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1.1 Introduction
Sub-Saharan African (SSA) countries face a major challenge of reducing rural
poverty. At the same time the countries need to deal with the declining soil fertility that
affects the sustainability of agricultural production systems in the region. There have
been considerable efforts in terms of research and rural development activities aimed to
improve soil fertility, increase productivity and reduce poverty in the region (Pingali
2012; Pingali, Schneider and Zurek 2014). Yet evidence suggests that the SSA region has
continued the downward spiral of poverty and soil nutrient depletion and the associated
problems of food insecurity, and population pressure. According to the Millennium
Development Goals Report 2015 (UN, 2015) about 41% of the population in SSA still
lived below the poverty line of $1.25/day in 2015. Although the same report mentions
that there has been a slight progress in reducing poverty from 57% in 1990, still it is far
from the Millennium Development Goal (MDG) that set a target of reducing poverty by
half by 2015 (UN, 2013).
Most rural households in SSA are dependent on agriculture. Therefore, increasing
crop productivity is clearly a key element to improve living standards and to take these
people out of poverty. However, agricultural productivity in most of the region has been
stagnant or increased slowly (IFPRI, 2013). Muchena et al. (2005) and Herrick and Beh
(2015) argue that SSA is the only region of the world where cereal yields have not
significantly increased and per-capita food production has declined in the last 25 years.
Sanchez et al. (1997) and more recently Bationo, Lamers and Lehman (2015) argue that
land degradation and soil fertility depletion are the fundamental biophysical cause for the
decline in per-capita food production. In Kenya for example, 65% of the population lives
in rural areas where land degradation, inefficient agricultural practices, rapid population
growth, land fragmentation and limited access to markets contribute to the high poverty
levels in this region.
But why these conditions persist despite decades of investments in research and
development, and numerous policy and technology interventions is one the key questions
researchers and policy makers are facing. There is an increasing recognition about the
need to have a better understanding of the complex agricultural systems typical of the
17

SSA in order to appropriately propose and implement policy and technology
interventions. Mixed crop-livestock systems constitute the main production system in
SSA and other parts of the world. However, how these complex systems actually work
needs to be better understood (Thornton and Herrero, 2001). Appropriate tools and
methods to analyze these systems need to be developed or improved and used with
suitable data to assess the impacts of policy interventions, technological changes or
environmental changes (e.g., climate change).
The key challenge to agricultural sustainability in SSA is to reverse the declining
trends of agricultural productivity and the increasing rates of soil nutrient depletion and
high levels of poverty. Policy and technological interventions that lead to the “win-win”
outcome of reversing the negative trends while increasing agricultural productivity
sustainably need to be formulated. The recently proposed post-2015 MDGs, Sustainable
Development Goals (SDGs; SDSN, 2013) emphasize the need to achieve sustainable
development by 2030 by promoting economic development, environmental sustainability,
good governance and social inclusion. Several ongoing efforts are being conducted to
curb land degradation, increase productivity in a sustainable way and thus contribute to
reduce the poverty rates. Governments and scientists are making efforts to develop
policies and technology interventions that will achieve the “win-win” outcome mentioned
above and move from the usual “tradeoffs” between poverty-productivity-sustainability
to “synergies”. Examples of these proposed technologies include “Sustainable
Agricultural Intensification” (The Montpellier Panel, 2013; SDSN, 2013, Garnett et al.,
2013) and ‘Climate-Smart Agriculture” (McCarthy, Lipper and Branca, 2011).
Policy interventions such as the “Strategy for Revitalizing Agriculture 20042014” (SRA), and the “Vision 2030” elaborated by the Government of Kenya (GoK,
2004, 2008, 2013) propose a series of policies and activities to improve household
livelihoods. Although Kenya’s prospects for economic growth are favorable compared to
other countries in the region, poverty alleviation remains a challenge. About half of the
population (43 million) live on an income of less than US$1 per day or are unable to meet
their nutritional requirements. Agriculture in Kenya is the most important sector in the
economy (about 25% of the GDP, Atela et al., 2016). More than three quarters of the
population lives in rural areas where most of the agriculture is of semi-subsistence
18

characterized by complex intercropping, small field size, and high rates of crop failure
and lack of an established capital market. Farm households face deteriorating relative
price relations between farm outputs and inputs and increased land pressure, which leads
to a severe exploitation of soil nutrients (De Jager et al., 1998). Rural poverty is strongly
linked to environmental problems: water management, soil erosion, declining soil fertility
and land degradation. Soil nutrient depletion is one of the major constraints to a
sustainable agriculture. All these conditions plus the change in climate patterns make of
this region one of the most vulnerable of the world (IFAD, 2009).
In order to face these issues, the Government of Kenya developed the Kenya
Vision 2030, a long-term development blue print designed to guide the country to meet
the 2015 MDGs and beyond (GoK, 2007). The Vision 2030 aims to create a “globally
competitive and prosperous nation with a high quality of life by 2030” and is based on
three “pillars”: economic, social and political. The agricultural sector is recognized as one
of the economic actors that can lead to reduce poverty if appropriate policies are in place.
For the Vision 2030, the key is to improve smallholder productivity and promote nonfarm opportunities. The goal is to raise agriculture, livestock and fisheries income by
adding value and improving productivity through use of improved species (crops and
livestock) and better access to inputs, in particular to mineral fertilizer. The Government
plans to build a fertilizer plant with the objective of reducing fertilizer prices. In addition,
there are plans to utilize a million of hectares of currently uncultivated land, and add 1.2
million of newly opened lands.
The GoK Vision 2030 is currently in the process of being implemented. However,
to my knowledge, there are no comprehensive studies that assess the likely economic,
social or environmental impacts of the Vision 2030 interventions, in particular on the
agricultural sector. Furthermore, little is said about the different development paths that
the Kenyan economy can take over the years and how these may affect the proposed
interventions. Ndung’u, Thugge and Owino (2011) recognize that a limitation of the
Vision 2030 is that it included only one single economic growth and development path
without offering options for low or middle growth and development paths.
The main challenge is that, in order to assess the likely impacts of these
interventions on complex mixed crop-livestock systems typical of SSA and other
19

developing countries, we need suitable data, tools and approaches for ex-ante impact
assessment that capture the complex interactions of the systems and at the same time that
allow us to incorporate different development paths and exogenous changes (e.g., climate
change).
Therefore, in this thesis a modeling approach for integrated assessment of semisubsistence mixed crop-livestock systems that takes into account key features of these
complex agricultural production systems and market equilibrium was developed and
applied to a case study in Kenya. This study uses the Tradeoff Analysis model (TOA), a
spatially explicit integrated assessment model of agricultural production systems. The
TOA model links site-specific bio-physical process models and economic decision
models, and thus deals explicitly with the intrinsic variability of farms and growing
conditions, but treats prices as exogenous. This study will develop methods to link the
tradeoff analysis model to a partial equilibrium model in an application for the Machakos
Region in Kenya. Machakos has been the center of many studies looking at soil fertility
issues and its implications for poverty and food security, including the well-known study
by Tiffen et al. (1994). Recently, Machakos County developed a Strategic Development
Plan “From Third World to First World in One Generation” (Machakos County, 2010).
This document establishes guidelines and policy interventions in line with the GoK
Vision 2030. However, it sets the goals to be met and revised by 2017, and it is heavily
based on agricultural policies to increase crop, livestock and fish farming productivity.
The GoK Vision 2030 and the Machakos Strategy Plan are used as the framework
to analyze the proposed policy or technological interventions (e.g., reduction of mineral
fertilizer price, increased non-farm activities). In order to capture the possible socioeconomic conditions (or development pathways) that could be attained as consequence of
these policies and other factors (e.g., climate change), it is necessary to use the concept of
scenarios to represent those socio-economic conditions. Future scenarios are simulated
using Representative Agricultural Pathways (RAPs; Valdivia et al, 2015). RAPs provide
plausible narratives and quantitative information about future economic, social,
institutional conditions. Model scenarios consistent with specific development pathways
can then be formulated using these RAPs.
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1.2 Thesis Objectives
As mentioned above, the GoK Vision 2030 has the main goals of reducing
poverty, increasing food security and protecting the environment. The Vision 2030 aims
to deal with the loss of soil nutrients, reduced crop productivity and increasing risk of
poverty. The question is then, given the challenges mentioned above, could agricultural
policy and technology interventions like the ones proposed by the Kenyan government
lead to a sustainable path for those mixed crop-livestock agricultural systems typical of
SSA? In other words, is sustainable development for semi-subsistence agricultural
production systems possible? What is needed to conduct an ex-ante impact assessment of
these proposed interventions under current or future environmental and socio-economic
conditions?
This study tackles these research questions using an integrated assessment
modeling approach applied to the Machakos District in Kenya, a region well known for
its complex production system, low input use (e.g., mineral fertilizer), low crop
productivity, high rates of crop failure, and high poverty rates.
The goal of the empirical applications will be to test the modeling methods and to
assess the impacts of policy and technology interventions and climate change under
different socio-economic scenarios. The case of the semi-subsistence agricultural
production system of the Machakos region was used to assess how different degrees of
implementation of the Vision 2030 could lead to a sustainable development pathway and
be used as adaptation strategies to deal with climate change.
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Specific Objectives:
x

Review of economic modeling approaches to assess sustainability of agricultural
production systems.

x

Develop an integrated modeling approach that captures key features of
agricultural production systems (mixed crop-livestock) typical of SSA and apply
this approach to quantify economic and economic sustainability indicators for
policy tradeoff analysis.

x

Link this approach to a partial equilibrium model to assess the effects of
technology and policy interventions on the spatial distribution of economic and
environmental outcomes at market equilibrium.

x

Use the integrated modeling approach and partial equilibrium model linked to
socio-economic scenarios to assess the impacts of climate change and policy
interventions on semi-subsistence agricultural production systems.
The next section describes the study area and its main characteristics. The last

section describes the outline of the thesis with a brief description of the other chapters in
this thesis.

1.3 Study Area: Machakos, Kenya
The Machakos region (including Makueni and Machakos districts) is located in
Eastern Province of Kenya, southeast of Nairobi between 0o70’ and 3o00’ southern
latitude and between 36o87’ and 38o51’ eastern latitude (see Figure 1.1). The study area is
approximately 14,000km2 with an altitude range between 340 and 1710 meters above sea
level. The climate is semi-arid with an average annual rainfall that ranges between 500 to
1300 mm. Rainfall patterns are highly variable and distributed in two rainy seasons. The
short season occurs from November to January and the long season from March to June.
Severe droughts are frequent and usually last two or more seasons hurting crop
production and food security (Tiffen et al., 1994). Mean annual temperature ranges from
15°C to 25°C.
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Figure 1.1 Study Area: Machakos Region, Kenya

Agriculture is the most important economic activity in the region; about half of
the area in Machakos under agricultural use. Most agriculture is semi-subsistence
characterized by complex intercropping, small field size, low yields, high rates of crop
failure, and lacking an established capital market. Agricultural production systems
include both crop and livestock activities. Maize is grown as the main staple crop but
other crops (e.g., beans), vegetables (e.g., tomatoes) and fruit trees (e.g., mangoes) are
also cultivated. Livestock, which is mostly managed as zero-grazing with some freegrazing in the lower areas, is also an important activity in the region. Farm households
face deteriorating price relations between farm outputs and inputs and increased land
pressure which lead to a severe exploitation of soil nutrients (de Jager, et al., 1998). Soil
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nutrient depletion is one of the major constraints to a sustainable agricultural
development in the Machakos region. Some studies showed that soil nutrient balances in
Machakos are often negative with annual losses of about 55kg N/ha/yr, (Nandwa et al.,
2000).
Despite several efforts of the government and research programs to increase
maize yields, average yields remain far below their potential creating serious food
deficits in many regions of Kenya where maize is a primary staple. Donovan and Casey
(1998), Sanchez et al. (1997), Bationo, Lamers and Lehman (2015) among others,
recognize that in order to reverse the declining trends in per capita food production and
negative nutrient balances, soil fertility management on farms must be improved.
Increasing crop productivity is clearly a key element to improve living standards and to
reduce poverty levels. The GoK Vision 2030’s proposed policy and technology
interventions aim to deal with soil nutrient losses, reduced crop productivity and
increasing risk of poverty. However, to my knowledge, there has not been any
comprehensive analysis of the likely impacts of these interventions, in particular for the
Machakos region.
In order to assess the impacts and sustainability of policy and technology
interventions aimed to reverse the current trends, it is necessary to use or develop
methods and tools capable of integrating all the complex relationships of the system and
its biophysical and socio-economic conditions. Furthermore, suitable data that could
represent the different components and dynamics of the complex crop-livestock systems
typical of the Machakos region is needed. Recognizing that the key issues in this region
are land degradation, low agricultural productivity and poverty, this thesis focuses on
assessing the impacts of policy, technology and environmental changes on
environmental, socio-economic and bio-physical outcomes represented by the following
indicators: soil nitrogen losses, poverty rate and crop yields. Thus, the data used need to
be able to not only characterize the complexity of the production systems but also to
enable the quantification of distributional impacts of interventions on the selected key
indicators. Data based on one-time recall approaches or data based on representative
farms are not suitable for this kind of analysis. Instead, data from monitoring farms
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studies that include detailed information about input-output flows, soil nutrient balances
and other farm bio-physical and socio-economic characteristics would be ideal.
Acquiring such data is usually a major challenge due to the time and costs
involved in the process. Available data from this kind is scarce and difficult to obtain. In
this thesis we used data collected in the Machakos regions by the projects LEINUTS
from 1997 to 1999 and NUTSAL from 1999 to 2001, which together cover 6 to 7
growing seasons. Both projects applied the participatory Nutrient Monitoring
methodology (NUTMON).
NUTMON is a multi-disciplinary and multi-scale approach to address the
problem of soil nutrient depletion (De Jager et al., 1998b). The NUTMON approach
includes standardized survey instruments and quantifies soil nutrient balances using a
comprehensive accounting of inputs and outputs of the farm and household system,
including crops and livestock. The NUTMON data include details such as nutrient
contents of manure, crop management details like planting dates, plant density, input use
(dates, quantities, prices), livestock management and outputs (crop and livestock yields,
by-products, residues, etc.) The data was geo-referenced which allowed the linkage to
soil and climate data and maps. This comprehensive accounting of inputs and outputs
makes the data well-suited for econometric modeling (Mora-Vallejo et al. 2012).
It is important to highlight that the NUTMON data collected between 1997-2001
may seem to be outdated for this kind of analysis. However, several recent studies show
that there have been little changes in the production system and productivity of key crops
in the region. According to the Government of Kenya’s Agricultural Sector Development
Support Programme (ASDSP. 2013), average farm size for smallholders in the Machakos
region is about 3.5ha, comparable with the NUTMON data where the average farm size is
3.8ha. Average maize yields estimated from the NUTMON data are about 1950 kg/ha
(standard deviation=1471). Data from a household panel survey collected from for
1996/1997, 1999/2000, 2003/2004 and 2006/2007 (TEGEMEO Institute of Agricultural
Policy and Development, 2009) shows that maize yields have been almost stagnant. The
average maize yields reported in this study is about 1265kg/ha. However this includes
data from households in eight agro-regional zones in Kenya. Using the same panel data
and selecting farms with comparable farm size than those in Machakos, the average
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maize yield is about 1835 kg/ha with a standard deviation of 1760. A different study by
Omoyo, Wakhungu and Oteng’i (2015) reviewed historical maize yields from 1979 to
2009 for the lower eastern Kenyan counties of Machakos, Makueni, Kitui and Mwingi.
They estimated the average maize yield for Machakos as 1722 kg/ha, with a lowest yield
of 441 kg/ha in 1998 and the highest yield of 4657kg/ha in 1988. Regarding livestock, the
NUTMON data shows that about 39% of the farms have dairy, while the TEGEMO data
shows that in average 41% of the farms produce dairy. One difference is that the
TEGEMEO report indicates that in recent years farmers moved away from local cow
breeds and started to adopt improved breeds.
The NUTMON data is a unique database appropriate to demonstrate the use and
implementation the integrated assessment framework developed this thesis, but also to
provide a realistic assessment of proposed interventions under different scenario settings.

1.4 Outline of the Thesis
The next chapter presents a review of modeling approaches and presents the
conceptual framework used in this thesis. The subsequent chapters of this thesis present
three studies that can also be read independently. The final chapter is a general discussion
of key findings of this thesis.
Chapter 3 presents an integrated modeling approach designed to incorporate key
features of semi-subsistence crop-livestock production systems. This chapter highlights
the need for understanding fundamental features of these complex systems
(heterogeneity, subsistence and cash crops and livestock) because they may be the key to
design and implement policy and technology interventions that could lead to a sustainable
development. The modeling approach was implemented to simulate the impacts of
proposed policy and technology interventions described in the GoK Vision 2030 and the
Machakos Strategy Plan under different RAPs and assess the conditions under which
these interventions could achieve a “win-win” outcome of reducing poverty and
increasing productivity sustainably.
In Chapter 4 assesses the importance of linking models across scales by linking
the TOA to a partial equilibrium model. In this chapter the procedures to derive a supply
26

curve from the tradeoff curves are described. The resulting TOA-ME model is used to
assess the impacts of technology and policy interventions (similar to those in chapter 2)
on the spatial distribution of economic and environmental outcomes at market
equilibrium prices and quantities.
Chapter 5 presents an application of the TOA-ME in the context of climate
change. In this chapter the TOA-ME is used to assess the impacts of proposed policy and
technology interventions under climate change conditions and different socio-economic
scenarios. In this chapter, output from 5 Global Circulation Models (GCMs) and 3
emission scenarios (SRES) were analyzed and used. These outputs were used to simulate
crop (maize, beans and vegetables) yields response to climate change using a crop
simulation model (DSSAT; Decision Support System for Agrotechnology Transfer, Jones
et al., 2003). Finally, the impacts of the interventions under each climate scenario at the
market equilibrium price are assessed.
Chapter 6 presents a synthesis of the key findings of this thesis and provides a
discussion about possible extensions for further research.
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CHAPTER 2
Background and Conceptual Framework
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2.1. Modeling Agricultural Production Systems: Review of Modeling
There is a growing interest in developing methods and tools to assess the
sustainability

of

agricultural

production

systems,

including

their

economic,

environmental and human health impacts (Ewert et al. 2011, Antle, 2011, Rosenzweig et
al. 2013, Antle, Stoorvogel and Valdivia, 2014). A growing body of evidence shows that
economic and environmental impacts of agricultural systems depend on farm
management decisions and on the interaction of these decisions with site-specific
environmental conditions. Furthermore, assessing sustainability of agricultural systems
involves different spatial and temporal scales that need to be dealt with.
On the one hand, methods have been developed to integrate biophysical and
economic models at a disaggregated level with the objective of capturing the
heterogeneity of the physical environment and economic behavior of farmers (see for
example, Hochman and Zilberman, 1978; Just and Antle, 1990; Goddard et al., 1996;
Fleming and Adams, 1997; Antle et al., 2000; Brown, 2000; Antle and Capalbo, 2001;
Antle and Stoorvogel, 2001; Mathur, 2003; Stoorvogel et al., 2004b, van Ittersum, 2008).
On the other hand, aggregated models based on the construct of “representative agent”
have been widely used in policy decision making. Market equilibrium models are a good
example of these models. They have been used to evaluate welfare implications of a
particular change (policies, climate change, etc.), using representative data of producer
and consumer behaviors.
This implies that aggregated models do not capture the biophysical and
economical heterogeneity that characterizes the production system. Conversely, results
from regional integrated assessment models that capture this heterogeneity have not been
linked to market equilibrium models. Clearly, scale, heterogeneity and aggregation issues
have important implications for modeling agricultural production systems. Below is a
review of the use of different approaches by regional integrated assessment models,
market equilibrium models and then discuss the key issues mentioned above.
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2.1.1 Integrated Assessment Models
Regional Integrated assessment models (IAMs) have been used with different
approaches. Antle and Capalbo (2001) describe four main types of approaches. First,
programming models (e.g., linear or multiple goal linear programming models) can be
used to solve for optimal resource allocations subject to constraints. The two major
weaknesses of these models are that they do not explicitly capture the interaction between
the agents in the model, and they do not fully take into account the spatial dimension of
agricultural activities (Berger, 2001. Also see Hajkowicz and Prato, 1998; Zander and
Kachele, 1999, and Antle and Capalbo, 2001 and Schreinemachers and Berger, 2011 for
other studies). Within this approach it is possible to combine econometric methods with
multiple goal linear programming models.
The bio-economic modeling approach is the combination of a farm household
model in which a behavioral expenditure component is specified and linked to an
iterative mathematical programming simulation model that optimizes the production
structure (Kruseman and Bade, 1998; Kruseman, 1999, 2001; Kuyvenhoven et al. 1998).
The bio-economic modeling approach has been the basis for several studies that included
market analysis (i.e., partial analysis), (Kruseman, 1999; Kruseman, 2001). 1
Berger (2001) developed another type of linear programming model. In this
model, he uses a spatial multi-agent programming model to assess policy options in the
diffusion of technology and resource use changes. Berger’s model explicitly capture the
social and spatial interactions of heterogeneous farm-households by linking an economic
sub-model and a bio-physical model to a GIS type data. He concludes that GIS-based
integrated multi-agent models will become an important tool for policy analysis and
natural resource management (Schreinemachers and Berger, 2011). For a more complete
review of studies and household models see van Wijk et al., 2014.
A second group of models is based on estimation of neoclassical production
function, cost or profit functions. These models can represent spatial variation on

1

This approach is called Metamodelling where the bio-economic farm household simulation

model results and the relevant exogenous variables are linked in a functional way. The resulting model
explains the relationships between inputs and outputs but does not explain the decision making process
(Kruseman, 2001).
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economic and bio-physical behavior and may explain the impacts of bio-physical
conditions on productivity. However, parameters of the economic models are limited to
the spatial and temporal scale of the data used for their estimation, (see Rygnestad et al.,
2002, Fingleton and Fischer, 2010; and for more studies see Brown, 2000 and Antle and
Capalbo, 2001).
A third approach is the based on reduced-form econometric models specified as
functions of both economic and bio-physical variables (see Kauffman and Snell, 1997;
Wu et al., 1999, 2003; Ascough II et al., 2001; Schldach and Alcamo, 2003; Lubowski et
al. 2005; also see Antle and Capalbo, 2001 and Brown, 2000 for other studies). An
advantage of these models is that they embed observed economic behavior of economic
agents.

A disadvantage is that these models do not embody the process-based

information contained in, e.g., biophysical crop and livestock growth models.
Building on this latter approach, Antle et al. (1998) developed a conceptual and
empirical framework that integrates bio-physical and economic relationships at a
disaggregated level and then statistically aggregates to a level that is relevant for
policymakers and that can be used for welfare and policy analysis. This approach follows
the logical sequence of how macro-level policy affects farmer’s decisions, the impacts of
which are seen at the micro-level, and then these impacts are aggregated back to the units
in which policymakers need to work. This approach is described in more detail in section
3 below.

2.1.2 Market equilibrium models
The previous section describes several models and approaches to assess
agricultural production systems. These models represent decision-making by individual
farmers and take prices as exogenous.

In contrast, partial- and general-equilibrium

models treat prices as endogenous. These models are usually based on aggregated data
and therefore cannot be linked directly to environmental processes that depend on
disaggregated, site-specific data.

