia   

 

5.1 Introduction 

Sustainable agricultural intensification is widely recognised as a feasible strategy to increase 

crop productivity with minimal negative impacts on the resource base. The goal of 

sustainable agricultural intensification is to increase food production from existing farmland 

with far less pressure on natural resources on which current and future livelihoods depend. 

Consequently, sustainable agricultural intensification (SAI) practices have been promoted in 

developing countries to arrest depletion of soil fertility, declining farm productivity and food 

insecurity under climate variability (Lee, 2005, The Montpellier Panel, 2013, FAO, 2011, 

Pretty et al., 2011, Kassie et al., 2015, Stevenson et al., 2014, Garnett et al., 2013). The SAI 

practices available to smallholders include the use of direct inputs such as improved seed 

varieties, inorganic fertiliser, and animal manure and agronomic practices like legume 

rotation, legume intercropping, reduced tillage, crop residue retention, and soil and water 

conservation (SWC) measures to improve soil health and farm productivity.  

 Empirical studies in sub-Saharan Africa (SSA) have shown that SAI practices can 

provide benefits to smallholder farmers by improving crop yields, farm incomes as well as 

ecosystem services (Di Falco et al., 2012, Di Falco and Veronesi, 2013, Kassie et al., 2015, 

Kassie et al., 2018, Kotu et al., 2017, Arslan et al., 2015). Recent studies have also found 

significant positive effects of natural resource management practices on the technical 

efficiency of agricultural producers in Latin American countries (Roco et al., 2017, Solís et 

al., 2009, De los Santos-Montero and Bravo-Ureta, 2017). However, sustainable agricultural 

technologies may not only affect the optimal physical input-output configurations (technical 

efficiency) but also influence the allocation of inputs needed to produce output with minimal 
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cost given observed prices75. That is, improving technical efficiency is necessary but not 

sufficient to achieve economic (cost) efficiency76. In particular, whether implementations of 

sustainable agricultural technologies in isolation or combinations can improve the cost 

efficiency of smallholder farmers is unclear. For example, minimum tillage practice can help 

farmers cut production costs and at the same time improve ecosystem services. Legume 

rotation or intercropping can fix atmospheric nitrogen and hence offset the cost of inorganic 

fertiliser77. Cost-saving benefits could also arise when such practices are used as packages 

due to positive synergistic effects. Reduction of costs could be a significant economic 

incentive for continued and widespread use of these practices by smallholder farmers in 

developing countries (Wollni et al., 2010, Lee et al., 2006, Pannell et al., 2014). However, the 

current literature on SAI has not focused on whether the use of SAI practices has any effects 

on smallholder cost efficiency.  

This article addresses this issue by investigating the effects of SAI practices on the 

cost efficiency of smallholder maize farmers in Ethiopia faced with soil degradation and 

climate variability. We are not aware of any research that has addressed this subject in Africa. 

The study contributes to the literature on the nexus between sustainable agricultural 

intensification and smallholder productivity. Understanding the cost implications of SAI 

practices would be vital for designing effective policies on food security and environmental 

sustainability in smallholder farming systems where the adoption rates of these practices are 

minimal despite concerted dissemination efforts. 

We use stochastic cost frontier modelling techniques to analyse nationally 

representative farm household-level pane data, matched with village-level climate panel data 

of the maize farming system, from Ethiopia. The frontier econometric modelling techniques 

                                                           
75 We acknowledge market imperfections in developing countries and factor prices may not reflect fully 

competitive market assumptions. 
76 Economic efficiency and cost efficiency are used here interchangeably. 
77 Average inorganic fertiliser use in Africa is ten times lower than the global average.   
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account for heterogeneity across farms that influence the structure of the cost frontier and 

estimated cost efficiencies. Our results reveal that SAI practices such as improved maize seed 

variety, inorganic fertiliser, legume rotation, legume intercropping, animal manure, residue 

retention, and SWC measures are significantly and positively associated with cost when 

implemented in isolation (increase cost) but combinations of these practices can have the 

reverse effects (offset cost). However, the magnitude of the offset from the combinations of 

the practices was marginal if SAI uses are at average levels, and leaves marginal effects still 

positive, but the effect on cost is negative for farmers who use the SAI practices at maximum 

levels. These findings are robust to alternative frontier model specifications.   

 

5.2 Methodology  

We use the parametric78 cost frontier79 approach for the analysis because of the stochastic 

nature of agricultural production. In microeconomic theory, a cost frontier defines the 

minimum expenditure required to produce an output given input prices and technology. 

Smallholder maize farmers face a cost frontier which is conditional upon heterogeneous 

operating environments. The operating environment can be characterised by a range of 

factors including climate variability, biophysical conditions and socio-economic factors. 

Sustainable agricultural intensification (SAI) practices can be seen as farmers’ adaptive 

responses to overcome biophysical and institutional hurdles in the production process. 

Following the frontier literature (Greene, 2008, Kumbhakar and Lovell, 2000), we define 

conditioning variables as “environmental variables”80. It is unlikely that farmers operate on 

                                                           
78 Cost efficiency can be measured by parametric and non-parametric methods. Chavas et al. (2005) provide an 

extensive review of empirical research on the economic efficiency of smallholder farm household decisions 

using parametric and non-parametric approaches.  
79 A cost frontier is different from a cost function. While the cost frontier allows for potential inefficiency, the 

cost function does not. 
80 In this study, environmental variables include not only truly exogenous variables (e.g. rainfall) but also quasi-

fixed ones (e.g. manure use, education, soil fertility, the slope of field etc.) and agronomic and adaptive 

managerial variables (e.g. improved varieties, tillage management, legume rotation etc.) as well as socio-
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the frontier and hence failure to attain the cost frontier implies excess cost (cost inefficiency). 

Cost inefficiency could arise due to failure to allocate inputs optimally conditional on the 

environmental variables. A farm that is technically efficient by a production frontier measure 

can be inefficient as measured by the cost frontier when its input mix configurations fails to 

achieve the least cost.  

The stochastic cost frontier can be represented as: 

 

ln ( , , ; , ) ,  include z , ,it it it it it it it it it it

it it it
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   (5.1) 

 

where: itC  represents the total cost of farm i  at the time t ; ity  is the output; itw  is the 

vector of prices; itE  is the vector of environmental variables including environmental factors 

itz  , adaptive SAI practices its  and socio-economic factors itm which influence costs; and   

and   are the vectors of parameters to be estimated. The random error term itv  measures 

white noise as well as stochastic or random shocks that are beyond the control of the farm. 

The term  itu  is a non-negative random variable, which is interpreted as overall cost 

inefficiency. The term it  is a composite error.  

The environmental variables itE  can be included in the cost frontier following two 

different approaches (Greene, 2008, Kumbhakar and Lovell, 2000, Coelli et al., 1999). The 

first approach assumes that environmental variables have a direct impact on the cost frontier 

which affects the shape of the frontier in which every farm faces a different cost frontier. The 

second approach assumes that all producers have the same cost frontier but allows 

environmental variables to influence the degree of cost inefficiency. Consequently, the 

                                                                                                                                                                                     
economic factors. Prior studies have defined environmental variables in a similar sprit (Kumbhakar et al., 1989, 

Sherlund et al., 2002). 
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environmental variables can only affect the distance that separates producers from the best 

practice cost frontier.  

We follow the first approach by assuming that environmental variables can directly 

affect the shape of the cost frontier. This approach allows us to investigate the effects of SAI 

practices on the cost frontier while controlling for other conditioning factors. The approach 

fits the data well and reflects the heterogeneous nature of cost due to environmental and 

socio-economic conditions. We also considered the second approach where the 

environmental variables are incorporated in the variance81 of cost inefficiency (Greene, 

2005b) as a check of the robustness of results. We find similar results, but we do not report 

these results in the interest of brevity.  

 

5.2.1 Model specification 

To investigate the effects of SAI practices on the cost frontier, we follow the Battese and 

Coelli (1992) model. This model is frequently applied in developing country agriculture. The 

basic model assumes time-varying inefficiency which reflects the underlying seasonal nature 

of maize production in smallholder farming systems. The cost frontier is estimated while 

controlling for observed heterogeneity using measured environmental variables including 

SAI practices; this affects the shape of the cost frontier. The model has the following form: 
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     (5.2) 

 

                                                           
81 Environmental variables can also be incorporated in the mean of the inefficiency term by assuming constant 

variance (e.g. Kumbhakar et al., 1991, Battese and Coelli, 1995, Huang and Liu, 1994). However, the constant 

variance assumption appears too strong in highly heterogeneous production conditions such as our case study.  
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where the model variables and parameters are as defined earlier. The noise term 
itv  is 

normally distributed with mean zero and constant variance. The model allows a systematic 

exponential time-variation of the one-sided inefficiency; in which t  indicates the time period, 

t=1…T,   is a constant parameter to be estimated, and T is the number of periods. The 

underlying individual stochastic/random inefficiency term iu  is half-normally distributed. 

Here, the environmental variables including SAI practices and socio-economic variables have 

direct effects on the cost frontier. We also allow the interaction of SAI practices to investigate 

synergistic effects among them and how such synergistic effects might influence the cost 

frontier.  

  

5.2.2 Estimation procedure 

In practice, two main functional forms are applied for the estimation of the cost frontier: the 

Cobb-Douglas and the translog form. The Cobb-Douglas functional form is first-order 

flexible and assumes constant returns to scale. This assumption can be restrictive as it might 

confound the structure of the cost frontier with variation of cost efficiency (Kumbhakar and 

Lovell, 2000). The translog form provides a more flexible framework especially regarding the 

economies of scale, which can vary with output, unlike the restrictive Cobb-Douglas. The 

translog frontier is a second-degree order Taylor approximation (in logarithms) of the true 

unknown cost frontier (Kumbhakar, 1996, Kumbhakar and Lovell, 2000), at the mean or 

median data point. However, the translog form does not satisfy non-negativity and 

monotonicity globally, while the alternative parsimonious Cobb-Douglas form does. 

 It should be noted that all the theoretical properties of the cost/production function 

may not be universally maintained (Coelli et al., 2005). For example, monotonicity may be 

relaxed when there is heavy input usage that leads to input congestion due to technical and 

institutional hurdles in achieving precision agriculture (Coelli et al., 2005). Also, marginal 
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products may not be increasing at a decreasing rate given that most farmers in developing 

countries operate in stage one of the cost/production frontier function (Sauer and Tchale, 

2009). 

In this paper, both functional forms are specified to check for the robustness of our 

results regarding the effects of SAI practices on cost. The compact homogeneity-constrained 

Cobb-Douglas cost frontier is written as: 
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where: N  denotes the number of inputs and the other variables in the model are as defined 

earlier. The regularity conditions require that cost frontier functions be non-decreasing in 

input prices and output, and linearly homogenous and concave in input prices82. Thus, the 

linear homogeneity condition is imposed by normalising cost and prices by the wage rate. 

That is, 
1

1
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n




  ensures the homogeneity property of the cost frontier in input prices. We 

label the Cobb-Douglas specification as Model 1. The flexible homogeneity-constrained 

translog cost frontier can be represented as: 
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82 Details on the properties of cost functions can be found in the stochastic frontier literature (Greene, 2008, 

Kumbhakar and Lovell, 2000). 
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where: N denotes the number of inputs and the other variables in the model are as already 

defined earlier. Prior to estimation, the cost and input prices are normalised to the wage rate 

to impose the homogeneity property as in the Cobb-Douglas specification. For the translog 

specification, we also normalised the structural variables (output, prices, and cost) by their 

mean values before taking the natural logarithms so that the first-order coefficients can be 

interpreted as cost elasticities evaluated at the sample mean. We label the translog 

specification as Model 2. We also estimated similar models in a pooled cost frontier 

framework by ignoring the time structure as a robustness check (results reported in Appendix 

Table A1).  

 The stochastic cost frontier models with environmental variables can be estimated 

following the standard single or one-step approach (Wang and Schmidt, 2002) using the 

maximum likelihood (ML) method83. The estimation provides variance parameters such as 

the variance of the composed error 2 2 2

u v    and discrepancy ratio 2 2/u    or 

/u v   . The estimated parameters are then used to calculate farm-specific estimates of 

cost efficiency (CE) using the conditional expectation predictor (Jondrow et al., 1982) as 

[exp( ) | ]it it itCE E u   . The estimation is carried out using LIMDEP (Greene, 2016). 

 

5.3 Data and variables 

This study relies on farm household and kebele84 level data collected from maize growing 

areas of Ethiopia (Jaleta et al., 2013). The data were collected in 2010 and 2013 by the 

Ethiopian Institute of Agricultural Research (EIAR) in collaboration with the International 

Maize and Wheat Improvement Centre (CIMMYT). The data were nationally representative 

of the maize farming system (Figure 5.1). The data were an unbalanced panel of 4471 farm 

                                                           
83 Details on the maximum likelihood estimation method can be found in Kumbhakar and Lovell (2000). 
84 Kebele is the smallest administrative unit next to the district level in Ethiopia. 
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household observations across 183 kebeles in the 2009/2010 and 2012/2013 production 

season. About 2339 farm households were observed in the first period and 2132 in the second 

period. That is, about 91% of the sample farms are observed in both periods. Maize 

production is voluntary, and farmers might switch to produce another crop instead of maize 

in either of the panel waves.  

A multistage sampling procedure was used to select the study kebeles from each 

district and households from each kebele. About 39 districts were selected based on maize 

production potential from five regional states. namely, Oromia, Amhara, Tigray, Ben-

Shangul-Gumuz, and Southern Nations and Nationalities Peoples Region (SNNPR). A 

proportionate random sampling procedure was used to select 3 to 6 kebeles in each district 

and 10 to 24 farm households in each kebele. The surveys used to collect these data were 

comprehensive and included detailed information about production activities, costs, prices, 

and sustainable agricultural intensification practices. A separate community (kebele)-level 

survey was also conducted to enrich the farm household surveys.  
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Figure 5.1 Map of the study kebeles representing the major maize growing areas of Ethiopia. 

Source: Author 

 

The data on output, sustainable agricultural intensification (SAI) practices and other 

covariates were collected at the plot level. Typically, farm households vary the size and type 

of plot they allocate to maize production over seasons. Thus, we conducted the panel data 

analysis at the farm (household)-level. Such household-level panel data analysis is common 

in empirical research (Ndlovu et al., 2014, Udry, 1996, Asfaw et al., 2016, Alem et al., 2010). 

Moreover, we use the number of sustainable agricultural practices as a proxy for combined 

use of the practices per farm following the empirical literature on technology adoption 

(Wollni et al., 2010, Teklewold et al., 2013a, D'Souza et al., 1993, Roco et al., 2014, Roco et 

al., 2017, Kotu et al., 2017). The household-level data are also matched with kebele-level 

climate data85 using global positioning system (GPS) coordinates that were obtained during 

the farm surveys. Table 5.1 shows the descriptive statistics of cost shares across the two 

periods. Table 5.2 presents the definitions and descriptive statistics of the structural variables 

                                                           
85 The climate data are provided by the National Meteorological Agency of Ethiopia (NMA). 



176 
 

(prices of inputs, cost, and output) and a range of environmental variables hypothesised to 

influence cost and hence cost efficiency. Overall, the major variables included for analysis 

are grouped into five categories. These are the structural variables (cost, inputs prices and 

output), sustainable agricultural intensification practices, climate variables, biophysical 

conditions, and socio-economic and institutional factors. We briefly describe these below. 

 

5.3.1 Structural variables: cost, input prices, and output 

Cost, prices, and output define the structure of the cost frontier. Total cost is calculated by 

summing the costs of land, labour, fertiliser, seed, and oxen-power (see Table 5.1) 86. The 

descriptive statistics show that land, labour, oxen-power and inorganic fertiliser are key 

inputs of maize production. The share of cost for seed is meager, however. The variabilities 

in costs as shown by the high standard deviations in both panel waves are not surprising 

given the wide variation of kebeles across the country. These differences underscore the 

importance of understanding the determinants of the costs of maize production by taking into 

account the heterogeneity in the operating environment.  

 

Table 5.1 Descriptive statistics of cost shares in Ethiopia 

 

Cost shares 2009/2010 2012/2013 

 Mean SD Mean SD 

Land  0.29 0.17 0.27 0.15 

Seed  0.06 0.05 0.05 0.04 

Oxen-power 0.24 0.13 0.21 0.11 

Fertiliser  0.10 0.11 0.17 0.15 

Labour   0.31 0.14 0.30 0.14 

Total cost (ETB) 4895 4626 6273 5951 

 

Notes: SD = Standard deviation. Source: Author 

                                                           
86 The contribution of pesticide cost in total cost is negligible (0.2%). Ethiopian farmers rarely use pesticide for 

maize production, and hence it is not included in further analysis.  
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Input prices87 are constructed using kebele- and household-level data. Farmland is a 

key production input for smallholder farmers. We constructed the rental price of land per 

hectare per year. The rental values take into account land quality classes as perceived by 

farmers: poor, medium and good farmland. Labour is another crucial input in smallholder 

agriculture. In Ethiopia, most farmers use family labour for production but also hire 

additional labour. particularly in peak seasons. The observed wage rate per person per day is 

used as a price for labour. Fertiliser price index88 per kilogram is used to account for 

differences of the two commonly applied inorganic fertilisers in Ethiopia, namely, 

Diammonium phosphate (DAP) and Urea. Oxen-draught is the key source of farm power for 

smallholder farmers in Ethiopia. We constructed the rental price of a pair of oxen-draught 

power per day across the study kebeles in the country. The seed price index89 is used to 

account for seed quality differences of local and improved varieties.  

Maize grain output is measured in kilograms. The average maize grain output of the 

sampled farms is about two tons. The sample standard deviation reflects the high output 

variation among smallholder farmers across the country. It should be noted that maize is 

predominately the sole crop in the study area. In a few pocket areas, it is traditionally 

intercropped with legumes. For our sample, the average intercropped area is only 0.03 

hectares which is 3.4% of the average maize area. The output from the intercropped legume 

is negligible because the primary motive of the intercropping is soil fertility restoration to 

improve maize yields90. Thus, we focus on the maize output for the cost frontier analysis.  

                                                           
87 All the prices are in Ethiopian Birr and are normalised by the wage rate.  
88 Cost shares of DAP and Urea in total fertiliser cost are used as weights to construct the price index. 

Smallholder farmers cannot influence market prices in Ethiopia. 
89 Cost shares of improved and local seed in total seed cost are used as weights to construct the price index. 
90 The average maize yield for the sample is 2.7 tons/ha and also highly variable.  
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Table 5.2 Descriptive statistics of model variables in 2009/2010 and 2012/2013 

 

Variables  Definitions and measurement units  Mean Std.Dev. 

