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Abstract 

This thesis explored issues related to the economics of sustainable agricultural 

intensification (SAI) in Malawi. Generally, SAI requires farms to produce in ways that 

improve or maintain productivity, but with minimal impact on the environment so that 

critical farm resources can endure. One of the most widely promoted components of SAI 

technologies in Africa is legume-based conservation agriculture (CA). Given its 

prevalence and importance to many farms across the continent, legume-based CA is the 

core focus of this thesis. The value of this approach is assessed in a case study focused 

on Malawi which, as one of the poorest nations on the globe, requires sustainable 

agricultural practices to help ensure adequate nutrition for its population moving forward 

into the future. 

 

The main goal of the thesis is to examine the economic and social viability of SAI 

technologies in Malawi, with the specific aim of providing insights on three research 

questions as follows.  

The first research question examines factors that could explain the heterogeneity in farm 

efficiency observed among small scale farmers who have adopted legume-based SAI 

technologies. This research question is addressed in chapters 2, 3 and 4, wherein technical 

and cost efficiency are estimated for a sample of farmers engaged in sustainable 

agricultural intensification management practices. Three analytical techniques were used 

to model farm efficiency. First, a parametric Bayesian directional distance function was 

implemented to account for the multifunctional nature of integrated production systems 

where multiple-inputs are used to produce multiple outputs, including staple (maize) and 

non-staple food crops. Second, a two-step non-linear optimisation model was used to 

estimate a translog cost function and to impose regularity conditions implied by economic 

theory. Third, a Bayesian stochastic frontier approach was implemented to ensure small-

sample precision of parameter estimates. Overall, the results reveal substantial resource-

use inefficiencies relating to the manner in which farmers in Malawi currently allocate 

factors of production. The evidence makes a strong case for policies that can incentivise 

farmers to operate reasonable farm sizes consistent with their household’s non-land 

resource endowments. 
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The second research question addressed in Chapter 3 investigates whether legume-based 

SAI technologies, as alternative forms of soil amendments, offer sufficient benefits over 

chemical fertilisers. In addressing this question, marginal opportunity costs (shadow 

prices) were estimated to reflect the trade-off between fertiliser-nitrogen and symbiotic-

nitrogen in the production of crop outputs. The estimation procedure used a directional 

input distance function, which helps to set translation vectors to measure the extent to 

which inputs (cost) can be reduced to achieve resource productivity with the same 

technology. In addition, factor substitution was evaluated using Morishima elasticity 

measures of substitution. The results suggest that complete factor substitution between 

organic-based soil amendments (symbiotic nitrogen) and inorganic fertilisers can be 

detrimental to farm productivity. The findings highlight the need to link sustainable 

intensification with high-value markets if farmers are to be partially or fully protected 

against potential welfare losses that could result from low productivity following the use 

of resource-conserving practices. 

 

The third research question addressed in Chapter 5 considers factors that determine 

farmers’ propensity to adopt legume-based resource conserving technologies. To address 

this research question, a discrete-time duration analysis model was employed to assess 

factors that influence the timing of adoption of conservation agriculture technologies. 

This method is suitable for modelling the occurrence of continuous-time events where 

data have been recorded at discrete-time intervals, such as months or years. The results 

show that farmers are reluctant to adopt new technologies unless the performance of such 

technologies has already been ascertained by their peers or until adequate information 

about the new technologies is available within the farming community. The findings 

underscore the importance of information exchange and learning about the performance 

of new technologies, which can encourage the timely adoption of these technologies.  
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CHAPTER 1 

1.0 Introduction and Background Information 

1.1 Agricultural productivity and sustainability 

In the recent years, there has been growing interest in sustainable agricultural 

intensification (SAI) as a means of enhancing farm productivity and preserving the stock 

of the natural environment (Lele 1991; Yunlong and Smit 1994; Pannell and Glenn 2000; 

Rasul and Thapa 2004; Pretty et al. 2011; Garnett et al. 2013; Gunton et al. 2016). The 

increasing interest in SAI technologies has emerged to address the adverse environmental 

effects and social costs associated with intensive production strategies that characterised 

the Green Revolution era (Yunlong and Smit 1994; Rasul and Thapa 2004; Lee 2005). 

As a response to these concerns, global attention in the post-Green Revolution period is 

on promoting agricultural production strategies that enhance agricultural sustainability. 

These are approaches that require farms to produce in such ways that improve or maintain 

current productivity with less damage on the environment, and attempt to avoid 

compromising future productivity (Rasul and Thapa 2004; Lee 2005; Prettyet al. 2011; 

Garnett et al. 2013; Gunton et al. 2016). In practice, agricultural sustainability 

encompasses a diverse range of resource-conserving management practices and is thus 

associated with a number of concepts. Other related concepts include integrated natural 

resource management (INRM), integrated soil fertility management (ISFM), low input 

sustainable agriculture (LISA), organic agriculture (OA), regenerative or ecological 

agriculture (EA), soil and water conservation (SWC), precision or conservation 

agriculture (CA), and climate-smart agriculture (CSA) (Reardon  et al. 1999; Rasul and 

Thapa 2004; Lee 2005; Pretty et al. 2011; Garnett et al. 2013; Latruffe and Nauges 2014; 

Gunton et al. 2016). Since agricultural sustainability embraces a diverse range of 

component technologies, the concept is difficult to study empirically. Nevertheless, an 
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empirical assessment is important to show if pursuing sustainable production could lead 

to substantial trade-offs between economic optimisation and ecological conservation. 

Such trade-offs can negatively impact on farmers’ welfare, particularly those located in 

low-income countries such as in sub-Saharan Africa (SSA). 

 

Compared to other regions of the World, agricultural productivity in the SSA region is 

generally low (Ehui and Pender 2005; Lee 2005; Pretty  et al. 2011; Asafu-Adjaye 2014). 

Low agricultural productivity in this region has been attributed to a number of factors, 

including poor farm management practices, a degraded soil environment, and a lack of 

farmers’ financial resources to purchase fertilisers and improved seeds (Bojö 1991; Ehui 

and Pender 2005; Nkonya  et al. 2008; Bationo  et al. 2012). Land degradation and low 

soil fertility are so widespread that 55% of soils in this region are now considered 

unsuitable for cultivated agriculture at normal levels of investment (Henao and Baanante 

2006; Bationo et al. 2012). In most SSA countries, net nutrient depletion from arable land 

is in excess of 30 kg/ha nitrogen and 20 kg/ha of potassium per annum (Ehui and Pender 

2005; Henao and Baanante 2006). Soil nutrient loss, particularly nitrogen, is responsible 

for poor crop productivity in most of the cereal-based production systems in this region 

(Bojö 1991; Ehui and Pender 2005; Nkonya et al. 2008). The depletion of the soil-

nitrogen stock and the consequential lowering of crop productivity increases the need for 

external inputs, such as soil-fertility amendments. 

 

In an effort to raise farm productivity, several SAI-related technologies are being 

promoted in SSA. Of these, a number focus primarily on improving soil-nitrogen 

reserves. The impact of these technologies has not been adequately researched and 

documented, given that the implementation of certain SAI technologies requires that 

farmers systematically follow expert recommendations (Giller  et al. 2009; Thierfelder et 
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al. 2013). In addition, the impact of SAI technologies are not well documented due to the 

broad differences that are observed between the SAI technologies being promoted in each 

of the SSA countries. 

 

Notwithstanding the popularity of agricultural sustainability, there is no expert consensus 

on what technologies are included and how success should be measured (Rasul and Thapa 

2004; Garnett et al. 2013; Gunton et al. 2016). However, pioneering studies have 

described agricultural sustainability as a collection of production approaches that harness 

at least three interlinked dimensions (Barbier 1987; Daly 1990; Common and Perrings 

1992; Harrington 1992; Yunlong and Smit 1994). The first is ecological soundness; i.e. 

the sustainability principle that prioritises ecological/environmental carrying capacity, 

ecosystem stability and resilience, and biodiversity conservation (Veeman 1989; 

Common and Perrings 1992; Munn 1992; Norton and Toman 1997). Essentially, this 

implies that a certain natural ecosystem can support a definite population of living 

organisms, including humans and their economic activities. Thus, from an ecological 

perspective, a natural ecosystem can survive extinction induced by economic or 

environmental perturbation only if the existing population of the ecosystem’s essential 

species is at least equal to its critical threshold or a safe minimum standard of conservation 

(Veeman 1989; Foy 1990; Common and Perrings 1992; Norton and Toman 1997). The 

second principle of agricultural sustainability is economic viability, which is concerned 

with the technical and physical capacity of production systems to constantly meet the 

increasing demand for agricultural commodities. Thus, the economic-sustainability 

perspective focuses on productivity and technological change, economic growth and 

capital investment (Hartwick 1977; Solow 1986; Veeman 1989; Gutés 1996; Neumayer 

2010). Finally, the third component of sustainability is social acceptability, which 

recognises poverty reduction, safeguarding food security and self-sufficiency, and 
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heterogeneity in societal preferences (Smit and Brklacich 1989; Veeman 1989; Rasul and 

Thapa 2004; Zilberman 2014). In all of the three sustainability principles, issues of rights 

and justice/fairness are critical; hence, the need to consider temporal and spatial 

distributions of resource availability and resource use throughout (Rasul and Thapa 2004; 

Zilberman 2014). 

 

The promotion of SAI technologies in the SSA region recognises the importance of these 

three dimensions of sustainability. Thus, in a quest to maintain or raise farm productivity, 

the complementarity between natural (ecological) and synthetic (manufactured or man-

made) capital is upheld (Daly 1990; Ekins et al. 2003; Neumayer 2010). This 

complementarity is encapsulated in the concept of strong sustainability, which postulates 

that critical ecological/natural resources and man-made capital are not perfectly 

substitutable in production (Daly 1990; Stern 1997; Ekins et al. 2003; Neumayer 2010). 

Thus, sustainable production entails judicious and efficient use of both natural capital and 

synthetic capital. Conversely, unsustainable production could compromise the carrying 

capacity of the agro-ecological system as a sink of pollutants or as a flow of ecological 

functions that support agricultural production and provide amenity services. An 

alternative to the notion of strong sustainability is the weak sustainability paradigm, as 

advocated in general theories of economic growth and capital investment, such as the 

Solow-Hartwick fair savings/investment policy (Hartwick 1977; Solow 1986; Gutés 

1996; Neumayer 2010). The weak sustainability paradigm assumes that manufactured 

and natural capital are near-perfect substitutes in production, and therefore, one form of 

capital can offset the other factor that is limiting. However, the perfect-substitutability 

assumption seems implausible in most agricultural production situations, given the 

current level of degradation of the natural environment and the threat of ecosystem 

collapse (as evidenced through adverse climate change effects and substantial decline of 
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soil nutrients). This is the case because, among other reasons, effective agricultural 

production is contingent upon the quantity and quality of both manufactured capital and 

natural resources, such as land and water (Asafu-Adjaye 2014; Barbier 2016). In addition, 

the production of manufactured capital (e.g. chemical fertiliser) could still require some 

natural components (Daly 1990; Victor 1991; Barbier 2016). The long-standing evidence 

that the SSA region is highly vulnerable to climate change emphasises the need for 

farmers to adopt innovative production approaches, particularly those that use 

technologies which embrace agricultural sustainability principles (Jones and Thornton 

2003; Thornton et al. 2010; Arndt et al. 2014; Asafu-Adjaye 2014). 

 

Previous studies evaluating sustainability have largely considered it as a macroeconomic 

phenomenon and hence focused on indicators such as rates of growth of gross domestic 

product (GDP), technological change, and capital investment (Solow 1986; Victor 1991; 

Weitzman 1997; Hanley 2000; Böhringer and Jochem 2007; Neumayer 2010). While it 

is important to treat sustainability as a global phenomenon, it is imperative for two reasons 

to also consider it at lower levels of decision making, such as at the firm (farm) or 

household unit. First, sustainable production of primary commodities and services—

particularly those derived from agriculture, forestry, fisheries, energy and water—is 

important for supporting the livelihood of the resource-poor and natural-resource-

dependent households (Smit and Brklacich 1989; Pezzey 1992; Zilberman 2014; Smith 

et al. 2016). Second, it is the collective economic performance of these sub-sectors that 

determines the growth or decay of the macro-economy, as measured through indices such 

as national GDP.  

 

However, there have been few comprehensive analyses at the farm- or household-level 

that assess the trade-offs between different sustainability dimensions (e.g. ecological 
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diversity, economic viability or social acceptability), although a few notable empirical 

applications exist (De Koeijer et al. 2002; Rasul and Thapa 2004; Gomes et al. 2009; 

Solís et al. 2009). Therefore, in this thesis, a viable agricultural sustainability path is 

analysed in the context of economic and social dimensions of sustainability. The thesis 

evaluates the feasibility of sustainable agricultural-intensification technologies through 

the following criteria: 1) economic performance, assessed as efficiency of agricultural 

production systems; 2) social preferences, measured as farmer’s propensity to adopt 

resource-conserving technologies which would allow for ecological diversity on a farm; 

and 3) marginal opportunity cost, estimated as elasticities of factor substitution and 

shadow prices. These three measures are both practical and useful to inform coherent 

policies on agricultural sustainability. 

 

1.2 Local context and problem statement 

Malawi is a country in Southern Africa bordered by Zambia, Tanzania and Mozambique. 

The country’s population is nearly 15 million and over 90% and 40% of its rural and 

urban population, respectively, are engaged in agriculture (Jones et al. 2014). Based on 

scale of operations, Malawi agriculture is classified into two subsectors; namely, 

smallholder and estate production. The estate sector usually specialises in the production 

of high value commercial crops such as tobacco, sugarcane, and tea. The smallholder 

sector mainly produces subsistence food crops in the form of cereals (maize, rice, 

sorghum and millet), roots and tubers (cassava, sweet potato and potato) and legumes 

(beans, groundnuts, soybean, cowpea and bambara nuts). The smallholder farming system 

is largely characterised by maize dominance, which occupies nearly 90% of total area 

under cereal cultivation. Maize is the main staple followed by cassava, and the two staples 

together provide more than 70% of calories in the diet (Rusike et al. 2010). All crops are 

normally cultivated under rainfed conditions as irrigation development is still suboptimal. 
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In previous decades, maize production was strongly supported through farm input 

subsidies. However, this policy is now becoming financially unsustainable. As a result, 

the combined effect of policy changes, rising population growth, and inadequate use of 

soil fertility amendments has led to low crop productivity, and hence, the country is 

experiencing unstable food supply and recurrent food insecurity (Figure 1.1).  

 

Figure 1.1: Per capita food supply trends for Malawi, 1990-2016 (Data source: 

FAOSTAT, 2016 available from http://www.fao.org/faostat/en/#data ) 

 

Following the recurrent food shortages, chemical fertilisers and organic intensification 

have become important approaches to improve soil fertility and promote food production. 

The sole use of chemical fertilisers as the first-best solution to raise farm productivity has 

been tried, but the cost of inorganic fertilisers is often too high for an average farmer to 

afford to apply them at recommended rates. Because of the high landing costs, Malawi’s 

commercial fertiliser prices are among the highest market prices in the region. As a result, 

the Malawian government has been relying on producer-subsidy programs to raise 

agricultural productivity and ensure national food security. While the universal subsidy 

program was terminated under the recommendation of the World Bank structural 

adjustment program in the mid-1980s, new variants dubbed “smart subsidies” were 
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introduced in 1998 under a targeted Farm Input Support Program (FISP). These new 

programs recognise that increased use of chemical fertilisers masks major soil 

micronutrient depletion and therefore provides a short term and unsustainable solution to 

the problem of low farm productivity (Beedy et al. 2013). As a result, in its current state, 

the smart subsidies under the FISP aim to increase farm productivity by combined use of 

chemical fertilisers and biological soil amendments, such as the integration of legumes in 

crop associations. Consequently, FISP provides vulnerable households with a package of 

subsidised farm inputs consisting of nitrogen-phosphorus-potassium (NPK) fertilisers, 

hybrid maize seed, and improved legume seeds as part of the integrated soil fertility 

management strategies or SAI packages.  

 

One of the most widely promoted components of the SAI technologies in Malawi, and 

hence the focus of this research, is legume-based conservation agriculture (CA). 

Conservation agriculture is based on three main principles: i.e. 1) minimum soil 

disturbance, 2) permanent soil cover with live or dead plant material, and 3) crop 

association or rotation with legumes (Giller et al. 2009; Thierfelder et al. 2013). Despite 

the widespread promotion of resource conserving technologies, the viability of SAI 

technologies has been contested for two reasons. First, some scholars doubt its adequacy 

as the concept undermines/overshadows agricultural and rural development policies such 

as food security, particularly in developing countries where poverty and hunger are 

critical challenges (Lee 2005; Garnett et al. 2013; Gunton et al. 2016). Second, 

agricultural sustainability is a broad concept such that it is not clear how it can be attained 

or which technologies to deploy to reach this goal.  

 

Clearly, the benefits of SAI or CA technologies will vary from one region to the other, in 

part, due to the diversity of CA-related technologies being promoted, differences in the 
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policy instruments used to incentivise the adoption of these practices and variations in the 

diffusion of the available resource-conserving technologies (Giller et al. 2009; Andersson 

and D'Souza 2014; Pannell et al. 2014). Therefore, clarifying such uncertainties requires 

conducting location-specific research to devise local recommendations on how 

agricultural sustainability can be best operationalised. In the context of Malawi, it is 

important to examine factors that may affect adoption preferences and the magnitude of 

efficiency associated with legume-based sustainable intensification practices, which are 

alternative forms of preserving soil quality and enhancing crop productivity. It is against 

this background that this study was conceptualised to evaluate the viability of agricultural 

sustainability technologies in regards to economic performance (efficiency), marginal 

opportunity cost (factor substitution), and farmers’ preferences for these technologies.  

1.3  Research Objectives 

The main goal of this study was to examine the economic viability of legume-based 

sustainable agricultural intensification technologies and identify alternative pathways for 

farmer’s welfare enhancement in Malawi. To achieve this goal, the study attempted to 

provide insights by focussing on the following specific research questions:  

1. What factors could explain the heterogeneity in farm efficiency observed among 

small scale farmers that use legume-based sustainable agricultural intensification 

production systems? 

2. As alternative forms of soil amendments, do legume-based sustainable 

agricultural intensification technologies offer sufficient benefits over chemical 

fertilisers? 

3. When farmers are cognisant of existing legume-based resource conserving 

technologies, what factors determine their propensity to adopt such technologies?  
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1.4  Conceptual framework 

Figure 1.2 presents a conceptual framework that shows how the three research objectives 

are linked. In summary, the figure shows two different pathways through which a farmer 

can enhance resource productivity and realise welfare improvements; that is, aspects of 

human welfare measured in terms of increased access to food, improved nutrition and 

agriculture-derived household expenditure/income (von Braun 1995; Ravallion and  

Lokshin 2002; Pinstrup-Andersen 2009). The first approach is by addressing production 

inefficiencies (movement from A to B or A to C) and the alternative approach is through 

the adoption of new technologies (a push to new production frontier depicted by a jump 

from C to D). Collectively, the three research objectives investigate these two potential 

pathways towards welfare improvement, i.e. improved resource-use efficiency and 

adoption of new technologies. 

 

 

 

 

 

 

 

 

 

 

 

Figure 1.2 Conceptual framework on farm efficiency and technological 

change. 
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Consider an agriculture-dependent household that produces a bundle of consumption 

goods  1 2, ,..... M

mQ q q q   , using a vector of farm resources ; { , }iX i Z E , where 

 1 2, ,..... J

jZ z z z    represents land, labour and capital; and  1 2, ,..... K

kE e e e  

represents the stock of environmental capital, such as farmland soil-quality attributes. In 

line with economic theory, it is assumed that a farmer optimises welfare ( ) derived 

from the aggregate value of agricultural output ( )Q  defined as: ( | )f Q X  .1 The state 

of environment and how well it is maintained will determine the potential to achieve 

sustainability outcomes, which can be considered in terms of future investment costs, 

agricultural productivity and amenity services. Sustainability implies equality of 

intertemporal welfare—or that the change in welfare is non-declining through time— i.e. 

0t  , where 
1 0

( ) t

t t t      and   is the discount factor (Perman  et al. 2003; 

Barbier 2016). Evidently, resource use efficiency is a necessary condition for agricultural 

sustainability because it could lead to prudent use of natural resources and external inputs, 

such as chemical fertiliser (Tyteca 1998; Callens and Tyteca 1999; De Koeijer et al. 2002; 

Kuosmanen and Kuosmanen 2009). In other words, resource productivity can contribute 

positively towards both economic and ecological/environmental sustainability goals 

(Gomes et al. 2009; Solís et al. 2009). For example, resource use efficiency helps a farmer 

operating at point A  in Figure 1.2 to realise improved economic and environmental 

benefits in two ways. First, this farmer may achieve input or cost savings by using less 

inputs to produce the same amount of output. This is shown in Figure 1.2 as a horizontal 

movement from point A to B, where 1 2x x . Second, by removing inefficiencies, the 

farmer could use the same quantity and quality of resources 2( )x  but produce more 

                                                           
1 The assumption is consistent with smallholder subsistence-oriented production where farming households 

largely consume own-produced food, although they may occasionally supplement their food supplies 

through market access. The welfare function is assumed to be concave and well-behaved such that it is 

increasing in output levels or 
2 20;   0i iQ Q       . 
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outputs, which involves a vertical movement to reach the production frontier at point C. 

Thus, if the economic performance of farms can be ranked based on a measure of 

efficiency, then it is easy to suggest recommendations about the potential sources of 

performance improvement for the least productive units. Consequently, the first two 

research questions assess the extent to which firms in the sample deviate from the frontier 

or technology boundary (i.e. estimate the magnitude of inefficiency as distances from A 

to B or A to C) and explore possible policy options that could be implemented to enable 

farmers to operate on, or closer to, the production frontier. 

 

The second approach to achieving agricultural sustainability and productivity is through 

the adoption of improved technologies (Solís et al. 2009; Mayen et al. 2010; Latruffe and 

Nauges 2013; Villano et al. 2015). Alternative agricultural technologies are adopted to 

replace or complement the existing technologies and management practices to effectively 

improve farmer’s welfare ( ) . Thus, technology adoption helps farmers to achieve 

efficiency and shift towards a new production frontier; this is represented as a shift from 

C to D, which is on a higher production frontier in Figure 1.2. A switch from the 

conventional to the new management practices will occur if the net benefit realised from 

using the modern technology is positive and welfare-improving 3 2 1( )    , ceteris 

paribus. This is outlined in the third research question, which explores factors that enable 

farmers to adopt new technologies and, thus, improve their initial welfare or 

0( | )f Q X   to a new welfare level defined by 1( | )f Q X  .  

 

It is plausible that, given any two production technologies, farmers who have rationalised 

their input use and have become efficient, will likely aspire to experience substantial 

livelihood improvements and hence adopt new technologies—equivalent to shifting the 



The Economics of SAI Technologies in Malawi 

13 

production frontier outwards from 0( | )f Q X   to 1( | )f Q X   in Figure 1.2. A 

number of localised research applications worldwide provide evidence highlighting 

productivity benefits that are attributable to technology adoption, for example, use of 

improved seeds and soil conservation techniques (Karagiannis et al. 2003; Solís et al. 

2009; Mayen et al. 2010; Latruffe and Nauges 2013; Villano et al. 2015). It is worth 

mentioning that, under certain environmental conditions, productivity gains associated 

with SAI technologies may be minimal (Lankoski et al., 2006). Thus, if farmers can adopt 

new technologies and effectively use them, then they are likely to improve their welfare. 

1.5 Study location 

The data used in this thesis comes from a survey collected from 341 households randomly 

selected from Kasungu and Mzimba districts in Malawi (Figure 1.3).2 The survey was 

conducted in the 2013/14 crop season. These districts are part of the medium-altitude 

agro-ecological zone of the country. A subdivision of this agro-ecological zone is the 

Kasungu–Lilongwe plain. This zone is one of the areas where legume-based sustainable 

intensification technologies, which were a focus of this study, are most dominant among 

smallholder maize and legume farmers in Malawi. 

 

 

 

 

 

                                                           
2 With the exception of the data used in Chapter 2, which is based on a survey conducted under the Tropical 

Legume II project, which was jointly implemented by the International Crops Research Institute for the 

Semi-Arid Tropics (ICRISAT), the International Center for Tropical Agriculture (CIAT) and the 

International Institute of Tropical Agriculture (IITA. 
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 Figure 1.3 Map of Malawi showing study sites 

 

The survey followed a three-stage random sampling approach. First, the study zones were 

selected based on Ministry of Agriculture administrative demarcations, known as 

extension planning areas (EPAs). The EPAs are district-level administrative units 

established to coordinate and oversee the execution of extension services across the 

country. With the help of Ministry of Agriculture officials, potential EPAs were identified 

based on the dominance of legume-based CA activities in each of the two districts. 

Afterwards, three and two EPAs were randomly chosen from Kasungu and Mzimba 

districts, respectively. The second step involved random selection of EPA sections. An 

EPA section is the lowest unit of administration in the Ministry of Agriculture hierarchy. 

Subsequently, maize-legume producers were identified from each EPA section. This 

procedure was done in order to establish a sampling frame. Third, after the selection of 
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EPA sections and enumeration of maize-legume producers were completed, face-to-face 

interviews were conducted with a set of randomly chosen respondents (household heads). 

A total of 341 respondents, representing 33% of the total enumerated households, were 

randomly selected for interviews. Table 1.1 shows the distribution of the respondents 

across the five EPAs covered by the survey.  

 

Table 1.1 Representation of the sample at district and EPA-level 

District  EPA 
Number of farmers Proportion of total 

sample (%) Enumerated (N) Sampled (n) 

Kasungu 

Chamama 303 94 28 

Chulu 240 50 15 

Kaluluma 53 30 9 

 Sub-total   596 174 51 

Mzimba 
Emfeni 207 71 21 

Mbawa 246 96 28 

 Sub-total  453 167 49 

Total  1049 341 100 

 

Using a structured questionnaire, respondents were asked to provide information 

regarding the adoption of SAI technologies, types and levels of inputs used in crop 

production and amount of outputs realised, sources of information regarding new 

technologies, as well as household and farm characteristics. In general, the survey focused 

on three components of SAI technologies: 1) intercropping and crop rotation; 2) minimum 

soil disturbance (minimum tillage); and 3) post-harvest retention of crop residues or 

stubble (i.e. covering farm surface with maize stover and legume straw). 
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1.6  Contribution to scholarship and originality  

The importance of sustainability as a development goal is widely acknowledged; yet, how 

to operationalise the concept has remained elusive across scientific disciplines, such as 

agricultural and resource economics, ecological economics, and development economics 

(Daly 1990; Rasul and Thapa 2004; Lee 2005; Barbier 2016). Accordingly, this thesis 

makes academic contributions in two ways. First, the thesis applies the fundamentals of 

production theory —i.e. principles of resource productivity (efficiency) and technology 

adoption— to evaluate the viability of SAI technologies. In this way, the thesis contributes 

to the literature by empirically demonstrating how analytical methods, which are applied 

in the economics of technology adoption, and efficiency and productivity analysis, can 

be used to derive practical indicators for evaluating the viability of SAI technologies. 

Thus, the thesis highlights current methodological approaches with which to assess the 

viability of SAI technologies in terms of social preference or adoption speed, performance 

or productive efficiency, and independence or factor substitution possibilities. 

 

Second, the thesis applies novel economic models to analyse the sustainability problem 

and suggest salient policy solutions that can help incentivise farmers to adopt sustainable 

agricultural intensification technologies. Thus, the study helps in interfacing resource 

conservation with other important policy goals such as food security, agriculture-led 

poverty reduction and rural development. This is important because promoting 

agricultural sustainability at the expense of national goals, such as food security and the 

realisation of farm income is counterintuitive. 
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1.7 Thesis organisation 

The thesis is organised into six chapters consisting of this introductory chapter, which is 

followed by a series of papers that culminated from the study, and a general conclusion. 

Chapters 2, 3, 4 and 5 present stand-alone research papers that examine the research 

questions addressed in the thesis. Some unavoidable repetition is present therein due to 

some procedural and methodological similarity between the applications. A preview of 

the thesis chapters is as follows. 