However, some equilibrium models have linked

environmental process models and economic decision models using representative
environmental and economic data for agro-ecozones in the United States.
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Partial equilibrium (PE) analyses are generally sector-specific, and are used to
examine particular sectors of the economy, taking prices in other sectors as exogenous.
As computer science advanced, more complex modeling studies started to appear (e.g.,
single and multiple commodity models). Partial equilibrium analysis yields results for
one or a few markets at a time, and does not account for interactions with other markets.
However, there often exist market interactions and thus market feedbacks. Pricing
outcomes in one market may have effects in other markets, and these effects create
changes throughout the economy, feeding back to the original market (Vargas et al, 1999,
van Ittersum, et al., 2008). To represent this complex set of economic relationships, it is
necessary to go beyond partial equilibrium analysis and construct a model that permits
analysis of many markets simultaneously. Some PE models have been extended to
incorporate general equilibrium (GE) elements. A GE model examines the economy as a
whole and analyzes the interaction between sectors. In the GE setting it is possible to
analyze efficiency and income effects throughout the economy (Schiller, 1997).
Most of the literature on environmental policy modeling that use GE or PE is
based on aggregate data (e.g., Perroni and Wigle, 1997). Zhang and Folmer (1998), Britz
et al. (2011), van Delden et al. (2011) argue that given the relative strengths and
weakness of the bottom-up models (models that use micro-level data such as farm level),
and top-down models (e.g., computational general equilibrium models, CGE), it would be
worthwhile to link together both types of modelsAntle and Diagana (2003) identified the
important role that soil carbon sequestration might have in helping developing countries
to deal with soil degradation problems. Their analysis is at farm level but they suggest
that PE or GE models would help to assess economic impacts at a regional level.
Kayser, (1999) reviewed several studies on the impacts of climate change on
agriculture for several regions of the world. 2 Most of these studies used GE or PE
models; however all were based on aggregated data. Kayser, in his recommendations for
future research, suggests that “...an important priority for future research will be to link
the more aggregated, macro models with the farm-level, micro models to study climate
2

Rosenzwig et al. (1993); Tobey at al. (1992); Kettunen et al. (1988); IPCC, (1990); Pittock,

(1989); Pittock and Nix, (1986); Walker et al. (1989); Santer, (1985); Smit, (1989); US EPA, (1990);
Williams et al. (1988)
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change impacts in a comprehensive way. Such comprehensive studies, while undoubtedly
major undertakings, should shed valuable insight on climate change impacts on
agricultural prices, supply, demand, farm profits, resource shadow prices and farm
management strategies”.
There are several market equilibrium models that are widely used in agriculture
research. Below is a brief description of some of these models.
GTAP (Global trade Analysis Project, Hertel, 1997) is a multi-region, multisector, computable standard general equilibrium model (there are some applications to
partial equilibrium analysis) with perfect competition and returns to scale. 3 This model
has been used for a variety of applications (agricultural analysis, trade, labor markets,
etc). Recently the model was updated to include dynamic behavior (GTAP-Dyn).
Another addition to the model was a component for energy analysis (GTAP-E). This
module has the objective of linking energy, economy, environment and trade (current
applications of this version include analysis of carbon sequestration and climate change).
Another model that has been widely used in several studies is the Agricultural
Sector Model (ASM). This model is based on the work of Baumes (1978), later modified
by McCarl and Spreen (1980), Adams et al. (1986), Chang et al. (1992) and Lambert et
al. (1995). The ASM is based on mathematical programming and is designed to simulate
the effects of changes in agricultural systems on consumers’ and producers’ welfare. The
model includes production processing, domestic consumption, imports and exports
(Schneider, 2000, Chen et al. 2001).

The ASM disaggregates the U.S. into 63

geographical production sub-regions, each one with different characteristics (e.g., crop
yields). The model includes 33 major crop and livestock commodities and 37 secondary
commodities. Three types of land are specified for each region. This model has been
linked to a forestry model (FASOM, Adams et al, 1996) and used to study climate change
and carbon sequestration (e.g., Schneider, 2000).
The USDA Economic Research Service (ERS) has developed a similar U.S.
Agricultural Sector Model (USMP), which is also a spatial and market equilibrium model
3

GTAP’s base model assumes constant returns to scale and perfect competition in all industries,

however there are several applications where GTAP was modified to assume increasing returns to scale and
imperfect competition (Swaminathan and Hertel, 1996; Francois, 1998).
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based on the General Algebraic Modeling System (GAMS). It has been applied to assess
economic, environmental and policy issues in the U.S. This multi-region partial
equilibrium model includes more than 5500 cropping systems with 10 major crops,
several types of management (e.g., tillage, rotations, fertilizer use, etc), 13 livestock
systems, markets for 44 commodities, and links between production and environmental
indicators (Lewandrowski et al. 2004; Cooper et al. 2001).
The International Food Policy Research Institute (IFPRI) developed a global food
projection model called IMPACT (International Model for Policy Analysis of
Agricultural Commodities and Trade). This model currently covers 320 “food producing
units” in 159 countries and 154 water basins and 62 agricultural commodities (e.g.,
cereals, tubers, soybeans, meats, oils, vegetables etc.). IMPACT is a representation of
competitive world of agricultural market for crops and livestock. It uses a system of
linear and nonlinear equations of demand and supply elasticities to estimate production
and demand functions (see Rosegrant et al. 2012 for more details).
Another model developed by IFPRI is the DREAM (Dynamic Research
Evaluation for Management), which was designed to evaluate economic impacts of
agricultural research and development (R&D) for different conditions of policies,
technology and adoption. DREAM primarily focuses on the evaluation of new
technologies applicable at the farm level. DREAM estimates the impacts of R&D in yield
and production costs at the farm level, but also can be used to assess the broader effects
that depend upon bio-physical, social and market factors. One limitation of DREAM is
that it uses aggregated data (or representative data) for the analysis (see Wood et al, 2001
for more details).

2.2 Scale Issues, Heterogeneity and Aggregation Problems
2.2.1 Scale Issues
As more micro-data have become available, more studies in the literature have
compared outcomes from aggregated models versus micro models. Wu and Adams
(2002) show that aggregate models may predict aggregate variables (e.g., regional land
use) better than micro models. Similarly, Park and Garcia (1994) found that the loss of
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predictive accuracy by modeling corn and soybean acreage response at the state level
instead of the sub-state was minimal. They also showed that the state-level model
provided estimates more consistent with the expected macro variables.
Antle, Capalbo, Paustian and Ali (2005) found that in predicting soil carbon
sequestration for a large region, average carbon rates and spatially varying carbon rates
produced similar results. However, they also showed that aggregate models fail to predict
behavior at disaggregate scales. For example, they found in their analysis of carbon
sequestration that averaged carbon rates resulted in large prediction errors in sub-regions,
suggesting that the level of aggregation should match the level of the policy analysis.
Consistent with these findings, Shumway and Davis (2001) cite Griliches, (1972):
“a seminal idea … suggests that there are different ‘truths’ at different levels of
aggregation, and that they are connected by both the aggregation rules and properties of
the distribution of the micro variables. I think that when we come to know more, we shall
find that good monthly and annual models do not really look alike, and that there is
rhyme and reason for this difference.”
The previous paragraph suggests that models used for policy analysis can be
applied at different scales (e.g., state) using data at different scales (e.g., sub-state), and
that the selection of the scale in the model design plays an important role. The spatial
scale of the models is based on the “resolution” and the “extent” of the model. Resolution
refers to the smallest geographic unit of analysis for the model. Extent describes the total
geographic area to which the model is applied (Agarwal et al. 2002).
Scale is a widely used term, but has different meanings across disciplines. In
geography for instance, scale is defined by the ratio of length of a unit distance on a map
and the length of that same unit on the ground. As a result of this, a “large-scale” map
usually shows more detail but covers less area. In contrast, a “small-scale” map shows
less detail but covers more area 4. Other disciplines such as economics or other social
sciences define a small-scale study as a detailed study covering a small area, and a largescale generally means it covers a large area. Agarwal, et al. 2002 define the terms “fine

4

A “large-scale” map such as a map of a town at 1:10,000 will show more detail than a “small-

scale” map such as the map of the USA at 1:12,000,000
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scale” and “broad scale”. The former term encompasses small extents and a high
resolution and the latter refers to large extents and low resolution.
Another aspect of spatial scale in modeling is that interactions between different
agents that drive the models generally occur at different scales. For example, most of the
environmental and crop process models work at the plot level, but decisions generally
take place at different scales (e.g., nutrient management may be done at field scale, but
water can be managed effectively only beyond the field and farm scale (Kruseman et al.
1996; Kam et al. 2000; Ewert et al., 2011). On the other hand, policy making typically is
interested in larger units (e.g., region, nation), this means that the different components of
a model will have to be aggregated or disaggregated so they can communicate (Antle et
al. 2000). Scale issues, such as how to scale-up biophysical data to the level at which
policy making is developed without losing key characteristics of the data, or how to
scale-down results to measure effects on the micro data, need to be resolved (Antle and
Wagenet, 1995; Dumanski et al., 1998, Adam et al., 2011; Antle, Stoorvogel and
Valdivia, 2014).

2.2.2 Aggregation and Disaggregation Issues
In contrast to the emerging literature that recognizes spatial heterogeneity of
agricultural systems (Taylor and Adelman, 2003; Holden, 2005, Rosegrant et al., 2008),
standard policy analysis generally uses aggregated data and often relies on
“representative data” (e.g., one or few representative farms) because micro data of broad
coverage frequently are unavailable (Stoker, 1984; Wu and Adams, 2002). Attempts at
assessing aggregate policy effects based on analysis of individual firms have been a
research topic for several years. Specifically, aggregation of supply functions dates back
to the work of Mighell and Black (1951). The method used to estimate supply response to
budgeted changes on farms was based on the Marshallian concept of typical firms
stratified into homogenous categories within a region (using characteristics such as land
quality). Supply functions for ‘representative” farms in each category were estimated and
then aggregated to provide a regional estimate of supply response. This method evolved
to what is now known as the representative farm approach (RFA). The RFA has received
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considerable attention and has been widely used for policy analysis. The use of the RFA
or aggregate data in general has some methodological problems or disadvantages that
have also been studied in the literature (see Sharples, 1969, Kirman, 1992, Antle and
Capalbo, 2001) and are summarized below.
The most important implication of the use of the RFA approach is the aggregation
bias in economic behavioral relationships. There are several potential sources of bias in
this procedure. An obvious problem is the selection of data (i.e., selection of the
representative farm that implies representative input-output coefficients, prices, etc.).
Another problem may appear because representative farms not necessarily respond to
shocks or economic stimuli. Responsive farms are likely to be located on the tails of the
distribution rather than in the middle. One of the major challenges in the aggregation
studies is to capture the heterogeneity across individuals.
For policy analysis it is crucial in the aggregation to capture the heterogeneity in
key economic and bio-physical attributes of the individual decision maker’s policy
intends to influence (Wossink, 2001). Heterogeneity in time and space is one of the
important issues to account for while scaling up agricultural production from a
disaggregated level to a level relevant for policy making (Bezlepkina et al., 2006; van
Ittersum, 2008). Antle & Stoorvogel (2001), for example, showed that measures of
sustainability based on “representative” data may result in aggregation bias, so that
assessments of the productivity and sustainability of the production systems might be
inaccurate. In addition, the error associated with using aggregate data for models with
non-linear relationships is well recognized (Easterling et al., 1998; Baron et al., 2005;
Bussel et al, 2011). Stoker (1993) also concludes that “…approaches that neglect
individual heterogeneity, such as pure representative agent modeling, should be
abandoned.”
a. Micro-Macro structural stability
Another consequence of bias from the use of “representative data” is related to the
structural components of the micro or macro functions. An example is the estimation of
market demand and supply functions. In the case of the demand function, it is clear that
if consumers are heterogeneous, there will be problems with aggregation (Blackcorby and
Shorrocks, 1996). Similarly, in the case of the supply function, the standard procedure,
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based on conventional theory of supply, assumes that firms are homogenous and produce
a homogenous product. Yet, these assumptions are often violated. As described above,
heterogeneity is a crucial element to be included in the analysis; therefore an alternative
way to construct a market-level supply curve is to consider heterogeneous firms
producing homogeneous products. Conventionally the market supply curve is defined as
the aggregation of the firms’ supply curves (or marginal cost curves) that can be
estimated using the primal and dual production theory. This process of aggregation might
also bring on some problems.
Mundlak, (2001), for example, remarks that empirical findings in the supply
analysis literature suggests that estimated elasticities decrease with the level of
aggregation, meaning that higher values are obtained for individual products than for the
aggregated output. Also, Mundlak asserts that indirect estimation of supply elasticities
using the input demand estimation yields higher values than those when supply elasticity
is estimated directly. Holmow and Haegeland, 2000, showed that observed heterogeneity
in firms’ productivity affects aggregate industry productivity. Biorn and Skjerpen, 2002,
and Biorn et al. 2003 showed that production functions aggregated by different methods
produce aggregation biases in the output volume and instability of the derived input and
scale elasticities 5.
These findings are important in the selection of a method of aggregating from the
firm-level to the market level. These micro-macro stability (or aggregationdisaggregation) issues occur because parameters of the macro-function include structural
and behavioral micro components, which will differ from the parameters in the micro
function (Theil, 1954; Stoker 1993; Blundell and Stoker, 2005; Heckman, 2001). Thus,
the difference of the micro and macro parameters will cause and aggregation bias if we
use aggregate data to estimate behavioral parameters without correcting for structural
components (Stoker, 1986), or conversely, it will create a disaggregation bias if micro
parameters are used as if they were macro parameters to estimate aggregate functions
(e.g., supply function), (Denton and Mountain, 2004; Halvorsen and Larsen, 2008).
5

Within the production theory in economics, one key feature of production functions is the scale

properties which in turn are characterized by the value of the scale elasticity. This term refers to the concept
of economies of scales rather than the concept of spatial scales.
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b. Macro-Micro linkages: distributional effects
Another important implication about the use of the RFA approach is that
aggregated data cannot represent distributional impacts of agricultural systems in either
economic or environmental terms (Brown, 2000; Antle et al. 2004). In fact, the use of
aggregated data in a heterogeneous population may result in biased estimation of
behavioral relationships and in estimates of economic and environmental impacts. For
example, the studies of economic, environmental and health impacts of pesticides in
Andean production systems by Crissman, Antle and Capalbo (1998), and subsequent
work by Antle and Stoorvogel (2006), showed that heterogeneity in both bio-physical
conditions and economic behavior of farmers was essential to understanding impacts of
pesticides on that system.
In a similar vein, Shepherd and Soule (1998) assert that there is heterogeneity
among economic conditions and environmental impacts for households with different
initial resource endowments and hence policies need to address heterogeneous
characteristics to ensure their efficacy. Brown, (2000) complements this idea saying that
“…the efficacy of different interventions in terms of environmental or economic
indicators may depend on who is directly affected”. In a recent study about fertilizer
yield response in Kenya, Marenya and Barret (2009) arrive to a similar conclusion and
argue that fertilizer interventions may not have the expected effect (i.e., increase yields) if
poor households cultivate in soils highly deficient in soil organic matter. They argue that
while on average fertilizer use is profitable, it might be adverse for farms with low soil
organic matter.
The many attempts to encourage soil conservation investments through subsidy
policies provide a good illustration of the limitations of policy analysis based on simple
representative data. Many studies of conservation investments based on simple costbenefit analysis using representative data suggest that various conservation investments
should be profitable, yet farmers often fail to adopt these practices, or fail to maintain
them after subsidies are removed. For example, a subsidy policy was implemented in the
northern Andes of Peru to encourage farmers to construct terraces to prevent soil erosion.
Although this program lasted several years, the technology was not widely adopted.
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Valdivia (2002) and Antle et al. (2005) showed that rates of adoption of conservation
investments depend on complex interactions among site-specific biophysical and
economic conditions and that this information cannot be captured in aggregated data
based on a “representative farm”.
Similar conclusions can be drawn about studies of climate change impacts, and in
particular, analysis of vulnerability and adaptation to climate change. Crop models have
been developed to predict yields for the scale of homogenous plots and tested using
experimental trials; however they are being used to analyze climate variability which
usually occurs at broader spatial scales. Hansen and Jones (2000) conclude that
aggregating results from these models may over-estimate observed yields. This
aggregation bias is the result from imperfect integration of heterogeneous inputs and from
spatial and temporal variability that the crop models cannot capture in an efficient way.
Similarly, Antle and Stoorvogel (2001) found in their analysis that the use of
representative soil quality characteristics will be biased thus the assessment of the
system’s productivity and sustainability may be inaccurate. Therefore, to accurately
assess the sustainability of the system, the interactions between farmers’ land use
decisions and soil quality must be measured on a site-specific basis. The aggregated
relationships show that the on-farm productivity and potential productivity are functions
of the distribution of economic and physical characteristics of the population. The above
examples show that biophysical data collection and their analysis are usually conducted
at finer scales, but policy questions deal with a broader resolution, therefore integration
of both requires appropriately integrated data and models.
The aggregation problem is an inevitable aspect of applied research in economics,
thus several approaches that try to deal with this problem have been developed (Pesaran,
2003). They can be generalized in two groups: the “deterministic” approach analyzed
first by Gorman (1953), Klein (1953) and then by Malinvaud (1970) and Muellbauer
(1975); and the “statistical” (or stochastic) approach explored by Houthakker (1955,
1956) and Johanson (1972). The statistical approach was later extended and applied by
Kelejian (1980), Stoker (1984), Lippi (1988), Forni and Lippi (1997) among others.
The statistical approach is less restrictive than the deterministic approach which
requires the aggregate function to match exactly the sum of the micro functions for all
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realizations of the disaggregate variables. Furthermore, the statistical or stochastic
approach induces relationships between the population aggregates from the joint
probability distribution of the micro variables and parameters of the micro equations
(Pesaran, 2003). The next section presents a framework for aggregation of heterogeneous
firms.

2.3 Theoretical background
2.3.1 Basic micro-economic model
Understanding the behavior of farmers is the key element to understand
agricultural prices and markets, the effects of agricultural and environmental policies, and
the effects and benefits of new technologies (Just, 1992). Farmers’ decisions about how
to manage their land are generally driven by the goal of improving their well-being. Each
managed land unit embodies a set of natural (e.g., soil quality, slope, climate, etc.) and
socio-economic characteristics (transportation costs, property rights, etc.) 6. Farmers
combine this information in order to make short-run and long-run decisions. In the shortrun farmers make production decisions regarding outputs and variable inputs, given the
technology available at that time and the existing stocks of capital and other resources.
Long-run decisions on the other hand, include land use decisions (e.g., crop shares, total
farm land put into production) and decisions on capital use (Antle et al. 1992). Several
studies have analyzed how agricultural policy may impact farmers’ production decisions,
in both the short and the long run, and how those decisions may in turn affect the
environment (Just and Antle, 1990).
Just (1993) depicts the agricultural production problems assuming they are
characterized by i) production relationships, ii) constraints (resources availability, shortrun capital, other restrictions), iii) accounting relationships, iv) behavioral criteria of
producers, and v) characteristics criteria of the producer. Then the basic microeconomic
model underlying agricultural production analysis, supply and demand estimation,

6

Additionally farmers have different types of capital (e.g., physical, financial, human and social)

that are also taken into account when making decisions, (FAO, 2007).
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agricultural policy and trade and other related topics can be defined by representing the
production function as:
ܺ(݂ = ݍ, ܻ, ࢠ)

(1)

Where q is a vector of outputs corresponding to j activities, assuming that the
number of outputs is the same as the number of activities. X represents variable inputs i
allocated to j production activities, Y represents a matrix of allocations of k fixed inputs
to j production activities, and z is a vector of non-allocatable fixed factors and producer
characteristics.
The short-run constraints of fixed inputs and resource availability (e.g.,
production credit, etc) can be represented by:
Yݕ = ݏ

(2)

Where y is a k vector of farm level allocatable resources and fixed inputs and s is
a j-vector for ones. The accounting relationships constraints in the short run for variable
inputs can be represented similarly by:
Xݔ = ݏ

(3)

Where x is an i-vector of farm-level purchased input quantities 7.
The behavioral criteria can be described by U(p,q,w,x,X,y,Y,z) where p is a vector
of output prices associated with q and w is a vector of variable input prices associated
with y. These behavioral criteria imply input decision and allocation equations at the
micro-level:
ܻ ( כ ܻ = כ, ݓ, ݕ, )ݖ
ܺ = ܺ(, ݓ, ݕ, )ݖ

(4)
(5)

Where Y* is an [(j-1) x k] matrix consisting of the first j-1 columns of Y. Then
substituting (2) (4) and (5) into (1) we obtain the supply equations for activity:
(ݍ = ݍ, ݓ, ݕ, )ݖ
7

(6)

For the case of fixed inputs and resource availability the short run constraint specifies that the

sum of all fixed inputs (e.g., land) or resources available allocated to all production activities cannot exceed
the total available. Similarly, for the variable inputs short-run constraints, farm level purchases of variable
inputs must equal the sum allocated to all production activities.

44

And then substituting (5) into (3) we obtain the variable input demands:
(ݔ = ݔ, ݓ, ݕ, )ݖ

(7)

Using this basic microeconomic model, several approaches have been
developed and used to analyze supply response. Coleman (1983) and later Alston et al.
(1995) considered three approaches to estimate supply response: a) primal (two- stage)
models, b) dual (two-stage) models, and c) directed single-equation supply models.
All these approaches, which are shown in figure 2.1, were described under the
neoclassical theory of the firm (Coleman, 1983). In figure 2.1, route 1 estimates the
production function where some behavioral assumptions are imposed in order to infer the
implied supply function. Route 2 on the other hand, estimates a cost function and the
corresponding input demand functions and uses the derivative properties to estimate the
supply functions. Route 3 estimates the supply function directly by reducing the
behavioral assumptions, but as a result the estimates may not be consistent with some
behavioral assumptions. The use of flexible functional forms such as the constantelasticity of substitution (C.E.S) and the use of transcendental logarithmic have
augmented the use of route 1. Supply functions derived from profit functions follow route
2 and have been also widely used. The application of the duality principle allows
estimating a supply response function following route 3.
Just (1993) classifies the models used in the literature to estimate and analyze
supply response as: a) programming models, b) myopic econometric analysis, c) directed
econometric analysis, and d) indirect econometric analysis (duality theory) 8.

8

For a detailed survey and description of these models, see Just (1993).
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Figure 2.1 Relationships between supply functions and other functions in the theory of
competitive firm. Source Coleman, 1983. (Where

means a dual relationship; q = vector of

outputs; x = vector of inputs; p = vector of output prices; r = vector of input prices, z = vector of
fixed input quantities, Ɏε, c = cost, and *= profit maximizing or cost minimizing level)

In the case of programming models (mathematical programming approaches,
linear programming) the RFA was by far the most popular research approach used for
both the firm and aggregate supply response analysis in the 1960s. The RFA approach
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provided the missing link between micro-level and the aggregate level. According to
Sharples (1969) the broad objectives of this approach was 1) determine individual farm
adjustments so they can maximize profits, 2) assess the aggregate effect from the
individual adjustments and 3) determine further adjustments needed at the farm level to
reflect changing supply-demand conditions. The RFA’s components outlined by Sharples
were i) stratification of farms within a region into homogenous groups, ii) define a
representative farm for each stratum, iii) derive supply functions for each farm, iv)
aggregate the supply functions and v) remove the model’s simplifying assumptions.
Sharples (1969) and Kirman (1992) argue that the RFA model poses some important
problems which are grouped as: a) interdependence or externalities, b) change in farm
size, c) unrealistic firm-level assumptions, d) the selection of representative farms, and e)
mechanical problems. In addition, one major problem of the RFA as discussed in section
2 above, is that it limits their usefulness for explaining spatial variation behavior.
Additionally, the data and parameters used in programming models are usually not
derived from statistically representative samples of the population.
The other group of models called “myopic econometric models” (Just 1993) or
“partial approach” (Coleman, 1983) refers to those models that attempted to estimate
single-equation production functions (often characterized by Cobb-Douglas technology)
or in the context of market analysis, a single–equation supply function (often
characterized by the Nerlovian supply model). Some of the major problems with this type
of models rely on the fact that these models are usually estimated with an incomplete
view of the decision model ignoring important interactions. Estimating equations
individually, theoretical inconsistencies result in the estimated relationships which in turn
result on the lack of econometric identification and efficiency. Generally, these models
also represent a gross simplification of reality and as a consequence, estimated
parameters seem to be unstable over time, which creates a problem for policy analysis.
A “structured directed econometric model” attempts to estimate all observable
relationships simultaneously in a consistent framework. Just, Zilberman and Hochman
(1983) developed this approach for the case of multiple outputs and constraints across
production activities. Three major problems with these models are: first, data for all
necessary endogenous variables are often not available. A second problem arises from the
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need to solve and estimate a system of first-order conditions, and then only production
functions and behavioral criteria with simple specifications are tractable. A third problem
is that errors in specification of the model can adversely affect estimates for other
components of the model due to the cross-equation parameter constraints necessary for
theoretical consistency (Just, 1993).
The duality approach (“indirect econometric models”) has gained increasing
interest since Sheppard (1953) and McFadden (1978) recognized that econometric
simplifications could be possible due to the existence of duality between production and
profit (e.g., Antle, 1984) or cost functions (e.g., Binswanger, 1974). One clear advantage
of this approach is that it provides a consistent interpretation of agricultural data and
more efficient estimation of agricultural supply because it facilitates consistent
specifications for supplies and demands. Other advantages depicted by Alston et al.
(1995) are the use of factor prices rather than quantities as explanatory variables which
helps to avoid simultaneity problems when input choices are jointly endogenous with
output. In addition, the dual representations and their derivative properties allow for the
estimation of a system of equations that include the cost function and the system of
output-constrained factor demand equations.