Structural variables ( , ,it it itc y w )    

Cost  Total cost of production  5552 5343 

Output  Maize output in kilograms (kg)  2018 2446 

Price of land   Rental price of land per hectare/year  2031 1672 

Price index of seed  Seed price index/kg for improved and local variety seeds  13.95 9.60 

Price of oxen-power  Rental price for a pair of oxen-power per oxen-day 97.54 44.91 

Price index of fertiliser  Fertiliser price index/kg for DAP and Urea 10.43 3.74 

Wage of labour  Wage for labour price per person-day 24.58 11.02 

Sustainable agricultural intensification practices ( its )   

Improved maize variety Area allocated to improved maize varieties in hectares 0.38 0.64 

Legume rotation  Area under legumes rotation during the previous season in hectares  0.06 0.26 

Legume intercropping  Area under maize-legume intercropping in hectares 0.03 0.08 

Manure  Household’s level of manure use in tons 0.25 0.42 

SWC  1=if household constructed any soil and water conservation (SWC) practice , 0 otherwise 0.28 0.45 

Inorganic fertiliser 1= if household used inorganic fertiliser , 0 otherwise 0.68 0.47 

Residue retention 1= if a household retained crop residues from the previous season, 0 otherwise  0.24 0.42 

Tillage frequency Frequency of tillage during the production season (lower frequency indicates reduced tillage) 3.57 1.31 

Number of combined SAI practices Number of sustainable agricultural intensification practices adopted in combination by household  2.41 1.16 

Environmental factors ( itz )    

Spring rainfall variability  Coefficient of variation of the monthly rainfall observations in the short rain season of 2009 and 2012  0.84 0.28 

Summer rainfall variability  Coefficient of variation of the monthly rainfall observations in the main rain season of 2009 and 2012  0.34 0.23 

Temperature  Historical maximum monthly temperature in degree Celsius (°C) from 1990 to 2011 27.11 2.06 

Rainfall  Amount of annual rainfall in the production season of 2009 and 2012 in millimetres (100mm) 11.49 3.74 

Soil fertility index Soil fertility status index as perceived by the farmer (1=good, 2=medium, 3=poor) 1.56 0.56 

Slope of field Type of slope as perceived by farmer (1=flat, =medium, 3=steep) 1.35 0.51 

Stress incidence 1= if a household faced stress incidence at least on one plot, 0 otherwise 0.43 0.49 
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Table 5.2 (continued) 

 

Altitude  Altitude on which the household is located in meters above sea level (100m) 17.81 2.77 

Socio-economic  factors ( itm )   

Acess to institutions Number of supportive institutions household head is a member and can get support  2.65 1.78 

Age  Age of the household head in years 43.49 12.84 

Education level of head Education of the household head in years of schooling 2.93 3.30 

Ownership of oxen Number of oxen owned by the household 1.64 1.46 

Farm distance  Logarithm of average farm distance from residence (in walking minutes) 1.38 0.95 

Land fragmentation  Number of plots allocated to maize per farm  1.89 1.01 

Access to input markets Logarithm of distance to nearest input markets in kilometres   1.16 2.05 

Gender  1=if gender of the farm household head is male, 0 if female 0.92 0.27 

Tenure Share of owned land area allocated in total maize area 0.85 0.30 

Credit =1 if farmer has access to credit, 0 otherwise 0.23 0.42 

 

Note: All prices and costs are in terms of Ethiopian Birr. Source: Author 
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5.3.2 Sustainable agricultural intensification practices 

Sustainable agricultural intensification (SAI) practices are implemented either in isolation or 

combination by smallholder farming households. Their implementation is expected to 

enhance the economic efficiency of smallholder farmers and overcome the negative effects of 

soil degradation and climate variability. We consider eight SAI practices based on their 

agronomic merits, economic and natural resource benefits. These include the use of direct 

inputs such as improved91 maize varieties; inorganic fertiliser and animal manure for soil 

management92; and application of agronomic practices such as maize-legume rotation, 

maize-legume intercropping, soil, and water conservation (SWC) measures93, reduced 

tillage94 (minimum soil disturbance) and crops residue retention. These SAI practices can 

provide agronomic and economic efficiency benefits to farmers by increasing technical and 

allocative efficiency, for example, through atmospheric nitrogen-fixing legumes that save on 

the cost of organic fertiliser. A package of SAI practices may also increase outputs through 

soil and water conservation by curbing soil erosion, building soil organic matter, sequestering 

soil carbon, and by improving soil microbial activity and overall ecosystem (environmental) 

services. The literature describes various types of SAI practices and their potential agro-

environmental-economic benefits (Teklewold et al., 2013b, Teklewold et al., 2013a, Lee, 

2005, Kassie et al., 2015, Kassie et al., 2013, Stevenson et al., 2014, Manda et al., 2016, Di 

Falco and Veronesi, 2013, Arslan et al., 2015) and references therein. But none of these 

studies has investigated the effects of SAI practices on the cost efficiency of farmers.  

                                                           
91 This refers to farmers who either use fresh hybrid seed or farmers who recycle open-pollinated maize 

varieties at most three growing seasons. 
92 Manure can be optimised similarly to other essential inputs where prices are available, and the resource is 

widely used (e.g. Ali et al., 1996, Ali et al., 1994). It can also be used as a sustainable agricultural practice 

(quasi-fixed environmental variable) where neither market nor rental price is available (Ali and Flinn, 1989). 

The latter approach reflects our study context as Ethiopian farmers use manure around homestead areas.  
93 These include terraces, soil buds, grass stripes, box rides and so on. 
94 Tillage frequency is used as a proxy indicator for mechanical soil disturbance. Reduced tillage frequency 

indicates minimal mechanical soil disturbance.    
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5.3.3 Environmental factors 

Maize production in Ethiopia heavily depends on rainfall. Thus, both the abundance and 

distribution of rainfall during the production seasons are expected to influence the production 

efficiency of farmers and their input allocation decisions. We used annual rainfall to control 

for the level of precipitation in each study kebele. We also controlled for the seasonal rainfall 

variations by calculating the coefficient of variation of monthly rainfall observations in the 

production season (the ratio of the standard deviation to the mean) to capture the seasonal 

variation of the rainfall. Ethiopia has three95 distinct seasons based on the classification by 

the National Metrological Agency of Ethiopia (www.ethiomet.gov.et). We included spring 

and summer rainfall variability because these are important in determining farmers’ crop 

production decisions. The use of risk-reducing SAI practices can be triggered as an adaptive 

agronomic and managerial response when greater riskiness of production (reflected in higher 

rainfall variability) is expected (FAO, 2011, Asfaw et al., 2016, IPCC, 2014, Asfaw et al., 

2015). However, weather variability may greatly discourage the use of modern inputs such as 

improved seeds and chemical fertilisers in the production season (Asfaw et al., 2015, 

Teklewold et al., 2017, Alem et al., 2010). These, in turn, can translate into cost-efficiency 

differences among smallholder farmers. Furthermore, we controlled for extreme maximum 

temperature (°C) for each study kebele because it influences the cost efficiency of farmers.  

Surprisingly, climate variables such as rainfall and temperature are typically omitted 

from frontier analysis96 because of the misperception that they are beyond the control of 

farms and hence should be treated as random factors. However, a few studies argue that 

climate variables such as rainfall and temperature are not pure random factors and, when 

measured weather data are available, should be included in the frontier models (Sherlund et 

                                                           
95 These are spring season, summer season and dry season. Spring season is from February to May and is the 

short rainy season. Summer season is from June to September and is the major rainy season. Dry season is from 

October to January and is known as the off-season in Ethiopia. 
96 See surveys on the efficiency of developing country agriculture (Thiam et al., 2001, Bravo-Ureta et al., 2007). 
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al., 2002, Mukherjee et al., 2013, Lachaud et al., 2017, Demir and Mahmud, 2002, Barrios et 

al., 2008). 

 We also control for heterogeneities in biophysical conditions due to agro-ecological 

differences such as topography, soil quality and production shocks on farms. We use the 

altitude variable to capture agro-ecological heterogeneities that can affect maize production 

regarding input allocation, costs, and efficiency. We control for differences in soil quality 

using proxy indicators as perceived by farmers. We also include observed stress incidence on 

a farm associated with drought, waterlogging, frost and pest related damages as these can 

influence cost efficiency.  

 

5.3.5 Socio-economic factors 

Access to productive resources and policy-related factors can affect cost efficiency. We 

control for socio-economic and institutional factors that can influence costs. Most farm 

households are headed by males (92%). Heterogeneity across farm households in terms of 

access to productive resources, education97, supportive institutions, tenure security, and 

credit are also expected to influence economic performance. Fragmentation of land and the 

average distance of farms from the residence are also included in the analysis as these are 

hypothesised to change the shape of the cost frontier. The hypothesised effects of some of 

these variables on efficiency can be found in the empirical literature (Sherlund et al., 2002, 

Roco et al., 2017, Ali and Byerlee, 1991, Ali et al., 1996). 

 

                                                           
97 It is debatable whether one should treat education as an essential input that enhances the allocative 

performance of a producer (Huffman, 1977; Schultz, 1975) or as human capital (exogenous factor) that 

conditions the performance of a producer (Kumbhakar et al., 1991; Ali and Byerlee, 1991). We take the latter 

view following the frontier literature and also since education levels of the sample farmers are quite low. 
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5.4 Results and discussion 

Table 5.3 presents the coefficient estimates from the Cobb-Douglas and translog stochastic 

cost frontier time-varying panel model specifications (Model 1 and Model 2). Our main 

findings are robust to the alternative frontier specifications regarding cost elasticity, 

economies of scale, parameter estimates and cost efficiency scores. However, we rely on the 

translog specification because of the flexibility in the representation of the structure of the 

cost frontier. We briefly present cost frontier estimates before we discuss the key results on 

the effects of individual and combined use of SAI practices and other environmental 

variables on the cost frontier. Our key findings are also robust to pooled stochastic cost 

frontier specifications (see Figure 5.2 and Appendix Table A5.1).  

 

5.4.1 Cost frontier estimates 

The input price coefficients of the Cobb-Douglas specification can be directly interpreted as 

cost elasticities. For the translog form, the structural variables (prices, cost, and output) are 

normalised by their sample mean values before taking the logarithms so that the first-order 

coefficients can be interpreted as cost elasticities. The coefficients of the cost frontier (output 

and prices) have the expected positive signs and are statistically significant in both 

specifications98. The estimated cost function satisfies the concavity property (in prices) 

globally for the Cobb-Douglas functional form. The estimated translog cost function also 

satisfies the monotonicity property at the sample mean values. Regarding the monotonicity, 

the cost function is found to be increasing in output and non-decreasing for input prices. The 

homogeneity property of degree one in input prices is imposed because we normalised cost 

and prices by the wage rate prior to estimation. Thus, the basic theoretical properties of the 

                                                           
98 The coefficient of seed in the translog form is not statistically significant. 
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cost function are satisfied by the estimated cost function99. The estimated coefficient of 

output has a positive sign suggesting cost is increasing with output. This suggests that on 

average a 1% increase in output will increase costs by about 0.46% (Model 1) or 0.42% 

(Model 2), keeping all other variables constant. This result indicates the presence of scale 

economies possibly because of the small size of the farms.  

 Furthermore, economies of size improve because the cost of production increases as 

the output level increases. However, the marginal effect of output on cost falls as output rises 

which is shown by a significantly negative quadratic term of the output. The estimated cost 

elasticities for other factor prices are similar across the Cobb-Douglas and the translog 

frontier specifications. 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

                                                           
99 All the theoretical properties of the cost/production function may not be usually maintained (see page 172).  
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Table 5.3 Coefficient estimates of the alternative stochastic cost frontier panel models 

 

Cost (Dependent variable) ( itc ) Model 1 

(Cobb-Douglas) 

 Model 2 

(Translog) 

 

Structural variables (
,it ity w ) Coefficient SE Coefficient SE 

Constant -4.54056*** 0.709 -5.25767*** 0.683 

Output 0.45963*** 0.008 0.42369*** 0.013 

Land price 0.27663*** 0.008 0.30266*** 0.013 

Seed price 0.03922*** 0.009 0.01324 0.015 

Oxen-power price 0.19394*** 0.015 0.25789*** 0.020 

Fertiliser price 0.27945*** 0.017 0.23991*** 0.024 

Output2   -0.02598*** 0.008 

Land price2   0.14997*** 0.013 

Seed price2   0.00537 0.014 

Oxen-power price2   0.15597*** 0.038 

Fertiliser price2   -0.09409** 0.043 

Output  x  Land price   -0.00885 0.008 

Output  x  Seed price   -0.02957*** 0.007 

Output  x  Oxen-power price   0.07373*** 0.012 

Output  x  Fertiliser price   -0.00648 0.015 

Land price  x  Seed price   -0.05708*** 0.010 

Land price  x  Oxen-power price   -0.03251* 0.018 

Land price  x  Fertiliser price   0.03163 0.020 

Seed price  x Oxen-power price   -0.02271 0.016 

Seed price  x  Fertiliser price   0.09823*** 0.019 

Oxen-power price   x  Fertiliser price   -0.00718 0.030 

Environmental variables ( itE )      

Environmental factors ( itz )     

Spring rainfall variability  -0.19720*** 0.029 -0.16590*** 0.028 

Summer rainfall variability  0.45243*** 0.058 0.38622*** 0.056 

Temperature 0.33322*** 0.053 0.33815*** 0.051 

Temperature squared -0.00642*** 0.001 -0.00650*** 0.001 

Rainfall  -0.04401*** 0.017 -0.05270*** 0.016 

Rainfall squared 0.00238*** 0.001 0.00269*** 0.001 

Soil fertility index 0.02795** 0.011 0.02977*** 0.011 

Slope of field 0.03916*** 0.012 0.03037** 0.012 

Stress incidence 0.14711*** 0.013 0.14377*** 0.013 

Altitude -0.01149*** 0.003 -0.01343*** 0.003 

Sustainable agricultural intensification practices ( its ) 

Improved maize variety 0.31501*** 0.029 0.32821*** 0.029 

Legume rotation 0.25627*** 0.042 0.26873*** 0.038 

Legume intercropping 1.82474*** 0.264 1.59289*** 0.263 

Manure 0.16536*** 0.023 0.17078*** 0.022 

SWC 0.11539*** 0.028 0.11196*** 0.027 

Inorganic fertiliser 0.32176*** 0.039 0.32979*** 0.038 

Residue retention 0.10598*** 0.021 0.10578*** 0.020 

Tillage frequency  0.06509*** 0.008 0.05721*** 0.007 

Number of combined SAI practices  -0.01477 0.014 -0.03894*** 0.014 

SAI practices *Summer rainfall variability -0.16358*** 0.024 -0.13388*** 0.024 
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Table 5.3 (Continued) 

 

Interactions of the practices     

Improved maize variety*Legume rotation -0.10523*** 0.016 -0.10004*** 0.015 

Improved maize variety*Manure -0.05252*** 0.019 -0.05209*** 0.019 

Improved maize variety*Inorganic fertiliser -0.09684*** 0.029 -0.07954*** 0.029 

Fertiliser* Legume intercropping -1.11992*** 0.197 -1.04984*** 0.197 

SWC*Manure -0.05489* 0.032 -0.05098 0.031 

Improved maize variety*Residue retention -0.06033** 0.027 -0.04992* 0.026 

Inorganic fertiliser* SWC -0.05948** 0.030 -0.04631 0.029 

Tillage frequency*Inorganic fertiliser -0.01306 0.010 -0.00935 0.009 

Tillage frequency* Legume intercropping -0.09767 0.087 -0.04761 0.087 

Legume rotation* Residue retention -0.04315 0.074 -0.03822 0.073 

Socio-economic factors (
itm ) 

Access to institutions  -0.00838** 0.004 -0.00596 0.004 

Age  0.00264*** 0.001 0.00302*** 0.001 

Education level of head -0.00710*** 0.002 -0.00518** 0.002 

Ownership of oxen 0.03565*** 0.005 0.03412*** 0.005 

Access to input markets 0.02405*** 0.007 0.02236*** 0.007 

Land fragmentation  0.17689*** 0.008 0.17595*** 0.008 

Farm distance 0.03368*** 0.003 0.03133*** 0.003 

Gender  -0.00844 0.023 -0.01573 0.023 

Tenure  -0.05100** 0.022 -0.04762** 0.021 

Credit 0.02799* 0.016 0.02429 0.015 

Estimated parameters     

  0.68*** 0.042 0.68*** 0.042 

u  
0.26*** 0.004 0.25*** 0.003 

v  
0.38  0.36  

  0.46  0.44  

  0.13** 0.063 0.11* 0.062 

  0.31  0.32  

Mean cost efficiency (CE) 0.81  0.82  

Standard deviation of CE 0.07  0.07  

Log-likelihood -2340.57  -2176.03  

 

Notes:*, ** and *** are significant at 10%, 5% and 1% probability level. SE = standard error. The estimated 

model did not include determinants of cost inefficiency. Source: Author 

 

5.4.2 Cost efficiency and sustainable agricultural intensification practices 

In both models, the coefficients for the intensive use of improved maize, legume rotation, 

legume intercropping, application of manure and tillage frequency as well as the use of soil 

and water conservation (SWC) measures and inorganic fertiliser are positive (cost-increasing) 

and highly statistically significant. In contrast, the combined use of these practices as shown 
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by the number of SAI practices variable, as well as the interaction terms of many of the SAI 

practices, reduce cost.  

  The marginal effects are calculated to investigate the magnitude of the cost offset 

from the combined use of SAI practices relative to single practice use. The calculations are 

done for both the translog and Cobb-Douglas models for SAI practices that have statistically 

significant  estimated interaction terms (see Table 5.3). Based on the prediction of both 

models, the use of any SAI in isolation increases the cost. This is still the case when the SAI 

practices are used at sample-average levels, although the marginal impact on cost is reduced. 

The marginal cost drops drastically to a negative level if SAI practices are applied at the 

maximum levels observed in the sample. The marginal effect of using improved maize 

variety increases cost by 33%, if used in isolation (see Figure 5.2). However, this marginal 

effect drops to 24% if legume rotation, manure, inorganic fertliser, and residue retention 

practices are applied at average levels observed for the sample. Strikingly, the marginal effect 

on cost drops to a negative (42%) when these practices are applied at the maximum SAI 

levels in the sample. The marginal effect of using inorganic fertiliser in isolation is also about 

33%. However, this marginal effect drops slightly to 30% of the average area of legume 

intercropping and to a negative 72% at the maximum area of legume intercropping. Similarly, 

for residue retention, the corresponding cost changes are 11%, 9%, and a negative 28%. 

Similar results are obtained from the Cobb-Douglas model estimates. Further, based on the 

Cobb-Douglas model,  the marginal effect for the use of soil-water (SWC) measures alone on 

cost is 12%; and this marginal effect drops to 6% at the mean value of manure and fertiliser 

use in the sample and to a negative 12% for the maximum use of manure and inorganic 

fertiliser. 
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Figure 5.2 Marginal effects of single practice and combined use of SAI practices on cost. 

The figure shows the marginal effects of SAI practices on cost when used at the mean and at maximum values of 

the sample predicted by the translog model (upper panel) and Cobb-Douglas model (lower panel). For the SAI 

practices that had significant interaction effects based on Table 5.3, the marginal effects are calculated at single 

practice, at the mean and at the maximum use of the practices for the data in the sample. Source: Author 
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In summary, it appears that SAI practices tend to increase the cost when implemented 

in isolation, but that effect is to some extent offset when implemented as combinations100. 

Our findings are consistent with prior studies that reported positive outcomes (e.g. yields, 

revenues or incomes) when such practices are implemented in combinations rather than in 

isolation (Kassie et al., 2018, Teklewold et al., 2017, Teklewold et al., 2013b, Manda et al., 

2016, Di Falco and Veronesi, 2013). However, previous studies did not estimate effects of 

these SAI practices relative to the cost frontier.  

 Overall, these results underscore that the synergistic effects implicit in these 

practices could lead to more significant economic benefits from a cost-saving perspective if 

farmers were to use the maximum levels observed for the sample. Technology promotion 

programs often do not exploit these beneficial synergies as also argued by recent studies 

(Wainaina et al., 2016, Koppmair et al., 2017) and often investments in modern inputs and 

natural resource management practices are perceived as incompatible. Implementing SAI 

practices as a package rather than in isolation can be a feasible solution to address the high 

costs of external inputs and environmental degradation in developing countries, such as 

Ethiopia.  

 

5.4.3 Effects of other environmental variables on cost frontier 

Climate and weather changes also influence smallholders’ production decisions and hence 

their cost of production. The results show that cost increases as summer rainfall variability 

increases but decreases with spring rainfall variability. This could be because farmers may 

refrain from investing in farm inputs and hence reduce costs if they realise rainfall variability 

in the spring season, which comes before the major crop growing season in Ethiopia. Cost 

also appears to decrease with the abundance of rainfall albeit at a decreasing rate. 