 

Chapter 2 uses a Bayesian directional distance function to test the so-called inverse-

productivity hypothesis on the relationship between farm size and productivity. Chapter 

3 assesses the technical efficiency of legume-based conservation agriculture and 

computes shadow prices or marginal opportunity cost of biological nitrogen, which 

reflects the trade-off between chemical-nitrogen and symbiotic nitrogen required to 

produce a given quantity of output. To achieve this, a directional input distance function 

is employed. Chapter 4 compares parameter estimates from the restricted and unrestricted 

models to demonstrate the importance of imposing regularity conditions on the translog 

cost function. Two empirical procedures are used to impose regularity conditions: 1) a 

two-step non-linear optimisation technique and 2) the Bayesian inference approach. 

Chapter 5 uses a discrete-time duration model to investigate the factors that affect the 

timing of adoption of conservation agriculture technologies. Finally, Chapter 6 presents 

general conclusion to the thesis and provides policy recommendations. In addition, the 

chapter describes study limitations and sets out new directions for further research. 
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CHAPTER 2 

Examining the relationship between farm size and efficiency: a 

Bayesian directional distance function approach 

 

This paper is planned for submission as:  

Khataza, R.R.B., Hailu A., Doole G.J., Kragt M.E., Alene A.D. Examining the 

relationship between farm size and efficiency: a Bayesian directional distance function 

approach. In preparation for submission to Journal of Productivity Analysis or 

Agricultural Economics 

 

2.0 Abstract 

Achieving sustainable food security and increased farm income will depend on how 

efficient production systems are in converting available inputs to produce outputs. Using 

data from Malawi, we estimate a Bayesian directional distance function to examine the 

relationship between farm-size and technical efficiency. Our results support the existence 

of an inverse relationship between farm-size and efficiency, where small farms are more 

efficient than large farms. On average, farms exhibit inefficiency levels of 69% or higher, 

suggesting that productivity could be improved substantially. Improving productive 

efficiency and food security will require farms to operate in ways where the size of 

cultivated area is matched by non-land production inputs such as labour, fertiliser and 

improved seeds. The results highlight the need for policies to incentivise farmers to 

allocate excess land to alternative uses, such as sustainable land management activities 

(e.g. conservation programs) and land-lease markets. 

Key words: farm-size and productivity, technical efficiency, Africa, parametric distance 

function   
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2.1 Introduction 

In a world that is facing increasing demand for food, it is imperative that cropping plans 

are optimised, for example, by balancing operated farm-area and resource availability 

(Erenstein 2006; Marongwe et al. 2011). Potentially, efficient land allocation could lead 

to improved household food security and increased farm income, but could also help to 

achieve sustainable land management objectives (Vanlauwe et al. 2014; Ortega et al. 

2016). Recently, advocacy for sustainable agricultural intensification (SAI) is rising 

across the globe (Pannell  et al. 2014; Tittonell 2014; Vanlauwe et al. 2014). Sustainable 

intensification, in part, includes the scaling down of land extensification, which involves 

spatial land expansion for crop production. Arguably, food security achieved through land 

extensification can often be unsustainable because the practice could lead to 

environmental degradation (Jones et al. 2014). Unfortunately, there are still parts of Sub-

Saharan Africa (SSA) where land extensification is considered as a strategy for achieving 

food security (Erenstein 2006; Marongwe et al. 2011; Vanlauwe et al. 2014) 

 

Typically, land extensification increases the size of the total cultivated area or land 

fragments. However, such extensification may not be supported by other essential inputs, 

such as inorganic fertilisers. For example, studies evaluating the intensity of fertiliser use 

in SSA show that fertiliser application rates are low and inconsistent with agronomic 

recommendations (Jayne et al. 2003; Mafongoya et al. 2007; Vanlauwe et al. 2014). The 

annual average intensity of fertiliser use is estimated to be only nine kg/ha in Africa, 

compared to 86 kg/ha in Latin America or over 100 kg/ha in Asia (Crawford  et al. 2006). 

As a result of poor resource allocation, particularly chemical fertilisers, the problem of 

low crop productivity in SSA remains a serious concern among farmers, researchers, 

policy makers, and development agencies (Vanlauwe  et al. 2014; Ortega et al. 2016). 
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One could potentially improve crop productivity and food security through managing 

more reasonable farm sizes. Since farmers can easily decide what size of land to operate 

for a given level of non-land resources, it is important to examine the optimal farm-size 

structure as a potential strategy towards achieving household food security.  

 

Previous studies have investigated the farm size-efficiency relationship to justify land 

reforms or to support other targeted public policies, such as provision of farm loans and 

irrigation programs (Adesina and Djato 1996; Townsend et al. 1998; Barrett et al. 2010). 

However, research evidence is still inconclusive about the presence or absence of an 

inverse-relationship between farm-size and efficiency (Kalaitzandonakes et al. 1992; 

Townsend et al. 1998; Dorward 1999; Hazarika and Alwang 2003; Helfand and Levine 

2004; Barrett et al. 2010; Carletto et al. 2013). Inappropriate analytical methods and 

measurement errors are partly responsible for the inconsistent results in the literature 

(Kalaitzandonakes et al. 1992; Binswanger et al. 1995; van Zyl et al. 1995; Carletto et al. 

2013). Previous research approaches test the inverse-relationship between farm-size and 

efficiency using partial measures of productivity, usually regressing output per unit of 

area (e.g. yield, revenue or profit per hectare) on the farm-size variable (Heltberg 1998; 

Dorward 1999; Barrett et al. 2010; Carletto et al. 2013). For instance, Heltberg (1998) 

and Dorward (1999) used a standard (non-frontier) ordinary least squares (OLS) model 

to regress net value of output per hectare against land holding size. Using this approach, 

Heltberg (1998) confirmed the existence of an inverse relationship for Pakistani farms, 

but Dorward (1999) could not establish evidence for a similar relationship in the case of 

Malawian farms. In a recent study, Carletto et al. (2013) applied a similar non-frontier 

log-log model to data from Uganda. The findings from this study reinforced the inverse 

size-productivity relationship. 
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The conclusions drawn from previous non-frontier approaches may be confounded in two 

important ways. First, the true or effective value of labour and land required for the 

computation of net partial productivity measures may be distorted by missing factor 

markets or other types of market imperfections prevalent in most developing countries 

(Janvry et al. 1991; Heltberg 1998; Berkhout et al. 2010; Carletto et al. 2013). Second, 

the estimation procedures that use standard production functions do not account for 

inefficiencies inherent in most of the production units; yet, there is ample research 

evidence that most agricultural production systems are not fully efficient (Bravo-Ureta 

and Pinheiro 1993; Thiam et al. 2001; Karagiannis et al. 2003; Karagiannis and Sarris 

2005; Bravo-Ureta et al. 2007).  

 

An alternative to the classical approach is to use frontier-based methods that account for 

productive inefficiencies. For example, Townsend et al. (1998) used data envelopment 

analysis (DEA) to investigate the size-efficiency relationship among South African wine 

producers. This study established a weak and inconsistent relationship between farm-size 

and efficiency. In another study, Hazarika and Alwang (2003) estimated a Cobb-Douglas 

stochastic cost function in their analysis of a sample of Malawian tobacco farms and 

concluded that larger farms are more cost efficient than smaller ones. In a related study, 

Helfand and Levine (2004) used the DEA approach to study the Brazilian agricultural 

sector and reported an inverted-U relationship, suggesting that medium-sized farms are 

the most productive. On the other hand, in their application of a stochastic frontier model 

among a sample of Greek tobacco growers Karagiannis and Sarris (2005) could not 

establish a concrete relationship between farm size and efficiency. These disparities on 

the size-efficiency relationship are not surprising because different studies use different 

approaches, target different commodities and focus on different regions.  
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The objective of the present study is to examine the relationship between farm-size and 

productive efficiency in the context of Malawian smallholder farmers. Malawi is an 

interesting case study for a number of reasons. First, Malawi is one of the countries in 

Africa where the majority of the population rely on agriculture for their livelihood. 

Second, the country is characterised by rapid population growth and, as a result, it is 

experiencing acute pressure for arable land, particularly in the Southern and Eastern 

regions. Third, because of acute land pressure and low adoption of sustainable land 

management practices, among other factors, crop productivity has been declining over 

time. Accordingly, there is need for policy options to address low productivity and hence 

achieve food security and dietary diversity. Empirically determining which farm-size 

category is optimal to operate could better guide land-use decisions and policies regarding 

effective acreage allocation among farmers. For example, if small farms are more 

efficient, then low-resourced farmers who own excess land could be encouraged to 

operate reasonable sizes. Where land markets exist, excess land could be leased-out at a 

fee. Alternatively, excess and marginal land could be targeted for biodiversity 

conservation schemes or sustainable intensification programs, where conservation 

markets (green payment schemes) already exist or if they could emerge (Ferraro and Kiss 

2002; Pascual and Perrings 2007; Sipiläinen and Huhtala 2013).  

 

This paper makes two contributions to the literature. First, we demonstrate the application 

of a Bayesian directional distance function to test the inverse-productivity relationship. 

This approach is yet to be applied to examine the inverse-productivity hypothesis, yet the 

method is convenient for at least two reasons. First, the Bayesian directional distance 

function technique is an explicit representation of multiple-input and multiple-output 

production technologies (Van den Broeck et al. 1994; Chambers et al. 1996; Färe and 

Grosskopf 2000; O’Donnell and Coelli 2005). As a multiple output model, the distance 
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function technique is an appropriate representation of non-specialised households which 

simultaneously produce two or more crops (Coelli and Fleming 2004; Karagiannis et al. 

2004; Rahman 2009). Second, the distance function technique is a primal approach that 

neither requires price information on inputs and outputs, nor the postulation of any 

behavioural assumption, such as cost minimisation and revenue/profit maximisation 

(Grosskopf et al. 1995; Coelli and Fleming 2004; Rahman 2009; Feng and Serletis 2010).  

 

Our second contribution is that we impose theoretical consistency within the Bayesian 

estimation framework (Van den Broeck et al. 1994; O’Donnell and Coelli 2005), contrary 

to most empirical studies that ignore or assume a priori that these conditions hold. 

Clearly, empirical results obtained from a production technology that fails to satisfy the 

regularity conditions, such as monotonicity and quasi-concavity, could lead to invalid 

conclusions and biased policy recommendations (Sauer et al. 2006; Henningsen and 

Henning 2009; Feng and Serletis 2010). Besides the ease of imposing regularity 

conditions, the Bayesian approach offers a number of advantages over the classical 

stochastic frontier technique, some of the notable ones being: 1) flexibility to explicitly 

incorporate prior knowledge and non-sample information into the estimation process; 2) 

ensuring precise small-sample inference on parameter estimates for most of the 

estimation problems; and 3) quantifying parametric uncertainty by estimating probability 

distributions for each of the parameters of interest.  

 

The rest of the paper is organised as follows. In the next section, we provide the analytical 

framework and steps followed in the empirical estimation of the Bayesian directional 

distance function. This is followed by a brief description of the data and discussion of 

empirical results. Finally, conclusions and policy implications are presented. 
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2.2 Analytical framework and empirical methods 

2.2.1 Analytical framework 

The productive efficiency of a farm is determined by comparing its inputs and outputs 

against the boundaries of the technology set or the best-practice frontier. Consider a farm 

or decision making unit that uses a vector of inputs , to produce a vector of outputs 

. Let the production technology set be defined in general terms as: 

{( , ) : , ;    } (1)N MT x y x y x can produce y     

The directional technology distance function ( , ; , )T x yD x y g g , which is dual to the profit 

function, is a complete representation of the production technology (Chambers et al. 

1996; Färe and Grosskopf 2000; Färe and Grosskopf 2004). We assume that T  is a 

convex and closed set that satisfies free disposability of inputs and outputs (Chambers et 

al. 1996; Färe and Grosskopf 2000; Fare and Primont 2006). Further properties of the 

directional technology distance function are: 1) directional distance function is non-

decreasing in inputs and non-increasing in outputs; 2) it is concave in inputs and outputs, 

and is of homogenous degree minus one in the translation vector g , where  ,x yg g g 

is the directional vector used to scale-down inputs and scale-up outputs; and 3) satisfies 

the translation property. Given the directional vector  ,x yg g g  , then the directional 

distance function is defined as: 

 ( , ; , ) sup , (2)T x y x yD x y g g x g y g T       

Equation (2) shows a directional distance function that simultaneously seeks to contract 

inputs in the xg g direction and expand outputs in the yg g direction. Thus, the 

directional distance function measures the amount that one can translate inputs 

Nx 

My 
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(contraction) and outputs (expansion) to the technology frontier. In other words, 

estimating the directional distance function helps to determine a firm’s potential for cost 

(input) reduction and revenue (output) expansion, which is dual to profit maximisation 

(Färe and Grosskopf 2004). Accordingly, the positive distance from any point below the 

frontier gives the actual measure of inefficiency associated with a particular firm 

producing at that point, and hence, the directional distance function measure of technical 

inefficiency is given as: ( , ; , )T x yTI D x y g g  . 

2.2.2 Empirical estimation 

There are two popular methods that have been used to estimate distance functions. The 

first approach is a non-parametric or set representation called data envelopment analysis 

(DEA). The main advantage of the DEA approach is that it does not impose a functional 

form on the data. However, DEA is not differentiable and therefore it is difficult to derive 

shadow prices from its estimates. In addition, DEA results are sensitive to data noise 

(outliers), which may affect the accuracy of the estimates. The second technique is the 

parametric approach, which can be estimated in two main ways: 1) as a deterministic 

function and using mathematical programming techniques (e.g. Färe et al. 2006; Hailu 

and Chambers 2012); and 2) as a stochastic function using either maximum likelihood 

procedures (e.g. Coelli and Perelman 1999; 2000; Karagiannis et al. 2004; Rahman 2009) 

or Bayesian inference (e.g. O’Donnell 2002; O’Donnell and Coelli 2005; Hailu and 

Chambers 2012). We adopt the parametric approach because such methods allow for 

statistical testing of hypotheses. In addition, this approach provides coefficient estimates 

and elasticities, which can aid further economic interpretations and policy conclusions. 

For example, by examining the estimated elasticity measures, one can explore the 

possibility of resource substitution or complementarity for a given production system 

(Khataza  et al. 2017). 
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Within the statistical methods available, the Bayesian method of inference is preferred 

here because, with this method, it is easy to impose regularity conditions implied by 

economic theory. Further, the Bayesian approach allows one to formally incorporate prior 

non-sample information into the estimation process, and the approach yields precise 

small-sample estimates.  

 

The directional distance function in Equation (2) can be estimated using any suitable 

functional form. However, according to Färe et al. (2010) and Färe and Vardanyan 

(2016), the quadratic functional form is convenient because it is the only flexible form 

that allows for the global imposition of the translation property. One of the criticisms of 

using the directional distance function is the lack of clarity on the choice and the economic 

interpretation of directional vectors, which are used to project the observed input-output 

mix to the frontier (Sipiläinen and Huhtala 2013; Färe et al. 2017; Wang et al. 2017). 

Accordingly, we use a unitary directional vector, with positive elements for outputs and 

negative elements for inputs i.e.  , ; 1,1x yg g g  . Since the data are deflated by mean 

values, the use of the unitary directional vector makes interpretation clearer in the sense 

that efficiency measures can be directly interpreted as proportions of sample mean values 

(Färe et al. 2001; Färe and Grosskopf 2004). The use of  , ; 1,1x yg g g   when the data 

is mean-scaled is equivalent to using average values of inputs and outputs as directions 

for the translation (Färe and Grosskopf 2004; Khataza et al. 2017). The quadratic 

directional distance function is specified as follows:  
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where my  is the production output represented by aggregate value of gross energy and 

gross protein; nx  is a vector of inputs and   is a vector of coefficient parameters of the 

distance function and is assumed to be normally distributed. The nonnegative inefficiency 

term (u) is assumed to be exponentially distributed, while the random error term (v) is 

assumed to be normally distributed as 
2~ (0, )i vv N  .  

 

Implementing Equation (3) in the Bayesian framework involves four steps (Judge et al. 

1985; Griffiths 1988; O’Donnell 2002):  

1) specification of prior probability density function, which quantifies the 

uncertainty associated with values of the unknown parameters of the directional 

distance function  p  , where ( , , )u v  ;  

2) construction of the likelihood function that summarises information about 

parameters contained in the sample ( )L Y  , where Y  represents observed sample 

information;  

3) derivation of the joint posterior density function that combines prior information 

and sample information through the Bayes’ Theorem 

( ) ( )( ( ) ( ) ( )( ( )p Y p L Y p Y p L Y      ; and  

4) summarising marginal posterior density functions for the estimated parameters.  
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We use uninformative priors so that the prior density function has little or no influence 

on the shape of the posterior density function. Let the precision parameter h  be 

represented by a reciprocal of the prior variance given as 
2 1( )h   . The precision 

parameter is assumed to be gamma distributed, with shape and scale parameters set such 

that the prior is uninformative. Following Van den Broeck et al. (1994) and Hailu and 

Chambers (2012), we assume that the inefficiency term ( u ) follows an exponential 

distribution with a scale parameter  . The exponential distribution is a common choice 

among Bayesian efficiency studies, mainly because it is less sensitive to prior 

assumptions (Van den Broeck et al. 1994; Kleit and Terrell 2001; Feng and Serletis 2010). 

For firm-specific inefficiencies, we define exp( )u  , where   represents mean 

inefficiency with a gamma distribution as follows: 
1 1( | ) ( |1, )i G ip u f u   . 

Numerically, a gamma distribution with shape parameter one implies exponential 

distribution. 

 

Equation (3) is estimated in R using the BUGS program (Gilks et al. 1994; Spiegelhalter 

et al. 1996) to undertake steps 2 to 4 in the Bayesian estimation, and the APEAR package 

(Hailu 2013) was used to prepare data for the estimation and to retrieve and summarise 

results. Regularity conditions are imposed such that the estimated parameters of the 

directional distance function are theoretically consistent as follows: 1) representation, 

which signifies the technical feasibility of the observed input-output mix and to show the 

absence/presence of inefficiency or ( , ; , ) 0T y xD y x g g  ; 2) monotonicity for outputs and 

inputs or 0;  0T TD y D x      ; symmetry or  ij ji i j    ; and 3) translation or 

1; 0 ; 0 n m nn nm mn mm

n m n m

n m        

  

               . We set 50,000 

iterations as a burn-in period and the posterior density simulations were monitored 
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through two chains, each with a length of 200,000. Thinning was conducted at every 10th 

random draw to reduce autocorrelation in the chains. Model convergence was checked 

using the Gelman-Rubin diagnostic test and Monte Carlo error (Brooks and Gelman 

1998). 

 

2.2.3 Data and variable description 

The data for our study comes from a household survey conducted under the Tropical 

Legume II project (TLII) (Tsedeke 2009; Monyo and Laxmipathi 2014). The TLII project 

was jointly implemented by the International Crops Research Institute for the Semi-Arid 

Tropics (ICRISAT), the International Center for Tropical Agriculture (CIAT) and the 

International Institute of Tropical Agriculture (IITA) in close collaboration with partners 

in the National Agricultural Research Systems (Monyo and Laxmipathi 2014). In Malawi, 

the TLII survey was conducted in two districts of Lilongwe and Dowa, which were 

selected to provide baseline information for legume breeding activities. This survey 

provides a rich data set consisting of more than ten food crops commonly cultivated in 

Malawi. A total of 300 farming households were randomly selected to participate in the 

survey. Our sample constitutes 278 households that produced a total of thirteen food crops 

as follows: one cereal crop (maize); six legumes (bambara nuts, beans, cowpea, 

groundnuts, soybean and pigeon pea); three root and tuber crops (cassava, potato and 

sweet potato), and three other horticultural crops (tomato, onion and cabbage). These are 

the major food crops commonly cultivated by most of the smallholder farmers in the study 

area, and across the country. From a nutrition point of view, a more diversified 

agricultural and food production system may help to improve dietary quality for the 

producer-consumer households. This is especially true in Malawi and across Africa where 



The Economics of SAI Technologies in Malawi 

31 

 

smallholder farmers are subsistence oriented and thus, consume a substantial amount of 

own-produced food (Berkhout et al. 2010; Jones et al. 2014; Koppmair et al. 2017).  

 

Table 2.1 summarises the data. The data are disaggregated by farm-size classes based on 

a criterion suggested by Dorward (1999). In this classification, farms are considered to be 

small, medium and large if the operated area is under one hectare, between one and two 

hectares, and over two hectares, respectively. Based on this classification, 49.3% of farms 

are medium-sized, while the rest are large farms (26.3%) and small farms (24.5%). The 

results show that the average supply of calorie-dense macro-nutrients was much higher 

than the average value for the protein.
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Table 2.1 Variable description and summary statistics for inputs and outputs used in distance function estimation. 

Variable Description 

Small farms 

(<1ha; n=68) 

 

 

Medium-size farms 

(1-2ha; n=137) 

 

 

Large farms 

(>2ha; n=73) 

 

 

All farms (n=278) 

Mean Range  Mean Range  Mean Range  Mean Range 

y1 

Gross energy supply 

(kilocalories) 

25,874 

(25,484) 

0 – 136,805 

 

 

39,020 

(27,723) 

0 – 186,543 

 

 

62,834 

(41,180) 

0 –183,509 

 

 

42,058 

(34,027) 

0 – 186,543 

 

y2 Gross protein supply (grams) 

1,033 

(892) 

0 – 4,488 

 

 

1,552 

(1,108) 

0 – 6,675 

 

 

2,421 

(1,578) 

0 – 6,586 

 

 

1,653 

(1,303) 

0 – 6,675 

 

x1 

Cultivated area under food 

crops (ha)  

0.72 

(0.27) 

0.30 –1.90 

 

 

1.29 

(0.31) 

0.50 – 2.20 

 

 

2.18 

(0.63) 

0.70 – 3.86 

 

 

1.38 

(0.67) 

0.30 – 3.86 

 

x2 Fertiliser (kg) 

60 

(72) 

0 – 453 

 
 

71 

(65) 

0 – 400 

 
 

96 

(92) 

0 – 400 

 
 

75 

(76) 

0 – 453 

 

x3 Labour (person-days) 

136 

(82) 

28 – 510 

 
 

208 

(114) 

42 – 636 

 
 

285 

(178) 

62 – 1,167 

 
 

210 

(138) 

28 – 1,167 

 

x4 

Other inputs (implicit quantity 

index)  

177 

(327) 

1 – 1,558 

 
 

624 

(1,024) 

1 – 5,552 

 
 

1,401 

(2,423) 

1 – 10,191 

 
 

719 

(1505) 

1 – 10,191 

 

Note: standard deviations in parentheses 
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The analysis uses two outputs and four inputs. The two outputs are used to represent 

potential food supply by aggregating macro nutrients derived from a total of thirteen food 

crops produced by a household. Notwithstanding the limitation that different farms could 

produce different crop varieties which may vary in terms of nutritional content3, our 

aggregation procedure is theoretically consistent because it is based on a common metric, 

which is represented by the nutrition value of food. The crop outputs are converted to 

gross energy equivalent (kilocalories) and gross protein equivalent (grams) using nutrient 

content of the thirteen food crops, as presented in Appendix (Table 2.A1). The 

aggregation is done because the two macro-nutrients provide a convenient measure of 

food supply and, thus, could be used to reveal food allocative efficiency (Berkhout et al. 

2010). Evidently, nutrition is one of the criteria that producer-consumer (subsistence) 

households seek to satisfy when choosing their crop-mix and the type of food they 

consume (Huang 1996; Beatty 2007; Berkhout et al. 2010; Ortega et al. 2016). From a 

statistical perspective, this aggregation procedure helps to reduce the dimensionality of 

the multiple outputs; from 13 crops to two crop-derived outputs, which is computationally 

a reasonable number to work with. Furthermore, the conversion helps to circumvent the 

problem of zero output resulting from non-production or severe pre-harvest loss 

experienced on certain farms. 

 

Small-scale crop production in Malawi is not capital intensive because the majority of 

smallholder farmers do not own or hire extensive physical capital (such as tractors) to 

carry out farm operations. Typically, the inputs used in smallholder crop production are: 

1) amount of cultivated area under food crops, measured in hectares; 2) fertiliser use in 

kilograms; 3) amount of family labour expressed in person-days; and 4) other inputs 

                                                           
3 The limitation is that the conversion factors are only available for specific crops but these 

factors do not distinguish the food content among crop varieties. 
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represented by an aggregate implicit quantity comprising purchased seeds and non-

fertiliser chemicals (i.e. herbicides and pesticides). These four production inputs are 

included in the estimation of the directional distance function. The implicit input-quantity 

variable is constructed using a multilateral Tornqvist index, where each variable 

contribution is deflated by a weighted price index of expenditure share and the 

corresponding natural logarithm of inputs (Caves et al. 1982).4 

2.3 Results and discussion 

The coefficient estimates for the Bayesian direction distance function are presented in 

Table 2.2. As expected, the estimates have positive first-order coefficients for inputs and 

negative first-order coefficients for outputs, implying that monotonicity conditions are 

satisfied (Hajargasht et al. 2008; Feng and Serletis 2010). The highest posterior density 

intervals (HPDIs) for all first order coefficients are either on the left-side of zero (for 

outputs) or on the right-side of zero (for inputs). Since our data was mean-scaled prior to 

model estimation, these coefficients can be interpreted as elasticities evaluated at the 

mean of the sample (Hajargasht et al. 2008; Khataza et al. 2017). For example, the mean 

elasticities ( )T iD x  , with respect to land, fertiliser and labour are 0.32, 0.20 and 0.18, 

respectively. The productivity effect of material inputs (an index of seed and non-fertiliser 

chemicals) was the lowest (0.05), relative to the other three inputs. The positive (negative) 

input (output) elasticities in the directional distance function imply that technical 

inefficiency increases with the level of input use (Hajargasht et al. 2008; Feng and Serletis 

2010). That is, increasing the input bundle required to produce a fixed amount of crop 

output could increase the distance to the frontier. Conversely, the negative output 

                                                           
4 The translog multilateral output (input) index for the kth farm is given by: 

  ln 0.5 ln lnk k

k i i i i

i

R R q q    , where R represents revenue (expenditure) share for the ith 

commodity (input) and q is the corresponding output (input) quantity. 
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elasticities indicate that, given a set of inputs, producing more output reduces technical 

inefficiency. 

Table 2.2 Estimates of the Bayesian directional distance function 

Parameter Notation Mean SD 
HPDI HPDI 

2.5% 2.5% 

Intercept 0
  0.000 0.018 -0.039 0.032 

1y  1
  -0.113 0.030 -0.184 -0.067 

2y  2
  -0.148 0.033 -0.195 -0.067 

1x  3
  0.321 0.035 0.253 0.397 

2x  4
  0.199 0.016 0.163 0.226 

3x  5
  0.175 0.041 0.111 0.272 

4x  6
  0.045 0.010 0.028 0.068 

2

1y  11
  -1.1E-08 0.000 -9.2E-08 -1.2E-12 

1y 2y  12
  2.9E-07 0.000 -1.2E-05 1.6E-05 

1y 1x  13
  1.1E-06 0.000 -2.7E-05 4.2E-05 

1y 2x  14
  -6.8E-08 0.000 -2.6E-05 2.7E-05 

1y 3x  15
  -7.5E-07 0.000 -3.7E-05 2.8E-05 

1y 4x  16
  -2.5E-08 0.000 -4.8E-06 4.7E-06 

2

2y  22
  -0.001 0.003 -0.010 -9.1E-08 

2y 1x  23
  -0.002 0.005 -0.018 0.002 

2y 2x  24
  -1.2E-04 0.003 -0.008 0.007 

2y 3x  25
  4.2E-04 0.004 -0.006 0.012 

2y 4x  26
  1.0E-05 0.001 -0.002 0.002 

2

1x  33
  -0.011 0.021 -0.081 -1.4E-05 

1x 2x  34
  0.003 0.011 -0.015 0.037 

1x 3x  35
  0.006 0.013 -0.008 0.046 

1x 4x  36
  0.001 0.002 -0.003 0.007 

2

2x  44
  -0.029 0.007 -0.038 -0.010 

2x 3x  45
  0.027 0.011 -0.002 0.042 

2x 4x  46
  -0.001 0.003 -0.007 0.004 

2

3x  55
  -0.036 0.014 -0.069 -0.007 

3x 4x  56
  0.004 0.003 -0.004 0.010 
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2

4x  66
  -0.003 0.001 -0.005 -0.001 

Gamma 
2 2 2( )u u v      0.955 0.015 0.920 0.978 

Note: HPDI =Highest posterior density interval  
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2.3.1 Technical efficiency estimates 

Table 2.3 presents a summary of the directional distance function measure of technical 

inefficiency. The distance-estimate serves as a measure of firm-specific technical 

inefficiency in the sample. The overall mean technical inefficiency (TI) is estimated at 

0.69. Given that we used unit directional vectors ( , ; 1,1)x yg g g  , the estimated 

inefficiency score can be interpreted as a simultaneous potential decrease in inputs and 

increase in outputs that can be achieved; all measured in terms of sample mean input and 

output values. The estimated inefficiency score of 0.69 implies that, if all farms became 

technically efficient, the average improvement would be equivalent to each farm 

simultaneously achieving input reduction and output expansion equivalent to, 

respectively, 69% of the sample mean input and output levels reported in Table 2.1. This 

productivity gain could be achieved entirely through internal farm re-organisation or 

improved management while using the same amounts and quality of resources. In terms 

of scale efficiency, the estimates of the returns to scale (RTS) do not differ across the 

three farm size categories. It is observed that all farm categories are scale inefficient 

because they are operating at increasing rate of return (i.e. RTS>1). 