2.3.2 Aggregation of heterogeneous firms
Recognition of the problem of aggregation when firms’ characteristics are
heterogeneous has led to efforts to develop models that deal with it. Johansen (1972)
showed that reliable aggregation is possible, at least in the short-run. He derived a shortrun aggregated function (called a macro function) based on the distribution of the
production units with respect to technological characteristics. This model, called a
microparameter model 9, was first studied by Houthakker (1955), Johansen (1959) and
Solow (1962). The basic assumption underlying the microparameter model is that
producers have a choice of several production techniques before an investment takes
place, but once a particular technique has been chosen, it cannot be changed. Therefore, it
exhibits ex-ante smooth substitutability and ex-post rigid complementarity. This

9

In some studies this model is called “putty-clay” model (e.g., Green and Sunding, 2000)
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characteristic implies that all short-run response to changes in relative prices occur at the
extensive margin (Green and Sunding, 2000). An important element of this model is that
microunits are assumed to vary continuously according to some probability density that
captures heterogeneity in variables such as location.
Hochman and Zilberman (1978) used this approach to examine environmental
policies based on production and pollution microparameter distributions. The main point
regarding aggregation is that disaggregated units can be statistically aggregated to a
macro level. Other applications of the micro parameter model were developed by Just and
Antle (1990), Bacock et al. (1997) and Green and Sunding (2000), among others. Just and
Antle (1990) demonstrated that environmental heterogeneity conditions determine
agricultural production and environmental impacts. They also showed that, with
statistically reliable field-specific production and environmental data, it would be
possible to measure the key parameters needed to assess aggregate relationships between
agricultural and environmental policies and the environment.
Wossink et al. (2001) states that scaling up agricultural production from a
disaggregated level should account for i) heterogeneity in time and space, ii) existence of
bio-physical and economic feedback loops; and iii) the non-linearity of many functional
relationships. Many studies in the literature that ignore heterogeneity assume that
individuals are identical and that the associated micro relations are homogeneous,
therefore aggregation is not a problem. However, this is not the case in practice. Pesaran
(2003) argues that sources of heterogeneity may include: a) input variables
(heterogeneous initial endowments), b) micro parameters (heterogeneous coefficients),
and c) micro functional (heterogeneous preferences and/or production functions).
Aggregation over individuals when there is some form of heterogeneity can’t be
done using the traditional approach. Pesaram (2003) summarizes a general framework of
the two aggregation approaches (deterministic and statistical) that deal with
heterogeneity.
Let’s define the behavioral relationship at the micro level:
ܡ௧ =  ( ܠ௧ , ܝ௧ ,  )

i= 1, 2,…,N; t=1, 2, ….,T

(8)

Where yit is a vector of decision variables, xit is a vector of observable variables,
uit is a vector of unobservable variables, and ĳi is a vector of unknown parameters. When
49

the source of heterogeneity is different inputs (or endowments) across individuals then
(8) becomes:
ܡ௧ =  ( ܠ௧ , ܝ௧ , )

i= 1, 2,…,N; t=1, 2, ….,T

(9)

For this type of heterogeneity, aggregation is not a problem when micro-relations
are linear (e.g., Cobb Douglas production functions). When input variables and
parameters differ across individuals then we have:
ܡ௧ = ( ܠ௧ , ܝ௧ ,  )

i= 1, 2,…,N; t=1, 2, ….,T

(10)

For this type of heterogeneity the aggregation process is not simple,

especially when some or all of the parameters have non-linear relationships (Hansen and
Jones, 2000).
The deterministic approach treats all input variables and parameters as given and
seeks an aggregate function which is identical to the function that results from the
aggregation of the micro relations (see Gorman (1953), Theil (1954) and Blundell and
Stocker (2007)). Let ܇௧ = ܰ ିଵ σே
ୀଵ ܡ௧ . Then aggregating (8) under  (ή) = (ή) across all
i with xit, uit and ĳi as given, we have:

܇௧ = ܰ ିଵ σே
ୀଵ ( ܠ௧ , ܝ௧ ,  )

(11)

۴( ܆௧ , ܃௧ ,  ) ് ܰ ିଵ σே
ୀଵ ( ܠ௧ , ܝ௧ ,  )

(12)

Then, there is an aggregation problem if:

Where:

 ܆௧ = ܰ ିଵ σே
ୀଵ  ܠ௧

܃௧ = ܰ ିଵ σே
ୀଵ ܝ௧

ĳa is the vector of parameters of the aggregate function. On the other hand, perfect
aggregation exists if:
ฮ۴( ܆௧ , ܃௧ ,  ) െ ܰ ିଵ σே
ୀଵ ( ܠ௧ , ܝ௧ ,  )ฮ = 0

(13)

This condition is rarely met in economic analysis and specifically, (13) is not
satisfied when (ή) is a non linear function of xit and uit, even when ĳi is identical across

individuals (Pesaran, 2003; Hansen and Jones, 2000; Antle and Stoorvogel, 2001).
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An alternative and less restrictive approach such as the statistical (or stochastic)
requires that equation (13) holds ‘on average’. Kelejian (1980) suggested an approach
that was later rigorously formalized by Stoker (1984).
Let ȝy(t) and ȝx(t) be the means of yit and xit across individuals at a point in time
and define an aggregate relation as one that links ȝy(t) to ȝx(t) at a point in time t. In this
approach xit, uit and ĳi across individuals are treated as stochastic with a joint probability
distribution function P(xit, uit and ĳi; i «1șt ZKHUHWKHSDUDPHWHUYHFWRUșt could
vary over time but not over individuals. Then, integrating out the individual effects we
have:
ૄ = )ݐ( ܡૐߠ( ܡ௧ ) =  ܠ( ௧ , ܝ௧ , )ܲ( ܠ௧ , ܝ௧ , ; ߠ௧ )݀ ܠ௧ ݀ܝ௧ ݀,
ૄ = )ݐ( ܠૐߠ( ܠ௧ ) =  ܠ ௧ ܲ( ܠ௧ , ܝ௧ , ; ߠ௧ )݀ ܠ௧ ݀ܝ௧ ݀

(14)
(15)

Where xt = (x’1t, x’2t….x’Nt); ut = (u’1,u’2….,u’N) and ĳ=(ĳ’1, ĳ’2…ĳ’N). Now,
OHWșt  ș1tș2t ZKHUHș2t has the same dimension as xit for all i, and suppose that for a
JLYHQș1t WKHUHLVDRQHWRRQHUHODWLRQVKLSEHWZHHQș2t and ȝx(t), then:

and

ߠଶ௧ = ૐିଵ
ߠ[ ܠଵ௧ , ૄ])ݐ( ܠ,

(16)

ିଵ
ૄ = )ݐ( ܡૐିଵ
ߠ[ ܡଵ௧, ૐ ߠ[ ܠଵ௧ , ૄ = ])ݐ( ܠ۴[ૄ)ݐ( ܠ, ߠଵ௧ ]

(17)

The relationship between ȝy(t) and ȝx(t) is then defined as the exact aggregate
equation. This type of aggregation may lead to a better consideration of distributional
issues and heterogeneity in aggregate specifications and may allow the use of more
disaggregated data.

2.3.3. Econometric process model
The econometric-process approach (EPM) developed by Antle and Capalbo
(2001) represents economic decisions on a site-specific basis, at spatial and temporal
scales compatible with bio-physical crop simulation models and environmental process
models so that they are coupled to economic models. In the EPM farmers make discrete
land use decisions for each managed land and given these decisions they make
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continuous input decisions for variable input use.

Antle and Capalbo describe the

production process at field i for crop j in period t in terms of the production function:
qijt = f(vijt, zijt, eit)

(20)

where:
v is a vector of variable inputs,
z is a vector of allocable quasi-fixed factors of production and other fixed effects;
e is a vector of environmental characteristics of the field (e.g., soil quality,
climate, etc).
Then, the expected profit function corresponding to this production function is
defined as:
ʌijt ʌj(pijt, wijt, zijt, eit) where pijt is the expected output price.
Define įijt =1 if the jth crop is grown at field i at time t and įijt = 0 otherwise. In the
event that the land is not in crop production then it is in a conserving or other productive
use that earns a return ʌict, where c indicates this conserving use. Letting įict = 1- Ȉj įijt we
can define the land use decision is defined as solving:
PD[Ȉj įijt ʌj(pijt, wijt, zijt, eit) + įict ʌict

(21)

(įi1t,.. įint)
The solution takes the form of a discrete step function:
į*ijt = įj(pit, wit, zit, eit, ʌict),

(22)

where pit is a vector for the pijt and likewise for the other vectors. The quantity
of planned production on the ith field and the variable input demands are calculated using
Hotelling’s lemma:
q*ijt = į*ijt w ʌj(pijt, wijt, zijt, eit)/ w pijt = qijt(pit, wit, zit, eit, ʌict)

(23)

v*ijt = -į*ijt w ʌj(pijt, wijt, zijt, eit)/ w wijt = vijt(pit, wit, zit, eit, ʌict)

(24)

Antle and Capalbo (2002) state that the solution to (21) applies to a given field
and is based on the assumption that each field can be managed separately. This model
conveniently simplifies the linkages between economic and bio-physical processes.
However some factors may cause the management of fields to be inter-related,
especially where production and consumption decisions are non-separable. Also,
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interdependence of management decisions across fields can be caused by risk. A
stochastic term can be added to the production functions assuming that these stochastic
terms are jointly distributed across fields. If farmers are risk averse and choose
production activities to maximize their expected utility, it can be shown that production
decisions may be inter-related across fields. According to Antle and Capalbo (2002),
despite this interrelationship fields can be modeled as being managed independently by
risk-neutral farmers, provided that these farmers participate in input and output markets,
and provided that they have access to rental markets for land and capital inputs. When
these conditions do not hold, more complex models may be needed. Antle and capalbo
(2002) argued that “..a strong test of the value of risk is the ability to improve predictive
power of empirical models”. They tested a spatially explicit dynamic model with the
assumption of risk neutrality. Their results showed that adding a risk aversion component
did not increase the predictive power of the model.

2.4 Conceptual Framework
In this study we use the regional integrated assessment model developed by Antle
et al (1998), and which conceptual framework (from now on called Tradeoff Analysis –
TOA) is described below. The advantage of using TOA is that it integrates bio-physical
processes and economic decision making of farmers on a site-specific basis and thus
accounts for spatial heterogeneity. Results can be statistically aggregated to a level that is
relevant for policymakers and used for welfare and policy analysis and linked to market
equilibrium models.
As shown in Figure 2.2, existing policies and market conditions (prices),
technologies, and farmer and farm characteristics affect farmers’ management decisions
regarding input and land use. Physical relationships between the environmental attributes
of land and management practices jointly determine the agricultural, environmental and
health outcomes associated with a particular unit of land in production. Antle et al. also
demonstrated that each unit of land in production has management and environmental
characteristics that are functions of prices, policies, technology and other farm-specific
variables. The probability distributions of these characteristics generate a joint
distribution of management practices, environmental characteristics and health outcomes
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for each unit of land in production. This joint probability distribution provides a
statistically valid representation of the outputs, inputs, environmental and health impacts
for the population. With this joint distribution the analyst can construct statistically
representative indicators of impact (e.g., average impacts as well as measures of risk and
vulnerability).

Figure 2.2 Conceptual Framework for Disciplinary Integration and Policy Analysis (Antle,
Capalbo and Crissman, 1998)

These indicators can be presented in the form of 2-dimensional tradeoff curves for
policy analysis (Antle et al. 1998 and 2000). These tradeoff curves define combinations
of economic and environmental outcomes that can be associated with different output and
input prices, environmental and other type of regulations or policies. A key fact used
below is that these tradeoff curves represent the supply side of the agricultural system.
Figure 2.3 describes the general conceptual framework that includes the market- level
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analysis. As mentioned above, results of the TOA model comprise joint distributions of
impacts in terms of agricultural output, environmental quality and health indicators for
alternative technologies and policies. These distributions are aggregated to generate the
tradeoff curves among these indicators. The tradeoff curves are a set of possible
equilibrium points associated with different prices, therefore tradeoff curves can be
interpreted as generalized supply curves that include both market and non-market effects.
Supply side

Prices

Policy

Demand side
Attributes of human,
physical and biological
populations

Land use and input use
decisions at field scale
Consumption,
household data, etc

Agricultural
output

Environmental
impacts

Health
impacts

Joint distributions of output,
environment and health
impacts

Estimates of income,
own price and cross
price elasticities of
demand

Statistical aggregation

Tradeoff curves for watershed scale
policy analysis &
supply curves for market
level analysis

Demand curves
for market analysis

Market equilibrium
analysis

Trade curves for market level
policy analysis

Figure 2.3 Conceptual Framework for Disciplinary Integration and Policy Analysis that include
market level linkage (Adapted from Antle, Capalbo and Crissman, 1998).
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We can then link these heterogeneity-based supply curves to market conditions
(i.e., add the demand side) and estimate market equilibrium as described in chapter 3 of
this thesis. The key point of this analysis is that this model will allow us to use sitespecific data to capture the heterogeneity of that population and generate tradeoffs among
economic and environmental indicators, estimate market equilibrium and link these
results back to the underlying spatial distributions and measure their effects.

2.5 Derivation of Tradeoff Curves and Aggregate Supply
The analysis of agro-ecosystem sustainability requires a good communication
between bio-physical and socio-economic sciences. Integration of disciplinary knowledge
is necessary in order to support informed agricultural-environmental policy analysis
(Antle and Just 1991; Antle and Capalbo, 1991; Wossink et al., 2001, Antle and
Stoorvogel, 2006; Kruseman and Bade, 1998, etc). Just and Antle (1990) developed a
conceptual framework to analyze interactions between agricultural and environmental
policies and environmental impact (e.g., pollution). Their approach allows the integration
of bio-physical and economic models at a disaggregate level thus capturing the
heterogeneity of the physical environment and the economic behavior of farmers. Results
can then be statistically aggregated to evaluate impacts at a macro-level useful for policy
analysis.
The disaggregated model has two components: i) Physical model, which is used
to determine environmental impacts (e.g., pollution) as a function of management
decisions and environmental characteristics of land in production; and b) economic
model for making management and land use decisions as functions of prices, policies and
environmental characteristics of the land managed by the farmer.
Let’s define a population of land units (e.g., fields) in relation to an
environmentally meaningful geographic area such as a watershed. Then Ȧj is a vector of
land qualities or the jth-field’s environmental characteristics with elements that affect i)
crop productivity and ii) environmental impact. The environmental impact is represented
by the stylized model:
ܢ = ܠ(ܢ ,  , ઽ )

(1)
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Where xj is the a vector of management actions on the jth field (e.g., level of input
use); İj is a random term representing effects of weather and other exogenous effects; and
zj is the environmental impact generated by production on the jth field and measured in
physical terms per unit of land.
The economic model is based on optimal land and inputs allocation in the process
of production as function of prices, policies and environmental characteristics of the land
managed by the farmer with the objective of maximizing expected economic returns.
Assume that farmers are risk-neutral and that all face the same technology being
differentiated only by environmental characteristics of their land. Then, in the production
period, the ith farmer manages ni fields with their corresponding environmental
characteristics ߱ = (߱ଵ , ߱ଶ , … . . ߱ ). Define the indicator function:
1, if field j is in production of crop k

ߜ
=൜
0, otherwise

(2)


and ߜ  = (ߜଵ , … . ߜ ). The vector of physical attributes of
Also let, ߜ = σ ߜ

land in production is then defined by:

߱(ߜ  ) = (߱ଵ ߜଵ , ߱ଶ ߜଶ , … . . ߱ ߜ )

(3)
th

The total land in production A on the i farm in the production period is defined

as:
ܣ = σ ܽ ߜ

(4)

Where ܽ is the size of the jth field on the ith farm.

Production of crop k on field j is defined by:

ݍ
= ݍ (ܽ , ݔ , ߱ , ߝ )

(5)

Assuming all farms in the region face the same vectors p and ȥ of prices and
policy and technology parameters define  ݔ = (ݔ … … ݔ ) as the input allocation vector.

Then the ith farmer’s decision problem is to maximize expected returns by choosing xi
and įi subject to the physical attributes of the land Ȧi, price p, and policy and technology
parameters ȥ. Formally,
max௫  ,ఋ ߨ [ ݔ , ߱(ߜ  )ห, ߰, ߱ ]

(6)
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:KHUHʌLVWKHIDUPHU¶VREMHFWLYHSURGXFWLRQIXQFWLRQHPEHGGLQJWKHSURGXFWLRQ
technology. The solution to this maximization problem generates the following demand
functions:
ݔ = (ݔ, ߰, ݓ ), and

(7)

ߜ = ߜ(, ߰, ݓ )

(8)

The environmental characteristics ߱ are distributed across the fields in the region

ZLWKDGLVWULEXWLRQGHILQHGE\WKHSDUDPHWHUYHFWRUĬ7KLVLQGXFHVDMRLQWGLVWULEXWLRQIRU
input use xi and land use įi in the population for given price parameters p, policy and
technology parameters ȥ and IRU WKH JLYHQ GLVWULEXWLRQ RI SK\VLFDO FKDUDFWHULVWLFV Ĭ
ȟ [į_SȥĬ . The environmental attributes of land in production defined above are
determined by land use decisions. Yields and environmental impacts are function of input
use and the environmental attributes of the land in production. Thus, the joint distribution
ȟin turn induces distributions of the physical characteristics of land in production, crop
production and environmental impact, more precisely; farmer’s production decisions
generate a joint distribution of land use, output, input, environmental attributes and
environmental impacts in the region.
This approach allows establishing individual impacts (i.e., at field level) based on
farmers’ decisions which are subject to farmer and physical characteristics of the land in
production, and to the prices and policy conditions in the region. The farmer decision
model provides a statistical representation of the population in the region that needs to be
aggregated to a level required for policy analysis. As it was discussed in previous
sections, deterministic approaches for aggregation are too restrictive (see Theil, 1954)
therefore an alternative is to use a statistical approach to deal with the aggregation
problem.
From the disaggregated model described above, the joint distribution of input use
and other characteristics associated with a specific field is defined as ȟ [Ȧ_SȥĬ where
ĬLVWKHSDUDPHWHURIWKHGLVWULEXWLRQRISK\VLFDOFKDUDFWHULVWLFVRIWKHSRSXODWLRQ$OVR
let the farm’s input demand function be [ SȦ for price vector p, then we can define the
population mean input level as:
ߤ(, ߰, ߆) |ݔ(ܧ ؠ, ߰, ߆) = (ݔ , ߰, ߱)ߦ(ݔ, ߱|, ߰, ߆)݀߱݀ݔ
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(9)

Antle (1986) argues that under reasonable assumptions, aggregate output Q (e.g.,
aggregate supply) and aggregate environmental impact Z (e.g., aggregate pollution) can
be interpreted as conditional expectations of output and environmental impacts in the
population, given prices, policy and technological parameters in the population. Antle
also points out that these conditional expectations cannot be inferred from aggregate data
because they require knowledge about the individual farms’ inputs and outputs, and in
this case they also require knowledge of the physical characteristics of the population.
The aggregate output and aggregate environmental impact are defined as:
ܳ(, ߰, ߆) = (ݔ[ݍ , ߰, ߱), ߱]ߦ(ݔ, ߱|, ߰, ߆)݀߱݀ݔ
ܼ(, ߰, ߆) = (ݔ[ݖ , ߰, ߱), ߱]ߦ(ݔ, ߱|, ߰, ߆)݀߱݀ݔ

(10)
(11)

Assuming that the function ߤ(, ߰, ߆) is invertible such as the function

ߤ(݄ = , ߰, ߆)exists, then the aggregate output and environmental impact functions can

be expressed as ܳ(ߤ, ߰, ߆) and ܼ(ߤ, ߰, ߆). Additionally, the aggregate input vector X is
an average of  ݔ because it satisfies:

plim ܺ = ߤ
՜ஶ

Where n is the number of firms in the production period. This means that when
the number of firms is larger, the aggregated input X can be interpreted as approximately
equal to ȝ. As a consequence, the aggregate output and aggregate environmental impact
in the population can be expressed as functions ܳ(ܺ, ߰, ߆) and ܼ(ܺ, ߰, ߆) and the

aggregate input demand can be expressed as ܺ(, ߰, ߆). The aggregate production

functions Q, Z and the aggregate input demand X can be interpreted as population means
and used for polLF\DQDO\VLV$OVRWKHVHDJJUHJDWHIXQFWLRQVGHSHQGRQWKHYHFWRUĬWKDW
defines the distribution of individual firm characteristics in the population (Antle 1993).
$ FKDQJH LQ Ĭ ZLOO FDXVH D VKLIW LQ WKH DJJUHJDWH SURGXFWLRQ IXQFWLRQ 3ROLF\ DQDO\VLV
must then take into account the fact that any change in the firm characteristics in the
population will change the underlying distribution; therefore relationships between
aggregate output and input will be different. Likewise, changes in the environmental
characteristics of the land in production will lead to a change in the production function Z
(Antle and Capalbo, 1991).
Equations (10) and (11) can be used to show the tradeoffs between aggregate
outcomes (e.g., economic vs. environmental). Tradeoff curves are constructed by varying
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one parameter, ceteris paribus. Figure 2.4 shows a tradeoff curve generated by letting
price parameters p YDU\ZLWKLQDUDQJHȍ7KHQWKHWUDGHRIIFXUYHEHWZHHQ4 e.g., crop
production) and Z (an environmental quality indicator such as soil quality) is defined as:
ܶ(ܺ, ߰, ȣଵ ) ܺ(ܳ({ ؠ, ߰, ȣ), ܼ(ܺ, ߰, ȣ)| ߳ ȳ}

(12)

Figure 2.4 shows that Q0 units of output can be produced at a cost of the
environmental quality level at Z0. However, if production increases to Q1 the soil quality
decreases to Z1 (e.g., loss of soil nutrients). The analysis could also imply that the starting
point is b1 on the tradeoff curve T, and then a program or policy aimed to reduce soil
nutrient at a level such as Z0 would cause a reduction on output from Q1 to Q0.

Figure 2.4 Theoretical framework tradeoff curves.

Now assume that there is a change on the distribution of farm characteristics ȣ

such as improved availability of fertilizer due to road construction (access to the market).

Then, if fertilizer use increases crop yield and contribute to balance nutrient loss, then
farmers would be able to increase or maintain the same level of crop production but a
lower environmental cost. This case is represented by the tradeoff curve T1 in Figure 2.4.
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Now a production level of Q0 produces Z’0 units of environmental quality. Conversely,
Q1 units of crop production will produce Z’1 units of environmental quality. For informed
policy decision making, this information could play a very important role in assessing the
viability of alternatives or technologies that look for either increase in crop productivity
and reduce the effects on the environment.
In this context however, prices are treated as exogenous and reality is that at
certain level, prices become endogenous, thus a market level analysis would also play a
key role in the analysis. Determining the market equilibrium point will allow us to know
where exactly we are in the tradeoff curve. Moreover, changes in prices or farm
characteristics as the ones discussed above may also impact the aggregate output,
therefore market equilibrium prices may also be impacted. The key fact that allows us to
derive the supply curve from the tradeoff curves is that the tradeoff curves are
constructed by varying the mean of a price distribution (e.g., maize price) while holding
the other parameters constant. At the same time, this framework allows us to modify a set
of parameters to represent different socio-economic conditions to characterize future
plausible development pathways. In order to capture the possible socio-economic
conditions that could be attained as consequence of these policies and other factors (e.g.,
climate change), we use the concept of Representative Agricultural Pathways (RAPS;
Antle and Valdivia, 2014). RAPs provide plausible narratives and quantitative
information about future economic, social, institutional conditions. Model scenarios
consistent with specific development pathways can then be formulated using these RAPs.
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CHAPTER 3
In Search of Sustainable Development:
Modeling Semi-Subsistence Crop-Livestock
Systems to Solve the Poverty-ProductivitySustainability Puzzle in Sub-Saharan Africa

Achieving the goal of sustainable development in African agriculture will require
better understanding of the poverty-productivity-sustainability puzzle: why high poverty
and resource degradation levels persist in African agriculture, despite decades of policy
interventions and development projects. We hypothesize that the answer to this puzzle
lies, at least in part, in understanding and appropriately analyzing key features of semisubsistence crop-livestock systems typical of Sub-Saharan Africa: high degree of biophysical and economic heterogeneity, complex and diversified production system
involving a combination of subsistence and cash crops with livestock. We describe an
integrated modeling approach designed to incorporate these features. We illustrate how
this approach can be implemented to quantify economic and sustainability indicators for
policy tradeoff analysis in the Machakos region, Kenya. The analysis suggests that a
successful implementation of the Vision 2030 strategy of the Kenyan Government could
lead to a sustainable development pathway and achieve newly proposed Sustainable
Development Goals.

