Agricultural Productivity and Food Security of Rice Producing Households: An
Empirical Investigation in Ghana

Rebecca Owusu Coffie
B.Sc. (Hons.), M.Phil. Agricultural Economics, University of Cape Coast, Ghana

This thesis is presented for the degree of
Doctor of Philosophy
The University of Western Australia
School of Agriculture and Environment
2017

“The eradication of hunger is not just an end in itself: It is a first step toward
sustainable development and progress in general, for a hungry man is not a free man.
He cannot focus on anything else but securing his next meal”

(Kofi Annan)

Thesis Declaration

I, Rebecca Owusu Coffie, certify that:
This thesis has been substantially accomplished during enrolment in the degree. This
thesis does not contain material which has been accepted for the award of any other
degree or diploma in my name, in any university or other tertiary institution. No part of
this work will, in the future, be used in a submission in my name, for any other degree
or diploma in any university or other tertiary institution without the prior approval of
The University of Western Australia and where applicable, any partner institution
responsible for the joint-award of this degree. This thesis does not contain any material
previously published or written by another person, except where due reference has been
made in the text. The work(s) are not in any way a violation or infringement of any
copyright, trademark, patent, or other rights whatsoever of any person. The research
involving human data reported in this thesis was assessed and approved by The
University of Western Australia Human Research Ethics Committee. This thesis
contains published work and/or work prepared for publication, some of which has been
co-authored.

Journal Publications/Conference presentations
1. Rebecca Owusu Coffie, Michael Burton, Fiona Gibson and Atakelty Hailu
(2016). Choice of rice production practices in Ghana: A comparison between
willingness to pay and preference space estimates. Published in the Journal of
Agricultural Economics.
Rebecca Owusu Coffie

70%

2. Rebecca Owusu Coffie, Michael Burton, Fiona Gibson and Atakelty Hailu
(2016). Understanding Small-scale rice farmers’ choices for new production
technologies: Application of a scale adjusted latent class model. (Prepared for
submission to Food Policy).
Rebecca Owusu Coffie

70%

3. Rebecca Owusu Coffie and Atakelty Hailu. Technical inefficiency and
technology gap of rice farms in different agro-ecological zones of Ghana: An
application of alternative stochastic metafrontier approaches (Prepared for
submission to Agricultural Economics).

Rebecca Owusu Coffie

70%

4. Rebecca Owusu Coffie and Atakelty Hailu (2016). Technical inefficiency and
technology gap of rice farms in different agro-ecological zones of Ghana: An
application of alternative stochastic metafrontier approaches. Presented at 61st
Annual AARES conference in Brisbane, Australia 7-10 February 2017.

Rebecca Owusu Coffie

70%

5. Rebecca Owusu Coffie, Michael Burton, Fiona Gibson and Atakelty Hailu
(2016). A Scale Adjusted latent class model application to understand smallscale rice farmers’ choices for new production technology. Accepted and
presented at the 29th PhD Conference in Economics and Business, Perth
Australia, 9-11 November 2016.
Rebecca Owusu Coffie

70%

6. Rebecca Owusu Coffie and Atakelty Hailu. Inefficient or just different? Effect
of alternative specifications of stochastic frontier model on the inefficiency of
small-scale rice farmers. Accepted and presented at the 14th European Workshop
on Efficiency and Productivity Analysis, in Helsinki, Finland, 15-18 June, 2015.

Rebecca Owusu Coffie

70%

Student signature-----------------------------------------------------------------

Coordinating supervisor signature---------------------------------------------

Certification

I certify that this thesis has been completed during enrolment in this degree at the
University of Western Australia and has not been previously submitted or accepted for
a degree at this or any other institution. I certify that all support that I received in the
preparation of this thesis and all sources used have been duly acknowledged.

Rebecca Owusu Coffie
Perth, August, 2017

vii

Acknowledgements

The completion of this thesis would not have been possible without the support,
encouragement, pieces of advice and guidance of both academics and non-academics
who surrounded me during my Ph.D. journey. I would therefore like to use this
opportunity to express my gratitude to those great people for the assistance provided
during all this important but lonely journey.

I am first profoundly grateful to my supervisors Associate Professor Atakelty Hailu,
Professor Michael Burton and Assistant Professor Fiona Gibson for their support
throughout the journey. Especially, I would like to thank Atakelty Hailu for his direction
in conceptualising the thesis so that it had a novel and interesting design, for his
assistance with programming Bayesian models in R software, for his interest in the cause
of this thesis and strategic pieces’ of advice that kept me pressing on, even when the
going became tough. I am particularly grateful to Michael Burton for his insights into
the thesis conceptualisation processes and for assisting me with the design and
application of discrete choice models. I am also grateful to Fiona Gibson, who brought
on board an extra enthusiasm and interest in the thesis. Fiona, also assisted with the
survey design and editorial support on selected parts of the thesis, for which I am very
grateful.

I am also grateful to all the academic staff of the School of Agriculture and Environment
(formerly School of Agricultural and Resource Economics), especially Amin Mugera
and Maksym Polyakov who assisted me at various stages of my Ph.D. journey. Amin,
although was not one of my supervisors, he devoted his time to explain difficult concepts
viii

and gave useful guidance as if he were one of my supervisors. To the administrative staff
of the school (Emma Smith and Deborah Swindells), I am forever grateful for the
assistance. I am also grateful to other Ph.D students (both past and present) including
Dr. Luke Abatania, Robertson Khataza, Dr. Kai Tang, Johanna Zimmerhackel, Dr. Asha
Gunawardena mong others, for their moral support and assistance.

Many thanks also go to the staff of the University of Cape Coast, especially, Associate
Professor Henry de-Graft Acquah, Associate Professor Albert Addo Quaye and
Associate Professor Festus Annor-Frempong for their unflinching support throughout
my study.

I am also thankful to Professor Jaap Bos of Maastricht University,

Netherlands and Professor Wisdom Akpalu of the United Nations University, Ghana for
their support and encouragement.

I also need to mention special love and support from knitted family members.
Especially, my husband, Gad Yaw Coffie, siblings, Irene Owusu, Samuel Owusu and
Joseph Owusu, my mum, Theresah Yaa Amponsah and late father, Richard Owusu. You
have been so amazing! I would also like to thank all the members of the Church of
Pentecost Perth, especially Rev. Dr. Peter Joe-Andah, Dr. Patrick Aboagye-Sarfo,
among others who provided guidance and served as a family away from home.

Finally, I would also like to thank the Australian Government through the Australian
development scholarship scheme for sponsoring my Ph.D. studies, and also the Student
Contact Officers (Debra Basanovic and Deborah Pyatt) for their support throughout the
duration of my Ph.D. studies. I am also grateful to the University of Cape Coast that
provided me leave to undertake this study.
ix

Abstract

Rice has become a major food security crop in many Sub-Saharan African (SSA)
countries. However, in most of these countries, there is a production deficit. Productivity
is low, and the adoption of new technologies has been slow. As a result, rice productivity
improvement has become a major policy objective in parts of SSA including Ghana, and that
requires an efficient use of existing resources coupled with high adoption rates of new
technologies. This thesis, therefore, sought to investigate for Ghana the level of technical
efficiency in rice production (and its determinants) and to examine technology
characteristics that drive farmers’ technology choice behaviour, using advanced
production frontier and discrete choice experiment models.

Using primary data collected from 436 farmers in 2 regions of Ghana, we employed
Bayesian stochastic metafrontier models to measure technical efficiency and
decomposed inefficiency into technological and group inefficiency gaps for the
Northern and Upper East regions of Ghana. Also, we estimated inefficiency effect
models to identify the determinants of technical efficiency using variants of parametric
and semiparametric smooth coefficient stochastic frontier models. Furthermore,
advanced discrete choice experiment models including preference space (PS),
willingness to pay space (WS) and the scale adjusted latent class were used to assess
technology characteristics and socio-economic factors that drive farmers’ technology
choice behaviour, as revealed within a stated preference setting.

x

Results from the metafrontier model show that alternative formulations of the
metafrontier affect the implied technology gap but not overall efficiency estimates.
Further, the models consistently reveal that farmers in the Northern region are more
productive and technically efficient compared to farmers in the Upper East region.
Overall, however, our analyses reveal a substantial level of inefficiency in rice
production in Ghana. These findings imply that there is a potential to increase rice
productivity through efficiency improvements, particularly in the Upper East region
where our estimates suggest that output could be increased by almost 40 percent with the
current levels of inputs and available production technology.

With regards to the analysis of the determinants of technical efficiency, both parametric
and semiparametric approaches provide similar results on the direction of the effects,
but differ in the estimates of their magnitudes and also on the level of technical
efficiency estimates. Distance of the farm from home, soil quality and farm income are
found to be the primary determinants of technical efficiency in Ghana. Soil quality and
net farm income have a positive relationship with technical efficiency while farm
distance reduces efficiency. These findings suggest that a well-functioning agricultural
market with adequate infrastructure (transport, communication), better institutions and
soil fertility management practices are required to improve farm productivity and rice
production.

xi

In relation to farmers’ technology choice behaviour, our analyses show that both PS and
WS models produce consistent results on the technology characteristics that may affect
farmer technology choice. However, the WS model generates more plausible
willingness to pay values. The analysis further reveals that there are different groups or
categories of farmers with preferences for different technology characteristics including
profitability, productivity, the quantity of labour required and risk levels.

However, we find that the majority of farmers prefer labour saving technologies. This
finding is contrary to the common assumption that farmers in developing countries
prefer labour intensive technologies and, therefore, suggests a rethink of the myth that
new technologies need to be labour intensive to succeed in poor countries. In particular,
as SSA braces itself for a second green revolution, labour requirements of new
technologies need to be considered carefully. Furthermore, our analysis reveals that food
security status and scale of production influence farmers’ technology choice decisions.
Specifically, we observe that farmers with a high probability of food insecurity preferred
higher yields and profits while farmers with smaller farm sizes preferred higher profits.
This finding suggests that food insecure farmers may have dual production objectives
and therefore their production decisions may be non-separable. The preference for
higher profit implies small-scale farmers may not necessarily be backward and nonprofit seeking as is often assumed and, therefore, should be considered as important
actors in the development process whose input into potential solutions should be actively
sought.
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CHAPTER 1
Introduction

1.1 Overview
The agricultural sector in many developing countries has long been recognised as vital
to achieving poverty reduction, food security and economic development (Johnston &
Mellor 1961; Diao 2007). Growth in the sector impacts on poverty alleviation by
creating opportunities for improving incomes and lowering food prices for the poor in
both the rural and urban sections of the economy (Diao 2007). The process also increases
countries savings for other developmental projects resulting from decreases in the
economy’s dependence on imported foods, which demands a substantial amount of
foreign exchange to attain (Diao 2007). The sector has often been described as the
mainstay of many developing economies, particularly economies in Sub-Saharan Africa
(Thornton et al. 2011). Currently, in Sub-Saharan Africa (SSA), the agricultural sector
contributes 35% of Gross Domestic Product (GDP), 75% of employment and 40% of
exports (Africa Rice Centre 2012).

Despite these expectations about the contribution of agriculture to SSA economies, the
sector faces many challenges, predominantly low productivity. Currently, productivity
in the sector lags behind the rest of the world (Moyo et al. 2015). For instance,
productivity in cereal production is less than 57% of what have been achieved overall
for the world, and less than 69% and 54% of those in Asia and Latin America,
respectively (see Figure 1.1). Low productivity, therefore, affects efforts of various
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governments and international development partners to reduce poverty and food
insecurity.

Figure 1.1:Cereal yield by region, 1961-2014. Source: World Bank 2017.

Current statistics show that about 73% of Sub-Saharan Africans live on less than a dollar
per day, and one in four people living in the region is hungry (Food and Agriculture
Organisation [FAO] 2015). This is compounded by an ever-growing population
problem. Therefore, many SSA countries have had to rely on food imports to meet the
dietary requirements of people (Asenso-Okyere & Jemaneh 2012). Currently, SSA
spends about 30-50 billion dollars annually on food imports to augment insufficient
domestic supply, and this figure is expected to triple in the absence of measures to
improve domestic production (Asenso-Okyere & Jemaneh 2012).

2

Over the years, many development partners and various SSA governments have made
efforts to improve agricultural productivity with the aim of reducing levels of food
insecurity. The critical question, however, is how to achieve productivity increases. In the
development economics literature, two schools of thought have governed agricultural
productivity increases: 1) introduction of new technologies and 2) improvement in the
managerial abilities of farmers. The former school of thought propounded by Schultz
(1964) and Griliches (1987) claims that productivity gains in developing countries can be
made through the introduction of new technologies. The second school of thought on the
other hand advocates for the efficient use of existing technologies to increase agricultural
productivity (Abedullah et al. 2007; Ali & Chaudhry 2008; Belbase & Grabowski 1985;
Kalirajan et al. 1996; Shapiro & Müller 1977). The efficient production argument is based
on the premise that new technologies can be very expensive to an economy and, in the
presence of inefficiency in farm production, improvement in the way existing
technologies are used may be a cost effective approach to increasing productivity and
output.

Over the years, most studies that investigated agricultural productivity levels have
aligned themselves with the first school of thought by examining new technologies in
terms of adoption rates, adoption drivers and effects of these technologies on agricultural
productivity (see surveys (Feder et al. 1985; Foster & Rosenzweig 2010)). Other studies
have focused on the prescriptions of the second school of thought by examining
technical efficiency and drivers of efficiency (see surveys (Bravo-Ureta & Pinheiro
1993; Thiam et al. 2001)).

3

This PhD thesis, however, integrates the ideas from the two schools of thought to
examine agricultural productivity and food security issues in Sub-Saharan Africa using
Ghana as a case study. Integration of the two schools of thought in this study is important
because technology development and efficient use of existing technology form a
continuum of the development process, and therefore critical to increasing productivity
within the long and short run (Ali & Byerlee 1991). For instance, if farmers are more
efficient in the production process, investments in more productive inputs and
technology is very important to improve upon their output with a consequential effect
on productivity. However, if current inputs or technology can be used more
productively, then the target should be on improving efficiency at the farm or household
level.

Specifically, the thesis focuses on rice production in Ghana because although the country
potentially has suitable climatic conditions to produce enough rice to meet its demand,
domestic production accounts for a small portion of consumption. Current rice
consumption estimates are around 30 kg/capita per year. However, this is projected to
increase to as much as 63 kg/capita per year resulting from steady gains in income,
urbanisation, and change in consumer behaviour (Ministry of Food and Agriculture
[MoFA] 2009). Typical of many SSA countries, Ghana imports about 70% of its rice
consumption from countries such as Vietnam and Thailand to make up for the shortfall
in demand (Angelucci et al. 2013).

Ravn (2014), however, asserted that population growth, climate change, and diminishing
resources in many rice producing countries might affect volumes of rice traded by the
4

year 2020. Therefore, dependence on imports to augment domestic supply may be
unsustainable in the future, and this has wider implications for food security.
Consequently, increasing rice productivity is an important policy objective, and that
requires efficient use of existing resources coupled with high adoption rates of new
technologies introduced.

Over the years, many studies have been conducted on technical efficiency (Bravo-Ureta
& Pinheiro 1993; Thiam et al. 2001) and farmer adoption decisions. However, a review
of these studies indicates several shortcomings, which this thesis seeks to address.
Firstly, although there has been some theoretical work on investigating farmer efficiency
and drivers of inefficiency, there is still a considerable lack of understanding of the
effects of advanced production frontier models that allow for heterogeneity on technical
efficiency estimates.

Most studies (see surveys (Bravo-Ureta & Pinheiro 1993; Thiam et al. 2001))
investigating the technical efficiency of farmers have mainly assumed that there is a
homogeneous production function across all farmers, resulting in biases of estimates and
policy conclusions drawn out of such studies. Only a limited number of studies account
for heterogeneity (Mariano et al. 2010; Ali & Samad 2013) in technical efficiency
estimation using a metafrontier approach. However, the original metafrontier model
(O’Donnell et al. 2008) applied in most of these studies is noted as biased (Huang et al.
2014). In addition, the modelling approaches adopted fail to ensure that estimated
models satisfy regularity conditions (monotonicity and concavity), as required in most
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production function estimations (Henningsen & Henning 2009; O’Donnell & Coelli
2005).

Secondly, most empirical studies have applied parametric and non-parametric
production frontiers to efficiency estimation. However, it has been established that these
models have both desirable and undesirable characteristics (Fried et al. 2008). To
address the challenges related to these models, several semiparametric models that
integrate parametric and non-parametric models have emerged. However, these models
have not been applied to examine technical efficiency measurement in developing
countries. Furthermore, although environmental variable effects on efficiency
estimation have attracted a lot of attention in the production economics literature, only
a limited number of these models have been applied in empirical applications (Liu &
Myers 2009; Alvarez et al. 2006).

Thirdly, while many researchers have sought to understand the low adoption puzzle in
many SSA countries, findings from these studies are still inconclusive. Some studies
attribute low adoption rates among farmers to socio-economic factors (Akudugu et al.
2012), while others consider the problem as a function of information asymmetry
(Rogers 1962). These studies mainly apply ex-post adoption methods in modelling
adoption drivers. Nonetheless, such approaches, present challenges such as 1)
identifying potential technologies that farmers would value and 2) modelling
heterogeneity and substitution patterns in technologies with multiple characteristics
(Useche et al. 2013). Therefore, in this study, a different approach was adopted: using a
discrete choice experiment method to examine farmers’ adoption decisions.
6

1.2

Objectives of the study

The study evaluates the productive performance of rice farming households in Ghana
and investigated their preferences for production practices using non-market valuation
techniques.

The specific objectives are to:
1. Evaluate the technical efficiency and estimate technology gaps among rice
producing households in the Northern and Upper East regions of Ghana.
2. Compare current parametric models for investigating the effects of
environmental variables in technical efficiency estimation with recently
proposed semiparametric smooth coefficient stochastic frontier model.
3. Design and implement a discrete choice experiment survey to evaluate farmers’
preferences for new rice production practices using both willingness to pay and
preference space models.
4. Develop a conceptual framework to examine the interrelated factors that drive
farmers’ technology choice decisions.

1.3

Conceptual framework

Productivity improvements are driven primarily by efficiency in farm production. That
is, technical efficiency and adoption of new technologies (Figure 1.2). Technical
efficiency refers to producing higher output with the same level of inputs and technology
or producing the same output with less inputs. It is measured by efficient combination
of inputs used in the production process (land, labour, and other inputs such as seed,
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agrochemicals, machinery etc.) and socio-economic and biophysical factors such as soil
quality, farm distance, farm incomes etc.). In the case of technology adoption, farmers’
willingness and ability to adopt new technologies is a function of their preferences for
technology characteristics and other socio-economic factors (food security status, farm
size, location etc.) as depicted in Figure 1.2.

There is a relationship between technical efficiency and technology adoption, which we
have depicted in the conceptual framework presented in Figure 1.2. Specifically, the two
methods are a continuum in the development process: when farmers are closer to the
production frontier (technically efficient), new technologies are required to shift
production beyond the existing production frontier and when farmers are producing far
below the production frontier (technically inefficient), improvements in farmers’
managerial skills would be required to push farmers closer to the production frontier.

In this thesis, we consider measures of improving rice productivity in Ghana based on
the technical efficiency and technology adoption premise set out earlier. Specifically,
Chapter 2 (paper 1) investigates farmers’ technical efficiency by decomposing
efficiency into technical and technological gaps. This is followed by an examination of
the drivers of technical efficiency in Chapter 3 (paper 2). We then approach farmers’
technology adoption from an ex-ante perspective where we employ discrete choice
experiment to determine farmers’ technology choices in Chapter 4 (paper 3). Finally, we
examine the drivers of farmers’ technology choices in Chapter 5 (paper 4) including
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food insecurity, farm size, location etc. The relationship between these factors are
explored in Chapter 6 to derive policy recommendations for improving rice productivity.

Figure 1.2:Conceptual framework linking study objectives. Source: Author’s construct
2017.
1.4 Contribution to scholarship and originality
To date, a considerable body of research has sought to understand ways of improving
agricultural productivity in many developing countries through technical efficiency
estimation (Bravo-Ureta et al. 2007; Thiam et al. 2001), effects of new technologies and
adoption decisions (Feder et al. 1985; Griliches 1987; Akudugu et al. 2012; Abdulai
&Huffman 2014). While this research provides a number of valuable insights into
technical efficiency levels and adoption of new agricultural technologies, the literature
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has devoted limited attention to the effects of assuming homogenous production
frontiers on technical efficiency estimation results (Orea & Kumbhakar 2004, O’Donnell
et al. 2008), to alternative specification of environmental variable effects on the
production function and to the effects of technology characteristics on farmers adoption
decisions (Adesina & Baidu-Forson 1995; Lancaster 1966).

Furthermore, research based on Bayesian approaches to metafrontier estimation, and in
ways that allow for monotonicity and concavity constraints within the metafrontier
framework, is notably lacking in the production frontier literature. In addition, modelling
farmers’ adoption decisions using advanced ex-ante approaches (e.g. choice
experiments) is rare in the literature on developing countries. Finally, there is no known
research incorporating the effects of household food security status to unpack more
effectively farmers’ adoption decisions within a discrete choice experiment context.

This PhD research attempts to fill these gaps by evaluating technical efficiency
measurement using advanced production frontier models and modelling farmers’
adoption decisions using discrete choice experiment methods. This is one of the first
studies integrating production function and choice experiment approaches in a
developing country context, and thus has significance to policy making and other
stakeholder groups in developing countries such as Ghana. Firstly, it provides empirical
evidence on technical efficiency levels and technology gaps as well as on policy
variables that influence farmers’ production decisions.
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Secondly, it identifies the drivers of technology choice decisions that have the potential
to assist policy makers in designing technologies that would be acceptable to farmers.
Finally, it contributes to the existing literature on efficiency and choice experiments by
providing new grounds for further synthesis and serving as a resource to new researchers
interested in efficiency and choice experiment modelling applied to agriculture in
developing countries.

1.5

Data description and research design

The data employed in this study come from a farm household survey conducted during
the 2013/2014 cropping season. Following is a detailed description of the study
population and sample, instrumentation, pilot study and data collection, and summary
statistics of data.

1.5.1 Study population and sample
The target population for the study was rice producers in Ghana, where rice is cultivated
in all regions (see Table 1.1). However, because of limited resources to conduct a
nationwide study, a sample was drawn from the Northern and Upper East regions (Figure
1.3). The two regions were selected because they constitute about 60 percent of total
volume of domestic rice production (Angelucci et al. 2013).
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Figure 1.3:Map of study area showing survey sites.
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Although the regions contribute a large proportion of rice produced in Ghana,
productivity levels are low, as can be observed in the summary data provided in Table
1.1. This suggests a need for interventions in increasing rice productivity for
two reasons. Firstly, rice contributes to food security and welfare of farmers engaged
in the production. In fact, MoFA (2009) estimates that a greater proportion (89
percent) of rice farmers in Ghana cultivate for both home consumption and also for
markets,

in particular

improvements

in

farmers

in

the

selected

regions.

Therefore,

rice productivity in these regions are important to ensure a

better livelihood for farmers engaged in rice production. Secondly, it will
reduce the nations dependency on imports and release resources for development
in other sectors of the economy. Such interventions need to be borne out of evidencebased outcomes.
Table 1.1:Rice production areas and average yields for the 10 regions of Ghana
Region

Area/ha

Average yield/ha (MT)

Greater Accra region

2,909

6.45

Eastern region

6,655

3.35

Volta region

22,759

3.31

Ashanti region

10,281

2.65

Northern region

73,389

2.33

Upper East region

51,080

2.14

Brong Ahafo region

3,840

1.60

Upper West region

4,829

1.35

Western region

17,410

1.33

Central region

4,328

1.24

Source: Statistics, Research and Information Directorate (SRID), MoFA 2011.
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Using a multistage sampling procedure, the study sample was drawn from four districts
in the Northern region (Tolon, Sagnarigu, East Gonja and Tamale Metro) and two
districts in the Upper East region (Kassena Nankana East and Builsa districts). Statistics
from the Ghana Statistical Service (GSS) housing and population census (2010) show
that Tolon district has a total population of 72,990. The topography of the area is
undulating with poor soils. Sagnarigu district also has a population of 148,099 (GSS
2010). The East Gonja district is the largest district (in terms of land mass) in the
Northern region with a population of 135,450. Tamale district also has a population of
235, 252. Almost all the districts from the Northern region have an equal proportion of
males and females where females are slightly below 50 percent. Also, all the districts in
the region experience a mono-modal rainfall pattern.

The two districts (Kassena Nankana East and Builsa districts) from the Upper East
region also experience similar rainfall pattern and soil conditions (low fertility). In terms
of population estimates (GSS 2010), the population of Kassena Nankana and Builsa
districts are 109,944 and 56,477, respectively, with almost an equal proportion of males
and females.

The selected study districts, therefore, have similar characteristics in terms of climatic
and biophysical conditions, but differ by population size. The selection of these districts
was based on the proportion of rice planted and whether the sustainable development of
rain-fed lowland rice production technology (SDRP) is being piloted in the district.
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We selected districts practising SDRP technology to enable us compare our choice
experiment results with the technology characteristics and identify whether there are
discrepancies between farmer preferences and promoted or existing technologies.

Table 1.2:Summary of sample size selection
Region
Region
Districts
Northern region
Tolon
Tamale Metro
1.5.1.1.1
East Gonja
1.5.1.1.3
Sagnarigu
1.5.1.1.2
Upper East region 1.5.1.1.4
Kassena
1.5.1.1.5
Builsa
Nankana
Source: Author’s construct 2017.

Respondents
480

East

58
70
100
60

Total
480

100
92

288

192

The stratified random sampling technique was then employed to survey the communities
involved in rice production. Finally, the simple random sampling technique was
employed for the selection of 480 individual farm household units. The 480 sample
comprises 288 and 192 respondents from the Northern and Upper east regions,
respectively (see Table 1.2 for details). Although we sampled a total of 480
farmers (Table 1.2), the actual sample used in empirical applications vary.1

1

After data cleaning, the total sample reduced to 436 which was used in the estimations in Chapter 2. In

Chapter 3, however, the sample further reduces to 283 due to complexities involved in the estimation. In
Chapters 4 and 5, a total sample of 306 comprising respondents of the choice experiment questionnaire
was used in the estimations. See Appendix G for the survey instrument.
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1.5.2

Instrumentation

Based on the extensive nature of the data (production, food security and choice
experiment data) required to address the objectives of this study, two sets of surveys
were designed to reduce the duration and associated cognitive burden on respondents.
The first survey involved a discrete choice experiment while the second survey elicited
data on farm household production, food security status and socio-economic
characteristics. The food security questions were adapted from the household food
insecurity access scale indicator (Coates et al. 2007).

Consistent with the literature, the choice experiment survey was designed by
first selecting the attributes and levels. Based on literature references and expert
interviews,

seven

attributes

were

selected:

yield,

gross

margin,

labour

requirement, weed control, cultivar choice, cropping pattern and risk. We
employed an experimental design to generate the choice sets. Various designs are
specified in the literature (Bliemer et al. 2008; Choice Metrics 2012). For instance,
a full factorial design consisting of all possible choice situations may be used
(Bennett & Blamey 2001). This design captures both main and interaction
effects. However, the practicality of full factorial design is quite challenging because
of the large number of choice situations. Therefore, fractional factorial designs
are employed. The most typical fractional factorial design is the orthogonal design,
which seeks to minimise the correlation between attribute levels in the choice
situation (Kuhfeld 2009). The limitations (e.g examples) of the orthogonal designs
have led to the use of efficient designs, which are types of fractional factorial designs
(Hensher et al. 2005; Bliemer et al. 2008). These designs, however, have limitations
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relating to the prior information needed about expected parameters (Hensher et al.
2005; Bliemer et al. 2008).

In this study, we employed the orthogonal design to generate the choice sets in the
pilot study. The parameter values obtained from the pilot study were then utilised
in an efficient design to generate the choice sets for the main survey. A total of 36
choice sets were generated using the NGENE software. A blocking system was
adopted to reduce the cognitive burden on respondents (Bennett & Birol 2010).
The choice sets were, therefore, divided into three blocks (A-C) with each consisting
12 choice sets, resulting in three sections of the choice experiment survey. Each choice
set (refer to Figure 4.1 in Chapter 4 for an example of a choice set) had three
alternatives (2 new farming systems and a status quo). A clearly explained example
of choice set was included in the questionnaire to minimise choice inconsistencies.
Based on Bennett and Birol's (2010) guidelines for conducting choice experiment in
developing countries, the attributes and levels were illustrated in pictures (see Figure
4.1 in Chapter 4 for an example of a choice set) to improve understanding and ease the
cognitive burden on respondents.

A choice experiment glossary defining all the attributes, levels and choice sets was
provided in the choice experiment survey to help respondents in making choices. Colour
coding was used to identify varying blocks in the questionnaire. There were also a set of
debriefing questions at the end of the choice experiment questionnaire to understand
rationale for choices made.
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The production survey was also designed after a careful review of literature to identify
key variables often employed in productivity modelling and had three sections, A-C.
Section A comprised questions relating to the socioeconomic characteristics of the
farming households (district, household size, age, gender, educational level in
years, main occupation, non-farm activity and income, distance from home to farm,
farm size, years of experience, rice farming objective, rice varieties, use of new seeds,
extension contact and number of extension visits). Section B elicited information on
farm households’ production activities, inputs (such as cultivated area, labour, and
other intermediate inputs) as well as information on outputs of production and their
prices and other marketing information.

Section C of the questionnaire constituted questions relating to the household food
insecurity status. The questions included household expenditure on food items and food
calorie intake by household members as a measure of food security. Two existing
household food security assessment surveys were adopted in this study and these are
World Food Programme survey (Section C(I)) and the Household Food Insecurity
Access Scale Indicator from the United States Department of Agriculture and
International Development (Section C(II)).

1.5.3 Pilot testing and data collection
The questionnaires were pilot tested in both study areas (Northern and Upper East
regions) in February 2014 over a period of one week. The total number of questionnaires
administered to farmers in both regions were 60 (30 per region). Information obtained
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from the pilot study was employed to revise the questionnaires, in particular, design of
the discrete choice experiment. We fitted a preference space model to the pilot data to
generate priors for the efficient discrete choice experiment design. Details of how to
generate efficient designs are provided in Hensher et al. (2015).

The main data

collection, which lasted for over two months began in May 2014 and ended in August
2014. The questionnaires were administered through face to face interview with the
assistance of six research assistants from the Ministry of Food and Agriculture. The
research assistants were trained by the researcher.

1.5.4 Descriptive statistics of data
The variables employed in the analyses are categorised into two: production data
comprising output, inputs, determinants of technical efficiency (soil quality, net farm
income and soil quality), and choice experiment data that is composed of farmers’
technology preference information, and other socioeconomic factors such as location,
food insecurity, farm size and household size.

We provide brief summary statistics of the data here on the basis of regions (See Tables
A.1 and A.2 in Appendix A for details). We note that details of the production data are
provided in Chapters 2 and 3 and that of the discrete choice experiment data are provided
in Chapters 4 and 5 of the thesis. There are similarities among sampled farmers in the
two regions in terms of age, land ownership (dummy variable indicating whether a
farmer owns cultivable land or not), access to extension services, soil quality and
membership of farmer based organisation (see Tables A.1 and A.2 in Appendix A).
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Also, the sampled farmers from both regions mostly farm for both home consumption
and for the market (about 90 percent of the sample) and this is consistent with Regassa
et al.’s (2016) study in Northern Ghana.

However, there are differences regarding gender, farm distance and inputs used in the
production process. For instance, the average of the gender variable (dummy where male
=0) gives an indication that the sample from Northern region are predominantly males
compared to the Upper East region. In addition, the sample from the Northern region
has shorter average farm distance compared to those from the Upper East region (see
Table A.1 and A.2 in Appendix A). Another notable difference among sampled farmers
in the two regions is the level of risk (measured as number of crop failures in a period
of 10 years) and food security status. The risk level reported by farmers (hereafter selfreported risk) gives an indication that the sample from the Northern region has higher
probability of crop failure compared with the sample from the Upper East region.
Furthermore, the sample from the Northern region tend to be more food secure (food
security was measured on a 0-1 scale where low values represent higher food security)
compared to the sample from the Upper East region.

Relative to production inputs, the sample from the Northern region has relatively larger
farm sizes compared to their Upper East region counterparts. The cultivated area
(measured as the total cultivable area under rice production at the period of survey)
ranges between 0.4-6 ha in the Northern region with a mean of 1.73 ha, and 0.4-4 ha in
the Upper East region with a mean of 1.3 ha. Again, labour input (measured in mandays) into rice production is higher in the Northern region (147 man-days), compared to
20

the Upper East region (112 man-days). Nonetheless, the sample from the Upper East
region (460 GHS) tend to use more variable inputs (measured by the total cost of variable
inputs such as seed, water, agrochemicals, etc.) in the production process relative to
those from the Northern region (434 GHS).

1.6

Thesis organisation

This PhD thesis addresses key issues related to agricultural productivity among smallscale rice producers that are paramount in the context of increasing food security and
improving the general welfare of farmers in the agricultural sector in SSA, with Ghana
as a case study. The task is accomplished in the following six chapters. The current
chapter (Chapter 1) provides information about research problem, research gap in the
literature, the originality and scholarly contributions of this study, data and
research design. It ends with a description of the individual chapters of the thesis23.

In Chapter 2, we propose a novel approach, Bayesian stochastic metafrontier to
examine the extent of inefficiency among rice farmers in Ghana and decompose
inefficiency into managerial gap (technical inefficiency) and technological gap.
We compare our proposed Bayesian stochastic metafrontier approach to the
standard metafrontier models, which combine stochastic group frontier estimation

2

The thesis is formatted as a series of papers in accordance with the University of Western Australia

research and postgraduate regulations 31(1). Each chapter therefore has a separate introduction, methods,
results and discussion, conclusion, and reference sections.
3

There is one appendix (A-G) to this thesis arranged according to the chapters of the thesis.
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methods with deterministic metafrontier function estimation (Battese et al. 2004;
O’Donnell et al. 2008), and also the stochastic frontier estimation of both group and
metafrontier functions recently proposed by Huang et al. (2014). We further
investigate alternative support for the metafrontier and argue that a better support
for the metafrontier is not the expected output of the group frontiers but rather the
upper bound of the 95th percentile of the group frontier output. In addition, we examine
the effects of imposing regularity conditions on the production frontier and the
effects of alternative distributions for modelling the inefficiency term (i.e. halfnormal vs exponential functions).