                                                           
100  We find similar effects when SAI practices are incorporated in the cost inefficiency component of the 

model, but those results are not shown here in the interest of brevity.  
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 Conversely, cost increases with hot temperature at a decreasing rate. These results 

suggest that climatic factors significantly influence the economic efficiency of farmers and 

their exclusion from production or cost frontier models is likely to bias estimates and hence 

policy inferences. Consistent with the arguments of Alem et al. (2010), the abundance of 

rainfall and relatively lower temperature could encourage farmers to invest in farm inputs by 

improving their economic efficiency. The interaction effect for the number of combined SAI 

practices per farm and summer rainfall variability is negative and statistically significant. The 

result implies that SAI practices could help mitigate the adverse effects of rainfall variability 

if used in combinations. Indeed, recent studies have also shown that climatic factors 

significantly condition the implementations of various types of SAI practices in which hot 

temperature and rainfall variability discourage the use of modern inputs but increase the use 

of risk-reducing practices such as soil-water management strategies (Asfaw et al., 2015, 

Teklewold et al., 2017, Asfaw et al., 2016, Arslan et al., 2015). These results underscore the 

relevance of exploiting positive synergies by implementing a combination of SAI practices. 

These clear results also emphasise the importance of incorporating climatic factors in 

efficiency analysis instead of omitting them by erroneously assuming that they are random 

variables. 

 Biophysical conditions influence farmers’ production and cost decisions. The cost of 

production tends to increase in farms with poor soil fertility index, with steeper slopes and 

with production stress on the farm. Conversely, the cost of production decreases as altitude 

increases indicating relatively favourable agro-ecological conditions in the mid and highlands 

relative to the dry lowland areas.  

 Socio-economic and institutional variables also matter in production and costs. The 

results show that greater access to supportive institutions is associated with lower cost. 

Educated household heads are more likely to offset the cost and hence improve cost 
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efficiency. Smallholders appear to have a lower cost (or cost inefficiency) on their own farms 

relative to rented farms. This result corroborates the finding that farmers invest in chemical 

fertiliser more on rented farms than owned farms (Kassie et al., 2013). Younger household 

heads are more likely to achieve lower costs compared to older household heads. Land 

fragmentation, a high number of oxen101, poor access to input markets, access to credit102 

and distance of farms from the residence lead to excess cost.  

 The average cost efficiency of the sample farmers is about 82%. The result indicates 

that there is some room for improvement through cost-saving based on the observed input 

prices and technology. Inducing technological change through input/cost-saving technology 

appears to be the best way forward. Promoting a combination of SAI practices (or packages) 

could also significantly help offset costs albeit at a higher level of use of those practices. 

Since climate and weather changes are associated with higher cost, the combined use of SAI 

practices could be seen as a buffer against the adverse effects of climate variability. 

Improving the human capital through education and training, consolidating fragmented farms 

where feasible, and improving access to input markets and the efficiency of credit use, and 

suitable farm power alternatives could further narrow the inefficiency gap and save 

production cost. Figure 5.3 shows the kernel density estimates of the cost efficiency scores 

which are consistent for the alternative frontier specifications. 

                                                           
101 The effectiveness of oxen-draught use appears to be far more critical for cost saving than owning many 

oxen.  
102 The effectiveness and timeliness of credit provision appear to be major constraints in the study areas.  
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Figure 5.3 Kernel density estimates of cost efficiency of the alternative stochastic frontier panel models. 

The cost efficiency estimates from the panel models (left panel) and pooled models (right panel) are highly consistent. Source: Author 
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5.5 Conclusion and policy implications 

This article investigated the effects of using sustainable agricultural intensification (SAI) practices 

on the cost efficiency of smallholder farmers. The analysis was done using the stochastic cost 

frontier technique while controlling for a range of environmental variables. The econometric 

modelling approaches account for heterogeneity across farms under the Cobb-Douglas and the 

translog frontier specifications. The key findings are robust to alternative frontier specifications. Our 

key results reveal that SAI practices, when used in isolation, appear to increase the cost. Conversely, 

the combined use of SAI practices appears to offset the cost modestly if those practices are applied at 

average levels and can, in fact, lead to lower costs of production if applications are at maximum 

levels observed in the sample. This signals the importance of exploiting synergistic effects among 

these practices to improve farm efficiency. This is also one of the critical economic reasons why 

smallholder farmers in developing countries would want to combine these practices rather than 

implementing them in isolation. These results are critical for designing effective policies to improve 

food security by increasing smallholder productivity in an environmentally sustainable manner. 

Policies toward smart incentives for increased level of use for combined SAI practices could be 

justified given the substantial cost offsets obtained. These results are crucial from a development 

policy perspective because improving smallholder agricultural productivity is constrained by severe 

soil degradation, high costs of farm inputs and climate variability as well as lack of incentives for 

adopting SAI at the farm level. 

 The effects of climate and weather variabilities on cost are also intuitive. While summer 

rainfall variability is associated with a higher cost, spring rainfall variability has the reverse effect. 

Also, cost decreases with an abundance of rainfall but increases with hot temperature. These results 

underscore the importance of weather variabilities in production decisions and hence the need to 

include them in production as well as cost frontier models. The results imply that combined use of 
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SAI practices can be used to offset cost and farmers could use these practices as a buffer against 

weather variabilities.  

 Socio-economic and institutional factors also matter in production decisions. The results 

that higher levels of education of the household head, greater access to support institutions and a 

higher share of own land allocated to maize are negatively associated with cost suggest the 

importance of improving human capital, social capital, and tenure security through enabling 

institutions and policies. The excess cost (or inefficiency) associated with higher number of oxen 

ownership, fragmentation of land, and distance of farm from the residence, access to input markets 

and credit use requires policy interventions. These interventions could include (but are not limited to) 

land consolidation when feasible, improving the effectiveness of credit use, and improving the 

efficiency of oxen-draught power through suitable farm power alternatives (e.g. two-wheel tractor).  

 Further research could investigate factors that drive dynamic interrelationships and 

synergies among SAI practices and input demands to help design effective food security policies 

aimed at increasing food production while ensuring environmental sustainability. For example, the 

identification of the most successful combinations of SAI practices for short-, medium- and long-

term economic benefits under different production domains would reveal deeper insights. This 

requires data with a relatively longer time-span. Further research could also investigate the extent of 

the cost of technical and allocative inefficiencies in maize production and the factors that drive each 

of these components.  
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Appendices 

Table A5.1 Coefficient estimates of the alternative stochastic cost frontier pooled models  

Cost (Dependent variable)( itc ) Model 1 

(Cobb-Douglas) 

 Model 2 

(Translog) 

 

Structural variables ( ,it ity w ) Coefficient SE Coefficient SE 

Constant -4.40165*** 0.665 -5.10367*** 0.647 

Output 0.46580*** 0.009 0.42807*** 0.012 

Land price 0.27154*** 0.009 0.29792*** 0.011 

Seed price 0.03935*** 0.009 0.01608 0.014 

Oxen-power price 0.20247*** 0.014 0.26260*** 0.016 

Fertiliser price 0.27522*** 0.017 0.23766*** 0.021 

Output2   -0.02831*** 0.009 

Land price2   0.15080*** 0.013 

Seed price2   0.00683 0.015 

Oxen-power price2   0.15315*** 0.031 

Fertiliser price2   -0.08642** 0.044 

Output  x  Land price   -0.0115 0.009 

Output  x  Seed price   -0.03015*** 0.008 

Output  x  Oxen-power price   0.07259*** 0.013 

Output  x  Fertiliser price   -0.00324 0.016 

Land price  x  Seed price   -0.05586*** 0.011 

Land price  x  Oxen-power price   -0.02971* 0.017 

Land price  x  Fertiliser price   0.02432 0.020 

Seed price  x Oxen-power price   -0.02278 0.016 

Seed price   x  Fertiliser price   0.09836*** 0.019 

Oxen-power price   x  Fertiliser price   -0.01238 0.029 

Environmental variables ( itE )     

Environmental factors ( itz )     

Spring rainfall variability  -0.23771*** 0.026 -0.19919*** 0.026 

Summer rainfall variability  0.47220*** 0.059 0.40351*** 0.058 

Temperature 0.32141*** 0.050 0.32907*** 0.049 

Temperature squared -0.00619*** 0.001 -0.00632*** 0.001 

Rainfall  -0.05234*** 0.017 -0.06164*** 0.017 

Rainfall squared 0.00275*** 0.001 0.00311*** 0.001 

Soil fertility index 0.02858** 0.012 0.02988*** 0.011 

Slope of field 0.04512*** 0.013 0.03502*** 0.013 

Stress incidence 0.15296*** 0.013 0.14905*** 0.013 

Altitude -0.01142*** 0.003 -0.01330*** 0.003 

Sustainable agricultural intensification practices ( its ) 

Improved maize variety 0.33210*** 0.030 0.34420*** 0.029 

Legume rotation 0.26422*** 0.040 0.27404*** 0.039 

Legume intercropping 1.74454*** 0.241 1.52008*** 0.233 

Manure 0.16712*** 0.023 0.17103*** 0.022 

SWC 0.12128*** 0.031 0.11769*** 0.030 

Inorganic fertiliser 0.31978*** 0.042 0.32570*** 0.041 

Residue retention 0.11681*** 0.020 0.11756*** 0.020 

Tillage frequency  0.06595*** 0.009 0.05696*** 0.009 

Number of combined SAI practices  -0.01325 0.013 -0.04049*** 0.013 

SAI practices *Summer rainfall variability -0.16753*** 0.025 -0.13418*** 0.025 
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Table A5.1 (Continued) 

 

Interactions of the practices     

Improved maize variety*Legume rotation -0.11216*** 0.016 -0.10598*** 0.015 

Improved maize variety*Manure -0.05095*** 0.017 -0.04944*** 0.016 

Improved maize variety*Inorganic fertiliser -0.10675*** 0.029 -0.08631*** 0.029 

Fertiliser* Legume intercropping -1.13092*** 0.181 -1.05395*** 0.176 

SWC*Manure -0.05594* 0.031 -0.05105* 0.030 

Improved maize variety*Residue retention -0.06638*** 0.022 -0.05507** 0.022 

Inorganic fertiliser* SWC -0.06802** 0.032 -0.05344* 0.031 

Tillage frequency*Inorganic fertiliser -0.01184 0.010 -0.00773 0.010 

Tillage frequency* Legume intercropping -0.07159 0.069 -0.02645 0.067 

Legume rotation* Residue retention -0.04651 0.058 -0.03567 0.056 

Socio-economic and institutional factors ( itm ) 

Access to institutions  -0.01060*** 0.004 -0.00758** 0.004 

Age  0.00265*** 0.001 0.00303*** 0.001 

Education level of head -0.00707*** 0.002 -0.00517** 0.002 

Ownership of oxen 0.03522*** 0.005 0.03353*** 0.005 

Access to input markets 0.02424*** 0.007 0.02249*** 0.006 

Land fragmentation  0.17260*** 0.008 0.17242*** 0.008 

Farm distance 0.03327*** 0.003 0.03067*** 0.003 

Gender  -0.00587 0.024 -0.01581 0.023 

Tenure  -0.04886** 0.021 -0.04426** 0.020 

Credit 0.02944** 0.015 0.02581* 0.015 

Estimated variance  parameters     

  0.84*** 0.040 0.83*** 0.040 

u  
0.31  0.29  

v  
0.37  0.35  

  0.48*** 0.8527D-04 0.46*** 0.818D-04 

  0.42  0.41  

Mean cost efficiency (CE) 0.79  0.79  

Standard deviation of CE 0.07  0.06  

Log-likelihood -2365.03  -2200.75  

 

Notes:*, ** and *** are significant at 10%, 5% and 1% probability level. SE = standard error. D-04: multiply by 10 to -

04. The estimated model did not include determinants of cost inefficiency. Source: Author 
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In the previous chapters, we investigated how the levels of SAI practices influence production and 

cost functions. Within the sample, there are considerable divergences in the levels of adoption of 

SAI, and given the impacts identified in the previous chapters, an important question is why the 

adoption rates are different, both across practices and across farmers. In this chapter, we examine the 

drivers of interrelated adoption of SAI practices. We do this by applying a novel intertemporal 

multivariate model that simultaneously models the adoption covariates as well as unobserved 

interrelationships and correlations between multiple SAI practices across two periods.  
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6. Adoption of Sustainable Agricultural Intensification Practices in 

Smallholder Maize Farming: Intertemporal Drivers and Synergies 

 

Abstract 

 

This paper presents new results on the determinants of adoption of various sustainable 

agricultural intensification (SAI) practices consisting of input-intensive and natural resource 

management (NRM) practices. An intertemporal multivariate probit model is used to analyse 

a two-wave panel data set of smallholder maize producers in Ethiopia. The model allows for 

both intertemporal and inter-activity correlation between unobserved factors that may drive 

adoption. Results reveal complex complementarity and substitution effects as well as new 

insights on deterministic factors that influence intertemporal adoption of multiple practices. 

First, the latent factor that drives each SAI practice is positively and significantly correlated 

across time, suggesting a positive temporal relationship across adoption decisions. Second, 

significant complementarities and trade-offs are found between SAI practices. The positive 

synergies between input-intensive and NRM practices underscore the importance of 

promoting SAI practices as packages. Third, the covariates that drive adoption significantly 

differ between practices and time as well as appear to reflect the interrelationships between 

the practices. These findings have significant implications in designing public and private 

sector policy to uplift smallholder agricultural productivity amidst increasing land 

degradation and climate variability. 

 

Keywords: Technology adoption; Maize; Sustainable agriculture; Synergies; Trade-offs; 

Intertemporal multivariate probit; Smallholder farmers; Africa 
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6.1 Introduction 

Sustainable agricultural intensification is seen as a feasible strategy to enhance smallholder 

farm productivity in Africa, with a minimal environmental footprint. Sustainable agricultural 

intensification (SAI) practices have been widely promoted to raise crop yields and food 

security while also conserving the natural resource base. The premise is that these twin goals 

can be achieved by fostering synergistic relationships between the practices, conserving 

nutrients and increasing the economic efficiency of smallholder farmers (The Montpellier 

Panel, 2013, World Bank, 2007, Lee, 2005, Lee et al., 2006, Gollin et al., 2005).  

 While there is a consensus that SAI practices are essential for achieving these twin 

goals, there is no consensus about which types of SAI practices are best suited to smallholder 

farmers in Africa (Wainaina et al., 2016). Broadly, there are two types of SAI practices: 

input-intensive and natural resource management (NRM) practices. The input-intensive 

practices include external inputs like improved seed and chemical fertiliser. The NRM 

practices include low-external-input agronomic techniques like reduced tillage and use of 

organic manure. These two types of SAI practices are often perceived as incompatible as 

highlighted in the recent academic literature (Wainaina et al., 2016, Koppmair et al., 2017, 

Hellerstein et al., 2017). Some argue that input-intensive practices are most appropriate, with 

a substantial role for the private sector in technology generation and promotion (Stevenson et 

al., 2013, Pingali, 2007, Borlaug, 2007). Others stress the significant role of NRM practices 

in light of increasing soil degradation and climate variability (Altieri and Toledo, 2011, 

Altieri, 2002, De Schutter and Vanloqueren, 2011).  

Regardless of these different arguments, the widespread use of SAI practices remains 

low. In particular, the adoption rates of NRM practices are disappointing despite substantial 

promotion efforts in the region. In this study, ‘adoption’ is defined in general terms as the use 

of SAI practices on a farm in a particular year. Here adoption is not an irreversible process, 
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and it is possible for the practices to be adopted, and then subsequently abandoned. Partial 

adoption (Leathers and Smale, 1991, Byerlee and de Polanco, 1986) is also possible for some 

SAI practices such as soil and water conservation (SWC)103 measures. A similar definition 

of technology ‘adoption’ in the African smallholder farmers’ context has also been used in 

recent studies (Wainaina et al., 2016, Koppmair et al., 2017, Kassie et al., 2015, Kassie et al., 

2013, Marenya and Barrett, 2007). 

Most previous adoption studies (Wollni et al., 2010, Smale and John, 2014, Mathenge 

et al., 2014, Lambrecht et al., 2014, Kathage et al., 2016, Kassie et al., 2010, Becerril and 

Abdulai, 2010, Gebremedhin and Swinton, 2003) have analysed the drivers of adoption of 

individual SAI practices using different data and methods, making comparisons difficult. 

Moreover, these studies ignore the fact that SAI practices are interdependent (Dorfman, 

1996) and can be driven by complex factors that may relate to trade-offs and synergistic 

effects between the various practices. A few recent studies have addressed these 

shortcomings by modelling the adoption of multiple SAI practices and a set of covariates 

simultaneously in a static framework (Kamau et al., 2014, Theriault et al., 2017, Wainaina et 

al., 2016, Koppmair et al., 2017, Kassie et al., 2015). These studies find that input-intensive 

and NRM practices are not incompatible as often presumed (Wainaina et al., 2016, Koppmair 

et al., 2017, Kassie et al., 2015).  

Furthermore, smallholder farmers can make complex sequential104 adoption decisions. 

That is, adoption of one technology may drive the adoption of another technology or the 

future use of same technology. This outcome could have a positive or negative spillover 

effect on the adoption behaviour of farmers. In particular, the temporal nature of the adoption 

SAI practices is critical but has rarely been investigated for short panel period. Lack of 

                                                           
103 These include structural techniques such as terraces, soil bunds, stone bunds, grass stripes and box ridges.  
104 Historically, farmers adopt packages of technologies sequentially in varying pieces due to technological and 

institutional hurdles in the production process (Leathers and Smale, 1991, Byerlee and de Polanco, 1986).  
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intertemporal dynamics is a core limitation of the empirical literature on sustainable 

agricultural technology adoption particularly in developing countries (Feder et al., 1985, 

Doss, 2006) due to limited access to time series data for duration analysis. The likelihood of 

use of SAI practices can depend on whether or not farmers had tried those practices before 

and evaluated for accrued benefits against costs. Previous research has considered learning by 

experience and duration models to investigate the temporal drivers and dynamics of 

agricultural technologies (Khataza et al., 2018, Beyene and Kassie, 2015, Krishnan and 

Patnam, 2013, An and Butler, 2012, Conley and Udry, 2010, D'Emden et al., 2006, Dadi et 

al., 2004, Burton et al., 2003, Abdulai and Huffman, 2005). However, this strand of literature 

has not captured the intertemporal correlation among the interdependent SAI practices.  

This study addresses these shortcomings by investigating the drivers of adoption and 

intertemporal correlation as well as synergies among SAI practices. We use nationally 

representative, balanced105 two-wave panel data of 2031 maize producing farm households in 

Ethiopia. We consider eight SAI practices which consist of both input-intensive and NRM 

practices in 2009/2010 and 2012/2013. The possible input-intensive techniques include 

chemical fertiliser, improved seed, pesticide, and irrigation. Ethiopian farmers rarely use 

pesticides or irrigation for maize production, similar to Kenyan farmers (Wainaina et al., 

2016). Thus, we focus on two of these, improved maize seed and chemical fertiliser in our 

adoption analysis. Here, improved maize seed includes fresh hybrid seeds and open-

pollinated varieties both fresh and recycled at most for three production seasons. The NRM 

practices involve different low–external input strategies that are mostly implemented to curb 

soil erosion and hence, reverse land degradation. The six NRM practices selected include use 

of crop residues, legume rotation, legume intercropping and reduced tillage (which are all 

                                                           
105 In this paper, balanced panel data is required to investigate the intertemporal adoption process. 
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conservation agriculture strategies), soil and water conservation (SWC) measures, and 

organic manure106.  

We estimate a multivariate probit (MVP) model that accounts for the fact that farmers 

make adoption decisions simultaneously, and that there will be interactions between adoption 

decisions over time. The MVP simultaneously models the relationships among multiple SAI 

practices and a set of covariates by allowing individual-specific unobserved effects to be 

correlated between the SAI practices both within a period, and across periods. The MVP 

model offers new insights not only about the simultaneous nature of multiple technologies 

adoption decisions but also the temporal nature of technology adoption. The approach is 

novel: we are not aware of any research that addressed SAI practices adoption decisions over 

two production periods. Furthermore, we include historical climate and weather variabilities, 

prices, institutional and policy factors as covariates in the intertemporal MVP adoption 

model.  

We find three significant results of policy relevance. First, there is a consistency in the 

impacts of unobservable effects on the probability of adoption of each practice across time: 

adoption decisions made across the two periods are significantly and positively correlated. 