Based on: Valdivia, Roberto O., Antle, John M. and Jetse J. Stoorvogel. 2015. In Search
of Sustainable Development: Modeling Semi-Subsistence Crop-Livestock Systems to
Solve the Poverty-Productivity-Sustainability Puzzle in Sub-Saharan Africa. Submitted to
Agricultural Economics
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3.1 Introduction
Although the Millennium Development Goal of reducing poverty by half could be
achieved globally by 2015, recent estimates indicate that four out of every five people
will still be living in extreme poverty in Sub-Saharan Africa (SSA) and Southern Asia,
with the majority of those in rural areas and dependent on agriculture for their livelihoods
(UN 2012). These conditions in SSA present a major challenge for the recently proposed
post-2015 Sustainable Development Goals (SDGs; SDSN 2013). The SDGs emphasize
the need to achieve sustainable development by 2030 by promoting economic
development, environmental sustainability, good governance and social inclusion.
Why these conditions persist in many regions of rural SSA – despite decades of
research and development investment, policy interventions and development projects –
remains one of the most important questions facing researchers and policy decision
makers. Numerous explanations have been offered for the low success of conventional
intervention strategies for agriculture, based on improved crop varieties, recommended
use of external inputs, raising crop prices and improving infrastructure and institutions
and market conditions (World Bank 2008; Barrett and Marenya 2009; Stephens et al.,
2012; Sanchez et al. 2007, Pingali 2012; Pingali, Schneider and Zurek 2014).
In this article we hypothesize that the answer to this puzzle lies, at least in part, in
understanding and appropriately analyzing the key features of the semi-subsistence croplivestock systems (CLS) typical of many parts of Sub-Saharan Africa and other parts of
the developing world. We hypothesize that it is the complexity and diversity of these
systems that often constrains the ability of policies to achieve a “win-win” outcome of
simultaneously reducing poverty while raising productivity sustainably. For example,
encouraging the use of nutrient-using improved crop varieties such as hybrid maize
without the appropriate management (e.g., adequate fertilizer application rates) is likely
to lead to losses in soil fertility and a low productivity “poverty trap” (Antle, Stoorvogel
and Valdivia 2006; Marenya and Barrett 2009b; Barrett and Carter 2013). Likewise,
failure to appreciate the important role that livestock play in small-farm livelihoods may
lead to inappropriate and ineffective development strategies (Herrero et al. 2009).
To investigate this hypothesis, we extend the concept of econometric-process
simulation models proposed by Antle and Capalbo (2001) to represent semi-subsistence
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crop-livestock systems (CLS) using the Tradeoff Analysis Model system (Stoorvogel et
al. 2004; Valdivia, Antle and Stoorvogel 2012) to conduct simulation experiments that
represent the kinds of policies and interventions that have been implemented or are being
planned in many parts of Sub-Saharan Africa. We use this model to evaluate the potential
for the development strategy proposed by the Government of Kenya (GoK) to achieve the
Sustainable Development Goals of reducing poverty and enhancing sustainability defined
as maintaining soil productivity. Thus, we framed the GoK proposed interventions as
“Sustainable Agricultural Intensification” (SAI) policies. SAI is defined as producing
more outputs with more efficient use of inputs while reducing or avoiding environmental
damage (The Montpellier Panel 2013, SDSN 2013, Garnett et al. 2013). SAI has become
the focus of an ongoing debate among researchers and policy makers. While SAI policies
are attracting the interest of national and international institutions, SAI is being highly
criticized for those who argue that SAI means a switch to industrial agriculture. However,
as Garnett et al. (2013) point out, SAI is an evolving concept subject to debate, but it is
only part of the story, there are other dimensions to consider (e.g., social, environmental)
in order to improve the food system sustainability. In recent years the International
Livestock Research Center (ILRI) has been promoting SAI technologies (such as the ones
presented in our analysis, e.g., promoting improved breeds, increasing feeding efficiency,
etc.) to move small-holder farmers with CLS in Africa out of poverty while having a
positive impact on environment, health and equity (Tarawali et al. 2013).
Another dimension of sustainability that could be considered is greenhouse gas
emissions. However, as yet this issue has not been addressed by the GoK (or by most
other African governments), and we have elected not to incorporate greenhouse gases in
the analysis presented here. However, the framework we present could be used to extend
the analysis of SAI to include greenhouse gases, and that remains an important topic for
future research.
A key challenge facing the national and international agricultural research
community is to assess the impacts of agricultural policies, technologies, and
environmental change (e.g., climate change) on the sustainability of CLS and the wellbeing of people depending on them (World Bank 2008). Modeling agricultural systems
has progressed in the direction of integrated assessment where bio-physical and economic
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data and models are coupled (Holden 2005; Antle 2011; Berkhout, et al. 2011; Giller et
al. 2011). CLS exhibit a number of features that pose substantial challenges for modeling
these systems. These features include: a high degree of bio-physical and economic
heterogeneity; extremely small field, herd and farm size; a complex mix of subsistence,
cash and livestock activities including intercropping; high rates of crop failure; and low
and variable use of external inputs. Although these features are typical of CLS, there has
been little discussion of how to deal with them in the empirical production economics
literature, how these features may affect the ability of policy interventions to achieve
desired goals of reducing poverty and increasing productivity sustainably, and how these
interventions may respond under future socio-economic scenarios.
In the first section of this article we describe the characteristics of CLS and
illustrate them with data from the Machakos region in Kenya. Next we show how these
features can be incorporated into a whole-farm version of an econometric-process
simulation model which is implemented using the Tradeoff Analysis (TOA) software
(Stoorvogel et al. 2004). The TOA software simulates agricultural systems by coupling
spatially-explicit data with site-specific biophysical and economic models. We present a
model developed for the Machakos region that we use to carry out simulation
experiments designed to assess the impacts that policy and technology interventions, such
as those designed to encourage fertilizer use and raise farm-gate crop prices, may have on
the poverty of farm households and the sustainability of their farming systems. We do
this by assessing the impacts of these interventions under different plausible agricultural
development pathways. We conclude with policy and research implications.

3.2 Characteristics of CLS: Implications for Sustainable Development
There is a wide variety of CLS worldwide each with their own specific
characteristics (Dixon et al. 2001). In this study we focus on the CLS in the Machakos
region, a hilly drought-prone farming area of nearly 13,500 km2 located 50 km south-east
of Nairobi. The region includes both Machakos and Makueni districts. The farming
systems are characterized in a number of farm surveys clustered around 6 villages and
using the nutrient monitoring system NUTMON (de Jager, Nandwa, and Okoth 1998; de
Jager et al. 1998; Van Den Bosch et al. 1998a and 1998b). NUTMON was originally
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designed to quantify soil nutrient balances. However, this comprehensive accounting of
inputs and outputs makes the data well-suited for econometric modeling (Mora-Vallejo et
al. 2012). The agricultural systems of the region exhibit typical characteristics of CLS
(Table 1 and 2).
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Machakos
9.26
(7.63)
12.64
(4.89)
32.22
(2.82)
10.23
(7.44)
26.16
(44)
25.58
(44)
16.86
(37)
7.56
(26)
23.84
(43)
2.78
(1.43)
8.68
(3.16)
185.06
(111)
100.00
(0)
44.77
(50)

Variable

Output price, complex intercrop (ksh/kg)

Maize price (ksh/kg)

Bean price (ksh/kg)

Vegetable price (ksh/kg)

Complex intercrop land share (%)

Maize land share (%)

Beans land share (%)

Vegetables land share (%)

Grass land share (%)

Farm size (ha)

Family size

Family labor (md/season)

Education (% literate)

Farmer occupation (% farmer)

57.85
(49)

79.96
(40)

72.88
(118)

8.17
(2.90)

3.14
(3.24)

17.15
(38)

–

0.62
(7.86)

22.11
(42)

60.12
(49)

–

–

15.61
(1.02)

8.06
(7.17)

Kionyweni

Table 3.1. Summary Statistics by Village, Machakos NUTMON Data

69

56.60
(50)

80.19
(40)

136.58
(89)

7.25
(3.99)

3.08
(2.06)

16.04
(37)

3.30
(18)

8.49
(28)

37.26
(48)

34.91
(48)

9.52
(2.24)

28.78
(0.94)

16.47
(2.40)

16.45
(8.87)

Kasikeu

70.00
(46)

61.74
(49)

148.53
(81)

7.33
(2.19)

7.84
(7.10)

10.43
(31)

–

7.39
(26)

36.09
(48)

46.09
(50)

–

25.00
(0.01)

14.93
(2.14)

12.24
(8.81)

Kiomo

78.32
(41)

92.39
(27)

167.66
(78)

8.92
(2.93)

1.55
(0.74)

3.23
(18)

33.94
(47)

12.00
(33)

31.74
(47)

19.10
(39)

24.29
(16.00)

29.95
(0.46)

15.18
(1.42)

14.28
(11.00)

Matuu

81.16
(39)

91.79
(28)

159.25
(142)

7.87
(3.03)

4.31
(4.16)

8.70
(28)

55.07
(50)

–

10.63
(31)

25.60
(44)

14.89
(9.82)

–

15.21
(1.23)

8.03
(5.75)

Kibwezi

1.30
(1.11)
1.76
(4.77)
17
214
(131)
1.32
(0.36)
69.14
(25)

Tropical livestock units/farm

Dairy production (kg/TLU/month)

Farms with dairy (%)

Manure production (dry kg/TLU/month)

Manure price (ksh/kg)

Labor price (ksh/day)

28.19
(6.08)
Note: Means with standard deviations in parentheses.

14,463
(24,775)

Off-farm income (ksh/season)

Mineral fertilizer price (ksh/kg)

Machakos

Variable

29.87
(2.38)

63.57
(24)

6.02
(2.32)

152
(229)

10

6.43
(23.04)

2.90
(3.18)

3,142
(6,801)

Kionyweni
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25.56
(4.09)

111.72
(67)

3.62
(2.45)

150
(131)

44

6.75
(12.90)

1.64
(0.82)

18,198
(26,087)

Kasikeu

–

97.94
(72)

1.81
(1.48)

216
(65)

30

3.85
(9.23)

2.06
(2.52)

7,296
(10,527)

Kiomo

32.34
(22.00)

95.00
(12)

3.72
(1.50)

245
(232)

69

7.85
(9.39)

2.87
(5.63)

2,100
(5,430)

Matuu

33.81
(26.00)

66.49
(24)

1.79
(0.91)

291
(50)

61

13.88
(16.00)

0.98
(0.40)

9,270
(13,917)

Kibwezi

Table 3.2. Summary Statistics by Crop, Machakos NUTMON Data
Variable
Output value (ksh/ha)
Output quantity (kg/ha)
Byproduct value (ksh/ha)
Crop failure (%)
Area (ha)
Manure (dry kg/ha)
Manure use (%)
Hired labor (md/ha)
Off farm labor use (%)
Mineral fert (kg/ha)
Mineral fert use (%)
Purchased seed (kg/ha)
Seed use (%)
Pesticide (kg/ha)
Pesticide use (%)
Irrigation use (%)
Sample size

Intercrop
19,185
(20,826)
1,092
(1,143)
2,786
(7,677)
34
0.36
(0.48)
434.22
(838.92)
49
(50)
15.30
(40.36)
38
(49)
7.32
(23.52)
15
(36)
42.90
(56.85)
73
(45)
1.43
(8.41)
24
(43)
3
(18)
235

Maize
30,786
(22,863)
1,950
(1,471)
3,741
(5,069)
24
0.28
(0.38)
1,216.74
(1,351.83)
53
(50)
36.68
(42.53)
23
(42)
67.88
(88.53)
20
(40)
44.59
(53.00)
78
(42)
15.89
(52.70)
9
(29)
18
(39)
322

Beans
43,975
(28,936)
1,799
(1,310)
3,063
(5,213)
30
0.20
(0.16)
327.36
(814.35)
34
(48)
5.29
(21.75)
20
(40)
11.44
(34.42)
19
(40)
50.30
(56.48)
58
(50)
0.53
(3.40)
8
(27)
10
(30)
168

Vegetables
59,464
(47,104)
3,985
(4,854)
–
1
0.15
(0.31)
560.49
(1,206.84)
48
(50)
27.32
(86.01)
20
(40)
35.28
(78.98)
37
(48)
21.94
(43.12)
79
(40)
145.98
(1,053.55)
54
(50)
93
(25)
239

Note: Means with standard deviations in parentheses. Sample size includes fields with crop failure and zero inputs. Mineral
fertilizer quantities expressed in total quantities of commercial products.

Biophysical and economic heterogeneity:
The Machakos study area presents a large variation in biophysical and socio-economic
conditions. Altitudes range from 400 to 2,100 meters above sea level in the semi-arid region with
low soil fertility. Farm size varies highly between the villages with small farms (<2 ha) in the
higher, more humid areas and larger farms (about 8 ha) in the lower and dryer rangelands.
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Typical fields are less than 0.5 hectare, with many fields less than 0.1 hectare and a small
number of fields larger than 1 hectare. Per capita income varies greatly between villages,
consequently poverty rates range from 37% in the village with high levels of vegetables
production to 93% in areas where no vegetables are produced and dairy production is low.
Complex crop and livestock systems
Farms include a variety of cropping systems in combination with livestock production.
Semi-subsistence farms typically include monocrops, simple intercrops, and complex intercrops.
In a simple intercrop, a small number of different species, such as beans and maize, are planted
together. In a complex intercrop, a relatively large number of species are planted together, often
in diverse combinations of crops in different proportions on different farms. In the CLS of
Machakos the principal cropping systems include i) complex intercrops, where a single field may
have 10 or more species planted together, ii) maize and beans grown as a monocrop or together
as a simple intercrop, iii) vegetables in areas that have access to irrigation, and iv) grass to feed
livestock. Farm households typically own one to three tropical livestock units (a dairy cow
equivalent). In some areas, livestock is grazed, but many farms use a so-called zero-grazing
system in which livestock is confined to increase the efficiency of nutrient recycling, using
Napier grass and crop residues as feed and storing manure for use on the subsequent season’s
crops. Across the region, about one-third of farms produce milk, but the importance of dairy
production varies greatly from one village to another. The villages with more cash crop
production also produce much more milk, and dairy productivity varies substantially by village.
Dependence on semi-subsistence farming
The data show a substantial variation across villages in dependence on subsistence crops,
cash crops and off-farm income. The diverse intercrop is mainly for subsistence whereas
vegetables are grown as cash crop. Maize and beans can be grown for home consumption but are
also sold on the local markets. Off-farm income is increasing in importance in many parts of
Africa.
Low input use
Only about 20% of maize parcels have fertilizer applied to them, and where it is used the
rate is about 65 kg of commercial product per ha, a relatively low rate compared to the fertilizer
recommendations. Seeds, particularly for the market oriented crops, are typically purchased.
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Pesticide use is limited mostly to irrigated vegetables. Most fieldwork is carried out by hand
labor, primarily family labor with limited use of hired labor.
Low Productivity
Crop yields are low but also highly variable. Crop failure rates are high for maize and
beans in this semi-arid environment (Kenyan government statistics indicate crop failure rates as
high as 50% in cases of droughts), except for irrigated high-value vegetable crops. Crop
byproduct is a small part of total crop value, but is important for livestock feed and nutrient
recycling, with about 50% of fields having manure and composted crop residues applied.

The features of CLS described above show that these systems depend on complex
interactions among crops (often intercropped), livestock and the bio-physical and economic
environments in which they operate. The bio-physical and economic complexity of these systems
results in limited scientific understanding of the systems and the interactions between these
systems and critical environmental factors such as soil nutrients (Titonell et al. 2005a, 2005b,
Giller et al. 2011). This complexity also means that conventional reductionist research programs
designed around the improvement in productivity of individual crops such as maize are less
likely to be successful than in systems dominated by monoculture. For example, hybrid maize
has been widely adopted in parts of Kenya, yet maize productivity remains remarkably low in
many parts of Kenya, including parts of the Machakos region, even though adoption rates of
hybrid maize are relatively high (Karanja, Jayne and Strasberg 1998; Suri 2011).
Moreover, the importance of subsistence “orphan” crops further complicates
productivity-enhancing research. Even though some progress has been made in improving
productivity potential of some of these crops through research investment (Pingali 2012; Pingali,
Schneider and Zurek 2014), the fact that they are often grown in a wide array of complex
intercrops, with very low use of external inputs, limits their productivity.
The extremely small farm size in most of the regions and complexity of these systems
also limits the potential for interventions to reduce poverty and enhance sustainability. Consider
the impact of improving maize productivity on poverty: because maize represents only about 30
percent of the value of farm production, even relatively large improvements in maize
productivity have relatively small effects on per capita income, especially if those improvements
come at a relatively high cost of external inputs such as hybrid seed and mineral fertilizer. The
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potential for these systems to raise productivity sustainably – meaning, in this context,
maintaining soil fertility – depends on the ability of farmers to recycle nutrients between crops,
livestock and the farm household. Attempts to raise productivity by enhancing the production of
a nutrient-depleting crop like maize therefore risks actually reducing sustainability of these
systems by effectively exporting nutrients in the form of the higher grain yields that can be
obtained in the short run by essentially mining soil fertility. However, in the longer run, the loss
of soil organic matter and soil nutrients results in lower yields and higher rates of crop failure,
with the risk of moving the system to a low-level equilibrium from which it may be both
ecologically and economically very costly to escape (Antle, Stoorvogel and Valdivia 2006).
Another important dimension of the complexity of CLS, and the challenges and limits to
interventions designed to improve their performance, is due to the important role that livestock
play in these systems. The importance of livestock in CLS is underappreciated and poorly
understood, despite the research by the International Livestock Research Institute which has
shown the critical role that livestock plays in the livelihoods of many of the world’s poorest farm
households (Thornton and Herrero 2001; Herrero et al. 2009). The data from Machakos clearly
bear out this fact: when the data are stratified by farm type, they show that households with
significant income from dairy production have poverty rates about 50% lower than households
that depend primarily on crops. Moreover, livestock play a critical role in the sustainability of
these systems, providing a mechanism to recycle crop nutrients through the use of animal
manure (Claessens et al. 2012).
In conclusion, intervention strategies that do not take into account the key features and
dynamics of CLS can lead to serious unintended consequences that may affect the sustainability
of the system (e.g., decline in agricultural productivity) which is one key the drivers of poverty
and food insecurity.

3.3 Modeling Semi-Subsistence Crop-Livestock Systems for Policy Analysis
3.3.1 The Tradeoff analysis approach
To investigate the potential for the policy strategies of the GoK to achieve the SDGs, we
utilize the TOA approach in which the inter-relationships between key sustainability indicators
are used to evaluate outcomes of policy experiments (for more detailed description of the TOA
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see Stoorvogel et al. 2004; Antle, Stoorvogel and Valdivia 2014). Embedded within the TOA is
an econometric-process simulation model or EPM (Antle and Capalbo 2001, see Chapter 2 for
details). An EPM is an empirical production model that can be linked to site-specific biophysical models. The underlying idea of the EPM approach is to estimate behavioral equations
from econometric production models for each activity in the system and use these equations to
simulate farmer’s decisions as functions of farm characteristics, prices, policy parameters and
site-specific crop productivity. The farm-level simulations are aggregated to the regional scale
relevant for policy analysis.
Here we extend the field-level approach of Antle and Capalbo (2001) to a farming system
to represent the features of CLS mentioned above. The CLS have both crop and livestock
activities that are interacting through the production of animal feed (mainly Napier grass), the
use of crop residues as animal feed, and the collection and use of manure for the fertilization of
crops, thus a whole farm approach is needed.
The structure of the whole-farm EPM for Machakos is presented in Figure 3.1. The farm
is defined in terms of a set of characteristics: size and location, number and size of fields, family
size and amount of family labor available, age and education of the head of household,
availability of off-farm income, and the number of livestock. By specifying reduced-form
behavioral (output supply and input demand) equations as functions of household characteristics,
the model can represent the effects of non-separable consumption and production decisions
(Benjamin 1992). The simulation takes the farm through a series of growing seasons. Each
season, a set of expected prices are sampled from the observed distributions, and quantities of
milk and manure production are simulated as a function of animal feed (crop residues and Napier
grass) from the previous growing season. Next the production cycle begins: manure production
(including composted crop residues) from the previous season is used to determine the quantity
available to be allocated to crops; then crop input use and input demand functions, crop failure
probabilities, and crop and byproduct equations are simulated to compute cost of production,
expected revenue, and expected returns for each crop for each field on the farm. The expected
returns of each crop are compared on each field and the crop with the highest expected returns is
selected. Field-level crop-specific outputs, inputs and returns associated with each field are saved
for aggregation to the farm level. At this point, the growing season is completed and a new
growing season is initiated by re-sampling prices and the production cycle is repeated.
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Figure 3.1 Structure of the econometric-process simulation model of the crop-livestock system in the
Machakos region, Kenya

3.3.2 Characteristics of CLS and the implications for modelling

Multiple outputs
The monocrop, simple intercrop and complex intercrop in CLS require different
modeling approaches. A simple intercrop can be modeled as a multiple-output process using
established econometric techniques for both primal and dual representations of the technology.
For complex intercrops, each unique combination of crops could be modeled as a multiple-output
76

system in the same way that a simple intercrop is modeled as long as the multiple-output
technology’s parameters are consistent across the different output combinations (Weninger
2003). However, when many different combinations of crops are observed, this solution is
impractical for estimation due to the limited degrees of freedom available for each unique crop
combination, and also for simulation because of the large number of distinct systems. The
approach pursued here for modeling complex intercrops is to assume input-output separability.
Thus for an input vector x t 0 and output vector q t0, the production function can be specified as
F(x) = Q(q), so that the individual outputs can be aggregated into a single output index Q. Using
this specification, the production function can be estimated, or an aggregate price index can be
constructed to estimate corresponding dual supply, revenue or cost functions. In the Machakos
application an input-output separable revenue function is used.

Crop failure
An important occurrence in many CLS is crop failure. To incorporate crop failure into the
economic simulation model, we estimate probit models as functions of farm characteristics and
management variables, and then use these models to predict probabilities of crop failure. In the
simulation model, we use these probabilities to compute expected returns adjusted for risk of
crop failure.

Non-essential inputs
Some key agricultural inputs are non-essential, meaning that output can be produced with
either zero or positive quantities of those inputs. As noted above, in (semi-) subsistence
agriculture, many farmers do not use mineral fertilizers and pesticides on some crops, and may
not employ hired labor or animal traction. Non-essential inputs raise the issue of modeling the
discrete choice of input use/non-use, and the specification of primal or dual representations of
the technology.
Production systems with non-essential inputs can be modelled using the estimation of
revenue (or production) functions and input demand equations. The revenue function is used here
because it is defined in terms of input quantities, thus avoiding the problem of specifying a profit
or cost function that allows for corner solutions. We have developed two techniques for revenue
function specification with non-essential inputs. The first technique is used in cases where input
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quantities are measured with so much error (e.g., when data are collected using surveys based on
recall) that the quantities observed convey relatively little information, but the input use/non-use
observation is likely to be accurate. In such cases, it is possible to approximate the production or
revenue function by replacing the input quantity with a dummy variable for input use/non-use.
The production function can then be approximated in a simulation using a linear interpolation
between the output levels associated with zero and the average rate observed for users (Gray
2005).
When both input use/non-use and quantities are observed with reasonable accuracy, a
non-essential input choice can be represented with a discrete-continuous choice model such as
the Heckman model. However, a well-known limitation of the Heckman two-step estimator is
the difficulty in identification of the use/non-use decision distinct from the continuous use (Fox,
et al. 2009). It would be most efficient to estimate the system of input demand functions jointly,
but in practice joint estimation is complicated by the fact that farmers use various combinations
of non-essential inputs, so we use single-equation estimation. To specify constant-elasticity
production or revenue functions that depend on non-essential input quantities, we apply the
procedure proposed by Battese (1997). Accordingly, we define a dummy variable dk = 1 if input
xk > 0 and otherwise dk = 0, and the revenue function is specified with (1- dk) and ln(xk + (1- dk))
(see equation 2 below). The coefficient on the dummy variable represents the shift in the
intercept when the input is not used, and the coefficient on the term ln(xk + (1- dk)) is the
production elasticity when the input is used. In the simulation, a probit model is used to predict
the value of the dummy variable.
Another issue that arises with non-essential inputs is how to specify prices for
observations where inputs are not used and thus input prices are not reported. Some researchers
use the practice of replacing missing data with sample means. Note, however, that this practice
would not be appropriate for non-essential inputs if the input is not used because the farmer faces
a high effective opportunity cost, e.g., because of high transportation costs or other market
imperfections. We apply this logic by assuming that non-users face a price at the upper end of
the observed price distribution.
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Biophysical heterogeneity
Agricultural economists have devised a number of methods to capture the effects of soils,
climate and crop characteristics in empirical economic models. Many econometric models have
been estimated with farm-specific or region-specific dummy variables to capture spatial
differences in productivity. Also, economists have included measurements of soil quality and
climate in econometric production models. While these techniques may capture some of the
effects of bio-physical characteristics of land on productivity and behavior, they fail to
incorporate the systematic knowledge that farm decision makers have about the relationships
between the physical environment at a site, the crop characteristics, and crop productivity. This
knowledge has been embedded in modern crop growth models such as the Decision Support
System for Agrotechnology Transfer (DSSAT) models (Jones et al. 2003).
We have developed a procedure to link bio-physical crop simulation models to
econometric-process simulation models (Stoorvogel et al. 2004; Antle and Stoorvogel 2006).
This procedure is based on the observation that farmers base management decisions, in part, on
their site-specific knowledge of production potential. We interpret the outputs of bio-physical
crop simulation models, simulated with site-specific soils and climate data for a typical
technology with average or representative management inputs, as a site’s inherent productivity.
Inherent productivity variables are calculated with DSSAT crop growth simulation models as
nitrogen limited yield. They are included in the econometric production model as exogenous
predictors of farmer’s crop management decision-making. Crop simulation models are designed
primarily for single crops or simple intercrops, but they are not suited for complex intercrops.
One way to overcome this issue is to use crop inherent productivities that best correlate with the
outputs and inputs used in the intercrop.
In the case of Machakos, the economic model includes four cropping systems (inter-crop,
maize, beans, vegetables). Associated with each system are a main product and a byproduct. In
addition, Napier grass is grown for animal feed. The amount of land allocated to grass (Napier
grass, mostly in higher elevation areas and natural pasture in lower areas) is treated as a
parameter in this model that is varied in model scenarios along with herd size, to reflect the fact
that it is associated with livestock production. Corresponding to these crop definitions, maize,
bean and tomato crop models were parameterized using the DSSAT crop modeling system to
produce inherent productivities (hereafter referred to as inprods). Maize and bean are important
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crops in the complex intercrop, so both maize and bean inprods were tested in the econometric
models for the subsistence crop. The two inprods were highly correlated, but the bean inprod was
found to provide the best results and was used in the model. The inprods were computed using
site-specific soils data and climate data (Mora-Vallejo et al. 2012).