In Chapter 3 of the thesis, we investigate the effects of environmental variables on
technical efficiency estimates using variants of parametric and smooth coefficient
stochastic (SPSC) frontier models. Specifically, we compare the SPSC model (sun and
Kumbhakar, 2013) with three alternative parametric models, namely: (1) KGMHLBC
(Kumbhakar et al. 1991; Huang & Li 1994; Battese & Coelli 1995); (2) RSCFG
(Reifschneider & Stevenson 1991; Caudill et.al 1995; Caudill & Ford 1993; and (3)
Wang (2002). We contend in that chapter of the thesis that alternative production frontier
models affect technical efficiency estimates and estimates of the magnitude of
environmental variable effects on inefficiency. Furthermore, non-monotonic effects of
environmental variables are key to identifying optimal policy solutions.

In Chapters 4 and 5, we report results from our study modelling farmers’ choice
behaviour using a discrete choice experiment approach and present findings that might
help explain the puzzle of low technology adoption. In Chapter 4, we investigate
22

farmers’ choices using preference and willingness to pay space models. We further
extend these models to account for farmers stated preference information on technology
choices. Moreover, we explore loss aversion behaviour of farmers using prospect
theory. In Chapter 5, we extend the analysis from Chapter 4 to consider the interrelated
factors that influence farmers’ technology choice decisions. Specifically, a conceptual
framework of technology choice is designed based on the sequential hybrid discrete
choice model to unpack the ‘black box’ of farmers’ decision-making processes. A food
insecurity latent variable and other socio-economic characteristics are introduced to
examine sources of preference heterogeneity among farmers.

The final chapter, Chapter 6 provides a summary of the thesis and a synthesis of the
empirical findings within a broad policy and methodological framework. The
importance of this study along with limitations and suggestions for future research are
highlighted.
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CHAPTER 2

Technical inefficiency and technology gap of rice farms in different agro-ecological
zones of Ghana: An application of alternative stochastic metafrontier approaches4

Abstract
The subject of technological heterogeneity has been a major issue in the application of
production function approach to efficiency estimation. Battese et al. (2004) therefore
introduced a metafrontier approach that addresses technological heterogeneity in efficiency
estimation using linear programming (LP) methods to envelop average production functions
(APF) representing group frontiers. In this paper, we propose two alternative methods for
constructing the metafrontier and establishing its statistical properties. Our first proposal
relates to constructing the metafrontier using upper confidence bounds for the group
frontiers and estimating the metafrontier using Bayesian stochastic metafrontier methods.
The second alternative integrates the group and higher-level frontier estimations into a
single Bayesian estimation procedure by constructing LP based metafrontier for each
Markov Chain Monte Carlo (MCMC) group frontier draws. We apply and compare the
proposed models to the original LP metafrontier approach.

4

This chapter was accepted for presentation as a selected paper at the 61st Annual Agricultural and Resource

Economics Conference in Brisbane from 7th-10th February 2017 under the same title.
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We use rice production data from two agro-ecological zones (Guinea Savannah and Sudan
Savannah) in Ghana for our empirical application. We find that farms in the
Guinea Savannah zone are more efficient compared with those in the Sudan Savannah
zone. Rice production
substantial

levels

in

both

agro-ecological

zones

is

characterised

by

of inefficiency. Methodologically, we find that the alternative

metafrontier models generate slightly variable technology gaps and this is a function of
the method used for constructing the metafrontier and its statistical properties.

2.1

Introduction

In most efficiency analysis, homogeneity of technology is assumed and all observations are
evaluated against a common frontier. However, technological heterogeneity exists in most
production environments and failure to account for it is likely to result in biased production
frontier and efficiency (Orea & Kumbhakar 2004; Sakano & Obeng 2012). The production
economics literature has identified this limitation and proposed various measures for
addressing heterogeneity in efficiency studies. One such approach is the metafrontier
methodology (Battese et al. 2004; O’Donnell et al. 2008) which relates to the meta
production function ideas of Hayami (1969) and Hayami and Ruttan (1970). The
metafrontier concept is based on defining the boundary of the overarching technology set
that envelops the group frontiers and allows one to decompose efficiency into group level
technical efficiency (within group inefficiencies) and technology gaps (group inefficiencies
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relative to a metafrontier). As in the case of standard stochastic frontier analysis, the
metafrontier can be modelled using parametric, semi-parametric or non-parametric
frameworks.5

The metafrontier approach was initially formulated within the stochastic framework
(Battese et al. 2004) and later extended to cover non-parametric methods (O’Donnell et al.
2008).

Since the metafrontier was introduced, there have been several empirical

applications. For instance, Assaf et al. (2010) applied a bootstrapped data envelopment
analysis (DEA) metafrontier approach to investigate hotel efficiency in Taiwan. The
bootstrap approach was adopted in the paper to correct for biases in the efficiency estimates
resulting from the deterministic nature of DEA. Instead of the bootstrapping approach,
Mitropoulos et al. (2015) applied a Bayesian inference approach to the DEA metafrontier
model to evaluate efficiency levels of Greek hospitals.

Mariano et al. (2010) using a stochastic metafrontier explored the productive difference
between irrigated and rain-fed farming systems in the Philippines. Efficiency comparison
of heterogeneous operation groups in the New South Wales and Victoria states of Australia

5

For a detailed discussion on these methods, we refer the reader to Fried, Lovell, & Schmidt (2008).
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were examined by Matawie and Assaf (2008). Other studies that applied the metafrontier
methodology include Jiang and Sharp (2013), Huang et al. (2014), and Huang and Fu
(2013).

The metafrontier approach proposed by Battese et al. (2004) and O’Donnell et al. (2008) is
defined as an envelopment of the average group production functions, where this
envelopment is achieved using linear programming (LP) methods for estimating the
coefficient values of a metafrontier function subject to constraints that ensure the fitted
metafrontier envelops or lies above all the group frontiers. We identify two key limitations
to this approach. Firstly, the application of the average group production functions to
provide support for the metafrontier is inconsistent with the idea of stochastic frontier
analysis (SFA) where the focus is on estimating not the average production function
(hereafter APF) but the frontier to the technology, which is unknown (Huang et al. 2014).
Therefore, it is likely that the frontier is higher than the APF. Secondly, the metafrontier
approach fails to generate a distribution for the metafrontier or related statistics or efficiency
measures (Huang et al. 2014).

Recently, Huang et al. ( 2014) suggested a new metafrontier approach, which addresses the
second limitation. The model adopts a stochastic regression approach in the estimation of
the metafrontier using predicted pooled group frontiers, an approach that generates
statistical properties of the metafrontier parameters. However, the model was estimated
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using maximum likelihood estimates which generates inconsistent standard errors that
requires extra techniques to resolve (Huang et al. 2014).

In this paper, we extend the literature by providing alternative methods of constructing the
outer bound of the metafrontier and the distribution of the technology gap estimates using
Bayesian inference approaches. Although the Bayesian approach has been the subject of
several recent empirical applications (Koop et al. 1992; Greene 2008/Chapter 2), it has
never been applied to the analysis of stochastic metafrontiers. The approach allows for
numerical integration methods such as Markov Chain Monte Carlo (MCMC), which offer
advantages in terms of the ease with which theoretical or regularity conditions can be
incorporated into the estimation (O’Donnell & Coelli 2005) and also in terms of
characterising the posterior distributions of derivative results like metafrontiers.

Specifically, we offer two new methods of constructing the metafrontier and its statistical
properties. In the first case, we approximate the upper bounds of the group technology
frontiers using the 95th percentile values (hereafter, upper confidence bound) derived from
the Bayesian posterior distribution of group frontiers using Bayesian stochastic
metafrontiers6.

6

Bayesian stochastic metafrontier is simply an application of the Bayesian inference approach to the stochastic

metafrontier model proposed by Huang et al. (2014).
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In the second case, we extend the Bayesian MCMC simulation to the estimation of the
metafrontier itself using LP methods7, thus generating a complete set of posterior
distribution of metafrontiers and associated results defined against the metafrontier
(technology gaps8). In all cases, we estimate the group frontiers with and without theoretical
(monotonicity and curvature) restrictions.

We apply and compare our proposed models to existing metafrontier models in the
literature. The empirical data for this application come from the two most important rice
producing agro-ecological zones in Ghana (Guinea Savannah and Sudan Savannah). The
agro-ecological zones, which correspond to the Northern and Upper East regions,
respectively, operate under different production environments. Our empirical estimates
revealed that generally rice production in Ghana is characterised by inefficiency.
However, farms in the Guinea Savannah zone (Northern region) are more
technically efficient compared with farms in the Sudan Savannah zone (Upper East
region).

7

In other words, this method incorporates the Battese et al. (2004) or O’Donnell et al. (2008) techniques for

fitting metafrontiers as extensions to the Bayesian estimation of the group frontiers.
8

In this paper, technology gap and meta technology ratio are used interchangeably.
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Methodologically, we find that the alternative metafrontier models generate comparable
technology gaps overall. However, there are slight variations in the estimates, which are a
function of the type of bound (APF, upper confidence bound or the predicted frontier output)
used in constructing the metafrontier and the method applied in establishing the statistical
properties (Bayesian stochastic metafrontier, Bayesian regression or bootstrapping) of the
metafrontier.

The rest of the paper is organised as follows. Section 2.2 discusses the metafrontier
frameworks highlighting the new stochastic metafrontier model (Huang et al. 2014),
the metafrontier approach of Battese et al. (2004) and O’Donnell et al. (2008), and the
two alternative formulations for constructing the metafrontier.

The section ends by

describing the estimation procedures we used for the group and metafrontiers. Section
2.3 describes the empirical applications and the data. Results are presented and discussed
in Section 2.4. The paper finally concludes by drawing policy and methodological
implications in Section 2.5.
2.2

Methods

Below, we describe how the group frontiers and the metafrontier are defined and
estimated. We also describe how these frontiers are used to decompose efficiency into
technology gap and group inefficiency estimates.
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2.2.1 Stochastic metafrontier specification
In the case of standard stochastic frontier analysis (SFA), a key component of the
formulation is the production frontier with composed error. For a group k, this stochastic
frontier can be formulated as:

!"($) = ' $ ("($) , *($) = + ,- .

/ 01 / 23 /
-

(2.1)

where: !"($) is output, ("($) is the log of input vector for observation i; *($) are unknown
parameters to be estimated relative to the k-th group; 5"
($)

be independently and identically distributed; and 6"

($)

is the statistical noise assumed to

represents inefficiency.

In our case, this equation is assumed to be quadratic in a log form and subsumes the two
commonly used functional forms: the translog and the Cobb-Douglas. The inefficiency term
u, is related to the standard measure of technical efficiency (TE), defined as the ratio of
actual output to the maximum output possible:

78"$ =

9-(/)
/
/
: ;- < =>-

= + 23-

(2.2)

/

The common underlying metafrontier enveloping all group frontiers (!"

$

) is assumed to

have a functional form similar to the group frontiers but a different set of parameters.
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Specifically, according to Huang et al. (2014), the metafrontier is defined as:

!"∗ = ' @ (" , * ∗ + 23-

A

(2.3)

The relationship between the metafrontier function in (2.3) and the group frontier function
in (2.1) is specified as:
' $ ("

$

,* $

= ' @ (" , * ∗ + 23-

A

(2.4)

where: 6" @ ≥ 0, implying that ' @ (. ) ≥ ' $ (. ).

The metafrontier in (2.3) was originally implemented using O’Donnell et al. (2008) linear
programming approach (LP). However, Huang et al. (2014) noted two key
problems associated with estimating the metafrontier as an LP function: 1) It is
challenging to statistically interpret the metafrontier parameter estimates; and 2) The LP
approach does not account for noise in the metafrontier thus generating biases in the
estimates. Instead, Huang et al. (2014) proposed the use of stochastic production function
approach in the second step9 estimation to overcome these challenges.

9

The metafrontier is a two-step procedure where the first step involves estimation of group frontiers and the

second step involves metafrontier estimation.
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Using the relationship between the group frontier and the metafrontier in (2.4), we can
estimate the metafrontier as a stochastic frontier by reformulating (2.4) as:

EF' $ ("

$

,* $

= EF' @ (" , * ∗ − 6" @

The group frontier ' $ ("

$

,* $

(2.5)

is unobservable but its values can be estimated from the

first step since the fitted values ' $ ("($) , *($)

differ from the true frontier. Hence, (2.5)

can be re-specified as:

EF' $ ("

$

,* $

= EF' @ (" , * ∗ − 6" @ + 5" @

(2.6)

where 5" @ is the systematic error or noise component representing a deviation between the
fitted values and the true frontier. That is,
5" @ = EF' $ (" , *($) − EF' $ (" , *($)

(2.7)

Equation (2.6)10 therefore holds resemblance with typical stochastic frontier model and
therefore can be estimated as stochastic. This model, which is described as a stochastic
metafrontier regression11 model was implemented using maximum likelihood methods.

10

See Huang et al. (2014) for further details and derivation of the stochastic metafrontier model

11

Huang et al. (2014) expresses the stochastic metafrontier regression model as EF' @ (" , * ∗ + 5" @ derived

from 2.7.
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However, we extend the model into a Bayesian framework because of the flexibility of
imposing regularity conditions and to ensure that consistent standard errors are obtained.
Our formulation will henceforth be referred to as a Bayesian stochastic metafrontier.

The efficiency of the actual output against the metafrontier output can be decomposed into
three components:
1) The metatechnology ratio (MTR) or technology gap, which is the ratio between the
group production function and the metafrontier:
L7M"$ =

N / ,- ,. /
N A ,- ,. ∗

A

= + 23- ≤ 1;

(2.8)

Therefore, the estimated MTR is computed as follows
A

L7M"$ = 8 + 23- |R"@ ≤ 1

(2.9)

where: R"@ = EF' $ (" , *($) − EF' @ (" , * ∗

2) The technical efficiency (TE) as specified in (2.2) and
3) The metatechnical efficiency (L78"∗ ), which measures overall technical efficiency
of the i-th observation relative to the metafrontier.
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In other words, the MTE compares observed output relative to metafrontier output, adjusted
for corresponding random error as specified in (2.10):
L78"∗ =

9-(/)
NA

,- ,. / : >-

= 78"$ ( L7M"$
(2.10)

Prior to describing further model estimation techniques, we consider graphically the original
metafrontier model and the associated challenges relative to this method of constructing the
metafrontier. Figure 2.1 illustrates the APF metafrontier formulation and is adapted from
Battese et al. (2004) original paper on the metafrontier model.

Figure 2.1:Diagrammatic representation of metafrontier defined against average group
production frontiers. Source: Battese et al. (2004).
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The oval shaped objects in Figure 2.1 correspond to unobserved stochastic frontier output
best described as potential output given a vector of inputs. The dotted oval shaped objects
are observed values relative to specific group frontiers. The illustration shows how the gap
between an observation and the metafrontier is composed of technical efficiency and
technological gap.

While the above description presents the group frontiers and the related efficiency
decomposition, the results obtained will depend on how the group frontiers are defined. In
the APF metafrontier approach (Model 1) of Battese et al. (2004) and O’Donnell et al.
(2008), the group frontiers are defined by the stochastic frontier (SFA) parameters and these
group frontiers are used to define the metafrontier.

The SFA frontier is by definition higher than the ‘average’ production function of the type
one would obtain if inefficiency is ignored and ordinary least squares methods used to
estimate the production function parameters. However, there is no guarantee that the SFA
frontier is a good depiction of the outer bounds of the true technology, which should be used
to define the location of the metafrontier and the technology gaps. Based on this limitation,
Huang et al. (2014) proposed the application of predicted group frontier output to estimate
the metafrontier using the standard stochastic frontier method. Despite this improvement
in the estimation of the metafrontier, it is useful to consider alternative ways of describing
the group frontiers to reflect our uncertainty about the true location of the frontiers.
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In this paper, we apply two such alternatives, both of which utilise Bayesian (MCMC)
methods to characterise distributions for the group frontiers and the metafrontiers. In the
first case, we define the metafrontier using the 95th upper confidence bounds for the group
frontier distributions as supports for the metafrontier. This is illustrated in Figure 2.2, where
the solid curves represent the 95th percent confidence region for the group frontier.

Figure 2.2:Diagrammatic representation of the upper confidence bound metafrontier
approach. Source: Author’s construction.
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This formulation is based on the notion that the true underlying production function is
unknown and may be best inferred from the upper bounds of the distribution for the group
frontier predictions. Our second alternative approach to estimating the metafrontier
generates not a single estimate but a distribution for the metafrontier itself. This is done by
defining a metafrontier for each draw of group predicted frontiers obtained from the
Bayesian (MCMC) simulation. The result is distributions of parameter values for the
metafrontier and also for the technology gap estimates.

2.2.2 Model Estimation
For the empirical implementation, we assume the translog functional form (2.11) for both
the group and metafrontiers:

Y

ln U" = *V +
WZ[

1
*"W ln X"W +
2

Y

\

*W$ EF X"W EFX"$ + 5"

($)

($)

− 6"

(2.11)

WZ[ $Z[

where: * is a vector of parameters to be estimated; U is output and ( is a vector of inputs;
5"

($)

is the symmetric noise or error term which might be distributed as half-normal or
($)

exponential; and 6" is a non-negative inefficiency term.
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2.2.2.1 Group frontier estimation
The group frontiers were estimated using Bayesian inference approach. The Bayesian
inference approach is based on Bayes theorem, which specifies the posterior probability
density function (PDF) as proportional to the product of the likelihood function (_ U|*, ` )
and the prior density function (a *, ` ). Mathematically, the theorem is specified as
a *, `|U ∝ _ U|*, ` a *, ` , where; y is the observed data and a *, `|U is the posterior
PDF. Similar to the maximum likelihood estimation, the unknown parameters of interest in
the model are a vector of coefficients (*′d) and standard deviation (`).

The Bayesian approach involves evaluating complex integrals that are analytically
intractable (Coelli et al. 2005) and therefore requires simulation techniques to solve. Coelli
et al. (2005) noted that the simulation techniques could either be simple Monte Carlo
methods that produce independent sample observations or more sophisticated methods that
result in chains of correlated observations that have properties of Markov processes (known
as Markov Chain Monte Carlo (MCMC) algorithm). There are different variants of the
MCMC methods including Gibbs sampling and Metropolis-Hastings.

In this paper, following Osiewalski and Steel (1998), we employed the Gibbs sampling
algorithm in the Bayesian model estimation. The MCMC with Gibbs sampling is a
technique for obtaining a sample from a full joint distribution of a vector e by taking random
draws from a full conditional distribution (Osiewalski & Steel 1998; Griffin & Steel 2007).
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The Gibbs sampling procedure involves drawing from the marginal posterior distribution
without having to calculate the density. Specifically, we can partition e into e"f , … , ehf
such

that

sampling

from

each

of

the

conditional

distributions

(e f ijk+F l+mnjFjFi dopk+qrsld; j = 2, … a) is straightforward. The Gibbs sampler is
then composed of drawing from these distributions in a cyclical manner.
That is, given a q-th draw, e (u) , the next draw e (u0[) is obtained as follows:
e[

u0[

jd vlnwF 'lsm a e[ ex = ex , … , eh = eh

u0[

jd vlnwF 'lsm a ex e[ = e[

ex

u

u

,

u0[

, ey = ey , … , eh = eh

u

u

u0[

, … , eh2[ = eh2[

,

…
u0[

eh

jd vlnwF 'lsm a eh e[ = e[

u0[

(2.12)

It is important to note that each pass consists of p steps (drawings of p sub-vectors of e).
The starting point, e (z) , is arbitrary. More details on the Gibb sampling and other sampling
procedures can be obtained from Koop and Steel (1998).

Bayesian estimation requires that priors are assigned to the model parameters. The priors
assigned to our model parameters in the case of the exponential and half-normal
distributions were adopted from Griffin and Steel (2007) and Coelli et al. (2005). Variance
of the noise term is modelled using the precision parameter ℎ = 1 ` x , which is preferred to
|
the variance because it simplifies the modelling process. The precision parameter was
assigned a gamma distribution with small values for the scale and shape parameters
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(ℎ~~nmmn 0.001,0.001 . For the case of the exponential distribution, the inefficiency
term " = a  Ä =

Ñ
2[
"Z[ Ä exp

(− " /Ä). The prior distribution of Ä, is Ä~exp (Ä −

Esil ∗ ), where l ∗ (r-star) is the prior median of the efficiency distribution. Although there
are several r-star values proposed in the literature (Van den Broeck et al. 1994), in this
application, an r-star value of 0.65 generated consistent results. The * parameters were
assumed to come from a multivariate normal distribution, *" = Ü 0, Σ .

Having assigned priors for the model parameters, we specified the likelihood function as
_ U *, ℎ, , Ä = (2à)2[/x ℎ[/x +(a −

â
x

Ñ
"Z[

EFU" − (íf * + "

x

(2.13)

Finally, using the likelihood and the priors, the posterior distributions for the model
parameters were derived through the Gibbs sampling algorithm implemented using JAGS
Bayesian simulation software.

The results of interest to us is the marginal density functions of * and the measure of
technical efficiency. We derived our results by taking MCMC draws from the joint
posterior. To ensure that we estimate a theoretically consistent model as specified in
Henningsen and Henning (2009), we imposed monotonicity and quasi-concavity constraints
at all data points in the Bayesian estimation. We used two chains running for 100000 steps
with the first 50000 used as burn in.
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2.2.2.2 Metafrontier estimation
After the group frontier estimation, we estimated six variants of the metafrontier, which
differ depending on how the group frontier support for the metafrontier is defined and the
method used to fit the metafrontier (Bayesian stochastic frontier method, Bayesian
stochastic regression and LP with bootstrapping). In the first model (Model 1), we applied
the Bayesian stochastic regression method in the estimation of the metafrontier, with the
group frontier support defined as a single set of predicted values reflecting the value of the
APF model as in Battese et al. (2004) and O’Donnell et al. (2008). In the second model
(Model 2), we employed Bayesian stochastic metafrontier approach in estimating the
metafrontier using predicted group frontier output. In the third model (Model 3), Bayesian
stochastic metafrontier approach was used in estimating the metafrontier with 95th percentile
upper confidence bounds to group output predictions as support. In the case of Model 4, the
standard LP methods were employed in estimating the metafrontier using average
production frontier approach (APF).

Model 5 was also estimated using LP with predicted MCMC frontier output. Specifically,
the model integrates the metafrontier estimation into the Bayesian simulation of the group
frontiers, with the LP method of fitting the frontier being applied to predicted outputs
corresponding to the MCMC frontier parameter draws. Under this model, the distribution
of the metafrontier results is not from direct or explicit assumptions about the stochastic
nature of the metafrontier, but from the application of deterministic (LP) methods to the
distribution of predicted outputs obtained from the stochastic (Bayesian) estimation of the
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group frontiers. Finally, in Model 6, we employed the LP methods in constructing the
metafrontier using the 95th upper bounds to the predicted group output used as supports.

It must be noted that the statistical properties of Models 4 and 6 were established using
bootstrapping techniques. Bootstrapping is a statistical technique for testing reliability of
data by creating a pseudo dataset. The central idea behind bootstrapping is to simulate a true
sampling distribution by mimicking the data generating process. That is, using data of a
sample study as a “surrogate” population for the purpose of approximating the sampling
distribution of a statistic. In this paper, the bootstrap technique was employed to generate
standard errors for the LP metafrontiers. We implemented all programming in R. Figure
2.3 provides an overview of the models estimated in the paper.

The following provides further information on the steps used in the estimations. Model 1
was estimated as follows: (1) Acquire the posterior densities, * $ for the * $ parameters of
the Bayesian frontier estimation for the k-th group; (2) Estimate * ∗ , for * ∗ parameters of
the metafrontier function using the Bayesian regression method allowing for noise in the
estimates while imposing the constraint '((" , * ∗ ) ≥ '((" , * $ ) to ensure that the
metafrontier does not lie below the group frontiers. In Model 2, obtain the predicted output
('((" , * $ )) from the group frontiers and estimate the metafrontier using Bayesian
stochastic metafrontier model. For Model 3: (1) Obtain the upper confidence bound of the
predicted '((" , * $ ) group frontiers from the Bayesian group frontier estimation for
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k-th the group; (2) Using the maximum output (upper confidence bound) obtained from the
group frontiers, estimate the metafrontier using Bayesian stochastic metafrontier method.

Model 4 was estimated by solving the LP problem specified in O’Donnell et al. (2008) using
APF as support for the metafrontier. We then applied bootstrapping techniques to the
estimated metafrontier to establish the statistical properties. Model 5 was estimated using
the predicted MCMC group frontier output obtained from the group estimations. This
approach is similar to the simulations approach proposed by Battese et al. (2004); however,
instead of applying simulations on the asymptotic distributions from the maximum
likelihood estimates, we directly obtained the predicted MCMC frontier draws from the
Bayesian group frontier estimation and fitted the metafrontier by solving the LP problem
for each of the predicted MCMC frontier draws. Standard errors of the metafrontier were
obtained as a posterior standard deviation of the solutions to the LP problem.

Similarly, Model 6 (based on the upper confidence bound method) was estimated using LP
with bootstrapping to establish its statistical properties. The bootstrap procedure for both
Models 4 and 6 were implemented by drawing random samples from the data using 10000
replications in the R software.

Standard errors of the metafrontier parameters were

calculated based on the 10000 bootstrap samples.
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Figure 2.3:Overview of the metafrontier modelling procedure.

2.3

Empirical application

The study uses farm household data on rice production collected between August and
September 2014 in the Northern (Guinea Savannah zone) and Upper East (Sudan Savannah
zone) regions of Ghana. The selection of the regions was based on the volume of rice
produced and closeness to the major rice market, the Ashanti Region. Statistics indicate
that these two Regions contribute about 66.65% of the total volume of rice produced
(Angelucci et al. 2013) and therefore play a major role in the country’s food self-sufficiency
in rice production. Analysis of technical efficiency of rice production using the two
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regions is very important to identify regional variations in efficiency and draw sound policy
recommendations.

We surveyed farmers in four locations in the Northern Region (Tamale Metropolis, Tolon,
East Gonja and Sagnarigu Districts) and in two locations in the Upper East Region (Kassena
Nankana and Builsa Districts). We used a multistage technique in the data collection
process. In the first step, a stratified sampling method was used to categorise regions into
districts and later communities. We then applied random sampling technique to select the
farming households based on names provided by the Ministry of Food and Agriculture and
interviewed a total of 480 farmers. Out of these, 436 observations were usable for this
analysis, 276 farmers from the Northern Region and 160 farmers from Upper East Region.

Output is measured as an amount of paddy rice produced by the farm. The inputs include
farm size, labour, and other variable costs. Farm size (X1) is measured as total area
cultivated to rice in hectares. Labour (X2) is the total person-days committed to the
production process by both family and hired labour. Other variable costs (X3) is an
aggregation of other production costs such as harrowing, seed cost, fertilizer cost,
ploughing, and herbicides in monetary terms, Ghana Cedis (GHS)12.

12

2.87 Ghana Cedis is equivalent to 1 USD.
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Table 2.1 presents summary statistics for the data sample. The average farm size is about 2
hectares. In terms of regional segregation, we find that the Northern region has large
cultivable areas compared with upper East region and is more productive. Details of the
socio-economic characteristics of respondents are provided in Chapter 1.

Table 2.1: Sample descriptive statistics of data
Pooled

Northern Region

Upper East Region

Variables

Mean

SD

Mean

SD

Mean

SD

Yield (kg/ha)

1290

732

1534

603

868

744

Farm size (ha)

1.61

0.99

1.73

1.08

1.39

0.741

Labour (man-days)

133.91

68.64

146.56

70.37

112.09

59.72

Other variable

446.10

215.51

438.55

191.54

459.09

251.69

costs(GHS/ha)

For ease of explanation, we shall refer to Northern region as “Region 1” and the Upper
East region as “Region 2”. An independent sample t-test conducted on the variables
revealed a significant difference in yield, farm size and labour inputs between the two
Regions, suggesting that a metafrontier analysis might be appropriate.

2.4

Empirical results and discussion

In this section, we first present results for the Bayesian group frontier estimates comprising
elasticity and technical efficiency under the half-normal and exponential inefficiency
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distributions. We then proceed to present and discuss metafrontier estimates for the
alternative approaches (Model 1, 2, 3, 4, 5, 6) of estimating the metafrontier using the
Bayesian stochastic metafrontiers (Model 2 and 3), Bayesian regression with LP (Model 1)
and the LP methods with bootstrapping (Model 4, 5 and 6)13. We compare the elasticities
of the metafrontier parameters, metatechnology ratio (MTR) and metatechnical efficiency
(MTE), which represent the entire industry frontier under the alternative model
specifications.

2.4.1 Analysis of group frontiers
We first estimated unrestricted translog production function frontiers for the individual
regions, for both the exponential and half-normal inefficiency distributions. A check of the
monotonicity and quasi-concavity properties for the estimated frontiers showed that
monotonicity was violated for many observations. Region 1, for example, the monotonicity
violations for land (X1), labour (X2) and other inputs (X3) occurred in the case of 56.9%,
64.5% and 77.2% observations when the exponential distribution is assumed for the
inefficiency term (U). The corresponding violation counts for Region 2 are 45%, 1.3% and
98.8%. The violations are similar under the half-normal distribution assumption for the
inefficiency term (57.6%, 65.2%, and 80.1% for Region 1 and 45%, 3.8% and 99.4% for

13

We note that Model 4 and 6 are similar in terms of the approach used to estimate the metafrontier but differ
in the method applied to establish the statistical properties. Model 5 is an estimation of the metafrontier with
LP using predicted MCMC frontier output as support.
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Region 2). The curvature or quasi-concavity conditions were violated at almost all data
points. The unrestricted model therefore fails to satisfy regularity conditions and
metafrontier estimates derived may be biased: We re-estimated the models by imposing
monotonicity and quasi-concavity constraints.

2.4.1.1 Elasticity estimates
The summary statistics of posterior densities and technical efficiency estimates for the
groups are reported in Tables 2.2 and 2.3. Results for Region 1 are in the first five columns
of the tables while those for Region 2 are in the last five. Elasticity estimates at the sample
mean from the exponential (Table 2.2) and half-normal (Table 2.3) SFA formulations are
similar but vary depending on region. Output is most responsive to non-labour variable input
use (X3) than to land (X1) or labour (X2), especially in the case of Region 2. For Region 1,
the input elasticity estimates are 0.044 (0.051), 0.039 (0.046) and 0.336 (0.333) for land,
labour, and other variable inputs, respectively, in the case of the exponential (half-normal)
formulations. The corresponding estimates for Region 2 are 0.073 (0.080) for land, 0.037
(0.040) for labour, and 0.98 (0.935) for other variable inputs. We can infer from the input
elasticity estimates that Region 1 experiences decreasing returns to scale at the sample
mean, while Region 2 exhibits slightly increasing returns to scale.
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The difference in the elasticity and returns to scale in the regions is an indication of the
different production environment faced by farmers in the different locations. It is also a
confirmation of the heterogeneity that exists in the sample and therefore suggests the
application of the metafrontier approach.

The efficiency share (gamma parameter) gives an indication of whether all deviations from
the frontier are due to random error or inefficiency. An efficiency share close to zero shows
that all deviations are attributable to random error whiles a value close to one shows that
deviations are associated with inefficiency (Coelli et al. 2005). Values obtained under both
error distributions show that deviations from the frontier are associated with inefficiency.

2.4.1.2 Technical efficiency estimates
Group frontier based mean technical efficiency (GTE) estimates are also reported in Tables
2.2 and 2.3. Under the half-normal inefficiency term assumption, the technical efficiency
estimates for Regions 1 and 2 are 0.703 and 0.495, respectively, with an overall average of
0.627. Efficiency estimates under the exponential error formulation are higher, with the
averages for the two regions being 0.820 and 0.606, respectively, while the average TE is
estimated to be 0.741. If one ignored regional differences and estimated a single stochastic
frontier for the two regions, the average technical efficiency estimates from the pooled
samples would be 0.53 and 0.60 for the half-normal and exponential distributions,
respectively.
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Table 2.2: Parameters and efficiency estimates of the restricted Bayesian group stochastic production frontier: Exponential
inefficiency distribution
Variables

Mean

SD

Region 1
MC error

2.5%

97.5%

Mean

SD

Region 2
MC error

2..5%

97.5%

Constant
lnx1
lnx2
lnx3
0.5(lnx1)2
lnx1.lnx2
Lnx1.lnx3
0.5(lnx2)2
Lnx2.lnx3
0.5(lnx3)2
Efficiency
Share
Sigmasq

0.416
0.044
0.039
0.336
-0.004
0.000
-0.001
-0.003
0.007
-0.364
0.399

0.042
0.019
0.019
0.043
0.013
0.007
0.020
0.009
0.016
0.091
0.119

2.93E-4
1.34E-4
1.35E-4
1.45E-4
9.46E-5
5.13E-5
1.39E-4
6.15E-5
1.09E-4
6.45E-4
2.00E-3

0.331
0.014
0.011
0.260
-0.033
-0.015
-0.045
-0.022
-0.026
-0.051
0.171

0.494
0.088
0.085
0.432
0.021
0.014
0.034
0.013
0.038
-1.537
0.629

-0.001
0.073
0.037
0.981
-0.009
0.001
-0.011
-0.007
0.001
0.289
0.667

0.113
0.039
0.021
0.105
0.026
0.011
0.028
0.013
0.013
0.098
0.157

1.00E-2
2.72E-4
1.45E-4
1.00E-2
9.00E-3
8.01E-5
2.00E-4
9.31E-5
9.03E-5
1.00E-3
4.00E-3

-0.266
0.018
0.091
0.780
-0.067
-0.023
-0.080
-0.039
-0.027
0.049
0.271

0.188
0.167
0.088
1.188
0.037
0.024
0.034
0.014
0.026
0.441
0.879

0.075

0.013

1.00E-4

0.0507

0.1047

0.209

0.085

7.00E-4

0.089

0.4202

GTE
Pooled

0.820

Technical efficiency estimates

Observations

0.606
0.60
276

160
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Table 2.3: Parameters and efficiency estimates of the restricted Bayesian group stochastic production frontier: Half-normal
inefficiency distribution

Constant
lnx1
lnx2
lnx3
0.5(lnx1)2
lnx1.lnx2
Lnx1.lnx3
0.5(lnx2)2
Lnx2.lnx3
0.5(lnx3)2
Efficiency Share
Sigmasq

Mean
0.578
0.051
0.046
0.333
-0.006
-0.000
-0.002
-0.002
0.009
-0.297
0.845
0.045

SD
0.034
0.021
0.021
0.050
0.016
0.009
0.023
0.010
0.017
0.107
0.043
0.009

Region 1
MC error
2.44E-4
1.48E-4
1.52E-4
3.48E-4
1.11E-4
5.98E-5
1.65E-4
6.81E-5
1.18E-4
7.85E-4
2.00E-3
2.00E-3

2.5%
0.511
0.017
0.013
0.247
-0.04
-0.018
-0.054
-0.023
-0.027
-0.469
0.747
0.028

97.5%
0.645
0.096
0.095
0.440
0.024
0.016
0.038
0.016
0.042
-0.058
0.917
0.066

Mean
0.242
0.080
0.040
0.935
-0.010
0.001
-0.012
-0.008
0.002
0.288
0.911
0.116

SD
0.090
0.042
0.022
0.106
0.028
0.012
0.032
0.014
0.014
0.082
0.047
0.049

Region 2
MC error
1.00E-3
3.45E-4
1.96E-4
1.00E-3
1.95E-4
9.01E-5
2.39E-4
1.01E-4
9.94E-4
1.00E-3
2.00E-3
1.00E-3

2.5%
0.060
0.020
0.010
0.728
-0.073
-0.024
-0.089
-0.043
-0.028
0.098
0.794
0.046

Technical efficiency estimates
GTE
Pooled
Observations

0.703

0.495
0.53
276

160
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97.5%
0.415
0.181
0.093
1.144
0.041
0.026
0.037
0.014
0.029
0.424
0.971
0.234

This implies that without accounting for heterogeneity, the technical efficiency estimates
of the sample would be underestimated by between 18.3% and 23.5%. This observation
corroborates earlier research (Orea & Kumbhakar 2004), which advocates for
incorporating heterogeneity in efficiency estimation.