Second, significant complementarities and trade-offs exist among SAI practices. In particular, 

we reveal positive synergies among the input-intensive and NRM practices. Thus, we build 

on emerging empirical evidence (Wainaina et al., 2016, Koppmair et al., 2017, Kassie et al., 

2015) to challenge the widely-held misperception that these two types of practices are 

incompatible. Third, we observe that covariates that drive adoption differ among practices 

significantly and appear to reflect synergistic interrelationships among the practices across 

time.  

                                                           
106 A detailed description of these practices and their agro-environmental benefits can be found in the literature 

(Wollni et al., 2010, Wainaina et al., 2016, Teklewold et al., 2013, Stevenson et al., 2014, Lee, 2005, Kassie et 

al., 2013) and references therein. 
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These results contribute to the debate within the development economics community 

on designing effective extension programs because efforts to promote adoption of one 

practice may appear to discourage the adoption of another practice if the interdependency 

between the practices is overlooked. The findings are highly relevant for policy design across 

sub-Saharan Africa including Ethiopia given economic growth in that region is intertwined 

with smallholder agricultural productivity amidst increasing land degradation and climate 

variability.  For example, agriculture contributes to about 40% of the national GDP, 90% of 

exports and 85% of employment in Ethiopia with smallholder farmers as key actors. Maize is 

a key staple crop produced by rainfed with climate risks and extractive farming practices 

leading to variable and stagnant maize yields. To reverse the situation, sustainable 

intensification of maize production systems has become an important economic and policy 

issue in Ethiopia and sub-Saharan Africa to mitigate the adverse effects of soil degradation 

and weather changes.  

 

6.2 Farmers’ adoption decision 

Households choose a technology or a package of techniques which maximise their expected 

utility (Von Neumann and Morgenstern, 1947). Most technology adoption studies in 

developing countries apply expected utility theory (Wollni et al., 2010, Wainaina et al., 2016, 

Kassie et al., 2013, Feder et al., 1985, Dorfman, 1996, Arslan et al., 2014). We assume that 

smallholder farmers maximise their expected benefit from adoption as compared to non-

adoption of SAI practices, especially the NRM practices. The expected benefits could include 

labour or input saving as well as increases in output because of improved soil fertility or 

reduced soil erosion (Wollni et al., 2010, Knowler and Bradshaw, 2007).  

There can be environmental (ecosystem) benefits beyond the farm-level too such as 

reduced downstream sedimentation, reduced flooding and better river flow or wetland 
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resources and carbon sequestration, which can enhance food security and biodiversity to the 

community (World Bank, 2007, Wollni et al., 2010, Knowler and Bradshaw, 2007). 

However, the costs of adoption are often borne at the farm-level by smallholder farmers even 

though the benefits particularly the NRM practices can also be gained by the society as a 

whole (World Bank, 2007, FAO, 2007). Since smallholder farmers are not getting the full 

benefits of adoption, they are less likely to adopt NRM practices, and adoption rates often 

remain below the expected levels of policymakers (Shiferaw and Holden, 2000, World Bank, 

2007).  

  

6.3 The intertemporal multivariate probit model 

 Adoption decisions of multiple technologies are interdependent and intertemporal. 

Smallholder farmers deal with various agricultural production constraints, which necessitates 

the adoption of both input-intensive and NRM practices. A few recent studies have employed 

a static multivariate probit model to reveal such interrelationships (Kamau et al., 2014, 

Theriault et al., 2017, Wainaina et al., 2016, Koppmair et al., 2017, Kassie et al., 2015). 

However, technology adoption decisions and their driving factors are inherently dynamic107. 

Therefore, we use an intertemporal multivariate probit (MVP) model that accounts for 

correlation in unobserved and unmeasured factors (error terms) across practices and time.  

The intertemporal MVP model consists of eight binary choice equations in each 

period ( t =1, 2) giving a total of 16 binary choices. The eight binary choices represent the SAI 

practices, namely chemical fertiliser, improved seed, organic manure, SWC measures, 

minimum/reduced tillage, crop residues, legume rotation and legume intercropping. 

Following Cappellari and Jenkins (2003), the general model can be written as: 

 

                                                           
107 Here, ‘dynamic’ means the intertemporal effects of adoption across the two periods. It does not necessarily 

mean lagged adoption in which prior adoption influences future adoption. 
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* ' ,  t=1, 2; k=1,...8itk tk itk itky x         (6.1) 

 

1 if * 0 and 0 otherwise,itk itky y        (6.2) 

 

[ ] ~ ( , ),    i it itk MVN R1 0        (6.3) 
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where: *itky  is a latent variable that captures the expected benefit to farm household i  from 

adopting a SAI practice k  in the period t . The latent variable *itky  is assumed to be a linear 

combination of various covariates itkx  and the unobserved error term itk which is denoted as 

 i  with a 16 1 vector. The term tk  is a vector of parameters to be estimated for each SAI 

practice k in period t . Because *itky  is implicit (latent) or unobservable, the estimation is 

based on the observed binary choices itky , which indicates whether or not a farm household i  

implemented a particular SAI practice k in the reference period t .  

The error terms i  jointly follow a multivariate normal (MVN) distribution each with 

mean zero and a variance-covariance matrix R . The modelling approach uses a 16 16 

matrix R  with variances at the leading diagonal normalized to one and the off-diagonal 

values are correlations such that  tk kt . The R matrix has 120 parameters. The off-diagonal 

error matrices describe the correlation of unobserved factors relating to the interdependencies 

of the SAI practices over the two periods. A positive correlation indicates complementary 

technologies suggesting positive temporal effect of technology, whereas a negative 

correlation indicates substitution suggesting a negative temporal effect of technology. The 

maximum-likelihood function of the multivariate normal distribution involves a 16 



 
 

210 
 

dimensional integration and is thus done by simulation methods (Cappellari and Jenkins, 

2003). 

  

6.4 Data and adoption covariates 

 

 6.4.1 Data 

This study is based on farm household data collected from maize growing areas of Ethiopia 

(Jaleta et al., 2013). The data were collected in 2010 and 2013 by the Ethiopian Institute of 

Agricultural Research (EIAR) in collaboration with the International Maize and Wheat 

Improvement Centre (CIMMYT). The data were nationally representative of the maize 

farming system (Figure 6.1).  

A multistage sampling procedure was used to select study kebeles108 from each 

district and farm households from each kebele. First, about 39 districts were selected based on 

maize production potential from five regional states namely, Oromia, Amhara, Tigray, Ben-

Shangul-Gumuz, and Southern Nations and Nationalities Peoples Region (SNNPR). A 

proportionate random sampling procedure was used to select 3 to 6 kebeles in each district 

and 10 to 24 farm households in each kebele. The surveys used to collect these data were 

comprehensive and included detailed information about production activities, technology 

adoption covariates, sustainable agricultural practices and farm management practices. We 

use a balanced panel of 2031 farm households in 2009/2010 and 2012/2013 for our 

intertemporal adoption analysis.  

 

 

 

                                                           
108 Kebele is the smallest administrative unit below the district level in Ethiopia. 
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Figure 6.1 Map of the study kebeles representing the major maize growing areas of Ethiopia. 

Source: Author 
 

The data on production inputs and output, (SAI) practices and farm-related covariates 

were collected at the plot level. Typically, farm households vary the size and type of plot they 

allocate to maize production over different periods. Thus, we analysed the adoption of SAI 

practices at the farm (household) level. Such a household-level analysis is common in 

empirical research with panel data (Ndlovu et al., 2014, Bezabih and Sarr, 2012, Marenya 

and Barrett, 2007, Udry, 1996, Alem et al., 2010). The household-level data are matched with 

kebele-level climate data using global positioning system (GPS) coordinates recorded for 

each kebele.  

 

6.4.2 Technology adoption covariates  

A range of factors (covariates) can drive the adoption of SAI practices. These include but are 

not limited to climatic factors, input-output prices, farm characteristics, socio-economic and 
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institutional factors as well as personal factors. We include a number of such covariates in 

our intertemporal adoption model following the existing theoretical and empirical literature 

(Doss, 2006, Wainaina et al., 2016, Marenya and Barrett, 2007, Lee, 2005, Knowler and 

Bradshaw, 2007, Kassie et al., 2010, Gollin et al., 2005, Feder et al., 1985). The significance 

and direction of influence of these covariates can depend on the nature of the technology, as 

well as interdependencies between practices and temporal dynamics. A few studies provide 

an estimate of the prior direction of influence of these covariates on SAI practices (Wainaina 

et al., 2016, Knowler and Bradshaw, 2007). We briefly describe these covariates in the 

context of our study. 

Both past and current weather patterns can shape smallholder farmers’ livelihood 

portfolios as well as the management practices they implement (Sesmero et al., 2018, Asfaw 

et al., 2016, Arslan et al., 2015). Thus, we include historical annual rainfall109 and its 

variability in the analysis. We also included the variability of rainfall in previous years 

because of its expected negative impact on the adoption of input-intensive practices 

(Teklewold et al., 2017, Bezabih and Sarr, 2012, Alem et al., 2010). Likewise, we control for 

historical maximum temperature and its coefficient of variation. 

 Prices of inputs and output could also influence the adoption of technologies. We 

include the prices of chemical fertiliser, labour, and seed, which are normalised by the maize 

grain price. Thus, relative prices are used for analysis consistent with the standard economic 

theory. Most adoption studies do not include prices in their analysis due to either lack of data 

or price variation within the sample. 

 Farm characteristics can drive the adoption of SAI practices. We include soil fertility 

status and slope of the farm as covariates. We also include altitude to capture agro-ecological 

                                                           
109 Figure A6.1 shows the variable nature of historical annual rainfall for a sample of four kebeles out of the 

total of 183 maize growing kebeles considered in this study. 
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differences between farming households. The proximity of cultivated land to homestead also 

can influence the adoption of technologies (Kassie et al., 2013,  Kassie et al., 2015). 

Socio-economic and access to institutions can affect technology adoption. We include 

age, education, and gender of the farming household head. We also control for the education 

level of other household members to capture the intra-household dynamics in the adoption 

decision (Asfaw and Admassie, 2004; Doss, 2006). Farm size (maize area), total livestock 

units (TLU), and adult equivalent labour are included as indicators of resource availability. 

We also include policy-related variables such as credit, cash savings, and off-farm income. 

We also include the value of household assets as a measure of the household's wealth. 

Furthermore, we include indicators of institutional/social capital: access to supportive 

institutions, relatives, and household’s trust of grain traders, access to a mobile phone, tenure 

status, and distance to the nearest input market. As also highlighted by Wainaina et al. 

(2016), some of these covariates may be endogenous, which means that the parameter 

estimates in the results section should not be interpreted as structural causal. Here, our 

primary focus is on the statistical association: direction and the significance of covariates 

with the adoption of SAI practices. Table 6.1 presents descriptive statistics for SAI practices 

and the covariates used for the empirical analysis. The descriptive statistics show that input-

intensive technologies are adopted more than the NRM practices in the two periods. About 

66% of the sample farmers used chemical fertiliser for the 2009/2010 production season and 

73% for the 2012/2013 season. Farmers also use manure, but it is often applied around 

homestead. The least adopted SAI practice by the sample farmers is the maize-legume 

rotation.    
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Table 6.1 Variable lists and descriptive statistics 

 

Variable name Variable definition 2009/2010 2012/2013 

  Mean SD Mean SD 

Sustainable agricultural intensification (SAI) practices      

Chemical fertiliser  =1 if farmer applied chemical fertilisers, 0 otherwise  0.66 0.47 0.73 0.45 

Improved seeds =1 if maize seeds used are improved varieties, 0 otherwise 0.34 0.47 0.66 0.47 

Manure =1 if farmer used animal manure, 0 otherwise 0.51 0.50 0.48 0.50 

SWC =1 if farmer used soil and water conservation (SWC) practices, 0 otherwise  0.23 0.42 0.32 0.47 

Crop residues retention =1 if farmer left any crop residues on farm in previous season, 0 otherwise 0.29 0.46 0.18 0.39 

Minimum tillage =1 if farmer’s average ploughing frequency was at least two, 0 if above two 0.16 0.36 0.13 0.33 

Legume rotation =1 if farmer rotated maize with legumes, 0 otherwise 0.12 0.32 0.07 0.26 

Legume intercropping =1 if farmer intercropped maize with legumes, 0 otherwise 0.16 0.36 0.28 0.45 

Climate factors      

Rainfall abundance Long-term average annual amount of rainfall in 100mm (1990-2011) 13.00 3.69 12.98 3.63 

Historical rainfall variability Coefficient of variation of long-term annual rainfall (1990-2011) 0.12 0.02 0.13 0.02 

Lagged rainfall variability Coefficient of variation of monthly rainfall of lagged years (2008 and 2011)  0.88 0.14 0.94 0.17 

Temperature variability Coefficient of variation of monthly maximum temperature (1990-2011) 0.03 0.02 0.03 0.02 

Maximum temperature Average long-term maximum temperature (°C)  (1990-2011) 27.11 2.06 27.14 2.04 

Prices       

Fertiliser price Relative fertiliser price, normalised by the grain price of maize output  3.18 1.19 2.93 0.67 

Improved seed price Relative improved seed price, normalised by the grain price of maize output  6.31 2.90 4.43 1.89 

Labour price Relative labour price, normalised by the grain price of maize output  9.33 4.37 4.63 2.33 

Household socio-economic characteristics     

Family labour  Household labour availability converted into adult equivalent  4.92 1.96 5.08 1.91 

Family education  Average education level at the household (years of schooling) for age >=7 2.99 2.01 3.06 1.95 

Education level of head Education level of the household head (years of schooling) 3.00 3.31 2.98 3.32 

Farm size Farm size allocated for maize in hectares  0.91 0.82 0.74 0.67 

Ox0 =1 if farmer has no oxen, 0 otherwise 0.19 0.39 0.26 0.44 

Ox1 =1 if farmer has one ox, 0 otherwise 0.25 0.43 0.26 0.44 

TLU Total livestock holding in tropical livestock units  6.28 5.80 6.00 5.51 

Ln asset value Logarithm of farmer’s asset value in Birr 8.86 1.31 9.76 1.31 

Off-farm income Share of off-farm cash in total cash revenue 0.22 0.28 0.25 0.29 

Saving =1 if farmer had savings, 0 otherwise 0.50 0.50 0.46 0.50 
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Table 6.1 (Continued) 

 
Credit =1 if farmer has access to credit, 0 otherwise 0.16 0.36 0.31 0.46 

Gender  =1 if household head is male, 0  if female 0.93 0.26 0.93 0.25 

Age  Age of the household head 42.05 12.71 44.63 12.79 

Farm characteristics      

Soil fertility  Soil fertility status as perceived by the farmer (1=good, 2=medium, 3=poor) 1.60 0.55 1.53 0.57 

Slope of field Type of slope as perceived by farmer (1=flat, =medium, 3=steep) 1.36 0.49 1.35 0.52 

Altitude  Altitude on which the household is located in metres above sea level (100 metre) 17.73 2.67 17.73 2.67 

Ln plot distance Logarithm of average plot walking distance from the residence in minutes   1.67 1.14 1.56 1.21 

Institutional/Social capital      

Access to institutions Number of institutions farmer is member of in the village 2.64 1.52 2.67 2.03 

Ln distance to inputs Logarithm of distance to input markets  1.45 0.98 1.30 0.90 

Traders  Number of grain traders farmer knows and trusts  2.03 4.28 2.08 4.00 

Relatives  Number of relatives farmer has in and outside the village 11.61 14.07 17.93 22.94 

Mobile phone   =1 if farmer has mobile phone, 0 otherwise 0.19 0.39 0.49 0.50 

Tenure Share of owned land area allocated in total maize area 0.82 0.33 0.89 0.26 

 

Notes: SD= Standard deviation. Source: Author 
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6.5 Results and discussion 

 

6.5.1 Trade-offs and synergies between practices 

Before presenting the observed drivers of SAI practices adoption, we discuss the results of 

the error term correlation matrix which provides the interrelationships between the practices. 

Based on the likelihood ratio test ( 2  (120) =1266.46; P < 0.0001), we reject the null 

hypothesis of zero correlation between the error terms at a 1% significance level. This result 

suggests that the intertemporal MVP model is preferred over the single-equation probit 

models. In this section, we focus on trade-offs and synergies between the different practices 

as well as the intertemporal effects in conditioning the adoption of SAI practices. A positive 

correlation indicates complementary technologies or positive impact of time whereas a 

negative correlation indicates substitution or an adverse effect of time. In some cases, the 

negative correlation also could reflect the compatibility of the practices in different 

production domains (Wainaina et al., 2016). 

Table 6.2 presents the results of interactivity and intertemporal adoption of the 

practices based on the correlation matrix from the intertemporal MVP model. The estimation 

results reveal evidence of interdependencies among the practices. The results can be read in 

three panels. The top left-hand panel gives the correlation between practices when t  = 1. The 

lower right-hand panel gives the correlation between practices when t  = 2. The lower left 

panel offers the correlation between practices, across time. Hence the leading diagonal of the 

lower-left panel shows the correlation for each practice with itself across the two periods. Our 

results demonstrate that the probability of adoption of each practice is significantly correlated 

across time. These are shown by the positive and highly statistically significant correlation of 

each practice over time as shown in the leading diagonal of the lower-left hand panel of Table 

6.2 (e.g. 
2t

CF vs. 
1t

CF , 
2t

CR vs. 
1t

CR , etc.). The results underscore the positive effects of time 
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in conditioning the adoption behaviour of farmers. Although this result may appear to be 

obvious, given the practices under consideration, there is no requirement that once adopted 

the activity has to be maintained. These results are consistent with recent studies that reported 

interdependencies among SAI practices (Wainaina et al., 2016, Koppmair et al., 2017, Kassie 

et al., 2015, Kassie et al., 2013, Kamau et al., 2014, Theriault et al., 2017). These studies, 

however, were based on a static framework and had not addressed the temporal dynamics of 

the adoption decision. The major contribution of the present study is on the positive 

intertemporal effects of adoption decision and correlation of the interdependent SAI 

practices. This empirical insight is new in sustainable agriculture literature110.  

 

 

 

 

 

 

 

 

 

 

 

 

 

                                                           
110 While previous research on duration analysis captured intertemporal adoption decisions, the intertemporal 

correlation among technologies that could reflect synergistic effects were overlooked. 
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Table 6.2 Correlation matrix for the intertemporal multivariate probit model  

Notes: CF=Chemical fertiliser, IS=Improved seed, M=Manure, SWC=Soil-water conservation, CR=Crop residues, MT=Minimum tillage, LR=Legume rotation, LI=Legume 

intercropping. 1t = 2009/2010 and 2t = 2012/2013. *, ** and *** are significant at 10%, 5% and 1% level. Standard errors are not reported to conserve space. Source: Author  

  2009/2010 = 1t  2012/2013 = 2t  

  

1t
CF  

1t
IS  

1t
M  

1t
SWC  

1t
CR  

1t
MT  

1t
LR  

1t
LI  

2t
CF  

2t
IS  

2t
M  2t

SWC

 
2t

CR  
2t

MT  
2t

LR

 

2t
LI

 

2
0

0
9

/2
0

1
0
 =

 t
1
 

1t
CF  

1                

1t
IS  

0.45*** 1               

1t
M  

-0.12*** -0.13*** 1              

1t
SWC  0.06 -0.04 0.12*** 1             

1t
CR  

-0.10** -0.19*** 0.06 0.03 1            

1t
MT  

-0.41*** -0.33*** 0.07 0.10** 0.07 1           

1t
LR  

0.22*** 0.17*** -0.02 0.07 0.02 -0.04 1          

1t
LI  

0.04 -0.34*** 0.11** 0.12** 0.01 0.22*** 0.07 1         

2
0

1
2

/2
0

1
3
 =

 t
2
 

2t
CF  

0.52*** 0.13*** 0.01 0.08* -0.05 -0.14*** 0.08 0.19*** 1        

2t
IS  

0.34*** 0.22*** 0.01 -0.02 -0.12*** -0.22*** 0.19*** 0.07 0.67*** 1       

2t
M  

-0.04 -0.01 0.18*** 0.07* -0.08** -0.03 -0.16*** 0.03 -0.09** -0.01 1      

2t
SWC  0.15*** -0.04 0.09** 0.19*** 0.02 -0.02 0.01 0.09* 0.28*** 0.14*** 0.06 1     

2t
CR  

-0.17*** -0.10** -0.02 0.09* 0.13*** 0.09 0.07 -0.03 -0.06 -0.11** -0.09** 0.08* 1    

2t
MT  

-0.19*** -0.15** -0.06 0.07 0.04 0.47*** 0.03 0.14** -0.28*** -0.33*** -0.09* -0.001 -0.03 1   

2t
LR  

0.16** 0.13** -0.02 0.06 -0.03 0.05 0.21*** -0.03 0.06 -0.01 -0.03 -0.06 -0.06 -0.04 1  

2t
LI  

-0.02 -0.18*** 0.16*** 0.17*** 0.003 0.11** 0.02 0.27*** 0.16*** 0.03 0.17*** 0.02 0.16*** 0.08 -0.04 1 
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The results also reveal complementarities and trade-offs among SAI practices. In 

particular, the results reveal important synergies between input-intensive technologies and 

NRM practices. For 2009/2010, chemical fertiliser is found to have a significant negative 

association with crop residues, manure, and minimum tillage, but a significant positive 

association with improved seed and legume intercropping (top left panel of Table 6.2). Also, 

the use of improved seed has a significant negative association with minimum tillage and 

legume intercropping but a significant positive association with legume rotation. It could be 

possible that farmers undertake minimum tillage and intercropping for local varieties. We find 

similar results for 2012/2013 (bottom right panel of Table 6.2). The interactivity correlations 

over time also reveal consistent results. Our findings are consistent with recent studies that 

provide evidence on the benefits of jointly using those practices in a static framework 

(Wainaina et al., 2016, Koppmair et al., 2017). Thus, we build on this early evidence to 

challenge the widely-held misperception that these two types of practices are incompatible. 