Heterogeneity in farm households and decision makers
Farm household and decision maker heterogeneity have been represented in models in
various ways, including human capital (Huffman, 2001), risk attitudes and associated
characteristics such as wealth and experience (Sunding and Zilberman, 2001), and through a
non-separable household structure that introduces factors such as farm and family size and
composition (Strauss and Thomas, 1995). All of these features could be incorporated into an
econometric-process simulation model given suitable data. The choice of appropriate modeling
strategy should depend on the properties of the system, the policy issues being addressed, and
data availability (Holden, 2005, Flichman et al., 2012). We use a reduced form model that
incorporates household characteristics. For the implementation of the simulation model,
equations for all of the exogenous variables were estimated with village dummy variables and
with selected interactions to represent logical inter-relationships. Equations for farm size and
family size were specified as functions of village dummy variables, and equations for field size
and livestock units were estimated as functions of village dummy variables and farm size, and
family labor was specified as a function of village effects and family size. Equations for input
and output prices were specified with village and seasonal effects. Risk aversion also could be
incorporated into the model, although recent evidence suggests that heterogeneity is a more
fundamental factor in crop choice and input use unless risk is a predominant factor in decision
making (Valdivia, 2002; Lence, 2009; Suri, 2011; Antle, 2011).

Economic Heterogeneity and Poverty
Spatial price heterogeneity is represented by estimating and simulating a recursive system
of price equations to represent price expectations of farmers. These equations incorporate
observed spatial and seasonal patterns among prices and spatial correlations among prices.
The econometric-process model simulates the per capita income mi for the ith farm, so
with a poverty line t we can calculate the headcount poverty index as  = ܪ1/ܰ σே
ୀଵ ݉(ܫ < )ݐ,
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where N is the total population and I(.) is an indicator function that is equal to 1 if mi is less than
the poverty line, and 0 otherwise (World Bank, 2005).

3.3.3 Econometric Model Specification
Econometric revenue and input demand models for complex intercrop, maize, beans,
vegetables, and dairy production were specified in constant elasticity form. The output
relationships were estimated as revenue functions with the dependent variable specified as the
value of output, predetermined variables specified as output price, input quantities, and
continuous and discrete exogenous variables (e.g., farm characteristics, inherent productivity).
Following the discussion above, the output price for the complex intercrop was constructed as an
output share-weighted index of the individual crop prices. Input demand functions were specified
in conventional form as functions of input prices normalized by output price and other
exogenous variables. Following the above discussion, the econometric models were specified in
the following general form:
p(yi) = I[W0 + ¦j Wj xji + ¦k Tk cki]

(1)

where:
p(yi) = probability that yi > ry, (ry = threshold value for yi)
yi = output value or input quantity
i = 1,2,3… observation index
j = 1,2,3,… continuous exogenous variable index
k = discrete (dummy variable) exogenous variable index
xji = jth continuous exogenous variable
cki = kth discrete exogenous variable
Wj, Tk = parameters.
For each dependent variable yi, a probit function (1) is estimated. When the dependent
variable is revenue, the probit function determines the probability of crop failure defined as the
probability of expected revenue falling below a threshold value ry. In these models, the revenue
threshold is selected to correspond to a minimal physical output. The threshold value ry is zero
for inputs.
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Two stochastic specifications were considered for the econometric models (equation 2),
additive and multiplicative error, with the choice based on goodness of fit and parameter
sensitivity to collinearity.
g[yi] = f[E0 + ¦j Ej (1 – dji) + Jj ln((1 – dji) + xji) + ¦k Gk cki]
where:

(2)

g[z] = z, f[z] = exp(z) + H, additive error specification

g[z] = ln(z), f[z] = ln(z) + H, multiplicative error specification
H = random error
Jj, Gk = parameters
dji = 1 if xji > 0, dji = 0 if xji = 0
When the input quantities are positive, this is a conventional constant-elasticity model
with either an additive or multiplicative error. When input quantities are zero, the model
intercept is E0 + ¦jJ Ej where j indexes the exogenous variables that are zero. The models were
estimated using the maximum likelihood estimation of the probit models and the application of
least squares to the revenue and input demand equations. Because the use of the input is part of
the farmer’s decision problem, the estimation of the input demand equations could be affected by
selection bias. We tested the models using ordinary least squares and a maximum likelihood
estimator for Heckman’s selectivity model. The results did not show evidence of selection bias
for most models. Combined with the identification issue discussed above, we judged the least
squares model estimates to be most reliable.
Following the standard procedures in the literature, for estimation of the revenue
functions we assume that input quantities are predetermined relative to output. This assumption
can be justified by observing that in CLS, most input quantities such as seed and manure are
applied early in the season before most random production shocks (due to e.g., weather and
pests) are observed by the farmer. One exception is that farmers may base planting and
fertilization decisions on the amount of rainfall that occurs prior to the growing season.
However, rainfall and other random events after planting also substantially impact crop output,
so this bias should be limited.
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Model Calibration
The model was calibrated in several steps. First, the econometric models for the
exogenous variables and for the revenue and factor demand equations were checked to ensure
that simulated values were consistent with observations. Second, the model was calibrated to
predict within-sample land allocations, using means of crop price distributions as calibration
parameters, based on the idea that price expectations are not observed and may differ from the
means of observed ex post price distributions. As Figure 3.2 shows, the correlation between the
observed and simulated village-level crop land allocations is about 0.76. Third, the model’s
behavior was checked for consistency with economic theory. Figure 3.3 shows the effects of
varying the price of maize on the shares of land allocated to the four components of the
production system (intercrop, maize, beans, vegetables). As economic theory predicts, the share
of land allocated to maize varies positively with the maize price, while the other components
vary negatively. Observe that the principal reallocation is between the two key components in
the system, the intercrop and maize.
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Figure 3.2 Observed versus simulated land allocation shares for the Machakos Model (farm data
aggregated to village level)
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Figure 3.3. Response of simulated land allocation to changes in the mean maize price in the BAU
scenario, Machakos, Kenya

Aggregation, Indicators, Scenarios and Tradeoff Curves
Policy decision makers typically are concerned about the well-being of populations rather
than individuals. In the application of the TOA model, the simulations are executed for a sample
of farms drawn from maps representing the distribution of bio-physical and economic conditions
in the region. The resulting farm-level outcomes can be interpreted as the joint distribution in the
population, and can be used to calculate population-level statistics including the poverty rate, the
average rate of soil nutrient loss in the population, the risk of soil nutrient loss exceeding a
threshold. These simulations can be executed to represent the current or base conditions of the
system or to assess the impacts of policy or technology interventions. The impacts of these
interventions will depend on current bio-physical and socio-economic conditions together with
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the trends of key elements of the system (e.g., regional market price of fertilizer) that we refer to
as Representative Agricultural Pathways (RAP). RAPs are plausible qualitative narratives and
quantitative trends that can be translated into model parameters (i.e., scenarios) for policy
analysis and climate impact assessment (Rosenzweig et al., 2012; Antle et al., 2013; Valdivia et
al. 2014). In this article we use RAPs to specify two development pathways to assess the impacts
of proposed interventions of the GoK that have the main goals of reducing poverty and
improving food security. We compare the impacts of these RAPs to a RAP that assumes no
changes in current growth trends and no implementation of the proposed interventions. The
relationships between economic and environmental indicators, which we refer to as “tradeoff
curves,” can be constructed for each scenario by replicating the simulations while varying one or
more parameters in the model. In the analysis presented below, we construct tradeoff curves by
varying a key price in the system, the price of maize, which is varied over a range of -75 percent
to +100 percent of the mean base price for each RAP. In the design of the scenarios, we set
prices parametrically to be consistent with the RAP and interpret them as the result of market
equilibria along the development pathway.

3.4 Assessing Sustainable Development Pathways for Machakos, Kenya
The Kenyan government has developed a strategic plan (Kenya Vision, 2030) to
transform the country into a “new industrialized country that provides a high quality of life to all
citizens by 2030 in a clean and secure environment” (GoK, 2008, 2013). The Kenya Vision 2030
provides guidelines for policy and technology interventions in all sectors with the main goals of
reducing poverty, increasing food security and protecting the environment. The agricultural
sector is one of the pillars for the transformation plans of Kenya, and the Vision 2030 aims to
deal with two key policy issues that have been studied in the Machakos region: the loss of soil
nutrients and the resulting loss in crop productivity; and the increasing risk of poverty in a
growing population dependent on small farms for their livelihoods (de Jager et al., 2001; GoK
2003, 2004, 2005; Alila and Atieno, 2006). In order to complement and implement the Vision
2030 interventions, the Machakos County recently published the “Machakos County Strategic
Plan: Form Third Word to First World in One Generation” (Machakos County, 2012). The
Machakos strategic plan was designed to help achieve the Vision 2030 goals and align county
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and national policies. The objectives of both the Vision 2030 and the Machakos Strategic Plans
are in line with the goals and targets of the Millennium Development Goals (MDGs) and SDGs.
We define a Business as Usual RAP (BAU) as a continuation of current growth trends,
the same crop-livestock production system characteristics (small farms, low or no purchased
input use, etc.) and no implementation of the Vision 2030. Then we developed two RAPs to
represent the GoK strategy and future trends (see Tables 3.3 and 3.4). Several scenarios were
developed for each RAP to represent different ways that the Kenyan Vision 2030 and Machakos
Strategic Plan could be implemented. We compared these scenarios by assessing the impacts of
these policies on two indicators of the system’s performance: the poverty rate (defined as the
headcount poverty index with the poverty line set at $1 per day), and the soil nutrient depletion
rate (represented by soil nitrogen loss) derived from the NUTMON model. As noted above,
maize is a key crop for rural households and policy makers, so tradeoff curves between these two
indicators were constructed by varying the mean of the maize price distribution while holding all
other parameters constant.
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Table 3.3. Trends of Key Indicators within each RAP and Scenarios for the Machakos region, Kenya:
Direction and Magnitude Changes Respect to the BAU Scenario.
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Table 3.4. Scenarios design for impact assessment of policy and technology interventions, Machakos, Kenya

Business as
Usual

RAP 1

RAP 2

Variable

Base

Scenario 1.1

Scenario 1.2

Scenario 1.3

Scenario 2.1

Farm Size

3.7 ha

Double

Double

Double

Double

8

reduced by 25%

reduced by
25%

reduced by
25%

reduced by
25%

reduced by 25%

reduced by 25%

20%

100%

100%

100%

100%

100%

100%

30 Khs/Kg

Reduced by 50%

Reduced by
50%

Reduced by
75%

Reduced by
75%

Reduced by
75%

Reduced by 75%

Estimated by
model

Estimated by
model

Increased

Increased

Increased

Increased

Increased

20%

No change

No change

No change

Increased to
40%

Increased to
40%

Increased to 40%

No

No

No

No

No

No

Yes

Estimated by
model
Estimated by
model
Estimated by
model

No change

No change

No change

Small increase

No change

No change

No change

No change

No change

No change

1.95

No change

No change

No change

Houhehold Size
Farms using Mineral
fertilizer
Fetilizer Price
Quantity mineral fertilizer
used
Land allocated to Napier
Grass
Fertilizer applied to Napier
Grass
Dairy Productivity
Manure Productivity
TLU Ownership
Average TLU Quantity
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Moderate
increase
All farms have
TLUs
All farms have
average TLU
quantity

Scenario 2.2
Increases to a
regional
average of 11
ha

Moderate
increase
Moderate
increase
All farms have
TLUs
Increase by
250% on
average

Scenario 3.2
Increases to a
regional average
of 11 ha

High increase
Moderate
increase
All farms have
TLUs
Increase by
250% on average

RAP 1: Implementing the Vision 2030 with continuation of current growth trends and
current production systems. Under this pathway, the GoK implements two key sets of the
proposed Vision 2030 policy interventions. The first set includes interventions that seek to
reduce import tariffs and increase investments in market infrastructure with the objective of
increasing fertilizer availability and reducing its farm-gate cost. The second set is composed of
policies based on increasing non-agricultural industry and trade that would lead to improving
off-farm employment opportunities and farm consolidation.
Scenario 1.1: This scenario is based on previous Kenyan strategic plans (GoK, 2004,
2005) and assumes that the mean fertilizer price would be reduced by 50 percent, which would
induce all farmers to use a positive quantity of fertilizer, as determined by the fertilizer demand
functions at the reduced price (note that the analysis of this scenario is only possible with a
model that incorporates fertilizer as a non-essential input). In addition, for this scenario it is
assumed that improved off-farm employment opportunities and farm consolidation would reduce
household size by 25%, from 8 to 6 persons, and double farm size from the regional average of 3
to 6 ha. Valdivia, Antle and Stoorvogel (2012) assessed the impacts of this combination of
interventions on poverty and nutrient depletion rates for the same region.
Scenario 1.2: In addition to the assumptions made in scenario 1.1, we assume that
farmers use higher quantities of mineral fertilizer as a consequence of increased technical
assistance promoted by the government and county policies.
Scenario 1.3: This scenario incorporates the goal of the Machakos strategic plan to
reduce the mineral fertilizer price by 75% using the same assumptions as scenario 1.2.
RAP2: The GoK exhibits an improved capacity to facilitate economic development,
including increased investment in infrastructure and implementation of programs to promote
more livestock and dairy oriented production systems where feasible. Sustainable intensification
interventions are developed and promoted.
Similar to RAP1, there is ongoing economic growth and the proposed GoK interventions
to deal with poverty and soil degradation are implemented. However, there is more investment in
infrastructure for the livestock and dairy sectors, and provides more technical assistance for
adoption and management of improved livestock breeds. More off-farm employment
opportunities exist and average household size is reduced, while livestock herd sizes increase.
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Scenario 2.1. Scenario 1.3 is modified so that the share of land allocated to grass
increases from 20% to 49% on average, and Napier grass is cultivated for livestock feed. This
scenario also assumes that all farms have livestock, which in turn increases dairy and manure
production.
Scenario 2.2. This scenario assumes that all farms produce livestock and the average
number of TLUs per farm is increased by 250%. The GoK intervention also seek to increase
livestock and dairy productivity through the promotion of improved breeds, increased land
allocated to (improved) pastures and enhancing market opportunities for dairy products. These
types of interventions are in line with what the East Africa Dairy Development Project (EADD)
is promoting throughout several regions of Africa, including Kenya (EADD, 2013, 2014).
Several studies also suggest that improving livestock productivity could potentially be a way to
deal with the poverty trap (Thornton and Herrero, 2001; Herrero et al., 2009). In addition, we
assume that improved off-farm employment opportunities and farm consolidation will increase
farm size to a regional average of 11 hectares.
Scenario 2.3. The promotion of improved breeds leads to an increase in dairy
productivity. Similar to the previous scenarios we assume that policy interventions reduce import
tariffs and increase investment in market infrastructure designed to increase fertilizer availability
and reduce its farm-gate cost. The GoK is buying fertilizer and making it available to farmers
through their agencies. In addition, the government wants to eliminate the dependence on
imports and reduce fertilizer prices, so a new fertilizer plant is currently being built. It is
important to note that Napier grass used for livestock feed could actually be a soil-depleting crop
if fertilization rates are not adequate. This scenario assumes that fertilizer is available to all
farmers and that Napier grass is fertilized.

3.5 Results
To illustrate the econometric model’s properties, we present selected results for the
intercrop and maize, as well as the livestock models. Table 3.5 presents the revenue functions
and crop failure equations for the complex intercrop and maize. The revenue functions are
specified with the dependent variable as value of crop output. Note that because the revenue
functions are specified as functions of input quantities, and given the discrete/continuous
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structure of the input demand models, the own-price parameters represent only part of the supply
response. This partial output price response is positive but less for the intercrop than for maize,
consistent with the fact that the subsistence crops within the intercrop are produced primarily for
home consumption and thus are less price-responsive. The parameters also indicate a positive
relationship between inherent productivity and output, but do not show a statistically significant
effect on the probability of crop failure, suggesting that crop failure is associated primarily with
management and weather events. Field size shows the typical negative relationship with
productivity in this type of systems, and a positive association with crop failure, as might be
expected if larger fields are managed less intensively, and the timing of key activities such as
planting is more difficult to manage for larger fields. Farm size and family labor do not have
strong effects on productivity, but are strongly and negatively associated with crop failure,
indicating that larger farms are better able to manage risks such as climate variability. Inputs
generally show positive marginal products, and increased input use generally reduces crop
failure risk.
Table 3.5. Output Equations for Complex Intercrop and Maize for Machakos, Kenya

Variable

Intercrop output

Intercrop failure

Maize
grain

Maize
failure

Intercept

-4.283
(3.179)

-0.525
(3.61)

-4.749
(3.262)

1.333
(2.672)

Output price

1.162
(0.178)

–

1.690
(0.387)

–

Inprod

0.830
(0.389)

.358
(0.515)

0.431
(0.385)

0.224
(0.342)

Area

-0.515
(0.169)

0.621
(0.182)

-0.674
(0.114)

0.617
(0.148)

Farm size

-0.080
(0.167)

-0.781
(0.194)

0.381
(0.123)

-0.437
(0.146)

Family labor

0.176
(0.140)

-0.674
(0.115)

0.362
(0.082)

-0.578
(0.118)

Education

0.853
(0.523)

0.358
(0.455)

0.858
(0.207)

-0.283
(0.211)

Occupation

0.098
(0.122)

0.524
(0.255)

0.473
(0.170)

-0.352
(0.175)

Off-farm income

–

-0.021
(0.231)

–

-0.101
(0.157)

Season

0.495
(0.132)

0.769
(0.240)

0.248
(0.148)

-0.155
(0.159)

Manure intercept

0.684

-0.046

0.847

-0.313
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Variable

Intercrop output

Intercrop failure

Maize
grain

Maize
failure

(0.519)

(0.266)

(0.505)

(0.161)

Manure quantity

0.140
(0.077)

–

0.181
(0.076)

–

Hired labor intercept

–

-0.204
(0.278)

–

-0.028
(0.178)

Hired labor

0.253
(0.186)

–

0.090
(0.187)

–

Mineral fert intercept

1.543
(1.265)

-0.172
(0.400)

1.014
(0.499)

-0.310
(0.211)

Mineral fert quantity

0.331
(0.292)

–

0.324
(0.128)

–

Seed intercept

-0.081
(0.177)

-0.684
(0.242)

0.609
(0.220)

-0.320
(0.209)

Pesticide intercept

0.522
(0.126)

–

0.077
(0.249)

–

Irrigation intercept

–

–

0.482
(0.148)

–

R2

0.459

0.855

0.303

0.744

N

155

235

384

429

Note: standard errors in parentheses.

Table 3.6 shows that there is a strong positive effect of farm size on the number of
livestock and on dairy production. Larger farms have more livestock and produce more dairy
products and manure. As expected, increased feed input has a positive impact on dairy and
manure production. Full-time farmers are more likely to be dairy producers and achieve higher
dairy productivity; larger family size is associated with substantially more livestock per hectare,
perhaps because of their ability to manage more animals. Off-farm income is strongly associated
with dairy production. Some analysts argue that off-farm income provides the ability to selffinance feed purchases, for example, but this positive association could be a spurious correlation
due to proximity to markets for dairy and labor market opportunities for family labor. The data
also show strong spatial differences in all of these relationships.
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Table 3.6. Livestock Equations for Machakos, Kenya

Variable

Livestock use

Livestock units

Dairy
use

Dairy
production

Manure
production

Intercept

2.400
(0.526)

-1.947
(0.543)

-3.050
(0.303)

1.956
(0.334)

4.688
(0.141)

Farm size

-0.016
(0.027)

-0.710
(0.107)

0.739
(0.084)

-0.257
(0.093)

-0.102
(0.038)

Milk price

0.100
(0.000)

Feed

0.142
(0.041)

0.397
(0.021)

Literacy

-0.591
(0.292)

0.409
(0.230)

0.176
(0.039)

0.054
(0.033)

0.029
(0.016)

Occupation

-0.233
(0.224)

-0.310
(0.149)

0.518
(0.114)

0.473
(0.126)

0.112
(0.051)

Family size

0.020
(0.031)

0.715
(0.181)

0.043
(0.115)

-0.324
(0.118)

-0.064
(0.054)

Off-farm income

0.237
(0.197)

-0.334
(0.131)

0.453
(0.107)

0.868
(0.108)

0.081
(0.046)

0.489
(0.054)

-0.464
(0.064)

-0.191
(0.018)

Livestock units
Dairy farm

0.144
(0.052)

Season

0.031
(0.104)

-0.005
(0.119)

0.087
(0.048)

Kionyweni

-1.768
(0.367)

0.740
(0.271)

-0.180
(0.181)

1.293
(0.263)

-0.326
(0.079)

Kasikeu

-1.798
(0.372)

0.998
(0.299)

0.994
(0.147)

-0.209
(0.180)

-0.484
(0.071)

Kiomo

-1.060
(0.448)

0.546
(0.504)

0.816
(0.167)

-1.102
(0.225)

0.083
(0.079)

Matuu

-0.081
(0.452)

1.043
(0.245)

1.841
(0.146)

0.328
(0.173)

0.721
(0.076)

Kibwezi

-2.390
(0.394)

0.702
(0.420)

1.757
(0.211)

-0.213
(0.238)

0.184
(0.110)

R2

0.78

0.34

0.80

0.44

0.56

N

295

221

1163

356

934

Note: Standard errors in parentheses; livestock use and dairy use are probit equations; R2 for probit equations is
proportion of correct predictions, livestock units = tropical livestock units per ha; occupation = dummy for full time
farmer; dairy production = kg/livestock unit; manure production = kg/livestock unit.
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Table 3.7 presents the selected input demand equations for the subsistence and maize
systems. We assume that the application of manure is determined largely by the amount of
livestock on the farm, so manure use is an explanatory variable in other input use and quantity
equations. Cross-price effects were generally not large or significant, so they are not presented.
The input demand equations show that inherent productivity generally has strong and statistically
significant effects on the decision to use an input and on the quantity applied when an input is
used. For example, inherent productivity has a large and positive effect on manure use in both
the intercrop and maize, and on fertilizer use in maize, indicating a complementary effect of
favorable soil and climate conditions on use of organic amendments and mineral fertilizer,
consistent with the findings of Marenya and Barrett (2009). The results also show that both input
use/non-use and application rates generally are responsive to input prices. As expected, livestock
presence on the farm has a strong positive effect on manure use and application rates. Other
exogenous variables (field size, farm size, family labor, etc.) have mixed effects on inputs. For
example, farm size has a positive effect on labor use in maize and a negative effect on labor use
in the intercrop, suggesting a bias in larger farms towards the cash crop maize.
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-5.837
(2.656)

0.838
(0.358)

-0.034
(0.194)

-0.321
(0.218)

-0.067
(0.173)

0.482
(0.430)

0.133
(0.246)

-0.100
(0.243)

-0.204
(0.253)

-0.465
(0.214)

–

1.021
(0.291)

-0.044
(0.085)

0.697

Intercept

Inprod

Area

Farm size

Family labor

Education

Occupation

Off-farm
income

Season

Own price

Manure use

Livestock use

Tropical
livestock units

R2

Variable

Intercrop
manure
use

0.669

-0.214
(0.057)

1.036
(0.193)

–

-0.413
(0.109)

-0.435
(0.193)

-0.014
(0.190)

0.534
(0.202)

0.569
(0.303)

0.040
(0.088)

-0.452
(0.129)

0.479
(0.106)

-0.278
(0.383)

-0.494
(2.857)

Intercrop
manure
quantity

0.723

–

0.414
(0.237)

-0.298
(0.214)

-0.279
(0.264)

-0.153
(0.244)

0.199
(0.249)

0.191
(0.434)

-0.141
(0.185)

0.303
(0.213)

0.273
(0.202)

-0.460
(0.301)

4.134
(2.373)

Intercrop
labor
use

0.451

–

0.833
(0.519)

-0.989
(0.305)

0.078
(0.402)

-0.051
(0.448)

-1.016
(0.546)

-0.831
(0.832)

0.328
(0.187)

-0.604
(0.353)

-0.005
(0.217)

-1.327
(0.431)

12.603
(3.168)

Intercrop
labor quantity
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0.740

0.509
(0.202)

0.600
(0.242)

–

-0.654
(0.156)

-0.060
(0.155)

0.457
(0.327)

0.664
(0.336)

0.761
(0.654)

-0.132
(0.114)

-0.253
(0.150)

0.082
(0.141)

1.142
(0.349)

-9.895
(2.658)

Maize
manure
use

Table 3.7. Selected Intercrop and Maize Input Equations for Machakos, Kenya

0.475

-0.192
(0.057)

0.956
(0.135)

–

-0.283
(0.075)

-0.397
(0.570)

0.048
(0.116)

-0.199
(0.118)

0.163
(0.160)

-0.006
(0.056)

-0.458
(0.093)

0.578
(0.082)

-0.537
(0.234)

3.309
(1.789)

Maize
manure
quantity

0.776

–

–

0.026
(0.165)

-1.099
(0.224)

0.543
(0.355)

-0.131
(0.163)

-0.550
(0.175)

0.471
(0.240)

-0.037
(0.118)

0.254
(0.145)

0.282
(0.145)

-0.007
(0.314)

-1.574
(2.447)

Maize
labor
use

0.513

–

–

0.140
(0.237)

-1.200
(0.280)

-1.286
(0.234)

-0.287
(0.177)

0.561
(0.200)

0.957
(0.515)

0.665
(0.156)

0.504
(0.203)

-0.681
(0.182)

-0.769
(0.253)

7.443
(2.242)

Maize
labor
quantity

0.781

–

–

-0.037
(0.162)

-0.863
(0.261)

0.049
(0.155)

0.384
(0.163)

-0.284
(0.172)

0.352
(0.247)

0.160
(0.120)

0.006
(0.156)

0.077
(0.148)

1.087
(0.327)

-9.154
(2.531)

Maize
fertilizer
use

0.296

–

–

-0.341
(0.206)

-0.762
(0.229)

0.494
(0.181)

-0.208
(0.221)

0.395
(0.201)

0.166
(0.318)

-0.108
(0.170)

-0.346
(0.211)

0.082
(0.223)

-0.152
(0.286)

5.895
(2.384)

Maize
fertilizer
quantity

155

Variable

N
0.842
(0.219)

51

Intercrop
labor quantity

(0.489)

155

Intercrop
labor
use

-.066

76

Intercrop
manure
quantity

Note: Standard errors in parentheses.