2.4.2 Metafrontier parameter estimates
Table 2.4 reports results from the APF with Bayesian stochastic regression (Model 1),
predicted output (Model 2) and upper confidence bound (Model 3) approaches using
Bayesian stochastic metafrontier14. Results from Model 4 (APF using LP with
bootstrapping), Model 5 (predicted MCMC frontier output with LP) and Model 6 (Upper
confidence bound using LP with bootstrapping) are also reported in Table B1 in
Appendix B. All the metafrontier estimation methods have been applied for the cases
where the group frontiers were estimated with monotonicity and curvature constraints
to enable us to evaluate the level of bias in the estimates when the underlying frontiers
are not theoretically consistent. We first discuss the effect of imposing regularity
conditions on the metafrontier in the case of Model 115 (Figures 2.4, 2.5 and 2.6) and
Model 4 in Figure B1 in Appendix B. We observe from the Figures that the input
elasticities for the unrestricted metafrontier are sometimes negative, implying that
theoretical properties of monotonicity and quasi-concavity need to be imposed if
estimated functions are to identify the production technology properly.

14

Model 1 was estimated using average production frontier parameters of the regional production frontiers

in a Bayesian framework allowing for noise and imposing the constraint lnf (!" , $ ∗ ) ≥ ()*(!" , $ , ).
15

We refer to Model 1 as restricted because the parameters used in estimation were obtained from the

restricted group frontiers. This is quite different from where the model was estimated using unrestricted
group frontiers (Figures 2.4, 2.5 and 2.6 support this viewpoint).
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Figure 2.4:Comparison of land input elasticity between restricted and unrestricted
metafrontier production function.

Figure 2.5:Comparison of labour input elasticity between restricted and unrestricted
metafrontier production functions.
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Figure 2.6:Comparison of other variable input elasticity between restricted and
unrestricted metafrontier production functions.

We also observe in addition that, the parameter estimates of the unrestricted models are
lower compared with the restricted models and this is consistent with findings by
O’Donnell et al.(2005) and Henningsen and Henning (2009), which show that the
unrestricted function sometimes results in low input elasticities. Another effect to note
is the skewed nature of the distribution from the unrestricted parameter estimates. This
is in contrast with the well-behaved distribution from the restricted metafrontier
function.
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Table 2.4: Restricted metafrontier parameter estimates under the alternative models:
Exponential and half-normal inefficiency distributions
Exponential inefficiency distribution
Model 1

Model 2

Variables

Mean

MC error

Mean

MC error

Constant

0.481

6.97E-5

0.465

5.01E-5

0.582

6.78E-5

lnx1

0.092

1.33E-4

0.057

9.76E-5

0.051

8.67E-5

lnx2

0.038

1.21E-4

0.047

8.87E-5

0.052

7.92E-5

0.578

8.91E-5

0.547

9.91E-5

0.610

1.08E-4

0.010

1.73E-4

-0.005

1.12E-4

-0.006

8.12E-5

lnx1.lnx2

-0.003

1.09E-4

0.001

6.59E-5

-0.002

6.64E-5

Lnx1.lnx3

0.093

2.21E-4

0.019

6.15E-5

0.019

4.73E-5

2

0.005

7.83E-4

-0.000

5.86E-5

0.002

4.85E-5

Lnx2.lnx3

-0.006

2.18E-4

0.008

1.03E-4

0.009

8.62E-5

2

0.136

3.48E-4

0.201

1.41E-4

0.235

1.05E-4

Sigmasq

0.0003

1.00E-5

0.002

1.00E-5

Efficiency

0.995

1.00E-4

0.959

2.00E-5

lnx3
0.5(lnx1)

0.5(lnx2)
0.5(lnx3)

2

Mean

MC error

Model 3

share
Half -normal inefficiency distribution
Model 1

Model 2

Model 3

Mean

MC error

Mean

MC error

Mean

MC error

Constant

0.642

3.71E-5

0.656

6.29E-5

0.783

6.71E-5

lnx1

0.094

6.66E-5

0.066

1.06E-4

0.075

1.22E-4

lnx2

0.044

6.08E-5

0.054

1.02E-4

0.059

1.05E-4

0.571

4.83E-5

0.573

1.03E-4

0.648

1.28E-4

0.004

8.75E-5

-0.002

1.10E-4

-0.002

1.15E-4

lnx1.lnx2

-0.003

5.63E-5

0.000

7.07E-5

-0.001

6.11E-5

Lnx1.lnx3

0.085

1.16E-4

0.0217

7.08E-5

0.029

5.89E-5

0.5(lnx2)2

0.005

4.01E-5

-0.001

6.57E-5

0.001

5.90E-5

Lnx2.lnx3

-0.004

1.09E-4

0.008

1.07E-4

0.016

8.65E-5

2

0.201

1.75E-4

0.198

1.73E-4

0.254

1.09E-5

Sigmasq

0.0003

2.00E-5

0.0008

1.00E-4

Efficiency

0.998

1.00E-5

0.991

2.00E-5

lnx3
0.5(lnx1)

0.5(lnx3)

2

share
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Next, comparing distributions of metafrontier input elasticities across some selected
models (Model 1, 2 and 3), we observe some slight variations in the distribution for the
land and labour inputs in Models 2 and 3 (Figures 2.7 and 2.8); however, there is a
greater difference in the distribution for the non-labour inputs in Model 3 (Figure 2.9).

The wide variance observed for the distribution of the non-labour input may be
associated with its extreme values and this might have influenced the distribution in
Model 3. The wide variance observed for the distribution of the non-labour input may
be associated with its extreme values and this might have influenced the distribution in
Model 3.

Figure 2.7:Comparison of land input elasticity across models.
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Figure 2.8:Comparison of Labour input elasticity across models.

Figure 2.9:Comparison of other (non-labour) variable input elasticity across models.
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In terms of magnitude of parameters, we do not observe remarkable variations in the
estimates of the alternative models, except for land in Model 1 and other variable input
in Model 3. The similarities between the parameters of the models (in particular, labour
and other variable inputs in Model 1 and 2) are consistent with results of Huang et al’s.
(2014) study.

2.4.3 Metatechnology ratio and Metatechnical efficiency estimates
The metatechnology ratio (MTR) and the metatechnical efficiency (MTE) estimates
obtained from Model 1, Model 2 and Model 3 are presented in Table 2.5 and for Models
4, 5 and 6 (See Table B2 in Appendix B). For simplicity of discussion, we focus on only
the estimates based on the restricted metafrontier production function. Generally, results
from all models indicate that Region 1 is closer to the best available agricultural
production technology (has high MTR values) and more technically efficient (high MTE
values) irrespective of the assumed error structure for the underlying production
function.

However, we find that there is substantial inefficiency in rice production in Ghana, and
also that the error structure of the underlying production function affects the level of
inefficiency. In addition, although we observe some slight variations in the model
estimates, there is a strong positive correlation among MTR estimates from alternative
metafrontier models (Figure 2.10). This finding suggests consistency among the
alternative models in predicting MTR (and by extension, MTE) for the rice industry in
the two regions (agro-ecological zones). However, mean comparison using WilcoxonMann-Whiney rank sum test shows significant differences in the estimated values (Table
B3 in Appendix B).
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Figure 2.10:Scatterplot of MTR estimates from alternative metafrontier model.

2.4.3.1 Comparison of MTR and MTE under alternative models
Metatechnology ratio (MTR) values help us make inferences about relative efficiency
levels of the individual regions. Therefore, we compare the effects of alternative
metafrontier models on the MTR estimates and the metatechnical efficiency, which is a
measure of overall industry efficiency.

On average, we observe some variations in the MTR values generated from Models 1, 2
and 3 (Table 2.5) under the exponential inefficiency distribution, apart from the halfnormal model values that are comparable under Models 2 and 3 (Table 2.5) but different
in Model 1. These variations in the MTR values, in particular (Models 1 and 2) were
also observed in previous studies (Huang et al. 2014; Chang et al. 2015).
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Table 2.5:Summary statistics of rice industry efficiency measures from the restricted
metafrontier

Group
Region 1
MTR
GTE
MTE

Mean

Exponential distribution
Half-normal distribution
Model 1-APF model with Bayesian regression
SD
Min
Max
Mean
SD
Min

Max

0.896
0.820
0.735

0.089
0.094
0.115

0.639
0.325
0.322

0.996
0.945
0.915

0.898
0.703
0.644

0.087
0.141
0.147

0.644
0.240
0.238

0.996
0.940
0.901

Region 2
MTR
GTE
MTE

0.612
0.606
0.372

0.136
0.202
0.154

0.364
0.151
0.069

0.992
0.900
0.705

0.656
0.495
0.327

0.133
0.221
0.167

0.378
0.097
0.046

0.993
0.905
0.722

Overall
MTR
GTE
MTE

0.792
0.742
0.602

0.175
0.176
0.282

0.366
0.151
0.069

0.996
0.945
0.915

0.810
0.627
0.521

0.358
0.202
0.249

0.378
0.097
0.046

0.996
0.940
0.900

Model 2 -Predicted output model using Bayesian stochastic metafrontier

Region 1
MTR
GTE
MTE

0.905
0.820
0.744

0.075
0.094
0.110

0.588
0.325
0.317

0.980
0.945
0.909

0.891
0.703
0.628

0.077
0.141
0.142

0.667
0.240
0.235

0.981
0.940
0.883

Region 2
MTR
GTE
MTE

0.617
0.606
0.374

0.148
0.202
0.158

0.297
0.151
0.069

0.996
0.900
0.725

0.650
0.495
0.323

0.130
0.221
0.161

0.370
0.097
0.052

0.990
0.905
0.712

Overall
MTR
GTE
MTE

0.800
0.742
0.608

0.176
0.176
0.220

0.297
0.151
0.069

0.996
0.945
0.909

0.803
0.627
0.516

0.152
0.202
0.210

0.370
0.097
0.048

0.993
0.940
0.883

Model 3-Upper confidence bound model using Bayesian stochastic metafrontier

Region 1
MTR
GTE
MTE

0.889
0.820
0.730

0.075
0.094
0.107

0.707
0.325
0.312

0.969
0.945
0.889

0.836
0.703
0.608

0.094
0.141
0.143

0.669
0.240
0.231

0.976
0.940
0.879

Region 2
MTR
GTE
MTE

0.685
0.606
0.415

0.134
0.202
0.164

0.427
0.151
0.088

0.991
0.900
0.769

0.699
0.495
0.347

0.107
0.221
0.167

0.489
0.097
0.059

0.993
0.905
0.715

Overall
MTR
GTE
MTE

0.814
0.742
0.614

0.141
0.176
0.201

0.428
0.151
0.088

0.991
0.945
0.889

0.803
0.539
0.512

0.127
0.211
0.197

0.489
0.044
0.059

0.993
0.913
0.879
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The variations are also present in the technology gaps of the individual regions. For
example, under exponential inefficiency distribution, the mean MTR values for Region
1 are 0.896 (Model 1) and 0.905 (Model 2) and these values are slightly lower in Model
3. Similarly, the mean MTR values for Region 2 under Model 1 and Model 2 are
comparable (0.612 and 0.617), while that from Model 3 is higher. These results imply
that Region 1 is closer to the rice industry frontier in Ghana compared to Region 216.

Finally, we extend the discussion of the MTR estimates to include interval estimates
from Models 1, 2 and 3 (Table B4 in Appendix B). Generally, the results show that
confidence interval (CI) generated from Model 1 is narrower compared to that of Models
2 and 3 (Figure 2.11). This finding may be attributed to the alternative modelling
approaches employed. Models 2 and 3 allow for both inefficiency and noise, whiles
Model 1 allows for only noise but not inefficiency.

A similar finding has been reported in the literature (Balcombe et al. 2006; Brümmer
2001) where deterministic models tend to have narrower CI compared with stochastic
models. The result does not, however, give an indication that Model 1 is the best model
because the model is inherently biased. Also, irrespective of the error distribution, the
results further show that the average upper bound of Models 2 and 3 are slightly higher
than Model 1.

16

Similar observations are made from the LP models reported in Table B2 in Appendix B.
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Figure 2.11:The 95% confidence band of mean MTR values from Models 1, 2, and 3.

Now turning attention to MTE estimates, we observe that the alternative metafrontier
models generate comparable values. Therefore, for simplicity purposes, we focus on the
first three models only. In Model 1 (Table 2.5) the average MTE vary from 0.735 for
Region 1 (Northern region) to 0.372 for Region 2 (Upper East region) with an average
value of 0.602, under the exponential inefficiency distribution. Similarly, in Model 2,
Region 1 is more technically efficient (0.744) compared with Region 2 (0.374); and the
overall average is 0.608. These MTE values give an indication that Region 1 is more
technically efficient regarding rice production in Ghana. A similar observation is made
under Model 3 (0.730 compared to only 0.415 of Region 2). These findings suggest a
level of inefficiency with respect to not only the whole industry but also the group
stochastic frontiers. Another inference from the findings is that inefficiency in rice
production in Ghana is primarily from managerial factors since GTE plays an important
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role in determining the MTE values. Finally, inefficiency distributions of the underlying
production function also influence the MTE values.
2.4.4 Policy implications
Overall, there are some specific policy implications from our analysis. Based on the
regional frontier values under the exponential inefficiency distribution, the average
farmer in the Upper East region, if he/she were technically efficient could still produce
39.4% output within the existing state of resources if the most efficient meta-technology
for the region had been adopted. For instance, assuming the farmer is producing on the
regional frontier and producing an average output of about 3 tons/ha, the 39.4% would
translate into approximately 1.2 tons/ha increase in output.

In addition, the MTR values estimated is much smaller for the Northern region (NR)
compared with the Upper East region (UER), implying that NR is closer to the
production possibility frontier of the metatechnology. Within the short to medium term,
the TE shortfall (or gap) is the most likely indicator of the potential gains to government
existing programmes. In the longer term, both the industry and regional inefficiencies
(measured in MTE and TE) can be reduced by investment in the new technologies.
Based on the relative TE or managerial gaps, such a strategy might be more efficient in
UER. Now, assuming the TE gaps for the regional frontiers were closed (i.e. 100 %),
an additional mean output for a farmer in NR and UER would be 22% and 65%
respectively. Based on this analysis, the expected returns to investment for improving
managerial gap/TE gap given the average mean output of 1534kg/ha and 868kg/ha for
NR and UER is 340kg/ha and 560kg/ha for NR and UER respectively.
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2.5 Conclusions
Metafrontier approaches to efficiency analysis are key to accommodating
heterogeneous but related technologies and generating estimates that distinguish
between group inefficiency or technology gaps and within group inefficiency. In the
literature, there is a standard approach to constructing a metafrontier enveloping the
group frontiers, with the latter defined by expected outputs. This method has often been
applied in the classical framework where group frontiers are estimated using maximum
likelihood methods without the imposition of theoretical restrictions while
metafrontiers are fitted using linear programming as deterministic frontiers. The
approach has several shortcomings, including: that theoretical restrictions are not easy
to impose in the classical estimation framework and that the group frontiers might not
be good representations of the true upper bounds to the group technology set.

In this paper, we introduced alternative approaches to estimating the metafrontier within
a Bayesian framework. In all the cases we consider, group frontiers are fitted using
Bayesian estimation. The cases are distinguished by the approach used to define the
bounds for the frontier (cases G1, G2 and G3 below) and the method used to fit it
(Bayesian estimation without (B1) and with (B2) allowance for inefficiency or a
deterministic LP based method with (LP1) or without (LP0) bootstrapping).

Three approaches were used to define the bounds or support for the meta frontier based
on group specific frontiers. In one case (G1), the metafrontier was defined to be an
envelopment of expected outputs defined using group frontiers. This has been the
standard or common approach in the literature. In the second case (G2), the
metafrontier distribution was estimated using the distribution of group frontiers, where
the standard approach was used to define supports for the metafrontier but applied to
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the distribution of frontiers obtained from a Bayesian estimation. In the third case
(G3), the 95th upper bounds for the distribution of the group frontier outputs were used
to define the support for the metafrontier.

The three bound definition (G1, G2 and G3) and the four metafrontier
estimation methods (B1, B2, LP0 and LP1) were combined to provide 6 different
models. In Model 1, bound definition based on average expected group output (G1)
is combined with a Bayesian estimation of the metafrontier (B1). In the second case
(Model 2), the Bayesian estimation is extended to the fitting of the metafrontier itself,
as a metafrontier is fitted for each Markov Chain Monte Carlo (MCMC) draw in
the estimation of the group frontiers (Predicted MCMC frontier draws) – a
combination of G2 and B2. This second approach generates a distribution of
metafrontiers and thus related technology gap estimates. Model 3 combined G3
(upper bound of group frontier output) with B2 (Bayesian estimation of
metafrontier). Model 4 (which is G1+LP1) differs from Model 1 in that LP with
bootstrapping (LP1) is used to fit the metafrontier (instead of B1). Model 5 differs
from Model 2 because LP0 is used to fit the metafrontier (LP0 + G2). And Model 6
combined G3 with LP1, i.e. group frontier support is defined based on the 95th
confidence bound (as in Model 3) but the metafrontier is fitted using LP with
bootstrapping.
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In all cases, we estimated the group frontiers with and without theoretical (monotonicity
and quasi-concavity or curvature) conditions. Furthermore, all models were estimated
for the two inefficiency term distributions that are commonly used in the stochastic
frontier analysis (SFA) literature: half-normal and exponential. The proposed models
were applied to rice production data from Ghana.

The main findings from our empirical applications can be summarised as follows. We
found that violation of regularity conditions affects the input elasticities and the
metatechnology ratio (MTR). Specifically, we observed a downward bias in the
technology gap estimates when the underlying production functions are not theoretically
consistent. This finding is in line with previous results (O’Donnell & Coelli 2005)
showing the effects of regularity conditions in production function estimation. This
implies the need to ensure that production function estimations satisfy regularity
conditions (monotonicity and quasi-concavity) and as Koop et al. (1992) noted, can
easily be implemented using Bayesian inference methods. In addition, we also found
that the assumed error structure of the production function affects the mean technical
efficiency and the technology gap ratio. Again, this finding confirms earlier studies
(Kumbhakar & Lovell, 2003; Balcombe et al. 2006) that the assumed distribution of the
one-sided error component affects the mean technical efficiency estimates.

Moreover, irrespective of the metafrontier methodology applied, we observed a general
trend of technical inefficiency (managerial gap) and technological gap in rice
production in the two most important agro-ecological zones (Regions) of rice
production in Ghana. However, the level of inefficiency and technological gap are more
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pronounced in Region 2 corresponding to the Upper East region or Sudan Savannah
agro-ecological zone compared with Region 1 (Northern region or Guinea Savannah
zone). The difference in the inefficiency and technological gap of the two regions or
agro-ecological zones suggests technological heterogeneity, which we have accounted
for using the metafrontier methodology. This finding also has implications for policies
aimed at raising productivity of rice production in Ghana.

Methodologically, compared with the LP approaches, we observed that Bayesian
stochastic metafrontier approaches are more suitable and tend to generate consistent
parameter estimates irrespective of the error distribution. This finding is in keeping with
Huang et al. (2014) observation that the stochastic metafrontier models are better.
Regarding support for constructing the metafrontier, we found that the upper confidence
bound method yield slightly lower MTR values for the more productive region,
compared with the predicted frontier output approach.

In sum, we have demonstrated that extra benefits of estimating a production frontier
using the Bayesian inference approach as it enables us to easily identify the upper bound
of the production frontiers to account for a possible bias that may arise from constructing
the metafrontier using the average production function. In addition, it allows us to
impose regularity conditions and generate credible interval for the estimated technology
gaps. Moreover, the Bayesian approach applied in this paper provides an additional
advantage in the ease with which other existing metafrontier methods could be
implemented. For example, the new metafrontier estimation approach proposed by
Huang et al. ( 2014) using the fitted frontier can easily be generated using Bayesian
methods.
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CHAPTER 3

Heteroscedastic parametric and semiparametric smooth coefficient stochastic
frontier application to technical efficiency measurement

Abstract
Recently, different variants of production frontier models for examining environmental
variable effects on efficiency have emerged; however, only a limited number of them
have been applied in empirical research. The effects of these alternative frontier
formulations are, therefore, not well understood. In this paper, we apply a recent
approach, semiparametric smooth coefficient (SPSC) stochastic frontier model, to
examine levels of technical efficiency and their drivers. We then compare the estimates
from the SPSC model with other heteroscedastic variants of the stochastic frontier
model. Using rice production data from Ghana, our empirical analysis revealed that
alternative specifications of efficiency estimators result in different distributions and
estimates for technical efficiency. Furthermore, irrespective of the model specifications,
we identified that farm distance and soil quality influence technical efficiency of
farmers. However, the SPSC model provided further information indicating that longer
farm distances increase inefficiency through a reduction in labour productivity. Higher
soil quality also reduces inefficiency through increased land productivity. The results
highlight the benefits for Ghanaian rice farmers of further improvements in
communication and infrastructure.
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3.1

Introduction

In the last two decades, there has been an expansion of the frontier methodology to
investigate efficiency as an econometric and operational research method, with
applications in the transport, financial and agricultural industries. The methodology was
initiated by the seminal article of Farrell's (1957) who, in his paper on the measurement
of productive efficiency, defined simple measures of a firm’s efficiency applicable to
multiple inputs cases and distinguished between technical, allocative and economic
efficiencies. Since Farrell's (1957) influential paper, two broad approaches to modelling
efficiency have emerged, namely non-parametric (or data envelopment analysis (DEA))
and parametric.

The non-parametric or data envelopment analysis (DEA) is a mathematical
programming approach that is easy to implement and is solidly based on the axioms of
production theory such as monotonicity, convexity and homogeneity (Kuosmanen
2006). However, it requires strong assumptions that all deviations from the frontier are
attributed to inefficiency. The parametric approach, typically estimated as stochastic
frontier analysis (SFA), accounts for both inefficiency and unobserved variations in
output due to shocks and measurement errors. However, the approach requires ex-ante
specification of the functional form of the production function and a distributional
assumption for the inefficiency term (Parmeter & Kumbhakar 2014). Each of the frontier
methodologies has merits and demerits (see (Fried et al. 2008a) for a detailed
discussion).

In recent years, in an attempt to overcome the potential challenges associated with the
frontier methodologies, another stream of methods has emerged under the umbrella of
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semi-parametric frontier estimation methods (Kuosmanen 2006; Fan et al. 1996; Simar
& Wilson 2007). The semiparametric models are a group of models that allow the
inefficiency term to be modelled as stochastic and the production function as
nonparametric (Henningsen & Kumbhakar 2009). Thus, the semi-parametric methods
integrate advantages associated with the standard efficiency methods to provide a robust
approach to estimating technical efficiency. For instance, the non-parametric kernel
estimator of Fan et al. (1996) is a two-stage estimation procedure that assumes a nonparametric form in the first stage and parametric estimation in the second stage. By this
estimation procedure, we can avoid misspecification of the functional form in the SFA
framework and are still able to decompose the composite error term into inefficiency
and stochastic noise. Badunenko et al. (2012) notes that estimates obtained from the
semiparametric models are more robust compared with the standard production frontier
approaches.

Although we need to consider alternative specifications of the production frontier in
efficiency estimation, there is the need to account for the factors and the economic
conditions that create inefficiency so that policies would be designed to improve
managerial performance of decision making units (Fried et al. 1999). Sources of
inefficiency have been attributed to environmental effects, and this has received much
attention in the recent literature. This is mainly because environmental variables
(hereafter Z) could affect transformation of traditional inputs into outputs.

Over the years, alternative methods of modelling Z variable effects on inefficiency have
been proposed. Thus, a critical question that arises in accounting for these effects in
stochastic frontier models is where we should put the Zs’ (Fried et al. 2008). The early
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literature adopted a two-stage approach where estimated efficiency values are regressed
on the Z variables. However, Battese and Coelli (1995) established that the two-stage
approach leads to a downward bias in efficiency estimate and therefore proposed a single
stage estimation process where the Z variables and the traditional inputs are estimated
simultaneously.

There are variants of the single stage model depending on, for example, whether the Z
variables enter the mean or variance of the inefficiency term. In a set of models which
we will refer to as the KGMHLBC model (Kumbhakar et al. 1991; Huang and Liu 1994;
and Battese and Coelli 1995), only the mean of the inefficiency term is modelled as a
function of the Z variables. In the case of Reifschneider and Stevenson (1991), Caudill
et al. (1995) and Caudill and Ford (1993), hereafter (RSCFG), the Z variables influence
the variance of the inefficiency term. Wang (2002) also introduced a general model that
is an integration of the two approaches for a more flexible specification.

Although the single-stage estimation process is an improvement over the two-stage
approach, it suffers from two major shortcomings. Firstly, it relies on a parametric
specification of the production function. However, it has long been understood that
parametric models may suffer from functional form misspecification. Li et al. (2002)
contend that the parametric specification used is not a good representation of the
underlying production technology.

Secondly, the standard single stage stochastic frontier model assumes that the effects of
Z variables on the production structure are constant and therefore generates constant
marginal productivities. However, the effects of Z variables may vary across inputs used
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in the production process. Although previous studies have attempted to address this
constant assumption of the effects of Zs’ on the input elasticities, such modelling
framework usually results in the curse of dimensionality problems.

Recently, Sun and Kumbhakar (2013) proposed a semiparametric smooth coefficient
stochastic frontier model (hereafter SPSC) that addresses the challenges associated with
the parametric approach. The model captures heterogeneous effects of Z variables on
both the structure of the technology (frontier coefficients) and inefficiency. The SPSC
model draws from the partially linear model, which was initially introduced by Robinson
(1988). In the partially linear model, only the intercept of the parametric function is
affected by the Z variables. Later, Li et al. (2002) extended Robinson's (1988) model
by allowing the Z variables to affect both the intercept and the slope coefficients of the
production function. Sun and Kumbhakar (2013) improved upon Li et al's (2002) and
Robinson's (1988) model by allowing the Z variables to affect the intercept, slope and
the one-sided symmetric inefficiency distribution. The SPSC model therefore expresses
the intercept and slope coefficients as unknown functions of the Z variables, allowing a
non-neutral shift in the frontier (Sun & Kumbhakar 2013).

In this paper, we apply and compare the semiparametric smooth coefficient (SPSC)
stochastic frontier model with the other parametric single stage modelling procedures17:
1) the KGMHLBC model (Kumbhakar et al. 1991; Huang & Li 1994; and Battese &

17

Despite the associated shortcomings of the single stage models, they are widely applied in the empirical

literature (see Table C1 in Appendix C).
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Coelli 1995), where Z variables affect the mean of the inefficiency term distribution; 2)
Reifschneider & Stevenson (1991); Caudill et al. (1995); Caudill & Ford (1993), where
the Z variables influence variance of the inefficiency term (RSCFG); and, 3) Wang
(2002) model that specifies both the mean and variance of the inefficiency term as a
function of the Z variables.

Furthermore, we compute marginal effects of the Z variables applied in modelling to
identify policies with potential for efficiency improvement. Our approach deviates from
previous studies that have mainly focused on determining the directions of the effects
(positive or negative) that Z variables have on inefficiency, without identifying policy
interventions that would have largest impact on inefficiency (Liu &Myers 2009). To the
best of our knowledge, this paper is the first to compare the SPSC model with alternative
parametric formulations in a developing country context.

We estimate the models using rice production data in Ghana. Rice is of special interest
because the crop forms an integral part of the Ghanaian diet, and is essential in ensuring
food security among rural and urban households. It represents about 34% of expenditure
on cereals, with a per capita demand estimated at 68kg per capita per year (Ackah &
Aryeetey 2012). Despite the importance of the crop, its production is characterised by
low productivity. Therefore, analysing the efficiency of rice farmers using robust
techniques would provide important information about the levels and drivers of
inefficiency to guide policy makers in addressing low productivity in Ghanaian rice
production.
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Our empirical estimates show that the type of efficiency estimator affects the magnitude
of technical efficiency estimates. The semiparametric model produces a very high
efficiency estimate compared with the parametric models. We also find among the
parametric models that the heteroscedastic model of Wang (2002) performs better in
terms of model fit in comparison to the KGMHLBC and RSCFG models. Furthermore,
we find regarding the drivers of efficiency that longer farm distance negatively affects
technical efficiency by reducing labour productivity. Also, soil quality increases the
level of technical efficiency by increasing land productivity.

The rest of the paper is organised as follows. Section 3.2 provides information on
alternative specifications of the models, followed by estimation procedure in Section
3.3. Section 3.4 presents description of the empirical data used in this application.
Section 3.5 presents the results and discussion. The paper finally concludes in Section
3.6 by drawing policy recommendations and suggestions for further research.

3.2 Alternative specifications
In the production economics literature, researchers have sought to expand the scope of
analysis into the identification of influences on efficiency (Z variable effects). This
interest arises mainly from the fact that technical inefficiency estimation alone is not
adequate and that there is value in identifying how behavioural responses depend on Z
variables and the implication of this for policy recommendation (Liu & Myers 2009).
The need to include Z variables has, therefore, resulted in a host of models in the
parametric, non-parametric and the semi-parametric framework (Llorca et al. 2016). In
this section, we provide a brief review of the models with a major focus on the parametric
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and semiparametric models. For information on the non-parametric models, we refer
readers to Daraio and Simar (2007).

3.2.1 Parametric models
Following Kumbhakar and Sun (2013), the stochastic frontier model with Z variables is
specified as:
-" = / + $ B !" + 8" − 0" (@),

(3.1)

where: -" is the log of output, !" is a vector of the log of k-inputs, / (.) is the intercept,
$ is a vector of input coefficients, 0" is the non-negative technical inefficiency term and
7
follows a truncated normal distribution (0" ~2 3 (4" , 56"
)), 8" is the stochastic noise term
7
assumed to be normally distributed (8" ~2(0, 5:"
)).

Equation (3.1) can be modelled using either a two stage or single stage approach. The
single stage modelling is considered here because, as already noted, the two stage model
has fallen out of favour in mainstream econometrics. There are variants of the single
stage model depending on whether Z enters either the mean or variance of the
inefficiency term (or both). The model that specifies the mean of the inefficiency term
as a linear function of Z variables was first introduced by Kumbhakar et al. (1991) and
Reifschneider and Stevenson (1991). Later, Huang and Liu (1994) and Battese and
Coelli (1995) introduced modifications to the Kumbhakar et al.’s (1991) model. The
above studies which we will refer to collectively as KGMHLBC or Model 1 can be
specified as:
0" ~2 3 (;!< => + @íB = , 567 )

(3.2)
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Parmeter and Kumbhakar (2014) indicate that the KGMHLBC model is a sensible
approach and allows a flexible distributional shape of the inefficiency term.
Saastamoinen (2015), however, argues that the approach confounds the effects of the Z
variables on the variance and expected level of inefficiency.

Reifschneider and

Stevenson (1991), Caudill and Ford (1993) and Caudill et al. (1995) proposed an
7
alternative model where the variance (56"
) of the inefficiency term is specified as a

function of the Z variables. That is:
0" ~2 3 => , ;!< E> + @íB E

7

(3.3)

.

This approach, which we subsequently refer to as RSCFG, was initially introduced
within the half-normal framework to model effects of heteroscedasticity. Parmeter and
Kumbhakar (2014), nonetheless, note that the model can be used to address the issue of
inefficiency drivers. In the RSCFG model, => is allowed to be zero. However, if => takes
on a different value other than zero, then we have RSCFG-4 (Model 2), which was
introduced by Alvarez et al. (2006).

Later, Wang (2002) asserted that a combination of the two approaches is appropriate as
it allows for testing non-monotonic relationship18 in the inefficiency and Z variables, as
opposed to the application of either of the two approaches.

18

Non-monotonic relationship implies that the variables in question can be related positively in part of

the parameter space while negatively related to the rest.

91

That is: parameterising both the mean and variance as a function of the inefficiency term.
Wang, (2002) model (hereafter Model 3) is formulated as follows:
0" ~2 3 (;!<(=> , @íB =), ;!< E> + @íB E 7 ).

(3.4)

With different specifications, what will be the basis for opting for an approach in an
empirical study? Liu and Myers (2009) argue that choices made in most applications are
arbitrary; however, it is possible that other factors such as data type and implementation
software may influence choice of estimation method. A cross section of reviewed
studies (see Table C1 in Appendix C) shows that KGMHLBC is the common approach
in the empirical literature. Out of the 19 studies presented, about 15 applied Model 1,
with just about 3 comparing all three models and only about 1 comparing two of the
models. A look at column 3 in Table C1 in Appendix C indicate that most of the studies
employed frontier software of Battese (1992), which is a readily available software. The
less than 20 percent studies that applied all the competing models, developed individual
programs to estimate the models.

Having discussed the possible factors that affect choice of estimation method, we now
consider the effects of alternative methods of technical efficiency estimates and Z
variables. In their study on model selection in stochastic frontier analysis, Liu and Myers
(2009) found that different specifications of the production frontier provide similar
efficiency rankings and predict same directions for partial effects of the Z variables.
However, the magnitude of the partial effects is rather different across model
specification. Comparing alternative model specifications, Lai and Huang (2010) found
that the parameterisation of the mean and variance of the inefficiency term yield better
results compared to the other models. Llorca et al. (2016) study in US electricity
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transmission industry came up with a similar finding that parameterising the mean and
variance of the inefficiency term produces a better result.