Indeed, smallholder farmers adopt input-intensive and NRM practices as complements or as 

substitutes depending upon their needs and prior experience.  

In Table 6.2 there are four opportunities for possible correlations in unobservable 

effects between SAI practices. Table 6.3 presents the number of statistically significant 

correlations among the different types of practices. We find both positive and negative 

correlations among the input-intensive and NRM practices for Ethiopian farmers. For example, 

the use of improved seed is positively correlated four times with inorganic fertiliser. Legume 

rotation is highly positively correlated with the use of improved seed. Minimum tillage and 

crop residue retention are strongly negatively correlated with the use of improved seed. This 

result implies that beneficial synergies of substitutions or positive complementarities can be 

exploited through the use of input-intensive practices (improved seed or chemical fertiliser) 

together with NRM practices (The Montpellier Panel, 2013, World Bank, 2007, Lee, 2005, 

Gollin et al., 2005, Kassie et al., 2015). This result is in contrast with Wainaina et al. (2016) 
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who find a few positive correlations between the input-intensive and NRM practices for 

Kenyan farmers. The contrast underscores the importance of niche-tailored development 

pathways to achieving sustainable agricultural intensification in Africa (Stevenson et al., 2014, 

Lee et al., 2006, Knowler and Bradshaw, 2007). It is also imperative to assess whether or not 

the observed interdependencies in the practices influence the drivers of adoption. We discuss 

these issues in the next sections. 

 

Table 6.3 Number of significant intertemporal correlations among SAI practices 

 

  CF IS M SWC CR MT LR LI 

IS ++++        

M - -  -        

SWC ++ + ++      

CR - - - - - - - - ns     

MT - - - - - - - ns + ns    

LR + +++ -  ns ns ns   

LI ++ - - +++ ++ + +++ ns  

 
Notes: CF=Chemical fertiliser; IS=Improved seed; M=Manure; SWC=Soil and water conservation; CR=Crop 

residues; MT=Minimum tillage; LR=Legume rotation; and LI=Legume intercropping. A ‘+’ and ‘–‘are 

statistically significant positive and negative correlations, respectively. ‘ns’ is not significant. The maximum 

possible number of significant correlations is four. Source: Author 
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6.5.2 Drivers of intertemporal technology adoption  

In the previous section, we analysed interactivity and intertemporal correlation and revealed 

beneficial synergies and trade-offs between input-intensive and NRM practices. In this 

section, we focus on the driving factors of adoption with particular attention to possible 

differences in the covariates between input-intensive and NRM practices. As pointed out by 

Wainaina et al. (2016) systematic differences in the drivers (covariates) could indicate that 

each type of practice is used under different conditions whereas similarities in the covariates 

could suggest that different types of practices may be possible under similar settings. We also 

investigate whether or not the drivers (covariates) reflect patterns of complementarity and 

trade-offs implicit in the practices across the two periods.  

Table 6.4 presents the coefficient estimates from the intertemporal MVP model. The 

coefficient estimates indicate the direction and significance of the association between the 

SAI practices and covariates for adoption. We find evidence that factors that drive adoption 

differ between practices. While certain factors mainly drive the adoption of NRM practices, 

others influence the adoption of input-intensive practices, and such patterns appear to reflect 

the complementarity and trade-offs implicit in those practices. We also observe that some of 

the drivers of adoption differ across the two periods111, underscoring the value of 

intertemporal analysis. This result is expected given that many things could change across 

time within rural communities (Khataza et al., 2018, Beyene and Kassie, 2015, Krishnan and 

Patnam, 2013, Conley and Udry, 2010, D'Emden et al., 2006, Dadi et al., 2004, Burton et al., 

2003, Abdulai and Huffman, 2005, Doss, 2006), for example, due to changes in weather, 

technology, farm management techniques, learning new skills and knowledge, performance 

                                                           
111 We tested the null hypothesis that the coefficients of covariates for each of the practices across the two 

periods are equal and we reject the null by the likelihood ratio test at 1% significance level. Results are available 

upon request.  
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of institutions and social networks, policies or market prices as well as changes in outside 

factors beyond the control of farm households. Below, we discuss these results in detail. 

 Climate factors are found to have a significant association with the adoption of SAI 

practices. Historical abundance of rainfall has a significant association with the adoption of 

SAI practices but with different signs. For example, it increases the likelihood of adoption of 

reduced tillage, residue retention, inorganic fertiliser and legume intercropping but decreases 

the probability of adoption of improved seed and legume rotation, all else being equal. The 

variability of historical rainfall also has similar effects. However, the variability of lagged 

(past year) rainfall increases the likelihood of adoption of SWC, organic manure, reduced 

tillage, and inorganic fertiliser but decreases the probability of adoption of improved seed, 

residue retention and legume intercropping. The variability of lagged rainfall has a significant 

association with many of SAI practices in both periods. In particular, it had a significant 

positive association with the adoption of improved seed in the first period but had a reverse 

effect in the second period. The result underscores the relevance of understanding the 

temporal nature of technology adoption (Feder et al., 1985, Khataza et al., 2018, Beyene and 

Kassie, 2015, Krishnan and Patnam, 2013, Conley and Udry, 2010, D'Emden et al., 2006, 

Dadi et al., 2004, Burton et al., 2003, Abdulai and Huffman, 2005, Doss, 2006). Not 

surprisingly, higher temperature increases the likelihood of adoption of residue retention, 

organic manure, improved seeds and legume intercropping but decreases the probability of 

adopting reduced tillage. The variability of historical temperature is also more likely to 

increase the likelihood of adoption of crop residues, reduced tillage and legume intercropping 

but tend to decrease the probability of adopting modern inputs (improved seed and inorganic 

fertiliser). The results underscore the importance of climate factors in explaining 

heterogeneity in the intertemporal adoption of multiple practices which can have subsequent 

weather-induced welfare impacts (Teklewold et al., 2017, Sesmero et al., 2018, Arslan et al., 
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2015). However, most previous adoption studies do not control climate factors due to lack of 

georeferenced climatology data. 
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Table 6.4 Coefficient estimates of the intertemporal multivariate probit model 

 

Drivers of SAI practices 

adoption 

2009/2010    2012/2013    

Chemical 

fertiliser 

Improved  

 seeds 

Manure SWC Chemical 

fertiliser 

Improved 

seeds 

Manure SWC 

Climate factors         

Rainfall abundance 0.039*** -0.049*** 0.037*** 0.056*** 0.057*** -0.012 -0.007 -0.012 

Historical rainfall variability 0.381 2.597 -3.507* 9.011*** 6.847*** 1.776 -1.936 -3.083 

Lagged rainfall variability -1.609*** 0.826*** 0.792*** 0.963*** -1.352*** -0.843*** 0.138 0.477** 

Temperature variability -6.373*** -3.05 -1.303 -1.775 -3.245 -5.445*** 0.119 3.963** 

Maximum temperature 0.023 0.064*** 0.005 -0.041** -0.014 0.015 0.040** -0.018 

Prices         

Fertiliser price -0.074** -0.154*** -0.001 -0.079** 0.350*** 0.315*** 0.125** -0.008 

Improved seed price 0.091*** 0.077*** -0.008 -0.040*** 0.117*** 0.060*** -0.002 0.060*** 

Labour price -0.036*** -0.026*** 0.009 -0.005 -0.083*** -0.016 0.000 0.040*** 

Household socio-economic characteristics 

Family labour  0.020 0.054*** -0.002 -0.017 -0.029 0.056*** 0.046*** 0.012 

Family education  0.048** 0.109*** -0.022 0.026 0.044** 0.023 -0.005 0.035* 

Education level of head -0.024* -0.019 0.003 -0.017 -0.050*** -0.030** -0.012 0.007 

Farm size 0.162*** 0.138*** 0.104** -0.032 0.320*** 0.254*** 0.144*** 0.052 

Ox0 -0.244** -0.108 -0.268*** 0.015 -0.234** -0.310*** -0.239*** 0.057 

Ox1 -0.136* -0.083 -0.104 0.139 0.037 -0.086 -0.051 0.060 

TLU -0.015** -0.014** 0.000 -0.006 0.000 -0.017** -0.001 0.020*** 

Ln asset value 0.066** -0.019 0.011 0.075** 0.073** 0.068** -0.045* -0.015 

Off-farm cash -0.352*** -0.235** -0.316*** -0.309** -0.19 -0.304*** -0.123 -0.371*** 

Saving 0.106 -0.051 0.053 0.115* 0.137** 0.149** -0.026 0.070 

Credit 0.189** 0.203** -0.051 -0.054 0.146** 0.001 -0.045 0.014 

Gender  -0.005 0.159 0.183 0.071 0.240* 0.078 -0.252** 0.273** 

Age  -0.012*** -0.012*** 0.004 -0.008** -0.016*** -0.015*** -0.001 -0.008*** 

Farm characteristics         

Soil fertility  0.211*** 0.278*** -0.125** 0.040 0.058 0.071 -0.02 0.098* 
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Table 6.4 (Continued) 

 

Slope of field -0.105 -0.053 -0.091 0.361*** 0.000 -0.154** -0.118* 0.421*** 

Altitude  0.064*** -0.011 0.046*** 0.000 0.080*** 0.033** 0.020 0.003 

Ln plot distance 0.071** -0.001 -0.191*** -0.021 0.108*** 0.033 -0.158*** 0.053* 

Institutional/Social capital         

Access to institutions  0.085*** 0.061*** -0.019 0.111*** 0.073*** 0.037** 0.025 0.048*** 

Ln distance to inputs -0.080** 0.005 0.030 0.023 -0.105*** -0.033 0.035 -0.022 

Traders  0.012 0.012* 0.004 -0.006 -0.002 -0.003 0.009 0.038*** 

Relatives  0.000 0.005** -0.002 0.001 0.003** 0.002 0.000 0.001 

Mobile phone  0.109 0.053 -0.104 -0.198** 0.124* 0.177** -0.045 -0.221*** 

Tenure -0.099 0.034 0.027 0.090 0.076 -0.216* 0.075 0.223* 

Constant -0.827 -2.761*** -1.368 -2.958*** -2.484** -0.942 -0.825 -1.679* 

 

Drivers of SAI practices 

adoption 

 

2009/2010 

   

2012/2013 

   

Crop residues Minimum 

tillage 

Legume 

rotation 

Legume 

intercropping 

Crop residues Minimum 

tillage 

Legume 

rotation 

Legume 

intercropping 

Climate factors         

Rainfall abundance 0.045*** 0.079*** -0.084*** -0.004 0.043*** 0.069*** -0.068*** 0.033** 

Historical rainfall variability 6.297*** 6.207** -6.037** 6.660** -2.921 0.664 -2.739 2.588 

Lagged rainfall variability -1.274*** -0.359 -0.248 -3.430*** -1.094*** 1.473*** -0.799** -1.350*** 

Temperature variability 3.270* 11.006*** 1.781 -7.275*** 0.543 3.470 2.257 -15.447*** 

Maximum temperature 0.058*** -0.011 0.023 0.014 0.006 -0.053** -0.044 -0.105*** 

Prices         

Fertiliser price 0.099*** 0.009 -0.075 0.059 -0.134** -0.046 -0.072 -0.028 

Improved seed price -0.001 -0.046*** 0.002 -0.047*** -0.023 -0.049* -0.046* 0.012 

Labour price 0.035*** 0.021** 0.039*** -0.007 0.025 0.065*** 0.069*** -0.077*** 

Household socio-economic characteristics 

Family labour  -0.008 -0.055** 0.049** -0.007 0.005 -0.026 0.025 0.028 

Family education  -0.046** -0.038 0.037 0.004 0.01 -0.016 0.032 -0.022 

Education level of head 0.013 0.044*** 0.007 0.008 0.008 0.043** 0.009 -0.004 

Farm size 0.090** 0.083* 0.092* 0.082 0.044 -0.088 0.081 0.074 
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Table 6.4 (Continued) 

 

Ox0 -0.051 0.503*** 0.085 0.268** 0.009 0.478*** 0.001 0.141 

Ox1 -0.057 0.205** -0.013 0.129 -0.201** 0.095 -0.027 0.013 

TLU 0.000 -0.011 0.002 -0.011 0.015* 0.001 0.000 -0.01 

Ln asset value 0.045 0.032 -0.033 -0.037 0.065** -0.028 0.000 0.026 

Off-farm cash 0.009 0.461*** -0.185 -0.225 -0.076 0.061 -0.047 0.077 

Saving 0.329*** 0.049 -0.134 0.154* -0.140* 0.120 -0.199** 0.09 

Credit -0.065 0.041 -0.008 0.004 0.004 0.245*** 0.058 0.071 

Gender  -0.061 -0.151 -0.100 0.010 0.114 -0.071 0.155 0.441*** 

Age  0.004 0.014*** -0.007* 0.002 -0.010*** 0.011*** -0.005 -0.002 

Farm characteristics         

Soil fertility  -0.149** -0.095 0.052 0.015 0.122* 0.046 -0.027 -0.038 

Slope of field 0.188*** 0.210*** -0.299*** -0.004 0.180*** 0.103 0.137 0.109 

Altitude  -0.019 -0.176*** -0.034* 0.026 0.005 -0.205*** -0.085*** -0.011 

Ln plot distance 0.069** -0.028 0.077** 0.073** 0.023 -0.047 0.095** -0.068** 

Institutional/Social capital         

Access to institutions  -0.114*** -0.056** 0.052* 0.019 0.007 -0.057** 0.006 -0.011 

Ln distance to inputs 0.020 0.034 0.009 0.026 -0.067* 0.037 -0.058 0.019 

Traders  0.005 -0.005 0.007 0.006 -0.023** 0.016* -0.001 -0.013* 

Relatives  0.006*** 0.002 0.007*** -0.006* 0.001 0.002 -0.003 0.008*** 

Mobile phone  -0.178** 0.157 0.215** -0.254** -0.016 0.068 0.095 -0.098 

Tenure 0.306*** 0.091 0.265** 0.004 -0.012 0.057 0.063 0.153 

Constant -3.539*** -0.357 0.535 0.633 -0.706 0.738 2.676* 2.821*** 

 

Notes:*, ** and *** are significant at 10%, 5% and 1% probability level. N=2031; log likelihood = -14570.36; Wald 
2  (496) = 2976.58***; likelihood ratio test of rho 

2  (120) =1266.46***. To reduce simulation bias, the number of simulation draws (50) was set above the square root of the number observations (Cappellari and Jenkins, 

2003). Standard errors are not reported to conserve space. Source: Author 
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Input prices (normalised by maize grain price) also help explain intertemporal 

adoption decisions. Higher price of fertiliser relative to that of the grain decreased the 

likelihood of adoption of chemical fertiliser and improved seed (complementary inputs) in the 

first period but increased their likelihood of adoption in the second period, ceteris paribus. It 

also has a positive association with the adoption of crop residues and manure but a negative 

association with the adoption of SWC measures. The higher relative price of improved seed 

is more associated with increased adoption of complementary practices such as improved 

seed and chemical fertiliser, and these results are consistent across the two periods. By 

contrast, higher relative price of improved seed has a negative association with the adoption 

of NRM practices except for SWC measures in the second period. The negative association 

between legume intercropping and higher relative seed price could be due to its 

complementarity with the input-intensive practices such as improved seed or chemical 

fertiliser. Likewise, relative labour price appears to be positively associated with the NRM 

practices except legume intercropping and negatively associated with the input-intensive 

practices.  

These results indicate that the nature of SAI practices interrelationships, their 

complementary and trade-off patterns as well as temporal effect play roles in conditioning the 

adoption process. The results underline the relevance of understanding the intertemporal and 

interrelationships among practices when investigating the drivers of adoption.  

Among the socio-economic characteristics, family labour availability has a positive 

association with many SAI practices but a negative association with reduced tillage. The 

results reinforce the critical role of labour in driving the adoption of SAI practices (Doss, 

2006, Lee, 2005, Lee et al., 2006, Gollin et al., 2005). Conversely, the adoption of minimum 

tillage appears to be a response to a lack of labour.  
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Education is also a key part of the story. The results reveal that the education level of 

household members and that of the household head seem to have differential effects on the 

likelihood of SAI practices adoption. A higher level of education of family members has a 

significant positive association with the probability of adoption of modern inputs, such as 

improved seeds or chemical fertiliser, and their NRM complement such as legume rotation. 

However, the education level of the household head has the reverse effect. The education 

level of the household head, on the contrary, is positively associated with the adoption of 

reduced (minimum) tillage. These results underscore the fact that group decisions are made 

contrary to the skewed emphases given to the household head. The results are consistent with 

Asfaw and Admassie (2004) who revealed the education of family members to be more 

critical than the education level of the household head for fertiliser adoption in Ethiopia. 

Wollni et al. (2010) also found the education level of family members to have a positive 

association with the adoption of SWC measures in the Honduran hillsides. Thus, 

understanding the education level of household members sheds light on the adoption of SAI 

practices.  

The age of the household head is negatively associated with adoption of SAI practices 

except for reduced tillage. Given the rapid youth migration to urban areas for better wages, 

enhancing the sustainability of land degradation in Ethiopia and elsewhere could be 

undermined especially for the labour-intensive NRM practices. Our results also show that 

male household heads are more likely to implement inorganic fertiliser, SWC measures and 

legume intercropping than female-headed households. On the other hand, female-headed 

households are more likely to apply manure possibly because of the proximity of their farms 

to homestead. 
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Farm size is found to drive the adoption of all the SAI practices while off-farm 

income112 is found to have the reverse effect113. The result suggests that off-farm work might 

take away farm labour that could have been used to implement SAI practices. Alternatively, 

off-farm income may not have been invested in the implementation of SAI practices. These 

results point to the need to be cautious when promoting linkages between farm and non-farm 

activities in developing countries where markets are imperfect (Haggblade et al., 1989, 

Chavas et al., 2005). Lack of oxen or livestock is negatively associated with the adoption of 

modern inputs (chemical fertiliser and improved seed) and their NRM complement, organic 

manure. Farmers appear to implement reduced tillage and legume intercropping when they 

face oxen constraints. Higher asset value (wealth) positively influences the adoption of both 

modern and NRM practices.  