Selection bias

Intercrop
manure
use

96

429

Maize
manure
use

(0.287)

-.033

191

Maize
manure
quantity
429

Maize
labor
use

(0.444)

0.447

91

Maize
labor
quantity
429

Maize
fertilizer
use

(0.017)

-0.984

78

Maize
fertilizer
quantity

Two key assumptions in the scenarios described above are the increased availability and
price reduction of mineral fertilizer. In order to better understand the effects of these assumptions
we compare the BAU scenario to a case where all farms use fertilizer and mineral fertilizer price
is reduced by 50%, while holding other parameters constant. Figure 3.4 illustrates the simulated
distributions of mineral fertilizer applied under the BAU scenario and the effects of fertilizer
availability. This figure demonstrates the ability of the discrete-choice structure of the model to
represent non-essential input use and policies designed to increase fertilizer use. In the BAU
case, about 75 percent of farmers do not use mineral fertilizer, consistent with the observed data
(Table 3.2). When fertilizer is made available, this spike at zero is eliminated and the distribution
is spread across a wide range, with a substantial number of farmers still using relatively small
quantities, but the majority of farmers using much larger quantities than in the BAU case.
However, the efficiency (i.e., positive effect on soil nutrients and crop yields) of the increased
use of fertilizer depends largely on the soil conditions (e.g., N stock) and the level of
intensification as discussed below.
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Figure 3.4. Distribution of mineral fertilizer applications under the BAU scenario compared to the case
where mineral fertilizer availability is increased (price of mineral fertilizer is reduced by 50% and all
farms use a positive amount) for Machakos, Kenya.

Figure 3.5 shows the poverty-nutrient depletion tradeoffs for the Machakos region, for
the BAU scenario and the three scenarios under each RAP described above. These tradeoff
curves represent all the scenarios generated by varying the mean of the maize price distribution
as in figure 3.3. The BAU scenario tradeoff curve shows that at the base maize price (the midpoint on the tradeoff curve), the headcount poverty rate is about 76%, a value similar to the rural
poverty rate found by recent studies based on Government of Kenya statistics (GoK, 2003). The
nutrient depletion variable has a regional mean value of about 30 kg/ha of N. As the maize price
is varied we see a negative relationship between poverty and nutrient loss. Note that this loss
indicates the system is not sustainable; eventually productivity of the system will decline to a
low-level equilibrium and the rate of loss will decline to zero. As the maize price increases,
poverty is reduced as farm income increases, and vice versa, as expected, for all scenarios.
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Scenario 1.1 has relatively large impacts on nutrient depletion and small impacts on poverty at
low maize prices, and opposite effects at higher maize prices, showing that there is an important
interaction between maize and fertilizer prices and availability (see Table 3.8). The results
discussed below are at the base maize price (middle point of the tradeoff curve), unless noted.
The results suggest that the increase in farm size in scenario 1.1 increases livestock use and thus
the availability of manure. In addition, the use of mineral fertilizer increases. The greater
reduction in poverty is caused by the higher per capita incomes associated with the larger farm
size and the smaller family size in the scenario. Figure 3.5 shows that increasing fertilizer use as
in scenario 1.2, results in a further reduction in nutrient depletion and an improvement in poverty
rates compared to scenario 1.1 (from point B to C). Average soil nutrient losses decline to very
low rates while poverty rates decrease by about 40% at low maize prices and by 86% at high
maize prices. These results suggest that adding more nutrients to the system is a key factor to
improve the sustainability of the system. This hypothesis is confirmed with the results of
scenario 1.3, where fertilizer price has been reduced by 75% making it more affordable for
farmers and therefore increasing its use. Our results indicate that on average, fertilizer use
(kg/farm/season) increased by 60% in scenario 1.3 compared to scenario 1.2 (point D). Soil N
losses are negative (i.e., there are gains of soil nutrients to the system) at any maize price.
Increasing fertilizer use also increases maize productivity, which leads to an increase on average
farm income and to a reduction in poverty rates.
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-44

-54

80

76

70

61

42

15.68*
19.60

23.51

31.35
* Maize base price

-68

-59

-30

81

7.84

11.76

-29

81

-86

-79

-70

-60

-47

-41

-39

1.2

BAU

1.1

RAP 1

3.92

Maize
Price
(Ksh/Kg)

Poverty
Rate
(%)

-89

-85

-78

-69

-55

-47

-44

1.3

-74

-69

-62

-53

-42

-35

-34

2.1

-89

-87

-83

-77

-68

-64

-61

S6

RAP 2

-97

-96

-95

-92

-90

-88

-87

2.3

% Change in Poverty headcount index
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BAU

100

53

43

38

32

28

26

25

Soil
Nutrient
Loss
(Kg/N/Sea)

-11

-12

-14

-21

-30

-37

-38

1.1

-111

-98

-93

-91

-91

-93

-92

1.2

RAP 1
1.3

-210

-189

-176

-159

-138

-122

-114

-139

-119

-105

-89

-69

-55

-49

2.1

-100

-82

-71

-58

-45

-38

-34

S6

RAP 2

% Change in Nutrient depletion

-133

-123

-118

-113

-108

-105

-103

2.3

Table 3.8. Aggregate Impacts on Poverty and Nutrient depletion: Average Percentage Changes for each Scenario Respect to the BAU Case.

Figure 3.5. Poverty-nutrient depletion tradeoffs Machakos region: Pathway from tradeoffs to
win-win outcomes as intervention and strategies are implemented (RAP1: A to D and RAP2: E to
G). Tradeoffs generated by changes in the mean maize price (maize price increases from right to
left, mid-point is base price).

The scenarios under RAP 2 are based on switching part of the production system
to livestock. Scenarios 2.1 to 2.3 represent policies that promote livestock and dairy
production. Scenario 2.1 shows the case of increasing the land allocated to Napier grass
and having all farms own livestock while keeping the other assumptions of scenario 1.3.
The results show that soil nutrient losses and poverty rates are higher than those obtained
under scenario 1.3 (see point E in figure 3.5), due to the increase of non-fertilized Napier
grass area and the requirement that all farms have livestock. Scenario 2.2 results show the
effects of farm consolidation (i.e., larger farm size) and the increase of livestock on the
farm. These two factors have a large positive effect on poverty rates, but as expected soil
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nutrient losses increase with respect to scenario 2.1 (point F). It is important to note that
in these two scenarios 2.1 and 2.2, the improvement in soil degradation and poverty rates
with respect to the BAU scenario is considerable, in particular at high maize prices.
Scenario 2.3 represents a more complete implementation of the Vision 2030 and
investments that aim to increase livestock productivity. The results show that both
poverty rates and soil nutrient losses are at levels that would guarantee the sustainability
of the system (point G). In this scenario, Napier grass is fertilized at recommended rates
and dairy productivity is increased due to the adoption of improved breeds that yield
higher milk productivity. This scenario provides a win-win (environmental-economic)
situation at any maize price. Figure 3.5 shows the overall pathway from tradeoffs to
synergies as interventions and strategies are implemented in the Machakos region. RAP 1
scenarios follow the pathway from A to D while implementation of RAP 2 scenarios
continue the path from E to G. Although the aggregate figure shows this transition from
tradeoffs to win-win outcomes, some villages may respond differently to the proposed
interventions due to the systems heterogeneity that characterizes this region as we discuss
below.
The aggregated results discussed above show the regional impacts of these
interventions. However, it is also important to recognize that the impacts can vary
considerably across a heterogeneous region such as Machakos. Figure 3.6 and Table 3.9
show the importance of heterogeneity across Machakos, in terms of the levels of poverty
and nutrient depletion in response to change in maize prices and RAPs. Figure 6 shows
that there are substantially different sub-regional responses of poverty and nutrient
depletion to the maize price and to the policy interventions under the two RAPs and
corresponding scenarios. In Kiomo where subsistence crops play a large role in the
farming system and maize responds poorly to nutrient inputs due to poor soils and low
rainfall, an increase in maize prices raises incomes but induces little increase in nutrient
inputs; in contrast, in Matuu where irrigated vegetables are an important crop in the
system and farmers have better access to markets, maize prices have relatively little
impact on poverty but induce substantial increases in nutrient use.
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Figure 3.6. Response of Poverty-nutrient depletion tradeoffs to maize price and importance of
system heterogeneity: rainfed maize based subsistence system (Kiomo, top) versus irrigated
vegetables and better market access systems (Matuu, bottom). Tradeoffs generated by changes
in the mean maize price (maize price increases from right to left, mid-point is base price) for all
the scenarios under each RAP.

103

Table 3.9. Impacts on Poverty and Nutrient depletion: Changes by Village and Scenario for Low,
Base and High Maize Prices. Tradeoff Analysis Model Results for Machakos, Kenya

Headcount Poverty Rate (%)
Village

Machakos

Kionyweni

Kasikeu

Kiomo

Matuu

Scenario

Low
Maize
Price

Base
Maize
Price

High
maize
Price

Soil Nutrient Loss
(Kg N/Ha/season)
Low
Maize
Price

Base
Maize
Price

High
maize
Price

BAU

90.7

88.2

41.9

31.4

36.6

58.2

1.1

68.6

55.9

17.2

20.1

29.4

54.3

1.2

53.5

43.0

10.8

12.3

20.0

27.5

1.3

47.7

34.4

7.5

8.6

5.3

-6.4

2.1

54.7

40.9

14.0

26.0

23.2

17.4

2.2

29.1

17.2

2.2

25.2

28.7

29.0

2.3

20.9

10.8

0.0

0.6

3.7

3.9

BAU

92.8

89.6

65.5

31.3

34.8

47.9

1.1

75.0

64.1

24.8

19.9

26.1

43.5

1.2

59.7

47.7

7.9

-3.9

-3.6

-8.3

1.3

52.8

36.3

5.1

-11.6

-27.9

-61.2

2.1

61.6

48.4

12.3

14.7

5.0

-15.8

2.2

33.8

22.9

5.6

20.0

18.2

9.0

2.3

18.5

11.1

2.5

-10.2

-11.8

-20.7

BAU

90.3

83.8

44.5

24.1

31.6

47.7

1.1

72.3

48.0

13.6

15.5

24.4

40.3

1.2

65.3

32.6

6.8

5.1

0.6

-13.6

1.3

60.6

26.6

5.9

-0.2

-26.4

-66.5

2.1

67.4

39.4

12.0

13.3

-2.4

-27.7

2.2

36.1

17.8

4.8

15.4

7.9

-6.9

2.3

9.3

4.6

1.4

0.3

-7.3

-21.9

BAU

86.2

81.9

44.0

18.8

23.2

39.0

1.1

60.3

44.0

8.6

13.6

18.9

32.9

1.2

70.7

41.4

4.3

4.3

9.3

14.7

1.3

67.2

28.4

2.6

-3.7

-3.5

-9.5

2.1

66.4

36.2

9.5

10.4

11.3

7.6

2.2

62.9

36.2

6.9

13.3

12.5

10.1

2.3

16.4

6.0

0.0

2.7

2.4

0.1

BAU

48.2

45.9

20.0

22.7

32.3

68.1

1.1

12.7

10.2

2.7

12.5

28.0

63.3

1.2

9.3

6.8

2.0

-0.7

6.0

-3.8

1.3

8.2

5.5

2.0

-4.9

-9.1

-65.7

2.1

18.4

15.2

6.8

10.3

8.1

-25.0
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Kibwezi

2.2

2.3

2.3

0.5

17.4

18.2

0.1

2.3

0.7

0.7

0.0

4.2

5.0

-13.1

BAU

81.7

75.8

27.5

23.1

29.1

65.4

1.1

42.5

33.3

11.7

10.5

23.0

61.1

1.2

26.7

19.2

5.8

1.1

8.8

1.3

1.3

23.3

15.0

4.2

-1.7

-9.1

-60.6

2.1

45.8

35.0

13.3

5.8

0.3

-32.0

2.2

34.2

25.0

7.5

8.1

4.1

-19.2

2.3

14.2

11.7

3.3

2.7

-1.1

-24.4

Table 3.9 shows that at the base maize price, poverty rates range from 45 to 90
percent across the villages in the BAU case, whereas nutrient depletion ranges from 23 to
37 kg N/ha/season. Scenario 1.1 substantially improves both poverty and nutrient
depletion in all areas, and reduces the poverty rate at base prices in the poorest areas by
more than 50 percent, although the poverty rates and nutrient losses remain high. In
contrast, poverty is almost eliminated in the richest area, although nutrient losses remain
relatively high at nearly 30 kg/ha/season. The proposed policy interventions under
scenario 1.1 are likely to increase the use of fertilizer with the goals of increasing maize
productivity and offsetting soil nutrient loss, however the analysis suggests that when
maize prices increase, soil nutrient depletion increases due to the increase in maize
production (i.e., more land is allocated to maize), and also because at higher maize prices
the amount of fertilizer applied per kilogram of maize (i.e., kg of fertilizer applied per
farm/total maize proportion kg per farm) decreases. When maize prices are low, land
allocated to maize decreases (i.e., maize production is lower) therefore the increased
availability of fertilizer helps to offset soil nutrient losses. These results produce the
typical tradeoffs between economic and environmental outcomes as shown in figures 3.5
and 3.6. The scenarios that increase the availability and use of fertilizer eliminate this
tradeoff, but responses across villages are different. For example, under scenario 2.2 in
the Machakos village, poverty rates range between 2 to 30% and soil N losses range
between 25 to 29 kg/ha/season. The same scenario for the Matuu village produces
poverty rates between 0 to 2% and soil N losses between 0 to 18 kg/ha/season. Thus, the
analysis suggests that these interventions may actually benefit most the areas with better
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initial endowments of soils and climate, a finding consistent with Marenya and Barrett’s
(2009) analysis of the effects of soil organic matter on fertilizer use.

3.6 Moving along a Sustainable Agricultural Development Pathway
The results discussed above show the possibility of a transition towards a
sustainable system where tradeoffs between economic and environmental outcomes are
eliminated. One of the key implications of the analysis is that getting enough nutrients
into the system (e.g., increasing fertilizer use), can make the system respond positively
(i.e., decreasing poverty rate and soil nutrient losses) to economic incentives.
Furthermore, the analysis presented above suggests that under these scenarios and with
the right infrastructure in place and good market conditions, an increase in maize prices
could solve the poverty-productivity-sustainability puzzle. However, this result also
implies that these interventions need to be accompanied by a set of policies, investments
and structural reforms that lead to positive development pathways. The improvement of
the system and the consequent change to win-win outcomes takes place as a joint
combination of interventions (e.g., sustainable intensification) and drivers that affect the
systems and that are embedded into the RAPs.
The evaluation of this development pathway could be affected importantly by
consideration of other sustainability indicators. For example, in this article most of the
scenarios lead to an increase in herd size and in dairy and manure production. Livestock
production systems can produce significant amounts of greenhouse gas (GHG) emissions,
according to FAO (2006) livestock contributes to 18% of global anthropogenic GHG
emissions, being methane, carbon dioxide (CO2) and nitrous oxide (N2O) the main GHGs
sources. However, there are options to reduce and mitigate GHS emissions from
livestock, for example it is possible to reduce methane emissions by better diets for
ruminants and using improved breeds. Better management of manure can reduce N2O
emissions (Herrero and Thornton, 2009). Sustainable Intensification technologies based
on better feeding strategies, improved breeds that reduce GHS from livestock are being
investigated and promoted by ILRI as part of one of their global research challenges.
Similarly, the possible increased leaching or runoff of nutrients due to the higher fertilizer
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application rates. This can also increase NH3 losses and N2O emissions and may also
contaminate underground and surface waters. FAO and other institutions like IFDC and
USAID are promoting the use of controlled or slow-release fertilizers to deal with this
issue.
Another dimension not included in the analysis that could potentially change the
development pathway is climate change. Valdivia, Stoorvogel and Antle (2012) assessed
the impacts of climate change on this type of crop-livestock production system and
compared them to the impacts under a development scenario (similar to scenario 1.1.
above). They concluded that socio-economic scenarios are important when assessing the
economic and environmental impacts of climate change to complement the bio-physical
changes due to climate change. An interesting extension to this article would be to assess
the impacts of climate change on economic and environmental outcomes (i.e., poverty
and nutrient depletion) under the different scenarios and RAPs presented in the analysis
above.
The analysis presented in this article suggests that the Vision 2030 of the Kenyan
government is the basis for a sustainable development pathway that could solve the
poverty-productivity-sustainability puzzle and achieve not only the MDGs but also the
proposed SDGs.

3.7 Conclusions
Modeling semi-subsistence crop-livestock systems (CLS) for policy analysis
poses many challenges. In this article we demonstrate that the complex behavior of these
systems has important implications for the effectiveness of policy interventions.
Furthermore, we demonstrate that the use of a simulation model linked to agricultural
development pathways can be a useful tool to assess the impacts of policy interventions
aimed to move agricultural systems towards meeting sustainable development goals.
We adapted the spatially-explicit econometric-process simulation models
developed by Antle and Capalbo (2001) to conditions encountered in semi-subsistence
mixed systems, including spatial heterogeneity, complex intercrops, non-essential inputs,
and dynamic crop-livestock interactions. We presented methods to deal with these issues
using an integrated modeling approach. In order to illustrate how the econometric-process
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simulation model can be implemented for a CLS we applied it to the agricultural systems
in the Machakos region of Kenya. This application illustrates how the model can be used
to quantify key indicators for policy analysis, such as poverty indexes and measures of
sustainability, and how the model can be linked to Representative Agricultural Pathways
to represent different future socio-economic scenarios. The Machakos analysis provides
important findings regarding the implementation and effectiveness of policy interventions
addressing poverty and sustainability in Africa and other parts of the developing world.
As we have shown in the analysis, policy interventions tend to result in much larger
benefits for better-endowed farms, implying that farm heterogeneity farms results in
differential policy impacts. This finding is also consistent with the conclusions in Antle,
Stoorvogel and Valdivia (2006), that resilience of agricultural systems is likely to be
highly variable and strongly associated with heterogeneity in bio-physical and economic
conditions.
CLS are complex systems influenced by site-specific bio-physical conditions as
well as the larger economic environment. The soil nutrient depletion rates observed in
many parts of Sub-Saharan Africa appear to be caused by many factors, including
extremely small farm size and associated extreme poverty that make sustainable
management practices difficult to maintain, particularly in an environment of distorted
input and output markets. Our results are consistent with recent findings by Harris and
Orr (2014). They argue that small farms with limited access to markets are not likely to
benefit enough from improved technologies to climb out of poverty because returns to
these technologies are generally too low. Policy interventions aimed to deal with poverty
and sustainability can have unintended consequences if they are not accompanied by a set
of policy strategies and investments. For example, as we have shown in the analysis
above, increasing the maize price can result in substitution from subsistence crops to
maize, without much increase in nutrient inputs, thus increasing soil nutrient losses
(scenario 1.1). The analysis presented here shows that improving soil nutrient balances by
increasing fertilizer and manure use is critically important, but is not enough to move the
system to a sustainable path. There is no one factor that can reverse the negative nutrient
balances and move the system towards sustainability. Rather, a broad-based strategy is
required that stimulates rural development, increases farm size to a sustainable level, and
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also reduces distortions and inefficiencies in input and output markets that tend to
discourage the use of sustainable practices. The Machakos case shows that a combination
of these interventions and strategies, based on the GoK Vision 2030 and the Machakos
County plans, could solve the poverty-productivity-sustainability puzzle in this region.
The pathway from tradeoffs to synergies (win-win) seem to be feasible if these
interventions and strategies are implemented, however further research is needed to
assess the potential adoption of these systems and their corresponding impacts on
economic and environmental outcomes as discussed by Antle, Stoorvogel and Valdivia
(2014).
An important issue not addressed in this study is the possible endogeneity of
prices. The analysis shows that prices (e.g., price of maize) play a key role in the
assessment of policy interventions; for the linkage of this type of model to a market
equilibrium model, see Valdivia, Antle and Stoorvogel (2012). Additional extensions to
this article could include assessing the impacts of more livestock-oriented systems (e.g.,
scenarios 2.1-2.3) on GHGs emissions and their mitigation strategies, and the impacts of
climate change on vulnerability and adaptation.
An important feature of CLS is the interactions and dynamic feedbacks between
crops, livestock and the environment. In the Machakos model presented in this article
interactions between crops and livestock components are closely coupled (i.e.,
components interact dynamically). This allows the model to capture the effects of soil
nutrients being cycled through the system: crop residues are harvested and used as
livestock feed, and manure and other organic amendments are accumulated and used on
crops in subsequent seasons. However, the model is loosely coupled to the bio-physical
crop models, in the sense that there are no feedbacks from the economic models to the
crop models. Thus, the crop models provide the basis for predicting the spatial patterns of
productivity implied by the baseline soils and climate data, but the model does not
feedback changes in soil organic matter or soil fertility to management decisions in the
crop models. Likewise, the analysis of nutrient balances provided by the NUTMON
model is a static accounting of nutrient flows and is not able to predict the dynamic
changes in soil nutrients in response to changes in land use and management. To achieve
a more dynamic analysis of soil nutrient management, better models of nutrient dynamics
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are needed, and could be closely coupled to the economic decision model. In addition, the
focus of this study is on soil N losses, because we argue that N is a limiting factor
considering the low yields and low fertilizer use in the region. However, it is important to
acknowledge that there are other factors that may affect soil degradation (e.g., SOM
content) and that these factors are site-specific.
Another important methodological issue is the large amount of farm survey data
needed to implement the type of econometric-process model presented here. For an
alternative parsimonious approach see Antle (2011) and Antle, Stoorvogel and Valdivia
(2014). Antle et al. (2010) show that a parsimonious approach may provide a good
approximation to more elaborate models, at least for analysis of certain kinds of policy
analysis such as ecosystem service supply. Further research is needed to assess the pros
and cons of alternative approaches for more general policy analysis.
Reducing poverty, improving food security and human health, and reducing
environmental damage is a priority on the international research agenda. The agricultural
scientific community faces the significant challenge of developing a new generation of
data, tools and approaches that capture all the complexities of agricultural production
systems to adequately assess the distributional impacts of policy and technological
interventions, climate change adaptation and mitigation. Clearly, a coordinated multidisciplinary effort is needed to deal with the complex multi-dimensional challenges of the
agricultural sustainable development of the 21st century.
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CHAPTER 4
Coupling the Tradeoff Analysis Model with a
market equilibrium model to analyze economic
and environmental outcomes of agricultural
production systems

Analysis of the economic and environmental outcomes of agricultural systems
requires a bottom-up linkage from the farm to market, as well as a top-down linkage from
market to farm. This study develops this two-way linkage between the Tradeoff Analysis
model of agricultural systems and a partial equilibrium market model. The resulting
model can determine the effects of technology and policy interventions on the spatial
distribution of environmental and economic outcomes at market equilibrium quantities
and prices. The approach is demonstrated with a case study of tradeoffs between poverty
and nutrient depletion in a semi-subsistence agricultural system (Machakos, Kenya). The
results suggest that the linkage of market equilibrium analysis to farm level integrated
assessment models can be important in the analysis of agriculture-environment
interactions.