3.2.2 Semiparametric model
The semiparametric models combine parametric and non-parametric efficiency
estimation procedures to address challenges associated with functional form
specification problem in parametric models and non-stochasticity in non-parametric
models. In the semiparametric frontier literature, three main approaches for modelling
Z variable effects have emerged: Stochastic non-parametric envelopment of data
(StoNED), latent class model (LCM) and SPSC. The StoNED model of Kuosmanen
(2012) allows the Z variables to be incorporated in the parametric component of the
model and estimated simultaneously with the non-parametric part of the model (Llorca
et al. 2016). This model has mainly been applied within the Finnish electricity industry
(Kuosmanen 2012) and modelling software used have been GAMS (General Algebraic
Modelling System) and MATLAB.

The LCM model (Llorca et al. 2016; Sakano & Obeng 2012; Orea & Kumbhakar 2004),
assumes that a given sample is composed of different groups, and allows Z variables to
be modelled through a membership likelihood function. Estimation can be accomplished
using widely known software such as Nlogit or Limdep. Both cross-sectional or panel
data can be used to estimate the LCM, but it is considered more suitable for panel data
applications.

Finally, the SPSC model as already noted is an extension of the semiparametric smooth
coefficient model of Li et al. (2002). The SPSC models the intercept, input elasticities
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and variance of the inefficiency term as functions of the Z variables. This paper
compares the parametric models with the SPSC model, which is described in detail
below.

3.2.2.1 SPSC model
The SPSC stochastic frontier model is an extension of the semiparametric smooth
coefficient model of Li et al. (2002), who model the intercept and input elasticities as a
function of Z variables
-" = /(@" ) + !" B $ @" + G"

(3.5)

where parameters /(. ) and $(.) are unknown functions of the smooth function of Z and
! and - are as earlier defined. The semiparametric smooth coefficient model specified
in (3.5) is different from an ordinary least squares (OLS) model because the effect of Z
is variable across individual observations, thus allowing a flexible shift in the production
frontier compared with the constant assumption in the OLS model.

Following a typical stochastic frontier formulation, Sun and Kumbhakar (2013)
extended (3.5) into a stochastic framework by decomposing the error term (G" ) into
inefficiency (0" ) and noise (8" ) as follows:

-" = / @" + !" B $ @" + 8" − 0" (@" )

(3.6)

where 8" ~K. K. L. 2(0, 5:7 ) is the noise term and 0(@" ) = 56 (@" )M" is the inefficiency term
where M" ~2 3 (0,1) and 56 @" > 0. To ensure positivity and heteroscedasticity as
proposed in Caudill et al. (1995), 56 @" is parameterised as 56 @" = exp (E> + @íB E).
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Sun and Kumbhakar (2013) underscored that since the production function in (3.6) is
different from the conditional expectation of -" , empirical estimation requires a respecification as in:

-" = / @" + $ B !" @" + 8" − 0 @" − S(0 @" @" )] − S[0 @" |@" ]

(3.7)

Or simply as:
-" = Y @" + $ B !" @" + G"

(3.8)

where Y @" = / @" − S(0 @" |@" ) and G" = 8" − 0 @" − S(0 @" @" )].

Equation (3.8), can then be consistently estimated as a semiparametric smooth
coefficient model (Li et al. 2002) using kernel weighted least square estimator (Watson
1964; Nadaraya 1964). This constitutes the first step in the SPSC stochastic frontier
model estimation. After the estimation of (3.8), residuals are retrieved. Stochastic
frontier techniques are then applied to the residuals to obtain a decomposition into
technical inefficiency and random noise. The decomposition of the residuals into
inefficiency term and noise occurs as a second step in the SPSC model estimation. The
second step estimation applies a maximum likelihood technique where the residuals
become the left-hand side variable and the Zs’ are the right hand side variables (Sun &
Kumbhakar 2013).

The SPSC model (Model 4) allows more flexibility in modelling technical inefficiency
compared with the parametric models. Also, compared with the non-parametric models,
small sample sizes are required to obtain a reliable estimate (Li et al. 2002).
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Thus, another advantage of the SPSC model is the avoidance of the curse of
dimensionality problem in the non-parametric model estimation (Li et al. 2002). The
model overcomes the curse of dimensionality problem by estimating part of the model
as parametric and the other, as non-parametric. In this case, the non-parametric
estimation corresponds with the effects of the Z variables. The approach, therefore
enables us to avoid the constant assumption of the effects of Zs’ on the input elasticities
and the curse of dimensionality problem in the non-parametric frontier models (Koop
2004).

3.3

Estimation

We estimated four different models using the same dataset, with three input variables
and a single output. For an easy comparison of the parametric models (Models 1-3) to
the SPSC model (Model 4), we use a Cobb-Douglas functional form19. Gradients from
the models are partial elasticities, a sum of which yields the elasticity of scale
(Henningsen & Kumbhakar 2009). Fundamentally, it must be noted that the
semiparametric model is meant to overcome functional form specifications in parametric
frontier models. Therefore, functional forms are not an issue with these types of models.
However, our use of the Cobb-Douglas functional form was to enable us to interpret the
gradients of the nonparametric model as partial elasticities and their sum as elasticity of
scale.

19

We also estimated the translog parametric model but did not observe differences in the estimates of

Models 1 and 2, however, Model 3 failed to converge.
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According to Henningsen and Kumbhakar (2009), such a modeling approach allows for
the application of stochastic frontier function so that the predicted dependent variables
are not negative and, ensures an equal distribution for models using constant bandwith
as in this application.

The estimation of Models 1, 2 and 3 was carried out by replacing 0(@" ) in (3.1) with the
inefficiency term specification in (3.2), (3.3) and (3.4), respectively. All parametric
models were implemented in Stata with user written codes from Kumbhakar et al.
(2015). Model 4 was estimated in two steps. In the first step, we employed the kernel
weighted least square cross-validation estimator to estimate the SPSC model using the
np package by Hayfield and Racine (2008). The constituents (inefficiency and noise) of
the composed error term were obtained from the parameters in the maximum likelihood
estimation in step two using residuals from the first step estimation. For detailed
information on the implementation of the SPSC model, see Sun and Kumbhakar
(2013)20.

3.4

Empirical application

The study applies a farm household data on rice production collected between August
and September 2014 in two regions of Ghana for the 2013/2014 production season. The
selection of the regions was based on the volume of rice produced and closeness to the

20

Authors’ are grateful to Kai Sun for providing R codes used in the estimation of the SPSC stochastic

frontier model.
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major rice market, Ashanti region. Statistics indicate that the selected regions contribute
about 66.65% of the total volume of rice produced and therefore play a major role in the
country’s food self-sufficiency in rice production (Angelucci et al. 2013). The data
collection was carried out in four districts of Northern region and two in Upper East
region. We used a multistage technique in the data collection process. In the first stage,
the stratified sampling method was used to categorise regions into districts and later
communities. We then applied random sampling technique to select the farming
households based on names provided by the Ministry of Food and Agriculture. We
interviewed a total of 480 farmers. However, for the purposes of our modelling, we
employed a sub-sample of 283 valid observations. Details of the survey process are
provided in Chapter 1.

We consider three inputs and a single output. The output is measured as an amount of
paddy rice produced by the farm in kilograms. The inputs include cultivable land area
(X1), labour costs (X2) and other variable costs (X3). X1 is measured as total area
cultivated to rice in hectares. Labour (X2) is the total labour costs committed to the
production process by both family and hired labour and, other variable costs (X3) is an
aggregation of other production costs such as harrowing, seed cost, fertiliser cost,
ploughing, and herbicides in monetary terms.

The environmental (or Z) variables comprise the following three factors: 1) distance
from farm household to the farm (in km), which is a measure of infrastructural effects
on production; 2) net farm income (farm income here is rice only income adjusted for
fixed cost), an indication of the wealth of farm household; and 3) farmers’ perception of
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soil quality estimated using questions adapted from Lima et al. (2011). Soil quality may
be either endogenous or exogenous to the production process (Masterson 2007). In this
paper, we explore the effect of soil quality as an exogenous factor because of potential
investments by farmers to improve the quality of cultivable lands. We explored the
effects of other variables such as region, age, non-farm income, farmer experience,
however, they failed to converge in the complex models. Summary statistics are reported
in Table 3.1.

From the Table 3.1, we observe that most farms are about two hectares in size, which
give an indication of the small-scale nature of rice production among sampled farmers.
This is not surprising because most farms in developing countries such as Ghana are
small scale with sizes of about 2 hectares. The next variable is net farm income and from
the Table 3.1 we observe an average distance from home to farm of about 3 km.
Although this average distance is lower than the reported figures in the literature
(Morgan 1969; McCall 1985), McCall (1985) shows that given an eight-hour working
day, a 4km farm distance reduces labour working hours by 20%. Therefore, our mean
distance implies labour working hours would be expected to be fluctuating. However, it
is important to examine how this affects technical efficiency of farmers. Similarly, the
average soil quality value which was measured on scale of 1-6, where 6 is most fertile
shows that farmers fairly have very fertile lands.
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Table 3.1: Sample descriptive statistics
Mean

SD

Min

Max

BW21

Y

1196

799

50

4116

-

X1

1.96

0.99

0.4

6.4

-

X2

171

47.14

101

377

-

X3

438

162.54

144

924

-

Z1

5.50

0.899

3.04

7.93

0.57

Z2

2.61

2.84

0.03

9.75

1.95

Z3

4.55

1.03

1

6

1.23

N

283

Note: Y=output in kg, X1=cultivable land area in ha, X2=labour costs in USD, X3=other variable costs,
Z1=log of net farm income, Z2= farm distance, Z3 is soil quality. All values are measured in United States
Dollar. Note: BW=Bandwidth, N=number of observation. Note: 2.87 Ghana Cedis (GHS) is equivalent to
1 USD.

3.5 Results and discussion
This section presents estimated results from the alternative frontier models in Table 3.2.
Models 1 to 3 are the parametric version of the models with the effects of environmental
variables accounted for either through the mean of the inefficiency term (Model 1), the
variance (Model 2) or a combination of the mean and variance (Model 3). Model 4
relates to the SPSC stochastic frontier model that seeks to account for the effects of
environmental variables (Z) through the intercept, input elasticities, and the inefficiency
terms. We discuss input elasticities, returns to scale, technical efficiency, and marginal
effects.

21

The rule of thumb is that the standard deviation of the Zs’ is more than twice the bandwidth of the

continuous variable to enter the model non-linearly.
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Prior to discussing results, we compare performances of the alternative models.
Following Lai and Huang (2010), we applied likelihood ratio test, and Takeuchi
information criteria (TIC), Akaike information criteria (AIC) and Bayesian information
criteria (BIC) as well as Vuong (1989) tests to compare the estimated models. The
results, which are reported in Table C2 in the Appendix C indicate that Model 3 is the
best among the parametric models. This finding is consistent with Llorca et al. (2016)
and Wang (2002) who found that the model that parameterises both the mean and
variance of the inefficiency term is the best model.

To test whether the parametric models are more suitable relative to the SPSC model, we
employed a residual based wild bootstrap technique (Sun & Kumbhakar 2013, Li &
Racine 2010). The residual based wild bootstrap22 model assumes that in the absence
of Z variables, the SPSC model can consistently be estimated as a stochastic frontier
model. If the null hypothesis is rejected, then the Z variables are significant and therefore
the SPSC model is a better fit. Our test yielded a significant P-value (Table C2 in
Appendix C), suggesting that the semiparametric model is appropriate in this
application.

22

See Appendix C2 for a detailed description of the residual based wild bootstrap method.
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3.5.1 Elasticities and returns to scale
The estimated results (Table 3.2) show that all input elasticities are significant in the
production process, and are also positive as expected. In all models, the results indicate
that output elasticity is highest with respect to non-labour variable inputs and this value
ranges between 0.66 and 0.71. The three models also indicate that output is least elastic
with respect to land. Model 4, which allows both the slope coefficients and the intercept
to be modelled as an unknown smooth function of Z, however, shows some slight
differences. For instance, the input elasticity of land is higher than input elasticity of
labour, as compared to the parametric models and this is more consistent with the
expectation for a developing country. This suggests that model specification may affect
estimated input elasticities in a production model.

In addition to the mean elasticity estimates reported in the Table 3.2, we can construct a
distribution of the model parameters and examine whether heterogeneity exists in the
input elasticities (see Figure 3.1). A careful observation of the Figure 3.1 shows that the
input elasticities of the sampled farmers range between negative and positive values
(although the average parameters are positive), suggesting heterogeneity in the input
elasticities.

Post-estimation analysis shows that about 23%, 5.3% and 1.8% of the sampled farmers
had negative input elasticities for land, labour, and other variable inputs, respectively.
This finding reveals substantial heterogeneity in the input elasticity that is often ignored
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in the models that approximate the input elasticities with only point estimates as in the
parametric models estimated using classical methods.

Table 3.2: Parametric and semiparametric model estimates
Model 2
RSCFG_µ
Coef.

Model 3
Wang
Coef.

Model 4
SPSC
Coef.

0.53***
(0.09)
0.21***
(0.07)
0.33***
(0.01)
0.66***
(0.08)

0.25***
(0.05)
0.25***
(0.06)
0.34***
(0.09)
0.71***
(0.08)

0.27***
(0.05)
0.23***
(0.06)
0.30***
(0.09)
0.66***
(0.08)

1.27***
(0.01)
0.34***
(0.02)
0.30***
(0.02)
0.69***
(0.01)

0.09***
(0.02)

0.13***
(0.02)

0.14***
(0.02)

0.01***
(0.00)

1.45***
(0.46)
-0.16**
(0.06)
0.24***
(0.04)
-0.18***
(0.05)

-

0.60
(0.49)
0.01
(0.08)
0.18***
(0.03)
-0.31***
(0.07)

-

Inefficiency (σb )
γ>

-

γ7 . Z2

-

γ_ . Z3

-

2.66
(1.96)
-1.29***
(0.39)
0.38***
(0.11)
0.18
(0.19)

-

γ\ . Z1

0.32
(1.07)
-0.30**
(0.12)
0.56***
(0.09)
-0.40***
(0.13)

Production Frontier
α
β\ . X1
β7 . X2
β_ .X3
σ7ab
Inefficiency (µb )
δ>
δ\ . Z1
δ7 . Z2
δ_ . Z3

Model 1
KGMHLBC
Coef.

-

-

-0.06***
(0.003)
0.03***
(0.001)
-0.02***
(0.001)

LL
-187.95
-196.29
-174.11
N
283
283
283
283
Note: X1=cultivable land area, X2=labour costs and X3=other variable input costs, Z1=Farm distance
from household, Z2=net farm income, Z3= soil quality score. Standard errors (SE) are in parenthesis. SE
for Models 1-3 is robust SE whiles that of Model 4 is bootstrapped.
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Considering returns to scale, we observe that generally farmers are operating within a
region of an increasing returns to scale (Model 3 (1.19) and Model 4 (1.33)). This
suggests that farms in our sample are still operating at a sub-optimal scale and have the
capacity to expand production within the existing resources at their disposal, without
reducing productivity.

Figure 3.1:Kernel density plots of production parameter estimates.
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3.5.2 Technical efficiency estimates
The technical efficiency estimates from the alternative models are reported in Table 3.3.
In general, we observe some differences in the average technical efficiency estimates
across models. The mean technical efficiency of Model 4 is the highest (0.795), while
that of Model 1 is the lowest (0.56). To have a better overview of the technical efficiency
estimates, we present a histogram in Figure 3.2. The Figure 3.2 indicates that most of
the rice farmers are technically efficient in the last three models compared with Model
1. The differences in the distribution of the estimated models is based on how the
inefficiency term and the production function is modelled. That is, whether through the
mean (Model 1), the variance (Model 2), both mean and variance (Model 3) or through
the variance of the inefficiency term and the production function (Model 4).

In particular, we observe that when mean of the inefficiency term is modelled as a
function of Z (Model 1), there is less variation in the distribution of the technical
efficiency estimates. On the contrary, the distribution of the technical efficiency
estimates is skewed (wider gap between best performing and worst performing
individuals) when Z affects the variance (Model 2), both mean and variance (Model 3),
or mean and production function (Model 4). This may be resulting from the fact that
modelling the mean of the inefficiency term as a function of Z (Model 1) affects only
the shape of the distribution but not the location (mean) of the distribution. However,
firms (in our case, farms) differ in the mean of inefficiency but not in the shape of
the inefficiency distribution and that is why we observe variations in the distributions
of the technical efficiency estimates (Alvarez et al. 2006; Galan et al. 2004). The
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variations in the distributions of the alternative models are consistent with our
expectations and confirm previous study findings (Galan et al. 2014), suggesting the
need to reconsider alternative approaches to modelling Z variables.

Figure 3.2:Frequency distribution of technical efficiency under alternative models.

However, there are some slight variations in the modal efficiency level: the modal of
Model 2 and 4 are similar (about 0.9) whiles that of Model 3 is about one. This give an
indication that how Z variables are included in the stochastic frontier model impacts on
the technical efficiency estimates. This finding is consistent with observations in
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previous studies that the method applied in including Z variables affect technical
efficiency estimates (Liu & Myers 2009; Sun & Kumbhakar 2013).

Table 3.3: Summary statistics of technical efficiency under alternative models
Model 1

Model 2

Model 3

Model 4

Mean

0.560

0.719

0.707

0.795

SD

0.242

0.257

0.277

0.176

Min

0.072

0.089

0.089

0.182

Max

0.917

0.956

0.989

0.956

Now that we have established that model specification affects technical efficiency
estimates, the question is whether rankings of the efficiency estimates are also affected.
We provide a pairwise comparison of the technical efficiency scores for the alternative
models (Figure 3.3 and Table 3.4). The Figure 3.3 and Table 3.4 shows difference in the
rankings of technical efficiency under the alternative models, which further
confirms Galan et al. ( 2014) findings on alternative modelling of inefficiency
parameters on efficiency rankings.
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Figure 3.3:Scatter plot matrices of pairwise technical efficiency estimates for Models14.
Table 3.4: Kendall rank order coefficient of correlation for alternative models
Model 1

Model 2

Model 2

0.819

Model 3

0.752

0.889

Model 4

0.732

0.798

Model 3

0.802

3.5.3 Marginal effects of Zs’ on output and input elasticities
The SPSC model further enables us to determine the effects of Z variables on total
output. From the marginal effects estimates in Table 3.5, we observe that net farm
income has the highest effect on output where a percentage change in net farm income
results in about 10.8% change in output. This is followed by soil quality where a 1%
improvement in soil quality increases output by 2.1%. Farm distance on the other hand
has a negative effect on output. Specifically, a 1% increase in farm distance decreases
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output by 2.6%. A distribution plot of the estimates (Figure 3.4) reveals heterogeneity
in output response to the Z variables.

Next, we examine marginal effects of Zs’ on input elasticities or slope coefficients. The
results from Table 3.5 indicate that Z values vary across inputs as well as observations.
On average, the marginal effects of Zs’ on marginal productivity of land are -0.068 for
net farm income, 0.009 for farm distance and 0.075 for soil quality; however, the effect
of farm distance is not significant.

Figure 3.4:Marginal effect of environmental variables on output.

109

These estimates imply a 1% increase in soil quality increases land marginal productivity
by 7.5%. However, marginal productivity of land tends to be reduced by high income
levels. This may be arising from extensive production and the use of heavy equipment
for production since monetary resources may not be a constraint. Regarding marginal
productivity of labour input, a 1% increase in farm distance reduces labour productivity
by 3.2%. However, soil quality increases labour productivity by about 2.2% per every
percentage increase. Lastly, both net farm income and farm distance reduce marginal
productivity associated with other variable inputs, however soil quality increases
marginal productivity of other variable inputs.

3.5.4 Marginal effects of Zs’ on inefficiency
Now, we examine the marginal effects of Zs’ on inefficiency focusing on Model 4 (Table
3.5). From the estimates, we observe consistency in the directions of the Zs’ on
inefficiency however; there are variations in the magnitude of the effects. For instance,
whiles a percentage change in net farm income reduces inefficiency by 5.7%, a
percentage change in soil quality reduces inefficiency by 2.1%. This implies that net
farm income has the highest effect on inefficiency, followed by soil quality and farm
distance (increases inefficiency by 2.9%). This finding corroborates Liu and Myers’s
(2009) study findings and suggest the need to consider the magnitude of Zs’ rather than
just the signs as applied in most applications.

Although there are variations in the magnitude of the effects of the Z variables on
inefficiency, all variables significantly affect inefficiency and therefore policies are
required to improve net farm incomes, soil quality and reduce farm distance. The Z
variables do not only affect ineffiiciency but also provide a sense of production
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uncertainty (Bera & Sharma 1999). We observe from our estimates in Model 3 that both
net farm income and soil quality reduces production uncertainty, whiles high farm
distance increases production uncertainty (see Table 3.5).
Table 3.5: Estimated marginal effects

Model 1

Model 3

Model 4

Mean

Mean

-

Mean

0.108***

Y. Z2 ∂Y ∂Z2

-

-

Y. Z3 ∂Y ∂Z3

-

-

β\ . Z1 ∂β\ ∂Z1

-

-

-

-

-0.026***
(0.003)
0.021***
(0.004)
-0.068***
(0.013)
0.009
(0.018)
0.075***
(0.022)
0.004
(0.003)
-0.032***
(0.007)
0.022***
(0.004)

-

-

-0.043***
(0.006)
-0.109***
(0.008)
0.033***
(0.006)

-0.084***
(0.003)
0.129***
(0.004)
-0.097***
(0.004)
-0.013***
(0.000)
0.021***
(0.001)
-0.015***
(0.000)

-0.089***
(0.010)
0.112***
(0.005)
-0.113***
(0.006)
-0.135***
(0.019)
0.053***
(0.006)
-0.001
(0.001)

-

Y. Z1 ∂Y ∂Z1

β\ . Z2 ∂β\ ∂Z2
β\ . Z3 ∂β\ ∂Z3
β7 . Z1 ∂β7 ∂Z1
β7 . Z2 ∂β7 ∂Z2
β7 . Z3 ∂β7 ∂Z3
β_ . Z1 ∂β_ ∂Z1
β_ . Z2 ∂β_ ∂Z2
β_ . Z3 ∂β_ ∂Z3
δ. Z1 ∂δ\ ∂Z1
δ. Z2 ∂δ7 ∂Z2
δ. Z 3 ∂δ_ ∂Z3
γ. Z1 ∂γ\ ∂Z1
γ. Z2 ∂γ7 ∂Z2
γ. Z3 ∂γ_ ∂Z3

-

Note: Y-output, Z1-net farm income, Z2-farm distance, Z3-soil quality.
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-0.057***
(0.003)
0.029***
(0.001)
-0.021***
(0.001)

One of the benefits of modelling both the mean and variance of the inefficiency term
(Model 3) is to enable us to examine whether any of the Z variables exhibits nonmonotonic behaviour. Following Wang (2002), we test this by plotting marginal effects
of the Z variables against the raw values (Figure 3.5). Figure 3.5 shows that the net farm
income variable exhibits non-monotonic behaviour (lower levels of net farm income
increases inefficiency and higher levels reduces inefficiency). This finding is consistent
with earlier studies that also reported a negative correlation between net farm income
and technical inefficiency (Penda & Asogwa 2011; Kydd et al. 2004).

Figure 3.5:Graphical illustration of non-monotonicity in Z.

112

However, the inverse relationship between net farm income and inefficiency has an
optimal point where inefficiency plateaus with higher net farm income and slightly begin
to decline. That is, when income increases, marginal effect moves to zero (Figure 3.5)
and then begins to decline, indicating an optimal share of net farm income relative to
efficiency improvement. This observation may be associated with the fact that wealthier
farmers (high net farm income) are more risk taking and may embark on decisions that
are not suitable for improving efficiency.

3.6

Conclusion

Over the years, a number of production frontier methodologies on modelling the effects
of environmental variables have emerged; however, only a limited number of these
models are applied in empirical research. The effects of these models on technical
efficiency estimates are, therefore, not easily understood, particularly, in many
developing countries. Again, an increased number of efficiency studies in developing
country’s agriculture have reported a substantial level of inefficiency, contrary to
Schultz (1964) efficient but poor hypothesis. This observation has resulted in an ongoing
debate about the rationale for the level of technical efficiency observed in many
developing countries.

In this paper, we contribute to the debate by applying recent advances in the production
frontier literature to examine technical efficiency of rice farmers in Ghana and to provide
an empirical evidence of the effects of different models for examining environmental
variables on technical efficiency. Specifically, we apply alternative methods of
parameterising the inefficiency term of technical efficiency estimation and compare the
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results with a relatively new approach, the semiparametric smooth coefficient (SPSC)
stochastic frontier model. The SPSC model allows for environmental variables to
influence both the production function parameters and the inefficiency component of the
stochastic frontier model.

Using a farm level data on rice production in Ghana, we estimate the effects of three key
environmental factors (net farm income, farm distance, and soil quality) on technical
efficiency. Our analysis indicates the magnitude of technical efficiency measured is
influenced by choice of efficiency estimator. Specifically, we found the semiparametric
stochastic frontier model produces higher technical efficiency estimates compared with
the parametric models. This finding is in keeping with previous study observations on
the effects of efficiency estimators on levels of technical efficiency (Liu & Myers 2009;
Balcombe et al. 2008). Therefore, suggesting the need to apply alternative models in
efficiency estimation to provide a better overview and policy recommendations.

Regarding the drivers of technical inefficiency, we found that farm distance, net farm
income, and soil quality factors are the main drivers of technical inefficiency among
Ghanaian rice farmers. Specifically, a percentage increase in farm distance reduces
inefficiency by 5.7 percent. The effects of farm distance from home on inefficiency is
through a reduction in labour productivity. We found from our estimations that farm
distance has a direct relationship with inefficiency and a percentage increase decreases
labour productivity by about 3.2 percent. This confirms previous study outcomes
(McCall 1985) of the effects of farm distance on labour productivity in many developing
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countries. In addition, we discovered that net farm income improves technical efficiency
and reduces inefficiency; however, this relationship is non-monotonic. It is noteworthy
that the findings in this study are consistent with previous literature analysing the effects
of environmental variables on production efficiency (see surveys (Bravo-Ureta &
Pinheiro 1993; Thiam et al. 2001)). However, our findings raise very important issues
that have to be addressed in developing countries agriculture. First, the inverse
relationship between net farm income and technical inefficiency need to be further
explored regarding various sources of net farm income and how these affect technical
inefficiency. Second, although in recent decades, farm distance has not received much
attention in the development economics literature, our finding reiterates the need to
revisit the farm distance productivity nexus in developing countries. Third, production
frontier studies in developing countries that aim at identifying inefficiency drivers
should apply models that examine non-monotonicity to uncover any form of such
relationships to guide policy directions.

From a policy perspective, rural infrastructure (such as marketing, roads, and
communications systems) should be improved to increase net farm incomes and reduce
distance travelled to farms. However, to ensure efficiency in production, policy makers
must be mindful that the effects of net farm income on inefficiency is non-monotonic.
Soil quality can also be improved through better land cultivation techniques and
recommended application of organic and inorganic fertilizers.

115

3.7

References

Alvarez, A., Amsler, C., Orea, L. & Schmidt, P. 2006. Interpreting and testing the
scaling property in models where inefficiency depends on firm characteristics.
Journal of Productivity Analysis, 25, 201-212.

Alwarritzi, W., Nanseki, T. & Chomei, Y. 2015. Analysis of the factors influencing the
technical efficiency among oil palm smallholder farmers in Indonesia. Procedia
Environmental Sciences, 28, 630-638.

Anang, B. T., Bäckman, S. & Sipiläinen, T. 2016. Technical efficiency and its
determinants in smallholder rice production in northern Ghana. The Journal of
Developing Areas, 50, 311-328.

Angelucci, F., Asante-Poku, A. & Anaadumba, P. 2013. Analysis of incentives and
disincentives for rice in Ghana. Technical notes series, MAFAP, FAO, Rome.

Audibert, M. 1997. Technical inefficiency effects among paddy farmers in the villages
of the ‘Office du Niger’, Mali, West Africa. Journal of Productivity Analysis, 8,
379-394.

Balcombe, K., Fraser, I., Latruffe, L., Rahman, M. & Smith, L. 2008. An application of
the DEA double bootstrap to examine sources of efficiency in Bangladesh rice
farming. Applied Economics, 40, 1919-1925.

116

Battese, G. E. & Coelli, T. J. 1995. A model for technical inefficiency effects in a
stochastic frontier production function for panel data. Empirical Economics, 20,
325-332.

Bera, A. K. & Sharma, S. C. 1999. Estimating production uncertainty in stochastic
frontier production function models. Journal of Productivity Analysis, 12, 187210.

Binam, J. N., Tonye, J., Nyambi, G. & Akoa, M. 2004. Factors affecting the technical
efficiency among smallholder farmers in the slash and burn agriculture zone of
Cameroon. Food Policy, 29, 531-545.

Bozoğlu, M. & Ceyhan, V. 2007. Measuring the technical efficiency and exploring the
inefficiency determinants of vegetable farms in Samsun province, Turkey.
Agricultural Systems, 94, 649-656.

Bravo-Ureta, B. E. & Pinheiro, A. E. 1993. Efficiency analysis of developing country
agriculture: a review of the frontier function literature. Agricultural and
Resource Economics Review, 22, 88-101.

Caudill, S. B. & Ford, J. M. 1993. Biases in frontier estimation due to heteroscedasticity.
Economics Letters, 41, 17-20.

Caudill, S. B., Ford, J. M. & Gropper, D. M. 1995. Frontier estimation and firm-specific
inefficiency measures in the presence of heteroscedasticity. Journal of Business
& Economic Statistics, 13, 105-111.

117

Chiona, S., Kalinda, T. & Tembo, G. 2014. Stochastic Frontier Analysis of the Technical
Efficiency of Smallholder Maize Farmers in Central Province, Zambia. Journal
of Agricultural Science, 6, 108.

Daraio, C. & Simar, L. 2007. Advanced Robust and nonparametric methods in efficiency
analysis: methodology and applications, Springer Science & Business Media.

Fan, Y., LI, Q. & Weersink, A. 1996. Semiparametric estimation of stochastic
production frontier models. Journal of Business & Economic Statistics, 14, 460468.

Farrell, M. J. 1957. The measurement of productive efficiency. Journal of the Royal
Statistical Society. Series A (General), 120, 253-290.

Fried, H. O., Lovell, C. K. & Schmidt, S. S. 2008. Efficiency and productivity. The
measurement of productive efficiency and productivity growth, 3-91.

Fried, H. O., Schmidt, S. S. & Yaisawarng, S. 1999. Incorporating the operating
environment into a nonparametric measure of technical efficiency. Journal of
Productivity Analysis, 12, 249-267.

Galán, J. E., Veiga, H. & Wiper, M. P. 2014. Bayesian estimation of inefficiency
heterogeneity in stochastic frontier models. Journal of Productivity Analysis, 42,
85-101.

118

Gedara, K. M., Wilson, C., Pascoe, S. & Robinson, T. 2012. Factors affecting technical
efficiency of rice farmers in village reservoir irrigation systems of Sri Lanka.
Journal of Agricultural Economics, 63, 627-638.

Hailu, G. & Deaton, B. Agglomeration Effects in Ontario's Dairy Farming. 2015
Conference, August 9-14, 2015, Milan, Italy, 2015. International Association of
Agricultural Economists.

Hayfield, T. & Racine, J. S. 2008. Nonparametric econometrics: The np package.
Journal of Statistical Software, 27, 1-32.

Henningsen, A. & Kumbhakar, S. Semiparametric stochastic frontier analysis: An
application to Polish farms during transition. European Workshop on Efficiency
and Productivity Analysis (EWEPA) in Pisa, Italy, June, 2009.

Huang, C. J. & Liu, J.-T. 1994. Estimation of a non-neutral stochastic frontier production
function. Journal of Productivity Analysis, 5, 171-180.

Koop, g. & Tobias, J. L. 2006. Semiparametric bayesian inference in smooth coefficient
models. Journal of Econometrics, 134, 283-315.

Kumbhakar, S. C., Ghosh, S. & Mcguckin, J. T. 1991. A Generalized Production
Frontier Approach for Estimating Determinants of Inefficiency in U.S. Dairy
Farms. Journal of Business & Economic Statistics, 9, 279-286.

119

Kumbhakar, S. C. & Sun, K. 2013. Derivation of marginal effects of determinants of
technical inefficiency. Economics Letters, 120, 249-253.

Kumbhakar, S. C., Wang, H. & Horncastle, A. P. 2015. A Practitioner's Guide to
Stochastic Frontier Analysis Using Stata, Cambridge University Press.

Kuosmanen, T. 2006. Stochastic nonparametric envelopment of data: combining virtues
of SFA and DEA in a unified framework. MTT Discussion paper, 3.

Kuosmanen, T. 2012. Stochastic semi-nonparametric frontier estimation of electricity
distribution networks: Application of the StoNED method in the Finnish
regulatory model. Energy Economics, 34, 2189-2199.

Kydd, J., Dorward*, A., Morrison, J. & Cadisch, G. 2004. Agricultural development and
pro- poor economic growth in sub- Saharan Africa: potential and policy. Oxford
Development Studies, 32, 37-57.

Kyei, L., Foli, G. & Ankoh, J. 2011. Analysis of factors affecting the technical efficiency
of cocoa farmers in the Offinso district-Ashanti region, Ghana. American journal
of Social and Management Sciences, 2, 208-216.

Maharjan, K. L. 2014. Communities and Livelihood Strategies in Developing Countries,
Springer.
Masterson, T. 2007. Productivity, technical efficiency, and farm size in Paraguayan
agriculture. Working paper. The Levy Economics Institute of Bard College.
Accessed at http://www.levyinstitute.org/pubs/wp_490.pdf on July 15 2017.
120

McCall, M. K. 1985. The significance of distance constraints in peasant farming systems
with special reference to sub-Saharan Africa. Applied Geography, 5, 325-345.

Morgan, W. 1969. The zoning of land use around rural settlements in tropical Africa.
Environment and land use in Africa, London, 301-19.

Lai, H.-P. & Huang, C. J. 2010. Likelihood ratio tests for model selection of stochastic
frontier models. Journal of Productivity Analysis, 34, 3-13.

Li, Q., Huang, C. J., LI, D. & Fu, T.-T. 2002. Semiparametric smooth coefficient models.
Journal of Business & Economic Statistics, 20, 412-422.

Li, Q. & Racine, J. S. 2010. Smooth varying-coefficient estimation and inference for
qualitative and quantitative data. Econometric Theory, 26, 1607-1637.

Lima, A., Hoogmoed, W., Brussaard, L. & Dos Anjos, F. S. 2011. Farmers’ assessment
of soil quality in rice production systems. NJAS-Wageningen Journal of Life
Sciences, 58, 31-38.

Liu, Y. & Myers, R. 2009. Model selection in stochastic frontier analysis with an
application to maize production in Kenya. Journal of Productivity Analysis, 31,
33-46.
Llorca, M., Orea, L. & Pollitt, M. G. 2016. Efficiency and environmental factors in the
US electricity transmission industry. Energy Economics, 55, 234-246.