 

Table 2.3 Estimated measures of technical inefficiency across farm size classes 

 Farm size category Mean TI TI Range RTS Gini index 

Small (n = 68) 0.42 0 – 1.83 3.29 0.35 

Medium (n = 137) 0.66 0.03 – 1.92 2.94 0.28 

Large (n = 73) 0.99 0.04 – 2.97 3.55 0.30 

Pooled (n = 278) 0.69 0 – 2.97 3.18 0.34 

Note: TI = Technical inefficiency; RTS = Returns to scale 
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Our findings are comparable to other studies analysing the performance of smallholder 

agricultural production systems in Africa, although few studies have used directional 

distance function and Bayesian approaches. For example, Khataza et al. (2017) used a 

directional input distance function approach and reported mean technical inefficiency of 

0.52 for a sample of the Malawian integrated maize-legume production system. For a 

sample of vegetable growers in Benin, Singbo et al. (2014) applied a directional distance 

function and reported marketing inefficiency of 0.25. Our inefficiency estimates, which 

relate to macronutrient outputs and conventional inputs, are relatively close to the 

Malawian study but are higher than the inefficiencies reported for Benin (Singbo et al. 

2014). Given such levels of productive inefficiencies, it is clear from these studies that 

expansion of food production is feasible in Malawi and other African states. Therefore, 

maximising production efficiency is important to meet the demand for food in the region.  

 

We now explore the relationship between farm-size and efficiency. The results presented 

in Table 2.3 and Appendix 2.A1 show that, on average, small farms tend to be more 

technically efficient (0.42) compared to medium farms (0.66) and large farms (0.99). Due 

to productive inefficiencies, the observed input (output) mix for an average small farm is 

42% higher (lower) than the most technically efficient quantities. Similarly, the 

productivity gap for an average farm representing the large-sized category is 99% higher 

than the optimal input use, while output is 99% lower than what could have been realised 

if the firm operated efficiently. To examine whether the inter-class efficiency scores are 

statistically different among the three farm-size classes, we use the nonparametric 

Kruskal-Wallis test,5 as an alternative to the analysis of variance (ANOVA) test. The 

                                                           
5 The Kruskal-Wallis test was adopted after rejecting the null hypothesis that our efficiency-score variable 

is normally distributed. Based on the test statistics for the Shapiro-Wilk test ( 2 52  ) and 

Skewness/Kurtosis test ( 6.41z  ), the normality assumption was rejected (p<0.001). 
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ANOVA test is suitable for examining the equality of means for more than two groups. 

This test, however, requires that the normality assumption on the dependent variable 

(efficiency scores) is satisfied, which in our case is not met. Based on the Kruskal-Wallis 

test results, we conclude that the level of efficiency tends to differ across these classes (

=59.69, p<0.001). These results support the existence of an inverse relationship 

between farm-size and efficiency. 

 

We also adopt the concepts of the Gini coefficient (concentration index) and Lorenz curve 

to examine differences in the distribution of inefficiency across farm classes. This 

approach has many benefits, including scale invariance. This property makes the Gini-

index suitable for measuring monetary and non-monetary inequalities, such as 

inefficiency distributions (Allison 1978; Dervaux et al. 2004; Jacobson et al. 2005). The 

Lorenz curve summarises inequality in such a way that the curve would lie along the 45o 

diagonal line through the origin, if the estimated inefficiency measures were equal for all 

farms in a given subclass; otherwise, the curve tilts outwards as the size of the individual 

inefficiencies tend to be unequal. The Gini coefficient for a random inefficiency sample 

( e ) of size n is calculated as  
1

2ˆ 2 i j
i j

G n e e e


    (Allison 1978; Jacobson et al. 2005). 

Typically, the index ranges between zero and one; where a value of zero indicates perfect 

equality of observations, and the index approaches unity when observations differ 

extremely. This information can be used to analyse the contribution of separate firms to 

the total industry efficiency, given that efficiency scores derived from the directional 

distance function can be consistently aggregated into a measure of industry efficiency 

(Färe and Grosskopf 2004; Hailu and Chambers 2012). The Lorenz curves comparing the 

level of efficiency among small, medium and large farms are presented in Figure 2.1. 

 

2
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Figure 2.1 Lorenz curves showing inefficiency distributions across the three farm size categories 

 

Since the three curves do not intersect, we can conclude that the Gini-index associated 

with each curve gives unambiguous ranking of inequality among the three farm size 

categories. As can be noted in Figure 2.1, the inefficiency measure appears to be 

moderately concentrated in all the three farm classes. However, the intensity of dispersion 

(spread) varies across these farm categories and is highest under small farms with a Gini 

coefficient of 0.35, followed by large farms (0.30) and medium farms (0.28). From the 

Lorenz curves, we note that the bottom 30%, middle 60% and top 10% of the small farms 

account for 11%, 65% and 24% of the total within-group inefficiency, respectively. On 

the other hand, the bottom 30% and the top 10% of the farms in the medium-sized group 

account for 14% and 20% of the total within-group inefficiency, respectively. Similarly, 

for large farms, the bottom 30% of the farms accounts for 12% of the total inefficiency, 

whereas the middle 60% accounts for 67% of the total inefficiency. These results provide 
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further evidence that the majority of the large farms under-utilize available resources per 

unit of realised output. It is likely that small farms carefully match available household 

resources, such as labour and financial capital, with the size of the farms that they operate. 

For example, farmers’ reliance on manpower and traditional farm equipment (such as 

hand hoe or ox-drawn ploughs) for all critical farm operations could be a major source of 

drudgery, as the size of the operated area increases considerably. In view of this, 

landowners could improve their productive efficiency by operating reasonable farm-sizes 

while renting out surplus land or enlisting excess land to conservation programs (green 

payment schemes), where such markets exist.  

 

2.4 Conclusions and policy implications 

This paper examined the relationship between farm-size and efficiency in the context of 

a developing country, where the challenges posed by declining soil fertility are 

significant. A Bayesian directional distance function was used to investigate the size-

efficiency relationship in the context of Malawian production systems. The study 

provides evidence of technical inefficiency and these inefficiencies are potentially 

associated with farm management decisions such as the size of operated area, given as 

the total area allocated to food crop cultivation in a season. Following the evidence that 

smaller farms are more efficient than larger ones, it is important that resource-poor 

farmers operate farm-sizes that better match the level of their resource endowment. The 

majority of smallholder farmers depend on manpower and often do not have adequate 

financial resources to purchase sufficient non-land inputs such as fertiliser and improved 

seeds that are needed to support larger scale operations. Thus, extension advisors should 

encourage farmers to operate reasonable farm-sizes which are consistent with available 

complementary resources. 
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Given that large farms are shown to be the most inefficient, these farmers may benefit 

more if conservation and lease markets exist or could emerge. Where land markets are 

functional, any excess or uncultivated land is likely to be exchanged at commercially 

attractive rates. However, the current customary land rights common in SSA prevent 

farmers from operating efficient farm size structures and limit long-term sustainable land-

care investments (Vanlauwe et al. 2014). A possible policy option would be to facilitate 

land-lease markets, through instruments such as land certification (titling) and tenancy 

contracts (Benin et al. 2005; Holden et al. 2009). Setting up more effective land lease 

markets with clearly defined land-rights could provide a number of benefits such as 

incentivising landholders to adopt sustainable land-care and land-intensification 

strategies. Additionally, land markets could ensure that farmers have attractive land-

trading or land-leasing arrangements, and could thus, allocate surplus land to 

conservation programs or other farmers, in cases where land is not utilised intensively. 

Thus, the emergence of such market arrangements would incentivise farmers to operate 

more efficient farm sizes. 
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Appendix 2.0 

Table 2.A1:  Comparative energy and protein content of food crops produced by the 

sample households (per 100 g) 

Commodity Energy  (kcal) Protein  (g) 

Cassava tapioca 360.00 0.60 

Cereals general 331.00 11.90 

Common beans 291.00 23.60 

Fresh vegetables 19.00 1.90 

Groundnuts  598.00 29.00 

Maize  355.00 9.20 

Millet   378.00 11.00 

Peas  306.00 21.70 

Pulses  314.00 23.40 

Rice  332.00 6.70 

Roots  and tubers 104.00 1.30 

Sorghum  339.00 11.30 

Soybeans  416.00 36.50 

Source: FAO 2001 Food balance sheets: A handbook. Food and Agriculture Organization of the 

United Nations.  http://www.fao.org/docrep/w0078e/w0078e06.htm 

  http://www.wfp.org/fais/nutritional-reporting/food-composition-table 

 

 

Figure 2.A1. Relationship between technical inefficiency (TI) and farm-size 
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CHAPTER 3 

Estimating shadow price for symbiotic nitrogen and technical 

efficiency for legume-based conservation agriculture in Malawi  

 

This paper has been published as: 

Khataza, R.R.B, Hailu A., Kragt M.E., Doole G.J. (2017). Estimating shadow price for symbiotic 

nitrogen and technical efficiency for legume-based conservation agriculture in Malawi. 

Australian Journal of Agricultural and Resource Economics 61, 462–480.  

 

3.0 Abstract  

Determining the value of legumes as soil-fertility amendments can be challenging, yet 

this information is required to guide public policy and to incentivise prescribed land-

management practices such as conservation agriculture. We use a directional input 

distance function (DIDF) to estimate shadow prices for symbiotic nitrogen and the 

technical efficiency for mixed maize-legume production systems in Malawi. The shadow 

prices reflect the trade-off between fertiliser-nitrogen and symbiotic-nitrogen required to 

achieve a given quantity of output. Our results reveal considerable technical inefficiency 

in the production system. The estimated shadow prices vary across farms and are, on 

average, higher than the reference price for commercial nitrogen. The results suggest that 

it would be beneficial to redesign the current price-support programs that subsidise 

chemical fertilisers and indirectly crowd-out organic soil amendments such as legumes. 

 

Key words: Africa, biological nitrogen fixation, directional distance function, efficiency 

and productivity, sustainable agricultural intensification  
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3.1 Introduction 

Legumes are an important component of smallholder farming systems in sub-Saharan 

Africa (Sanginga, 2003; Giller et al. 2009). Besides crop outputs, legume-based cropping 

systems (henceforth LBCS) supply a variety of indirect benefits that are essential for 

sustainable agricultural intensification (Giller et al. 2009; Jensen et al. 2012; Preissel et 

al. 2015). For example, LBCS can help to suppress parasitic weeds and pest/disease 

incidence recurring from the use of monoculture. In addition to breaking the disease cycle 

and controlling weeds, LBCS maintain soil fertility through nutrient recycling and 

prevention of soil erosion (Giller et al. 2009; Preissel et al. 2015). Thus, the organic soil 

amendments supplied through LBCS can reduce the need, at least partly, for commercial 

fertiliser application and can hence lower farm investment costs (Pannell and Falconer, 

1988; Sanginga, 2003; Mafongoya et al. 2007). Furthermore, as part of a soil-nitrogen 

management plan, LBCS represent a cheap form of abatement to reduce nitrogen 

leachates associated with excessive fertiliser use (Jensen et al. 2012). However, the values 

of LBCS benefits, particularly the nutrient-recycling function, have not been adequately 

studied. This is partly because the nitrogen derived from legume-association is an 

intermediate resource which is neither directly observable nor traded in commodity 

markets, and thus difficult to value through direct market prices. Instead, valuing 

biological nitrogen derived from legume-based symbiotic fixation process (LBSF-N) 

requires the application of indirect methods, such as shadow pricing (Piot-Lepetit and 

Vermersch 1998; Reinhard et al. 1999; Färe et al. 2009). 

 

Valuing soil-fertility benefits can help ascertain the economic importance of LBCS, and 

justify the role of legumes in conservation agriculture and sustainable environmental 

management. Currently, legume intensification is being promoted in sub-Saharan Africa 
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as one of the strategies available under conservation agriculture (Giller et al. 2009; 

Thierfelder et al. 2013). For example, in Malawi, the Government has included legume 

seed as part of the targeted farm input support program. The farm-subsidy program 

promotes both chemical and biological (legumes) fertilisers. Coincidentally, the impact 

of conservation agriculture practices is not well researched in the case of Malawi and 

other African countries (Giller et al. 2009; Thierfelder et al. 2013). Therefore, accurate 

information on the economic benefits of LBSF-N will be useful for policy interventions 

that promote conservation agriculture across Africa. 

 

A few studies have attempted to value LBSF-N (Pannell and Falconer, 1988; Döbereiner, 

1997; Smil, 1999; Herridge et al. 2008; Chianu et al. 2011). Apart from Pannell and 

Falconer (1988) and Schilizzi and Pannell (2001) who use bio-economic modelling 

approaches to value LBSF-N, previous studies have mainly applied the replacement-cost 

method to estimate the value of LBSF-N (Smil, 1999; Herridge et al. 2008; Chianu et al. 

2011). The replacement-cost method is based on an assumption that the two alternative 

inputs being valued are perfectly substitutable; thus, the estimates arising from this 

method do not capture changes in the degree of input substitutability. We address this 

limitation by adopting an econometric approach, and use the ratio of marginal products 

to determine the degree of substitutability between a pair of inputs. In our approach, we 

apply the directional input distance function (DIDF) technique to estimate shadow prices 

for LBSF-N. The estimated shadow price reflects the trade-off between nitrogen from 

commercial fertilisers and LBSF-N, required to produce a given quantity of output. 

Accordingly, this shadow price represents the benefit of using LBSF-N as a production 

input. 
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The paper makes a contribution to the literature in two ways. First, we demonstrate the 

application of a DIDF to value the contribution of LBSF-N as a factor of production. To 

the best of our knowledge, this is the first study to apply DIDF to value LBSF-N. 

Although a non-frontier production function could be used to determine shadow prices, 

as in Barbier (1994) and Magnan et al. (2012), such an approach does not account for 

inefficiencies. Given the extent of inefficiency routinely reported in studies evaluating 

the performance of smallholder agriculture, it is more appropriate to use more general 

frameworks that allow for the estimation of both inefficiency and shadow prices. 

Compared to other frontier-based approaches, the DIDF represents a flexible technique 

that can derive an inefficiency measure that accounts for possible input reductions. With 

the DIDF, it is possible to set a uniform translation vector that evaluates the extent to 

which the technology can achieve input (cost) savings (Färe and Grosskopf 2004; Färe et 

al. 2009; Hailu and Chambers, 2012). A key advantage of such an approach is that the set 

of individual firm’s inefficiencies can be compared across farms and summed into an 

aggregate measure of industry inefficiency (Färe and Grosskopf 2004; Färe et al. 2008; 

Färe et al. 2009; Hailu and Chambers, 2012). An alternative distance function 

specification is the radial approach, where the directional-vector for input contraction or 

output expansion is data-driven (dictated by the input or output mix for each observation) 

and therefore unknown to the analyst (Färe et al. 2008; Hailu and Chambers, 2012). 

Radial input (output) distance function values reflect the highest (lowest) possible 

proportionate reduction in inputs (outputs) and thus provide only relative measures of 

inefficiency (Hailu and Veeman, 2000). Further, the DIDF, like its radial distance 

function counterpart, can be used to represent multi-input, multi-output production 

technologies (Hailu and Veeman, 2000). Our second contribution is on the application of 

a bootstrapping technique, within the DIDF method, to test the robustness of the estimates 

(Canty, 2002; Canty and Ripley, 2015). By using the bootstrapping technique, we are able 
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to get a sense of the variability surrounding shadow price and technical efficiency 

estimates.  

 

The rest of the paper is organised as follows. In the next section we present a theoretical 

representation of the DIDF, followed by empirical estimation procedures presented in 

Section 3.3. We describe the study site and data in Section 3.4. Finally, empirical results 

are discussed in Section 3.5 and conclusions are presented in Section 3.6. 

 

3.2 Theoretical model 

The productive efficiency of a firm is determined by comparing its inputs and outputs 

against the boundaries of the best-practice frontier. A firm’s measure of inefficiency is 

given by how far that firm is from the frontier boundary. Denote production inputs by 

 1 2, ,....., N

Nx x x x    and outputs by  1 2, ,....., M

My y y y   . Then a production 

technology, which maps out all feasible input-output combinations, can be defined as an 

input requirement set  ( ) :    L y x x can produce y .  

 

Directional or radial input (or output) distance functions provide alternative avenues for 

modelling the production technology. We adopt an input directional technology distance 

function, which is dual to the cost function and, therefore, is convenient for modelling 

input substitution possibilities. The directional input distance function 

 ( , ;  ) : ( , ) ( )sup xxDIDF x y g x g y L y


    , represents the technology and helps to 

measure a firm’s level of inefficiency. The vector, ( )N

xg g  , is the translation metric 

which maps the directions in which inputs are scaled. Thus, the translation vector seeks 
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to achieve input contraction in the xg -direction. For any firm on the frontier boundary, 

( , ; ) 0xDIDF x y g  , indicating that it is technically infeasible to translate the input bundle 

in any direction. Conversely, any firm below the technology frontier has a positive 

distance value, ( , ; ) 0xDIDF x y g  , such that the observed input bundle can be translated 

in the direction given by ( )xg g . 

 

The DIDF inherits the standard properties imposed on the production technology ( )L y

(Chambers et al. 1996; Färe et al. 2008). We assume that ( )L y  is a closed, convex, 

nonempty set with inputs and outputs freely disposable (Färe et al. 2008). Other important 

properties of the DIDF technology include: 1) representation, which implies that all 

technologically feasible input-output combinations have non-negative directional 

distance function value, and vice-versa; 2) translation, which denotes that adding a 

multiple of the direction vector to the input-output bundle reduces the distance function 

by that multiple; 3) monotonicity, which indicates that the function is non-decreasing in 

inputs and non-increasing in outputs; and 4) the function is concave in the input-output 

vector (Chambers et al. 1996; Färe et al. 2008).  

 

We derive shadow prices for LBSF-N by exploiting the duality relationship between the 

DIDF and the cost function. Let  1 2, ,....., N

Nw w w w    denote the vector of input 

prices for which the shadow cost function is given by: 

 ( , ) : ( ) (1)
x

C y w i nf wx x L y   
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Equation (1) gives the minimum cost that can be achieved, given input price ( w ) and 

output vector 
My  . It follows from the principle of cost minimisation that 

( , ) ( )C y x wx x L y   . That is, the minimum cost cannot exceed the actual cost of 

producing 
My  . Achieving input-efficiency implies that 

  ( , : ). ( )x xx DIDF y x g g L y  . Thus, for any production situation where technical 

inefficiency can be reduced or eliminated, the minimum cost ought to be lower than the 

actual costs as follows: 

  ( , ) ( , : ). ( , : ) (2)x x x xC y x w x DIDF y x g g wx wg DIDF y x g     

By rearranging Equation (2), the duality relationship between the cost function and the 

DIDF can be expressed as (Chambers et al. 1996; Färe et al. 2009): 

( , )
( , : ) min (3)x

w
x

wx C y x
DIDF y x g

wg

 
  

 

 

Applying the envelope theorem to Equation (3) yields the following normalised input 

price vector: 

( , ; )
1,2,....... (4)n x

n

DIDF x y g
w wg n N

x


 


 

Provided that the DIDF is differentiable, one can estimate partial derivatives and use these 

to derive shadow prices. For any two different inputs, n  and n , it follows that their price 

ratio equals the corresponding ratio of distance function derivatives. The ratio of distance 

function derivatives indicates the marginal rate of technical substitution (MRS) expressed 

by (Chambers et al. 1996): 
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( , ; )
 ,  (5)

( , ; ) n n

n x n n
x x

n x n n

w DIDF x y g x MPx
MRS n n

w DIDF x y g x MPx 

  

 
   

 

where nw  is the price for the thn production factor ( nx ), and xMP  is the marginal product 

derived with respect to factor x . Thus, the knowledge of one factor price ( nw ) can be 

used to compute the price of the unknown inputs; in this case, LBSF-N. 

 

In addition to the marginal products, one can also obtain technical (in)efficiency 

measures, if a frontier-based technical relationship is specified. For a directional distance 

measure of inefficiency, zero distance indicates that a firm is fully efficient, and a positive 

distance-function value shows the level of inefficiency as follows: 

( , ) ( , ; ) (6)xTI x y DIDF x y g

 

3.3 Empirical estimation 

Both non-parametric approaches (e.g. data envelopment analysis (DEA)) and parametric 

methods (e.g. stochastic frontier analysis) can be used to estimate the DIDF parameters. 

We specify the DIDF as a parametric function, which is differentiable and thus it is easy 

to recover shadow prices from it. Such a parametric specification can be estimated either 

as a deterministic frontier or as a stochastic function. In our approach, we estimate the 

DIDF as a deterministic frontier using mathematical-programming techniques to impose 

representation, monotonicity and translation properties on the function easily (Färe and 

Grosskopf 2004; Färe et al. 2009; Hailu and Chambers, 2012; Bostian and Herlihy, 2014). 

The stochastic-frontier models could also be estimated using maximum-likelihood 

methods (e.g. Coelli and Perelman, 2000) or using Bayesian methods (e.g. O’Donnell and 

Coelli, 2005; Hailu and Chambers, 2012). Although one could impose monotonicity and 
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other conditions using Bayesian methods, the choice of proper priors on the parameters 

of frontier models is not straightforward; and the use of improper priors could affect the 

accuracy of the posterior estimates (Fernández et al. 1997; Fernández et al. 2000). 

Bayesian estimation is also computationally intensive and more difficult. Alternatively, 

theoretical regularity restrictions can be imposed more easily using mathematical 

programming techniques, as is the case in this study. This approach is straightforward, 

given the central importance of constraints in defining the feasible space in constrained 

optimisation problems.  

 

The quadratic functional form is used because it is a flexible form that allows for the 

global imposition of the translation property (Hailu and Chambers, 2012). We choose the 

unit directional vectors, with negative elements for inputs and zero elements for output, 

so that the projection to the frontier of an observed point seeks to contract inputs while 

holding the output vector constant. Since the data are normalised by mean values, the use 

of the unit vector for direction is equivalent to the use of the average sample direction for 

the translation. By assigning the unit vectors, the directional input distance function gives 

an estimate of the maximum unit reduction in inputs that is feasible for a given amount 

of output (Färe and Grosskopf 2004; Hailu and Chambers, 2012). This approach is 

valuable because it makes it easier to interpret the estimated measure of technical 

inefficiency as proportions of the sample mean-values. Further, when a common 

directional vector is chosen for all firms, the directional distance function measure of 

inefficiency for an individual firm can be aggregated to a measure of industry inefficiency 

(Färe and Grosskopf 2004; Färe et al. 2008; Fare et al 2009; Hailu and Chambers, 2012). 

The quadratic DIDF is specified as follows:  
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where my  represents the production output under consideration, nx  is a vector of inputs, 

and u represents the inefficiency term. Equation (7) is estimated in R, using APEAR 

package (Hailu, 2013). 

The underlying distance function and parameter values ( s and u) are based on a true, but 

unobserved, technology frontier. Typically, the estimated frontier and parameters depend 

on a sample of observations, usually believed to be representative of the true population. 

Thus, one empirical challenge is to mitigate the potential bias that could result from small 

samples and sampling variability. Therefore, we apply nonparametric bootstrapping 

techniques to explore the variability of our sample estimates. Using the bootstrapping 

procedure explained in Canty (2002) and Canty and Ripley (2015), the estimation of the 

function in Equation (7) was bootstrapped a thousand times, whereby each pseudo 

(bootstrap) sample was drawn with replacement from the original sample.  

 

We start by assuming that a random sample, replicated r-times and where r is large 

enough, can be used to construct the unknown population distribution from which the 

original sample was drawn. Application of Equation (7) to the bootstrap sample gives 

distance function parameters ̂ , and the distribution function F̂ , which are considered to 

approximate the true population parameters,   and F . A bootstrapping algorithm 

generates r-pseudo samples which can yield consistent sample parameters 
*ˆ
r  and F̂ . The 

bootstrap sample-parameters are related to the true unobserved population parameters in 

the following way:  
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   ˆˆ (8)f F f F   

 

Equation (8) shows that given a representative sample, the estimated sample parameters 

can be used to recover population parameters. Through resampling, an approximate 

empirical distribution can be obtained for any statistics of interest, for example, the 

variance and standard error. The statistics that are generated through bootstrapping in this 

analysis are as follows:   

   

* *

0.5

2 2
* * * *

1 1

ˆ ˆ ˆ ˆ( ) ;

1 1
ˆ ˆ ˆ ˆ; (9)

1 1

r r

R R

r r r r

r r

bias E

se
r r

   

    
 

   

 
    

   
 

 

where   and se  represent the variance and standard errors of individual parameters, 

respectively. For a detailed description of this bootstrapping procedure, the reader is 

referred to Canty (2002) and Canty and Ripley (2015). 

 

3.4 Study area and data description 

3.4.1 Study area 

We use survey data collected from Kasungu and Mzimba districts in Malawi. The survey 

was conducted in the 2013/14 crop season. These districts are part of the medium-altitude 

agro-ecological zone of the country. A subdivision of this agro-ecological zone is the 

Kasungu–Lilongwe plain. This zone is one of the areas where LBCS are most dominant 

in Malawi. 

 

The survey followed a three-stage random sampling approach. First, the study zones were 

selected based on Ministry of Agriculture administrative demarcations, known as 
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extension planning areas (EPAs). The EPAs are district-level administrative units 

established to coordinate and oversee the execution of extension services across the 

country. The second step involved the choice of an EPA section. An EPA section is the 

lowest unit of administration in the Ministry of Agriculture hierarchy. Subsequently, 

maize-legume producers were identified for each EPA section. This procedure was done 

in order to establish a sampling frame. Third, after the selection of EPA sections and 

enumeration of maize-legume producers were completed, face-to-face interviews were 

conducted with a set of randomly chosen respondents (household heads).  

 

3.4.2 Data description  

The survey collected information on farm and household characteristics. We use primary 

data from a sub-sample of 135 plots, representing the mixed maize-legume cropping 

system. Fifty-five per cent of the sample (74 plots) was from Kasungu and the remainder 

(45 per cent) came from Mzimba district (61 plots). We recorded one maize-legume 

intercropped plot per producer hence the number of producers is the same as the number 

of plots. The sample represents 13 per cent and 12 per cent of the total number of maize-

legume producers enumerated in Mzimba district (453) and Kasungu district (596), 

respectively. Therefore, the number of farms sampled in the two districts are 

proportionately represented. However, we realise that our sample size (135 out of 1049 

farms) is relatively small; hence, we employ bootstrapping procedures to ameliorate some 

potential problems associated with sampling variability. Typically, farmers intercropped 

maize with common beans (Phaseolus vulgaris), groundnuts (Arachis hypogaea), or 

soybean (Glycine max). Table 3.1 summarises the data.  
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Table 3.1 Descriptive statistics for the variables used in the estimation (n = 135) 

Variable name Unit 6 Mean SD Min. Max. 

Output       

 Crop output (y) 
Output 

index/acre 
0.32 0.24 0.01 1.31 

Inputs       

 Fertiliser nitrogen (x1) kg N /acre 27.33 19.78 0.00 109.00 

 Symbiotic nitrogen (x2) kg N/acre 0.74 1.13 0.00 11.06 

 Labour (x3) AEU/acre 1.88 1.28 0.18 8.05 

 Other variable inputs (x4) Input index/acre  1.74 1.15 0.23 8.94 

Note AEU = Adult equivalent units (1 Male-adult = 1 AEU, 1 Female=0.8 AEU, 1 Child=0.5 AEU) 

 

Total crop output is an implicit output-quantity index aggregated using a multilateral 

Tornqvist approach, where the contribution of each commodity is weighted by its relative 

share in total crop-value and the corresponding natural logarithm of outputs (Caveset al. 