Based on: Valdivia, R.O., J.M. Antle, and J.J. Stoorvogel. 2012. Coupling the Tradeoff
Analysis Model with a market equilibrium model to analyze economic and environmental
outcomes of agricultural production systems. Agricultural Systems 110: 17–29
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4.1 Introduction
Integrated Assessment Models (IAMs) are used in agricultural research to assess
policy impacts on economic and environmental sustainability of agricultural production
systems. Assessing the spatial distribution of economic outcomes (e.g., poverty), and
environmental impacts (e.g., nutrient depletion) requires the use of spatially explicit data
and models. Some farm-level IAMs have been developed to represent the heterogeneity
of the physical environment and economic behavior of farmers by integrating sitespecific biophysical and economic models. These models typically use spatially-explicit
data to model agriculture-environment interactions but treat prices as exogenous (see
Goddard et al., 1996; Fleming and Adams, 1997; Brown, 2000; Antle and Capalbo, 2001;
Mathur, 2003; Oxley and ApSimon, 2007; Uthes et al., 2010). However, when a policy
or a technological change affects many farms, the aggregate responses may impact
market equilibrium agricultural prices. Consequently, farm-level IAMs may need to be
coupled to market equilibrium models to account for price endogeneity and market
interactions in the assessment of agricultural production systems (Kayser, 1999; Verburg
and Veldkamp, 2004; Perez Dominguez, et al., 2009).
The goal of this study is to link the Tradeoff Analysis (TOA) Model (Antle et
al.,1998; Stoorvogel et al., 2004), to a price-endogenous (partial) market equilibrium
(ME) model. The TOA model is an IAM that links site-specific bio-physical process
models and economic decision models, and aggregates economic and environmental
outcomes to a regional scale, but treats prices as exogenous. The linkage between the
TOA model and the ME model allows the effects of site-specific interactions at the farm
scale to be aggregated and used to determine market equilibrium. The resulting market
equilibrium in turn can be used in the TOA model to determine spatially explicit
economic and environmental outcomes. The linkage is illustrated in a case study of the
semi-subsistence agricultural production system of the Machakos region in Kenya.
Poverty and sustainability issues are critical in this region where technology or policy
interventions are likely to affect the market for maize, a key commodity in Machakos.
The case study illustrates the differences in the analysis with and without market
equilibrium and the importance of feedbacks in the assessment of tradeoffs between
nutrient depletion and poverty in the semi-subsistence agricultural system of Machakos,
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Kenya. The next section presents the linkage between the TOA model and the ME model.
The third section presents the application of the linked models for Machakos, Kenya. The
results are discussed in section four followed by general conclusions in the last section

4.2 Coupling the TOA and ME model
4.2.1 The Tradeoff Analysis model
The TOA model (Figure 4.1) incorporates crop models to assess land quality and
economic models to simulate land management decisions. Subsequently, those decisions
are input in environmental process models to simulate the associated environmental
outcomes. These simulations are executed for a statistically representative sample of the
farmer population in a region. The site-specific economic and environmental outcomes
can then be aggregated to the regional level to create economic and environmental
indicators of interest to stakeholders. The simulations can be repeated for alternative
parameter settings to quantify the inter-relationships (i.e., tradeoffs) among the indicators.
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Figure 4.1. Conceptual framework for disciplinary integration and policy analysis that include
market level linkage (Adapted from Antle, Capalbo and Crissman, 1998).
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At the farm level, the effects of site-specific soil and climate conditions on
productivity potential, or inherent productivity (estimated as nutrient limited crop yields),
are estimated using crop simulation models with average or representative management
inputs. Then an econometric-process model (an empirical econometric production model
developed by Antle and Capalbo, 2001 and later adapted by Antle et al., 2010a) simulates
site-specific land management decisions using econometric production models (input
demand and output supply) that are functions of inherent productivity prices, farm
characteristics, and policy parameters (See chapter 3 in this thesis).
Environmental impacts of these management decisions are then simulated using
environmental process models. As a result, management decisions and resulting
environmental outcomes on each unit of land in production are functions of site-specific
environmental conditions, prices, policies, technology and other farm-specific variables.
The distributions of these site-specific and farm-specific characteristics in the population
generate a joint distribution of economic and environmental outcomes in the population
that are functions of the underlying environmental and economic parameters.
With this joint distribution the outcomes can be statistically aggregated into
economic and environmental indicators that represent the population. By varying model
parameters, such as prices, different environmental and economic outcomes are
generated. The aggregate relationships between economic and environmental indicators
generated in this way are referred to as tradeoff curves. Thus, tradeoff curves represent
the supply side of the agricultural system. Here we use the fact that when tradeoff curves
are generated by varying output or input prices, they represent the output supply and
input demand behavior of farms (Stoorvogel et al., 2004, See also Chapter 2 in this
thesis).
Figure 4.2 shows graphically how price-based tradeoff curves can be constructed
by aggregating farm-level outcomes. Suppose that the simulated farm-level outcomes
(e.g., soil quality and crop production) associated with a given set of crop and input
prices, is point A in figure 4.2a. Repeating this simulation for a statistically representative
sample of farms in a region generates a distribution of points representing the population
of farms in the region as in figure 4.2b. Different distributions of outcomes can be
generated by changing a parameter, such as the mean of the distribution of a crop price
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(see figure 4.2c). The data can then be aggregated to obtain a tradeoff curve (see figure
4.2d). When the tradeoff curve is generated by varying a price, it can be interpreted as a
set of possible equilibrium points associated with these prices. Each point along the

a)

b)

Environmental
quality

Environmental
quality

tradeoff curve are referred to as tradeoff points.

A

Crop Production

Crop Production

d)
Lower
prices

higher
prices

Environmental
quality

c)
Environmental
quality

Base price

Crop Production

Tradeoff curve

Crop Production

Figure 4.2. Derivation of the tradeoff curves of two environmental and economic indicators (e.g.,
environmental quality and crop production) by changing the mean of the distribution of crop
prices.

4.2.2 Linking the TOA model to a market model
The tradeoff curve derived in Figure 4.2 illustrates, besides the relation between
environmental quality and crop production, the relationship between the market price and
the aggregate quantity of an output. The latter is relationship is the supply curve for the
population. This forms the basis for linking a tradeoff analysis to a market equilibrium
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analysis. This linkage is portrayed in Figure 4.3 which shows a tradeoff between an
environmental quality indicator E (e.g., an indicator of sustainability such as nutrient
depletion) and aggregate output Q represented by the curve T. That tradeoff curve is
generated by varying a price P (e.g., price of Q or an input price). Each point along T is a
possible equilibrium, and corresponds to a point on the supply curve S. If we add to this
system a demand curve such as D0, we obtain a market equilibrium point a which in turn
defines the point b on the tradeoff curve as the equilibrium. Since point b is associated
with a specific spatial distribution, the correspondence between points a and b allows the
market equilibrium to be linked to the associated spatial distribution of outcomes (map0
in the figure). If market conditions change (e.g., a shift in the demand curve due to a
policy intervention) then a new market equilibrium point a’ is attained.

Point a’

corresponds to a different equilibrium crop price, so producers respond by changing
production decisions, resulting in a different spatial distribution of economic and
environmental outcomes (map1) associated with the corresponding equilibrium point b’ in
the tradeoff curve. Thus, the linkage between the TOA analysis and market equilibrium
analysis allows us to associate the spatial distribution of economic and environmental
outcomes with each possible market equilibrium.
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Figure 4.3. Theoretical framework to link environmental and economic outcomes, market
equilibrium and underlying spatial distributions.

Market equilibrium can change in response to factors affecting market demand, as
in Figure 4.3, as well as changes in the factors determining market supply. As the
discussion above showed, the market supply of a crop is derived by aggregating the
individual quantities produced at each price. Consequently, a change in any of the factors
that determine this farm-level supply decision will shift the market supply curve. To
illustrate this SRLQWOHWWKHPDUNHWVXSSO\EHGHILQHGDV6 I 3ș ZKHUH3LVDFURSSULFH
DQG ș LV D YHFWRU WKDW GHILQHV WKH GLVWULEXWLRQ RI LQGLYLGXDO IDUP FKDUDFWHULVWLFV LQ WKH
population, including other output and input prices, and farm characteristics such as farm
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VL]H DQG WHFKQRORJLHV LQ XVH 7KH PDUNHW GHPDQG LV GHILQHG DV ' I 3 ࣜ  ZKHUH ȥ LV D
vector that defines parameters that may influence the demand such as aggregate income
or the distribution of income and household characteristics. Figure 4.4a shows the supply
S0 3ș DQGGHPDQG'0 3ࣜ VFKHGXOHVRIDFURSLQWKHPDUNHWDQG$ 30, Q0_șࣜ LVWKH
initial equilibrium point implying that P0 is the initial price equilibrium and Q0 the initial
HTXLOLEULXPTXDQWLW\RIWKHV\VWHPJLYHQWKHSDUDPHWHUVșࣜ
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Figure 4.4. Market Equilibrium: Shifts on Supply and Demand schedules due to changes on their
parameters

Changes in factors determining either demand or supply result in a change in
market equilibrium price, and thus will lead to a different spatial distribution of economic
and environmental outcomes. For example, a reduction in production costs will result in a
rightward shift in the supply curve from S0 3 ș  WR 61 3 ș1). Given that the demand
curve has a negative slope, the market equilibrium point moves to point B(P1, Q1_ș1ࣜ 
Consumers benefit from the increased consumption (from Q0 to Q1) at a reduced price
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(from P0 to P1). In contrast, if there is a change in demand, caused for example by an
increase in consumer income leading to a new value ࣜ1, then the demand curve shifts to
the right (figure 4.4b). In this case, the equilibrium point moves from point A’(P0, Q0_ș
ࣜ WR%¶ 31, Q1_șࣜ1). As in the previous case, the equilibrium quantity changes from Q0
to Q1, but this time there is an increase on the price from P0 to P1. Alternatively, there is
the case when both market supply and market demand shift. Figure 4.4c shows a shift of
the demand curve to the right, from D0 3ࣜ WR'1 3ࣜ1) and a shift of the supply curve
from S0 3 ș   WR 61(3 ș1). The new equilibrium point C(P3, Q3_ ș1 ࣜ1) implies a
decrease in the equilibrium price from P0 to P3 and a new equilibrium quantity Q3 given
WKH FRQGLWLRQV ș1 ࣜ1. Any change in market demand or supply results in a change in
market equilibrium price. The change moves the system to a different point along the
tradeoff curve shown in Figure 4.3 associated with a different spatial distribution of
economic and environmental outcomes. It is important to note that changes in the
structure of the farm or changes induced by a technological change or policy (e.g., a
FKDQJHRIșRQWKHVXSSO\VLGH FRXOGOHDGWRGLIIHUHQWSULFHUHVSRQVLYHQHVV HODVWLFLWLHV 
The latter will influence the magnitude of shifts in supply/demand on the equilibrium
price and quantity in the market. For example, figure 4.4d shows the effects of a shift
from the supply curve S0 to a new supply curve S1 and to another more elastic supply
curve S2. Although the new equilibrium values obtained from the shift of the supply curve
to S1 and S2 both have the same effect (e.g., consumers benefit from an increased
consumption and lower prices in both cases) the magnitude of the effect is larger
(Q0Q2>Q0Q1 and P0P2>P0P1) when a supply curve such as S2 is more elastic. The market
analysis shown above can be done in a similar manner in terms of input demand and
supply.
4.2.3 Implementation: The TOA-ME
The linkage of the TOA model with a market equilibrium model has been
implemented in the TOA software (Stoorvogel et al., 2004). The TOA software integrates
spatially explicit GIS-based soils and climate data with the DSSAT crop growth
simulation models (Tsuji et al., 1994; Jones et al., 2003), econometric-process simulation
models of land use and management decisions (Antle and Capalbo 2001), and a suite of
environmental process models. The software can be used to create two-dimensional
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tradeoff graphs, such as illustrated in Figure 4.2, as well as maps of the spatial
distributions of outcomes illustrated in Figure 4.3. The TOA software and documentation
are publicly available at www.tradeoffs.nl.
In order to link the TOA model to a market equilibrium model, an additional
module was created within the TOA software (Figure 4.5). The TOA-ME module reads
the output data from the TOA simulation. As noted above, either output supply functions
or input demand functions can be derived from the TOA analysis. Here we discuss the
case of output supply. The user chooses a functional form for the output supply function
(e.g., the supply function for maize) and the program estimates the corresponding
parameters using ordinary least squares. It is assumed that the initial market equilibrium
is at the base prices, so the program reads the user-defined demand parameters (price
elasticity or slope) to calibrate the demand function’s intercept corresponding to the
initial equilibrium. Once the parameters are estimated and calibrated, the program solves
the equations simultaneously for the equilibrium price and supply. The resulting market
equilibrium price and supply represent the tradeoff point associated with the equilibrium
values. The user can then re-run the TOA model using the equilibrium values and
generate the spatial distribution of outcomes associated with this equilibrium point. This
process can be repeated for different policy or technology scenarios to get the new
equilibrium values and measure the effects of these policies on the underlying spatial
distributions of the economic and environmental indicators.
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Figure 4.5. General structure of the TOA-ME

For the single market setting, the aggregate output supply function for a specific
crop can be defined as:
ܳ ௦ = ߙ ܲఈభ

(1)

7KH RXWSXW VXSSO\ SDUDPHWHUV Į0 DQG Į1) are estimated using ordinary least

squares. A constant elasticity demand curve for the same crop is specified as:
ܳ ௗ = ߚ ܲఉభ

(2)

The condition for market equilibrium is then defined as:
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ܳ ௦ = ܳௗ

(3)

Equations 1, 2 and 3 are solved simultaneously in order to obtain the equilibrium
quantity and price Q* and P*. The equilibrium price is then used to define a new tradeoff
point by setting the mean of the price distribution of the corresponding crop to the
equilibrium value. The econometric production model and the environmental process
models are run again using this price. The results from this process will show the
tradeoffs between environmental outcomes and economic outcomes at the equilibrium
price. Different technology or policy scenarios can be run in order to measure their
effects under a market equilibrium condition.
As noted above, the TOA-ME can estimate equilibrium for input markets in a
similar manner. Input demand equations (e.g., for fertilizer) can be derived from the TOA
output, and together with a corresponding input supply equation, the TOA-ME can solve
for input market equilibrium.
In order to specify the market output demand or input supply functions we can
follow two approaches. One is to use data to estimate statistically the needed demand or
supply function parameters. Alternatively, parameters from the literature can be used.
Sensitivity analysis of these parameters can be used to assess the effects of parameters on
the model. The TOA-ME is also capable of conducting multiple market analysis (two or
more outputs or two or more inputs or a combination of outputs and inputs). However,
there are some additional issues that must be addressed in the multiple market case such
as how the multiple prices are jointly varied for parameter estimation.

4.3 TOA-ME Application for Semi-subsistence Agricultural System
In this section we consider a case study of the semi-subsistence agricultural
system in Machakos, where maize is an important part of the system. We use this
example to illustrate the differences of the analysis with and without considering market
equilibrium analysis in the assessment of policies designed to reduce poverty and soil
degradation.
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4.3.1 Study area
Kenya is one of the world’s poorest countries with about half of the population
living on an income of less than US$1 per day. Agriculture in Kenya is the most
important sector in the economy, representing about 30% of the GDP (Karanja et al.,
2002). Most of the agriculture is semi-subsistence where intercropping, small farm size
(<2.5 ha), high rates of crop failure (>50% during dry years) and lack of an established
capital market are typical (Kamau, 2000; Antle et al., 2010a). In many regions of Kenya,
rapid population growth and limited access to land has led to farm sizes so small that it is
difficult for farmers to climb out of poverty by relying solely on growth in farm
productivity. All these conditions plus the highly variable and changing climate make
farms in this region highly vulnerable. Thus, investment in the rural non-farm sector that
creates opportunities for non-farm employment, and investment in education and training
programs in addition to investment in market infrastructure, would be necessary to
increase rural income growth (Marenya et al., 2003). These issues are the core of the
policy scenarios analyzed in this study, which are in line with proposed policy
interventions set by the Government of Kenya (Government of Kenya, 2004).
The Machakos region is located southeast of Nairobi between 0Û70’ and 3Û00’
southern latitude and between 36Û87’ and 38Û51’ eastern latitude. The area of the region is
approximately 14,000km2 with an altitude range between 340 and 1710 m.a.s.l. The main
crops grown in the Machakos region are maize, pigeon pea, sorghum, beans, horticultural
crops and fruit trees. Maize production is an important subsistence crop and a cash crop
for larger farms. Despite several efforts of the government and research programs to
increase maize yields, average yields are far below the potential contributing to serious
food deficits in many regions of Kenya. Soil nutrient depletion is one of the major
constraints to increasing crop productivity. In order to reverse the declining trends in per
capita food production and negative nutrient balances, soil fertility management on farms
must be improved (e.g., Donovan and Casey, 1998). Despite research showing that
fertilizer could be a profitable option to increase yields and income, fertilizer use in SubSaharan Africa is low, and it is even lower in semi-arid areas. According to the UNDP
(2001), average consumption of fertilizer in 1998 was 13.8 kg of nutrients per hectare of
arable and permanently cropped land. The low use of fertilizer has been attributed to high
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prices caused by high transport costs and import tariffs, high levels of risk associated
with low and highly variable rainfall patterns, inefficient input distribution and
availability, financial constraints and difficulty of farmers in assessing returns to fertilizer
(Freeman and Omiti, 2003). Marenya and Barrett (2009) show that low rates of fertilizer
use in Kenya are also associated with low soil fertility due to severe nutrient depletion
that results in low fertilizer response.

4.3.2 Data
This study uses data from two farm-level surveys from 6 villages in Machakos
and Makueni District carried out between 1997 and 2001, (De Jager et al., 1998, see
Chapters 1 and 3 for more details). Table 4.1 shows summary statistics for the six
villages. The main cropping systems in the region can be grouped as:
x

maize and beans grown as monocrop or intercrop and sold in the market or
used for home consumption;

x

complex intercrop systems which are mostly used for home consumption.
A large number of crops are planted together and frequently diverse
combinations and proportions are found in different farms;

x

vegetables are primarily cash crops but are limited to the areas that have
access to irrigation; and

x

grass used for livestock feeding.
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Table 4.1. Summary Statistics by Village, Machakos NUTMON Data
Variable

Machakos

Kionyweni

Kasikeu

Kiomo

Matuu

Output price, complex intercrop (ksh/kg)

9.26
(7.63)

8.06
(7.17)

16.45
(8.87)

12.24
(8.81)

14.28
(11.00)

Maize price (ksh/kg)

12.64
(4.89)

15.61
(1.02)

16.47
(2.40)

14.93
(2.14)

15.18
(1.42)

Bean price (ksh/kg)

32.22
(2.82)

–

28.78
(0.94)

25.00
(0.01)

29.95
(0.46)

Vegetable price (ksh/kg)

10.23
(7.44)

–

9.52
(2.24)

–

24.29
(16.00)

Complex intercrop (%)

26.16
(44)

60.12
(49)

34.91
(48)

46.09
(50)

19.10
(39)

Maize (%)

25.58
(44)

22.11
(42)

37.26
(48)

36.09
(48)

31.74
(47)

Beans (%)

16.86
(37)

0.62
(7.86)

8.49
(28)

7.39
(26)

12.00
(33)

Vegetables (%)

7.56
(26)

–

3.30
(18)

–

33.94
(47)

Grass (%)

23.84
(43)

17.15
(38)

16.04
(37)

10.43
(31)

3.23
(18)

Farm size (ha)

2.78
(1.43)

3.14
(3.24)

3.08
(2.06)

7.84
(7.10)

1.55
(0.74)

Family size

8.68
(3.16)

8.17
(2.90)

7.25
(3.99)

7.33
(2.19)

8.92
(2.93)

25.56
(4.09)
23.11
(42.25)

–

32.34
(22.00)
17.29
(37.84)

Mineral fertilizer price (ksh/kg)

28.19
29.87
(6.08)
(2.38)
Mineral fertilizer use (%)
25.19
3.10
(43.45)
(17.35)
Note: Means with standard deviations in parentheses. Source: Antle et al, 2010.
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–

The data show that farm size varies across the region but most farms are very
small relative to the average household size of about 8 persons.
Data for the demand side of the analysis were obtained from the literature. There
are few studies that have actually estimated the price elasticities of demand for maize and
other crops in Kenya. Nzuma and Sarker (2008) estimated that the short-run own price
elasticity of demand for maize is about -0.53 while the long-run own price elasticity of
maize was about -0.80. Other studies surveyed by Nzuma and Sarker reported elasticities
of demand for maize ranging from -0.45 to -0.90 (See Table 4.2). In the present study we
use an own price elasticity of demand for maize of -0.50.
Table 4.2. Demand Elasticities for maize, Kenya.

Source

Period of
Analysis

Own Price
Elasticity

Nzuma and Sarker (2008)

1963-2005

-0.53

Waliweta et al. (2003)

2003

-0.90

Seale et al. (2003)

1993-1996

-0.46

Munyi, (2000)

1999

-0.45

Benzuneh et al. (1988)
1983-1984
-1.19 to -1.75*
* Maize and beans were treated as the same group, so the elasticity is for both
maize and beans.

4.3.3 The TOA model application for Machakos and scenarios
In the application of the TOA model for Machakos, Antle et al. (2010a) defined
the farm according to its characteristics (location, size, number of family members, age
and education of household head, availability of off-farm income, number of Tropical
Livestock Units (TLUs), and family labor) (Figure 4.6). For each growing season the
model simulates milk and manure production as functions of feed availability. Manure
and organic fertilizer as well as crop residues accumulated in a previous season become
inputs available for crop and livestock production in the current season. Cost of
production, expected revenue and expected returns of each activity for each field on the
farm are computed by simulating crop input use and input demand functions, crop failure
probabilities and crop and byproduct equations. The model assumes that farmers
maximize returns by choosing the activity with the highest expected returns in each field.
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These crop-specific outputs, inputs and returns at the field level are aggregated to the
farm level.

Figure 4.6. Structure of the Whole-Farm Econometric-Process Simulation Model for Machakos,
Kenya. (Antle et al., 2010a)

Antle et al. (2010a) analyzed two policy issues: the loss of soil nutrients with the
resulting loss in crop productivity, and the increasing dependence of a growing
population on small farms for their livelihoods. To deal with these two policy issues,
Antle et al. (2010a) constructed three scenarios to be analyzed. The first scenario assumes
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that there is an increase in fertilizer availability due to investments in market
infrastructure and reductions in import tariffs which lower farm-gate cost of fertilizer.
This fertilizer scenario assumes that these interventions reduce the price of fertilizer by
50% and assumes all farmers use fertilizer (the quantity is estimated by the fertilizer
demand at those lower prices). The second scenario, called rural development, represents
the consequences of a policy that stimulates investments in the rural sector, which in turn
increases off-farm employment opportunities and farm consolidation. This scenario
assumes that household size is reduced by 25% and farm size is increased from the
regional average of about 3 ha to 6 ha. A third scenario is a combination of the fertilizer
and the rural development scenarios.
These three policy scenarios are compared to the base scenario. The indicators
used to analyze the system are the poverty rate (headcount poverty index, HPI with a
poverty line equals to $1/day), and the average soil nutrient depletion rate (nitrogen loss),
estimated by incorporating the NUTMON model into the TOA analysis. As mentioned
before, maize is an important food crop in Kenya, making the price of maize a key
variable for policymakers. For this reason, the mean of the maize price distribution was
varied in order to construct the tradeoffs between poverty and nutrient depletion
indicators.

4.3.4 Results

Results from TOA
Figure 4.7 shows the tradeoff curves between the poverty and sustainability
indicators for the base scenario and for the three policy scenarios. For the base scenario,
at the base maize price, PbB, the results show that the poverty rate is about 76% and the
soil nitrogen depletion averages about 32kg/ha. The rural development scenario shows a
reduction in poverty from the base value of 76% to an average of 51% (point PbRD in the
figure), and a reduction in the nitrogen depletion rate to 27kg/ha from the 32kg/ha of the
base scenario. The fertilizer scenario shows that at the base price PbF the soil nitrogen
depletion is about 29kg/ha and the headcount poverty rate is about 68%. The combined
rural development and fertilizer scenarios yielded the largest changes in poverty rate and
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nutrient depletion, with a headcount poverty rate at the base price PbR+F of about 42%,
and an average nitrogen depletion rate of about 25kg/ha. In all cases there is a negative
relationship between poverty and nitrogen depletion as the price of maize is varied. As
expected, an increase in maize price leads to an increase in farm income and a reduction
in poverty. Note that the poverty measure in this analysis is income based, therefore it
does not take into account changes in consumption (e.g., the effects of maize price
changes on consumption). Conversely, an increase in maize price causes an increase in
soil nutrient depletion. Figure 6 shows that the alternative scenarios shift the tradeoff
curve inwards relative to the base scenario. In this case, an inward shifting of the tradeoff
curve is good because both poverty and nutrient depletion are reduced. The effect of
maize price on soil nutrient losses is explained by the fact that farmers increase the
amount of land allocated to maize as the maize price increases, but do not increase
fertilizer use enough to prevent a net loss of nutrients in the harvested grain.