121

Nadaraya, E. A. 1964. On estimating regression. Theory of Probability & Its
Applications, 9, 141-142.

Orea, L. & Kumbhakar, S. C. 2004. Efficiency measurement using a latent class
stochastic frontier model. Empirical Economics, 29, 169-183.

Ouma, E., Abdulai, A. & Drucker, A. 2007. Measuring heterogeneous preferences for
cattle traits among cattle-keeping households in East Africa. American Journal
of Agricultural Economics, 89, (2207), 1005-1019.

Parmeter, C. F. & Kumbhakar, S. C. 2014. Efficiency analysis: a primer on recent
advances. Foundations and Trends (R) in Econometrics, 7, 191-385.

Penda, S. T. & Asogwa, B. C. 2011. Efficiency and income among the rural farmers in
Nigeria. Journal of Human Ecology, 35, 173-179.

Rahman, S. 2003. Profit efficiency among Bangladeshi rice farmers. Food Policy, 28,
487-503.

Rahman, S. & Rahman, M. 2009. Impact of land fragmentation and resource ownership
on productivity and efficiency: The case of rice producers in Bangladesh. Land
Use Policy, 26, 95-103.

Reifschneider, D. & Stevenson, R. 1991. Systematic departures from the frontier: a
framework for the analysis of firm inefficiency. International Economic Review,
715-723.

122

Saastamoinen, A. 2015. Heteroscedasticity or production risk? A synthetic view.
Journal of Economic Surveys, 29, 459-478.

Sakano, R. & Obeng, K. Examining the inefficiency of transit systems using latent class
stochastic frontier models. Journal of the Transportation Research Forum,
2012.

Schultz, T. W. 1964. Transforming traditional agriculture. Transforming traditional
agriculture. New Haven: Yale University Press.

Seyoum, E. T., Battese, G. E. & Fleming, E. M. 1998. Technical efficiency and
productivity of maize producers in eastern Ethiopia: a study of farmers within
and outside the Sasakawa-Global 2000 project. Agricultural Economics, 19, 341348.

Sharma, K. R., Pradhan, N. C. & Leung, P. 2001. Stochastic frontier approach to
measuring irrigation performance: an application to rice production under the
two systems in the Tarai of Nepal. Water Resources Research, 37, 2009-2018.

Sherlund, S. M., Barrett, C. B. & Adesina, A. A. 2002. Smallholder technical efficiency
controlling for environmental production conditions. Journal of Development
Economics, 69, 85-101.

Simar, L. & Wilson, P. W. 2007. Estimation and inference in two-stage, semi-parametric
models of production processes. Journal of Econometrics, 136, 31-64.

123

Su, L., Chen, Y. & Ullah, A. 2009. Functional coefficient estimation with both
categorical and continuous data. Advances in Econometrics, 25, 131.

Sun, k. & Kumbhakar, S. C. 2013. Semiparametric smooth-coefficient stochastic
frontier model. Economics Letters, 120, 305-309.

Thiam, A., Bravo- Ureta, B. E. & Rivas, T. E. 2001. Technical efficiency in developing
country agriculture: a meta- analysis. Agricultural Economics, 25, 235-243.

Tzouvelekas, V., Pantzios, C. J. & Fotopoulos, C. 2001. Technical efficiency of
alternative farming systems: the case of Greek organic and conventional olivegrowing farms. Food Policy, 26, 549-569.

Vuong, Q. H. 1989. Likelihood ratio tests for model selection and non-nested
hypotheses. Econometrica: Journal of the Econometric Society, 307-333.

Wang, H.J. 2002. Heteroscedasticity and non-monotonic efficiency effects of a
stochastic frontier model. Journal of Productivity Analysis, 18, 241-253.

Wang, H.J. & Schmidt, P. 2002. One-step and two-step estimation of the effects of
exogenous variables on technical efficiency levels. Journal of Productivity
Analysis, 18, 129-144.

Watson, G. S. 1964. Smooth regression analysis. Sankhyā: The Indian Journal of
Statistics, Series A, 359-372.

124

CHAPTER 4
Choice of rice production practices in Ghana: A comparison of willingness to pay
and pay preference space estimates23

Abstract
Rice has been identified as an important food security crop in Ghana. However, there is
a production deficit and new technologies to reduce the deficit are not widely adopted.
Although poor adoption by farmers is often linked to constraints such as access to
information, farmer’s perceptions of the technologies are also important. We apply an
advanced discrete choice experiment to evaluate farmer’s preferences for rice
production practices. Specifically, we generate willingness to pay (WTP) estimates
using willingness to pay space (WS) and compare these with values from the indirect or
preference space (PS) method. Our modelling also accounts for the effects on WTP
estimates of farmers stated attribute importance (SAI) information. Empirical results
from WS and PS models reveal that on average, farmers’ value higher yields and are
negatively affected by higher risk of crop failure and labour requirements. Comparing
the performance of the two models, we find the WS model provides a superior fit to our
data and reduces the likelihood of producing implausible WTP estimates. Further, SAI
inclusion did not produce much variation in the WTP estimates.

23

This chapter is published in its present form under the same title in the Journal of Agricultural

Economics, Vol 67 (3), 2016).
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4.1

Introduction

In Ghana, rice is an important cash crop that forms an integral part of the Ghanaian diet,
and is essential in ensuring food security among rural and urban households. The crop
represents 34% of expenditure on cereals, with a per capita demand estimated at 68kg
per capita per year (Ackah & Aryeetey 2012). Despite the essential role of the crop in
ensuring food security, its production is bedevilled with challenges such as weed control,
water management, unavailability of suitable varieties, adverse soil conditions, poor
market systems, and insufficient labour (Oteng 1997). Currently, domestic rice demand
exceeds local supply by about 70%.

Over the years, many governments have introduced policies related to specific
technologies aimed at addressing some of the challenges in rice production (Ragasa et
al. 2013). However, evidence indicates poor adoption levels among farmers (Ibrahim &
Florkowski 2015). Poor adoption of new technologies has been of both policy and
research interest since the days of Feder et al. (1985), with most studies attributing
farmer adoption to socio-economic characteristics and information awareness (Kariyasa
& Dewi 2013). However, Dalton (2004) notes that low adoption is not only driven by
socioeconomic characteristics but that it is also a function of failure of the technology
development process to account for technology characteristics that producers value.

A large body of literature reports on potential technology characteristics that are
appealing to farmers. For instance, Keelan et al. (2010) documents five key technology
characteristics that affect farmers’ adoption decisions: relative advantage in terms of
benefits; compatibility; complexity; triability; observability. Adesina and Zinnah (1993)
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show that farmers’ perception of technology attributes, such as returns in terms of
output, is relevant for their adoption decisions. Other studies, such as De Brauw and
Eozenou (2014) and Jaeck and Lifran (2013) note the effect of profitability and risk on
low adoption. A major limitation of conventional modelling approaches to the study of
farmers’ adoption decisions is that they are based on actual choices, which means that
one cannot investigate the possible adoption drivers for prospective technologies.

A better understanding of the technology characteristics that farmer’s value would be
useful in guiding agronomists and policy makers in the design of and support for new
technologies. Discrete Choice Experiments (DCEs) are an established method for
identifying behavioural drivers of choice. In DCEs, respondents are presented with
hypothetical scenarios and asked to make choices between them. The application of
DCEs in developing countries is growing in empirical applications. Most of the studies
(Birol et al. 2006; Ouma et al. 2007) address the issue of unobserved preference
heterogeneity using the mixed logit (ML) model.

The ML model is a generalisation of the conditional logit model and is used to account
for unobserved preference heterogeneity by assuming random parameters for model
coefficients. Through its random parameter specification, the model introduces random
preference variations assuming specific distributions over the sampled population. The
ML model requires that specific distributions are adopted for the random parameters.
Common distributions include the log normal, which guarantees that the monetary
attribute has the correct sign, and the normal that allow for both positive and negative
preferences.
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In most empirical applications, willingness to pay (WTP) values, which are the marginal
rate of substitution between an attribute and a monetary attribute (Birol et al. 2006), are
calculated post estimation. Train and Weeks (2005) note the potential challenges
associated with calculating WTP distributions within the mixed logit framework. Given
that the parameters in the ML model are random prameters, the distribution of the
derived WTP estimates is given by a ratio of the assumed distribution of the monetary
and non monetary attributes. For instance, where a coefficient for the monetrary attribute
is specified as log normally distributed and the coefficients for non-monetary attributes
are normally distributed, then the distribution of the WTP values becomes a ratio of
normal to log normal, a distribution that, as Scarpa et al. (2008) point out, can be
counter-intuitive.

The WTP problems associated with the ML model have resulted in an ongoing debate
about its suitability in deriving WTP values. While some studies attempt to resolve the
problem by adopting measures such as a fixed price coefficient (Revelt & Train 1998)
others apply individual level parameters conditioned with individual choices to generate
a distribution of WTP (Greene et al. 2006; Hensher et al. 2006). Train and Weeks (2005)
criticise the fixed price coefficient approach and suggests a re-parameterisation of the
model such that the parameters are direct WTP estimates instead of marginal utility
coefficients. Such an estimation procedure ensures that appropriate distributions are
assumed for the WTP values. The direct estimation of WTP is referred to as estimation
in willingess to pay space (WS), whereas models leading to the calculation of WTP from
estimated marginal utilities (indirect approach) are operating in preference space (PS)
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In spite of the potential advantages of the WS approach, there are no empirical
applications in the agricultural adoption literature, and only a limited number of
applications in other fields of economics. These studies, however, report conflicting
findings about the performance of WS and PS models. For example, Train and Weeks
(2005) employed classical and hierarchical Bayes models to compare PS and WS models
and found that PS models are superior to WS models. This finding was corroborated by
Hole and Kolstad (2012) study on job choices by Tanzania clinical officers. However,
Scarpa et al. (2008) and Rose and Masiero (2009) have demonstrated superiority of WS
models in their cases.

We apply and compare the WS and the PS models to examine farmers’ preferences for
production technology characteristics that farmer’s value with the primary aim of
providing guidelines to policy makers. An additional feature of our application is to
account for the effect of attribute non-attendance (ANA-the situation where respondents
in a choice experiment study base their selection on a subset of attributes instead of the
full set) on WS and PS estimates. There is an increasing evidence in the literature that
respondents in DCE applications tend to ignore some attributes when making choices.
Failure to account for ANA results in biased WTP estimates (Hess & Hensher 2013).
Accounting for ANA in our application ensures unbiased estimation of the values
farmers attach to the technology attributes.

Our empirical data is from a DCE conducted in Ghana, on rice farmers’ preferences for
rice production practices. Following Balcombe et al. (2014), we apply stated attribute
importance (SAI) ranking questions at the end of the DCE survey to account for ANA
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behaviour in the model. Our choice of SAI over the common binary type questions often
applied in the discrete choice experiment literature is based on previous findings that
respondents do not necessary ignore attributes but rather attach low weight to them (Hess
& Hensher 2013).

The remainder of the paper is organised as follows. Section 4.2 presents the WTP
estimation approaches. Section 4.3 presents a description of the choice experiment
procedure. This is followed by empirical results and discussion in section 4.4. Section
4.5 concludes the paper with policy and methodological implication.

4.2

WTP Estimation Techniques

In the DCE literature, the standard approach is to estimate WTP in preference space
(PS), where marginal utility coefficients are first estimated, followed by the calculation
of WTP. Alternative approach of estimating in willingness to pay space (WS) addresses
the challenges associated with WTP in PS, by reformulating the PS model so that the
estimated coefficients directly represent the WTP values for the attributes. In the WS
specification, WTP values are directly estimated such that appropriate distributions for
the values are assumed from the outset.

In this section, we first specify the PS model. We then derive the WS model and
concluded with the specification of the stated attribute importance model. The Random
Utility Model (RUM) is the econometric basis for DCEs. The main assumption of RUM
is that individuals choose the alternative that provides the highest utility among a set of
alternatives. Based on RUM, we specify the utility, ij"k of individual n for choice i
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made in choice occasion t as the sum of two components: the systematic component,
l mj"k , $j that is a function of alternative attributes n; and the random component, Gj"k ,
representing unmeasured variation in preferences.
That is,

(4.1)

ij"k = lj"k mj"k , $j + Gj"k

To implement (4.1), we need to specify a distribution for the error term. Assuming that
the error terms are independently and identically drawn from a Gumbel distribution, we
have the conditional logit model (CLM).

In the context of the CLM, the probability that individual n will choose alternative i
among a set of J alternatives is given by McFadden (1974) as
Pr K =

exp $ B !j"k
qrs
qr\

$ B !jqk

(4.2)

To account for preference heterogeneity and address the independence from the
irrelevant alternative (IIA) shortcoming of CLM, the Mixed Logit (ML) model is
applied. Under the ML model, the coefficient vector $ is unobserved for each n and
varies with the population density f($j Y , where Y is a vector of parameters of a
continuous population distribution.
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Since the analyst does not observe $j , the unconditional choice probability is given as
an integral over all possible variables of $j

exp ($′j !j"k )
*
q
;!<
($′
!
)
j jqk
qr\

tj"k ($j ) =

$j |Y L$j

(4.3)

To derive WTP within the PS model, we draw a distinction between monetary, vj,k ,
and non-monetary attributes, !j,k in eq. (4.1)

,

ij,k = $jw vj,k +

$j, !j,k + Gj,k
,r\

(4.4)

Note in this application the coefficient ($jw ) is positive in all our specifications because
we use a monetary gain variable, such as gross margin instead of cost, where $jw and
$j, are parameters for the monetary and non-monetary attributes, respectively.

The part-worth or WTP for an attribute k can be written as the ratio of its coefficient to
that of the monetary attribute as in eq. (4.5).
xyt =

$j,
$jw

(4.5)

At a population level, the distribution of WTP is given by the ratio of the two
distributions assumed for the monetary and non-monetary attributes. Despite the
challenges that may raise, the model is widely applied. We now turn our attention to the
WS model, which is a re-parameterisation of the PS model.
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We re-formulate (4.4) such that the coefficients obtained are direct estimates of WTP.
,
∗
$j,
!j,k + Gj,k

ij,k = $jw vj,k +
,r\

∗
where $j,
=

$j,

(4.6)

$jw and $jw is a normalising constant.

∗
Thus, the formulation in (4.6) shows that $j,
, the coefficients derived from the model,

are WTP values.

4.2.1 Stated attribute importance (SAI), a measure of non-compensatory
behaviour
The underpinning assumption of the Discrete Choice Experiment (DCE) is that
individuals make a trade off between all attributes provided in the experiment. However,
research has revealed that people may ignore some attributes in their choice making
process, which is evidence of non-compensatory behaviour. Failure to account for this
type of choice behaviour may bias welfare estimates (Kragt 2013). Empirical studies
have often applied attribute non-attendance (ANA) procedures to examine noncompensatory behaviour. However, recent evidence shows that respondents do not
necessarily ignore attributes, rather they attach less importance to them (Hess & Hensher
2013). Therefore, measuring ANA by a simple “Yes” or “No” question of whether one
ignored an attribute may be misleading.

In this paper, we follow Balcombe et al. (2014) to model SAI information by
conditioning it on the utility parameter, which is similar to accounting for a characteristic
of an individual in choice experiment. SAI was measured on a scale of one to R (where
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R=7), with one as the highest ranked attribute (most important) and R the lowest ranked
(Balcombe et al. 2014). The SAI data was then normalised to range from 0 (more
importance) to 1 (less importance) using the expression

|j, =

}~j, − 1
Ä, − 1

(4.7)

where Rk is the lowest value given to attribute k. Therefore, an attribute ranked as 1 is
deemed as ignored in the choice making process.

From (4.1), the marginal utility, $j, for the kth attribute is
(4.8)

$j, = E, + 0j,
where E, is the mean and 0j, is the i.i.d. vector with variance covariance matrix.

Incorporating |j, in equation (4.8) as an explanatory variable to shift the mean results
in
(4.9)

$j, = E>(,) + E\(,) |j, + 0j,

As a rule of thumb, if the explanatory variable, |jÅ is not significant, then 4.9 reverts
to 4.8. That is, E>(,) in 4.9 equals E, in 4.8 because E\(,) is zero. However, if |j, is
significant, then E, is equivalent to E>(,) + E\(,) |j, .
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4.2.2 Model estimation
The specified PS and WS models were estimated in Stata 13 (StataCorp. 2013) using
programmes written by Hole (2007) and Gu et al. (2013). The WS model estimation can
either be performed within the ML framework to account for only preference
heterogeneity or within the generalised multinomial logit (GML) framework to account
for both scale and preference heterogeneity. We apply the GML model in this paper to
account for both sources of heterogeneity (Fiebig et al. (2010) provide more details on
the GML model). In total, five models were estimated: three using the PS approach:
(CLM, standard ML, ML with SAI) and two using the WS (standard GML, GML with
SAI) and allowing for correlation among random parameters. Apart from the CLM, all
models were estimated by simulated maximum likelihood method using 1000 Halton
draws. We assumed a lognormal distribution for the monetary attribute, which is the
gross margin, and a normal distribution for the remaining attributes; yield, labour, and
dummies of cultivar choice (medium and late cultivars), weed control (mechanical and
chemical weeding), cropping pattern (rice-fallow and double rice system) and risk
attribute.

4.3

Choice experiment description and data

The data for our analysis were collected through a choice experiment survey conducted
in the two most important rice productive regions in Ghana (see Figure 1.3 in Chapter
1), Northern and Upper East. The main aim of the survey was to identify farmers’
preferences for rice production practices.
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4.3.1

Attributes selection

Based on expert interviews, focus group discussions and relevant attributes established
in the literature, we described a rice production technology using seven attributes. Four
of these attributes are quantitative (yield, gross margin, labour and risk) while three are
qualitative (cultivar choice, weed control technology, and cropping pattern).

Yield and gross margin attributes were included to account for the relative advantage of
new technologies. Also, as is the practice in the choice experiment literature, the gross
margin attribute serves as the monetary attribute. The labour attribute is an essential
component of the rice production system, since it is usually scarce during the production
season, while labour requirements differ amongst technologies used: varietal choice
(maturity period) and agronomic practices (weed control and cropping pattern).
Uncertainty of production in developing countries is a major concern to most farmers.
Farmers are typically assumed to be risk averse but evidence in the literature shows that
this may not always be true (Engle-Warnick et al. 2006). We therefore test the risk
behaviour of farmers through the inclusion of the risk attribute. The risk attribute was
defined as the probability of crop production failure under the alternative farming
systems over a period of ten years. Table 4.1 provides a description of the attributes in
the study.

4.3.2 Experimental design
A pilot study conducted in February 2014 was used to generate priors for an efficient
design (refer to Chapter 1 for detailed information about experimental design). A total
of 36 choice sets were generated using NGENE software (ChoiceMetrics 2012). Using
a blocking system, the choice sets were divided into three blocks with each consisting
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of 12 choice sets, each with two alternatives and the status quo, their current production
system.
Table 4.1: CE attributes and levels
Attributes

Descriptions

Levels

Yield

average rice equivalent yield per acre under

20 bags, 30 bags, 40 bags

alternative technology options for each production
season
Gross margin

additional gross margin provided by alternative

200 GHS, 400 GHS, 600GHS

technology options per season
Labour

Cultivar choice

additional labour requirement under different

6 man-days, 12 man-days, 18 man-

technology options per season

days

maturity period of the crop varieties associated

90 days, 120 days, 150 days

with alternative technologies
Weed

control

method of weed control associated with alternative

Manual, mechanical, chemical

technology

technologies

Cropping

type of crop cultivated in a given year under

rice-vegetable system, rice-fallow

pattern

different technology options

system, double rice system

Risk

likelihood of total production failure occurring

1 in 10, 3 in 10, 5 in 10

under alternative technology options

4.3.3 Survey administration and data collection
We designed and administered the DCE survey to 306 randomly selected rice farmers
via the face-face interview technique. Six well-trained research assistants from the
Ministry of Food and Agriculture conducted the interviews. Each respondent faced 12
choices, with each set offering three alternative farming systems. The choice experiment
was conducted as a part of a larger survey that focused on the productivity and food
security of rice producing households in Ghana.
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The first part of the survey asked questions on respondent’s socio-economic
characteristics as well as current farming practices. The choice sets followed. Debriefing
questions were asked at the end of the survey (Appendix D1) to verify consistency in
choices made. The data collection process began at the end of the 2013/2014 growing
season and lasted for five weeks. Figure 4.1 illustrates a sample choice set.

Figure 4.1:Sample choice set.

138

4.3.4 Descriptive statistics of sampled farmers
A brief description of the sampled farmers in terms of socio-economics and stated
attribute importance (SAI) ranking information is provided in Table 4.2. The mean age
is 41 years, suggesting a youthful population. In addition, we note that nearly 80% of
the respondents are males because men predominantly cultivate cash crops like rice in
Ghana
Table 4.2: Sample descriptive statistics
Variable

Definition

Mean

SD

Age

Age of respondents

41.35

10.96

Farmer organization

Member of farmer organization (Yes=1)

0.54

0.49

Non-farm activity

Alternative livelihood (Yes=1)

0.56

0.49

Educational status

Years of formal education

1.95

3.87

Gender

Sex of respondents (Female=1)

0.23

0.42

Risk (self-reported)

Risk experience over a 10-year period

3.05

1.91

Stated attribute importance (1 high, 7 low)
Yield

Average rice yield per acre

1.65

0.97

Gross margin

Additional gross margin under alternative

1.91

0.88

4.68

1.15

3.60

1.05

technology
Labour

Additional labour requirement under alternative
technology

Cultivar choice

Maturity

period

of

crop

varieties

under

alternative technologies
Weed control

Method of weed control

4.16

1.32

Cropping pattern

Variety of crop cultivated

4.82

1.24

Risk

Probability of crop failure under alternative

5.35

2.02

technologies
Ranking levels: “1=most important”, “2=very important”, “3= moderately important”, “4=neutral”, “5=
less important”, “6=not important”, 7= not important at all”
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The self-reported risk variable (measured by farmers’ risk experience in a period of 10
years) shows that on the average, sampled farmers experience risk 3 times in a decade.
This self-reported risk variable was used as a reference in evaluating loss aversion
behaviour among farmers. For the SAI rankings, we find that yield is perceived as most
important, followed by gross margin, with cropping pattern as the least important
attribute. This finding confirms the assertion by Nweke and Akorhe (1983) that rice
farmers have both profit and food security objectives. This information is used in the
estimation of PS and WS models to examine their effects on the marginal utilities.

4.3.5 Questionnaire coding and processing
We coded the quantitative attributes (yield, gross margin, labour, and risk) using stated
attribute levels as presented in the choice set and the categorical variables (cultivar
choice, weed control and cropping pattern) were dummy coded. Although effects coding
was an option, we preferred the dummy coding approach because it allows for a
straightforward interpretation of model coefficients. A base scenario was included in the
choice experiment to avoid forced choices, with the attribute levels identified from
survey information about the respondent’s current farming system.

For the risk attribute, we tested the effect of different specifications using a formulation
based on prospect theory. We did this by re-specifying risk into two deviation variables:
1) All stated choice (SC) attributes greater than (individual specific) current risk levels
were classified as a positive risk deviation (higher risk); 2)All those less than (inidividual
specific) current risk levels are classified as negative risk deviation (lower risk). An
illustration of the risk specification is presented in Table 4.3, using an example with
three choice alternatives where the third one is the status quo choice. Individual 1 (first
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three rows in Table 4.3) faces a choice problem where the self-reported probability of
crop failure in the status quo choice is 4 out of 10. The risk of crop failure for the
technologies offered in alternatives A and B are lower. Therefore, for this individual,
alternatives A and B reduce risk and thus have negative risk values of -3/10 and -1/10,
both values that are calculated as changes in risk relative to the status quo.

In the case of individual 2 (where self-reported risk is 2/10), alternative A is less risky
relative to the status quo, while alternative B is riskier; and these deviations are captured
in the Negative risk and Positive risk variables. In addition to the risk deviation variables,
our modelling uses an interaction between the SC risk levels and the status quo indicator:
zero for new farming systems and one for the status quo alternative. This was done to
test if respondent sensitivity to risk depended on whether the risk was attached to the
current farming system or a new technology.

Table 4.3: An illustration of how the risk variables were constructed
Individual
1

2

Farming System

Risk

Negative

Positive

risk

risk

A

1/10

-3/10

0

B

3/10

-1/10

0

SQ

4/10

0

0

A

1/10

-1/10

0

B

3/10

0

1/10

SQ

2/10

0

0
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4.4 Empirical results and discussion
4.4.1 Standard models
Table 4.4 presents the estimation results for the basic model, CLM24 (Model 1), the ML
model (Model 2) allowing for preference variation in six attributes, and the GML model
(Model 3) that accounts for preference and scale heterogeneity in WS. In the GML case,
the number of random parameters reduces from six to five because the monetary
attribute was normalised to one based on the formulation in (4.6), but the scale parameter
is freely estimated.

Model 1 estimates show significance in most attributes and expected signs on
coefficients. The positive sign on yield and gross margin suggests higher utility
associated with higher levels of these attributes. Labour has a negative sign, which
signifies that farmers are less attracted to labour intensive technologies. Early crop
cultivars are also more preferred to medium or late cultivars as revealed in the negative
and significant coefficients of medium and late cultivars. Weed control technology, on
the other hand, is not significant. The double cropping attribute is significant, implying
that in the presence of adequate water, farmers would prefer to cultivate rice all year
round. In terms of risk, farmers have a negative preference for higher risk as shown by
the parameters of the risk attributes in the model.

24

Robustness of the CLM was tested using bootstrap algorithm with 500 replications. The bootstrap CLM

yielded similar parameter estimates
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Table 4.4: CLM, Correlated ML and GML estimates

Gross margin
Yield
Labour
Early cultivarb
Medium cultivar
Late cultivar
Manual weedingb
Mechanical
weeding
Chemical weeding
Rice-vegetable
systemb
Rice-fallow system
Double
cropping
SQ risk
Negative risk
Positive risk
SQ

rice

Model 1
CLM
Mean E
2.64***
(0.19)
0.04***
(0.01)
-0.17***
(0.01)

Model 2
ML Correlated
Mean E
SD E
0.54l***
1.53***
(0.19)
(0.19)
0.03***
(0.01)
-0.02***
(0.01)

Model 3
GML Correlated
Mean E
1(fixed)
0.01***
(0.00)
-0.00***
(0.00)

-

-0.13*
(0.07)
-0.14**
(0.06)

-0.17**
(0.08)
-0.13
(0.08)

-

-0.03**
(0.01)
-0.05**
(0.02)

-

0.06
(0.07)
-0.03
(0.06)

-0.19**
(0.09)
0.02
(0.07)

-

-0.02
(0.01)
0.03**
(0.01)

-

0.06
(0.05)
0.29***
(0.09)
0.54***
(0.04)
-0.55***
(0.04)
-0.33***
(0.04)
-1.87***
(0.21)

0.01n
(0.07)
0.24***
(0.13)
-1.22n***
(0.48)
-0.69n***
(0.07)
-0.31n***
(0.06)
-4.01n***
(0.82)

0.44***
(0.11)
-

0.01n
(0.01)
0.02
(0.02)
0.47n
(0.58)
-0.15n***
(0.01)
-0.17n***
(0.01)
-10.80n***
(2.17)

0.05***
(0.01)
-

-

-

2.00***
(0.36)
0.72***
(0.09)
0.42***
(0.05)
3.71***
(1.08)

SD E
-

-

-

-

0.72
(0.46)
0.12***
(0.01)
0.15***
(0.01)
5.76***
(1.34)

Scale parameter

2.97***
(0.31)
Log likelihood
-2989.50
-2491.85
-2465.46
P>chi
0.00
0.00
0.000
N
11016
11016
11016
NP
13
34
30
Note: b=base for dummy coding, l=log normally distributed, n=normally distributed, N=number of
observations, P=number of parameters, standard errors in () and ***, **, * represents significant at 1%,
5% & 10% respectively. Covariance matrix in Tables D1 and D2 in Appendix D.
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In Model 2, all attributes are significant except late cultivar, chemical weeding, and ricefallow system. The derived standard deviations of the parameters of most random
coefficients are significant, indicating parameters are heterogeneous. The absolute value
of negative risk is higher than positive risk, suggesting that sampled farmers do not
exhibit loss aversion under this model. This may result from the risky nature of the
production system.

Model 3 results indicate that farmers place a positive value on yield and chemical
weeding and negative value on labour, cultivar choice, and risk. Moreover, most of the
estimates of the standard deviation of the distribution of the random parameters are
significant, an indication of heterogeneity in WTP. Also, generally, the standard
deviations for Model 3 are lower than Model 2. The scale parameter, tau, is also
significant at the 1% level, indicating that scale heterogeneity is important. The
covariance matrix of Models 2 and 3 results (Tables D1 and D2 in Appendix D) reveal
most of the values are significant, suggesting inter-dependence among the random taste
parameters. Using information criteria as discussed in section 4.4.4, Model 3 which
accounts for both preference and scale heterogeneity is the preferred model.

4.4.2 Stated attribute importance (SAI) within preference and willingness to pay
space
We accounted for SAI using a covariate approach. Therefore, interaction terms represent
change in marginal utility as the SAI variable moves from highest importance to lowest:
the marginal utility held by those with the lowest level of stated importance is given by
the sum of the base parameter and the interaction effect. Consequently, if heterogeneous
preference exists between respondents who attach high importance to the attributes,
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herein referred to as “high rankers” and those who attach less importance (low rankers)
to the attributes, then we expect the interaction terms to be significant. The results in
Table 4.5 show that only two of the interaction terms (medium cultivar and mechanical
weeding) are significant in ML-SAI model (Model 4) and three in GML-SAI (Model 5);
rice fallow system, double rice cropping and positive risk. This implies that with these
exceptions, the stated level of attribute importance does not manifest in different
preferences.

A validity check using isolated coefficients for significant interaction terms give an
indication of whether attributes were really associated with low rankings. If the isolated
coefficients are significant, then the results are counter intuitive (high ranking instead of
low ranking), and if the isolated coefficients are not significant, then attributes were
indeed associated with low rankings.

We observed some of the isolated coefficients25 are significant (mechanical weeding)
under the PS model and (rice fallow system, double rice cropping and positive risk)
under WS model, a clear indication that these attributes were highly ranked (considered)
by the low rankers. This reveals some inconsistencies in stated ranking information as
has been reported by previous analysis (Balcombe et al. 2014).

25

Results are not reported here, but available upon request
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Table 4.5:Model estimates for PS and WS model with SAI interaction
Attributes

Gross margin
Yield
Labour
Early cultivarb
Medium cultivar
Late cultivar
Manual weedingb
Mechanical weeding
Chemical weeding
Rice-vegetable
system b
Rice fallow system
Double rice system
SQ risk
Negative risk
Positive risk
SQ

Model 4-ML Correlated SAI
Baseline coefficient
SAI
High rankers
Interaction26
Low rankers

Model 5-GML Correlated SAI
Baseline coefficient
SAI
High rankers
Interaction
Low
rankers
Mean E>
SD E>
Mean E\

Mean E>

SD E>

Mean E\

0.57l***
(0.19)
0.03***
(0.01)
-0.02***
(0.01)

-

-0.06
(0.43)
-0.01
(0.01)
0.00
(0.00)

Constrained

0.02
(0.15)
-0.12
(0.14)

-

-0.48***
(0.15)
0.46
(0.42)

0.01***
(0.00)
0.00
(0.00)

-

-0.23
(0.38)
0.00
(0.01)
0.00
(0.00)

-0.48*
(0.28)
-0.06
(0.28)

-0.03**
(0.01)
-0.06**
(0.02)

-

-0.07
(0.16)
0.00
(0.15)

-

0.56**
(0.23)
-1.60
(1.41)

-0.02*
(0.02)
0.03***
(0.02)

-

0.15
(0.15)
-0.30
(0.29)

-0.02n
(0.18)
0.03
(0.21)
-0.58n
(0.48)
-0.72n***
(0.08)

0.47***
(0.11)
1.27***
(0.23)
0.67***
(0.92)

0.03
(0.22)
0.30
(0.21)
0.16
(0.14)
0.03
(0.05)

0.03**
(0.01)
0.01
(0.03)
0.70
(0.54)
-0.14***
(0.54)

0.06***
(0.01)
0.66***
(0.18)
0.11***
(0.01)

-0.15*
(0.08)
0.30**
(0.13)
0.16
(0.14)
-0.02
(0.04)

-0.40n***
(0.08)
-5.49n***
(1.21)

0.44
(0.06)
3.93***
(0.90)_

0.07
(0.05)

-0.18***
(0.19)
-12.62***
(2.53)

0.16***
(0.02)
8.72***
(1.92)

0.06*
(0.04)

Scale parameter (tau)

2.56***
(0.30)

Log Likelihood
-2483.30
-2456.78
P>chi
0.00
0.00
N
11016
11016
NP
46
42
b=base for dummy coding, l=log normally distributed, n=normally distributed, N=number of
observations, P=number of parameters, standard errors in () and ***, **, * represents significant at 1%,
5% & 10% respectively. Covariance matrix in Tables D1 and D2 in Appendix D.

26

Standard deviation is not reported for the interaction terms because they were assumed to be fixed.
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We also observe a 16% reduction in the magnitude of the scale parameter, a clear
indication of an improvement in the consistency of choices made when extra information
on the importance of attributes is accounted for. In terms of magnitude of coefficients,
we do not observe much variation in both models, a finding that is consistent with
previous studies (Balcombe et al. 2014).

4.4.3 Comparison of WTP estimates
The WTP estimates were derived using simulation techniques where individual specific
values are conditioned on individual choices. We therefore obtained distributions of
WTP from the distributions of non-monetary coefficients to monetary coefficient using
10,000 draws in the calculation. The results are reported in Table D3 in Appendix D.
We observe that respondents associate positive value with yield and double cropping
system and negative value with labour, mechnical weeding and medium cultivar in
Model 2. In Model 4 where we accounted for the effect of SAI on marginal utilities,
we find the yield attribute is highly valued, but a negative value is associated with
labour, mechnical weeding and risk.

For WS models, with exception of rice-fallow system that is considered important in
Model 5, a positive value is associated with yield and chemical weeding and negative
value with labour, risk and medium cultivar. Overall, there is consistency in the results
across models with respondents’ preference for yield and negative value associated with
labour and various risk specifications. The estimates also indicate a high standard
deviation in PS models compared with WS models for random parameters, suggesting
WTP values are more varied and therefore less reliable. However, accounting for SAI
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generally, reduces the level of variability of the WTP estimates in the PS models, but
induces equivalent or slightly higher standard deviations in WS models.