Institutions (formal and informal) are also key drivers of SAI practices adoption. 

Having higher institutional capital as proxied by the number of supportive institutions114 has 

a significant positive association with the adoption of SWC measures, improved seed, and 

chemical fertiliser. This result could relate to the differential roles of private and public sector 

extension services in expanding these practices. However, institutional capital is negatively 

associated with the adoption of residue retention and reduced tillage, which are the two 

pillars of conservation agriculture. This result could be due to lack of proper farm power to 

implement conservation agriculture practices (Temesgen et al., 2009, Hobbs et al., 2008, 

Baudron et al., 2015). Ethiopian farmers use inefficient traditional oxen-drawn power for 

ploughing their farm. Farmers are also more likely to implement SWC measures, crop 

residues and legume rotation on their farms relative to rented farms. However, they tend to 

                                                           
112 A disaggregated analysis of off-farm income into specific types: salaried employment, business and 

remittance would offer deeper insights (Mathenge and Tschirley, 2015).  
113 Off-farm income is positively associated with minimum tillage (a labour saving conservation practice).  
114 Access to institutions can be an indicator of ‘institutional capital’ which is critical to ensure sustainable 

development (Platje, 2008) especially in rural areas of Ethiopia with limited infrastructure. 
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use a relatively more improved seed on rented farms. Access to credit is positively associated 

with the probability of adoption of inorganic fertiliser, and improved seed, which is expected 

given credit is primarily geared toward the promotion of these modern inputs. Savings of 

cash also appear to drive the adoption SAI practices. Having higher social capital as indicated 

by access to trusted grain traders and having many relatives in the village, access to mobile 

phone and proximity of input market also play significant roles in the adoption of SAI 

practices albeit with different signs for the various practices.  

Farm characteristics also significantly influence the adoption behaviour of farmers. 

Consistent with the previous literature (Wollni et al., 2010, Gebremedhin and Swinton, 2003, 

Wainaina et al., 2016, Marenya and Barrett, 2007), the probability of adoption of SWC, 

reduced tillage and crop residue increases in stepper farms where they are needed to curb soil 

erosion. The input-intensive practices (chemical fertiliser and improved seed), as well as their 

NRM substitutes such as legume rotation and manure, are less likely to be implemented in 

steeper farms. Farmers are more likely to adopt input-intensive practices (improved seed and 

chemical fertiliser) in less fertile soils possibly to combat soil fertility depletion. However, 

they are more likely to apply manure around homestead areas because it is labour-intensive to 

transport to distant farms. On the other hand, farmers are more likely to use chemical 

fertiliser, crop residues and legume rotation on distant farms. Finally, chemical fertiliser, 

improved seeds, and organic manure are more likely applied in the high land areas, whereas 

minimum tillage and legume rotation are more probably constructed in the low land areas. 

These results could be related to the niche of the agro-ecology of the farming system that is 

more favourable to certain SAI practices than others. Such niche-targeting of SAI practices 

were also observed for Kenyan maize farmers (Wainaina et al., 2016).  
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6.6 Conclusions and policy implications 

We used a nationally representative two-wave panel data of smallholder maize producers in 

Ethiopia to analyse the drivers and synergies in the adoption of sustainable agricultural 

intensification (SAI) practices. Two types of (SAI) practices were considered: input-intensive 

and natural resource management (NRM) practices. The input-intensive practices include 

improved maize seed and chemical fertiliser, and the NRM practices include soil and water 

conservation (SWC) measures, organic manure, crop residue retention, reduced tillage, 

legume rotation and legume intercropping. We used a MVP model that allows both 

interactive correlation and intertemporal correlation of the technologies adopted.  

We reveal three significant findings of relevance to policy. First, we find a significant 

positive correlation between each practice across time. The result underscores the positive 

spillover effect of time in conditioning the adoption of multiple (SAI) practices by 

smallholder farm households. This result is new in the sustainable agricultural intensification 

literature. These findings point to the need for continuity of programs aimed at promoting 

(SAI) practices in smallholder agricultural systems for widespread adoption. 

Second, we find clear evidence of complementarities and trade-offs among SAI 

practices. In particular, we reveal many positive synergies between modern inputs and NRM 

practices over time. Thus, we build on the emerging evidence (e.g. Wainaina et al., 2016, 

Koppmair et al., 2017, Kassie et al., 2015) to challenge the widely-held misperception that 

these two types of practices are incompatible. Indeed, smallholder farmers adopt modern 

inputs and NRM practices as complements or as substitutes depending upon their current 

needs and prior experience over time. These results underline the relevance of implementing 

both input-intensive and NRM practices to bring a feasible solution to low agricultural 

productivity in predominantly capital-deficient and environmentally-degraded production 

systems of sub-Saharan Africa. 
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Third, we find clear evidence that factors that drive adoption differ between practices. 

For instance, the variability of historical rainfall and temperature increase the likelihood of 

adoption of certain NRM practices (e.g. crop residues and SWC measures), whereas the 

variability of lagged (past year) rainfall variation influences the use of input-intensive 

practices such as improved seed and chemical fertiliser. We find farm size to increase the 

likelihood of adoption of all SAI practices while off-farm income has the reverse effect. This 

farm and off-farm disconnect in the adoption process calls for policy attention when 

designing programs to promote SAI practices. We also observe that the factors that drive SAI 

practices appear to reflect the interrelationships in those practices. 

Overall, our findings contribute to the debate within the development economics 

community in designing effective programs. This is so because efforts to promote adoption of 

one practice may appear to discourage adoption of another practice due to lack of 

understanding of the underlying interdependencies among the practices and positive 

interdependency of each practice across time. The results offer insights for public and private 

sectors that support the widespread adoption of these practices by smallholder farmers. The 

findings are highly relevant for African policymakers since the continent's economic growth 

is essentially intertwined with smallholder agricultural productivity amidst increasing soil 

degradation and climate variability. As also argued in the recent literature (Wainaina et al., 

2016, Pingali, 2012, Otsuka and Muraoka, 2017, Jayne et al., 2018, Burke et al., 2017) the 

underutilisation of external inputs such as chemical fertiliser in the African smallholder sector 

calls for a balanced use of a portfolio of SAI practices, which include both input-intensive 

and NRM practices to induce a sustainable productivity growth. A ‘piecemeal’ linear 

approach of promoting either subset of these technologies may not bring about intended 

outcomes: increasing productivity while ensuring environmental sustainability.  
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More research on the tangible impacts of the intensive use of these practices including 

the combinations that may lead to a maximal benefit to smallholder farmers including 

production risks would be useful in guiding niche-tailored program design. Understanding the 

sequential adoption decisions of the practices would also shed further insight. There could 

also be a possibility of direct incentive payments (World Bank, 2007, FAO, 2007) to 

smallholder farmers in developing countries such as Ethiopia for the ecosystem services they 

could potentially provide for the society. Further research should investigate these issues in 

depth. 
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Figure A6.1: Variable nature historical annual rainfall of four out of the 183 study kebeles in Ethiopia. Source: Author 
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This concluding chapter integrates the findings of the previous chapters. In this chapter, we discuss 

the key findings regarding the effects of SAI practices on production efficiency and cost efficiency 

of smallholder maize farmers in Ethiopia as well as the drivers of intertemporal adoption of SAI 

practices. We also synthesise our key findings, draw policy implications and offer some directions 

for further research.   
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7. General Discussion and Policy Implications 

 

Summary 

This thesis investigated the economic benefits of sustainable agricultural intensification (SAI) 

to address low maize productivity associated with soil degradation and climate variability. 

Stochastic frontier and a novel intertemporal multivariate probit method were employed to 

analyse a two-wave panel data set of smallholder maize producers in Ethiopia. The thesis 

investigated the effects of SAI practices on productive and cost efficiency of smallholder 

producers and the determinants of adoption of multiple SAI practices at the farm level. This 

discussion chapter provides the microeconomic evidence of the economic benefits of SAI and 

policy insights for the improvement of smallholder maize production. Broad policy 

implications for other countries are also offered, especially to the transformation of 

agriculture in Sub-Saharan Africa where maize is predominately a staple food. It is argued 

that the joint use of external inputs, SAI practices, and socio-economic innovations could be 

promoted to improve sustainable maize production. Some directions for future research and 

the limitations of the study are also highlighted. 

 

7.1 Overview 

Sustainable agricultural intensification (SAI) is seen among researchers and development 

practitioners as a multi-pronged strategy to address environmental degradation and food 

insecurity in sub-Saharan Africa (SSA). Low agricultural productivity is a critical concern, 

caused by the depletion of essential soil nutrients, unsustainable agronomic practices such as 

mono-cropping and removal of crop residues coupled with minimal use of inorganic fertiliser 

and changing climate. Poorly functioning markets also exacerbate the low productivity in the 

region. In this context, SAI practices have been promoted to improve agricultural 
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productivity without degrading the natural resource base amidst increasing climate variability 

in Ethiopia and elsewhere in sub-Saharan Africa (SSA).  

There are two types of SAI practices: input-intensive and natural resource 

management (NRM) practices. The input-intensive practices that are commonly used for 

maize production in Ethiopia and more widely in SSA are chemical fertiliser and improved 

seed115. The NRM practices involve different low–external input strategies are mostly 

implemented to curb soil erosion, soil fertility depletion to reverse land degradation. These 

include conservation agriculture practices (crop residues, maize-legume rotation/ 

intercropping and reduced tillage), soil and water conservation (SWC) measures, and organic 

manure. These SAI practices116 (input-intensive and NRM types) have been the focus of 

smallholder-oriented agricultural development policy.  

Despite efforts to promote SAI practices, empirical evidence on the economic benefits 

of the practices is contested. In particular, the empirical evidence of the effects of such 

practices on the production and cost efficiency of smallholder farms who are faced with soil 

degradation and climate variability is poorly understood. Likewise, there is a lack of 

knowledge regarding the drivers of intertemporal adoption of various SAI practices as 

previous studies have primarily focused on the adoption of single or a limited set of practices 

in isolation using cross-sectional data. 

As in many SSA countries, maize is an important staple crop in Ethiopia. However, 

low and variable yields characterise maize production, primarily due to soil fertility depletion 

and rainfall variability. Soil fertility depletion is a result of mono-cropping, removal of crop 

residues and unsustainable agricultural practices that reduce the resilience and long-term 

                                                           
115 In this study, improved maize seed includes only fresh hybrid seeds and open-pollinated varieties that can be 

recycled at most for three production seasons. 
116 These SAI practices are included in this study because they are commonly used by smallholder farmers and 

because of availability of data.   
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agricultural productivity of smallholder maize producers in the face of climate change and 

with minimal remedial actions (Sanchez, 2010, Barrett et al., 2017). These production 

challenges are also intertwined with population growth and shrinking farmland sizes coupled 

with poorly functioning markets (Pingali, 2012, Holden, 2018, Barrett et al., 2017). In this 

context, the SAI practices have become the prominent strategies to achieve improved 

agricultural productivity and farm efficiency to spur agricultural economic growth (The 

Montpellier Panel, 2013, Pretty et al., 2011). Increased farm productivity and efficiency, as 

well as the capacity to adapt to climate variability, are expected to translate into better income 

and food security and ultimately improved rural welfare, as the majority of farmers reside in 

rural areas. Prior evidence also suggests that investing in agriculture is far more effective than 

investing in other sectors to reduce poverty and food and nutrition insecurity (World Bank, 

2007, Sanchez, 2009). In this context, this thesis contributes to achieving the second goal 

(end hunger, achieve food security and promote sustainable agriculture) of the UN 

sustainable development goals (SDGs) to be achieved by 2030. In particular, the research 

contributes to achieving sub-targets 2.3 (doubling agricultural productivity) and 2.4 

(promoting sustainable food production).  

The focus of this thesis is on the effects of SAI practices on the productive and cost 

efficiency of smallholder households in Ethiopia, as well as the main determinants of 

intertemporal adoption of those practices either individually or as a package. The purpose of 

the research is pursued by addressing the following five specific research objectives: 

 

1. Analyse the effects of SAI practices on maize productivity of smallholder producers; 

2. Investigate the effects of SAI practices on technical efficiency of smallholder 

producers faced with climate variability; 

3. Investigate the influence of observed and unobserved heterogeneity on production 

parameters and technical efficiency estimates;  
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4. Investigate the effects of SAI practices on cost efficiency; and 

5. Analyse the intertemporal drivers of adoption and synergies among SAI practices. 

 

To address these interrelated research objectives, we adopted an integrative SAI 

framework (The Montpellier Panel, 2013, FAO, 2011, AGRA, 2017) that consists of three 

major components. The first component concerns the prudent and efficient use of 

conventional inputs (e.g. labour, seed, or fertiliser). This component entails resource 

productivity and seeks to maximise output from efficient use of inputs or scarce resources. 

The second component is the use of sustainable agricultural practices alongside conventional 

inputs to improve farm productivity and efficiency as well as restoring the fertility of soils 

and mitigating the adverse effects of climate variability. The third component is the socio-

economic aspect which is essential to sustain good agricultural practices and related 

innovations. This thesis argues that these three elements need to be framed jointly to guide 

SAI research and policy.  

Based on the SAI framework, we applied stochastic frontier techniques (both 

production and cost frontier) and a novel intertemporal multivariate probit method to pursue 

the research objectives. Both analyses use a nationally representative farm household two-

wave panel data set from Ethiopia. The farm household data were also matched with village-

level rainfall and temperature data. In the following sections, the key research findings of the 

thesis are presented.  

 

7.2 Key research findings 

The major findings of the thesis are based on the five specific research objectives indicated 

earlier which form five independent papers (Chapters Two to Six). The key research findings 

from each chapter are summarised below. 
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 In Chapter Two, a translog stochastic production frontier model is used to examine 

the structure of maize production and investigate the effects of sustainable agricultural 

practices on maize production. The analysis reveals that substantial production (32%) is lost 

due to inefficiency. The result implies that there is significant scope to expand output with 

existing resources and technology. Except for crop residue retention, the use of sustainable 

agricultural practices is found to increase output and hence, maize productivity. Further, 

maize output responds positively to increases in cropping acreage, nitrogen and farm labour, 

and negatively to oxen-drawn power. Farmers face increasing returns on the use of nitrogen 

indicating that prudent and precise increased use of nitrogen has an enormous potential to 

close the productivity shortfall. Enhancing access to support institutions (formal or informal) 

as well as access to a mobile phone and cash-savings can significantly narrow the observed 

productivity gap. Sustainable agricultural practices can also influence the degree of technical 

inefficiency. This issue is the subject of the next chapter.   

In Chapter Three, the effects of sustainable agricultural practices on the mean and 

variance of technical efficiency are analysed. Except for residue retention, the practices are 

found to be significantly associated with higher and less variable technical efficiency whereas 

climate variability has the opposite effect. Greater access to support institutions (institutional 

capital), more oxen ownership, more cash saving, the presence of more trusted grain traders 

and access to a mobile phone contribute to higher and less variable technical efficiencies. 

Off-farm income has a negative effect on farm technical efficiency. A concern in the 

stochastic frontier analysis is the influence of observable and unobservable firm 

heterogeneity that may bias model estimates on which policy inference regarding SAI is to be 

based. The next chapter addresses this issue. 

In Chapter Four, we examined the influence of firm heterogeneity on production and 

technical efficiency estimates by applying a group of competing stochastic frontier panel 
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models117 to the same data set. The key results reveal that the estimated production frontier 

parameters and those of the inefficiency effect component are consistent across all the 

competing stochastic frontier models and are not sensitive to how both observed and 

unobserved heterogeneity are treated in the models. Therefore, the inferences drawn on the 

effects of SAI practices on output and productive efficiency regarding the coefficient 

estimates are also consistent across models (the primary concern of the thesis research). 

However, the technical efficiency scores are sensitive to model assumptions. Technical 

efficiency is based on the physical relationship between inputs and output produced and does 

not take into account the cost of inputs. The next chapter investigates how the use of SAI 

practices influence cost efficiency. 

In Chapter Five, based on Cobb-Douglas and translog stochastic cost frontier analysis, 

we find that the use of combinations of SAI practices reduces production costs compared to 

the use of SAI practices in isolation. The magnitudes of cost reduction are marginal for 

average levels of SAI application but substantial at the maximum levels of SAI use observed 

for our sample. There may be good reasons for adopting an SAI that make the additional cost 

acceptable, but the finding implies that cost-effectiveness can be achieved from a package of 

SAI practices rather than a single or a limited set of practices. Among other factors affecting 

the cost, higher temperature is associated with higher cost, but the abundance of rainfall has 

the opposite effect. Higher levels of education, institutional capital and a higher share of own 

land have significant negative effects on cost (reduce cost) suggesting the importance of 

human capital, social capital and tenure security in improving the cost efficiency of farm 

households. However, the fragmentation of farmland, having more oxen, remoteness of the 

                                                           
117 These include stochastic frontier random effects (RE), ‘true’ random effects (TRE) and a general TRE 

(GTRE) that have both features that take different approaches to address unobserved heterogeneity. We also 

estimated the RE modes by incorporating observed/measured heterogeneity (environmental variables) into the 

mean, variance and also both the mean and variance of the inefficiency measure. Simple pooled modes were 

also estimated for comparison. 
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farm from the residence, longer distance to nearest input markets and use of credit have 

positive effects on cost (increase cost) underscoring the importance of enhancing the 

effectiveness of these variables through socio-economic innovations. The cost-offset effects 

of combined use of SAI practices could be due to positive synergies among the practices 

implemented.  

In Chapter Six, the drivers of multiple SAI practices are investigated using an 

intertemporal multivariate probit method. The SAI practices consist of input-intensive and 

natural resource management (NRM) practices. The key results demonstrate a significant 

positive time spillover effect in driving the adoption of SAI practices. The findings also 

reveal many complementarities and trade-offs between SAI practices over time. In particular, 

significant complementarities between input-intensive and NRM practices are evident, 

underscoring the importance of promoting them as packages. Also, the factors that drive 

adoption significantly differ between SAI practices in the two periods and appear to reflect 

the interrelationships between the practices. Among the covariates, an increase in acreage of 

maize is found to drive the adoption of all SAI practices whereas increased off-farm income 

has the opposite effect. This result also corroborates the negative effects of off-farm income 

on-farm technical efficiency reported in Chapters Two and Three. These results call for 

policy intervention regarding labour mobility between farm and non-farm activities, an issue 

we discuss in the next sections. 

 

7.3 Policy implications and improvement options 

The above findings provided empirical evidence on the intertemporal adoption of multiple 

SAI practices and how the use of these practices can raise farm productivity and thus foster 

food security among smallholder households of Ethiopia. These findings are relevant for 

policy design to raise smallholder production efficiency in Ethiopia and SSA countries where 
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soil degradation, climate variability, and other institutional hurdles constrain agricultural 

performance. These findings are also of policy significance because investing in smallholder 

agriculture is an effective strategy to reduce poverty and food insecurity in Africa (World 

Bank, 2007, AGRA, 2017, Sanchez, 2009). In this context, the thesis demonstrates that SAI 

initiatives can play significant roles in attaining the UN SDGs and improving rural welfare 

for the majority of resource-poor farmers who reside in rural areas. The following sections 

outline a summary of policy implications and options for improvement which are based on 

the findings of this thesis as well as prior research evidence. The policy insights are framed 

within the integrative SAI framework: optimise inputs, use of SAI practices and socio-

economic innovations. 

Optimise use of inputs. The finding that farmers face increasing marginal returns for 

nitrogen is of interest to policymakers (Chapters Two, Three, and Four). This finding 

corresponds with compelling evidence that farmers in SSA use insignificant quantities of 

nitrogen (<12 kg/ha)118 which is about one-tenth of the global average (Morris et al., 2007, 

The Montpellier Panel, 2013). Low use of nitrogen is a critical factor for the low farm 

productivity in SSA, among other factors (The Montpellier Panel, 2013, Morris et al., 2007, 

Sanchez, 2010, Sanchez, 2002, Sayer and Cassman, 2013). Policies should improve both 

demand and supply-side constraints to fertiliser use among resource-poor farmers (Morris et 

al., 2007, Otsuka and Muraoka, 2017, Holden, 2018). Ethiopia has taken measures to address 

both supply and demand-side factors that are limiting the use of inorganic fertilisers (section 

7.4 below).   