1982).7 Similarly, the aggregate value for other variable inputs represents an implicit 

input-quantity index comprising purchased seeds, non-fertiliser chemicals and herbicides. 

This implicit input-quantity variable is deflated by a weighted price index of expenditure 

share and the corresponding natural logarithm of inputs. A total of four production inputs 

are included in the estimation of the input distance function. These inputs are quantity of 

commercial fertiliser, family labour, farm expenses, and symbiotic nitrogen. The quantity 

of commercial fertiliser is expressed in kilograms of total nitrogen as the major active 

ingredient contained in the fertilisers used in production. The main mineral fertilisers used 

                                                           
6 Following other previous studies (e.g. Seyoum et al. 1998; Mochebelele and Nelson 2000; Hazarika and 

Alwang 2003), the analysis assumes that the underlying production technology is globally characterised by 

constant returns to scale (CRS) such that each firm is automatically scale efficient. In a CRS economy with 

perfect factor markets, there should be no observed differences in productivity across farm sizes (Coelli et 

al. 2005; Kagin et al. 2016). However, this chapter does not test the effect of farm size on 

efficiency/productivity, an objective which is reserved and explored in Chapter 2. Thus, the econometric 

model estimated in this chapter does not include farm size as an explanatory variable. 

 
7 We thank an anonymous reviewer for this suggestion. The translog multilateral output (input) index for 

the kth farm is given by:   ln 0.5 ln lnk k

k i i i i

i

R R q q    , where R represents revenue 

(expenditure) share for the ith commodity (input) and q is the corresponding output (input) quantity. 
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in the maize-based production in Malawi are Urea, Calcium Ammonium Nitrate, and 

23:21:0+4S. These three fertilisers, respectively, contain 46 per cent, 27 per cent, and 23 

per cent nitrogen (N). Family labour is converted to adult-equivalent-units (AEU), which 

represents farm labour supply measured in terms of full-time equivalent employees. The 

computation of AEU is based on the conversion factors as follows: one adult male (15 

years of age and over, working on a full day-basis) represents one AEU, whereas one 

adult female working for a full day represents 0.8 AEU, and one child (5-14 years) 

working for a full day represents 0.5 AEU (Deere and de Janvry 1981; Fletschner 2008; 

Takane 2008). Overall, the data presented in Table 3.1 show wide variations in terms of 

the input-output combinations, which reflects farm heterogeneity regarding resource 

endowment and managerial ability, among other factors.  

 

Symbiotic nitrogen (LBSF-N) is included as an additional source of nitrogen, which is 

available to the component crops through intercropping and legume rotation. LBSF-N 

values are not directly observable. However, the literature currently contains abundant 

LBSF-N estimates that are obtained using reliable measurement methods, such as 15N-

based techniques (Peoples et al. 2009; Ronner and Franke, 2012). We use published 

LBSF-N estimates to compute the amount of symbiotic N fixed on agricultural land. The 

quantity of symbiotic nitrogen was computed based on the harvest-index method, which 

relates plant biomass, nitrogen concentrations, and the proportion of atmospheric nitrogen 

fixed (Høgh-Jensen et al. 2004; Herridge et al. 2008; Peoples et al. 2009). Alternatively, 

one could use total area under leguminous crops to quantify the amount of farm-level 

symbiotic nitrogen fixation. However, we prefer to use grain-weight because the quantity 

and quality of grain harvested also reflects the growth conditions in which the crop 

developed and matured (Stern, 1993). Thus, crop productivity (yield) is used as an 

indirect measure of soil quality (fertility) and captures potential differences in soil quality 
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across farms. Computation details for LBSF-N are provided in the appendix and 

summarised in Table 3.A1. 

 

LBSF-N was estimated for two cropping practices, namely, intercropping and crop 

rotation. LBSF-N from intercropping was estimated using the harvest-index method (see 

Table 3.A1), whereas that from crop rotation was estimated using coefficients obtained 

from fitting a crop-response model (Stauber and Burt, 1973; Stauber et al. 1975; Frank et 

al. 1990). The crop-response model was specified as a quadratic function to allow for 

diminishing marginal productivity as follows:  

 

2 2

0 1 2 3 4 5 6 1. (10)t t t t t t t t ty N x N x N x N                

where ty  is output in the current season t, tN  is the quantity of nitrogen applied in the 

current season, 1tN   is the carry-over nitrogen from the previous season, x  represents 

other factors of production, and   is the random error term. Table 3.A2 shows the results 

of the crop-response model.  

 

In our sample, crop rotations had been adopted on 61 farms (45 per cent). Out of these 61 

farms, 72 per cent were legume-maize rotations and most of the remaining (23 per cent) 

were tobacco-maize rotations. Further, 52 per cent of the sample (135 farms) practiced 

in-situ crop residue retention, a practice aimed at enhancing soil productivity through 

residue mineralisation. We used this plot-history data to test whether crop rotation has 

significant effects on land productivity (i.e. crop yield) and the evidence suggests positive 

incremental effects (Table 3.A2). The net residual nitrogen was then estimated implicitly 

as a ratio of input elasticities for the intercropped LBSF-N and the rotation variables.  
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3.5 Results and discussion 

The coefficient estimates of the directional input distance function are reported in Table 

3.A3. The estimated first-order coefficients have the expected signs: they are positive for 

inputs and negative for output variables, with generally small standard errors.  

 

3.5.1 Estimated measure of technical efficiency  

Recall that technical inefficiency is given by the relative distance to the frontier and the 

shorter the distance, the more efficient the production unit is. Table 3.2 presents the results 

of the DIDF measure of technical inefficiency (TI). The DIDF estimates reveal a 

considerable level of inefficiency for the sample farms. Only 31 farms (representing 23 

per cent of the total sample) were operating at maximum efficiency.  In the DIDF (Model 

1) the mean TI obtained from the bootstrap model is 0.52, compared to 0.47 from the the 

base model. As a robustness check, we included directional distance function model i.e. 

[g(y, x; 1,-1)], which is dual to the profit function (Model 2). In this model, both input 

and output directional vectors are used to simultaneously scale the data. In general, the 

TI obtained using the base (non-bootstrap) model is significantly lower than that obtained 

using the bootstrap model (p<0.1). Therefore, the base model underestimates technical 

inefficiency. Generally, it is the bootstrap estimates that are considered plausible and 

robust (Mugera and Ojede, 2014). Thus, the TI estimate of 0.52 implies that if the average 

farmer operated efficiently, she or he could produce the same output with an input bundle 

that is smaller by 52% of the mean input values reported in Table 3.1. For example, a 

producer who used 27.33 kg per acre of nitrogen fertiliser could have used 13.12 kg per 

acre of this input to produce the average output. 
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Table 3.2 Estimated directional input distance function measure of technical 

inefficiency (TI) 

 

Model 1 [g(y, x; 0,-1)]  Model 2 [g(y, x; 1,-1)] 

Mean TI SE [95 % CI]  Mean TI SE [95% CI] 

Base model 0.47 0.03 0.41 – 0.53  0.33 0.02 0.29 – 0.37 

Bootstrap model 0.52 0.06 0.40 – 0.64  0.36 0.04 0.28 – 0.44 

Note: CI = confidence interval 

 

Our findings are comparable with previous studies conducted in the region, although few 

studies have applied directional distance functions on African agriculture. For example, 

using a directional distance function, Singbo and Lansink (2010) reported mean 

inefficiency of 0.20 for the Beninese rice and vegetable production system. In another 

study, Singbo et al. (2014) evaluated the performance of vegetable-production in Benin 

and reported TI of 0.14 and marketing inefficiency of 0.25. Mulwa and Emrouznejad 

(2013) evaluated the performance of sugarcane production in Kenya and estimated TI to 

be 0.14. Collectively, this evidence shows that there is substantial scope for improving 

performance in the studied production systems and African agriculture in general.  

 

3.5.2 Morishima elasticity of input substitution 

The Morishima elasticity of substitution (MES) provides complete information about 

input substitutability in cases where a production technology has more than two inputs 

(Blackorby and Russell, 1989). The MES measures the degree of curvature of the isoquant 

or the relative change in shadow prices associated with a unit change in the ratio of the 

corresponding inputs (Grosskopf et al. 1995). We calculate the indirect Morishima 
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elasticities to get a sense of the ease with which one input can be substituted for another 

in the production process. Equation (11) shows the MES derived from the distance 

function approach (Blackorby and Russell, 1989; Grosskopf et al. 1995): 

* (11)nn n n
nn n

n n

DIDF DIDF
MES x

DIDF DIDF

  
 



 
  

 
 

where 
*

nx  is the frontier value of input (input level adjusted for inefficiency), and nDIDF  

and nnDIDF  are the first-order and second-order derivatives of the directional input 

distance function, respectively. The MES estimates are reported in Table 3.3.  

 

Table 3.3 Estimates of the indirect Morishima elasticity of input substitution 

  f s l o 

f -0.89 [-2.21 – 0.43] 1.11 [-0.23 – 2.45] 1.06 [-0.29 – 2.40] 1.76 [0.20 – 3.33] 

s 0.26 [0.10 – 0.42] -0.13 [-0.20 – -0.07] 0.01 [0.01 – 0.02] 0.27 [0.14 – 0.39] 

l 0.30 [0.23 – 0.36] 0.03 [0.02 – 0.04] -0.19 [-0.24 – -0.15] 0.70 [0.28 – 1.13] 

o 3.79 [0.11 – 7.48] 2.08 [0.58 – 3.58] 2.10 [0.59 – 3.61] -3.70 [-7.33 – -0.08] 

Note  f = fertiliser nitrogen, s = symbiotic nitrogen, l = family labour; o = other input costs 

 

The sign and size of the MES are important: the elasticity sign helps to classify inputs as 

substitutes or complements, whereas the size of the elasticity indicates the degree of 

substitutability or complementarity. Inputs n  and n  are considered to be Morishima 

substitutes if 0nnMES   , or complements if 0nnMES   . High MES values show a low 

degree of substitution while low values indicate relative ease of substitution (Grosskopf 

et al. 1995). As shown in Table 3.3, the MES elasticities are generally asymmetric (

nn n nMES MES  ). For example, the substitution of commercial fertiliser for symbiotic 
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nitrogen gives an elasticity value of 1.11, whereas the reverse yields 0.26. The size and 

sign of the elasticities suggest that the two inputs are partially substitutable; thus, 

increasing fertiliser nitrogen to replace symbiotic nitrogen is relatively difficult, but the 

reverse is relatively easy.  

 

3.5.3 Estimates of LBSF-N shadow prices  

We apply Equation (5) to obtain shadow prices for LBSF-N. Table 3.4 gives a summary 

of shadow prices for the base and bootstrap models. The value of LBSF-N is estimated 

as a fraction of the average market price for commercial nitrogen. The price of 

commercial N is US$2.11/kg N, based on the 2013/14 crop-season price of fertiliser 

nitrogen (Urea) which was selling at MWK17,000 per 50 kg bag (1 US$ = 350 MWK). 

The shadow price values are positive and range from 1.01 to 22.23 US$/kg, when 

evaluated using the 95 per cent confidence interval.8 The mean shadow price for LBSF-

N is estimated to be US$5.26/kg for the bootstrap model, and US$20.1/kg for the base 

model. The difference between the two mean shadow prices is statistically significant 

(p<0.01). We note that both the base and the bootstrap models yield average shadow 

prices that are higher than the reference market price of US$2.11 /kg N. The estimated 

shadow values can be interpreted as the opportunity cost of using LBSF-N in terms of 

foregone commercial nitrogen, keeping output constant. The estimated shadow prices are 

respectively,  US$5.26/kg and US$2.61 for the bootstrapped input directional distance 

function or Model 1 with directional vector [g(y, x; 0,-1)] and directional distance 

                                                           
8 The possibility that shadow prices could be sensitive to heterogeneities in soil quality has been pointed 

out by an anonymous reviewer. However, in the absence of explicit soil quality data, we believe that crop 

yield is a good proxy indicator to reflect potential differences in soil quality attributes across farms. In 

addition, if farmers aim to optimise investment returns, then their input allocation decisions e.g. fertiliser 

application will tend to approximate the prescribed agronomic recommendations which are based on soil 

quality differences across the country (Benson, 1997). Since we only have input and output data, we 

consider that using the ratio of marginal products (input substitution effects) is the most reasonable 

approach that accounts for the differences in farm characteristics as well as farmer characteristics. As a 

result, the estimated shadow prices correspondingly vary across farms. 
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function or Model 2 with directional vector [g(y, x; 1,-1)]. An alternative interpretation 

of shadow-price values is to regard them as surrogate or implicit prices for a non-market 

good (LBSF-N).. In this regard, the commercial fertiliser market could serve as a proxy 

market for LBSF-N. Thus, our estimated mean shadow price of US$2.61 or US$5.26/kg 

could serve as an appropriate accounting value for fertiliser cost-savings, achieved as a 

result of substituting LBSF-N for fertiliser N. This shadow price represents the per-unit 

benefit that a producer would gain by using LBSF-N as a substitute for fertiliser nitrogen 

(Bond and Farzin, 2007). For example, a farm operating without any unit of fertiliser N 

would increase crop output-value by US$5.26 if an extra kilogram of LBSF-N were 

available in the soil. 

 

Table 3.4 Estimated shadow prices (SP) for symbiotic nitrogen (US$/kg N) 

 
Model 1 [g(y, x; 0,-1)]  Model 2 [g(y, x; 1,-1)] 

Mean SP SE [95 % CI]  Mean SP SE [95 % CI] 

Base model 20.10 1.07 17.98 – 22.23  4.28 0.54 3.21 – 5.36 

Bootstrap model 5.26 2.15 1.01 – 9.51  2.61 1.09 0.46 – 4.76 

Note: CI = confidence interval 

 

Because shadow prices for LBSF-N are not readily available in the literature, we compare 

our estimates against somewhat related environmental services. Table 3.5 presents these 

studies. The analysis of sustainable intensification or best management practice most 

closely related to ours is an application by Bond and Farzin (2007), which deals with the 

effect of low input production system using legume cover-crops, herbicides, and air 

pollution in California, USA. Unfortunately, due to limitations in their soil quality data, 

the study did not include shadow prices for non-marketable inputs (legume-fertiliser 

effects). Other studies that have treated nitrogen leachate from agricultural sources as a 
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bad output are Shaik et al. (2002), who studied the effect of organic and inorganic 

fertilisers in the USA; Reinhard et al. (1999), who assessed the Dutch dairy industry; and 

Piot-Lepetit and Vermersch (1998), who analysed the French pork sector. From these 

studies, the estimated shadow prices for excess nitrogen are reported to be in the range of 

US$2.00-4.77/kg for the US study, US$1.86/kg for The Netherlands, and US$0.14-

1.02/kg for the French pork sector. Recently, Hou et al. (2015) estimated the cost of soil 

erosion and nitrogen loss in the Chinese Ansai region. From this study, the cost of soil 

erosion and nitrogen loss are estimated to be US$0.02 per kg/ha and US$0.06 per kg/ha, 

respectively. The reviewed studies show variations in the estimated shadow-price values. 

The variation in the shadow-price estimates in the above studies is not surprising because 

each study dealt with a different sub-sector that could differ in a number of ways, 

including operational scale and local environmental conditions at the study locations. 

Nevertheless, our results are close to the estimates for the US and the Netherlands 

(Reinhard et al. 1999; Shaik et al. 2002). 
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Table 3.5 Selected studies using the distance function approach to value environmental goods and services 

Environmental 

good/ service 

Shadow price/ value Reference price/ 

market 

Estimation 

method 

Efficiency score Study region Reference 

Organic N (hog 

slurry) 

$0.14-1.02/kg Commercial fertiliser RDF/DEA 0.94-0.96 France Piot-Lepetit and Vermersch (1998) 

Organic N (dairy 

slurry) 

$1.86/kg Dairy output SFA 0.89 Netherlands Reinhard et al. (1999) 

Soil N (N pollution) $2.00-$4.77/kg Desirable output (crop 

and livestock products) 

RDF - Nebraska, USA Shaik et al. (2002) 

Soil N (N pollution) $3.81-$4.30/kg Input cost (crop and 

livestock production) 

RDF - Nebraska, USA Shaik et al. (2002) 

Fertiliser N $1.38E-3 -$2.17E-3 1 DEA 

(bootstrap) 

0.64-0.88 

(0.31-0.78) 

Benin Singbo et al. (2015) 

Symbiotic N $20.10/kg Commercial fertiliser 

price 

DIDF 0.47 Malawi This study 

Symbiotic N $5.26/kg Commercial fertiliser 

price 

DIDF 

(bootstrap) 

0.52 Malawi This study 

Note: DIDF = directional input distance function; DEA = data envelopment analysis; RDF = radial distance function; SFA = stochastic frontier analysis 
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3.6 Conclusions 

The challenge of maintaining or improving agricultural productivity in sub-Saharan 

Africa is enormous. As such, agricultural researchers and policy makers are constantly 

looking for technologies that are economically attractive and environmentally sound. The 

best strategy to improve productivity and maintain soil fertility in sub-Saharan Africa 

should focus on a combination of both inorganic and organic fertilisers for maximum 

complementary benefits (Mafongoya et al. 2007). However, research evidence shows low 

adoption of integrated soil fertility management practices, which includes legume 

cultivation (Giller et al. 2009). A better understanding of the value of these legume 

systems is needed to develop more effective economic incentives that would facilitate the 

adoption of best management practices and reward soil conservation efforts. 

 

Using the directional input distance function approach (DIDF), this study appraised the 

value of symbiotic nitrogen and estimated the technical efficiency of legume-based 

cropping systems (LBCS) in Malawi. Our results reveal two major findings. First, the 

results show that smallholder farmers exhibit substantial production inefficiency, with a 

mean directional inefficiency value of 0.52. By addressing this production inefficiency, 

an average farm could reduce each of the four inputs by 52 per cent while output remains 

constant. Second, the average shadow price for symbiotic nitrogen (LBSF-N) is higher 

than the observed market price for commercial nitrogen fertiliser. The shadow price 

values of symbiotic nitrogen (and LBCS) reflect only productivity benefits achieved 

without applying any unit of chemical fertilisers. The total value of LBCS could be greater 

if other environmental services and socio-economic benefits, such as their value as a 

disease break and for reducing soil erosion, are accounted for.  
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In the interest of maintaining a productive stock of soil capital, market-based mechanisms 

could be used to help enhance legume production and promotion of conservation 

agriculture. However, given the prevailing market prices, our estimated elasticities of 

input substitution demonstrate that a complete substitution to organic fertilisers can be 

detrimental to farm productivity. This result infers that complete conversion to organic 

production will require some compensation to farmers, for example through higher output 

prices, for such a substitution to be profitable. Therefore, one of the possible policy 

options to incentivise farmers’ investments in conservation agriculture is to facilitate 

price premiums for commodities produced from sustainably-managed farms, such as 

LBCS. For example, recent studies have shown that some farmers in other African 

countries such as Ghana, Kenya, and Uganda are benefiting from price premiums 

received as a result of participating in certification programs targeting low input 

sustainable agricultural production systems (Bolwig et al. 2009; Kleemann and Abdulai 

2013; Ayuya et al. 2015). Thus, price premiums can provide incentives to farmers to 

invest in legume-based conservation agriculture as part of the integrated soil fertility 

management strategies. 

 

Organic soil amendments build long-term soil fertility benefits that are usually heavily 

discounted by land users, who mostly seek to maximise their present farm benefits. As a 

result, there is less investment in conservation practices by the land users, partly because 

produce from such low input sustainable agricultural systems are considered as non-

differentiated products. Thus, the prevailing commodity prices fail to incentivise 

conservation agriculture. We contend that price premiums could be a better alternative 

and a more cost-effective policy instrument for promoting LBCS than the subsidies or 

public-support programs that are currently being used to promote legume production in 

Malawi and other African countries. We therefore recommend that future research should 
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investigate the potential demand for produce from sustainably-managed farms, and also 

mechanisms through which farmers can be integrated into existing or emerging regional 

and export markets for such products. Specifically, policy makers could focus on creating 

and promoting an enabling environment that allows the potential benefits of LBCS to be 

fully exploited by: 1) promoting knowledge about soil and other benefits of the integrated 

cropping systems; 2) supporting more sustainable production processes (e.g. through 

certification and labelling requirements); and 3) channelling support from current input 

subsidies to the support of extension and market development activities.   
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Appendix 3.0 

Computation of symbiotic nitrogen using the harvest index approach 

The quantity of grain harvested reflects directly the total amount of crop N that the plant 

fixes, and some of this nitrogen is assimilated in the grain and straw or biomass. The 

quantities of biological nitrogen fixed ( FBNF ) and the resulting nitrogen transfer to 

companion crop ( ccBNF ) are derived from above-ground and below-ground biomass as 

follows (Høgh-Jensen et al., 2004; Herridge et al., 2008; Peoples et al., 2009):  
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where   represents the proportion of crop N that is derived from the atmosphere (%Ndfa),  

and s  is the percent N-concentration available in the shoot dry matter. The parameter   

is used to derive below-ground biomass-N equivalent of the shoot dry matter. Equation 

(A1) shows that the amount of nitrogen fixed is given as a product of crop-N 

concentration ( cnN ) and the capacity for that crop to transform atmospheric nitrogen ( ) 

into a form that is usable by plants. The ability to convert atmospheric-nitrogen into plant-

nitrogen is represented by the fractional N derived from atmosphere (%Ndfa) i.e. a 

proportion of total crop N that is attributable to symbiotic nitrogen fixation. The crop 

nitrogen concentration can be expressed as the amount of shoot dry matter at harvest ( sQ

) and the percent N-concentration ( s ) available in that component of plant biomass. The 
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parameter   is used to derive below-ground biomass-N equivalent of the shoot dry matter 

(Equation A2).  

 

In situations where biological yield is not reported as part of the normal crop statistics, 

the quantity of dry matter can be estimated from the amount of grain harvested ( gQ ) using 

the harvest index ( h ) as denoted in equation (A3). For grain crops, the harvest index is a 

ratio of the economic yield (grain) and the above-ground biomass (i.e. shoot dry matter 

inclusive of grain). In equations (A4)-(A5), grain weight and harvest index substitute for 

the quantity of dry matter, sQ . Finally, the N transfer/credit available for the companion 

crop ( ccBNF ) in equation (A5), allows for low crop density due to intercropping and 

interference of fertiliser N (Stern, 1993; Smil, 1999; Herridge et al., 2008; Unkovich et 

al., 2008). We use the adjustment coefficient,  , to cater for the intercropping and 

fertiliser suppression effects. Parameter values used to estimate equations (A1-A5) are 

synthesised from various long-term agronomic experiments as reported in the original 

publications (Table 3.A1). Alternatively, one could use total area under leguminous crops 

to quantify farm-level symbiotic nitrogen. However, we prefer to use grain-weight, 

because the quantity and quality of grain harvested also reflects the growth conditions in 

which the crop developed and matured (Stern, 1993).  
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Table 3.A1 Estimates of SNF for the sample grain-legume cropping systems  

Parameter  Notation 
Data 

source‡ 

Mean 

Beans  Groundnuts  Soybeans  

Grain harvested 

(kg/acre) 
gQ  1 49.03 96.41 67.01 

Harvest index h 2 0.35 0.4 0.4 

Dry matter yield 

(kg/acre) 

1
s g

h
Q Q

h

 
  
 

 8 91.05 144.62 100.52 

Dry matter N 

concentration (%) 
s  2 2.0 2.3 3.0 

Below-ground N 

conversion factor 
  2 1.4 1.4 1.5 

Average %Ndfa   3 44 51 40 

Amount of N 

fixed (kg/acre) 

1F

s g

h
BNF Q

h
 

 
  

 
 8 1.12 2.37 2.31 

N-credit transfer 

factor (%) 
  4,5,6,7 40 40 20 

Total N-transfer 

to a non-legume 

crop (kg/acre) 

ccBNF  8 0.45 0.95 0.46 

‡1: Own survey; 2: Herridge et al. (2008); 3: Ronner and Franke (2012); 4: Smil (1999), 5: 

Sanginga et al. (2003), 6: Chianu et al. (2011), 7: Patra et al. (1986), 8: Own 

computation 
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Table 3.A2 Coefficient estimates for the quadratic crop-response model 

Variable Variable unit Coefficient estimate Robust SE t-value 

Fertiliser N kg N/acre 0.64*** 0.21 2.98 

Symbiotic N kg N/acre 0.38*** 0.11 3.42 

Labour AEU/acre 0.24 0.28 0.86 

Other expenses 
Input quantity 

index/acre 
-0.10 0.27 -0.38 

(Fertiliser N)2   0.04 0.25 0.17 

(Symbiotic N)2  0.00 0.03 0.04 

(Labour)2  -0.24* 0.15 -1.66 

(Other expenses)2  -0.09 0.34 -0.26 

Fertiliser N x Symbiotic N  -0.07 0.10 -0.76 

Fertiliser N x Labour  -0.10 0.15 -0.64 

Fertiliser N x Other expenses  -0.07 0.23 -0.31 

Symbiotic N x Labour  0.08 0.09 0.91 

Symbiotic N x Other expenses  -0.02 0.09 -0.17 

Labour x Other expenses  0.24 0.19 1.23 

Legume break 2012/13 season 

=1 if a legume 

was the main 

crop grown on 

the plot one 

year ago 

0.34*** 0.12 2.92 

Tobacco break 2012/13 season 

=1 if tobacco 

was the main 

crop grown on 

the plot one 

year ago 

0.23* 0.14 1.69 

Monoculture 2012/13 season 

=1 if maize was 

the main crop 

grown on the 

plot one year 

ago 

0.18 0.08 2.29 

Sowing time 

Time of 

planting 

relative to first 

rains (weeks 

after first rains) 

-0.08 0.06 -1.44 



The Economics of SAI Technologies in Malawi 

74 
 

Zone 
=1 if Kasungu; 

=0 otherwise 
0.01 0.09 0.14 

Constant - -0.13 0.20 -0.65 

 R2  0.64   

Note: The dependent variable is a Tornqvist multilateral output quantity index per acre; 

SE=standard error; *p<0.10; **p<0.05; ***p<0.01; n=135 
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Table 3.A3 Estimated parameters for the quadratic directional distance function  

Variable Coefficient Estimate BC estimate SE. 

Intercept 0  -0.043 -0.025 0.067 

y1 1  -0.456 -0.495 0.146 

x1 2  0.490 0.619 0.181 

x2 3  0.120 0.019 0.128 

x3 4  0.231 0.260 0.133 

x4 5  0.158 0.103 0.156 

y1.y1 11  0.038 0.104 0.148 

y1.x1 12  -0.004 -0.023 0.102 

y1.x2 13  0.031 0.072 0.060 

y1.x3 14  0.023 0.001 0.080 

y1.x4 15  -0.051 -0.049 0.052 

x1.x1 22  -0.174 -0.205 0.051 

x1.x2 23  0.053 0.092 0.041 

x1.x3 24  0.086 0.106 0.063 

x1.x4 25  0.034 0.007 0.053 

x2.x2 33  -0.027 -0.025 0.033 

x2.x3 34  -0.039 -0.071 0.035 

x2.x4 35  0.013 0.004 0.028 

x3.x3 44  -0.074 -0.062 0.054 

x3.x4 45  0.027 0.027 0.040 

x4.x4 55  -0.073 -0.038 0.084 

Note: BC= bias corrected; SE = bootstrap standard error 
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CHAPTER 4 

Cost efficiency among smallholder maize producers in Malawi: to what 

extent can regularity conditions reveal estimates biases? 

 

This paper is planned for submission as: 

Khataza, R.R.B, Doole G.J., Kragt M.E., Hailu A. Cost efficiency among smallholder 

maize producers in Malawi: to what extent can regularity conditions reveal estimates 

biases? In preparation for submission to Agricultural Economics or Applied Economics  

 

4.0 Abstract 

The effectiveness of an empirical analysis that aims to inform and influence policy will 

depend on how credible its estimates are as a basis for policy recommendations. 