The variation in the distribution of the simulated WTP estimates generated from Models
2-5 is best observed through a graphical display. We do this by plotting kernel smoothing
densities with cross validated bandwidth using the SM package in R (Bowman &
Azzalini 1997) for a subset of the attributes, specifically the risk attribute. Figures 4.2
and 4.3 show the distributions for positive risk (PR) and negative risk (NR) for the PS
and WS models as well as the SAI effect on those distributions. While PS and WS
indicate the random parameter component of the model (without SAI effect), PS-SAI
and WS-SAI include SAI effect. Generally, we observe that SAI does not have a
substantial effect on the distributions of the PS and WS models (Figure 4.2). However,
Figure 4.3 shows distributions are highly skewed in the PS models compared with WS
models that have a tighter distribution with low variance. WS-SAI distributions are
similarly better than the PS-SAI distributions. These findings confirm the superiority of
WS models in producing more reliable WTP estimates, at least in our sample data.
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Figure 4.2:Distribution of willingness to pay (WTP) for negative and positive risk for
Models 2 and 4 (top) and 3 and 5 (bottom).

We conducted a Kolmogorov-Smirnov test to verify whether the variations in the
distributions are statistically significant. The results (Table D4 in Appendix D) indicate
that there are significant differences in the WTP distributions. However, we failed to
reject the null hypothesis of equal distribution between the negative risk attribute, with
and without SAI information in both PS and WS models.
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Figure 4.3:Distribution of willingness to pay (WTP) for negative and positive risk for
Models 2 and 3 (top) and 4 and 5 (bottom).

A further graphical synthesis (Figure 4.4) for negative risk (NR) and positive risk (PR)
attributes using notched boxplot indicate a clear variation in the distribution of the PS
and WS models, with PS exhibiting a wide variability and thus, less reliable WTP
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estimates. With the inclusion of SAI (NR-WS-SAI, PR-WS-SAI), we still observe that
the distribution of WTP is smaller in the WS model compared with the PS model.

Figure 4.4:A graph for positive risk (PR) and negative risk (NR) WTP distribution for
Models 2–5.

Finally, we demonstrate variation in preferences according to SAI rankings using
positive risk attribute. Figure 4.5 shows that marginal coefficients are affected by the
perceived level of importance of an attribute and failure to account for this variation may
affect the estimated WTP values.
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Figure 4.5:Comparison of willingness to pay (WTP) by different stated attribute
importance ranks for positive risk.

4.4.4 Model comparison
To examine the goodness of fit of our estimated models, we report the model selection
statistics often applied in empirical applications (Hole & Kolstad 2012) in Table 4.6.
These relate to Akaike Information Criteria (AIC) and the Bayesian Information Criteria
(BIC), Adjusted McFadden R-square and the difference in magnitude of BIC values. We
observe from Table 4.6 that within the preference space, Model 2 provides the best fit
in terms of Adjusted McFadden R-square and information criteria signifying that taste
heterogeneity is important when examining farmers’ preferences. Accounting for the
effect of SAI however seems not to have an effect on model performance as revealed by
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both the BIC and the difference in magnitude of BIC. Within the WS models, Adjusted
McFadden R-square indicate no gain in fit between Model 3 and Model 5, however, the
BIC and difference in BIC indicates that Model 3 is better. Across all models, we find
that Model 3 fits our data best, indicating that the WS model outperform the PS model
in our application. This finding is consistent with Scarpa et al. (2008) and Rose &
Masiero (2009).

Table 4.6: Model comparison
Model

LL

NP

AIC

BIC

Adjusted McFadden
R2

Model 1

-2989.50

13

6005.10

6099.99

0.26

Model 2

-2491.85

34

5051.71

5300.15

0.37

Model 3

-2465.45

30

4988.92

5200.83

0.38

Model 4

-2483.30

46

5058.59

5394.72

0.37

Model 5

-2456.78

42

4995.56

5295.15

0.38

Diff BIC (BIC1 -BIC2)

Remarks

Model 1 vs Model 2

799.84

Model 2 is preferred

Model 2 vs Model 3

99.33

Model 3 is preferred

Model 2 vs Model 4

-94.57

Model 2 is preferred

Model 2 vs Model 5

5.00

Model 5 is preferred

Model 3 vs Model 4

-193.89

Model 3 is preferred

Model 3 vs Model 5

-94.33

Model 3 is preferred

Model 4 vs Model 5

99.56

Model 5 is preferred

Decision criteria: if BIC1 -BIC2 <0, then Model 1 is preferred and if BIC1 -BIC2 >0, then
Model 2 is preferred (Long and Freese, 2006).
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4.5

Conclusions

We investigate farmers’ choice of rice production practices in Ghana using a discrete
choice experiment. Specifically, we contrasted two flexible discrete choice approaches
(willingness to pay space (WS) and preference space (PS) models). We further
accounted for the effect of farmers stated attribute importance (SAI) ranking information
on the estimated willingness to pay estimates (WTP).

The results from the PS model show farmers value high yield and early cultivars but
show a disutility for labour and higher risk levels. The WS model revealed similar
preference patterns for the technology attributes. The similarity in the results indicate
consistency of the two models in predicting farmers’ preferences for technology or
production practice characteristics. However, we find less variability in WTP estimates
derived from the WS model, suggesting that the WTP estimates are much more reliable
than those estimated using the PS model. Again, we found the WS model produced
tighter distributions for the WTP values, excluding extremely large or small estimates,
a finding that confirms other results in the literature.

Further, the inclusion of SAI data in the PS and WS models did not produce much
difference in the WTP estimates. However, SAI integration produces a better
distribution for the WTP values under the WS model compared with the PS model,
reflecting the generation of the WTP values. Within the PS model, WTP is derived as a
ratio and, depending on the distributions of the monetary attribute, draws obtained can
either be high or low, which in turn can affect the distributions of the WTP values
including the generation of extreme WTP estimates.
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From a policy perspective, farmers’ preferences for higher returns and low risk
technologies give an indication that technologies with these characteristics may speed
adoption. The finding in relation to labour requirements, though not surprising,
highlights the need for better focus on an effect that might have not received adequate
attention in the past. Developing country agriculture is generally considered as a
production system characterised by surplus labour and it has been widely argued that
technologies need to be labour intensive to succeed. However, these findings highlight
the importance of considering a wider set of parameters in the design and promotion of
new technologies, including sensitivity to labour requirements.

Methodogically, PS models are considered as superior to WS models in terms of model
performance. However, previous empirical applications (i.e. Scarpa et al. (2008); Rose
and Masiero (2009)) show that WS models can perform better than PS models. A
critical question for research analysts is whether to opt for model performance (provided
by PS) or more reliable WTP estimates (provided by WS). Our findings contribute to
the ongoing debate about the appropraite model for estimating WTP values. Our results
provide further support for WS over PS models when accounting for preference and
scale heterogeniety. That is, if one accounts for both sources of heterogeneity, the WS
model can be better statistically and yield more reliable WTP estimates.
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CHAPTER 5
Understanding small-scale rice farmers’ choices for new production technologies:
Application of a scale-adjusted latent class model27

Abstract
Lancaster’s (1966) characteristic theory of value is gaining grounds in the agricultural
adoption literature, with an increasing number of economists integrating technology
characteristics in modelling farmers’ adoption decisions. However, the modelling
approaches that are often adopted fail to capture unobserved heterogeneity and
substitution patterns governing choice behaviour. In this paper, we propose a conceptual
framework of technology choice that accounts for heterogeneity in farmers’ technology
choices. The modelling is based on the sequential hybrid discrete choice model with a
scale heterogeneity extension and integrates a food insecurity latent variable. We apply
our model to choice experiment data on preferences for rice production practices in
Ghana. Our econometric modelling revealed different preferences for the technology
features. Furthermore, we found that food insecurity plays an important role in farmers’
technology choice decisions.

27
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5.1 Introduction
Improving agricultural productivity is key to tackling poverty in developing countries.
Productivity is key to the creation of economic surplus leading to low food prices and
increasing purchasing power of rural people (Christensen & Yee 1964). In recent years,
concerns about the low productivity of African agriculture (Gollin et al. 2013) in the
face of increasing population growth have resulted in the introduction of many
innovations relating to yield improvements, production practices, and market systems.
The major challenge, however, is that adoption and use of these technologies have
remained very low (Suri 2011; Gollin et al. 2005). For instance, while adoption rates for
improved maize varieties in Sub-Saharan Africa stand at 37%, rates for Asia and Latin
America are 90% and 57%, respectively (Abate et al. 2017).

Over the years, agricultural technology adoption in developing countries has received
much attention in the literature (Feder et al. 1985; Foster & Rosenzweig 2010), with a
major focus on the drivers of technology adoption. Most of these studies have examined
adoption drivers using models that focus on innovation-diffusion (Rogers, Matuschke &
Qaim 2008) and economic constraints (Langyintuo et al. 2010; Doss 2003). The
innovation-diffusion model draws from Rogers (1962) and posits that information
access about new technologies is the underlying rationale for the observed adoption
behaviour. The economic constraint model (Aiken et al. 1974) theorises that farmers’
adoption behaviour is a function of economic constraints, such as resource endowment.
However, these standard models fail to account for the potential effects of technology
characteristics or attributes (Useche et al. 2013).
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Previous studies (Adesina & Zinnah 1993; Suri 2011) acknowledged the limitation of
these standard models by integrating technology characteristics in modelling adoption
decisions; however, they ignored potential (unobserved) heterogeneity of the demand
for technology characteristics and substitution possibility among a bundle of technology
attributes (Useche et al. 2013). Discrete choice modelling can be used to overcome these
limitations by allowing for the effects of heterogeneity and flexibility in substitution
patterns (Useche et al. 2013), thus providing a suitable alternative to modelling effects
of technology characteristics on choice decisions.

Although this advantage of discrete choice models in modelling heterogeneity has been
exploited in advanced applications in several fields of research including marketing,
environment and transport, there has been very little application of the models to
agricultural technology choices (Coffie et al. 2016; Useche et al. 2009; Ouma et al. 2007;
Birol et al. 2006; Breustedt et al. 2008). Coffie et al. (2016) study on farmers choices for
crop production practices in Ghana is, however, distinct from the other studies in the
following ways. Firstly, the authors applied an ex-ante framework to model farmers’
technology choice decisions by integrating unobserved preference and scale
heterogeneity within the preference space (PS) and willingness to pay space (WS)28.

28

Preference space methodology deals with calculating willingness to pay values from estimated marginal

utilities, whiles the willingness to pay space model specifies the model such that model coefficients are
direct willingness to pay values. See Train & Weeks (2005) for more details.
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Secondly, the study accounted for the effects of farmers stated attribute importance
information on preferences within the PS and WS models. A key assumption of the study
was that unobserved preference and scale heterogeneity are distributed continuously in
the sampled population. However, Boxall and Adamowicz (2002) and Magidson and
Vermunt (2007) posit that unobserved preference and scale heterogeneity may assume
a discrete structure. The application of discrete structure models to examine farmers’
technology choices would provide information about the composition and preferences
of individuals in the sampled population so specific policies may be designed to meet
their needs.

In this paper, we extend the analysis of Coffie et al. (2016) by adopting a conceptual
framework for farmers’ technology choice that includes a discrete or latent class
representation of unobserved preference heterogeneity, a latent food insecurity status
and other observable characteristics such as farmer and farm characteristics. This
framework is motivated by the hybrid discrete choice (HCM) model of Ben-Akiva et al.
(2002b) and provides an alternative approach to modelling the interrelated factors that
influence choice decisions. The model has several features that interact to provide a
better understanding of farmers technology choices. First, the latent class component
identifies unobserved preference heterogeneity among a set of respondents (Boxall &
Adamowicz 2002), which is superior to splitting the data based on some observable
characteristics (a priori approach) (Blass et al. 2010) to account for heterogeneity, as it
draws on interclass information in predicting preferences.
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Second, the model integrates discrete scale heterogeneity as an extension of the HCM
econometric specification. Louviere and Eagle (2006) emphasise that much of the
preference heterogeneity reported in empirical studies are better described as scale
heterogeneity, meaning that some respondents in a particular choice situation may have
high idiosyncratic errors compared to others. Therefore, failure to draw this distinction
in choice experiment modeling could result in biased estimates and incorrect conclusions
(Louviere & Eagle, 2006).

Finally, the model allows for an integration of a food insecurity latent variable in
explaining farmer’s technology choices. Although there is a well-documented literature
on how agricultural technology affects food insecurity (Kassie et al. 2015), less is known
about how food insecurity status of farmers affect their technology choices, particularly
within an ex-ante framework. Meijer et al. (2015) argue that food insecurity affect not
only nutrition and physical wellbeing of people, but also the psychological behaviour,
which translate into decisions. Therefore, farmers with low levels of food insecurity are
likely to be ‘opportunity seekers’ and, therefore, apt in trying new technologies that have
been introduced (Meijer et al. 2015). Technology choices may therefore be a function
of the food insecurity status of farmers. That is, a food insecure farmer would seek to
improve his food security outcomes (Berkhout et al. 2010) and therefore would consider
the characteristics of the technology that address that need prior to making an adoption
decision.

We apply our conceptual framework to data from a choice experiment survey on
farmers’ preferences for rice production practices in Ghana. Ghana is of special interest
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because the country has a comparative advantage in rice production in SSA (AsumingBrempong 1998) and also has a recent record of new rice production technology
interventions. As part of the survey, we gathered information on farmers’ perceptions of
food insecurity using recently developed Household Food Insecurity Access Scale
(HFIAS). Although the HFIAS has been applied in nutrition and ex-post impact
assessment studies (Kabunga et al. 2014), it has not been used in the context of ex-ante
impact assessment, specifically, discrete choice models. We derived a food insecurity
latent variable to examine how food insecurity status influences technology choice
decisions.

Our findings provide insights into farmers’ choices. Specifically, we find strong
evidence of segmentation among the sampled farmers with differences in preferences
for production technology characteristics. In addition, we find that a majority of the
farmers preferred labour saving technologies, which calls for a rethink of the myth that
agricultural technologies in developing countries need to be labour intensive to succeed.
Moreover, we observe that farmer’s food insecurity status affects technology
preferences. Finally, the joint estimation of unobserved preference and scale
heterogeneity improves overall model performance and our use of food insecurity latent
variable to unpack farmers’ technology choice decisions was validated as the variable
was found to be significant in explaining increased membership of the classes with a
significant yield attribute.

5.2

Conceptual Model

In the agricultural adoption literature, farmers’ decision making processes have always
been treated as black boxes. Different approaches to analysing farmers’ adoption
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decisions, therefore, have ignored the complex and very dynamic decision making
environments encountered by farmers. However, for sound evidence-based policies,
there is the need to unpack the black box and develop a deeper understanding of that
decision environment.

In this section, we present a conceptual framework that recognises the interrelated
factors that affect farmers’ technology choice decisions. The framework extends the
conceptual model by Ben-Akiva et al. (2002a) to account for the effects of food
insecurity status on farmers’ choices as well as accounting for scale heterogeneity. The
conceptual model has two components: a latent class choice model and a latent variable
model (see Figure 5.1). Each of the sub-models consists of a structural linkage
represented by solid arrows and measurement parts identified by dotted arrows. The
rectangular objects in the framework represent indicators or observable variables and
the elliptical objects are latent or unobservable variables (Swait 1994).

The latent class model (LCM) component of the framework accounts for unobserved
heterogeneity through latent constructs. We further build into the LCM, scale
heterogeneity that accounts for the individuals’ idiosyncratic error that tends to confound
outcomes of discrete choice models. The latent variable model also captures concepts of
interests that are not well defined and may not be measured directly such as attitudes,
perceptions, and motivations.

The framework functions as follows. When new technologies are introduced, farmers
assess the prospects and challenges associated with the technology (Rogers 1962). Based
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on perceptions XÇ∗ derived through technology characteristics mj , preferences (U) are
developed.

Figure 5.1:Conceptual model of farmers’ technology choice decisions. Source:
Adapted from Ben-Akiva (2002a).

A farmer’s utility or preference (U) is also affected by food insecurity latent
variable PÇ∗ , measured through HFIAS indicators PÇ

in our case. Maslow and

Herzeberg (1954) posit in the hierarchy of needs that adequate food is one of the
necessities of life that motivates human behaviour. Further, Carter et al. (2011) showed
that inadequate food affects both the physical wellbeing of farmers and their
psychological behaviour which can affect decision-making. Therefore, food insecurity
affects farmers’ perceptions of technology characteristics that would drive adoption of
a particular technology.

168

Other characteristics that influence farmers’ preferences include farm and farmer
characteristics SÇ such as farm size, household size and geographical differences or
spatial variability. A key feature of the conceptual model is that there are underlying
segments of farmers, which we have captured through the latent classes AÖ , and across
the latent classes, we model the effects of a farmer’s idiosyncratic error (scale
heterogeneity). All the factors apart from the technology characteristics influence
∗
farmers’ preferences through a class membership likelihood function (MÖÇ
) which sorts

individual farmers into groups. Finally, choices are made among a bundle of
technologies (Y) through a decision protocol (R).

5.3 Econometric specification
Drawing on the conceptual framework (Figure 5.1), we specify a series of models that
guide the synthesis of farmers’ choice of rice production practices in Ghana. We start
from the standard discrete choice model. We then proceed to specify the joint estimation
of scale and preference heterogeneity (hereafter scale adjusted latent class model) and
the latent variable model. Econometrically, the discrete choice model is based on the
random utility model of McFadden (1974). The underlying assumption of the random
utility model (RUM) is that an individual farmer considers some alternatives and
chooses the alternative that results in the highest expected utility at any given choice
occasion.
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A farmer (n) derives total utility, U, from choosing an alternative (i) given vector of
technology attributes:

( 5.1)

UÇb = V Xni + εÇb

where: l m)K is the indirect utility function value for technology alternative, i. The
probability that technology alternative i is chosen is equal to the probability that its utility
is greater than the utility from any of the other alternatives.
That is:
tj"k = tãåçéçK(Kè- lj"k + Gj"k ≥ ljqk + Gjqk ; K ≠ n, ∀n ∈ î

(5.2)

Different assumptions for the distribution of the error or random component lead to
different RUM models. Assuming the error terms are independently and identically
drawn from an extreme value distribution, we can estimate (5.2) as a conditional logit
model (CLM) (McFadden 1974). Substituting the attributes of alternatives into the
deterministic portion of the utility function (V) allows the choice probabilities to take
the form:

P(nti) =

exp( λ βxÇób )
ò
òr\ exp(

(5.3)

λ βxÇóò )

where $ is a vector of parameters not specific to the utility function, and x is the attribute
vector.
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Swait and Louviere (1993) note that choice experiment estimates are confounded with
the standard deviation 5ô of the error distribution. The reported $ estimates are
therefore equivalent to ö$ where the scale parameter, ö, in the CLM model is equal
to

õ
ú ùû

. The conventional assumption that the scale coefficient is normalised to unity

for all respondents is relaxed below.

The underlying assumption of (5.3) is that farmers have a common preference structure
for all technology attributes. However, research reveals the need to account for
heterogeneity in preferences. Boxall and Adamowicz (2002) outline different measures
of accounting for preference heterogeneity, one of which is the latent class model
(LCM).

5.3.1 Latent class model
The basic assumption of latent class model (LCM) is that farmers belong to a set number
of (S) classes, with preferences assumed to be homogeneous among members of the
same group. The utility function based on the LCM can be written as:ljk"|ü $ü m)K +
Gjk"|ü . The probability of farmer n choosing alternative i, in choice occasion t,
conditioning on latent class, s, thus becomes:

t()èK|†) =

exp( ö $üB !jk" )
q
qr\ exp(

ö $üB !jk,q )

where parameters are as already defined.
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(5.4)

5.3.2 Scale adjusted latent class model
Magidson and Vermunt (2007) proposed the scale adjusted latent class model (SALCM)
that enables a simultaneous identification of heterogeneity in the scale and preference
parameters. In the model, the random utility of alternative i for farmer n depends on
the latent preference class (s = 1…S) and the unobserved scale parameter, ö° , L =
1 … £. For the purposes of identification, one scale parameter is normalised to 1 and the
rest of the scale parameter estimates are ratios of this reference scale (Magidson &
Vermunt 2007).

The probability of farmer n choosing alternative i, in choice occasion t, conditioning on
latent class s and scale factor d is:
P(nti|s, d) =

•¶ß(®© ™∗¨
´ ¶≠ÆØ )
∞
∗¨
•¶ß(®
© ™´ ¶≠Æ,∞ )
∞±≤

( 5.5)

5.3.3 Latent variable model
Latent variables (LVs) are factors that influence individual behaviour and perceptions
but cannot be quantified in practice because they are not directly measured. Identifying
LVs require a set of questions that capture an individual’s perceptions. Responses to the
questions are used to identify the underlying latent variable.
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In the simplest form, mapping the set of indicators into the latent variable (Figure 5.1),
results in the following measurement equation.

PÇ* = Λß PÇ +

( 5.6)

Çß

where: tj∗ is an (M x1) vector of latent variables, Λ is an (M x N) parameter matrix of
factor loadings, tj is the observable set of indicators and µ is an (Mx1) vector of
measurement errors.

To estimate hybrid discrete choice model (HCM), there are two methods that have been
developed: the sequential approach in which the latent variables are constructed before
they are used in the choice model (Boxall & Adamowicz, 2002; Swait et al. 1994) and
a simultaneous approach in which the processes are estimated together (Raveau et al.
2010). Although it has been argued that the simultaneous approach is superior to the
sequential approach (Ben-Akiva et al. 2002a), we follow Boxall and Adamowicz (2002)
and Swait et al. (1994) and adopt the later approach in this paper because we model both
scale and unobserved preference heterogeneity. Therefore, we introduce the latent
variable along with other socio-economic characteristics in the membership likelihood
function to condition individual classes.
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Following is the specification of the membership likelihood function v∗ :
∗
MÇÖ
= ΛßÖ PÇ ∗ + ΛÖ SÇ + ζÇÖ

( 5.7)

where tj ∗ is the latent variable, }j is farm and farmer socio-economic characteristics, µ
vector of error terms and all other parameters are as earlier defined.

Linking up the function to the classical latent variable model (Boxall & Adamowicz
2002), we redefine tj ∗ and }j in (5.7) as |j and therefore specify membership likelihood
as a function of |j :
*
MÇÖ
= θÖ ZÇ + ζÇÖ

( 5.8)

where ZÇ is a vector of latent variable (food insecurity) and the other socioeconomic
characteristics (household size, farm size, location/region), θü is a vector of parameters
to be estimated.

As Swait (1994) and Boxall and Adamowicz (2002) pointed out, the membership
likelihood functions are random variates, and one needs to specify the distribution of the
random terms to use them in practice. Following Boxall and Adamowicz (2002), the
probability of membership in preference class s for farmer n is specified as multinomial
logit:

vjü|° =

•¶ß ∏Bπ ∫ª

º •¶ß
π±≤

(5.9)

∏Bπ ∫ª
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Similarly, the scale class probability is specified as another multinomial logit
Ωj|° =

•¶ß æBπ ∫ª
æBπ ∫ª

(5.10)

ø •¶ß
¿±≤

where |j indicates appropriate socio-economic characteristics, E é)L Y are vectors of
parameters to be estimated.

Combining class and scale membership model with the scale adjusted latent class model,
the overall joint log likelihood function of the scale adjusted latent class model derived
from (5.5), (5.9) and (5.10) can be specified as:

ln ¬ =

5.4

jr\ <j
∆

= ln

≈
°r\

ƒ
ür\ Ω

) L v )† L

√
kr\ t

)èK †, L

(5.11)

Data

We test our conceptual model (Figure 5.1) with a Discrete choice experiment (DCE)
data from a survey of 306 rice producing households in the Northern and Upper East
regions of Ghana. The regions, which lie within the Guinea and Sudan Savanah agroecological zones are the major rice hub and contribute about 60% of total rice produced
(Angelucci et al. 2013). Compared with the Upper East region, farmers in the Northern
region have relatively large farm holdings and household size (see Table E2 in Appendix
E). The Northern region is also closer to the major rice market, Ashanti region, and has
a recent experience with new rice production technology. More information
about sample description is provided in Chapter 1.
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The aim of the survey was to elicit farmers’ preferences for new rice production practices
to inform policy makers of the drivers of technology choice. The survey was a part of
larger survey that focused on the productivity and food security of rice producing
households in Ghana. The first part of the survey asked questions on respondent’s socioeconomic characteristics. In the second part of the survey, respondents received
instructions on the choice experiment component of the survey.

The choice experiment was set up as a hypothetical farming system described based on
multiple attributes: yield, gross margin, labour requirement, weed control systems,
cropping pattern and risk associated with these farming systems. The attributes and
levels were carefully selected based on focus group discussions, expert interviews, and
literature review. Table 5.1 provides details of attributes and levels used in the choice
experiment. Each respondent received 12 choice sets29 (see Figure 4.1 in Chapter 4 for
an example of a choice set) and was required to choose between three alternatives.

29

Details of the experimental design and the survey are presented in Chapter 4.
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Table 5.1: Attributes and levels for the rice production systems in choice experiment
Attributes

Levels

Attributes

Levels

Yield

1. 20 bags

Weed control

1. Manual

2. 30 bags

technology

2. Mechanical

3. 40 bags
Extra gross margin

3. Chemical

1. 200 GHS

Cropping pattern

1.Rice-vegetable

2. 400 GHS

system

3. 600GHS

2. Rice-fallow system
3. Double rice system

Labour requirement

1. 6 man-days

Risk

1. 1 in 10

2. 12 man-

2. 3 in 10

days

3. 5 in 10

3. 18 mandays
Cultivar choice

1. 90 days
2. 120 days
3. 150 days

Note: Exchange rate was 1 USD=2.87 Ghana Cedis (GHS) at the time of survey
1 bag=50 kg

The following question preceded each choice set: “Comparing the following farming
systems to your current farming system, which one would you prefer?”. After the choice
sets and related examples were described, respondents were asked to make their choices.
The last part of the survey elicited farmers’ perception of food insecurity using the
Household Food Insecurity Access Scale (HFIAS) designed by Coates et al. (2007). The
questions are meant to access farmer’s perceptions of food insecurity over a 30-day
period. There were nine questions in total (see Figure E1 in Appendix E) for the full set
of questions. The first question measures the level of anxiety and uncertainty about
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household food supply, the next three questions measure the quality of food consumed
by households and the last five questions represent the quantity of food consumed. The
HFIAS scale composed of a binary (yes/no) question about occurrence of the problem
and a follow-up question about frequency of occurrence, which was measured on a four
point Likert scale.

5.5

Estimation procedure

Prior to the data synthesis, we prepared the choice experiment data by coding the
attributes in the choice sets. The quantitative and the qualitative attributes were level and
dummy coded, respectively. The farming practices that are commonly used by farmers
were made reference levels in the dummy coding of attributes. These common practices
are manual weeding for the weed control attribute, rice-fallow cropping system for
cropping pattern attribute and medium cultivar for the cultivar choice attribute.

We implemented our model estimation in two stages. In the first stage, we applied a
binary factor analytic procedure30 to generate a food insecurity latent variable mj∗ using
responses from the HFIAS questions mj . We initially estimated the factor model using
all nine questions but observed that one of the variables (indicating if the household had
had food of any kind to eat), had a low factor loading and consistent with the factor
analysis literature, the variable was eliminated from the final estimation. We reestimated the model using the remaining eight items measuring farmers perception of
food insecurity as specified in (5.6).

30

The factor analytic procedures were adopted because we used the binary set of HFIAS questions
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For an accurate implementation of factor analysis, initial confirmatory tests are
required to assess the suitability of the data for the analysis. We achieved these by
testing the adequacy of our data using Kaiser-Meyer-Olkin (KMO) and Bartlett’s
tests. With a significant Bartlett’s test result and a meritorious KMO value of 0.885,
we deemed our data suitable for the factor analysis.

In the second stage (SALCM), we simultaneously estimated (5.5), (5.9) and (5.10)
using the joint likelihood function (5.11) in the Latent GOLD Choice 5.1 software
(Magidson and Vermunt, 2007). We used 500 randomised starting values to ensure
an identified global maximum. One important consideration in the SALCM model is
the testing of the hypothesis on the number of classes, but the conventional
specification

tests normally applied to the maximum likelihood estimates

(likelihood ratio, Lagrange multipliers and Wald tests) fail to satisfy the regularity
conditions for a chi-square distribution under the null (Hynes et al. 2008).
Therefore, to identify the number of classes for the different preference structures,
we apply information criteria. The information criteria are specified as −2lnL + J=
where lnL is the loglikelihood of the model at convergence, J is the number of
estimated parameters in the model and = is a penalty constant.

There are different kinds of information criteria statistics that may be employed to
determine the optimal class length: Akaike Information Criteria (AIC); Bayesian
Information Criteria (BIC); and Consistent AIC (CAIC). The information criteria
function on the principle of selecting the model that minimises the negative likelihood
penalised by the number of parameters. Therefore, the model with the minimum
information criteria (AIC, BIC, CAIC) is the best fitted model (Hynes et al. 2008).
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In this paper, we employed both BIC and CAIC to select the best fitted models
(Bozdogan 1987). Although the information criteria help in determining what the
optimal number of classes is, it is equally important that the estimates convey
economically relevant information about farmer’s behaviour.

5.6

Estimation Results

In this section, we present results of the latent variable model followed by the
results from the SALCM model. We further compare the SALCM model with the
one scale conditional logit model (CLM). Finally, we compare willingness to pay
estimates across classes.

5.6.1 Results from the factor model
The factor score estimates in Table 5.2 show high loading of all eight food insecurity
measurement indicators, thus suggesting convergent validity among the indicators
(Pennings & Leuthold 2000).

In selecting the number of factors to retain, we applied the scree plot (see Figure E2 in
Appendix E). The figure indicates that one factor is appropriate in our application. This
implies that the eight items capture one underlying latent variable, food insecurity. The
food insecurity latent variable is scaled so that it spans between zero and one with
values close to zero representing low levels of food insecurity.
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Table 5.2: Food insecurity latent variable as a motivation for technology adoption
Indicators

Loading

Uniqueness

1. Worry about food

0.939

0.118

2. Unable to eat preferred food

0.953

0.092

3. Eat a limited variety of food

0.951

0.095

4. Eat foods that you really did not want to eat

0.945

0.107

5. Eat a smaller meal

0.978

0.043

6. Eat fewer meals a day

0.973

0.053

7. Go to sleep at night hungry

0.908

0.176

0.787

0.381

9. Go a whole day and night without easting
anything

Note: Indicator 8 was dropped out of the analysis because of low factor loading

5.6.2 Results from the scale adjusted latent class model
In our application of the SALCM model, we first estimated a series of models with the
number of latent classes ranging from one to eight; this was done to examine the
preference structure. We then tested the effects of scale and covariates for each
preference classes. Our initial modelling revealed that one of the classes ignored all
attributes when making technology choices (see Table E1 in Appendix E). We therefore
estimated the final set of models restricting all atttribute coefficients to zero for the first
class except the status quo (that is, imposing status quo (SQ) restriction on the first
class). The log likelihood and information criteria for optimal class selection are
reported in Table 5.3.
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Table 5.3: Log likelihood (LL) and information criteria for latent class models with
different preference and scale classes
Preference Classes

LL

BIC

CAIC

Parameters

R2

a) Preference heterogeneity with covariates: one scale class
1

-3032.241

6127.442

6138.442

11

0.065

2

-2686.649

5527.835

5554.835

27

0.126

3

-2536.233

5318.581

5361.581

43

0.236

4

-2438.473

5214.638

5273.638

59

0.265

5

-2361.641

5152.550

5227.550

75

0.332

6

-2306.196

5133.238

5224.238

91

0.353

7

-2253.342

5119.108

5226.108

107

0.380

8

-2216.242

5136.484

5259.484

123

0.409

b) Preference heterogeneity with covariates: two scale classes
2

-2710.842

5496.091

5509.091

13

0.123

3

-2529.068

5224.120

5253.120

29

0.245

4

-2436.220

5130.002

5175.002

45

0.309

5

-2330.679

5010.497

5071.497

61

0.374

6

-2271.744

4984.204

5061.204

77

0.400

7

-2235.623

5003.540

5096.540

93

0.432

8

-2203.700

5031.271

5140.271

109

0.440
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Table 5.3 Continued
Classes

LL

BIC

CAIC

Parameters

R2

c) Preference heterogeneity with covariates and restrictions (SQ class):
two scale classes
2

-2527.496

5175.186

5196.186

21

0.245

3

-2403.618

5019.008

5056.008

37

0.326

4

-2326.069

4955.489

5008.489

53

0.372

5

-2264.987

4924.902

4993.902

69

0.398

6

-2230.436

4947.376

5032.376

85

0.416

7

-2198.732

4975.547

5076.547

101

0.438

8

-2156.122

4981.902

5098.902

117

0.468

The BIC statistic indicates that seven preference classes is optimal in the absence of
scale heterogeneity; and, the CAIC statistic identifies six preference classes as the best
choice (refer to section 5.5 for a discussion on the application of BIC and CAIC
statistics). With the joint estimation of scale and unobserved preference heterogeneity,
the model with the minimum BIC and CAIC values is a 2 scale class, suggesting that
that is the best fitted model. The optimal class length identified with the minimum BIC
and the CAIC was five preference classes. This suggests that some of the preference
heterogeneity being identified in the 1 scale model may be attributable to scale
heterogeneity, a finding that corroborates earlier study findings on the confounding
effects of scale and preference heterogeneity (Louviere & Eagle 2006).

The (SQ) restriction introduced does not affect optimal class length but improves overall
model fit. Our best model according to the BIC and CAIC criteria is the 2-scale 5183

preference class model with SQ31 restriction (Table 5.3). We now report the results for
this model. Although presented in a sequence of tables (Tables 5.4 to 5.6) it is important
to note that estimation occurs simultaneously.

5.6.3 Utility estimates
The estimated utility parameters ($ü ) and the estimated parameters of the class
membership model are reported in the first and second blocks of Table 5.4, respectively.
For the purposes of comparison, we present the one-scale model (CLM) parameters in
Table E3 in the Appendix E. We observe from the estimated parameters that the
SALCM model reveals different preferences for different segments of farmers (Table
5.4) compared with the CLM model (Table E in Appendix E). For instance, there is
significant heterogeneity in the preference for the weed control attributes in the SALCM,
indicating that weed control systems exhibit preference heterogeneity. This finding
confirms previous study outcome of preference heterogeneity in weed control methods
(Jaeck & Lifran 2013; Coffie et al. 2016). We also find different preference structures
for gross margin, yield, labour, and risk under the SALCM model. The results point to
heterogeneity among farm producers (Jaeck & Lifran 2013; Coffie et al. 2016).