                                                           
118 New research evidence shows that some countries are applying higher rates of fertiliser than what is 

indicated by such general figures (Sheahan and Barrett, 2017). For our sample, the average rate of nitrogen use 

was 32 kg/ha. 
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However, the sample farmers face diminishing marginal returns for seed and labour 

(Chapters Two to Four). Here, the policy focus would be to improve the variety and quality 

of seed, as well as returns to farm labour, rather than the quantity supplied of these inputs. 

For example, the use of improved maize varieties (hybrid or open-pollinated) can be 

enhanced through public-private seed production schemes (AGRA, 2017). Targeted training 

of farm labour and when possible creating remunerative off-farm activities could improve 

production. In such cases, agribusiness initiatives could play a role that will have positive 

spillover effects on farmers’ performance (ATA, 2018, AGRA, 2017). 

Furthermore, exploiting synergies and tradeoffs between external inputs (fertiliser or 

seed) and NRM practices and agronomic management strategies is crucial to raise 

productivity and economic efficiency (Pingali, 2012, Otsuka and Muraoka, 2017, Jayne et al., 

2018, Burke et al., 2017). For example, the implementation of maize-legume intercropping or 

maize-legume rotation can improve nitrogen fixation in the soil. The construction of soil-

water conservation structures may increase the yield-enhancing benefits of improved seeds 

and inorganic fertiliser (Morris et al., 2007). However, the adoption of these NRM practices 

is considerably low by resource-poor farmers. 

Address the low adoption of NRM practices. The adoption of NRM practices is very 

low. For example, for the study period, soil and water conservation (SWC) measures were 

implemented by 28% of farm households, albeit only on some portion of their farms119. The 

average area under maize-legume rotation was only 0.06 hectares (7.5% of the average maize 

area) indicating the predominance of maize mono-cropping. Farming is also characterised by 

sole maize with less than 4% of the average maize area intercropped with legumes. The 

adoption of conservation agriculture practices is low. About 24% of the sample farmers 

                                                           
119 There is partial adoption of the practices concerning soil and water conservation structures. We did not have 

an intensity measure such as length or area covered under the practices. 
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retained crop residues on their farm and often at levels not sufficient for appropriate soil 

cover of 30%. The average ploughing frequency to prepare a fine seedbed for planting maize 

was four120 for the sample farmers. Above 80% of the farmers cultivate their farm more than 

three times to plant maize indicating that reduced tillage is not a typical conservation practice 

in the study area. The average use of animal manure for the sample is 0.25 tons/ha and is 

mostly applied around homestead farms. 

Three key reasons could explain the low adoption of NRM practices. First, there are 

competing uses for farm resources in rural Ethiopia. For example, crop residues can have 

high opportunity costs as livestock feed (Pannell et al., 2014, Jaleta et al., 2013, Baudron et 

al., 2014) and farmers refrain from using it for soil management. Availing alternative feed 

sources such as leguminous shrubs can help address this challenge and ensure the viability of 

residue retention for conservation agriculture. Similarly, resource-poor farmers use cow dung 

for domestic fuel and income generation rather than for soil fertility management (Oumer et 

al., 2013). Promoting alternative low-cost energy sources and remunerative off-farm income 

opportunities could enhance the feasibility of manure use for long-term soil fertility 

improvement. The opportunity cost of labour for off-farm work can also be high in some 

areas and limits the adoption of labour-intensive SWC measures. However, it has been 

argued in Ethiopia and elsewhere in developing countries that the promotion of labour-

intensive NRM practices can be useful in remote villages where the opportunity cost of 

labour is low (Lee et al., 2006, Ruben et al., 2006, Gebremedhin and Swinton, 2003).  

Second, there has been a skewed policy emphasis on the promotion of input 

intensification (fertiliser and seed) compared to NRM practices. In Ethiopia, a blanket state-

led input-intensification in the past largely ignored the NRM practices (Ayele and Wondirad, 

                                                           
120 The national average of ploughing frequency for maize in Ethiopia is four (Laike et al., 2012). 
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2012, Spielman et al., 2010, Abate et al., 2015). Such a policy disparity is reflected in 

differential adoption among input-intensive and NRM practices. For example, 48% of 

farmers used an improved maize variety, and 69% applied inorganic fertiliser for the study 

period, which is much higher than the adoption of NRM practices indicated above. However, 

as demonstrated in this thesis (Chapters Five and Six) and elsewhere in sub-Saharan Africa 

(Wainaina et al., 2016, Koppmair et al., 2017, Kassie et al., 2015a), input-intensive farming 

and NRM practices have synergies and tradeoffs that can significantly lead to improved farm 

productivity. Therefore, a package promotion of input-intensive and NRM practices should 

be the way forward rather than the promotion of a single or limited set of practices. Here a 

critical insight is that policymakers need to be cautious when designing programs because 

efforts to promote adoption of one practice may appear to discourage the adoption of another 

practice if the interdependency between the practices is overlooked. Individual adoption 

studies do not reveal such evidence as multiple comparisons of the practices is impossible. 

Research evidence also suggests that input-intensification alone without complementary 

NRM and agronomic practices will not be fruitful in Africa (Pingali, 2012, Otsuka and 

Muraoka, 2017, Jayne et al., 2018, Burke et al., 2017). In this context, innovative/smart input 

promotion programs (Jayne et al., 2018) can be reformulated to support a holistic package of 

input and NRM practices and enhance the productivity of smallholder farmers. In this regard, 

Ethiopia has set a plan to promote both inputs and natural resource conservation at the 

national level (see section 7.4 below).  

Third, prerequisite technologies for sustainable agriculture are lacking. For example, 

mechanisation and herbicide use are not well established to benefit from conservation 

agriculture121 in the country. Lack of proper ploughing equipment could limit the 

                                                           
121 Conservation agriculture entails the use of crop residues, zero/reduced tillage and crop rotation with 

legumes. 
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effectiveness of conservation tillage because crop residues are not adequately mixed with the 

soil to induce soil microbial activity and organic matter build-up (Hobbs et al., 2008, 

Baudron et al., 2015). Furthermore, limited use of herbicide122 could limit the viability of 

minimum tillage and residue retention because weeds can be problematic. In our study, a lack 

of suitable ploughing equipment is identified as a production constraint that calls for policy 

interventions.  

Improve farm power. Ethiopian farmers have used traditional animal traction for 

millennia. The findings of this thesis show that oxen-draught power has a negative effect on 

output (Chapters Two, Three, and Four). A principal drawback of the traction system is that 

the traditional plough (locally known as Marsha) does not mix crop residues into the soil 

properly and hence, necessitates farmers to undertake repeated cross-ploughings (high tillage 

frequency) to prepare a fine seedbed for planting maize (Temesgen, 2007, Laike et al., 2012, 

Temesgen et al., 2008, Temesgen et al., 2009) which means labour and oxen-draught 

drudgery. From a production economics perspective, high tillage frequency can result in 

oxen-draught power congestion and hence a fall in output as discussed earlier. From a 

conservation agriculture perspective, high tillage frequency leads to soil erosion and 

depletion of essential soil nutrients that in turn leads to low yields or output.  

Prior empirical evidence in the country (Laike et al., 2012, Temesgen et al., 2009) 

shows that there are modifications of the traditional plough that can raise production by 

improving efficiency and reducing drudgery. Laike et al. (2012) argue that Ethiopian farmers 

do not have access to those modified/improved plough implements due to lack of awareness, 

initial high costs and inadequate supply of the implements, among other reasons. Building on 

these pieces of evidence, participant observation of the problem and the finding of this thesis, 

                                                           
122 Ethiopian farmers use meager amounts of pesticides. 



 
 

252 
 

promoting a low-cost farm power alternative for smallholder maize farmers should be highly 

critical for improving farm productivity. Thus, recent small-scale farm mechanisation efforts 

such as the 2-wheel tractor already underway in some African countries including Ethiopia 

(Baudron et al., 2015, ACIAR, 2013) are also appropriate interventions. The 2-wheel tractor 

intervention could save labour drudgery and improve output as well as opportunities for 

farmers to benefit from the sale of oxen for beef by engaging in animal fattening activities. 

The 2-wheel tractor could be viable for a group of farmers from a cost (affordability) 

perspective. Innovations such as "Uber" might also be an option so that many farmers can get 

the 2-wheel tractor service at a reasonable price and those who provide the service also 

benefit. The use of mechanisation is likely to increase with farm size (Gollin et al., 2005) and 

the presence of lucrative off-farm income opportunities. 

Strengthen farm and non-farm linkages. The thesis revealed that maize output is 

highly responsive to cropping acreage (high average elasticity) relative to the other inputs 

used in production (Chapters Two, Three, and Four). Cropping acreage was found to 

significantly drive the adoption of all SAI practices (Chapter Six). Here, policies that support 

the consolidation of farms, for example, in the form of cluster farming (ATA, 2018) where 

possible could improve productivity and technical efficiency and the subsequent widespread 

adoption of SAI practices. Farmland fragmentation has a significant positive effect on 

production cost leading to cost inefficiency (Chapter Five). Based on a simulation study, 

Valdivia et al. (2017) also find that increases in farm size to a sustainable level can 

significantly spur sustainable development and help achieve SDGs in the context of western 

Kenya. Barrett et al. (2017) also argue that shrinking farm sizes is one of the key policy 

challenges for the transformation of African agriculture because rural population growth has 

outpaced rural-to-urban migration.  
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Conversely, the findings of the thesis indicate that off-farm income has negative 

effects on farmers’ technical efficiency and discourages the adoption of many SAI practices. 

These findings are consistent with those of Amare and Shiferaw (2017) who also find 

negative effects of off-farm income on the on-farm intensification or agricultural productivity 

growth in Uganda123. The negative effects of off-farm income on farm activities could 

reflect two things. First, the off-farm income sources may not be remunerative enough124to 

be sufficiently invested in productivity-enhancing SAI initiatives. Such off-farm activities 

could include easy to enter casual type work such as petty trading (Barret et al., 2017) or 

working as daily labour and selling of farm resources such as grass, dung cake and crop 

residues (Oumer et al., 2013). In such contexts, policies that support infrastructure 

investments, such as road intensification and public cash-for-work programs in remote rural 

areas can contribute to creating remunerative off-farm income-earning opportunities (Lee et 

al., 2006, Ruben et al., 2006, Barrett et al., 2017, Amare and Shiferaw, 2017). Remunerative 

off-farm work could stimulate farm investments and access to production technology and 

purchase of agricultural inputs by relaxing liquidity constraints if supported with effective 

policies (Barrett et al., 2017).  

Second, in some contexts, off-farm income could take family labour away from 

agricultural use because of the high opportunity cost of labour and substitution effects and 

hence, can negatively impact farm activities (Lee et al., 2006, Ruben et al., 2006, Amare and 

Shiferaw, 2017). Consistent with this argument, off-farm income was positively associated 

with the adoption of minimum tillage (Chapter Six). Minimum tillage can save labour and 

                                                           
123 The authors used a variety of productivity indicators and methods different from ours and found no support 

that off-farm income induces on farm productivity growth. Thus, the widely held view that farm-non-farm 

linkage stimulates smallholder agricultural productivity appears to break (Barrett et al., 2017). 
124 For our sample, the average share of off-farm in total cash income was only 24%. This is in contrast to the 

case of Gambia where off-farm activities constitute a large part of the household income (Chavas et al., 2005). 
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draught power leading to short-term productivity gain in Ethiopia (Jaleta et al., 2016). Thus, 

reduced tillage can be compatible with labour-constrained poor households/areas, or where 

the opportunity costs of labour are high. Likewise, Pascual and Barbier (2006) find that poor 

households opt for shifting cultivation while higher income households allocate a portion of 

their time in remunerative off-farm labour. Oumer et al. (2013) also find that poorer 

households undertake casual off-farm and extractive farming practices while higher income 

groups engage in regular remunerative off-farm activities and undertake improved soil 

management practices.  

As argued by Chavas et al. (2005), barriers in the flow of labour between farm and 

non-farm activities and rural market imperfections could lead to weak farm-off-farm 

linkages. Therefore, agricultural development policies need to be cautious when promoting 

farm and off-farm activities in those circumstances. Building stronger and balanced farm and 

non-farm opportunities (Haggblade et al., 1989, Chavas et al., 2005, Barrett et al., 2017) can 

help farmers invest in productivity-enhancing activities and ecosystem services more 

effectively. For example, targeted policies could improve rural labour markets to reduce the 

disparities in average income between farm and off-farm activities (Lee et al., 2006, Ruben et 

al., 2006, Amare and Shiferaw, 2017) that can also stimulate SAI and farm productivity. 

Often, such opportunities are tied in with tenure security. 

Ensure farmers’ tenure security. A higher share of owned land in the total maize area 

is negatively associated with cost (offsets the cost) leading to cost efficiency (Chapter Five). 

The finding points to the significance of security in land use rights for achieving SAI goals. 

However, in Ethiopia, land belongs to the government although farmers have usufruct rights 

and can participate in land rental/lease markets. Land right restrictions could limit farmland 

consolidation that could attract investments in SAI including small-scale mechanisation as 
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argued earlier. Similarly, prior research evidence suggests that enhancing tenure security (e.g. 

land certificate or land title) can motivate farmers to invest in SAI practices, particularly 

those that generate benefits over the long-run (Lee, 2005, Holden et al., 2009)125. Ethiopia 

has set clear targets to address tenure insecurity and that could motivate farmer investments 

in SAI (section 4). 

Link SAI initiatives with markets. Improved access to markets could facilitate the 

widespread adoption of SAI practices and hence increased farm productivity. Proximity to 

input markets has a positive effect on farm efficiency (Chapters Two to Five). Similarly, 

having a higher number of trusted grain traders has a positive effect on productive efficiency. 

Thus, good connection to input and output markets can be seen as an incentive to invest in 

SAI practices because of the productivity gains. Good linkages with markets can help farmers 

procure inputs and sustain SAI practices by enhancing the economic viability of SAI. Access 

to markets can also hedge farmers against welfare losses associated with price information 

asymmetry and hence justify investments in sustainable production (AGRA, 2017). As also 

shown in this thesis, economic incentives (relative prices of inputs normalised to the grain 

price) affect the attractiveness of SAI practices to resource-poor farmers. Thus, policies can 

nurture institutions that support SAI initiatives by reducing distortions in input and output 

markets, especially those driving high fertiliser prices and low output prices (Valdivia et al., 

2017, Pingali, 2012). Ethiopia has taken tangible steps to address market distortions by 

modernising agricultural markets and investing in public infrastructure (see section 7.4).  

Make support institutions effective. Our findings reveal membership to many 

institutions (formal or informal) has a significant and positive effect on productive efficiency 

(Chapters Two, Three and Four) and cost efficiency (Chapter Five) as well as the adoption of 

                                                           
125 Nonetheless, the land tenure issue is a highly debatable issue and merits further research. 
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input-intensive and soil-water conservation practices (Chapter Six). Engagement and active 

participation in formal and informal institutions can enhance social networks, social capital 

and collective capacity in production and marketing for resource-poor rural farmers (Wossen 

et al., 2015, Lee, 2005, Knowler and Bradshaw, 2007). Greater institutional capital in the 

form of institutional membership can also ease farmers’ access to information and 

knowledge, extension services as well as credits for implementing SAI practices and improve 

farm productivity. However, the institutional variable was not associated with the adoption of 

crop residue retention and minimum tillage. That is because conservation agriculture was not 

the primary focus of formal or informal institutions including the top-down national 

extension system in the past (Mosisa et al., 2012, Ayele and Wondirad, 2012). Therefore, 

policies should nurture effective institutions that can support the promotion of a broad set of 

input-intensive and NRM practices including conservation agriculture as packages. Such an 

intervention would enable farmers to exploit beneficial synergies and have more options to 

choose depending on their circumstances rather than promoting individual or a limited subset 

of the practices (Wainaina et al., 2016, Spielman et al., 2010, Lee, 2005). For example, 

institutions can disaggregate such information into crop production, seed and fertiliser 

management, marketing (input and output), saving and credit, farmer research group lessons, 

natural resource conservation, and weather forecast and reach to smallholder farmers through 

a variety of communication strategies. 

Enhance farmers’ information. This thesis showed that access to a mobile phone has 

significant positive effects on maize output and technical efficiency of farm households 

(Chapters Two, Three, and Four). Access to a mobile phone is also found to drive the 

adoption of input-intensive practices (improved and inorganic fertiliser) but not the SWC 
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measures (Chapter Six). Access to a mobile phone126 may ease information barriers by 

enhancing farmer-to-farmer information exchange, government extension service that is 

deployed to farmers through development agents, input and output market information as 

well as climate information for informed farming decisions in remote rural areas. Studies 

conducted in Ethiopia (Kaske et al., 2018) and India (Jain et al., 2015) show the significant 

role of mobile phone technology in conveying agricultural information to farmers. Access to 

information through mobile phones could facilitate the adoption of SAI practices by shaping 

farmers’ problem awareness and attitudes toward the severity of resource degradation and the 

urgency for conservation to improve farm productivity (Lee, 2005, Knowler and Bradshaw, 

2007, Barrett and Bevis, 2015). Furthermore, improving access to information and 

knowledge base regarding research results, best management practices including SAI 

practices and other opportunities for improving institutional innovation is critical; and mobile 

phone networks could play important roles in reaching out to rural farmers. Such efforts can 

be achieved through improving the integration of station-based research and extension, as 

well as better coordination of different stakeholders involved in SAI (Pingali, 2012, Lee, 

2005). Ethiopia has expanded its mobile network coverage which will greatly enhance 

farmers’ human capital by improving access and quality of agricultural information (see 

section 7.4 below).   

Enhance farmers’ human capital. The education level of household head reduces cost 

inefficiency127 (Chapter Five). Our analysis further shows that the average education level 

of adult household members is associated with the adoption of chemical fertiliser and 

improved seed, whereas the education level of the household head is associated with the 

                                                           
126 Access to a mobile phone can be seen as a key proxy indicator for access to information in rural Ethiopia 

where the technology is introduced from scratch.    
127. The education level of the household head also improves technical efficiency but is not statistically 

significant. Education may play a higher role in the allocative, rather than the technical efficiency component.   
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adoption of minimum tillage (Chapter Six). These findings underscore the relevance of inter-

household dynamics in farm decision making as also observed elsewhere in Ethiopia (Asfaw 

and Admassie, 2004). Here, the policy implication is that extension programs should target 

adult household members in addition to the household head, for example, when conducting 

targeted training regarding knowledge and skills in farm management as well as the 

distribution of extension materials or agricultural information. In particular, given that NRM 

practices are knowledge-intensive (Lee, 2005), exploiting inter-household dynamics could 

improve diffusion of SAI practices and improve productivity by avoiding targeting errors128. 

Ethiopia has ongoing efforts to improve farmers’ human capital through knowledge-intensive 

agricultural extension (see section 7.4 below).  

Adapt to climate variation. This thesis demonstrated the significant negative effects of 

climate variability on productivity (Chapter Two), technical efficiency (Chapter Three) and 

cost efficiency (Chapter Five). However, the use of SAI practices has positive effects on 

productivity and technical efficiency (Chapters Two and Three). The combined use of SAI 

practices can also offset costs129 as well as the negative effects of rainfall variability 

(Chapter Five). In this context, SAI practices could complement climate-smart agricultural 

(CSA) innovations in adapting to climate change (Lipper et al., 2018, Lipper et al., 2014). For 

example, smallholder farmers could use NRM practices such as soil and water conservation 

measures, reduced tillage and crop residue retention, manure and maize-legume intercrops to 

utilise soil moisture and overcome erratic weather including dry spells (Lipper et al., 2018, 

Katengeza et al., 2019). Here too, the role of policy could be to revisit the traditional top-

down national extension system and training to incorporate climate information and 

adaptation strategies. Besides, policy instruments such as smart subsidies and credits in the 
                                                           
128 The DAs use mostly community gatherings and model farmers to convey their extension services verbally 

and rarely use audio-visual or pictorial illustrations.  
129 Although the magnitude of the cost offset is modest for our case study. 
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context of CSA (Caron et al., 2018) which seek to integrate input-intensive and NRM 

practices, especially small-scale irrigation and rainwater management could be devised. 