Obviously, policy recommendations based on theoretically inappropriate models are 

likely to be inconsistent. However, most empirical studies in efficiency and productivity 

analysis tend to assume that the estimated production technology is “well-behaved” or 

theoretically consistent rather than checking if such conditions hold. Using a translog 

stochastic cost frontier and data from Malawi, we show that imposing regularity 

conditions provides efficiency and elasticity estimates that are empirically credible.  
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4.1 Introduction 

Poor performance of agricultural enterprises in developing countries, such as sub-Saharan 

Africa (SSA), remains a serious concern among researchers, policy makers and 

development partners (Alene, 2010; Headey et al., 2010; Mugera and Ojede, 2014; 

Ogundari, 2014; Abdulai and Abdulai, 2016). The performance of the agriculture sector 

is of primary relevance to a number of agricultural-led development policies, as the 

majority of the population in SSA rely on this activity for their livelihood. As a result, the 

analysis of efficiency and productivity of agriculture is an active area of research in this 

region. Determining the level of efficiency and productivity, as well as examining factors 

that affect these measures, has been a focus of numerous studies conducted across the 

region. Some of the notable factors leading to poor efficiency and productivity among 

smallholder farmers include environmental conditions (Sherlund et al., 2002; Alene, 

2010; Abdulai and Abdulai, 2016), use of traditional technologies and farmers’ attitude 

towards risk (Seyoum et al., 1998; Kassie et al., 2011), labour migration (Mochebelele 

and Winter-Nelson, 2000; Wouterse, 2010), liquidity and credit constraints (Hazarika and 

Alwang, 2003; Haji, 2007; Fletschner et al., 2010; Ali et al., 2014;  Abdulai and Abdulai, 

2016), and gender differentials in terms of resource access and control (Udry et al., 1995; 

Quisumbing, 1996; Rahman, 2010; Kilic et al., 2015; Mutenje et al., 2016).  

 

In general, there have been mixed results in terms of the range of cross-country efficiency 

and productivity estimates identified in previous studies, as well as key factors driving 

productivity change in the SSA region (Alene, 2010; Headey et al., 2010). The 

inconsistency observed in results could partly be due to differences in the types of 

analytical methods applied (e.g. programming versus econometric approaches) and/or a 

lack of theoretical rigour in the applied methods (Sauer et al., 2006; Greene, 2008; Alene, 
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2010; Headey et al., 2010; Henningsen, 2014). For example, in many empirical studies, 

the theoretical regularity conditions are assumed to hold, but are rarely checked (Fox and 

Kivanda, 1994; Koebel et al., 2003; Sauer et al., 2006; Henningsen and Henning, 2009). 

One would expect that estimates, such as efficiency and slope parameters, derived from 

any theoretically irregular or inconsistent models are likely to be flawed (Barnett and 

Pasupathy, 2003; Sauer et al., 2006; Greene, 2008; Henningsen and Henning, 2009; 

Serletis and Feng, 2015).  

 

In parametric efficiency and productivity analysis, the majority of studies tend to use 

flexible functional forms, particularly the translog function (Terrell, 1996; Sauer et al., 

2006; Henningsen and Henning, 2009; Färe and Vardanyan, 2016, ). The usefulness of a 

flexible functional form depends on whether the model specification satisfies theoretical 

regularity conditions of positivity, monotonicity, and curvature (Barnett and Pasupathy, 

2003; Serletis and Feng, 2015). However, a number of empirical studies in the efficiency 

and productivity literature tend to ignore these regularity conditions (Barnett and 

Pasupathy, 2003; Sauer et al., 2006; Serletis and Feng, 2015; Sun, 2015). For example, 

most of the studies included in a review by Sauer et al. (2006)9 did not satisfy the 

regularity conditions, especially quasi-concavity. This is of significant concern because 

ignoring regularity conditions could confound parameter estimates and lead to perverse 

policy recommendations (Barnett and Pasupathy, 2003; Sauer et al., 2006; Henningsen 

and Henning, 2009; Serletis and Feng, 2015).  

 

                                                           
9 Failure to satisfy regularity conditions in applied duality studies has not only been noted and discussed in 

the stochastic frontier or efficiency literature but it has also been highlighted in the ordinary non-frontier 

production economics literature (for example, see Fox and Kivanda  1994; Shumway 1995;  Reziti and 

Ozanne 1999; Barnett and Pasupathy, 2003) 
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Typically, the empirical approach employed to check theoretical properties, particularly 

for curvature and monotonicity, has been to evaluate these conditions locally, i.e. at the 

mean of the data rather than for every data point or over a region of connected data points. 

For example, using this approach, Solís et al. (2009) reported that their results—estimated 

using an input distance function—satisfied regularity conditions for all output variables 

and input variables (except for hired labour). In the same spirit, Rahman (2010) specified 

a translog input distance function and concluded that their results satisfied regularity 

conditions for all outputs and input variables  0; 0I ID x D y      . In a related study, 

Singbo and Larue (2016) assessed the scale and technical efficiency of the Canadian dairy 

sector. Using a translog input distance function, this study reported 64% of monotonicity 

violations for one of the capital variables. Similarly, Abdulai and Abdulai (2016) 

estimated a translog cost function for a sample of Zambian maize farmers and concluded 

that the estimated cost function was linearly non-decreasing in output and factor prices, 

implying that monotonicity was satisfied. Admittedly, the local imposition of regularity 

properties is easy to implement, but this approach disregards other data points where these 

conditions may not hold (O'Donnell et al., 1999; Sun, 2015,).  

 

As a result of the shortcomings of the local approach, Barnett and Pasupathy (2003) 

recommend estimation procedures that permit flexible imposition of the regularity 

conditions. As opposed to the local approach of imposing theoretical consistency, these 

regularity properties can be regionally or globally imposed. However, global imposition 

of curvature on the translog model can lead to severe violations of the regularity 

conditions implied by economic theory (Diewert and Wales, 1987; Terrell, 1996; 

Henningsen and Henning, 2009; Färe and Vardanyan, 2016). Accordingly, the regional 

approach is typically more appropriate, as it maintains the flexibility of the functional 
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form (Sauer et al., 2006; Henningsen and Henning, 2009; Wolff et al., 2010). In addition, 

the regional approach ensures a better model fit to the sample data, relative to the global 

approach (Wolff et al., 2010). 

 

The present study aims to demonstrate the importance of estimating a production 

technology that is theoretically consistent. This is done through an assessment of the 

consequences of ignoring (imposing) regularity conditions by contrasting parameter 

estimates obtained from constrained and unconstrained models. We use two approaches 

to impose theoretical consistency over a range of data points in the sample. The first 

method is a maximum likelihood approach proposed by Koebel et al. (2003) and 

popularised by Henningsen and Henning (2009), which uses a second-stage quadratic 

programming procedure to obtain parameter estimates that satisfy regularity conditions. 

In the first step, unconstrained parameters are estimated. If monotonicity and curvature 

conditions are not satisfied in the first step, a second step non-linear constrained 

optimisation procedure is invoked to impose these regularity properties. The second 

method uses Bayesian inference to impose regularity properties. The Bayesian approach, 

which was introduced to the stochastic frontier analysis by van den Broeck et al. (1994), 

has been widely used to impose economic regularity conditions such as monotonicity and 

concavity (Terrell, 1996; Griffiths et al., 2000; Kleit and Terrell, 2001; O’Donnell and 

Coelli, 2005; Griffin and Steel, 2007).  

 

Besides the ease of imposing theoretical consistency, Bayesian estimation offers a 

number of advantages over alternative methods, such as maximum likelihood estimation 

procedures (Kleit and Terrell, 2001; Coelli et al., 2005; O’Donnell and Coelli, 2005). 

First, the Bayesian technique provides a formal mechanism of incorporating prior 



The Economics of SAI Technologies in Malawi 

82 
 

knowledge and non-sample information into the estimation process. Second, the Bayesian 

method provides precise small-sample inference on coefficients and efficiency estimates 

for most of the estimation problems. Finally, the approach considers parameter 

uncertainty by providing probability distribution for each of the estimated parameters of 

interest, such as coefficient estimates and efficiency scores.  

 

We note that regularity conditions can also be imposed using mathematical programming 

methods, as pioneered by Aigner and Chu (1968) and later applied to input/output 

distance functions by several analysts including (Färe et al., 1993; Hailu and Veeman, 

2000; Färe and Vardanyan, 2016), and recently applied to directional distance functions 

(Khataza et al., 2017). The downside of this approach is that it is deterministic in nature, 

such that any deviation from the frontier is singularly attributed to inefficiency. It is 

argued that the benefits of using mathematical programming approaches may not 

outweigh the statistical advantages of estimating a stochastic frontier function (SFA) and 

imposing the theoretical regularity conditions using either maximum likelihood or 

Bayesian approaches. For example, among other advantages, the SFA approach enables 

one to test statistical hypotheses and incorporate non-conventional inputs, such as farm 

and farmer characteristics, to examine how such covariates tend to influence inefficiency 

(Wang and Schmidt, 2002; Karagiannis et al. 2003; Karagiannis and Sarris 2005; Greene, 

2008; Schmidt, 2011). Estimating a second stage regression to explain efficiency-

heterogeneity across farms, as is often done in applications adopting nonparametric 

approaches such as data envelopment analysis (DEA), could potentially lead to 

specification bias (Wang and Schmidt, 2002; Schmidt, 2011). 
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We estimate a stochastic cost function, which is dual to the production function. Besides 

technical and revenue measures of efficiency, cost-efficiency is a natural measure of farm 

performance. The advantage of using a cost function in the estimation of farm efficiency 

is to address endogeneity problems associated with input variables which are used as 

regressors in primal production models; that is, models that specify technology using 

production function and distance function techniques. Usually, the primal approaches are 

used to model production technologies when price information is unavailable or when the 

behavioural assumptions, such as cost minimisation, revenue and profit maximisation, 

are inappropriate (Coelli and Fleming, 2004; O’Donnell and Coelli, 2005; Sun, 2015).  

 

Key issues are identified in a case study applied to data from Malawi maize-based farm 

systems. Analysis of cost efficiency in this context is useful for helping to design effective 

policies aimed at supporting farmers; for example, by linking them to agricultural 

sustainability programs, such as integrated maize-legume conservation agriculture. 

Furthermore, Malawi is an interesting case study because the majority of the country’s 

population depend on agriculture for livelihood and is characterised by the dominance of 

mixed maize-legume farming systems. Under this production system, farmers 

simultaneously grow more than one crop, usually cereals and legumes, on the same plot 

of land. Recently, the practice of growing maize and legumes together has been adopted 

as part of the integrated maize-legume conservation agriculture approach being promoted 

in the country (Ngwira et al., 2012; Thierfelder et al., 2013).  

 

The rest of the paper is organised into four sections. In the next section, we describe the 

methodology of imposing regularity restrictions and the empirical model. This is followed 
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by a description of the study area and data. In Section 4.4, we present and discuss the 

results. Finally, the conclusion is presented in Section 4.5. 

 

4.2 Methodology 

4.2.1 Theoretical model 

Consider a farmer who seeks to produce a vector of outputs 
My   in a least-cost manner, 

given a set of prevailing factor prices 
Nw  . Let a production technology be represented 

by an input requirement set ( )L y . Then, a cost frontier is defined by an isoquant that 

maps out all possible combinations of minimum expenditure required to produce 
My   

as follows: 

 
0

( , ) inf | ( ) (1)
x

C w y wx x L y


 

 

where 1,...., nx x x  is a vector of production inputs, wx  is the observed cost and ( , )C w y  

is the optimal (minimum) cost. Some of the properties of the cost function are: 1) 

positivity, which requires that the estimated cost is nonnegative for all data points; 2) 

monotonicity in output and factor prices, which implies that the cost is non-decreasing in 

output and factor prices or ( , ) 0;  ( , ) 0C y w y C y w w      ; 3) homogeneity, which 

requires that a cost function be linearly homogenous in factor prices, such that the 

production costs will vary in direct proportion to the change in factor prices; and 4) 

concavity in factor prices, which imply that any input demand function derived from a 

sensible cost function is downward sloping (Kleit and Terrell, 2001; Koebel et al., 2003; 

Kumbhakar and Lovell, 2003; Coelli et al., 2005;  Serletis and Feng, 2015 ). 
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4.2.2 Empirical estimation 

The cost function can be estimated using either nonparametric (programming) 

approaches, involving data envelopment analysis (DEA), or parametric (econometric) 

specification using stochastic frontier analysis (SFA), among others. Both approaches 

have advantages and disadvantages. For example, the strength of DEA is that the method 

does not require any assumptions about the functional form of the production technology. 

However, the limitation of this approach is that the entire excess of the observed 

expenditure over the optimal (minimum) cost is attributed to inefficiency, without 

accounting for data noise. As a result, DEA methods can be sensitive to outliers because 

they ignore data noise which could result from random factors such as measurement 

errors, adverse weather conditions and pest/disease incursions. On the other hand, SFA 

has been mainly criticised for its dependence on the distributional assumptions regarding 

the technology (production, revenue, cost or profit function) and the difficulty associated 

with handling multiple output production technologies using this technique (Karagiannis 

et al. 2004). Fortunately, the problem of multiple outputs can be modelled using distance 

functions and functional form limitations can be addressed by using flexible 

specifications, such as the translog function (Coelli and Perelman, 2000; Kumbhakar and 

Lovell, 2003; Karagiannis et al. 2004; O’Donnell and Coelli, 2005; Rahman 2009; 

Headey et al., 2010). Furthermore, SFA offers some important advantages over 

nonparametric methods. First, SFA accounts for firm’s inefficiency and data noise, both 

of which are important in characterising the variance between the observed cost and the 

optimal cost. Second, the method allows for statistical testing of hypotheses (Greene, 

2008). Given the statistical advantages associated with the SFA approach, we represent 

the production technology in Equation (1) using this method. 

 

The empirical model for the stochastic variable-cost frontier can be expressed as follows: 
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where C  is the variable cost of the thi firm, y  is a vector of outputs, w  represents factor 

prices, and   is a vector of parameters to be estimated. The error structure of Equation 

(2) is composed of two independently and identically distributed terms; that is, the 

random error term denoted by v  and the nonnegative inefficiency term (u ), which shows 

excess expenditure relative to the best-performing farm(s). 

 

4.2.3 Functional form 

Estimation of Equation (2) in a SFA framework requires the choice of a functional form. 

The Cobb-Douglas (CD) and translog forms are the most commonly used parametric 

specifications in the efficiency literature (Coelli et al., 2005; Greene, 2008). The CD form 

is parsimonious, but it can suitably represent production technologies that are typified by 

constant returns to scale. In this regard, the CD specification is too restrictive to 

accommodate situations where elasticities vary across farms (economies of scale). For 

this reason, we prefer to estimate Equation (2) using a translog functional form, which is 

the most widely applied flexible functional form (Coelli and Perelman, 2000; Coelli and 

Fleming, 2004; O’Donnell and Coelli, 2005; Sauer et al., 2006; Rahman 2009; Färe and 

Vardanyan, 2016). One limitation of the translog function is that the specification is 

amenable to curvature violations. In our application, we are able to test and impose 

regularity conditions on a range of data points. The translog cost function is expressed as 

follows: 
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where y  is the quantity of maize grain harvested, and nw  represents factor prices for 

fertiliser, hired labour, and maize seed. Since a sensible cost function satisfies 

homogeneity of degree +1 in (positive) input prices, implying that a proportionate change 

in input prices is likely to effect a change of similar magnitude in production costs, it was 

appropriate to incorporate homogeneity into the estimation and not test for it. And 

homogeneity is easily imposed for estimation as a condition on parameter values, unlike 

monotonicity or concavity. Therefore, it is common to incorporate homogeneity from the 

outset. In Equation (3), we follow previous studies (e.g. Farsi et al. 2005; Kumbhakar et 

al. 2013; Abdulai and Abdulai 2016) and impose linear homogeneity restriction by 

normalizing the logarithm of cost and factor prices with respect to the logarithm of one 

of the factor prices (i.e. price of hired labour, ). Applying Shephard’s Lemma, the first 

order conditions of the cost function with respect to factor prices would yield factor 

demand functions for each input, represented by their respective expenditure share 

equation as follows: ln ln ln lnn n n n n n m

n

C w w x C w y        , where n n .  

 

The measure of cost efficiency (CE), which represents both technical and allocative 

efficiency, is given by the ratio of minimum cost to the observed expenditure (

*( , )C w y wx ). Essentially, CE is bounded between zero and unity, since the minimum 

cost can be at least as large as the actual cost (Kumbhakar and Lovell, 2003). The CE 

measure can be expressed in terms of a stochastic frontier framework as in Equation (4) 

below: 

jw
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*( , ).exp( )
exp( ) (4)

( , ).exp( )

ˆ
z

C y w v
CE u

C y w v u

u z 

  


  
  

where z is a vector of non-traditional inputs (z-variables or observed heterogeneity) 

believed to influence the observed level of cost efficiency. It is well established that cost 

efficiency is affected by the environment in which a firm operates, hence the inclusion of 

the environmental variables in the stochastic frontier model is appropriate (Greene, 2008; 

Schmidt, 2011). Wang and Schmidt (2002) and Schmidt (2011) argue that the omission 

of environmental variables that belong in the model (i.e. affect efficiency) is tantamount 

to model misspecification.  

 

The environmental variables can be included in the estimated model in two ways (Coelli 

et al., 2005; Greene, 2008; Schmidt, 2011). The first approach involves the inclusion of 

the non-traditional inputs in the deterministic component (cost, production, revenue or 

profit function) and in the stochastic component (inefficiency term). Thus, this approach 

assumes that the environmental variables have a direct impact on both the 

technology/production structure and the efficiency component. The second approach 

assumes that the non-conventional inputs do not directly influence the structure of 

production, but rather only influence the efficiency estimates. As a result, the 

environmental variables are appended to the inefficiency model. We adopt the second 

approach and specify the model such that the z-variables are part of the inefficiency 

component. This is due to the nature of the environmental variables in our data, which 

are mainly management-related variables that are expected to influence inefficiency 

rather than the production structure. 
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4.2.4 Imposing regularity conditions 

The parameters in Equations (3) and (4) are estimated jointly, first, using maximum 

likelihood estimation technique and, second, using the Bayesian inference. In this section, 

we describe the two approaches used to impose theoretical consistency on the estimated 

model. One approach to imposing regularity conditions that we adopt is based on a two-

step procedure proposed by Koebel et al. (2003) and recently implemented by 

Henningsen and Henning (2009). The first step involves estimation of an unrestricted cost 

frontier model and extracting coefficient estimates (
0̂ ) and covariance matrix ( ˆ

 ). In 

the second step, the restricted parameters are obtained using a constrained quadratic 

optimisation procedure (i.e. non-linear distance minimisation) that ensures positive 

marginal products for all outputs and factor prices as follows:  

   0 0 1 0

0 0

ˆ ˆ ˆ ˆ ˆˆarg min . .

(5)ˆ ˆ( , , ) ( , , )
0; 0; , ,i i i i

s t

C y w C y w
i y w

y w

    

 

    

 
   

 

The minimum distance optimisation approach yields precise restricted parameters (
0̂ ) 

that are asymptotically equivalent to those obtained using a restricted one-step maximum 

likelihood estimation procedure (Koebel et al., 2003; Henningsen and Henning, 2009). 

Following the estimation of credible coefficients, the last step involves measurement of 

efficiency scores and their determinants based on the theoretically consistent cost frontier. 

 

On the other hand, estimating equation (2) under the Bayesian framework requires setting 

priors for the estimable parameters. Priors summarise information about the parameters 

of interest before such knowledge is updated using the observed data (Kleit and Terrell, 

2001; Coelli et al., 2005). Hence, this step is important because information contained in 

the priors will influence the quality of posterior inference. In particular, we are interested 
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in estimating the posterior densities of coefficients   , variance ( v ), and efficiencies 

( u ), conditional on the sample data. We specify flat/diffuse or uninformative priors for 

coefficients to express ignorance and allow information from the observed data to 

dominate the posterior distribution.  

 

For the parameterisation of the normal distribution, it is technically easier to work with 

the precision parameter ( h ) rather than the variance (
2

v ). Additionally, a gamma prior 

distribution is a suitable choice for the inverse of the variance parameter ( h ) because it 

provides for the estimation of proper posterior distributions (i.e. yields a density that 

integrates to one and is therefore a correct density function) (Kleit and Terrell, 2001). 

Thus, substituting the variance parameter for the precision term, the prior distribution is 

expressed as follows: 
1 2 1~ (0, ) ( )vv N h h    . We assume ~ (0.001,0.001)h G  where 

0.001 represent the values assigned for the shape and scale parameters, which implies 

assigning weak (diffuse) priors for the variance parameter (
2

v ). Finally, we assume that 

the non-negative inefficiency term follows a normal exponential-normal distribution with 

mean 1  , such that ~ ( )u Exp  . The exponential distribution is preferred over other 

distributions because it is robust to prior assumptions about parameters (van den Broeck 

et al., 1994; Kleit and Terrell, 2001). And the parameter of the inefficiency distribution 

is assumed to be 
*~ ( ln( ))Exp r  , where 

* (0,1)r   and *r represents median efficiency 

of the sampled farms. We set *r equal to 0.7 based on cost efficiency estimates from 

previous studies conducted in Malawi (Hazarika and Alwang, 2003; Maganga et al., 

2013) and in other regions (e.g. Haji, 2007; Thanh Nguyen et al., 2012; Abdulai and 

Abdulai, 2016). We also experimented using a range of *r values (higher and lower than 

0.7) but the results were robust to the choice of *r .  
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The regularity conditions (monotonicity and curvature) are imposed over a region of 

positive prices where inference is drawn, defined as a range of relative price ratios (Kleit 

and Terrell, 2001). These regularity restrictions are imposed by constructing an indicator 

function ( )I   that equals one if these conditions are satisfied, or is zero otherwise 

(Terrell, 1996; Kleit and Terrell, 2001; Coelli et al., 2005;  Griffin and Steel, 2007). For 

an empirical procedure, we use WinBUGS to employ the Markov chain Monte Carlo 

(MCMC) sampling algorithm that generates the final posterior density through iterative 

random sampling from the joint distribution of the model parameters (Spiegelhalter et al., 

2003; Griffin and Steel, 2007). A total of three chains were used and 200,000 iterations 

were sufficient to achieve model convergence. In Bayesian analysis, it is standard practice 

to discard the initial iterations because these iterations are strongly influenced by the 

starting values (Terrell, 1996; Brooks and Gelman, 1998; Gelman and Shirley, 2011). 

Therefore, a total of 20,000 iterations were discarded in an initial burn-in phase and the 

remainder (180,000 iterations for each of the three parallel chains) were retained to 

monitor posterior densities for the estimates. 

 

Effective convergence of Markov chain simulation is achieved when posterior densities 

for the parameters no longer depend on the starting values of the simulation (Brooks and 

Gelman, 1998). For our Bayesian model (M2), we monitored, in two ways, if the model 

had achieved reasonable convergence. First, we monitored the Monte Carlo error for the 

parameters, which indicate the computational accuracy or how much of variations in the 

posterior sample are attributable to the noise generated by the sampler (Spiegelhalter et 

al., 2003; Ntzoufras, 2011). A rule of thumb is to increase the number of simulations until 

the Monte Carlo error for each parameter of interest is less than about 5% of the sample 

standard deviation (Spiegelhalter et al., 2003). Second, we monitored the Gelman-Rubin 

convergence plots and trace plots. At convergence, multiple chains are expected to have 
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fully mixed when these chains overlap one another and the Gelman-Rubin statistic ( ˆ
cR ) 

converges to its reference value of one (Brooks and Gelman, 1998; Spiegelhalter et al., 

2003; Gelman and Shirley, 2011;  Ntzoufras, 2011).  

 

4.3 Data description 

We use survey data collected from 328 maize farmers randomly selected from Kasungu 

and Mzimba districts in Malawi. The survey was conducted in the 2013/14 cropping 

season. These districts are part of the medium-altitude agro-ecological zone of the 

country. A subdivision of this agro-ecological zone is the Kasungu–Lilongwe plain. This 

zone is one of the areas where legume-based conservation agriculture is most dominant 

among smallholder maize and legume farmers in Malawi. 

 

The survey followed a three-stage random sampling approach. First, the study zones were 

selected based on Ministry of Agriculture administrative demarcations, known as 

extension planning areas (EPAs). The EPAs are district-level administrative units 

established to coordinate and oversee the execution of extension services across the 

country. The second step involved the choice of an EPA section. An EPA section is the 

lowest unit of administration in the Ministry of Agriculture hierarchy. Subsequently, 

maize-legume producers were identified from each EPA section. This procedure was 

done to establish a sampling frame. Third, after the selection of EPA sections and 

enumeration of maize-legume producers were completed, face-to-face interviews were 

conducted with a set of randomly chosen respondents (household heads). Using a 

structured questionnaire, these respondents were asked to provide information regarding 

the cost of maize production. The study also collected information regarding amount of 

maize harvest and factor prices for the following commonly used inputs: fertiliser, 
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purchased seed, and hired labour. These variables (output and factor prices) are standard 

regressors included within a cost function. Other survey details and sample 

representativeness are described in (Khataza et al., 2017).  

 

Table 4.1 presents descriptive statistics for the data. The farms are categorised as small if 

the size of the operated area equals or falls below the median area of 2 acres; otherwise, 

the farms are classified as large. Although our data is cross-sectional, the major sources 

of intra-season price variability can be attributed to differences in the geographical 

location of markets and the timing of farm input purchases. For example, some farmers 

purchase their farm inputs soon after the harvest period, while others wait for the 

commencement of the cropping season. On average, it cost MWK 25000 or US$71 per 

acre to produce maize, given the prevailing market prices for fertiliser, labour and maize 

seed. Furthermore, small farms, on average, incurred higher production expenditure than 

large farms. 
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Table 4.1: Descriptive statistics for the sample data 

Variable Notation 

Pooled 

(n = 328) 
 

Small farms  

(n = 203) 
 

Large farms  

(n = 125) 

Mean SD.  Mean SD.  Mean SD. 

Total variable cost 

(MWK/acre) 
C 24,958 22,310  28,996 25,335  18,401 14,036 

Maize grain 

quantity (kg/acre) 
y 520 410  585 460  416 285 

Fertiliser price 

(MWK/kg) 
w1 222 138  219 150  228 116 

Maize seed price 

(MWK/kg) 
w2 209 292  201 324  223 231 

Wage rate 

(MWK/acre) 
w3 637 1647  552 1654  774 1634 

Cultivated area 

(acres) 
z1 2.23 1.52  1.38 0.52  3.61 1.60 

Gender (=1 if male; 

0 otherwise) 
z2 0.54 0.50  0.49 0.50  0.62 0.49 

Farmer club (=1 if 

member; 0 

otherwise)  

z3 0.70 0.46  0.69 0.46  0.71 0.45 

Credit rationing z4 0.19 0.39  0.20 0.40  0.17 0.38 

MWK = Malawi Kwacha; Exchange rate: 1 US$ = MWK350 at the time of the survey 

 

We also seek to investigate factors that affect cost-efficiency heterogeneity among 

smallholder maize farmers. The environmental variables considered are the size of the 

cultivated area, gender of the household head, membership to farmer association and 

loan-size rationing (credit-supply constraints). Credit rationing is a supply-side constraint 

that occurs when lenders do not disburse loans according to the borrower’s demand 

(Simtowe et al., 2008; Mason, 2014). To identify credit-rationed households, we use the 

direct elicitation approach, where we ask each farmer a series of questions revealing their 

credit demand and supply situation (Boucher et al., 2009; Fletschner et al., 2010; Mason, 
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2014). First, each sampled farmer was asked if they experienced any liquidity constraints 

or the need to seek farm credit in the 2013/14 crop season and, if they did, whether such 

a farmer applied for a loan from formal lenders (i.e. expressing credit demand). Second, 

applicants were asked how much credit was granted (measure of credit supply) whereas 

non-applicants were considered as self-sufficient (if they did not need any credit) or as 

discouraged potential borrowers who failed to meet the lender’s selection criteria e.g. due 

to lack of collateral and high interest rates. We are concerned with credit rationing among 

applicants as a reasonable indicator of supply-side credit constraints because failure to 

apply for a loan could also imply lack of farmer’s confidence and capacity to repay the 

loan. Failure to apply for a loan from formal lenders could also imply that such farmers 

had already devised alternative plans either to intensively utilise non-market resources 

(e.g. own-saved seeds and manure) or to seek loans from informal lenders and peers 

within their social network. Using this information, we constructed a credit rationing 

variable defined as a measure of unsatisfied demand or a shortfall between the amounts 

of credit demanded ( )cD  and supplied ( )cS  as follows: ( )c c cCR D S D  .  