31

We also tried other model specifications such as correlation between scale and preference classes and

random class but the BIC and CAIC statistics obtained for these models where higher and therefore were
rejected in favour of the selected models with lower BIC and CAIC statistics. In addition, we tried a scale
continuous model but it failed to converge, evidence that discrete representations of scale are preferable.
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Table 5.4: Estimation results from two-scale and four-preference class model
SALCM UTILITY FUNCTION
Attributes

Class 1

Gross margin

0

0.002***

0.005***

-0.001***

0.001***

-

(0.000)

(0.000)

(0.000)

(0.000)

0

-0.002

0.070***

0.019***

-0.001

-

(0.004)

(0.020)

(0.004)

(0.002)

0

-0.009***

-0.032**

-0.030***

0.000

-

(0.003)

(0.013)

(0.006)

(0.003)

0

-0.079*

0.305**

0.117**

0.098

-

(0.045)

(0.089)

(0.048)

(0.052)

0

0.010

-0.002

-0.062

0.056

-

(0.036)

(0.130)

(0.039)

(0.038)

0

-0.028

-0.042

-0.900***

-0.122***

-

(0.033)

(0.229)

(0.178)

(0.041)

0

0.261***

-0.138

-0.178***

-0.055*

-

(0.055)

(0.092)

(0.044)

(0.031)

0

0.153***

-0.338**

0.336***

-0.110**

-

(0.034)

(0.134)

(0.074)

(0.041)

0

0.024

-0.053)

-0.125

0.096*

-

(0.058)

(0.333)

(0.125)

(0.052)

0

-0.105***

-1.135***

-0.105***

0.008

-

(0.025)

(0.195)

(0.028)

(0.015)

0.397***

-5.244***

-6.688***

-5.391***

-0.375**

(0.094)

(1.092)

(1.321)

(0.877)

(0.182)

0.041

0.314

0.289

0.191

0.165

Yield

Labour

Early cultivar

Late cultivar

Mechanical weeding

Chemical weeding

Rice-vegetable system

Double cropping

Risk

ASC

Class probability

Class 2
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Class 3

Class 4

Class 5

Table 5.4. Continued
Class membership
Constant
Food insecurity
Location (1=UE, 0=NR)
Household size
Farm size

Class 1

Class 2

Class 3

Class 4

Class 5

0

3.867***

2.834**

-0.183

-1.127

-

(1.118)

(1.123)

(1.326)

(1.577)

0

-0.069

0.615**

-0.330

-0.136

-

(0.338)

(0.287)

(0.225)

(0.203)

0

-2.979

-5.035**

3.238**

4.364**

-

(2.216)

(2.329)

(1.639)

(1.744)

0

-0.037

-0.132*

-0.003

0.007

-

(0.063)

(0.070)

(0.077)

(0.089)

0

-0.208

0.082

0.178

0.060

-

(0.119)

(0.126)

(0.166)

(0.131)

Standard errors in parenthesis and , **, *** indicate significance at 10%, 5% and 1% respectively.
UER-Upper East region and NR-Northern region.

Turning our attention to the details of the individual classes from the SALCM model
(Table 5.4), we find that Class 1 members constitute the smallest portion of the sample
(4.1%). Members of this class are more likely to hold strong preference for current
farming practices (all attribute coefficients restricted to zero) as revealed by the positive
and significant Alternative Specific Constant (ASC) parameter. The remaining four
classes account for bigger portions of the sample 31.4% (Class 2), 28.9% (Class 3),
19.1% (Class 4), and 16.5% (Class 5) as reported in Table 5.4.

Farmers in Class 2 seem to be significantly driven by extra monetary returns from new
technologies (gross margin), chemical weeding, and a rice-vegetable cropping system.
Higher labour requirement, early cultivar and higher risk levels, however reduce the
probability of adopting new production practices by the farmers in this class. Similarly,
Class 3 farmers prefer gross margin, higher yield, and early cultivar choice. Higher
labour requirement, rice-vegetable cropping system, and higher risk levels, however,
reduce the probability of adopting new production practices by farmers in this class.
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Class 4 farmers, on the other hand, prefer higher yield, early cultivar choice, and ricevegetable system. The class, however, has a negative marginal utility for higher gross
margin, labour requirement, and risk. The disutility for the gross margin attribute could
not be anticipated and may imply that some respondents did not understand the choice
task. Finally, Class 5 members have positive marginal utility for gross margin and
double rice cropping system attributes but also show a disutility for weed control
methods and rice-vegetable system. Farmers of this class are not concerned about yield,
high labour requirements, or risk levels associated with new production practices.

5.6.4 Covariate classification of latent classes
Having identified the underlying preference structure, we now categorise the classes
based on covariate effects Y′ü . Interpretation of the class membership parameters in
Table 5.4 is not straightforward because membership of a class is determined by
multinomial logit model. We therefore generated marginal effects (…(<ãåç. )/…m)
as a basis for making inferences about covariates effects on class membership. The
marginal effects are derivatives of the choice probabilities calculated at the mean
of the covariates. Standard errors were obtained through a 10000 simulation draw of
model parameters. The draws were made from a multivariate normal distribution with
mean given at point estimates of the parameters and the covariance matrix. The
marginal effects were then calculated for each 10000 parameter vector and the
standard deviations of the sample marginal effects taken as standard errors. The
standard errors were used as the basis to determine significance of each covariate.
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The marginal effect32 of covariates on class membership probabilities is reported in
Table 5.5. Our focus here is to classify the classes based on the food insecurity
latent variable. From the table, we observe that the food insecurity variable is not a
significant factor for Classes 2 and 5; therefore, we focus on the classes where the
variable is significant.

Given a significant food insecurity variable for Class 3, we refer to the farmers in this
class as food insecure because increases in the food insecurity (higher food insecurity)
latent variable increases the probability of Class 3 membership (see Figure 5.2). From
the estimated preference parameters, the food insecure farmers are likely to favour new
production technologies that promote higher extra monetary returns, higher output
(yield), early maturing varieties, and are labour saving with lower risk levels. The
preference of this class for both yield and gross margin signifies that their production
system is non-separable. That is, the farmers in this class make joint production and
consumption decisions.

32

Marginal effects were calculated using specifications in Greene 2012. Because of the interest in

direction and not the magnitude of the effects, we applied the continuous variable formulation.
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Table 5.5: Marginal effects of class membership variables
Marginal effects

Class 1

Class 2

Class 3

Class 4

Class 5

Food insecurity latent

-0.004

-0.043

0.158***

-0.076***

-0.033

0.062

-0.606

-1.154***

0.819***

0.874***

Household size

0.008

0.002

-0.026***

0.008

0.008

Farm size

-0.004

-0.064***

0.024

0.034***

0.010

variable
Location (1=UE,
0=NR)

*, **, *** indicate significance at 10%, 5% and 1% respectively. NR=Northern Region and UER=Upper
East region.

Class 4 farmers could be referred to as food secure farmers given that decreases in the
food insecurity latent variable increases the probability of Class 4 membership (see
Figure 5.2). The class also has scale of production given the positive and significant
farm size variable. As can be observed from the signs of the coefficients, these farmers
are likely to prefer new production practices characterised by higher yield, early
cultivars, labour saving, multiple cropping system-rice followed by vegetable
production, and, like the other classes, low risk levels.
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Figure 5.2:Predicted class membership probabilities for food insecurity variable, by
class.

We briefly discuss the location variable (representing Northern and Upper East regions)
as it has a major effect on class membership probabilities (Table 5.2) through a graphical
display of the probabilities by location (Figure 5.3). We observe from the figure that
membership probability of Class 1 (status quo class) is very low in both locations;
however, there is a higher probability that members in the class belong to the Northern
region.

Also, members in Class 2, whose technology preferences are mainly driven by gross
margin and risk (see Figure E3 in Appendix E on relative importance of attributes) have
a higher probability (0.46) of belonging to Northern region and a smaller probability
(0.02) of belonging to the Upper East region.
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Figure 5.3:Predicted class probability for each region, by class.

Again, we find members of Class 3 (food insecure class), with preferences for mainly
gross margin and yield, have a 0.33 probability of being drawn from the Northern region
and a 0.20 probability of belonging to the Upper East region. Further, for the food secure
class (Class 4), we observe a high probability that members belong to the Upper East
region and a smaller probability that members belong to the Northern region. Similarly,
among all respondents, Class 5 members are much more likely to be drawn from the
Upper East region than from the Northern region. These results illustrate the
distinctiveness of the latent class model compared to the a priori classification (e.g.
location), as we observe information from both regions (locations) are used in predicting
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individual classes and preferences. Moreover, we observe variation in preferences of the
farmers in the classes that have high probability of belonging to either region, suggesting
the richness of the latent class model in modelling heterogeneity among farmers.

Next, we turn our attention to the scale model parameters E′ü reported in Table 5.6.
We have 2 scale groupings with scale class 1 normalised to one for identification
purposes. The parameter for scale class 2 is 13.263; indicating that scale class 2 exhibits
7.5 percent (1/13.263) less variability than scale class 1. This implies that the variance
of the error term in scale class 2 is lower and, therefore, they are much more certain in
their choices.

Table 5.6: Estimates of the scale model
Scale Class 1
Coefficient
Scale parameter

Scale Class 2
SE

Coefficient

SE

1

-

13.263***

1.155

Constant

0.553***

0.162

-0.553***

0.162

Education in years

0.108**

0.040

-0.108**

0.040

Gender

-0.715**

0.300

0.715**

0.300

Scale class membership

(Female=1)
Scale class sizes

0.640

0.360

Note: Figures in parenthesis indicate standard errors and a *, **, *** indicates
significance at 10%, 5% and 1%, respectively.

We introduced covariates to explain choice variability and found that education and
gender are both significant. The negative sign on education implies respondents with
high education were less likely to be members of the class with low error variance. The
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gender variable suggests less variability in the choices of female respondents than their
male counterparts, hence are more likely to be in the class with low error variance. Of
the total respondents, 64.5% and 35.5% are likely to be members of scale classes 1 and
2, respectively.

In sum, our model was able to isolate respondents based on the location variable and,
within these locations, we find members with both low (Class 4) and high (Class 3)
probability of food insecurity. We also find that the class with the low probability of
food insecurity (Class 4) has a scale of production (large farm sizes) compared to the
class with a high probability of food insecurity (Class 3). Food insecurity, however, is
unrelated to the likelihood of being a member of Classes 2 and 5. Boxall and Adamowicz
(2002) averred that one should expect consistent behavioural relationship among class
membership model parameters Y′ü and utility parameters ($ü ) in a simultaneous
estimation framework and we find this consistency in our estimation. That is, the food
insecurity latent variable is not significant in the classes where the yield attribute
(a proxy for food security) is not significant (Table 5.4).

5.6.5 Willingness to pay
Willingness to pay (WTP), which represents part-worth or implicit prices, is associated
with a compensatory payment that farmers would be willing to pay for a unit
improvement in an attribute in the case of positive values or would be willing to give up
in the case of negative values (Jaeck & Lifran 2013).
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We report the WTP estimates (Table 5.7) to draw a comparison of the value attached to
the production attributes across classes.

A careful view of the results indicates

differences in the preference structure for the rice production practices attributes. Here,
we only focus our discussion on the classes (Classes 2, 3 and 5) that exhibited positive
marginal utility for the monetary attribute (gross margin).

We observe from the table that Class 2 farmers attach a high value to chemical weeding,
suggesting an aversion towards ecologically friendly weed control systems (manual and
mechanical weeding). Class 3 farmers on the other hand, place positive value on early
cultivar choice, yield and a negative value on risk attribute. Class 5 farmers value a
double rice cropping system but are not concerned about any of the benefits related to
new production practices such as yield. This implies that farmers in this class have a
high probability of adopting technologies that promote rice production throughout the
year.

The results presented in Table 5.7 indicate a unit change and does not account for the
level of attributes in the experiment. To account for this, we compute WTP for a
maximum change in the significant attributes measured in levels (yield, labour, and risk)
to observe how WTP changes from lowest to highest level of attributes (only Classes 2
and 3 are considered here). The results, which we have graphically presented in Figure
5.4, indicate ceteris paribus, farmers in Class 3 are willing to pay about USD 105 for a
change in yield from 1 ton/ acre to 233 tons per acre for each growing season.

33

Note that a bag is 50 kg, so 20 bags are equivalent to 1 ton/ acre and 40 bags are equivalent to 2 tons/acre.
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Table 5.7: WTP for rice production systems attributes in US Dollars (USD)
CLM

Class2

Class 3

Class 5

Yield (per 50 kg)

0.37***

-0.32

5.23***

-0.37

Labour (per man-day)

-0.19***

-1.78***

-2.40***

0.02

Early cultivar

2.28**

-15.69*

22.77***

42.22

Late cultivar

1.23

2.08

0.18

24.22

Mechanical weeding

-0.59

-5.61

-0.31

-52.20***

Chemical weeding

-0.83

51.78***

-10.34

-23.80*

Rice-vegetable system

1.44*

30.45***

-25.27**

-47.05**

Double rice cropping

-1.38

4.75

-3.97

41.30*

Risk in every 10 years

-5.33***

-20.76***

-84.90***

3.30

Note: 1 USD=2.87 Ghana Cedis at the time of survey, *, **, *** indicate significance
at 10%, 5% and 1% respectively.

They are also willing to pay more than trice this amount to avoid a technology with a
change in risk probability of 0.4 and are willing to give up USD 28.8 for a technology
with a change in additional labour requirement of 12 man-days. Class 2 farmers on the
other hand are willing to pay USD 84 and USD 21 to avoid technology with a risk
probability of 0.4 and change in additional labour requirement of 12 man-days.
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Figure 5.4:WTP for maximum change in attribute.

Generally, the results imply classes 2 and 3 have strong risk aversion for the risk
attribute; however, those in Class 3 have a higher aversion. The higher risk aversion
nature of Class 3 could be resulting from their food insecurity status. We can therefore
make an inference of a positive correlation between risk aversion and food insecurity.
This assertion is because food security has a close relationship with income status with
evidence pointing to the fact that food insecure farmers are mainly poor households
(Shariff & Khor 2008), which are highly risk-averse.
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5.7

Conclusions

In the agricultural economics literature, the major modelling approaches often applied
to examine farmers technology adoption decisions are the innovation-diffusion and
economic constraints models. However, these models fail to capture important
technology characteristics that are likely to govern adoption decisions. Some studies
have attempted to integrate farmers perceptions of technology characteristics into
modelling, but these have mainly been implemented within the ex-post framework.
Therefore, they are unable to examine potential technology characteristics that would be
more valued by farmers. In addition, the effects of food insecurity on farmers technology
choice within the ex-ante framework have not been explored in the existing literature.
Given that farmers decision-making processes are complex and dynamic, it is useful to
simultaneously model the factors that affect technology choice decisions. In this paper,
we propose and apply a novel conceptual framework to model technology choice. It is
based on the sequential hybrid discrete choice model that integrates a latent class choice
model and a food insecurity latent variable. Our modelling further accounts for scale
heterogeneity which, if ignored, could confound true preference predictions. We test our
conceptual framework with choice experiment data from Ghana as a case study.

Empirical estimates revealed that the sampled farmers belonged to different preferences
groups. Specifically, we identified four classes in our sample with preferences for
different combinations of the proposed technology attributes: yield, gross margin,
varietal choice, risk and varying agronomic practices. This result highlights the need for
tailoring the design and implementation of new production technologies to target farmer
groups. Despite the overall variation in preferences for technology attributes, there was
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a consistency in the preferences for labor saving and less risky technologies among the
majority of the sampled farmers.

Over the years, there has been a general myth that agricultural production in developing
countries, in particular, Sub-Saharan Africa (SSA) is characterised by high labor and
thus, new technologies introduced were mainly labor intensive. Our finding that sampled
farmers have preferences for labor saving technologies lends support to earlier findings
of Nin-Pratt and McBride (2014) and Coffie et al. (2016) that there is a probability that
labor saving technologies would be more valued. Nin-Pratt and McBride (2014) claimed
that one of the key features of the Asian-Green revolution which failed to succeed in
SSA was the labor intensive nature of the technologies introduced. Our findings imply
that as SSA braces itself for a second green revolution, the labour component of new
technologies needs to be reconsidered.

Our application of the food insecurity latent variable revealed that food insecurity status
of farmers affects technology preferences. Specifically, we identified that farmers with
a high probability of food insecurity had preferences for both yield and gross margin
(profit) attributes. A finding that supports Maharjan’s (2014) assertion that food insecure
small-scale rice farmers in developing countries cultivate for home consumption and
also for markets. The findings of this study highlight the importance of conducting needs
assessment before the planning and implementation of new agricultural technologies.
For instance, in smallholder production system, where farmers produce for markets and
home consumption, food security objectives could affect adoption. In other instances,
where profit is the main objective, profitability or access to market would be vital for
adoption.
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Methodologically, our conceptual framework of technology choice has proven useful in
predicting the bundle of technology characteristics that are relevant for farmers in our
sample and has also given a sense of the types of farmers that value specific attributes.
Furthermore, the consistency of the food insecurity latent variable in isolating classes
that have preferences for the yield attribute is a clear indication of the adequacy of our
model in evaluating farmers’ technology choice decisions. Future studies could consider
extending the conceptual model to include other farming goals such as risk behaviour,
profit maximizing objective, and environmental objectives. Again, another interesting
future study would be an integration of ex-ante and ex-post adoption studies to enrich
prediction of farmers’ preferences as has been done in the transport and environmental
economics literature.
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CHAPTER 6
Summary, Discussion, and Conclusions

6.1

Introduction

Efforts to boost rice productivity have increasingly gained traction in Sub-Saharan
Africa (Ayambila et al. 2008). The critical question, however, is how such productivity
agendas could be achieved.

In the development economics literature, two broad

viewpoints are promoted. Whiles the first viewpoint claims that productivity increases
may be achieved primarily through new technologies (Schultz 1964; Griliches 1987),
the second stance posits that productivity increases may arise from efficient utilisation
of existing resources or technologies (Abedullah et al. 2007; Ali & Chaudhry 2008;
Belbase & Grabowski 1985; Kalirajan et al. 1996;Shapiro & Müller 1977).

In this PhD thesis, we have demonstrated that both viewpoints are still relevant and can
be explored jointly for promoting rice productivity in many Sub-Saharan Africa (SSA)
countries, including Ghana. We arrived at this conclusion based on our advanced
modelling of farmers’ production and technology choice decisions. Specifically, we
decomposed technical inefficiency into a technology gap and technical inefficiency
using a Bayesian stochastic metafrontier model. In addition, we examined drivers of
technical inefficiency using variants of parametric and semiparametric smooth
coefficient stochastic frontier models. Furthermore, contrary to the common approach
to modelling farmers’ adoption behaviour (i.e., revealed preference), we employed a
discrete choice experiment to examine farmers’ preferences for alternative technology
characteristics.
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The discrete choice experiment approach was adopted because it captures data on farmer
preferences for technology attributes and substitution patterns for these attributes. The
specific discrete choice models were preference space and willingness to pay space, and
these models were extended to investigate the effects of stated attribute importance
ranking information on willingness to pay estimates. Finally, a conceptual framework
based on scale adjusted latent class model was developed to explore drivers of farmers’
technology choices.

The data for our empirical application were drawn from two agricultural regions in
Ghana: Guinea Savannah zone corresponding to Northern region and Sudan Savannah
zone corresponding to Upper East region. A total of 436 rice farmers comprising 276
farmers from the Northern region and 160 farmers from the Upper East region were used
in our modelling. Following is a summary of our research findings and conclusions
drawn from the study.

6.2

Summary of key findings

The findings from the Bayesian stochastic metafrontier model revealed significant
heterogeneity in the technologies employed in rice production (Chapter 2). This is
evidenced by technical efficiency and technology gap estimates obtained for the two
regions: Northern and Upper East. Specifically, our estimates revealed a regional
frontier technical efficiency value of 0.820 for the Northern region and 0.606 for the
Upper East region. The results imply we could improve rice output in the Northern
region and the Upper East region by 18 and about 40 percent, respectively, within the
existing state of technology and resources. The technology gap ratio revealed that rice
farms in the Northern region and the Upper East region could produce about 90 and 60
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percent, respectively, of the industry’s maximal output given the available technology.
Those values suggest that farmers in the Northern region may be better equipped with
modern technologies suitable for their production environment compared with farmers
in the Upper East region. The results further indicate that Upper East region farmers are
producing less on the regional frontier compared to their Northern region counterparts34.
Overall, the mean technical efficiency relative to the metafrontier is higher for Northern
region farmers (0.740) in comparison to Upper East region farmers (0.37), thus
suggesting that rice farmers in Northern region are considerably more efficient.

With respect to the determinants of technical inefficiency, we observed from the smooth
coefficient stochastic frontier model (Chapter 3) that there is a direct relationship
between farm distance and technical inefficiency whiles soil quality and net farm income
have an inverse relationship with technical inefficiency. The effect of farm distance on
technical inefficiency, although not the focus in the recent literature, was identified in
earlier literature (McCall 1985) as one of the factors affecting farm productivity. In what
is termed as ‘farm distance problem’ McCall (1985) for instance, argued that farm
distance affects both labour intensity and quality, an assertion that is corroborated by the
study outcome. Given the findings of this study, greater farm distances from farm to
home would pose a threat to food security because of a reduction in labour productivity

34

Several factors such as socio-economic characteristics (age, gender, extension services) and biophysical

factors (soil quality etc.) may account for the variations in technical efficiency in the two regions. Some
of these factors were explored in Chapter 3.
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resulting in low efficiency in farm production (McCall 1985; Oguntade et al. 2013;
Ofuoku & Ebewore 2012).

The inverse relationship between net farm income and technical inefficiency suggests
improving profitability in rice production would have a positive impact on technical
efficiency. In the production economics literature, there has not been any emphasis on
net farm income effects on agricultural productivity, rather most studies tend to consider
the effects of non-farm income activities (Tokle & Huffman 1991; Egyei et al. 2013).
The findings from this study, however, indicate that net farm income could potentially
affect productivity. Therefore, it may be important to explore the effects of both net farm
income and non-farm income on farm inefficiency.

Regarding farmers’ preferences, both the preference space and willingness to pay space
models revealed that farmers are likely to adopt new agricultural technologies that are
productive (higher yield), profitable (higher gross margin), labour saving and less risky
(Chapter 4). The results further showed that most farmers have a disutility for
mechanical weeding. These findings are consistent with previous study outcomes (Jaeck
& Lifran 2013) of potential technology characteristics that would appeal to farmers. In
relation to the effects of stated attribute importance, we found inconsistencies in farmers
stated attribute importance rankings and this implies that some farmers attached high
importance to attributes with low stated importance rankings (Chapter 4). This finding
is consistent with previous studies outcomes (Balcombe et al. 2014). In literature, stated
attribute importance has been reported to affect willingness to pay values and improve
the goodness of fit of discrete choice experiment models (Scarpa et al. 2010); however,
we observed stated attribute importance has little influence on willingness to pay values
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and did not improve goodness of fit of our models. This finding is consistent with the
Balcombe et al. (2014) who found that stated attribute importance information does not
impact on willingness to pay values.

Our conceptual framework based on the scale adjusted latent class model (Chapter 5)
further demonstrated that there are different groups of farmers with varying preferences,
which are driven by food insecurity, farm size, household size and location (regional
dummy). In more detail, we discovered that preferences of farmers with high probability
of food insecurity differ from those with low probability of food insecurity. Also, while
the food insecure farmers preferred both yield and gross margin attributes, the food
secure farmers were more concerned about the yield attribute. This finding confirms the
outcome of previous studies (Maharjan 2014) that food insecure rice farmers may have
dual production objectives (cultivate for both home consumption and also for market).
However, it is contrary to the popular assertion in the development economics literature
that small-scale farmers are backward and not profit seeking. The study further revealed
that the food insecure farmers are strongly risk averse, suggesting a possible relationship
between food insecurity and risk aversion. This finding may probably stem from the fact
that food insecure farmers are much concerned about their sustenance that they are
unwilling to venture into risky projects that may affect them.

We further observed that farmers with smaller land sizes (small-scale farmers) have
preferences for labour saving, less risky, higher gross margin, and chemical weed control
systems. Likewise, farmers with larger farm sizes (large-scale farmers) have preferences
for labour saving, less risky, higher output, early cultivars, and non-chemical weed
control systems. The findings suggest that apart from labour and risk preferences, large213

scale farmers have different technology preferences compared to small-scale farmers.
Large-scale farmers’ preference for less risky technologies is contrary to the popular
assertion that farmers with scale of production can tolerate some amount of risk (Feder
et al. 1985; De Janvry et al. 2000). The reason for this observation may be a possible
influence of the production environment (De Janvry et al. 2000).

Additionally, the preference of small-scale farmers as opposed to large-scale farmers,
for less ecologically friendly weed control systems (chemical weeding) is not surprising
because the cost associated with chemical weed control would be relatively cheaper for
small-scale farms. Another important aspect of our findings that needs mention of is the
preference of both large-scale and small-scale farmers for labour saving technologies.
This finding is quite interesting because agricultural production in developing countries
is generally considered to be a production system characterised by surplus labour and it
has been widely argued that technologies need to be labour intensive to succeed (Coffie
et al. 2016; Nin-Pratt & McBride 2014). Therefore, new technologies often introduced
are associated with high labour requirement. A typical example is the green revolution
that failed to succeed in SSA as compared to Asian countries (Nin-Pratt & McBride
2014). The finding of this study therefore suggests a rethink of the perception that new
technologies need to be labour intensive to succeed in poor countries. In particular, as
SSA braces itself for a second green revolution, labour requirements of new technologies
need to be carefully considered (Coffie et al. 2016; Nin-Pratt & McBride 2014).
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6.3

Synthesis

In this section, we provide a synthesis of results reported in chapters 2-5 and compare
the findings of this study with existing technologies aimed at improving technical
efficiency in Ghana. We begin the section with the synthesis of results and conclude
with the comparison of our findings with an existing technology.

Regarding the synthesis, we exploit the fact that there is an overlap between respondents
who completed the efficiency survey and the stated preference survey. To be able to
compare the likely technical efficiency for each preference class identified in Chapter 5
we used the individual specific efficiency information from Chapter 2. The class
specific technical efficiency calculations were based on class membership probability
weighting from our latent class analysis. On the basis of our calculations, we have
technical efficiency relative to each preference class (preference class technical
efficiency), technology gap with respect to preference class (preference class
inefficiencies relative to the metafrontier) and meta efficiency (overall preference
technical class efficiency relative to the metafrontier).

Generally, we observe little variations in the preference class technical efficiency and
the preference class technology gap estimates across classes. It does not appear it is
possible to make strong statements linking class membership to efficiency. However,
some observations can be noted. From the results (Table F.1 in Appendix F), we observe
that members of Class 2 are most technically efficient, and members of Class 5 are least
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technically efficient. Class 2 members tend to be smaller in size35 (Chapter 5) and prefer
technologies that are highly profitable, labour saving, less risky and promotes chemical
weed control methods.

Compared to the other classes, Class 2 is the only class with preferences for chemical
weed control methods, suggesting members of the class could be applying chemicals to
control weeds on their farms and benefiting from the effectiveness of chemical weed
control system (Gianessi 2010). Therefore, the high efficiency levels of Class 2 members
could be resulting from better agronomic practices (chemical weed control methods) and
possibly a combination of relatively large labour endowment in relation to land size. In
the literature on developing countries (Feder et al. 1985), large family sizes are
associated with labour availability and this is very important for a labour-intensive rice
production system. Finally, relatively efficient classes (Classes 1-4) use high amount of
farm inputs compared to the least efficient class (Class 5) and this may explain why they
are more efficient.

We now turn our attention to compare the findings of this study to an existing technology
in Ghana to draw out similarities and differences. The findings from this study show that
net farm income and soil quality improves the technical efficiency of farmers, and farmer

35

The farm size variable in the class membership model was negative and significant; however, the

variable was not significant in Class 5 in Table 5.5 (Chapter 5). Therefore, although both Classes 2 and 5
have relatively small farm sizes, we refer to Class 2 farmers as small-scale because of the significant farm
size variable.
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technology choices are affected by profitability, productivity, labour constraints, and
risk. More importantly, the findings suggest that, ceteris paribus, new technologies that
improve profitability and productivity would tend to increase adoption and technical
efficiency of farmers and this is widely established in the literature (Abdulai & Huffman
2014). The question, however, is how our findings compare with adoption of existing
technologies. We explore this issue relative to a recent technology introduced by the
Government of Ghana through a joint partnership with the Japanese Government in the
Northern region of the country (Mumuni & Oladele 2012). The technology referred to
as the sustainable development of rain-fed lowland rice production (SDRP) is aimed at
improving the profitability and productivity of farmers. The key components of the
technology include water conservation, promotion of mechanical weed control system,
seed selection measures and extension services.

Clearly, the SDRP technology has interesting characteristics such as improving the
profitability and productivity of farm production, and increasing soil fertility through
better soil management practices. These characteristics of the SDRP technology are
generally consistent with our findings. Therefore, it can be concluded that it has a
probability of being adopted and has the potential to increase technical efficiency of
farmers. Nonetheless, the SDRP technology has some undesirable characteristics which
may potentially limit its adoption. In particular, while we found that farmers prefer
labour saving and non-mechanical weed control systems, the SDRP technology is labour
intensive and promotes a mechanical weed control system. These findings and
observations highlight that not all existing or promoted technologies are desirable for
farmers, and highlight the importance of conducting needs assessment before technology
development and implementation.
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6.4

Conclusions and implications of the study

From the findings of this study, we draw several conclusions relative to policies aimed
at improving productivity of farmers and provide methodological insights into research
in developing countries.

I. Firstly, it is reasonable to conclude that farmers in the Northern region are more
productive and technically efficient relative to farmers in the Upper East region.
More generally, however, there is a substantial level of inefficiency in the
Ghanaian rice industry. This has two key implications. First, agro-climatic and
biophysical conditions influence rice productivity greatly and the region (Northern
region) with the best of these conditions is more productive. The variation in the
efficiency between the two regions give an indication that geographical location
may affect technical efficiency. Although the effect of geographical location on
technical efficiency relates to an old theme in the development economics
literature (O’Donnell et al. 2008; Hayami & Ruttan, 1970; Huang et al. 2014), its
implications for improving rice productivity in Ghana can hardly be
overemphasised.

Specifically, geographical location may affect technology needs and preferences
as well as production decisions. Currently, technologies introduced are
implemented across the board regardless of geographical and farmer differences.
This approach to technology introduction is as a result of defects in the design of
agricultural policies through which these technologies are derived, an approach
that has led to failure of many policies and technologies in Ghana (Amanor-Boadu
et al 2015).
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For instance, the Food and Agriculture Sector Policy I was thought to have failed
because the perspectives of farmers’ priorities were not accounted for (FAO 2014).

Therefore, our findings suggest that measures aimed at improving technical
efficiency of farmers’ must consider variations in the production environment,
farmers’ preferences and geographical differences. For instance, given that the
Upper East region experiences early rainfall, introducing new rice varieties that
are early maturing would be favourable for increasing farmers’ production in the
region. The Northern region also experiences delayed rains; therefore, medium
maturing varieties would be suitable for the farmers in the region. Accounting for
these differences would ensure that farmers in both regions apply the best variety
for the climatic conditions, which would mean maximum yield potential could be
reached.

Second, the finding of efficiency variation in the two regions has implications for
increasing the country’s self-sufficiency in rice production and channelling
savings from reduced rice imports to other economic development areas. The two
regions examined produce about 60 percent of the locally grown rice in Ghana
(Angelucci et al. 2013). Our reported level of inefficiency implies that food selfsufficiency in rice production may be quite difficult to attain within the current
efficiency levels. Notwithstanding this, our findings reveal that policy makers
should focus more on improving technical efficiency of farmers in Upper East
region as their current production is about 40 percent short of achievable output.
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For the farmers in Northern region, technical efficiency improvement would result
in less yield gain (18 percent). In this regard, new technologies are required to
shift the production frontier. The new technologies would, however, have to have
characteristics that are attractive to farmers as identified in this study if adoption
and use rates are to be favourable.

II. Secondly, wholesale technologies36 are not suitable for improving adoption of new
technologies in developing countries because our findings reveal different groups
of farmers have different range of preferences for technology characteristics
including profitability, productivity, the quantity of labour required and risk levels.
Also, the underlying drivers of farmers’ technology choice decisions in developing
countries include food insecurity, scale of production and geographical
differences. These factors primarily affect farmers’ preferences for technology
characteristics such as higher output (productivity), profitability, labour saving
and risk. The conclusions imply proper needs assessment is required prior to new
technology design and implementation to identify various groups of farmers with
different preferences. In addition, policy makers may also ensure that new

36

Wholesale technologies are technologies that assume a top-bottom approach to new technology

development without assessing farmers’ own capabilities and skills. These technologies also assume that
all farmers are equal in resource endowments or poverty levels and ignore spatial variations, often lack a
cutting edge approach to solving farmers’ problems and may worsen farmers’ plight (Asuming-Brempong
et al. 2016)
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technologies introduced have desirable characteristics as identified in this study to
improve adoption among farmers.

III. Thirdly, a range of factors including farm distance, net farm income, and soil37
quality may generally determine the extent of rice productivity in Ghana.
Increasing distance from home to farm is a major constraint to increasing farm
productivity as it reduces labour productivity. To achieve the relevant rice
productivity goals, the Government through the Ministry of Roads and Transport
and Ministry of Rural Development could improve rural road infrastructure to
reduce travel and (or) walking distance from home to the farm. Such initiatives
would reduce drudgery associated with long farm distances and ease transportation
of inputs to and from the farm.

In addition, higher net farm income38 positively affects productivity. Currently,
there are no well-established marketing channels and boards regulating rice prices
in Ghana, hence farmers are forced to accept prices dictated by traders, which tend
to affect net farm incomes. Improving net farm incomes may require appropriate
official marketing channels and marketing facilities that would regulate rice
production and producer prices, just as has been successfully implemented

37

There could be an interaction between farm distance and soil quality but this was not addressed in the

thesis. Future studies would explore a possible interaction effect between soil quality and farm distance.
38

Other sources of income such as non-farm income could affect technical efficiency but the variable was

not significant in our initial model search and therefore was not used in the final modelling.
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in the cocoa industry (Salvatore 2012). In the cocoa industry, the Government of
Ghana instituted the cocoa marketing board to regulate producer prices. Since the
inception of the cocoa marketing board in 1947, the board has successfully
regulated production and prices in the cocoa industry resulting in higher
productivity. A similar model could be instituted (e.g. rice marketing board) for
the rice industry to regulate production and producer prices.