Ethiopia is addressing climate change by incorporating agro-meteorology and CSA 

innovations into the national agricultural extension system (see section 7.4 below).  

Improve the effectiveness of credit. Credit use appears to have minimal effect on 

technical efficiency (Chapters Two and Three) but is significantly associated with cost 

inefficiency (Chapter Five). However, the use of credit also has a significant positive effect 

on the adoption of improved seed and inorganic fertiliser (Chapter Six). This finding is not 

surprising given input-intensive practices have been favoured by input intensification policies 

that mostly ignored the NRM practices. For our sample, only 23% of the farmers had access 

to credit, but the effectiveness of its use is affected by erratic rainfall. Credit use can make 

farmers vulnerable in environments with covariate risk and erratic weather conditions 

(Holden, 2018). This argument appears to be valid for the Ethiopian rain-fed maize farming 

system in which only 1% of the total maize area is irrigated (Abate et al., 2015). 

Furthermore, credit delivery hurdles should be addressed. For example, in the Muslim 

dominated villages, the ‘interest’ attached to the credit service was noted as an obstacle by 

farmers because dealing with interest is against their religion. Thus, making credit service 

needs-tailored by exploring alternative rural financing mechanisms would be crucial to 

enhance its value for the intended goal. Ethiopia has introduced a voucher credit system 

(section 4).   

 Multiple policy strategies are required to promote SAI. As demonstrated in the above 

sections, various policy strategies are necessary to provide incentives for smallholder farmers 

to use natural resources judiciously, prudently and efficiently by optimising inputs and 

implementing SAI practices while supported by institutional innovations. Some policy 
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strategies facilitate the adoption of SAI practices while others enhance production or cost 

efficiency. As argued elsewhere (Lee et al., 2006, Valdivia et al., 2017, Lee, 2005, Holden, 

2018, Barrett et al., 2017), no single particular policy strategy unambiguously promotes SAI. 

Therefore, several policies should be adapted and tailored to specific agro-ecological niches, 

biophysical, market and institutional circumstances because of the heterogeneous nature of 

agricultural production systems in Ethiopia and across SSA. In the next section, policy 

implications are discussed in the context of Ethiopia's agricultural transformation strategy. 

 

7.4 Implications for Ethiopia's agricultural transformation policy  

Ethiopia is one of the few African countries that heavily invest in agriculture. The country 

pledged 10% of its GDP budget to agriculture under the Comprehensive Africa Agricultural 

Development Program (CAADP). Ethiopia adopted a pro-poor agricultural-led 

industrialisation policy that regards smallholder agriculture as an engine of economic growth. 

In connection with this, the country has set ambitious growth transformation (GTP) plans 

during the past decade. The first plan (GTP I) was from 2009/10 to 2014/15 and the second 

one (GTP II) from 2015/16 to 2019/20. In the next section, the country's ongoing efforts in 

transforming agriculture regarding SAI: optimal use of inputs, SAI practices, and socio-

economic innovations are discussed.  

To make best use of  inputs, the country initiated a strategy to produce rather than to 

import fertiliser. This strategy is expected to increase the supply and ease the timely 

distribution of fertiliser to farmers. Ethiopia has also introduced a voucher credit system so 

that farmers can use fertiliser without liquidity hurdles (FDRE, 2016, AGRA, 2017). The 

country planned to increase the supply of fertiliser from 1.2 million metric tons in GTP I 

(2014/2015) to 2.1 million metric tons in GTP II period (2019/20). Likewise, the supply of 
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improved seed is expected to double by the end of the GTP II period. Furthermore, the 

country has planned to ensure sustainable agriculture on 2.94 million hectares of land through 

natural resource conservation by the end of GTP II period (FDRE, 2016). However, this 

thesis argues that external inputs and NRM practices should be packaged at the farm level for 

a more significant impact. The country has a digitally mapped soil information system for 

precise fertiliser recommendations (ATA, 2018) and this could facilitate the feasibility of 

input-NRM packaging at the farm level to achieve far more significant benefits from SAI. 

Since the use of fertiliser is also hampered by erratic weather conditions, implementing NRM 

practices at the farm level could substantially increase fertiliser adoption by farmers. In this 

case, the NRM practices could complement other smart subsidies or other risk-sharing 

mechanisms to improve the profitability and response of external inputs such as fertiliser or 

seed (Morris et al., 2007). However, the adoption of NRM practices is tied with tenure 

security. 

   To ensure farmers’ tenure security, the country has set targets to provide land use 

certificates to 7.2 million male and female-headed households that secure land-use rights for 

28.6 million farmlands in 359 districts in the country by the end of GTP II (FDRE, 2016). 

This is a move in the right direction in a country where insecurity about land use rights has 

been a problem for decades. Furthermore, improving land lease markets could enhance the 

efficiency and equity of land use (Holden and Otsuka, 2014) and can lead to rewarding off-

farm opportunities that will have impacts on induced farm innovation. Such rewarding off-

farm activities could also attract excess rural labour out of agriculture (Lee et al., 2006) 

which will be a benefit, particularly to the landless youth. Ethiopia has initiated an 

agribusiness acceleration program to engage women and youth.  
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To strengthen farm and non-farm linkages, Ethiopia has adopted an agribusiness 

acceleration program for some commodities (FDRE, 2016, ATA, 2018), which can easily be 

adapted to maize. The agribusiness initiative is to make commodity value chains competitive. 

It mainly addresses the lack of access to financial services, production skills, reliable input 

supply, and management and markets, all of which constrain performance particularly at the 

downstream end of the value chain related to farm-level production. It is also an opportunity 

to create remunerative off-farm income for the middle and upper end of the value chain. 

To link SAI initiatives with markets, Ethiopia has introduced some innovative 

strategies. For example, the commodity exchange (ECX) market reduces grain price 

distortions and enables maize farmers to achieve good output prices to justify investments in 

SAI. There are also ongoing efforts to introduce an input voucher sales system for farmers to 

access inputs such as fertiliser, improved seeds, and labour-saving farm tools by removing 

input price distortions and access hurdles that constrain sustainable agricultural productivity 

(ATA, 2018). Besides, the country has heavily invested in road and telecom networks to 

improve the overall input and output market efficiency (Bachewe et al., 2018) which will also 

have positive spillover effects in driving SAI. 

Ethiopia has also taken remarkable steps to increase farmers ‘access to information. 

Ethiopia has planned to expand the mobile service coverage from 43.9% in 2014/15 (GTP I) 

to 100% in 2019/20 (GTP II) (FDRE, 2016). The plan is also to increase internet and data 

density from 3% (GTP I) to 10% by the end of the GTP II period. For example, a Farmer 

Hotline SMS service that is currently being piloted in the country can revolutionise 

agricultural advice and information (ATA, 2018); which can also be an important opportunity 

to scale out SAI practices. The mobile phone technology can provide essential information 

for improving farmers’ knowledge and skills regarding SAI practices and related innovations.  
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To improve farmers’ human capital, Ethiopia is revolutionising its agricultural 

extension system to be knowledge-intensive. The Ethiopian public extension system is based 

on the deployment of frontline development agents (DAs) at the lowest administrative unit 

(kebele) level to provide advisory and training services to smallholder farmers regarding 

crop, livestock and natural resources management. The country's extension system is the 

most extensive in the world by the extension agent-farmer ratio (Berhane, 2018). However, 

the quality of the extension service is poor and not knowledge-intensive due to weak 

research-extension linkages, under-resourced staff, overburdened DAs and lack of 

institutional innovation, among others (Berhane, 2018, Deneke and Gulti, 2016, Kassa and 

Alemu, 2016). In Ethiopia, existing Agricultural Development Partners’ Linkage Advisory 

Councils (ADPLAC)130 and related innovation platforms should be strengthened for a better 

exchange of information among different stakeholders involved in the extension system 

(Kassa and Alemu, 2016, Deneke and Gulti, 2016). 

 Research evidence shows that access to the formal government extension service did 

not increase productivity in Ethiopia except possibly through its indirect effects on input 

provision such as fertiliser and seed to farmers indicating that DAs spend much time in input 

distribution and other non-knowledge intensive duties (Dercon et al., 2009, Berhane, 2018). 

In a similar vein, Krishnan and Patnam (2014) find that the impact of extension agents in 

Ethiopia was high at initial periods of fertiliser and seed technology promotion but not later 

due to farmer-to-farmer (neighbour) learning. These authors underline the need for rethinking 

about the number of extension agents being deployed over time to advise on seed and 

fertiliser technologies. Instead, the efforts should be redirected to promote knowledge-

intensive NRM practices as also argued in this thesis. The Ethiopian extension system is 

                                                           
130 ADPLAC is a stakeholders’ platform for research and development linkage. The stakeholders include 

researchers, farmers, seed enterprises, farmers' organisations, and extension experts, among others.  
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skewed to external inputs (fertiliser, seed) and primarily ignored SAI practices and climate-

related information that also greatly matter to ensure sustainable agricultural production. 

Thus, the current country’s initiative to train farmers, development workers, and district level 

experts regarding knowledge–intensive agro-meteorology and climate-smart agriculture 

(CSA) practices (ATA, 2018) changes in the right direction to enhance the necessary human 

capital, information, and knowledge. The CSA, and SAI practices are closely related (Lipper 

et al., 2018) and hence can be synchronised to achieve agricultural productivity. 

Policymakers on climate change and agriculture argue for the need to incorporate climate 

change and CSA/SAI innovations into the agricultural research and extension system through 

bottom-up collaborative learning rather than the old top-down extension model (Caron et al., 

2018).  

However, the current accelerated “full package” scale-up pilot (ATA, 2018) focused 

on ‘green revolution’ type inputs (improved seed, fertiliser, and agrochemicals) and ignored 

NRM practices. The Input-NRM package should offer a better outcome at the farm level for 

sustainable agricultural growth. It should be noted that external inputs are more responsive 

when used in combination with NRM practices (Morris et al., 2007, AGRA, 2017, Burke et 

al., 2017) rather than in isolation especially in degraded agro-ecosystems while grappling 

with climate variability. This thesis showed cost offset benefits (although the offset is 

achieved only at high levels of SAI use) from using combined SAI practices rather than in 

isolation (Chapter Five).  

Ethiopia has taken concrete steps to adapt to climate variability. The country has 

taken initiatives to incorporate agro-climatic information and CSA as part of its green 

economy development plan (FDRE, 2016). These efforts are expected to improve agricultural 

decision making and adaptive capacity especially for rain-fed agriculture (ATA, 2018) such 
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as maize production. However, a key policy challenge would be how to align climate change 

and CSA/SAI innovation across multiple sectors (Caron et al., 2018). Ethiopia could utilise 

already existing ADPLAC platforms (Kassa and Alemu, 2016, Deneke and Gulti, 2016) to 

enable climate change adaptation strategies such as CSA/SAI innovations. Likewise, the 

country has an ambitious plan for irrigation development although irrigation is essential to 

offset the negative impacts of climate variability (FDRE, 2016). 

To make credit more effective, Ethiopia is piloting an input voucher credit system. 

The local microfinance or rural saving and credit cooperatives offer the voucher which 

enables farmers to redeem inputs at nearby cooperative stores. This initiative is expected to 

make the credit service delivery more effective by increasing its demand by farmers, 

especially by the poor who cannot access credit due to collateral requirements. However, 

credit use may still be constrained by weather risk, which necessitates risk-sharing 

mechanisms so that farmers can access credit and use it to purchase agricultural inputs and 

improve their productivity. 

Concerning mechanisation efforts, the country has plans to supply agro-mechanisation 

inputs that increase productivity (FDRE, 2016). The country is currently addressing the 

systemic mechanisation challenge for its indigenous cereal known as tef (ATA, 2018). In 

addition, there is a plan to set up mechanisation service points at high-agricultural potential 

areas to be operated through cooperative and non-cooperative actors (ATA, 2018). Also, 

“Uber” innovations may be tried to facilitate effective services to both farmers and the 

service providers. As argued earlier, small-scale mechanisation for ploughing is crucial to 

benefit from SAI innovation and improve sustainable agricultural productivity. The country 

should place more emphasis on small-scale mechanisation in the next agricultural 

transformation plan.  
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Overall, Ethiopia is transforming its agriculture. This thesis argues that a holistic 

approach to SAI (efficient use of inputs, SAI practices, and socio-economic innovations) 

should be pursued to guide research and policy and that scaling up and scaling out of best 

practices in Ethiopia and across Africa could be useful. However, persistent commitments 

from all stakeholders and competent political leadership are required to spur SAI innovation 

in Ethiopia and Africa.  

The integrative SAI model should be instrumental in bringing the needed change as 

also echoed by the Alliance for a Green Revolution in Africa (AGRA). AGRA supports 

national programs such as Ethiopia, and its strategy fits the goals of the CAADP. Under 

CAADP, the African heads of state pledged to invest 10% of their GDP in Agriculture to 

achieve 6% annual agricultural growth and realise agricultural transformation. The 

microeconomic evidence and policy insights presented in this thesis demonstrate that much-

needed agricultural transformation is on track and replicating the best SAI practices across 

many villages in Ethiopia, and other African countries, and would be the next step to make a 

significant difference in the region.    

 

7.5 Methodological insights 

There are two main methodological insights emerging from this thesis. First, the findings 

show that the stochastic frontier models have consistent estimates of production frontier 

parameters but the estimated efficiency scores are sensitive to the way heterogeneity is 

treated in competing frontier models for our data (Chapter Four). That means the coefficient 

estimates of SAI practices upon which to draw the significance of association and direction of 

the effects of SAI practices on productivity, technical and cost efficiency (the primary 

concern of this Ph.D. research) are unaffected by the estimated model and are robust to a 
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range of alternative modelling assumptions. However, the technical efficiency scores are 

sensitive to model assumptions and thus, requires scrutinising the estimated models for their 

empirical suitability to the production and institutional context being studied (Greene, 2008, 

Kumbhakar et al., 2014) before making a policy inference regarding inefficiency gap based 

on a limited set of the models. For our case study (see Chapter Four), the average efficiency 

estimates from our two preferred models (Model 2 among models accounting for unobserved 

heterogeneity and Model 6 among those also incorporating measured heterogeneity) are 

comparable with those obtained from other studies for Ethiopia and elsewhere in Africa 

(Thiam et al., 2001, Sherlund et al., 2002, Bravo-Ureta et al., 2007).     

 Second, the intertemporal multivariate probit method revealed a significant positive 

temporal effect in the adoption behaviour of farmers (Chapter Six). Such information is 

critical in predicting the likelihood of adoption of a particular SAI practice over different 

periods. We found a significant positive correlation between each practice use over the two 

periods, underscoring positive temporal effects. This fundamental insight offers evidence for 

providing persistent support to farmers for the widespread adoption of SAI practices. This 

intertemporal insight is new and an original contribution within the SAI literature. Most 

adoption studies in developing countries are cross-sectional and lack temporal dynamics that 

could reveal important insights (Feder et al., 1985, Abdulai and Huffman, 2005, Doss, 2006, 

Conley and Udry, 2010, Beyene and Kassie, 2015, Khataza et al. 2018). Although research 

using duration analyses address temporal dynamics of adoption, the correlation among the 

interdependent SAI technologies that can reveal synergistic effects are not captured. 

 

7.6 Consideration for future research 

Beyond the scope of this thesis, we highlight several avenues for further research. The thesis 
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addressed how sustainable agricultural intensification (SAI) can be used to improve 

productivity using resource-poor maize farmers in Ethiopian as a case study. In particular, the 

effects of SAI practices on productive and cost efficiency as well as the factors driving SAI 

adoption were investigated. 

The SAI practices might play key roles in managing production risk (output 

variability and downside risk) (Kim et al., 2014, Kassie et al., 2015b, Guttormsen and Roll, 

2013). In particular, the extent to which SAI practices can increase or decrease production 

risk in the presence of technical inefficiency is unclear. Further research could investigate 

these issues in depth.  

A better understanding of the dynamics behind the dis-adoption and non-adoption of 

SAI practices and what drives such phenomena is also an interesting area for further research. 

For example, understanding why some farmers dis-adopt SAI practices may help to develop 

sustainable packages that meet the needs of those farmers. A few studies have been 

conducted on this topic (e.g. Marenya and Barrett, 2007). Such analyses are best done with 

long panel data. 

The panel data set used in this thesis covers a short period and this can be seen as a 

limitation. Longer panel data could give better insights into the dynamics of multiple 

technology adoption by incorporating time lags in the analysis. This is because the benefits of 

SAI are often weighted toward the future while imposing current costs; and farmers have to 

make trade-offs between short-term food security and poverty decisions and NRM 

investments with long-term payoffs (Lee, 2005). Further research could be devoted to collect 

longer panel data set to investigate the dynamics of farmers' investment behaviour, soil 

quality, input-intensification and NRM strategies more precisely (Barrett and Bevis, 2015).  

In this study, we did not disaggregate improved varieties into hybrid and open-
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pollinated types, although the factors that drive their adoption and their likely impacts on 

productivity could be different. Understanding the drivers of adoption of the different types 

of maize varieties as well as their tangible impacts on household welfare would shed more 

information for policy. Further research on the hybrid maize seed demand under increasing 

climate change could also provide additional insights. 

Another important avenue for further research is the distributional impacts of SAI 

practices on child nutrition. A few studies have already focused on this (Manda et al., 2016, 

Zeng et al., 2017). A detailed analysis of income and poverty measures will also illuminate 

additional insights. Such an analysis would give a better picture of the tangible welfare 

impacts of SAI technologies on rural communities. 

This research focused on the production side of SAI and did not examine in detail the 

demand-side factors. SAI use can have both private (farm level) and public benefits, but 

practices that are beneficial overall (considering both private and public benefits) might not 

be adopted because they are not attractive if the private benefits do not dominate the private 

costs. In such cases, providing incentives to farmers could be useful. For example, research 

on the demand-side factors could explore the feasibilities of cash payments or targeted 

subsidies for smallholder farmers for the services they provide to the greater society (e.g. 

reduced soil erosion, reduced flooding, increased carbon sequestration) by using SAI 

practices (World Bank, 2007, Lipper et al., 2018, Knowler and Bradshaw, 2007, Engel et al., 

2008)131. Such payments could also be reframed as smart subsidies that could trigger 

widespread diffusion of the SAI practices because smallholder farmers can offset the costs of 

implementing SAI practices at the farm level (Wollni et al., 2010, Knowler and Bradshaw, 

2007). However, enormous institutional and technical obstacles lie ahead, especially in 

                                                           
131 The productive safety net programs in some areas of Ethiopia (Holden, 2018) could be an example. 
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achieving payments to resource-poor farmers for environmental services (Sayer and 

Cassman, 2013). Such obstacles can be overcome step-by-step with increased commitments 

and investments in transforming agriculture in Africa through science-based innovation 

(Ejeta, 2010, ATA, 2018, AGRA, 2017). Further research is needed in this area.  

The smart subsidies could also be justified on the ground that it is cheaper to import 

fertiliser than to import food to address food insecurity in developing countries (Sanchez, 

2009, Holden, 2018). However, the context within which such smart subsidies or the cash 

payments work and also the "crowding in" and "crowding out" effects likely to arise in the 

economy (Holden, 2018) should be investigated in detail.  

Another demand-side factor that is worth addressing is post-harvest loss. In Africa, 

poor post-harvest management can lead to between 14% and 36% loss of maize grains 

(Tefera, 2012). A better understanding of post-harvest management strategies can 

complement the production efforts of SAI and obtain a clearer picture of the supply and 

demand dynamics of the entire food chain (Garnett et al., 2013). Further research is vital in 

this direction to inform smallholder-dominated agricultural transformation policy in Ethiopia 

and across SSA. 
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