 

The intensity of credit rationing ranges between zero and one; a value of one indicates 

that an applicant was totally rationed and a value of zero means that the farmer’s credit 

demand was fully satisfied. Nearly 19% of the sample experienced loan-size rationing, 

since these farmers were granted an amount of credit that was less than what they had 

anticipated. Such an outcome could result from imperfections in the microfinance market 

in two ways (Simtowe et al., 2008; Mason, 2014). First, credit rationing may signify a 

lender’s perception that a borrower lacks capacity to repay the loan, revealing the lender’s 

risk aversion regarding borrower’s credit worthiness. Second, credit rationing could also 

imply a lenders’ lack of capacity to satisfy the borrower’s demand. 
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4.4 Results and discussion 

Table 4.2 presents the results of the maximum likelihood and Bayesian stochastic cost 

functions. The table constitutes three main sections: the top part shows the stochastic cost 

function estimates, the middle part shows the effects of z-variables on the levels of cost 

efficiency, and the bottom part has the model diagnostic parameters. One of the key test 

parameters is gamma (). The parameter gamma provides the justification for using the 

stochastic frontier model, as opposed to the standard production function (Henningsen, 

2014). Gamma is computed as the ratio of the inefficiency error variance and total error 

variance 
2 2( )u    and lies between zero and one. A gamma value of zero signifies 

an absence of inefficiency in the data and thus, whether the inclusion of the inefficiency 

term is irrelevant (Karagiannis and Sarris 2005; Rahman 2009; Henningsen, 2014). Based 

on our maximum likelihood results, the estimated value of gamma is greater than zero in 

both the unrestricted (M0) and restricted (M1) models. The imposition of monotonicity 

caused an increase in the value of gamma from 0.28 in M0 to 0.38 in M1. However, 

having controlled for the factors that affect cost inefficiency, the estimated gamma values 

for the restricted and unrestricted models are not statistically significant (p = 0.1). 
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Table 4.2: Parameter estimates for the restricted and unrestricted translog cost function 

Variable  
Unrestricted model (M0)  Two-step nonlinear optimisation model (M1)  Bayesian inference (M2) 

Coef. Estimate z value Pr(>|z|)  Min. dist. Coef Adj. coef Corrected coef z value Pr(>|z|)  Coef. Estimate 95% CI 

ln y  0.35*** (0.06) 5.52 0.00  0.32 0.27     0.43 (0.00) 0.30 - 0.56 

1ln w  0.71*** (0.03) 22.63 0.00  0.65 0.60     0.73 (0.00) 0.66 - 0.80 

2ln w  0.11*** (0.04) 3.08 0.00  0.19 0.14     0.11 (0.00) 0.03 - 0.18 

11ln y  0.12*** (0.03) 4.20 0.00  0.05 0.00     0.12 (0.00) 0.06 - 0.18 

1ln .lny w  0.07*** (0.02) 3.46 0.00  0.02 -0.03     0.05 (0.00) 0.01 - 0.09 

2ln .lny w  -0.06*** (0.02) -3.15 0.00  -0.03 -0.08     -0.06 (0.00) -0.10 - -0.01 

11ln w  0.14*** (0.01) 10.68 0.00  0.08 0.03     0.13 (0.00) 0.10 - 0.15 

12ln w  -0.10*** (0.02) -6.59 0.00  -0.05 -0.10     -0.09 (0.00) -0.13 - -0.06 

22ln w  0.11*** (0.02) 5.65 0.00  0.05 0.00     0.10 (0.00) 0.06 - 0.14 

Intercept -0.43*** (0.12) -3.54 0.00  -0.29 -0.34 -0.05 (0.14) -0.36 0.72  -0.41 (0.00) -0.59 - -0.19 

lcFitted       1.00*** (0.01) 101.90 0.00    

             

Area -0.65*** (0.13) -4.97 0.00    -0.76*** (0.14) -5.39 0.00  0.50 (0.00) 0.20 - 0.83 

Gender 0.15 (0.10) 1.51 0.13    0.09 (0.12) 0.71 0.48  0.61 (0.01) 0.19 - 1.59 

Farmer club 0.01 (0.12) 0.11 0.91    -0.06 (0.14) -0.43 0.67  0.93 (0.01) 0.53 - 1.78 

Credit constraint  -0.47** (0.23) -2.01 0.04    -0.56** (0.27) -2.04 0.04  0.99 (0.02) 0.24 - 2.69 

             

Sigma2 ( 2 ) 0.32*** (0.06) 5.56 0.00    0.39*** (0.10) 4.08 0.00  0.23 (0.00) 0.17 - 0.33 

Gamma ( ) 0.28 (0.23) 1.25 0.21    0.38 (0.28) 1.37 0.17    

AIC 543    561        

DIC           567  

Mean CE 0.725    0.706  0.706    0.734  
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Our Bayesian model (M2) results show that convergence was successfully achieved; first, 

because the Monte Carlo errors are quite small (below 1%) relative to the standard 

deviations and therefore the posterior estimates obtained are precise and reliable. Second, 

the Gelman-Rubin statistic stabilised around one as expected (denoted by red line in 

Appendix 4.A1), as the number of iterations increased from 20,000 (burn-in length) to 

180,000 iterations for each of the three parallel chains. 

 

Overall, the maximum likelihood and Bayesian cost models show consistency in terms of 

the sign of the estimated coefficients. There is also consistency for the magnitude of the 

coefficients over many of the estimates. This result is not surprising, considering that we 

used uninformative priors in the Bayesian estimation that allowed for sample data to 

dominate the posterior estimates. The estimated coefficients have the expected signs for 

all of the three models; that is, they have positive values for the first order derivatives for 

the output variable and factor prices (Table 4.2 and Appendix 4.A2). This implies that the 

monotonicity requirement is satisfied at the sample mean (for the unrestricted model) and 

over a region of connected data points for the restricted models.10 The estimated 

coefficients for the first order terms can be interpreted as cost elasticities evaluated at the 

sample mean because our data was mean scaled prior to model estimation (Abdulai and 

Abdulai, 2016; Singbo and Larue, 2016; Khataza et al., 2017). Based on the size of the 

estimated coefficients, the largest proportion of the cost is attributable to fertiliser use. 

For example, the results from Model 1 suggest that a 1% increase (decrease) in fertiliser 

use would lead to a 0.6% increase (decrease) in the cost of maize production. In Malawi, 

                                                           
10 The initial model satisfied monotonicity in output and factor prices by 77%, and for each 

specific variable as follows: 95%, 99% and 81% for maize output, fertiliser price and maize seed 

price, respectively. However, the model satisfied curvature at only 35% of the data points. After 

imposing restrictions, overall monotonicity and curvature improved up to 99% and 98%, 

respectively. Furthermore, the new model achieved 0% monotonicity violations for each of the 

variables. 
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the cost of inorganic fertiliser constitutes the largest proportion of the total production 

costs. This is the case because all the inorganic fertilisers used in crop production in 

Malawi are imported and landing costs are relatively higher than what is incurred in the 

coastal parts of the sub-Sahara Africa (Jayne et al., 2003; Kelly, 2006). 

 

The coefficient for output represents a cost elasticity value of 0.43 in Model 2, implying 

that a one percent increase in output quantity will increase production costs by 0.43%, all 

things being equal. The corresponding elasticity of size (scale) is given as the reciprocal 

of the cost elasticity i.e.  
1

lnC y


   and is estimated to be 2.3. This elasticity 

measure means that if costs are increased by 1%, output quantity would increase by 2.3% 

(Ferrier and Lovell, 1990; Henningsen, 2014). Since the estimated scale elasticity is 

greater than one, the results suggest that the maize-based production system is 

characterised by increasing returns to scale. In general, this shows that the scale of 

operation is small and, as a result, farmers would increase their cost efficiency by 

expanding the size of the operated area. The finding of increasing returns to scale is 

consistent for all of the three models, where the estimated returns to scale range from 

2.3% to 3.7%. Given that the size of the estimated returns to scale are greater than one, it 

is justifiable to model this production system using a flexible functional form, as we have 

done. 

 

4.4.1 Cost efficiency prediction and sources of inefficiency 

Table 3 presents cost efficiency (CE) scores obtained from the three models. Recall that 

the cost inefficiency measure in Equation (4) represents combined resource use 

inefficiencies arising from both technical and allocative errors. Therefore, it is not 

possible to decompose the two inefficiency components with a single equation model and 
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without the input and output quantities or cost share data (Kumbhakar and Lovell, 2003; 

Kumbhakar et al., 2015). For this reason, we report cost inefficiency as a joint measure 

of input-oriented technical inefficiency and allocative inefficiency. The cost efficiency 

estimates are quite stable across the three methods and the estimated mean efficiency 

score is 0.73 for each of the three models. This is the case because the quality of the 

production data was not seriously irregular, indicating that small improvements were 

achieved after imposing theoretical consistency restrictions. However, the overall 

distribution of the efficiency estimates differ among the three models (Table 4.3; Figure 

4.1). In other words, the three models produced efficiency ratings that differ in the range 

and spread of the estimates. This difference arises from minor violations (or lack of 

imposition) of the theoretical regularity conditions. 

 

Table 4.3: Comparison of cost efficiency measures between restricted and unrestricted 

models 

 Mean 95% CI  H0 t-value 
WSR 

score 

K-S 

score 
Decision 

CE0 0.725 0.71- 0.74  CE0 - CE1 = 0 10.91 11.26 0.45 Reject H0 (p<0.001) 

CE1 0.706 0.69- 0.72  CE0 - CE2 = 0 -1.77 -1.59 0.68 Reject H0 (p<0.01) 

CE2 0.734 0.72- 0.75  CE1 - CE2 = 0 -6.38 -6.08 0.68 Reject H0 (p<0.001) 

Note: CE0 denotes cost efficiency resulting from unrestricted model, whereas CE1 and CE2 denote cost 

efficiencies obtained from the nonlinear optimisation method and the Bayesian inference approach, 

respectively; WSR= Wilcoxon signed-rank test; K-S= Kolmogorov-Smirnov test; CI=confidence interval 

 

We formally test the hypothesis that there is no difference between the cost efficiency 

measures obtained from the restricted and unrestricted models (Table 4.3). To do this, we 

compare a pair of matched cost efficiency scores using two nonparametric tests for 

equality of distributions, the Kolmogorov-Smirnov (K-S) test and Wilcoxon signed-rank 

(WSR) test to complement the t-test, which assumes normality of the distributions. The 
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two nonparametric tests are suitable for testing the distribution assumption regarding 

continuous variables from carefully matched samples (Rozek, 1988; Baumgartner et al., 

1998). This comparison shows that estimated efficiency scores are lowest for the two-

step nonlinear optimisation model and highest for the Bayesian inference approach, and 

these efficiency estimates are statistically different among the three methods of analysis 

(Table 4.3). However, we can suggest that the two-step nonlinear optimisation procedure 

(M1) yielded reasonable estimates, given that the estimates from the Bayesian inference 

approach (M2) were relatively close to those obtained from the unrestricted model (M0). 

This is a result of using non-informative priors that allow sample data to dominate the 

joint posterior densities of the parameters. In other words, the Bayesian estimates are 

expected to coincide with the results obtained from the classical model, given that the 

noninformative prior distribution was chosen. This could also be due to the exponential 

distribution, which is considered to be less sensitive to the choice of priors (van den 

Broeck et al., 1994; Kleit and Terrell, 2001).  

 

Figure 4.1: Kernel density of efficiency measures for the restricted and unrestricted cost 

functions 
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To explain how different covariates affect cost efficiency, we consider the sign of the 

estimated coefficients for the environmental variables included in the model. A positive 

(negative) sign implies that a variable associated with such a coefficient increases 

(reduces) inefficiency (Abdulai and Abdulai, 2016). Overall, farmers operating larger 

farm sizes are relatively more cost efficient than their counterparts who operate small 

farms. The results show that small farms are less efficient by a margin of 13-19% (Table 

4.4).  

 

Table 4.4: Comparison of cost efficiency measures between small and large farms 

 Small farms (n = 203)  Large farms (n = 125)  Diff. t-value 
Mean 95% CI Mean 95% CI 

CE0 0.65 0.63 - 0.67  0.84 0.83 - 0.85  0.19 14.94 

CE1 0.63 0.61 - 0.65  0.82 0.81 - 0.84  0.19 14.14 

CE2 0.69 0.67 - 0.71  0.81 0.80 - 0.83  0.13 8.62 

Overall  0.63 – 0.69   0.81 – 0.84   0.13 – 0.19  

 

The finding that large farms are more cost efficient relative to small farms is consistent 

with previous studies conducted in Malawi (e.g. Hazarika and Alwang, 2003). Further, 

the results show that credit rationed households are more cost efficient. This finding is 

intuitive in terms of the principle of allocative efficiency, such that those farmers who 

were denied credit or were granted partial amounts had to spend less on purchased inputs, 

and perhaps, compensated the input shortfall by utilising non-market resources, such as 

organic fertilisers and recycled seed (Hazarika and Alwang, 2003). Another explanation 

could relate to the fungibility nature of financial loans, which implies that some volume 

of credit may easily be diverted to consumption activities (the disguised purpose of credit) 

rather than being spent on production activities (the stated purpose of credit). Similarly, 

Abdulai and Abdulai (2016), using a zero inefficiency stochastic frontier model (ZISF), 
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found that a sample of Zambian maize farmers who experienced liquidity constraints and 

sought credit were more cost inefficient than those who did not. 

 

4.4.2 Output and factor price elasticities  

We compare elasticities estimated from the models with and without imposing regularity 

conditions, denoted as M1 and M0 respectively. The elasticity estimates for the restricted 

and unrestricted models are presented in Table 4.5. The results show that mean elasticities 

for output and fertilisier price are higher for the unrestricted model than those estimated 

from the restricted model. Thus, the unrestricted model overestimates the cost 

contribution of fertiliser and output. Intuitively, this shows that merely relying on the 

unrestricted model could lead to less precise conclusions or recommendations drawn from 

such elasticity measures. We note that the size of the estimated elasticities in the present 

study are smaller than those obtained in a study conducted by Maganga et al. (2013) 

which examined the potato sector in Malawi. However, our elasticity estimates are 

comparable to previous studies conducted in the region (e.g. Obare et al., 2003; Adesina 

and Djato, 1997). 

 



The Economics of SAI Technologies in Malawi 

104 

 

Table 4.5: Partial production elasticities of output and factor prices 

 
Unrestricted model (M0) Restricted model (M1) 

H0 t-value WSR score K-S score Decision 
Mean 95% CI Mean 95% CI 

ye  0.320 0.303 — 0.337 0.290 0.283 — 0.297 
0 1

y ye e  5.36 6.85 0.62 Reject H0 (p<0.001) 

1we  0.845 0.817 — 0.873 0.780 0.761 — 0.799 
0 1

1 1w we e  11.71 10.66 0.59 Reject H0 (p<0.001) 

2we  0.152 0.132 — 0.172 0.209 0.200 — 0.219 
0 1

2 2w we e  -11.04 -10.23 0.63 Reject H0 (p<0.001) 

3we  0.003 -0.014 — 0.0.21 0.010 -0.005 — 0.026 
0 1

3 3w we e  -5.76 -5.80 0.72 Reject H0 (p<0.001) 
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4.5 Conclusions 

Most of the parametric applications in the efficiency literature tend to use flexible 

functional forms, particularly the translog specification. Unfortunately, the majority of 

previous studies have tended to ignore checking the regularity properties (i.e. positivity, 

monotonicity and curvature) and, therefore, have explicitly or implicitly assumed that the 

estimated production technology is well-behaved. For those studies that have considered 

checking if these properties hold, most of them have confined their efforts to local 

inspection; that is, testing for the regularity conditions at the mean of the sample data. 

This local approach to checking theoretical consistency is not sufficient for sample data 

with heterogeneous features. In this paper, we assess the consequences of ignoring these 

properties, in terms of efficiency estimates, slope parameters and elasticities. We employ 

a two-step nonlinear optimisation procedure and the Bayesian inference to impose these 

regularity conditions, when they are violated.  

 

Our results show that imposing regularity conditions yields credible estimates and these 

estimates are statistically different from those obtained when the regularity conditions are 

violated (less precise estimates). Overall, curvature improved by 53%; up from 35% to 

98%, whereas monotonicity improved by 22%; up from 77% to 99%. Similarly, imposing 

regularity conditions made reasonable improvements in the efficiency and elasticity 

estimates.  

 

Furthermore, the results show that the size of the operated area and credit rationing are 

the critical factors that affect the level of cost inefficiency among maize producers. We 

find evidence that farmers who operate small farms are less cost efficient than those 

operating relatively large farms. Thus, farmers operating relatively large farms potentially 
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experience benefits arising from economies of scale. In addition, households with binding 

borrowing constraints tend to be more cost efficient. This result highlights the fungibility 

nature of financial loans, which implies that loans that are disbursed in-cash can easily be 

diverted to unintended and non-productive activities such as payment for medical bills or 

the purchase of food and other consumption goods. Thus, there is a need to disburse 

material (in-kind) loans such as farm inputs whenever the risk of loan diversion is 

substantially high. In addition, incidences of credit diversion could be reduced if the poor 

and vulnerable households can be targeted as beneficiaries of safety-net programs, where 

such programs are available. Overall, the results underscore the need to heed regularity 

conditions that are implied by economic theory for any empirical analysis to deliver 

precise and consistent policy recommendations. 
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Figure 4.A1: Gelman-Rubin convergence diagnostic plots for the coefficient estimates 
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Figure 4.A2: Density plots of the parameter estimates  
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CHAPTER 5 

Information acquisition, learning and the adoption of conservation 

agriculture in Malawi: a discrete-time duration analysis11 

 

This paper has been submitted for peer review as: 

Khataza, R.R.B, Doole G.J., Kragt M.E., Hailu A. Information acquisition, learning and 

the adoption of conservation agriculture in Malawi: a discrete-time duration analysis. 

Submitted to Journal of Technological Forecasting and Social Change 26 March 2017 

 

5.0 Abstract 

Understanding factors that influence the adoption of agricultural innovations is 

imperative to stakeholders promoting such technologies as well as farmers who are the 

potential users of the same. Using a discrete-time duration model, this study identifies 

factors that determine the timing of adoption of conservation agriculture in Malawi. We 

establish that social learning through a network of peers, and access to extension advisors 

facilitate quick adoption of conservation agriculture technologies. Further, our results 

show that farmers who became aware of the existence of conservation agriculture during 

years of drought-hazards were highly likely to adopt these practices. The results highlight 

the need for strengthening and targeting social networks as conduits for information about 

new technologies. (JEL-codes C41, O33, Q12, Q24) 

Key words: Africa, adoption and diffusion, survival analysis, social learning, 

sustainable agricultural intensification  

                                                           
11 An initial version of this paper benefited from constructive comments given by Professor James 

Vercammen of The University of British Columbia. 
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5.1 Introduction  

Recent efforts to improve agricultural productivity in Africa have focused on the 

promotion of low-cost sustainable land-care strategies such as conservation agriculture 

or CA (Giller et al., 2009; Teklewold et al., 2013; Andersson and D'Souza, 2014; Manda 

et al., 2016). Despite the widespread promotion of CA technologies, the adoption of these 

practices has been slow and modest in Africa and elsewhere (Giller et al., 2009; 

Teklewold et al., 2013; Andersson and D'Souza, 2014; Pannell et al., 2014; Manda et al., 

2016). The low rate of adoption for these technologies is a result of a diverse range of 

factors. Notable factors include: 1) farmer’s behaviour and attitude towards risk (Ghadim 

et al., 2005); 2) limited availability of key farm resources such as land and labour, and 

competing uses of crop residues (Pannell et al., 2014); 3) imperfections in the capital 

markets and liquidity constraints, especially when herbicides are part of the CA package 

(Teklewold et al., 2013; Pannell et al., 2014; Parks et al., 2015); 4) weak property rights 

to land and tenure insecurity (Teklewold et al., 2013; Parks et al., 2015) and 5) imperfect 

information and uncertainty regarding CA’s benefits (Giller et al., 2009; Pannell et al., 

2014).  

 

Farmers’ lack of information related to the performance of CA technologies is one of the 

key reasons responsible for their slow adoption in different geographic regions 

(Andersson and D'Souza, 2014; Pannell et al., 2014; Parks et al., 2015). As a result, the 

role of information acquisition on adoption decisions has been frequently studied, albeit 

using static binary-choice models such as logit or probit specifications (D'Emden et al., 

2006; Teklewold et al., 2013). These dichotomous-choice models evaluate adoption as a 

one-shot decision occurring at some date. Yet, such an approach conceals important 

policy information regarding the timing and speed of technology adoption (Besley and 
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Case, 1993; Sunding and Zilberman, 2001; Abdulai and Huffman, 2005; Moser and 

Barrett, 2006; Foster and Rosenzweig, 2010).  

 

Investigating the timing of technology adoption provides insights in two ways. First, 

earliness of adoption partly reflects a farmer’s level of innovativeness or receptiveness to 

new technologies (Rogers, 1995; 2002). Second, rapid adoption of a new technology 

implies that the technology is perceived to possess inherently-beneficial features that 

could potentially address the challenges experienced by its intended users (Rogers, 1995; 

2002). Therefore, an analysis of the time-to-adoption for a technology or technologies 

can contribute to a clearer understanding of the factors that influence their diffusion, and 

thus guide policy interventions that promote these practices. As an alternative to fertiliser-

based soil amendments, CA practices play an important role in terms of harnessing 

economic benefits (e.g. labour savings and productivity improvements) and 

environmental services, such as erosion control and carbon sequestration (Knowler and 

Bradshaw, 2007; Giller et al., 2009; Manda et al., 2016). 

 

The objective of the present study is to investigate the role of information acquisition on 

the timing of technology adoption, using minimum tillage and crop residue-retention as 

examples of CA practices. Unlike crop association or rotation that farmers widely 

perceive as part of the typical integrated maize-legume farming system, these two CA 

principles are regarded as relatively new management practices in the study area (Mloza-

Banda, 2003; Ito et al., 2007; Andersson and D'Souza, 2014; Ngwira et al., 2014). Thus, 

the two practices are ideal for an adoption study. We hypothesise that delayed investment 

or under-investment in CA technologies could arise from insufficient information for two 

reasons: 
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1. Even if farmers are aware about the existence of a new technology, they could 

still be uncertain about how best to use such a technology from a technical 

perspective (Foster and Rosenzweig, 2010; Genius et al., 2013). 

2. New technologies can be perceived as riskier than conventional ones given that 

uncertainty exists with respect to their performance across both space and time 

(Rogers, 1995; Foster and Rosenzweig, 2010; Pannell et al., 2014).  

 

Imperfect information and uncertainty regarding CA’s benefits will then delay its 

adoption. Where farmers do not have access to researcher-coordinated experiments, 

social learning through peers (homophily exchange) becomes a vital source of 

information about new technologies (Rogers, 1995; Foster and Rosenzweig, 2010; Genius 

et al., 2013; Krishnan and Patnam, 2014). For example, farmers can learn about CA’s 

performance by observing the plots of early adopters or through interaction with their 

acquaintances who are familiar with such technologies (Moser and Barrett, 2006; 

Maertens and Barrett, 2013; Krishnan and Patnam, 2014).  

 

We contribute to the literature by providing empirical evidence on the determinants of 

time-to-adoption for sustainable land-care technologies, using a discrete-time duration 

analysis framework (DT-DA). To the best of our knowledge, this is the first application 

of the DT-DA approach to assess the timing of adoption of these sustainable land-care 

technologies. With some exceptions (e.g. Porterfield, 2001; Burton et al., 2003; 

Goncharova et al., 2008; Tiller et al., 2010; An and Butler, 2012; Bontemps et al., 2012), 

the DT-DA approach has been less widely applied in the agricultural and resource 

economics literature, yet this method has considerable theoretical and empirical 

convenience (Singer and Willett, 1993; Jenkins, 1995; Rabe-Hesketh and Skrondal, 
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2012). The DT-DA framework is suitable for modelling the occurrence of continuous-

time events where data have been recorded at discrete-time intervals (Jenkins, 1995; Box-

Steffensmeier and Jones, 2004; Rabe-Hesketh and Skrondal, 2012). In practice, it is fairly 

common to record continuous-time adoption data as grouped or interval data. For 

example, due to the unavailability of reliable panel data, the majority of micro-level 

studies examining the timing of adoption of agricultural technologies tend to rely on recall 

data (Besley and Case, 1993; Fuglie and Kascak, 2001; Burton et al., 2003; Moser and 

Barrett, 2006; An and Butler, 2012). Such retrospective data are usually reported on 

interval-censored scales, such as months or years (Burton et al., 2003; Jenkins, 2005; An 

and Butler, 2012). Thus, it is reasonable to use discrete-time duration models rather than 

the continuous-time specifications that have been extensively applied in previous studies 

investigating the timing of adoption of resource-conserving technologies (eg Fuglie and 

Kascak, 2001; D'Emden et al., 2006; Genius et al., 2013). Besides their suitability to 

handle interval-censored data, DT-DA models can also accommodate other forms of data 

censoring, which include left-censoring and right-censoring. Given that some households 

will not have adopted the technology by the end of the study period, right censoring is 

inevitable. On the other hand, left-censoring is applicable where some farmers may report 

having adopted agricultural technologies earlier than the anticipated entry date. A naïve 

approach could involve deleting right-censored observations from the sample. However, 

such an approach leads to sample-selection bias, which could yield inefficient parameter 

estimates (Rabe-Hesketh and Skrondal, 2012). Furthermore, exclusion of censored data 

involves discarding useful information that can help explain the phenomenon under study 

(Singer and Willett, 1993; Rabe-Hesketh and Skrondal, 2012). Fortunately, discrete-

duration analysis can easily handle all of the three forms of data censoring described 

above (Porterfield, 2001; Burton et al., 2003; Jenkins, 2005; Bontemps et al., 2012; Rabe-

Hesketh and Skrondal, 2012). 



The Economics of SAI Technologies in Malawi 

117 

 

The rest of the paper is organised as follows. In the next section, we present a theoretical 

framework underlying optimal learning and the timing of adoption decisions. This is 

followed by an empirical model for our analysis. In Section 5.3 we give a brief description 

of the study area and data. Empirical results are presented and discussed in Section 5.4. 

Finally, Section 5.5 presents the study conclusions. 

 

 5.2 Theoretical framework 

Consider a farmer who, in the present cropping season 0( )s , has the technology choice 

set consisting of two mutually exclusive land-care alternatives represented by 

( , )jL CA CT , where CA is a green technology and CT is a conventional (brown) 

technology. By adopting one or both of the two land-care technologies, a farmer derives 

some economic and environmental benefits denoted by 

 0( ); ( )   0,1,2,..........,j t ts s s t t T    .12 Accordingly, the expected net present value 

(NPV) of a stream of discounted benefits for the thi  farmer is given by 

 ( ), ( )i CA t CT tV s s  .  

 

There is an incentive for the farmer to adopt the green technology if its benefits are greater 

than those derived from the conventional technology. Thus, the farmer’s propensity to 

invest in any CA technology follows the standard NPV criterion given as 

                                                           

12 0s denotes the inception period for the new technology, i.e. the time when farmers start learning 

about the existence of the new technology within their proximity, whereas t  and T represent the 

adoption date and end of the study period, respectively. It is likely that some farmers will not have 

adopted the new technology up to time T , hence such farmers are liable to right-censoring. In 

retrospective data, adoption time t  is recorded discretely, usually in years. 
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   * ( ) ( ) 0CA CA t CT CT tV V s V s     (Sunding and Zilberman, 2001; Abdulai and 

Huffman, 2005; Goncharova et al., 2008; Song et al., 2011; Genius et al., 2013). We 

assume, as in real option theory, that investments are uncertain and irreversible. The 

irreversibility characteristic implies the importance of sunk costs, such that it is costly for 

a farmer to recover investments already committed in a cropping season13 (Dixit and 

Pindyck, 1994; Song et al., 2011; Genius et al., 2013). Therefore, the farmer’s problem 

concerns whether to adopt and, if so, when to adopt the available CA technology and 

optimise the investment benefits 
*( )V  associated with this decision. There are two options 

to consider: adopt CA in the current season 1( )s , if the technology is worthwhile, or wait 

for more information and adopt it in the future,   1( )   2,3,..........,ts s t t T   , after 

validating its prospects. 