Furthermore, the Government and District Assemblies could aim at developing
marketing and communication infrastructure to aid marketing of farm produce that
are likely to have both immediate (direct) and long term (indirect) benefits at
tackling poverty. Improvement in net farm income will not only improve technical
efficiency of farmers but also the general welfare of farmers. Finally, adequate
soil quality management practices (such as better land cultivation techniques,
application of recommended organic and inorganic fertilizers) are essential to
improve farm productivity. Therefore, Governments through the Soil Research
Institute (SRI) may conduct a thorough assessment of cultivable lands used for
rice production and identify ways of improving the fertility of such soils.
Following this, agricultural extension officers may be informed of the related
study outcomes to assist in communicating the information to farmers.
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IV. Fourthly, we argue that alternative metafrontier models affect technology gap
estimates and conclusions that are drawn from such studies. This finding is
consistent with results from Huang et al. (2014) indicating the need to employ
alternative models in metafrontier estimations as a robustness check. More
importantly, this finding provides a starting point for investigating alternative
bounds or supports for constructing the metafrontier. In addition, alternative
models of accounting for environmental variables in technical efficiency
estimation affect technical efficiency estimates and the magnitude of
environmental variable effects. This finding suggests that good estimates of both
the magnitude and directions of inefficiency drivers are important to identify
factors that have the most impact on inefficiency. Studies focusing on inefficiency
drivers must therefore employ alternative models and calculate marginal effects to
identify variables that have higher impact on efficiency improvements.
V. Fifthly, we propose that advanced discrete choice models be applied in choice
experiment studies in Sub-Saharan Africa as we observed that alternative models
affect policy outcomes from discrete choice experiment. In a review of choice
experiment in developing countries, Otieno (2011) reported only one study that
had accounted for heterogeneity into farmers preferences using mixed logit and
latent class models. Our literature searches also identified few studies that
employed advanced choice experiment methodologies (Ouma et al. 2007; Bello &
Abdulai 2016; Mahadevan & Asafu-Adjaye 2015). Therefore, more empirical
studies using advanced models could improve statistical relevance of discrete
choice experiment studies and policy outcomes. In addition, we argue that
farmers’ technology choice decisions are dynamic. Therefore, studies should
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integrate all the necessary factors that influence farmers’ decision making to
provide better policy recommendations for improving technology adoption.

VI. Sixthly, we have demonstrated in this study that when we account for regional
differences, technology goals and preferences, small-scale farmers’ inefficiencies
reduce relative to when we fail to account for these variations in our production
frontier modelling and therefore, it may be reasonable to conclude that small-scale
farmers are rational and not backward as proposed by some development
economists. Therefore, we may have to perceive these farmers as rational and
important actors in the development process.

In summary, we have demonstrated that the approach to modelling the production
frontier and inefficiency effects is very important. Particularly, the effects of production
environment (environmental factors), model specifications (pooled vs metafrontier), the
type of support for constructing the metafrontier, and estimation methods relating to
noise and sampling are very relevant to provide evidence based policies for productivity
improvements in developing countries. In addition, incorporating technology
characteristics, farming objectives (subsistence vs profitability), attitudes to risk and
general farm household decisions in the design and implementation of new technologies
are crucial to promoting technology adoption in developing countries. Specifically, a
farmer centric approach to new technology design and implementation is required to
promote agricultural productivity through technology adoption. Since the design and
introduction is very expensive, a possible cost-effective approach to new technology
design is an application of a discrete choice experiment and this approach would not
only serve as a cost saving measure but also help to evaluate existing technologies to
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inform future productivity enhancing technologies; and service delivery options (such
as private vs public extension services, storage and processing facilities among others);
and agricultural policies such as fertilizer subsidies and genetically modified foods,
among others.

6.5 Limitations of the study and further future research
This thesis is based on some assumptions, and certain limitations should be kept in mind
when interpreting our results. The limitations also offer new avenues to extend our
analyses in future research. First, this study is a micro-level study involving only
two regions in Ghana and provides a starting point for exploring advanced
production frontier and discrete choice experiment applications in Sub-Saharan
Africa (SSA). Therefore, a cross-country techncial efficiency would be useful to
provide adequate information and policies for improving rice productivity in
Sub-Saharan Africa. Specifically, studies exploring metafrontier applications in
SSA could adopt well-behaved production frontiers

(Bayesian methods) that

account for stochastic elements and also allows the researcher to impose constraints.
Although some metafrontier studies have been conducted across SSA, most have
applied the data envelopment approach (DEA). However, a major drawback of the
DEA model is that it attributes all deviations to inefficiency. Therefore, Bayesian
stochastic metafrontier studies may provide deeper insights into productivity levels of
rice production across SSA.

Second, in this study we used discrete choice experiment to model farmers’ adoption
behaviour. It is also possible to model actual choices of farmers using revealed
preference methods and that could not be accomplished within the timeframe of this
study. Analysis of actual choices using revealed preference methods preferably in
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combination with choice experiment approach to reveal preferences for potential
technologies would be useful. In addition, we considered only food security objective in
the construction of our conceptual framework. Therefore, future studies could extend
the conceptual framework of farmers’ technology choice to include other objectives such
as profit, environment, and risk using either sequential or simultaneous estimation
approaches, or a combination of both as applied in the transport literature.

Third, we modelled the effects of three key factors that affect technical efficiency of
farmers using real data applications. A lot more of these factors could be explored to
provide information to policy makers on how to improve upon technical efficiency. In
this regard, future studies could explore effects of age, farm experience, social networks,
and farmer preferences using the alternative methodologies employed in this study. This
way, effective policies can be derived on how to improve overall rice productivity in
Ghana. Again, a simulation study may be suitable to compare alternative metafrontier
methodologies to provide a framework under which the methods perform better. In such
a simulation study, issues such as efficient and inefficent groups, number of inputs and
groups, sample size and noise, environemental variable effect, should be explored.

Finally, we employed cross sectional data in our analysis of the technical efficiency of
farmers because we were unable to obtain panel data. The application of cross sectional
data has some limitations because we are unable to examine the influence of time on
efficiency estimates. As Balcombe et al. (2007) posited, it is possible that a farmer may
be operating at a sub-optimal level not because he is inefficient but rather he might have
incurred high capital investments in that particular growing season. Therefore, there is
the need to build a comprehensive panel database for agricultural production in Ghana.
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Such database would assist researchers to provide evidence based policy
recommendations.
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APPENDIX A
SUPPLEMENTARY MATERIAL FOR CHAPTER 1

Table A.1: Descriptive statistics of data (Northern region)
Variables

Mean

Sd.

Min

Max

Output (kg/ha)

1534

603

330.46

3864

Land input (ha)

1.73

1.08

5

6

Labour input (Man-days)

146.56

70.37

80

377

Other variable inputs (GHS)

438.55

191.54

20

840

Age (years)

39

9

0.025

74

Farm distance (km)

2.9

4.5

1

40

Farming experience (years)

8

3

1

45

Household size

13

5

0

40

Off-farm activities (yes=1, No=0)

0.5

0.4

0

1

Modern seed variety (Yes=1, No-0)

0.62

0.49

0

1

Access to extension service (Yes=1,
No=0)

0.94

0.26

0

1

Membership of FBO (Yes=1, No=0)

0.52

0.50

0

1

Gender (Male =0, female=1)

0.08

0.27

0

1

Land ownership (Owned=1,
otherwise=0)

0.18

0.38

0

1

Sale and home consumption (Yes=1,
No=0)

0.90

1.3

0

1

Risk

3.32

1.80

0

9

Soil quality perception

4.8

1

6

0.9

Food security status

0.006

0.06

0

0.75

Seed source ( Own seeds=1)

0.80

0.40

0

1

Farmer objective

N
N=Number of observations. FBO= Farmer Based Organisation
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Table A.2: Descriptive statistics of data (Upper East region)
Variables

Mean

Sd.

Min

Max

Output (kg/ha)

868

744

50

3360

Land input (ha)

1.39

0.741

0.4

4

Labour input (Man-days)

112.09

59.72

11

214

Other variable inputs (GHS)

459.09

251.69

50

1372

Age (years)

40

11

18

72

Farm distance (km)

5.3

2.7

1.6

19.2

Farming experience (years)

11

9.10

1

40

Household size

6

3

1

15

Off-farm activities (yes=1, No=0)

0.33

0.47

0

1

Modern seed variety (Yes=1, No-0)

0.54

0.49

0

1

Access to extension service (Yes=1,
No=0)

0.82

0.36

0

1

Membership of FBO (Yes=1, No=0)

0.55

0.50

0

1

Gender (Male =0, female=1)

0.43

0.50

0

1

Land ownership (Owned=1,
otherwise=0)

0.43

0.50

0

1

0.89

0.30

0

1

Risk

1.33

1.39

0

9

Soil quality perception

4.4

1.09

1

6

Food security status

0.47

0.48

0

0.99

Seed source ( Own seeds=1)

0.40

0.49

0

1

Farmer objective
Sale and home consumption
(Yes=1, No=0)

N
N=Number of observations. FBO= Farmer Based Organisation
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Table B1: Parameter estimates of the restricted metafrontier production function for alternative models:
Half -normal inefficiency distribution
Exponential inefficiency distribution
Model 4

Model 5

Model 6

Variables

Mean

B.SE

Mean

SE

Constant

0.4663

0.007

0.438

0.042

0.5609

0.009

lnx1

0.0794

0.012

0.078

0.021

0.0974

0.016

lnx2

0.0341

0.011

0.035

0.019

0.0345

0.014

lnx3

0.5647

0.015

0.565

0.069

0.6333

0.014

0.5(lnx1)2

-0.0212

0.014

-0.020

0.014

-0.0072

0.019

lnx1.lnx2

0.0012

0.012

0.001

0.007

-0.0027

0.016

Lnx1.lnx3

0.0928

0.027

0.089

0.031

0.1166

0.036

0.5(lnx2)2

-0.0035

0.009

-0.003

0.009

0.0107

0.012

Lnx2.lnx3

-0.0217

0.027

-0.009

0.017

-0.0414

0.034

2

0.1913

0.056

0.301

0.164

0.4577

0.062

0.5(lnx3)

Mean

B.SE

Half -normal inefficiency distribution
Model 4

Model 5

Model 6

Mean

B.SE

Mean

SE

Mean

B.SE

Constant

0.628

0.007

0.649

0.035

0.7088

0.008

lnx1

0.086

0.012

0.076

0.022

0.1045

0.014

lnx2

0.040

0.011

0.019

0.021

0.0416

0.012

0.558

0.012

0.609

0.062

0.6207

0.011

-0.023

0.014

-0.043

0.017

-0.0012

0.018

lnx1.lnx2

0.001

0.011

0.001

0.009

-0.0038

0.015

Lnx1.lnx3

0.090

0.026

0.067

0.032

0.1061

0.032

2

-0.003

0.088

0.002

0.009

0.0139

0.013

-0.0195

0.026

-0.012

0.019

-0.0385

0.030

0.253

0.049

0.514

0.148

0.5052

0.055

lnx3
0.5(lnx1)

0.5(lnx2)

2

Lnx2.lnx3
0.5(lnx3)

2

Note: B.SE refers to bootstrapped standard errors.
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Table B2: Summary statistics of rice industry efficiency measures from the LP restricted metafrontier model
Exponential model
Half-normal
Model 4 using APF with bootstrap LP
Group
Mean
SD
Min
Max
Mean
SD
Min
Max
Region 1
MTR
GTE
MTE

0.907
0.820
0.744

0.087
0.094
0.116

0.597
0.325
0.322

1.00
0.945
0.923

0.908
0.703
0.640

0.086
0.141
0.150

0.602
0.240
0.238

1.00
0.940
0.909

Region 2
MTR
GTE
MTE

0.616
0.606
0.375

0.142
0.202
0.156

0.326
0.151
0.067

0.100
0.900
0.716

0.664
0.495
0.331

0.139
0.221
0.171

0.342
0.097
0.044

1.00
0.905
0.745

Overall
MTR
GTE
MTE

0.800
0.742
0.609

0.178
0.176
0.222

0.326
0.151
0.067

1.00
0.945
0.923

0.818
0.627
0.527

0.160
0.202
0.217

0.342
0.097
0.044

1.00
0.940
0.919

Model 5 predicted MCMC output with LP

Region 1
MTR
GTE
MTE

0.907
0.820
0.745

0.025
0.094
0.116

0.821
0.325
0.322

1.00
0.945
0.923

0.908
0.703
0.640

0.023
0.141
0.150

0.814
0.240
0.238

1.00
0.940
0.909

Region 2
MTR
GTE
MTE

0.620
0.606
0.377

0.062
0.202
0.156

0.375
0.151
0.068

0.854
0.900
0.716

0.667
0.495
0.332

0.053
0.221
0.170

0.459
0.097
0.045

0.898
0.905
0.740

Overall
MTR
GTE
MTE

0.802
0.742
0.610

0.743
0.044
0.045

0.928
0.913
0.910

Region 1
MTR
GTE
MTE

0.022
0.728
0.892
0.820
0.023
0.176
0.151
0.945
0.539
0.211
0.221
0.068
0.923
0.527
0.216
Model 6 Upper confidence bound with bootstrap LP

0.881
0.820
0.724

0.108
0.094
0.128

0.543
0.325
0.320

1.00
0.945
0.923

0.889
0.703
0.626

0.102
0.141
0.154

0.567
0.240
0.237

1.00
0.940
0.907

Region 2
MTR
GTE
MTE

0.672
0.606
0.409

0.136
0.202
0.165

0.294
0.151
0.073

1.00
0.900
0.782

0.715
0.495
0.359

0.128
0.221
0.179

0.304
0.097
0.049

1.00
0.905
0.799

Overall
MTR
GTE
MTE

0.805
0.742
0.608

0.156
0.176
0.208

0.294
0.151
0.073

1.00
0.945
0.923

0.827
0.627
0.528

0.138
0.202
0.208

0.304
0.097
0.049

1.00
0.940
0.907
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Table B3: Results of Wilcoxon Mann-Whitney rank-sum test
Index

Null Hypothesis

Z

P-value

GTE ER -EU

Mean GTE (Region1) = Mean GTE (Region 1)

-2.20

0.028

GTE HR-HU

Mean GTE (Region1) = Mean GTE (Region 1)

-1.11

0.270

GTE ER -EU

Mean GTE (Region2) = Mean GTE (Region 2)

-2.83

0.005

GTE HR-HU

Mean GTE (Region2) = Mean GTE (Region 2)

-1.94

0.052

MTR ER -EU

Mean MTR (Region1) = Mean MTR (Region 1)

3.325

0.000

MTR HR-EU

Mean MTR (Region1) = Mean MTR (Region 1)

3.534

0.000

MTR ER -EU

Mean MTR (Region2) = Mean MTR (Region 2)

6.002

0.000

MTR HR-HU

Mean MTR (Region2) = Mean MTR (Region 2)

6.545

0.000

MTR ER -EU

Mean MTR (Region1) = Mean MTR (Region 1)

4.232

0.000

MTR HR-HU

Mean MTR (Region1) = Mean MTR (Region 1)

4.759

0.000

MTR ER -EU

Mean MTR (Region2) = Mean MTR (Region 2)

6.773

0.000

MTR HR-HU

Mean MTR (Region2) = Mean MTR (Region 2)

7.347

0.000

MTR Model 1

Mean MTR (Region1) = Mean MTR (Region 2)

15.523

0.000

MTR Model 2

Mean MTR (Region1) = Mean MTR (Region 2)

15.429

0.000

MTR Model 1 & 2

Mean MTR (Region1-M1) = Mean MTR (Region 1-M2)

1.986

0.047

MTR Model 1 & 2

Mean MTR (Region2-M1) = Mean MTR (Region 2-M2)

2.022

0.043

Model 1

Model 2
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Figure B1:Comparison of input elasticities between restricted and unrestricted
metafrontier production function.
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Table B4: Ninety-five percent confidence interval estimates
Exponential inefficiency

Half -normal inefficiency

MTR

LB

UB

MTR

LB

UB

Region 1

0.896

0.867

0.919

0.898

0.873

0.920

Region 2

0.612

0.592

0.628

0.656

0.639

0.673

Overall

0.792

0.766

0.813

0.810

0.787

0.829

Region 1

0.905

0.872

0.937

0.891

0.856

0.924

Region 2

0.617

0.594

0.642

0.650

0.625

0.678

Overall

0.800

0.770

0.829

0.803

0.772

0.834

Region 1

0.889

0.817

0.956

0.836

0.813

0.914

Region 2

0.685

0.626

0.751

0.699

0.658

0.745

Overall

0.814

0.747

0.881

0.803

0.756

0.852

Model 1

Model 2

Model 3
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C1: Review of related studies and other estimation results
Table C1: Review of selected studies
Samples studies

Mean of inefficiency term
KGMHLBC

Variance
inefficiency term
RSCFG

of

Error inefficiency function of Z
Both mean and variance
Software
Country/industry
of inefficiency term
WANG

1

Audibert (1997)

√

Frontier

2

Seyoum et al.
(1998)
Sharma et al.
(2001)
Sherlund et al.
(2002)
Tzouvelekas et
al. (2001)
Rahman (2003)

√

Frontier

7

Binam
(2004)

et

8

Alvarez
(2006)

et

9

3
4
5
6

10

√
√

Frontier

√

Frontier

√

Frontier

al.

√

Frontier

al.

√

Bozoğlu
and
Ceyhan (2007)
Rahman
and
Rahman (2009)

√

Stata
User
written
Frontier

√

Frontier

√

√
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West Africa
Rice
Ethiopia
Maize
Nepal
Rice
Cote Devoir
Rice
Greek
Olive
Bangladesh
Rice
Cameroun
Maize
groundnut
India
Turkey
vegetables
Bangladesh
Rice

and

ME

RTS

Table C1 Continued
Samples studies

Mean of inefficiency
term
KGMHLBC

Variance
inefficiency term
RSCFG

of

Both mean and variance
of inefficiency term
WANG

Software

ry

Country/indust

M
E

RTS

Remarks

Alternative
specificatio
n
affects
magnitude
of
inefficienc
y drivers

11

Liu and Myers
(2009)

√

√

√

Stata
User
written

Kenya

√

12

Lai and Huang
(2010)

√

√

√

India

√

13

Kyei
et
al.
(2011)
Gedara et al.
(2012)
Chiona et al.
(2014)
Alwarritzi et al.
(2015)
Hailu
and
Deaton (2015)
Anang et al.
(2016)
Llorca et al.
(2016)

√

Stata
User
written
Stata

√

R

√

Stata

√

Stata

14
15
16
17
18
19

√

√

No

√

Frontier

No

√

Gauss
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Ghana
Cocoa
Sri Lanka
Rice
Zambia
Maize
Indonesia
Oil palm
USA
Dairy
Ghana
rice
USA

√

√

Simultaneo
us
estimation
of
mean
and
variance
function is
the
best
model

Table C2: Model comparison
Model statistics
Model 1 vs Model 3
Model 2 vs Model 3

T-V

LL

D.O. F

27***

-187

44***

AIC

BIC

TIC

10

395

432

375

-174

13

374

421

348

-196

10

412

449

392

-174

13

374

421

348

Vuong test

Diff BIC values

Model 1 vs. Model 3

2.4***

11

Model 1 vs. Model 2

1.38

-17

Model 2 vs. Model 3

4.28***

27

Wild bootstrap test
Model 4

P value=0.000

Note: LL is log likelihood
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C.2 Residual based wild bootstrap method
The residual based wild bootstrap model tests whether (1) can be estimated using a
standard stochastic frontier model
!" = $ + ' ( )" + *" − ,"

(1)

With the exclusion of Z from (1), the model is same as testing whether the parameters
in (2) are constant. That is
!" = 0 + ' ( )" + 1" = 2′" 4 + 1"

(2)

where
0 = $ − 5 ," , 4( = 0, ' ( and 1" = *" − [," − 5(," ].
Following Li and Racine (2010) the consistent model specification test can be
constructed as
1
9: = <
;

:

:

2í( 2> 1B 1B C
"A@ >?@

D" − D>
ℎ

(3)

where K (.) is the product kernel function, 1B = !" − 0 − ' ( )" is obtained from the
ordinary least square (OLS) model (2). Following is a description of the residual based
wild bootstrap method
1. Estimate (2) using OLS to generate parameters, 4 and residual, 1B
2. Use a two-point distribution to generate wild bootstrap error 1" ∗
3. Generate bootstrap sample dependent variable, !" ∗ = 2′" 4 + 1B using 4 and 1B
4. Use the bootstrap sample to estimate the parametric model in (2) and obtain 4∗
and 1" ∗ = !" ∗ − 2′" 4∗
∗

5. The bootstrap statistic, 9: is obtained from (3) by replacing 1B 1B with 1B ∗ 1H ∗
6. Steps 2-5 are replicated large number of times to obtain a p-value: I =
@
J

∗
J
KA@ 9( 9:

> 9: )
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It is important to note that the p-value was generated under the null hypothesis and
therefore if the p value is less the level of significance, say 0.05.
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Appendix D1. Question to assess respondents’ perception of the level of attribute
importance
The following question was asked to elicit information on respondents’ perception of
the importance of the attributes in the choice experiment. How important were the
following characteristics of the farming systems to you when making your choices. Rank
using:
“1=Most important, “2=very important”, “3=moderately important”, “4=neutral”,
“5=less important”, “6=not important”, 7=not important at all”
Characteristics

Write response below

Yield
Gross margin
Change in labour days
Cultivar choice
Weed control
Cropping pattern
Risk
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Table D1: Covariance matrix of the random coefficients- Model 2 and Model 4
Model 2- ML Correlated
Model 4- ML Correlated SAI
choice

Mean

SE

P>z

Mean

SE

P>z

v11

13.73

7.98

0.09

15.41

7.07

0.03

v21

0.55

0.48

0.25

0.65

0.48

0.17

v31

-1.65

1.47

0.26

0.69

1.18

0.56

v41

-1.16

0.69

0.09

0.10

0.55

0.86

v51

1.22

0.43

0.00

1.34

0.43

0.00

v61

2.79

0.95

0.00

1.11

0.74

0.14

v22

0.20

0.10

0.04

0.22

0.10

0.03

v32

-0.57

0.18

0.00

-0.50

0.17

0.00

v42

-0.10

0.06

0.09

-0.12

0.07

0.09

v52

0.05

0.05

0.31

0.07

0.05

0.18

v62

0.25

0.12

0.04

0.27

0.09

0.00

v33

4.00

1.42

0.01

1.60

0.57

0.01

v43

1.11

0.28

0.00

0.38

0.17

0.02

v53

0.04

0.20

0.86

0.12

0.16

0.44

v63

-2.19

0.54

0.00

-0.66

0.19

0.00

v44

0.52

0.13

0.00

0.44

0.12

0.00

v54

-0.01

0.07

0.92

0.06

0.08

0.42

v64

-0.68

0.21

0.00

-0.55

0.14

0.00

v55

0.18

0.05

0.00

0.19

0.05

0.00

v65

0.01

0.13

0.92

-0.03

0.12

0.83

v66

2.34

0.58

0.00

2.08

0.46

0.00

Vij=covariance between variable I and j. 1=status quo, 2=rice-fallow system,
3=risk*status quo, 4=negative risk deviation, 5=positive risk deviation, 6=gross
margin
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Table D2: Covariance matrix of the random coefficients- Model 3 and Model 5
Model 3- GML Correlated

Model 5- GML Correlated SAI

choice

Mean

SE

P>value

Mean

SE

P>value

v11

33.21

16.11

0.04

-8.73

1.92

0.00

v21

-0.12

0.07

0.07

0.03

0.01

0.08

v31

2.95

2.34

0.21

-0.08

0.45

0.86

v41

0.60

0.17

0.00

-0.09

0.01

0.00

v51

0.63

0.20

0.00

-0.10

0.01

0.00

v22

0.00

0.00

0.06

0.05

0.01

0.00

v32

-0.02

0.01

0.13

0.56

0.14

0.00

v42

0.00

0.00

0.02

0.00

0.01

0.76

v52

0.00

0.00

0.14

0.08

0.01

0.00

v33

0.32

0.49

0.52

-0.34

0.14

0.01

v43

0.06

0.05

0.26

-0.01

0.01

0.11

v53

0.05

0.05

0.31

-0.02

0.02

0.24

v44

0.01

0.00

0.00

-0.06

0.01

0.00

v54

0.01

0.00

0.00

-0.08

0.02

0.00

v55

0.02

0.01

0.00

-0.01

0.01

0.53

Vij=covariance between variable I and j. 1=SQ, 2=rice-fallow system, 3=risk*status
quo, 4=Negative Risk, 5=Positive Risk
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Table D3: WTP estimates for correlated ML and GML models (per1000 Ghana Cedis) based on individual parameters
Model 2

Model 3

Model 4

Model 5

ML Correlated

GML Correlated

ML Correlated SAI

GML Correlated SAI

High rankers

Low rankers

High rankers

Low rankers

Attributes

Mean

SD

Mean

SD

Mean

SD

Mean

SD

Mean

SD

Mean

SD

Yield

0.02

-

0.01

-

0.02

-

0.02

-

0.01

-

0.01

-

Labour

-0.01

-

-0.00

-

-0.12

-

-0.12

-

-0.00

-

-0.00

-

Medium cultivar

-0.10

-

-0.03

-

0.01

-

-0.24

-

-003

-

-003

-

Late cultivar

-0.07

-

-0.05

-

-0.06

-

-0.06

-

-0.06

-

-0.06

-

Mechanical

-0.11

-

-0.03

-

-0.25

-

0.04

-

-0.03

-

-0.03

-

Chemical weeding

0.01

-

0.21

-

0.25

-

0.25

-

0.03

-

0.03

-

Rice-fallow system

-0.07

0.18

0.00

0.02

-0.07

0.16

-0.07

0.16

0.03

0.03

-0.08

0.03

Double rice system

0.14

-

0.01

-

0.02

-

0.02

-

0.01

-

-0.22

-

Status quo risk

-0.18

0.91

0.45

0.55

-0.15

0.46

-0.15

0.46

0.52

0.51

0.52

0.51

Negative risk

-0.24

0.21

-0.13

0.08

-0.27

0.19

-0.27

0.19

-0.13

0.29

-0.13

0.29

Positive risk

-0.18

0.22

-0.15

0.1

-0.20

0.23

-0.20

0.23

-0.17

0.11

-0.22

0.11

weeding

Note: “-” no standard deviations because the attributes were fixed in the model estimation
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Table D4: Results of Kolmogorov Smirnov test of equality of distribution of estimated
models
Index

Null Hypothesis

K-S

P-value

Distribution NRPS = distribution NRPS-SAI

0.07

0.32

Distribution PRPS = distribution PRPS-SAI

0.10

0.09

Distribution NRPS = = distribution NRWS

0.47

0.00

Distribution PRPS = = distribution PRWS

0.22

0.00

Distribution NRWS = distribution NRWS-SAI

0.05

0.77

Distribution PRWS = distribution PRWS-SAI

0.11

0.05

Distribution NRPS-SAI = = distribution NRWS-SAI

0.48

0.00

Distribution PRPS-SAI = = distribution PRWS-SAI

0.21

0.00

NR-negative risk, PR-positive risk, PS-preference space, SAI-Stated attribute importance.
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APPENDIX E
SUPPLEMENTARY MATERIAL FOR CHAPTER 5

Appendix E1: Household Food Insecurity Access Scale of food insecurity
measurement using the tetrachoric factor analysis
Household Food security Access scale indicator

Figure E1: HFIAS questions for eliciting perceptions of food insecurity.

253

Table E1: Estimation results from two-scale four preferences latent class model (initial model)

SALCM UTILITY FUNCTION
Attributes

Class 1

SE

Class 2

SE

Class 3

SE

Class 4

SE

Class 5

SE

Gross margin

0.052

0.630

0.018***

0.003

0.052***

0.009

0.008***

0.002

-0.008***

0.002

Yield

0.004

0.550

-0.002

0.004

0.074***

0.021

-0.001

0.002

0.019***

0.004

Labour

-0.195

0.190

-0.010***

0.003

-0.040***

0.015

0.000

0.003

-0.030***

0.006

Early cultivar dummy

-0.016

0.190

-0.074

0.045

0.294***

0.101

0.096*

0.051

0.121**

0.049

Late cultivar dummy

0.001

1.900

0.008

0.036

-0.001

0.142

0.059

0.038

-0.059

0.038

Mechanical weeding dummy

0.001

0.900

-0.027

0.033

-0.017

0.251

-0.127***

0.041

-0.915***

0.178

Chemical weeding dummy

0.005

0.640

0.257***

0.054

-0.091

0.100

-0.059*

0.031

-0.184***

0.044

Rice-vegetable system dummy

0.006

0.100

0.152***

0.034

-0.415***

0.135

-0.114***

0.041

0.342***

0.074

Double cropping dummy

0.238

0.670

0.029

0.059

-0.111

0.343

0.096*

0.053

-0.122

0.127

Risk

-0.003

0.530

-0.106***

0.025

-1.270***

0.180

0.009

0.016

-0.110***

0.028

0.410***

0.096

-5.286***

1.099

-7.002***

1.380

-0.370**

0.180

-5.435***

0.886

Medium cultivar base

Manual weedingbase

Rice-fallow systembase

SQ( current practices=1)

Note: *, **, *** indicate significance at 10 %, 5% and 1% respectively
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Figure E2: Selection of optimal food insecurity latent variable.
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Figure E3: Relative importance of attributes, by class.
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Table E2: Socio-economic characteristics of respondents, by classes and region
Northern region

Upper East region

836

325

4

2

Farm size

2.3

1.7

Household size

13

6

Farm distance

9.3

2.9

Observation

205

101

Yield (kg/acre)
Risk
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Table E3: Conditional logit model
CLM
Attributes

Coefficient

SE

Gross margin

0.023***

0.002

Yield

0.25***

0.005

Labour

-0.013**

0.005

Early cultivar

0.152**

0.071

Late cultivar

0.083

0.056

Mechanical weeding

-0.039

0.075

Chemical weeding

-0.056

0.045

Rice-vegetable system

-0.092*

0.050

0.096

0.096

Risk

-0.357***

0.031

ASC

-1.789***

0.174

Double cropping
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Table F.1: Characteristics of classes from the latent class model
Class 1

Class 2

Class 3

Class 4

Class 5

Efficiency indices: Class level
Class efficiency

0.81

0.82

0.80

0.80

0.77

Technology gap

0.89

0.91

0.88

0.87

0.85

Meta efficiency

0.72

0.75

0.71

0.70

0.65

Class membership probability based on region
Region 1 (NR)

0.05

0.46

0.33

0.14

0.03

Region 2 (UER)

0.03

0.02

0.20

0.31

0.45

712

950.31

645

509

379

Farm size

2.29

1.90

2.28

2.41

1.78

Labour costs

1162

1177

1140

918

626

Intermediate

608

596

580

537

497

Farm output per acre
Yield (kg/acre)
Farm inputs

inputs
Other farm household characteristics
Risk

3.13

3.74

3.26

2.56

1.9

Household size

13

13

10

10

7

Note: NR=Northern region, UER=Upper East region. Average pooled efficiency
indices are preference class efficiency (0.80), technology (0.88) and meta
efficiency (0.71). The Upper East region is predominantly represented by Classes
4 and 5, while the Northern region is predominantly present in classes 2 and 3.
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APPENDIX G
QUESTIONNAIRE
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Part A: Choice experiment questionnaire
Note to Interviewer
This part of the survey is to be answered by the same respondents for Part B of the
survey.

Please introduce this survey as follows:
Ghana currently imports 70% of the rice consumed in the country as opposed to the
1970s when the country was self-sufficient in rice production. [SHOW CARD A1]. This
has affected the availability of food to the citizens and development in other sectors of
the economy.

As a result, there have been suggestions to increase local rice production through the
introduction of new rice technologies. Researchers and policy makers are therefore
interested in finding out about the farming methods that farmers will accept to use. We
have thus identified farmers in this area and would like to know their choice for these
new technologies. Please would you mind answering a few questions? We would like
you to consider a new technology being introduced to you as part of the plan to boost
local rice production. Under that circumstance, just imagine being faced with different
technologies that differ in terms of yield, gross margin, change in labour days, cultivar
choice, weed control technology, cropping pattern and risk.

Similarly, in the questions below, we would like you to compare your current farming
system against the options we will be describing to you. The new technology will enable
you to produce twice a year due to availability of water. Each farming system might
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differ in some or all of the following characteristics. Please pay particular attention to
the explanations and the meanings of the images.

[Refer to Booklet And Show Set of Cards: B1-Yield, Followed By B2-Gross Margin, B3Change in Labour Days, B4- Cultivar Choice B5-Weed Control Technology, B6Cropping Pattern, B7-Risk ]

[Note: The Attributes are in the Section One of the Booklet and the Choice Sets are in
Section Two]

Now imagine a hypothetical farming system. The proceeding questions will each present
you with a set of alternatives to your current farming system. Could you please take a
critical look at the cards and indicate the one you would prefer?

[ Refer to Booklet and Show Sample Choice Set and Proceed to Explain the Choice Sets
as Follows]

Each column represents a farming system to be introduced. The questions are about
your personal preferences and there are no right or wrong choices.

Once again, your responses together with those of toher farmers who are interviewed
will help to implement the new rice technologies that are acceptable to all.
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We would like to know how you made the choices: [Please proceed as follows:]
In making a choice between the various farming systems, you were asked to consider
seven characteristics of the system: yield, gross margin, change in labour days, cultivar
choice, weed control, cropping pattern, and risk.
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[Have A Look at the Cards Again]
[Show Set Of Cards: B1-Yield, Followed By B2-Gross Margin, B3-Change In Labour
Days, B4- Cultivar Choice B5-Weed Control Technology, B6-Cropping Pattern, B7Risk ]

Question 13: In making these choices, do you feel some of the 7 issues discussed are
more important than others?
Yes

No

Don’t Know

Question 14: How important were the characteristics of the farming systems to you
when making your choices? Rank using “1=Most important”, “2=Less important”,
“3=Not important at all”
Attribute

Response

Yield
Gross margin
Change in labour days
Cultivar choice
Weeding technology
Cropping Pattern
Risk
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Question 15: Could you please indicate how difficult it was to understand each
characteristic of the farming systems?
Rank using “1=Very difficult”, “2=Less difficult”, “3=Not difficult at all”
Attribute

Response

Yield
Gross margin
Change in labour days
Cultivar choice
Weeding technology
Cropping Pattern
Risk

[Ask only if the respondent always chooses-my current farming system”]

Question 16: You always chose your current farming system. Could you please tell me
why?
My current farming conditions are better than the options provided
I don’t believe the new farming methods could be implemented
The technologies introduced to us in the past were not reliable, so I don’t believe
these would ever be
There was not enough information were not provided about the characteristics of
the farming systems
I didn’t know which option was the best, so I decided on my current farming system.

Other reasons, specify
………………………………………………………………………
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Part B: Production questionnaire
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