 

A farmer reduces the uncertainty about the technology by gathering more information 

from at least three channels: extension agents, early adopters (peers or social network 

members) and self-learning or learning-by-doing (Rogers, 1995; Ghadim et al., 2005; 

Genius et al., 2013). In each subsequent cropping season(s), potential adopters update 

their expectation about the prospects of the new technology 
*( )V , given the information 

gathered up to that time. The optimal time of terminating this information-search 

coincides with the time when a farmer builds a favourable perception of the new 

technology, hence the farmer adopts the technology at this point. Otherwise, the adoption 

                                                           
13 In real option theory, the irreversibility of a technology is explained by the presence of sunk costs that 

are incurred, in this case, at the beginning of the cropping season. Once these costs have been committed, 

it is costly to reverse. For annual crops and CA technologies, the decision whether or not to continue with 

the present technology is revised at the end of each harvest period i.e. the end of investment horizon. 
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decision is postponed while the farmer continues to look for extra information in favour 

of this technology (Sunding and Zilberman, 2001; Genius et al., 2013). 

 

Since sustainable land-care technologies supply multiple benefits, including non-

marketable services that may be difficult to value (e.g. carbon sequestration, soil organic 

matter content, and water infiltration capabilities), the complete benefit function, 

 * (.)V  , is considered as a latent function. Thus, the *V which the landowner aspires 

to optimise is obscure to the analyst. However, the occurrence of an adoption decision 

within the study time ( 1,2,..., )t T  acts as a proxy indicator revealing the optimal length 

of learning or information acquisition, as well as the likelihood that the new technology 

is perceived to be beneficial to the land-owner i.e. * 0V  . We therefore observe the 

farmer’s technology adoption decision as follows: 

*

*
| 1,2,..,

1 (.) (.) 0
(1)

0 (.) (.) 0t

CA CTt T

s t T
CA CTt T

if V V
Adopt

if V V

V

V





   
 

  

 

This binary characterisation of the adoption decision mimics that used in earlier work 

(e.g. Teklewold et al., 2013). However, our work deviates from this established literature 

through modelling the dynamic adoption decision using a discrete-time duration or hazard 

function, which gives the probability that a farmer who has not adopted CA technologies 

in crop season ts  will adopt in the subsequent season 1ts   (Abdulai and Huffman, 2005; 

Goncharova et al., 2008; Tiller et al., 2010; Genius et al., 2013). 

 

5.2.1 Discrete-time duration model of technology adoption 

In the formulation of a discrete-time duration model, we are interested in the length of 

time that elapses between a farmer’s time of exposure to CA practices and the actual 
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adoption year. Let the discrete adoption time, in years, be represented by a random 

variable 0T  . Therefore, the frequency distribution of time-realisation t, which denotes 

technology adoption, can be represented by the probability density function ( )f t . 

Furthermore, let ( )S t  define the survival function, which gives the probability that 

technology adoption will not be realised before t i.e. ( ) Pr( )S t T t  .  

 

One of the fundamental parameters in the analysis of duration data is the hazard rate. In 

the context of adoption, the hazard function  ( )h t  assesses whether and, if so, when the 

adoption of a given technology is likely to take place. The hazard function specifies the 

probability of event failure  ( )f t  conditional on survival  ( )S t , as follows (Box-

Steffensmeier and Jones, 2004; Jenkins, 2005; Rabe-Hesketh and Skrondal, 2012):  

( )
Pr( | ) ( ) (2)

( )

f t
T t T t h t

S t
     

The conditional probability of survival is alternatively expressed in terms of the hazard 

function as Pr( | ) 1 ( )T t T t h t    . The estimation of the hazard rate proceeds via 

maximum likelihood such that both completed spells (i.e. individuals with definite 

adoption time) and censored spells (i.e. individuals whose adoption time is undefined at 

the end of the study) are included in the likelihood function. The sample likelihood 

function is the product of these two sets of independent adoption-spells (Singer and 

Willett, 1993; Jenkins, 1995; Box-Steffensmeier and Jones, 2004; Rabe-Hesketh and 

Skrondal, 2012). The likelihood contribution for a censored household corresponds to the 

survival function ( )S t , and is defined as the probability that an individual does not adopt 

within the entire study period (Singer and Willett, 1993; Box-Steffensmeier and Jones, 

2004; Rabe-Hesketh and Skrondal, 2012): 
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1

Pr( ) ( ) (1 ) (3)
t

i i i is

s

L T t S t h


      

where  1,2,.........,s t T   is the period in which individual i  adopts CA or is censored 

at the end of the study period T . The likelihood contribution from the completed spell 

within the study period ( )t T , corresponds to the probability of adoption in period t . 

This likelihood contribution is given as in Equation 4 (Singer and Willett, 1993; Box-

Steffensmeier and Jones, 2004; Rabe-Hesketh and Skrondal, 2012):  

1

1

Pr( ) ( ) (1 ) (4)
t

i t i it is

s

L T t f t h h




    

 

Given ic  as the censoring indicator defined such that 0ic   if adoption occurs 

(uncensored observation), otherwise 1ic   if an observation is right-censored. The 

likelihood for the whole sample is given by combining the independent likelihoods 

expressed in Equations (3) and (4) (Singer and Willett, 1993; Rabe-Hesketh and Skrondal, 

2012): 

   
1

1
1

1 1 1

Pr( ) Pr( ) (1 ) (1 ) (5)

i i

i i

c c
n t t

c c

i i i i i it is is

i s s

L T t T t h h h






  

   
        

   
  

where n  is the sample size.  

 

Equation (5) is operationalised by replacing ic  with iy , which depicts the farmer’s 

adoption status. For each individual in the sample, we construct a binary dependent 

variable, 
0

1
it

i c
y


  if adoption occurred in any period t T  and 

1
0

it
i c

y

  if adoption 
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never occurred until timeT . Thus, the whole-sample likelihood function is modified as 

follows (Singer and Willett, 1993; Box-Steffensmeier and Jones, 2004): 

       
1 1

1 1 1

(1 ) ( ) ( ) (6)
i

it it i

tn n
y y y y

i is is

i s i

L h h f t S t
 

  

     

5.2.2 Empirical discrete-duration model 

Typically, a full empirical model augments the effects of elapsed time and other 

covariates on the timing of adoption. Let X  represent a vector of both time-variant 

variables (e.g. age, experience and environmental conditions) and time-invariant 

covariates (e.g. gender and location). A common approach to incorporate the effects of 

both the baseline hazard and covariates on a hazard function is through the use of a 

proportional hazard (PH) specification. The generalised formulation of the PH models, as 

in the Cox PH model, is expressed as follows (Rabe-Hesketh and Skrondal, 2012): 

0( , ) ( ).exp( ) (7)i ih t x h t x 

where   is a vector of unknown parameters, and 0 ( )h t  represents a constant baseline 

hazard function which is common to all farmers within a sample. The baseline hazard 

function reflects the adoption path that a technology could follow if the effects of all 

covariates were zero (i.e. time dependence). In contrast, the relative hazard (defined as 

exp( )x  ) is conditional on covariates and thus varies for each farmer. We adopt the 

exponential specification of the hazard function as denoted in Equation (7) for two 

reasons. First, the exponential form ensures that the hazard function is automatically non-

negative, as required by definition, without imposing restrictions on   coefficients 

(Kiefer, 1988; Burton et al., 2003). Second, the interpretation of the results from this 

formulation is straightforward, such that the estimated   coefficients indicate the 

direction and magnitude of influence that any covariate exerts on the hazard rate. Thus, a 
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value of one implies no impact of a particular covariate on the hazard rate, whereas a 

value greater than one indicates a positive influence on the likelihood of event occurrence 

and vice versa (Kiefer, 1988; Fuglie and Kascak, 2001; Burton et al., 2003). 

 

To estimate Equation (7) using the DT-DA approach, we need to choose a functional form 

for the hazard rate. Any of the binary-dependent variable models, such as logit and probit 

formulations, could be used to examine the factors that affect time-to-adoption, once the 

data have been re-organised into a person-time format (Jenkins, 1995; Porterfield, 2001; 

Tiller et al., 2010; Rabe-Hesketh and Skrondal, 2012). This format enables one person to 

have multiple records from entry time up to the year when adoption occurs ( )it T  or 

the censoring time at the end of the study period ( )it T  . We parameterise the hazard 

function (Equation 7) using a complementary log-log specification (clog-log) because it 

is the discrete-time equivalent of the continuous-time PH model (Jenkins, 1995; 

Bontemps et al., 2012; Rabe-Hesketh and Skrondal, 2012). The clog-log functional form 

is specified as follows: 

0log log ( , ) ln{ ln(1 )} ( )exp[ ( ) ] (8 )

ln{ ln(1 )} ( ) (8 )

i i it i i

it it it i

c h t X e h h t X t e a

h D t X e b



 

       

    
  

where X  is a vector of covariates; D  is a time-variable capturing the effect of duration 

dependence (baseline hazard);   and   are estimable parameters; 
2~ (0, )ie N   is a 

random error term representing unobserved individual specific characteristics. The 

random error term is assumed to be uncorrelated with X . The presence of unobserved 

heterogeneity could result from a number of factors including functional-form 

misspecification and omission (inclusion) of important (irrelevant) variables (Kiefer, 

1988; Abdulai and Huffman, 2005). Failure to control for unobserved heterogeneity, if 
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present, can confound coefficient estimates and inferences about duration dependence 

(Abdulai and Huffman, 2005; Beyene and Kassie, 2015). To deal with unobserved 

heterogeneity, we incorporate the error term (Equation 8) that is assumed to follow a 

normal distribution with mean zero and finite variance equal to 2  (Jenkins, 1995; Rabe-

Hesketh and Skrondal, 2012). 

5.3. Study area, CA inception and variable description 

5.3.1 Study area and the inception of CA practices 

We use survey data collected from a total of 311 households randomly selected from 

Kasungu and Mzimba districts in Malawi. The survey was conducted in the 2013/14 crop 

season. These districts are part of the medium-altitude agro-ecological zone of the 

country. A subdivision of this agro-ecological zone is the Kasungu–Lilongwe plain. This 

zone is one of the areas where CA practices are most dominant among smallholder maize 

and legume farmers in Malawi. 

 

The survey followed a three-stage random sampling approach. First, the study zones were 

selected based on Ministry of Agriculture administrative demarcations, known as 

extension planning areas (EPAs). The EPAs are district-level administrative units 

established to coordinate and oversee the execution of extension services across the 

country. The second step involved the choice of an EPA section. An EPA section is the 

lowest unit of administration in the Ministry of Agriculture hierarchy. Subsequently, 

maize-legume producers were identified from each EPA section. This procedure was 

done in order to establish a sampling frame. Third, after the selection of EPA sections and 

enumeration of maize-legume producers were completed, face-to-face interviews were 

conducted with a set of randomly chosen respondents (household heads). A total of 341 

respondents were randomly selected for interviews, but the analysis in this chapter uses a 



The Economics of SAI Technologies in Malawi 

125 

 

sub-sample of 311 households. Using a structured questionnaire, these respondents were 

asked to provide information regarding CA technologies existent in the area, the year 

when a farmer became aware of the existence of these technologies, if and when, the 

farmer adopted any of the available CA technologies. We focus on only two CA principles 

which are relatively new in the study area. The two CA principles are minimum soil 

disturbance (minimum tillage) and post-harvest retention of crop residues (i.e. covering 

farm surface with maize stover and legume straw). 

 

Despite a long history of promoting sustainable land-care technologies in Malawi, great 

interest in CA technologies was revitalised in the 1990s after not receiving much attention 

throughout the 1980s (Mloza-Banda, 2003; Ito et al., 2007; Ngwira et al., 2014). The 

rekindled interest in CA technologies followed the need to address numerous production 

and socio-economic challenges facing the country, which include land degradation, 

down-sizing of fertiliser-subsidy programs and recurrent food shortages experienced 

from the 1990s onwards (Devereux, 2007; Ito et al., 2007; Harrigan, 2008; Andersson 

and D'Souza, 2014). As a result, a number of CA programs were promoted as part of the 

integrated soil-improvement strategies proposed by both state and non-state agencies. 

These programs incorporated various CA add-ons, such as improved maize and legume 

seeds, crop diversification, agroforestry technologies and other soil and water 

conservation practices (Ito et al., 2007; Andersson and D'Souza, 2014). In our analysis, 

we consider this period of enormous investment in CA programs (1990) as the inception 

time for minimum tillage and residue retention. Defining the inception period in this way 

helps us to correctly deal with left-censoring or delayed entry. Figure 5.1 shows the trend 

of CA awareness and adoption over the study period (1990-2014). The diffusion pattern 

exhibited in this figure shows that few farmers in the sample were aware of the existence 
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of CA technologies in the early 1990s. Instead, the popularity of these technologies started 

rising from the early 2000s.  
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Figure 5.1. CA awareness and adoption trends among smallholder maize-legume producers, 1990-2014  

  



The Economics of SAI Technologies in Malawi 

128 

 

5.3.2 Data description 

5.3.2.1 Dependent variable 

We are interested in the factors that explain the speed of transition from non-adoption to 

adoption of CA technologies. Therefore, our dependent variable measures time until 

adoption, expressed as the number of years that elapsed between the time when a farmer 

became aware of the existence of specific CA practices, and the time when that farmer 

adopted any of the two CA components. This dependent variable is constructed using 

recall data, an approach which has been widely applied in adoption studies when panel 

data is not readily available (Fuglie and Kascak, 2001; Burton et al., 2003; Moser and 

Barrett, 2006; An and Butler, 2012). The recall approach creates a quasi-panel data which 

may provide a better understanding on factors that influence adoption patterns over time, 

as depicted in Figure 5.1.  

 

Within the survey period (1990-2014), three different time spells can be distinguished 

based on a farmer’s length of time-to-adoption: 1) a complete spell, representing any 

farmer who had adopted CA within the study period; 2) a right-censored spell associated 

with any farmer who had not yet adopted CA by end of the survey period (2014); and 3) 

a left-truncated spell or delayed entry, which corresponds to a farmer whose awareness 

date occurred prior to 1990, and therefore, this farmer may have adopted CA technologies 

or was yet to adopt by 2014. We deal with left-truncation by deleting observations prior 

to the start date (1990), such that the correct likelihood contribution is restricted to only 

those observations that fall within the survey period (Jenkins, 2005; Bontemps et al., 

2012; Rabe-Hesketh and Skrondal, 2012). Only 3 and 2 farmers in the sample indicated 

that they knew about the existence of residue retention and minimum tillage prior to 1990, 

respectively (Figure 5.1). Table 5.1 describes and summarises the data. The differences 
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in the number of observations between continuous-time models and discrete-time models 

is a result of data transformation from single-case format into person-time format where 

an individual has multiple records from entry time up to the year when adoption occurs. 

The mean adoption time is estimated at five and six years for minimum tillage and residue 

retention, respectively.  
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Table 5.1 Variable description and summary statistics for the sample households 

Variable name 

  

Variable description 

  

Minimum tillage 
 

 
Residue retention 

Adopters 

(n=301) 

Non-

adopters 

(n=39) 

 Adopters 

(n=311) 
Non-adopters (n=29) 

Mean Mean  Mean Mean 

Adoption time 
Time until adoption (elapsed years from awareness to 

adoption) 
4.76 (3.67) -  6.22 (5.00) - 

Own ruminants 1 if the household owns any ruminants; =0 otherwise 0.55 (0.50) 0.46 (0.51)  0.54 (0.50) 0.55 (0.51) 

Age Age of household head (years) 
44.56 

(13.63) 

44.62 

(15.71) 
 43.95 

(13.38) 
51.21 (17.15) 

Gender  1 if the household head is male; =0 otherwise 0.57 (0.50) 0.33 (0.48)  0.54 (0.50) 0.55 (0.51) 

Education  Education of the household head (years) 6.82 (3.21) 6.53 (3.55)  6.86 (3.19) 5.96 (3.82) 

Dependency ratio 
Ratio of economically inactive members to total household 

size 
1.41 (1.26) 1.33 (1.12)  1.40 (1.17) 1.49 (1.90) 

Land holding size Total land owned (acres) 6.82 (3.54) 5.68 (3.37)  6.79 (3.50) 5.59 (3.75) 

Member of social network 1 if the household head is a member of a farmer association 0.72 (0.45) 0.54 (0.51)  0.70 (0.46) 0.62 (0.49) 

Learning through peers  
1 if peers were the main information-source about CA 

technologies 
0.23 (0.42) 0.00 (0.00)  0.20 (0.40) 0.00 (0.00) 

Learning through advisors 
1 if extension advisors were the main information-source 

about CA  
0.47 (0.50) 0.00 (0.00)  0.56 (0.50) 0.00 (0.00) 

Radio communication 
1 if radio was the main information-source about CA 

technologies 
0.26 (0.44) 0.00 (0.00)  0.21 (0.40) 0.00 (0.00) 

Livestock holding index Aggregate of tropical livestock units (TLU) 1.33 (2.67) 0.70 (1.21)  1.16 (2.34) 2.28 (4.10) 

Soil fertility 
1 if farmer rates soil fertility of their farm as poor; =0 

otherwise 
0.51 (0.51) 0.35 (0.35)  0.50 (0.51) 0.38 (0.37) 

Distance to farm Distance from homestead to the farm in hours of walking time 0.22 (0.42) 0.15 (0.37)  0.23 (0.42) 0.07 (0.26) 

District  1 if household is in Kasungu district; =0 if located in Mzimba 0.54 (0.50) 0.28 (0.46)  0.53 (0.50) 0.31 (0.47) 

Aware during the 2000s 
1 if farmer became aware of CA during the 2000s drought 

episodes 
0.09 (0.29) 0.00 (0.00)  0.13 (0.34) 0.00 (0.00) 

Aware during 2012 
1 if farmer became aware of CA during the drought episode of 

2012 
0.20 (0.40) 0.00 (0.00)  0.17 (0.38) 0.00 (0.00) 

Note: standard deviations in parentheses; Tropical livestock units (TLU) conversion factors across different livestock classes are as follows: cattle = 1.0; chicken=0.01; 

donkey=0.8; duck/guinea fowl/turkey=0.03; goat/sheep = 0.2; oxen = 1.2; pig =0.3; rabbit = 0.01 (Source: Bundervoet 2010; Njuki et al. 2011)
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5.3.2.2 Explanatory variables and potential effects on adoption 

Previous studies provide some guidance regarding factors that may explain the timing of 

adoption for new technologies (Burton et al., 2003; D'Emden et al., 2006; Beyene and 

Kassie, 2015; Mutenje et al., 2016). Based on these studies and adoption theory (e.g. 

Rogers, 1995; Pannell et al., 2014), we identify explanatory variables which include 

sources of technology information, farm characteristics and farmer or household 

characteristics. The summary statistics for these variables are presented in Table 5.1. In 

what follows we describe variable measurement and posit their possible influence on the 

timing of CA adoption. 

 

5.3.2.2a Information acquisition and learning 

Knowledge and experience boosts a farmer’s confidence on how to use the technology 

independently and could increase adoption speed. For example, Knowler and Bradshaw 

(2007) provide evidence that availability of information has a positive impact on the early 

adoption of CA technologies. We identify five variables that relate to information 

acquisition and the building of a stock of knowledge regarding new technologies. The 

first set of information variables are membership in a farmer organisation and farmer-to-

farmer exchange of information. Together, this set of variables is used to denote the level 

of social learning that is undertaken. Social interaction through direct contact with leading 

farmers or via a network of peers (e.g. within a farmer association) is a cost-effective way 

of transmitting knowledge about new technologies (Maertens and Barrett, 2013; Manda 

et al., 2016). We note that membership in a farmer association may not be an explicit 

measure of social learning as argued by Maertens and Barrett (2013), but such a variable 

still provides relevant information that can improve our understanding about the timing 

of CA adoption (Moser and Barrett, 2006; Knowler and Bradshaw, 2007; Teklewold et 
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al., 2013; Beyene and Kassie, 2015; Manda et al., 2016). The other three information 

variables included in the analysis are access to extension agents, radio communication, 

and self-learning or experience, represented by the age of the farmer. Fifty per cent of the 

farmers learnt about the existence of CA technologies through extension advisors, 

followed by mass media (radio programs) and peer exchange of information (Table 5.1) 

 

5.3.2.2b Farmer and household characteristics 

Farmer characteristics such as gender, education, and household assets may affect the 

adoption of agricultural technologies. For example, male farmers tend to have a higher 

propensity to adopt agricultural innovations than their female counterparts (Knowler and 

Bradshaw, 2007; Marenya and Barrett, 2007). This is the case because, compared to 

female farmers, male farmers usually have better access to financial capital, which could 

be used to purchase complementary farm inputs (Marenya and Barrett, 2007; Mutenje et 

al., 2016). It may also reflect the traditional dominance of household decision making by 

a given gender, in certain cultures (Parks et al., 2015; Mutenje et al., 2016). Besides the 

gender of the farmer, education levels of the decision maker, could facilitate CA adoption. 

Higher education levels are associated with innovation-seeking behaviour, improved 

information-processing capabilities and better farm management skills that could 

facilitate the timely adoption of CA technologies (Rogers, 1995). 

 

The availability of family labour is another factor that could increase CA adoption speed. 

The supply of adequate labour is necessary because certain components of CA 

technologies, such as crop residue-retention, could be labour-intensive. Generally, 

residue-retention has two peak labour requirements. The first labour peak is prior to 

planting season when crop residues are spread in the field, and the second peak is at the 
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time of weeding. Farmers have to cope with increased weeding intensities, especially 

when herbicide use is not part of the conservation package (Giller et al., 2009; Andersson 

and D'Souza, 2014). Coincidentally, smallholder farmers in Malawi find herbicides not 

only expensive, but also perceive their use as a threat to plant biodiversity and future 

productivity. Additionally, we use age structure of a household to reflect the quantity and 

quality of family labour endowment. This age structure is given by the household’s 

dependency ratio, which is expressed as a proportion of economically inactive family 

members (those aged over 65 years and children aged between 1 and 15 years) to the total 

number of household members.  

 

Livestock ownership tends to influence CA adoption both in negative and positive ways, 

depending on the type of crop-livestock synergy being exploited. For example, ownership 

of ruminants could reduce the likelihood of CA adoption because animals could graze 

crop residues, removing the opportunity to use them as a green manure (Pannell et al., 

2014). Most parts of Malawi experience a unimodal rainfall pattern; thus, most of the 

grazing areas become dry during and after the harvest season. During this period, the 

scarcity of quality feed is remarkably high and therefore deciding on whether to use crop 

residues as soil amendments or feed is a difficult choice for a farmer. On the other hand, 

livestock provide manure that, if used together with crop-residues, can enrich the quality 

of organic soil amendments and enhance crop productivity. Thus, the effect of livestock 

holding on CA adoption is ambiguous. We adopt the tropical livestock unit (TLU) as an 

aggregate measure of livestock holdings to account for heterogeneity across livestock 

classes (Bundervoet, 2010; Njuki et al., 2011). The total livestock holding size is 

computed as .i liTLU m   where li  is the TLU for the thl  livestock class owned by 
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farmer i , and m is the total number of livestock in that particular class. The higher the 

value of the TLU index, the larger the livestock holding size for the household. 

 

5.3.2.2c Farm characteristics 

Farm characteristics such as size and soil fertility status have the potential to influence 

both the scope and scale of CA technologies being adopted. As a result of the 

heterogeneity in soil types and distance to farm, farmers could selectively adopt certain 

components of CA technologies rather than adopting the complete package (Pannell et 

al., 2014). Furthermore, farm remoteness makes transporting complementary resources 

(e.g. manure and labour) from homestead to the farm more complex, and this could 

constrain CA adoption. The variable that we use to assess land quality is based on a 

farmer’s assessment of soil fertility status, given their experience regarding the 

productivity of the farm. In terms of farm size, farmers with large farms could choose to 

implement CA on some plots and retain conventional practices on other parts of their 

farm. Thus, we expect farm size to be positively correlated with CA adoption. 

5.4 Results and discussion 

5.4.1 Non-parametric estimation results 

We use the Kaplan-Meier’s graphical approach to explore the probability of survival 

(non-adoption) beyond time t , or conversely, the probability of event failure (adoption) 

after time t . This approach can give insights on the speed of adoption over the study 

period. The results of this non-parametric analysis are presented in Figure 5.2. The plots 

show that the survivor probability is falling and hence, the number of CA adopters is 

increasing over time. The advantage of using the Kaplan-Meier approach is that this 

method does not make any assumption about the functional form of the survivor function. 

However, this approach cannot explicitly model the effects of covariates. As a result, this 
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study uses both non-parametric and parametric approaches. In the next section, we present 

results estimated from the parametric models.
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Figure 5.2 Kaplan-Meier survival estimates of the time-to-adoption of CA technologies in Malawi 
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5.4.2 Semi-parametric and parametric analysis results 

5.4.2.1 Model diagnostic tests 

Table 5.2 presents the results from three sets of models estimated for each of the two CA 

technologies as follows: 1) the baseline hazard model in which the hazard rate is regressed 

on adoption-time as the only covariate, assuming that the effect of other covariates is 

inconsequential; 2) the semiparametric Cox PH model, which is estimated assuming that 

time-to-adoption is recorded on a relatively fine time interval; and 3) the complete model 

defined using a discrete-time PH specification, accounting for the effects of both 

adoption-time and other covariates. Similar discrete-time PH models were estimated 

assuming a logit and probit functional form, but the results from these models were almost 

identical to the clog-log model. We therefore report only the results of the clog-log model, 

given that it is the counterpart of the continuous-time PH model.  

 

Further analysis was conducted to test the effects of unobserved heterogeneity. The 

estimated variance parameter ( 2 ) from the models, controlling for unobserved 

heterogeneity, was nearly equal to zero (Appendix 5.A1). Thus, the null hypothesis that 

unobserved heterogeneity is not present ( 2 0  ) could not be rejected, suggesting that 

the effects of unobserved heterogeneity in the estimated models were less severe. 

Accordingly, the coefficient estimates presented in Table 5.2 are based on models 

excluding unobserved heterogeneity.  

 

A comparison of the continuous-time and discrete-time PH models shows stability in 

terms of the sign of the estimated coefficients (effects of covariates). However, there are 

slight differences in terms of the magnitude of the estimated coefficients. Overall, the 

AIC, BIC and log-likelihood statistics show that the discrete-time models (clog-log PH 
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model) fitted our data better than the alternative Cox PH model. Therefore, in the next 

section, our discussion is centred on the discrete-time PH models. 
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Table 5.2 Coefficient estimates for the Cox PH and discrete-time duration models of CA adoption time 

 
Minimum tillage 

 
Crop-residue retention 

Baseline PH 

model 

 Cox PH model  DT PH model  Baseline PH 

model 

 Cox PH model  DT PH model 

HR z-

value 

 
HR z-

value 

 
HR z-

value 

 
HR z-

value 

 
HR z-

value 

 
HR z-

value 

Own ruminants  
  

0.88 

(0.26) 

-0.42 
 

0.92 

(0.27) 

-0.29 
    

1.18 

(0.35) 

0.56 
 

1.26 

(0.39) 

0.73 

Age  
   

1.10 

(0.07) 

1.52 
 

1.09 

(0.07) 

1.45 
    

0.96 

(0.04) 

-1.02 
 

0.96 

(0.04) 

-0.93 

(Age)2 
   

1.00 

(0.00) 

-1.40 
 

1.00 

(0.00) 

-1.36 
    

1.00 

(0.00) 

0.64 
 

1.00 

(0.00) 

0.55 

Gender 
   

0.46*** 

(0.12) 

-3.09 
 

0.48*** 

(0.12) 

-3.02 
    

0.90 

(0.22) 

-0.41 
 

0.92 

(0.24) 

-0.31 

Education   
  

1.07 

(0.13) 

0.51 
 

1.10 

(0.13) 

0.81 
    

1.42*** 

(0.15) 

3.32 
 

1.42*** 

(0.15) 

3.29 

(Education)2 
   

1.00 

(0.01) 

-0.43 
 

0.99 

(0.01) 

-0.63 
    

0.98*** 

(0.01) 

-3.08 
 

0.98*** 

(0.01) 

-3.03 

Dependency ratio 
   

1.01 

(0.09) 

0.08 
 

1.00 

(0.10) 

0.00 
    

1.02 

(0.08) 

0.26 
 

1.04 

(0.08) 

0.45 

Total area  
  

1.00 

(0.04) 

-0.04 
 

1.01 

(0.04) 

0.20 
    

1.03 

(0.03) 

1.05 
 

1.03 

(0.03) 

1.00 

Member of a social 

network 

 
  

1.60 

(0.48) 

1.58 
 

1.64 

(0.51) 

1.59 
    

1.46** 

(0.28) 

1.99 
 

1.44* 

(0.28) 

1.82 

Learning through peers  
   

6.59*** 

(3.30) 

3.77 
 

6.72*** 

(3.50) 

3.66 
    

3.20*** 

(1.02) 

3.66 
 

3.24*** 

(1.06) 

3.58 

Learning through 

extension advisors 

   
4.72*** 

(1.85) 

3.97 
 

5.40*** 

(2.30) 

3.97 
    

3.39*** 

(0.93) 

4.44 
 

3.51*** 

(0.99) 

4.46 

Livestock index 
   

1.11* 

(0.06) 

1.84 
 

1.11* 

(0.06) 

1.82 
    

1.04 

(0.04) 

0.94 
 

1.04 

(0.04) 

0.91 

Distance to farm 
   

1.19 

(0.32) 

0.65 
 

1.16 

(0.33) 

0.52 
    

1.01 

(0.20) 

0.04 
 

1.00 

(0.20) 

0.00 
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Table 5.2 (continued) 

 Minimum tillage  Crop-residue retention 

Baseline PH model  Cox PH model  DT PH model  Baseline PH model  Cox PH model  DT PH model 

 HR z-

value 

 HR z-

value 

 HR z-

value 

 HR z-

value 

 HR z-

value 

 HR z-

value 

Poor soil fertility    1.70** 

(0.45) 

2.02  1.80** 

(0.49) 

2.19     1.36 

(0.26) 

1.62  1.37* 

(0.26) 

1.66 

District fixed 

effects 

   
3.33*** 

(1.12) 

3.57 
 

3.38*** 

(1.12) 

3.66 
    

1.02 

(0.24) 

0.09 
 

1.02 

(0.25) 

0.10 

Aware during 

2000-05 

   
0.31*** 

(0.10) 

-3.72 
 

0.25*** 

(0.09) 

-3.79 
    

0.74 

(0.20) 

-1.09 
 

0.68 

(0.20) 

-1.32 

Aware during 

2012 

   
3.40*** 

(1.15) 

3.63 
 

2.67*** 

(0.80) 

3.28 
    

4.77*** 

(1.68) 

4.42 
 

4.51*** 

(1.36) 

4.99 

Duration 

dependence 

                 

 D1 (1 5)t   0.05*** 

(0.01) 

-

23.71 

    
1.28 

(0.86) 

0.37 
 

0.05*** 

(0.01) 

-

24.37 

    
0.37*** 

(0.13) 

-2.75 

 D2 

(6 10)t   

0.05*** 

(0.01) 

-

13.40 

    
3.65** 

(2.44) 

1.93 
 

0.07*** 

(0.01) 

-

16.17 

    
0.91 

(0.32) 

-0.25 

 D3 

(11 15)t   

0.05*** 

(0.01) 

-

11.14 

    
3.75*** 

(1.98) 

2.50 
 

0.06*** 

(0.01) 

-

12.65 

    
0.98 

(0.37) 

-0.04 

 D4 

(16 25)t   

0.01*** 

(0.00) 

-8.53 
       

0.04*** 

(0.01) 

-

12.72 

      

Constant 
      

0.00*** 

(0.00) 

-4.98 
       

0.02*** 

(0.02) 

-3.57 

LLR -400 
  

-362 
  

-296 
  

-538 
  

-573 
  

-453 
 

AIC 807 
  

759 
  

634 
  

1084 
  

1180 
  

947 
 

BIC 830 
  

823 
  

754 
  

1108 
  

1243 
  

1069 
 

n 2408 
  

311 
  

2200 
  

2660 
  

311 
  

2433 
 

Note: PH= proportional hazard; HR= hazard ratio; DT= discrete-time; LLR= Log likelihood ratio; AIC= Akaike's information criterion; BIC= Bayesian 

information criterion; standard errors in parentheses; cluster-robust standard errors are reported in the Cox PH and complete DT PH models; *p<0.10; 
**p<0.05; ***p<0.01.  
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5.4.3 Duration-dependence/the effect of time on adoption 

In this subsection, we examine the effect of time (duration dependence), assuming that 

the effect of other covariates on the speed of adoption is zero. This (baseline) model 

provides the answer to the question regarding the time when adoption is likely to occur. 

We model the baseline hazard as a step function by including dummy variables to 

represent a period in which adoption had occurred (D1-4 in Table 5.2, columns 2 and 8). 

This approach leads to a flexible baseline hazard model, which if augmented with the 

effects of other covariates yields a semiparametric full discrete-time PH model (columns 

6 and 12 in Table 5.2). Our results show that the magnitude of the estimated coefficients 

for the variables representing elapsed time are stable in the initial periods (D1-3) but fall 

in the latter periods (D4). Overall, these results indicate that the probability of 

procrastinating the adoption decision is highest in the initial periods. In other words, there 

is negative duration-dependence, especially for minimum tillage. Thus, many farmers 

become more willing to adopt CA technologies with the passage of time. The surging 

adoption rates in the latter years could be due to various factors including increased 

confidence due to greater knowledge regarding the value proposition of technologies, 

increased awareness, changes in the natural environment (e.g. adverse effects of climate 

change) and the lower incidence of farmer-support agricultural policies, such as the farm 

input subsidy programs (Devereux, 2007; Harrigan, 2008; Andersson and D'Souza, 

2014). 

 

5.4.4 The effect of other covariates on adoption 

The effects of covariates of interest on farmers’ propensity to adopt CA technologies are 

examined using the continuous-time Cox PH model and the discrete-time PH model. The 

advantage of the Cox model is that it is semi-parametric and does not impose any 
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functional form on the baseline hazard, 0 ( )h t . The results of these models are presented 

in Table 5.2. For easy comparison of the results, all coefficient estimates are reported in 

terms of hazard ratio (HR), such that a value of one implies no impact of a particular 

covariate on the hazard rate, whereas a value greater (less) than one indicates positive 

(negative) influence on the likelihood of CA adoption (Burton et al., 2003; D'Emden et 

al., 2006; An and Butler, 2012; Beyene and Kassie, 2015). Since there could be some 

correlation among farmers within the same location such as village, we use cluster-robust 

standard errors and thereby allow for random errors to be correlated within a village but 

not across villages (Cameron and Miller, 2015). A total of 64 spatial clusters (villages) 

were used to adjust the standard errors. 

 

The coefficients for the information variables (i.e. peer knowledge-transfer, membership 

in a farmer association, and access to extension services) are positive (greater than one) 

and significant. This provides evidence on the importance of information acquisition and 

learning in terms of accelerating CA adoption. The results are consistent with previous 

studies focussing on CA adoption (Knowler and Bradshaw, 2007; Manda et al., 2016; 

Mutenje et al., 2016). When producers are uncertain or have imperfect information about 

the profitability of a new technology, they tend to postpone the adoption decision until 

sufficient information becomes available (Ghadim et al., 2005; Genius et al., 2013). The 

importance of information is to dispel misconceptions that farmers might have, as well as 

build their expertise in terms of technical recommendations that could have been 

unfamiliar to new users of the technology. For example, farmers in the study area express 

reservations over minimum tillage as it is perceived to proliferate rapid weed growth 

during the onset of the rainy season. In this case, minimum tillage is believed to increase 

weeding intervals, and is therefore deemed labour-intensive. Farmers also believe that 
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minimum tillage creates a hard soil-pan that hinders seed germination or reduces seedling 

vigour. The observation that CA induces higher weed pressure and increases peak labour 

demand has been observed by other researchers (Giller et al., 2009; Andersson and 

D'Souza, 2014; Parks et al., 2015). This is particularly so when herbicides are not part of 

the adopted CA package. Therefore, as more information about the technology attributes 

become available, farmers are more able to evaluate the technology objectively.  

 

In addition to this information, we find evidence that low soil fertility increases chances 

of CA adoption. Further, farmers who became aware of the existence of CA technologies 

during the years of severe drought (e.g. in 2012) were likely to adopt CA as part of their 

climate-change adaptation strategy. The popularity of CA technologies has been 

increasing in the recent past; at least partly, because of an increasing incidence of food 

insecurity resulting from erratic rainfall (Devereux, 2007; Harrigan, 2008; Andersson and 

D'Souza, 2014). 

 

5.5 Conclusions and policy implications 

Malawi and the rest of Sub-Saharan Africa faces serious agricultural-productivity 

challenges that have direct consequences for the sustenance of food security and 

environmental quality. Consequently, researchers and policy makers are constantly 

searching for cost-effective strategies to address these challenges. Recently, sustainable 

land-care strategies such as conservation agriculture (CA) have been proposed as a 

solution, and are being promoted in the region (Giller et al., 2009; Andersson and 

D'Souza, 2014; Manda et al., 2016; Mutenje et al., 2016).  
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Using a discrete-time duration model, this study examined factors that affect time-to-

adoption of conservation practices among smallholder farmers in Malawi. We find that 

the most critical factors driving the adoption decision of CA practices are access to 

information, low soil fertility and changes in the natural environment. Uncertainty and 

imperfect information regarding the benefits and costs of CA practices could delay the 

adoption of such technologies. Accordingly, peer knowledge-transfer and access to 

extension advisors stimulates the adoption of these practices. These findings suggest the 

need for localised adaptive research to generate objective and policy-oriented information 

about CA benefits. Indeed, research partnerships between farmers and scientists or 

technology dissemination agents need to be established or strengthened where they 

already exist. The more time that leading farmers invest in participating in these 

partnerships and learning about CA principles, the higher the chances that the practices 

could be accepted. As the research evidence suggests, potential adopters may 

subsequently learn from a social network of innovators or from their acquaintances who 

have developed a better understanding of how CA principles are implemented. 

Accordingly, peer networks are found to act as technology-incubation hubs, where new 

farmers can learn about the value of agricultural innovations and how best to tailor them 

to suit their individual situations. 
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Appendix 5.0  

Appendix 5.A1: Coefficient estimates for the discrete-time duration models with frailty 

 Minimum tillage  Crop-residue retention 

HR z-value  HR z-value 

Own ruminants 1.09 (0.32) 0.31  1.30 (0.42) 0.82 

Age  1.06 (0.06) 1.00  0.97 (0.04) -0.62 

(Age)2 1.00 (0.00) -1.01  1.00 (0.00) 0.26 

Gender 0.49*** (0.12) -2.91  1.00 (0.26) 0.00 

Education  1.02 (0.12) 0.19  1.41*** (0.15) 3.28 

(Education)2 1.00 (0.01) 0.05  0.98*** (0.01) -2.97 

Dependency ratio 0.98 (0.10) -0.21  1.07 (0.08) 0.99 

Total area 0.99 (0.03) -0.18  1.02 (0.03) 0.74 

Member of a social network 1.40 (0.41) 1.16  1.60** (0.33) 2.30 

Learning through peers  6.95*** (3.45) 3.91  2.91*** (1.01) 3.09 

Learning through extension 

advisors 
5.74*** (2.53) 3.97  3.75*** (1.04) 4.75 

Livestock index 1.10** (0.06) 1.87  1.04 (0.04) 1.22 

Distance to farm 1.25 (0.32) 0.84  0.96 (0.20) -0.21 

Poor soil fertility 1.59* (0.43) 1.72  1.28 (0.25) 1.28 

District fixed effects 3.52*** (1.15) 3.87  1.08 (0.26) 0.32 

Aware during 2000-05 0.27*** (0.10) -3.63  0.66 (0.19) -1.41 

Aware during 2012 2.25*** (0.67) 2.73  4.75*** (1.45) 5.10 

Duration dependence      

 D1 (1 5)t   1.37 (0.91) 0.47  0.37*** (0.13) -2.81 

 D2 (6 10)t   3.51*** (2.40) 1.84  0.94 (0.32) -0.18 

 D3 (11 15)t   4.37*** (2.32) 2.77  1.05 (0.39) 0.13 

Constant 0.00*** (0.00) -4.84  0.01*** (0.01) -3.95 
2  0.00 (25.48)   0.00 (11.47)  

LLR -347   -485  

AIC 738   1015  

BIC 865   1143  

n 2339   2594  
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CHAPTER 6 

Conclusions and Policy recommendations 

6.1 Summary 

The concept of sustainable agricultural intensification (SAI) is receiving increased 

attention among researchers and development practitioners across the globe. This is 

mainly due to concerns about acute degradation of the environment (both on- and off-

farm), low agricultural productivity, and increased human-health risks associated with 

food-borne illnesses. The concept of agricultural sustainability implies a shift towards 

practices that can achieve current and future gains in agricultural productivity with less 

adverse impact on the environment. 

 

Recognizing that the challenges, opportunities and preferences that underpin the success 

of SAI will vary from one region to the other, it is imperative to develop approaches to 

support agricultural sustainability under local contexts, accounting for the needs and 

conditions of farmer populations. Therefore, the main goal of the thesis was to examine 

the viability of SAI technologies. The feasibility of adopting sustainable agricultural 

practices was analysed in the context of smallholder farmers in Malawi, a small African 

nation in which sustainable intensification has become one of the prominent strategies to 

achieve agricultural productivity and thus, improve farmers’ welfare through increased 

food supply and farm incomes. Traditionally, restoration of soil fertility was achieved 

naturally, through long fallow periods and crop rotations. However, due to growing 

population pressure and expansion of farm sizes, the long fallow periods no longer exist 

and maize-dominated monoculture and mono-cropping practices are now more common 

among smallholder farmers.  
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This thesis addressed the economic and social feasibility of SAI technologies by 

estimating their speed of adoption and the level of productive efficiency. In this way, the 

thesis has contributed to the literature by providing practical approaches and indicators 

that can be used to evaluate the viability of SAI technologies.  

 

Overall, the study reveals substantial resource-use inefficiencies relating to the way that 

farmers currently allocate their factors of production. While small farms are found to be 

technically more efficient than large ones (Chapter 2), these farms (small farms) are 

relatively more cost inefficient than their larger counterparts (Chapter 4). The difference 

could be due to errors in optimisation which show up as higher costs, representing both 

technical and allocative inefficiencies as modelled in Chapter 4. It is likely that small 

farmers fail to optimise their input choices, given the prevailing market prices. 

Furthermore, the study has provided evidence supporting the following conclusions: 1) 

independence or complete factor substitution between organic-based soil amendments 

(e.g. symbiotic nitrogen) and inorganic fertilisers can be detrimental to farm productivity; 

and 2) farmers are reluctant to adopt new technologies unless the performance of such 

technologies has already been ascertained by their peers (homophily effect) or until 

adequate information about the new technologies is available within the farming 

community. The following subsections highlight the specific research objectives 

addressed in each of the thesis chapters, empirical methods employed, key findings and 

policy implications. 
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6.1.1 Examining the relationship between farm size and efficiency: a Bayesian 

directional distance function approach (Chapter 2) 

In this chapter, a Bayesian directional distance function was used to estimate and compare 

efficiency scores across three farm classes: small, medium and large farms. The objective 

of this chapter was to empirically test the existence/absence of an inverse-productivity 

relationship. In the past, non-frontier regression analysis and partial factor productivity 

measures have tended to dominate the conclusions drawn on the relationship between 

farm size and efficiency. In this study, a Bayesian directional distance function approach 

was applied to explicitly model multiple input and multiple output production structure 

associated with non-specialised subsistence households, experiencing non-separable 

production and consumption decisions. Two macro nutrients (gross energy and protein) 

were used as production outputs, representing household potential food supply. The 

directional distance function helps to estimate potential reduction (addition) to inputs 

(outputs) that is feasible, while using the same technology. The empirical results revealed 

that small farms are more efficient than large farms (i.e. evidence supporting the presence 

of an inverse productivity relationship). Hence, it is important that resource-poor farmers 

operate reasonable farm-sizes that better match the level of their resource endowment. By 

implication, farmers may benefit more where conservation and lease markets are well-

functioning. Thus, setting up more effective land lease markets with clearly defined land-

rights could provide a number of benefits such as incentivising landholders to adopt 

sustainable land management strategies. 
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6.1.2 Estimating shadow price for symbiotic nitrogen and technical efficiency for 

legume-based conservation agriculture in Malawi (Chapter 3) 

This chapter applied a bootstrapped directional input distance function (DIDF) to: 1) 

assess the level of technical efficiency associated with the integrated maize-legume 

production systems in Malawi; and 2) estimate the shadow price for legume-based 

symbiotic nitrogen. A comparison of the estimated technical efficiency for bootstrapped 

and non-bootstrapped (base model) directional input distance function showed that the 

base model under-estimated technical inefficiency by 10%. Overall, the technical 

efficiency results have shown that there is scope to increase food production by 

addressing the observed inefficiencies. The shadow pricing approach implemented in this 

chapter demonstrated an empirical application founded on production theory—utilizing 

the marginal rate of technical substitution (MRS) and the duality between input distance 

function and cost function—to value non-marketable goods and services. Using this 

approach, shadow prices for symbiotic-nitrogen were estimated, which reflect the trade-

off between fertiliser-nitrogen and symbiotic-nitrogen required to achieve a given 

quantity of output. Thus, the shadow price value represents the benefit of using symbiotic 

nitrogen as a production input. The estimated shadow prices showed wide variations 

across farms and were, on average, higher than the reference price for commercial 

nitrogen. In addition, factor substitution between fertiliser-nitrogen and symbiotic-

nitrogen was explored using Morishima elasticity of substitution (MES). The MES 

measure showed limited scope of substitution between the two factors. This means that 

farmers who wish to completely substitute synthetic fertilizer for symbiotic nitrogen (as 

a more sustainable approach to production) may have lower revenues. Thus we need 

policy measures to stimulate the use of symbiotic nitrogen such as mechanisms for linking 

farmers to high-value markets to earn price premiums for commodities produced from 

more sustainably-managed farms.  
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6.1.3 Cost efficiency among smallholder maize producers in Malawi: to what extent 

can regularity conditions reveal estimates biases? (Chapter 4) 

This chapter examined the importance of imposing regularity restrictions implied by 

economic theory. Theoretical consistency, in terms of monotonicity and concavity 

restrictions, were imposed on a translog cost function and data from a sample of 

smallholder maize producers in Malawi. The advantage of using a cost function in 

assessing farm performance (productive or economic efficiency) is to address 

endogeneity problems associated with input variables which are used as regressors in 

primal estimation models using production function or distance functions. Two methods 

were employed to impose regularity conditions: 1) a two-step nonlinear (quadratic) 

optimisation procedure; and 2) the Bayesian approach to constrained parameter 

estimation. The estimation results showed that imposing regularity conditions yielded 

credible estimates and these estimates were statistically different from those obtained 

when the regularity conditions were violated. Thus, imposing regularity conditions 

substantially improved monotonicity and curvature as well as efficiency and elasticity 

estimates. Furthermore, the results indicate that farmers who operated small farms were 

less cost efficient than those operating relatively large farms. In this analysis, cost 

efficiency represents both technical and allocative measures of farm performance or 

resource-use productivity. The results also show that households with binding borrowing 

constraints tended to be more cost efficient. 

 

 

 

 



The Economics of SAI Technologies in Malawi 

152 

 

6.1.4 Information acquisition, learning and the adoption of conservation agriculture 

in Malawi: a discrete-time duration analysis (Chapter 5) 

In this chapter, factors affecting the speed of adoption of conservation agriculture 

technologies were examined using a discrete-time duration (survival) analysis model. 

This method is suitable for modelling the occurrence of continuous-time events where 

data have been recorded at discrete-time intervals, such as months or years. Such timing 

is common for adoption studies targeting agricultural technologies. It was hypothesised 

that lack of information related to the performance of conservation agriculture 

technologies is the single most important element driving their slow adoption. 

Accordingly, the chapter investigated how information exchange and learning could 

affect the timing of adoption of conservation agriculture in Malawi, using minimum 

tillage and crop residue-retention as examples. Our research finds that social learning 

through a network of peers and access to extension advisors facilitated quick adoption of 

conservation agriculture technologies. Further, the results showed that farmers who 

became aware of the existence of conservation agriculture during years of drought-

hazards were highly likely to adopt these practices. The results have highlighted the need 

for strengthening and targeting social networks as conduits for information about new 

technologies. 
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6.2 Policy implications 

In most developing countries, the transition from the current state of agricultural 

intensification (which is capital intensive and potentially unsustainable) to an alternative 

one, which is low-input and sustainable, is restrained by several challenges. For example, 

developing countries face acute poverty and unemployment, high levels of population 

growth and malnutrition as well as market imperfections. These challenges need to be 

overcome through appropriate policy instruments, if agricultural sustainability is to be 

realistic and transformative. Thus, policy makers need to devise strategies and incentives 

for smallholder farmers to use natural resources judiciously. Accordingly, some of the 

policy instruments that could facilitate agricultural sustainability have been highlighted 

in the thesis chapters and are summarised in Table 6.1. These policies would enhance 

agricultural sustainability through improved efficiency and the adoption of resource-

conserving technologies. For example, the establishment of land rights could facilitate 

formal tenancy agreement and land transactions. Farmers need confidence that their land 

rights are secure and investments in sustainable management strategies would continue 

to yield private returns in the future (see Chapter 2). In addition, linking sustainable 

production with high-value markets could facilitate adoption of improved landcare 

strategies because farmers are hedged against potential welfare loss that could result from 

low productivity associated with resource conserving practices (Chapter 3). Another 

policy option to improve efficiency is by linking vulnerable farmers to off-farm 

opportunities. This would better position farmers to direct farm resources towards 

productivity-enhancing activities and ecosystem-improving practices rather than 

diverting farm resources towards non-productive and consumption related activities (see 

Chapter 4). Finally, availability of information regarding the performance of new 

technologies is vital for hastening the adoption of these technologies. Therefore, 

establishing or strengthening effective information exchange among researchers, 
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extension advisors and farmers could facilitate technology adoption (see Chapter 5). For 

effective results, a package of these policies should be implemented concurrently.  

 

Table 6.1: Summary of policies towards achieving agricultural sustainability 

Policy goal (intent) Policy strategy 

Encourage investment in long-term land-care 

technologies  

Grant farmers property rights 

Introduction of conservation (green) payment 

schemes or subsidies 

Improve communication and learning Promote farmer-to-farmer learning and 

information exchange 

Improve delivery of extension services 

Protect and secure farmers’ income Provide/link smart subsidies to low-input 

sustainable production 

 Link farmers to high-value markets (e.g. 

contract farming) that offer price premiums 

for sustainably managed farm produce  

Facilitate registration, certification and brand 

labelling of sustainably managed (green) 

products 

Demonstrate the benefits and limitations of 

agricultural innovations being developed and 

promoted 

Develop and promote farmer-researcher 

partnerships  

Conduct targeted participatory agricultural 

research and innovation platforms for farmers 

to experience the performance of new 

technologies under local environment 

Reduce pressure (overexploitation of) on 

critical natural resources 

Creating off-farm opportunities 

Targeting poor and vulnerable households in 

safety-nets and public works programs 
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6.3 Consideration for future research 

In this thesis, the economic performance and social acceptability of SAI management 

practices has been evaluated. The study focuses on the production-related aspects of these 

technologies and—by nature of a PhD study—faced some data limitations. Most 

importantly, the available data lacked spatial and temporal variability. Another 

opportunity for further data collection is to extend the analysis to other dimensions of 

sustainability within the food-supply chain. While the present analysis mainly focussed 

on the supply-side of sustainable agricultural production, conducting further analysis on 

the demand aspects of SAI technologies could complement the supply-side efforts. The 

details and recommendations for future research are described in the next sub-sections. 

 

6.3.1 Use of biophysical data and data which have considerable 

variation in spatial and temporal scale 

The data used in the analysis was limited to survey data collected in one agro-ecological 

zone and at one point in time. This means that the study lacks information pertaining to 

spatial and intertemporal variations for both inputs and outputs. In particular, soil quality 

indicators were not available for inclusion in the analysis. The realisation of crop yield 

and environmental services will depend on the interaction of soil properties (i.e. chemical, 

physical and biological properties), which are expected to vary across both spatial and 

time scales (Parr et al. 1992; Doran and Parkin 1994; Carter et al. 1997; Smith et al. 

2000). Topsoil depth, organic carbon content, soil pH and water retention abilities are 

examples of soil attributes that determine the capacity of an agroecosystem to provide 

various ecosystem services, such as food provisioning and regulatory functions (Smith et 

al. 2000). Therefore, there is a possibility that the estimated measures of farm 

performance and shadow prices could be sensitive to heterogeneities in soil quality across 
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the country. Unfortunately, explicit soil quality data were not available for this study. As 

a result, the analysis relied on crop yield as the sole indicator of soil-quality. Generally, 

the empirical methods and precision of the estimates could have benefited from other soil-

quality indicators. In addition, the estimated sustainability indicators (i.e. efficiency and 

shadow prices) are based on a relatively limited spatial scale (2 out of 28 districts in the 

country) and are cross-sectional, which does not account for time. It would be interesting 

to capture countrywide and year-to-year variability thereby accounting for diverse 

changes in environmental conditions. A dynamic economic model would be ideal to 

assess substitution possibilities within and across soil attributes and management 

variables (Scoones and Toulmin 1998; Smith et al. 2000). 

 

Furthermore, there is a need for an extended analysis of soil nutrient dynamics, preferably 

by adopting a nutrient balance approach across various farming systems (Scoones and 

Toulmin 1998; Henao and Baanante 1999; Sheldrick et al. 2002; Cobo et al. 2010). This 

approach could establish the status of nutrient mining/depletion or accumulation by 

comparing the amount of nutrients exported through crop and livestock uptake against 

the amount of nutrients applied to the soil for different spatial scales and farming systems. 

Soil-nutrient audits/budget have to account for losses (mainly through crop/livestock 

uptake, leaching, erosion and volatilisation) and gains arising from fertiliser application 

(both chemical and organic fertilisers) and other sources of nutrient deposits, which 

include symbiotic nitrogen fixation and root sloughing (Sheldrick et al. 2002; Herridge 

et al. 2008). There have been mixed findings in terms of both positive and negative 

nutrient balances having been reported for major staple crops cultivated in Malawi and 

across Africa (Scoones and Toulmin 1998; Mafongoya et al. 2006; Adu-Gyamfi et al. 

2007; Yusuf et al. 2009; Cobo et al. 2010). Evidently, the methods demonstrated in this 

thesis can be extended to compute shadow prices for multiple nutrients (nitrogen, 
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phosphorous and potassium) and thus determine the total cost of nutrient mining or 

restitution associated with specific land uses and farming systems.  

6.3.2 Need for studies to examine the demand (consumer) side of 

sustainability 

This study was conceptualised to examine the supply-side of sustainability and, 

consequently, it did not evaluate the demand factors that could impact agricultural 

sustainability, such as consumers’ willingness to pay for agricultural commodities 

produced from sustainably managed (i.e. low external input) farms. Future research could 

establish the demand and market opportunities for organic produce. It is the demand for 

such commodities that will generate compensatory benefits and therefore drive the 

profitability and expansion/scaling-up of agricultural sustainability (Tittonell 2014). 

However, as indicated above, this study did not collect or source data on the performance 

of the other sub-sectors along the food supply chain. Besides the supply side constraints, 

such as soil degradation, farmers face a number of post-harvest constraints that lead to 

substantial post-harvest food losses. For example, the extent of post-harvest losses is 

reported to be in the range of 20-40% for cereals in Africa (Zorya et al. 2011; Tefera 

2012; Abass et al. 2014; Affognon et al. 2015) and between 10% and 50% for different 

food commodities across the globe (Boxall 2001; Parfitt et al. 2010; Gustavsson et al. 

2011). Thus, efficiency gains achieved through sustainable production ought to be 

maintained throughout the food value chain; otherwise, the bottlenecks experienced in 

the post-production sectors could limit the efforts and tenets of sustainable food supply. 

For example, post-harvest losses need to be reduced (e.g. through food-processing and 

preservation) to optimise the efficiency gains achieved in food production. New research 

could consider this avenue and investigate the synergies between sustainable food supply 
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and sustainable food utilisation. Such studies could complement the production-side 

analysis undertaken in this thesis.  
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