Results from TOA-ME
The TOA analysis presented above is the first step in the market equilibrium
analysis, as indicated in Figure 4.5. Using these simulation outputs, the maize supply
elasticities were estimated, assuming a constant-elasticity supply function (Table 4.3).
These elasticities for Machakos are larger than some reported in the literature (see for
example, Lubulwa et al., 1995; Thorne et al., 2002; Karanja, 2003; and Mghenyi, 2006).
This difference may be explained by the explicit representation of the discrete land use
decision embedded in the econometric-process model described in section 4.2.1, which
can produce a more price-responsive supply function than estimates based on aggregated
data (for more details see Antle and Capalbo, 2001). On the demand side, the intercept of
the constant elasticity demand function was calibrated using the base price of maize
(15.7KSh/kg) as the initial equilibrium price. The supply and demand parameters are
used to determine the market equilibrium price and quantity which allow us to identify
the point on the tradeoff curve associated to those equilibrium values for the three
scenarios.
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Figure 4.7. Poverty and nutrient depletion tradeoff curves constructed by varying the mean
price of maize (Pb=base price) under different scenarios and the effects of these scenarios on
poverty and nutrient depletion compared to the base scenario using the models with and
without ME (Pb=base price; PE=equilibrium price, Scenarios: B=base, F=fertilizer, RD=rural
development, and R+F=combined rural development and fertilizer). Machakos, Kenya.
Table 4.3. Output supply parameter estimates for Machakos Kenya

Scenario
Base
Rural Development
Fertilizer Availability
Rural Dev. + Fertilizer

Coefficients
Output
Supply
Intercept
Elasticity
7.22

2.6

(0.37)

(0.37)

7.7

2.56

(0.37)

(0.37)

8.75

2.29

(0.37)

(0.37)

8.93

2.36

(0.37)

(0.37)

* Standard deviations in parenthesis
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Figure 4.8 shows the relationship between poverty and output quantity (maize
production) and the link to the market supply and demand curve. The poverty-maize
production tradeoff curve is, as mentioned before, a set of possible equilibrium points
associated with different prices. The implied supply curve SB for the base scenario is
drawn in the bottom part of the figure. The demand schedule D results in a market
equilibrium point EB which in turn defines the point TB on the tradeoff curve. Using this
point we can map the spatial distribution of the outcomes (e.g., poverty) as it is shown in
the figure (map0).
Each scenario generates a different tradeoff curve and a new supply curve.
Consequently, new equilibrium points are estimated for each scenario. In this
presentation the demand curve is fixed. We assume that the income that drives the
demand is more than just farm income (e.g., farmers have other sources of income such
as off-farm income, remittances, etc.). Consequently, changes in farm income due to
changes in the price of maize are not large enough to shift the demand. However, demand
effects could also be estimated and incorporated into the market equilibrium analysis.
More generally, demand may also respond to policies that increase crop production or
stimulate rural development and thus raise incomes. Figure 8 also shows the tradeoff
curve for the combined scenario of rural development and fertilizer availability, the
derived supply curve (SR+F) and the equilibrium point (ER+F) at the equilibrium price
(PER+F) which determines the point (TR+F) along the tradeoff curve. This point allows us
to determine the spatial distribution of impacts on the disaggregate outcomes. In the
figure a new map of the distribution of poverty for the district of Machakos is obtained
(see map1 in figure 4.8).

133

Figure 4.8. Results of the TOA-ME for the base scenario (B) and the combined rural development
and fertilizer availability scenario (R+F): Derivation of the Tradeoff curves (poverty vs. maize
production), link to the ME model (supply and demand curves) and linkage back to the point (T)
on the tradeoff curve and the corresponding spatial distribution of outcomes (e.g., poverty
maps)
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The goal of this analysis is to estimate the effect of policy scenarios in moving
along the tradeoff curve. Without the ME analysis, an analyst would not know the
impact of the scenario on the market equilibrium price, so the analyst might compare the
simulation results at the base prices. To illustrate how the results of a tradeoff analysis
could be impacted by not incorporating a ME analysis, Figure 4.9 shows how the
distribution of poverty changes due to the effects of the combined rural and fertilizer
scenario in relation to the base scenario. When market equilibrium is considered, the
effects of the combined rural development and fertilizer policies on poverty are less than
the impacts measured at the base prices, due to the effect that the higher maize price has
in reducing poverty. Table 4.4 shows the average (and standard deviation) poverty and
nitrogen depletion disaggregated by village, as well as the percent change of poverty and
nitrogen depletion for the combined rural development and fertilizer scenario at base
prices and at the market equilibrium prices. At market equilibrium prices, the effects of
the policy on poverty are smaller in all the villages and consequently smaller in the
aggregate. Conversely, the impact on nutrient depletion is much larger at the market
equilibrium price in all villages. Table 4.4 shows that the spatial distribution of outcomes
is different at the base prices and at the market equilibrium prices.
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Base scenario

Rural development
+
fertilizer at the base price

Rural development
+
fertilizer at market
equilibrium price

Figure 4.9. Distribution of spatial effects on poverty for the base scenario and combined rural
development and fertilizer scenario, at the base and market prices for Machakos, Kenya
(excludes non-agricultural area).
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Poverty Headcount

-56.04%

-77.72%

-48.94%

-43.03%

-28.42%

52.55
(49.95)

Region

Kibwezi

Matuu

Kiomo

Kasikeu

Kionnyweni

76.10
42.05
-44.74%
(42.66)
(49.38)
Note: standard deviations in parenthesis.

HPI (%)

66.30
(47.53)
73.38
(44.25)
63.38
(48.21)
53.45
(50.10)
12.95
(33.62)
39.17
(49.02)

55.43
(49.98)
64.12
(48.02)
47.50
(49.97)
41.38
(49.46)
10.23
(30.34)
33.33
(47.34)

88.04
(32.62)
89.58
(30.58)
83.38
(37.25)
81.03
(39.37)
45.91
(49.89)
75.83
(42.99)

Machakos

%
change

-30.95%

-48.35%

-71.78%

-34.04%

-23.99%

-18.09%

-24.69%

%
change

13.80%

7.69%

5.94%

14.89%

19.04%

10.34%

12.35%

Difference

At market equilibrium
prices

-37.04%

HPI
(%)

HPI (%)

At base prices

Rural Development + Fertilizer Scenario

Village

Base
Scenario

equilibrium prices for Machakos, Kenya.
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32.01
(20.28)

36.70
(18.22)
34.78
(16.91)
31.49
(18.82)
23.13
(12.48)
32.43
(26.63)
29.12
(18.44)

N loss
(kg/ha/sea)

Base
Scenario

25.38
(19.94)

N loss
(kg/ha/sea
)
29.13
(18.96)
26.12
(19.42)
24.40
(18.16)
18.75
(11.95)
28.07
(24.62)
22.96
(18.92)
-20.71%

-21.15%

-13.46%

-18.91%

-22.51%

-24.89%

-20.64%

%
change

At base prices

18.73
(15.81)

23.56
(16.07)
21.87
(17.68)
19.01
(15.04)
14.95
(9.73)
16.85
(16.71)
12.35
(10.33)

N loss
(kg/ha/sea)

-41.49%

-57.58%

-48.05%

-35.34%

-39.62%

-37.10%

-35.80%

%
change

-20.77%

-36.43%

-34.60%

-16.44%

-17.11%

-12.22%

-15.16%

Difference

At market equilibrium
prices

Rural Development + Fertilizer Scenario

Nutrient Depletion

and aggregated at regional level for the base and the combined rural development and fertilizer scenarios at the base prices and at the market

Table 4.4. Spatial distribution of poverty (Headcount Poverty Index, %) and nutrient depletion (N loss kg/Ha/season) disaggregated by village

The effects of market equilibrium on aggregate outcomes are presented in Figure
4.7. The market equilibrium points estimated for each scenario are labeled as ܲா for the

base scenario, ܲாி for the fertilizer scenario, ܲாோ for the rural development scenario, and

ܲாோାி for the combined rural and fertilizer scenario. The figure shows that the market

equilibrium points are different than the base prices for each scenario. To illustrate the
implications of not considering a ME analysis, we analyze the effects of the combined
rural development and fertilizer scenarios. The results suggest that at the base price this
policy would decrease the poverty rate from 76% to 42% (which implies a 45% reduction
in the poverty). However, the results at the market equilibrium prices suggest that the
poverty rate is reduced to about 53% (implying a 31% reduction in poverty). This means
that the difference between the results at the base and market prices is about 14%.
Likewise, the model suggests that at the base price this policy reduces the

nitrogen depletion rate from 32kg/ha to about 25kg/ha. The model shows that at the
market equilibrium price this policy would reduce the nitrogen depletion to about
19kg/ha, implying that the difference between the two models is about 21%. The
difference between the impacts on poverty and nitrogen depletion measured at the base
price and at the market equilibrium price may be explained by the fact that the policy
intervention leads to new socio-economic conditions in the population (larger farm size,
smaller household size and fertilizer availability). These changed conditions in turn,
cause an outward shift of the maize supply curve (i.e., the supply curve shifts to the right)
resulting in a lower (equilibrium) price of maize (this is equivalent to the shift of the
supply curve shown in Figure 4.4a. Figure 4.8 also provides a graphical illustration of the
impacts on poverty and nitrogen depletion measured at the base and equilibrium prices).
As result, land allocated to maize is reduced (recall from above that price of maize drives
land use decisions) and farm income is decreased. Thus, compared to the base price, the
impacts on poverty are smaller at the market equilibrium and the impacts on nitrogen
depletion are larger.
Table 4.5 shows a comparison of the aggregate results for both cases, at the base
and market prices, in terms of the changes on poverty and nutrient depletion due to the
policy interventions (the three scenarios under analysis). In conclusion, Tables 4.4 and
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4.5 show that linking an ME analysis to the TOA has quantitatively important effects on
the assessment of agriculture-environment interactions and policy making in cases where
market conditions determine prices (i.e., existence of local or regional markets).
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% change
poverty

% change
Nutrient dep.

% change
poverty

% change
Nutrient dep.

At Equilibrium prices(a)
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Fertilizer
-11.30%
-7.75%
-1.31%
-26.24%
Rural development
-32.33%
-14.41%
-29.63%
-19.53%
Rural Dev. + Fertilizer
-44.74%
-20.73%
-30.95%
-41.51%
(a)
Negative values indicate a reduction on Poverty or Nutrient depletion
(b)
Positive values indicate overestimation and negative numbers indicate under estimation

Scenario

At base prices (a)

9.99%
2.69%
13.80%

Poverty
difference
-18.50%
-5.12%
-20.78%

N depletion
difference

Difference (b)

Table 4.5. Effects of policy scenarios on poverty and nutrient depletion at the base and market equilibrium prices for the region of Machakos

(aggregate results).

4.4 Discussion
Market equilibrium is likely to be important in the analysis of agricultural systems
in developing countries where product and input markets are not well integrated, and
therefore, local supply determines local prices (e.g., high transport costs may cause farmgate prices be set locally). Also, changes in the market supply schedules are driven not
only by prices but also by changes in farm characteristics in response to policy changes,
environmental conditions or socio-economic conditions. For example, in developing
countries, urban and rural development policies such as infrastructure investment can
affect rural-urban migration and off-farm employment, and thus change farm
characteristics such as farm size, household composition, and farm family members’
health and education (Reardon et al., 1998). These policy-induced changes in the
distribution of farm characteristics affect market supply, which together with market
demand determines the equilibrium market price. This equilibrium price in turn
determines farm-level land management decisions and thus determines the spatial
distribution of economic and environmental outcomes as shown in Figure 4.3. Linking
the ME results back to the spatial distribution of economic and environmental impacts
(e.g., poverty, land quality, etc.) allows us to understand the magnitude of these impacts
at the disaggregate level (i.e., site-specific economic and environmental outcomes). The
fact that the TOA model is a spatially explicit model that incorporate the effects of farm
characteristics on land use and management decisions, provides an opportunity to fill that
gap by linking spatially explicit production systems to ME models.
The model allows us to assess the interaction between socio-economic and
environmental indicators and the effects at the market level and vice versa (i.e.,
interaction across scales). In fact, several studies have recognized the need to link farmlevel agricultural systems models to the aggregate, regional scales that are the principal
concern of policy makers (Easterling, 1997; Ewert et al., 2006; Van Ittersum et al., 2008).
Most methods and modeling tools that link micro and macro scales use either a bottom-up
or a top-down approach. The gap between micro-level (e.g., field or farm) and macro
level (e.g., region or market) and their interactions has barely been bridged by the few
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models designed for multi-scale assessments (Laborte et al., 2007). The TOA-ME
described in this paper achieves the micro-macro linkage using a multi-scale approach
that includes both bottom-up (e.g., farm to market) and top-down (e.g., market to farm)
analyses.
Another example of a multi-scale model is the System for Environmental and
Agricultural Modelling; Linking European Science and Society – Integrated Framework
(SEAMLESS-IF, Van Ittersum et al., 2008). The SEAMLESS-IF couples bio-physical
models (e.g., APES), bio-economic farm-level models (e.g., FSSIM) and market level
models (e.g., SEAMCAP, CAPRI). The SEAMLESS-IF is based on simulation of
representative farm types derived from the EU’s Farm Accountancy Data Network
(FADN). Land-based differences in agricultural production systems are defined in land
capability classes. A statistical procedure is used to allocate non-spatial farm types to
land capability classes (polygons). These results are up-scaled to the regional scale based
on area-weighted aggregation or further aggregated to the whole EU (Uthes et al., 2010).
SEAMLESS-IF has a coarse representation of farm-level decision-making and
which scope of analysis is the whole EU or its NUTS (EU nomenclature of territorial
Units for Statistics). In contrast, the TOA-ME uses spatially-explicit data that represents
the heterogeneity of the farm population, which enables the assessment of distributional
impacts of policy or technology interventions. While the TOA-ME’s scope of analysis is
a region such a watershed, a key feature is that the TOA-ME provides a transparent
framework that can be applied to any system in any region of the world. However, a
frequent limitation for the application of the TOA-ME, particularly in developing
countries, is the availability of data. Spatially-explicit IAM, such as the TOA, require
highly detailed data that are generally available only from special purpose surveys. In
order to deal with this limitation, Antle and Valdivia (2006) developed a minimum-data
(MD) approach to agricultural system modeling which can be implemented using data
that are usually available from secondary sources (e.g., previous studies, census, etc.) to
characterize the distribution of returns for competing land use and management activities
in the farm population. They applied the MD approach to the analysis of ecosystem
service supply, and concluded that this approach could provide information to policy
makers within the degree of accuracy necessary for policy making. The MD has been
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applied to the analysis of ecosystem services supply, technology adoption and technology
impact assessment (see Antle and Stoorvogel, 2006; Immerzeel et al., 2008; Claessens et
al., 2009; Antle et al., 2010b). A challenge for future research is to link the MD approach
to a ME model. The methods and concepts discussed in this paper could be used as the
starting point to develop methods for coupling the MD approach to a ME.

4.5 Conclusions
This paper describes the linkage of the TOA model to a ME model. The TOA-ME
allows us to use site-specific data to capture the heterogeneity in the population and
generate tradeoffs between environmental and economic indicators. This analysis can be
coupled to a market equilibrium model and the results can be linked back to the
underlying spatial distributions in order to measure their effects.
We illustrated the implementation of the TOA-ME using a case study of a semisubsistence agricultural system in Machakos, Kenya. We analyzed different policy
scenarios aimed at reducing poverty rates and nutrient depletion in the region. Without a
ME model, analysts can compare the effects of the policy scenarios on poverty levels and
nutrient depletion over a range of plausible prices (e.g., at base prices and at selected
prices above or below the base prices), but cannot determine which equilibrium prices are
likely to result from the technology or policy intervention. The coupling of the TOA
analysis to a ME model allows the analyst to determine the equilibrium prices of the
system and thus to identify the point on a tradeoff curve that is associated to that
equilibrium price, and consequently identify how the change in market prices affects the
spatial distribution of economic and environmental outcomes in the region. The example
presented shows that the market equilibrium price with a policy intervention could be
substantially different than the prices observed without the market equilibrium analysis,
and therefore could play an important role in evaluating the impacts of the policy
intervention.
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CHAPTER 5
Economic and Environmental Impacts of
Climate Change and Socio-Economic
Scenarios: A case study on a Semi-Subsistence
Agricultural Production System
In this study we use a spatially-explicit integrated assessment model, TOA-ME, to
evaluate the economic (income, poverty) and environmental (soil nutrient depletion)
impacts of climate change and socio-economic scenarios in a case study of the semisubsistence agricultural production systems of Machakos (Kenya). This model provides a
unique capability to assess distributional effects of climate change on economic and
environmental outcomes while also accounting for market-level impacts on prices. We
use this framework to examine how a socio-economic scenario based on policy and
technology interventions can offset the likely negative effects of climate change. In order
to conduct this analysis we propose a three-step methodology: i) analysis of climate
change scenarios generated by GCMs, ii) use of GCMs output to estimate crop
responses, and iii) modeling the land use decisions and economics of the farming
systems. Output data from 5 commonly used GCMs and 3 emission scenarios were used.
Outputs from GCMs and emission scenarios corresponding to the Machakos region are
highly variable but present a similar trend of higher temperatures and decreasing
precipitation. As a result, crop production decreases with the effects varying by location.
Farmers are likely to adapt to the new climate conditions through changes in land use;
however the effects on poverty and soil nutrient depletion rates are small. In contrast, the
analysis shows that an effective policy and technology intervention that leads to different
socio-economic conditions could offset the negative effects of climate change and reduce
this region’s vulnerability. The results also imply that ignoring new market conditions
could lead to incorrect information for policy making.
Based on: Valdivia, R.O.; J.J. Stoorvogel and J.M. Antle. 2012. Economic and
Environmental Impacts of Climate Change and Socio-economic Scenarios: A Case Study
on a Semi-subsistence Agricultural Production System. The International Journal of
Climate Change: Impacts and Responses. 3: 157- 176.
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5.1 Introduction
There is a scientific consensus that climate change poses a long-term threat for
rural households in vulnerable regions like Sub-Saharan Africa (SSA) (Fischer et al.,
2005; IPCC, 2007; FAO, 2008). Accordingly, the assessment of economic (e.g., poverty)
and environmental impacts (e.g., nutrient depletion) of climate change are on the agendas
of policy makers and researchers. Projected climate data from global circulation models
(GCMs) are available and tools to analyze the impacts of climate change on a broad
range of situations are being constructed. At the same time there are efforts to create and
analyze future socio-economic scenarios based on possible adaptation strategies, rural
development policies and technology change (Nelson et al., 2010; Rosenzweig et al.,
2011).
In this study the analysis of climate change impacts on agricultural production
systems, and possible responses to those impacts (e.g., farmers’ adaptation, rural
development policies) is implemented in three steps. The first step deals with the analysis
of climate change scenarios generated by general circulation models (GCM). The second
step uses the projected climate data from GCMs to estimate crop yield responses for the
climate scenarios. These crop yield responses can be obtained by simulating statistical
models based on historical data, or from process-based simulation models. Statistical
methods relate historical yields to observed climatic variation (Thompson, 1969; Lobell
and Field, 2007; McCarl et al., 2008; Feng et al., 2010; Liu et al., 2010; Schlenker and
Lobell, 2010) or spatial patterns of yields to climate variability (Wigley and Qipu, 1983;
Wood et al., 2004; Basso et al., 2007). Crop simulation models are implemented for
climate impact assessment by combining genetic parameters from experiments with
representative management data, soils data, and weather data generated by climate
models (e.g., Jones and Thornton, 2003; Stöckle et al., 2003; Iglesias, 2006).
The third step involves an economic analysis of the possible adaptation strategies
at the farm level as well as changes in markets for farm products (autonomous or
planned). Autonomous adaptation is triggered by ecological changes in the natural system
and by market or welfare changes in human systems (IPCC, 2001). At the farm level,
individual producers choose the crop or crop mix that is most profitable. Given a change
in climate conditions, that crop or crop mix may not be the most profitable; therefore
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producers may select another set of crops and corresponding management (i.e., adapt to
the new conditions). If other producers take similar action and switch from one set of
crops to a different set, then the aggregate supply of marketed commodities will likely be
affected. Similarly, changes in income or population also may shift the demand, resulting
in changes in the market equilibrium prices.
Planned adaptation is implemented through policies designed to reduce adverse
impacts of climate change. Due to the uncertainty in future climate and economic
conditions, climate change policy studies are using a range of plausible future socioeconomic conditions, referred to as agricultural pathways or adaptation pathways
(Rosenzweig et al., 2011).
Integrated assessment models (IAM) have been developed to deal with the
complexity of the analysis and the relationships of the elements involved within and
between steps 2 and 3 (assessment of productivity impacts and adaptation) (e.g.,
Dowlatabadi and Morgan, 1993; Nordhaus 1991, 1994; Manne et al., 1993, 1995). The
Tradeoff Analysis Model (TOA) (Stoorvogel et al., 2004) is an integrated assessment
model of agricultural production systems that integrates site-specific bio-physical
processes and farmers’ economic decision making.
The TOA uses the Decision Support System for Agrotechnology Transfer
(DSSAT; Jones et al., 2003) to simulate the spatial (and temporal) variability in
productivity. The simulated crop productions are used to estimate econometric
production models for site-specific input use and output supply decisions of farmers.
These models are the basis for a spatially-explicit econometric-process simulation model
that simulates land use and management decisions under different economic,
technological or climate scenarios. Results from the TOA can be statistically aggregated
to a level that is relevant for policymaking (See chapters 2 and 3 in this thesis).
In Chapter 4 of this thesis, we coupled the TOA to the partial market equilibrium
(TOA-ME) model to analyze the effects of policy and technology interventions on the
spatial distribution of environmental and economic outcomes at the market equilibrium
prices. The results suggest that the linkage of market equilibrium analysis to farm level
integrated assessment models can be important in the analysis of agriculture-environment
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interactions. Steps two and three mentioned above can be accomplished by using the
TOA-ME. Furthermore, the TOA-ME can: a) capture farm-level decision making, b) be
used to represent any policy or technology intervention scenarios as well as incorporate
climate change scenarios c) incorporate market conditions, and d) uses spatially-explicit
data which allows the assessment of distributional impacts. All these characteristics of
the TOA-ME make it a well suited IAM model for climate change and policy analysis.
The objective of this paper therefore is to assess the economic and environmental
impacts of climate change and the effectiveness of rural socio-economic scenarios using
the TOA-ME as applied to the semi-subsistence agricultural production system of
Machakos, Kenya. In particular, we analyze the impacts of climate change on poverty
and nutrient depletion. We then analyze the effects of a policy and technology
intervention aimed to reduce poverty and decrease nutrient soil depletion within the
climate change context. In addition we discuss the importance of including a market
equilibrium analysis. We conclude with a discussion of the findings and limitations of the
study.

5.2 Materials and Methods
5.2.1 Study Area
The Machakos region, which includes the districts of Machakos, Makueni and
Mwingi, is located in the Eastern Province of Kenya, southeast of Nairobi between 0o70’
and 3o00’ southern latitude and between 36o87’ and 38o51’ eastern latitude. The study
area is approximately 14,000km2 with an altitude range between 340 and 1710 meters
above sea level. The climate is semi-arid with an average annual rainfall that ranges
between 500 to 1300 mm. Rainfall patterns are highly variable and distributed in two
rainy seasons. The short season occurs from November to January and the long season
from March to June. Severe droughts are frequent and usually last two or more seasons
hurting crop production and food security (Tiffen et al., 1994). Mean annual temperature
ranges from 15°C to 25°C. About half of the area in the Machakos region is under
agricultural use. Most agriculture is semi-subsistence characterized by complex
intercropping, small field size, low yields, high rates of crop failure, and lacking an
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established capital market. Agricultural production systems include both crop and
livestock activities. Maize is grown as the main staple crop but other crops (e.g., beans),
vegetables (e.g., tomatoes) and fruit trees (e.g., mangoes) are also cultivated. Livestock,
which is mostly managed as zero-grazing with some free-grazing in the lower areas, is
also an important activity in the region. Farm households face deteriorating price
relations between farm outputs and inputs and increased land pressure which lead to a
severe exploitation of soil nutrients (de Jager et al., 1998). Soil nutrient depletion is one
of the major constraints to a sustainable agricultural development in the Machakos
region.
Several studies showed that soil nutrient balances in Machakos are often negative
with annual losses of about 55kg N/ha/yr (Nandwa et al., 2000). Average crop yields are
low, about 399 kg/ha for maize and 687 kg/ha for beans (de Jager, 2001). Despite several
efforts of the government and research programs to increase maize yields, average yields
remain far below their potential creating serious food deficits in many regions of Kenya
where maize is a primary staple. Donovan and Casey (1998), Sanchez et al. (1997),
Bationo, Lamers and Lehman, (2015) among others, recognize that in order to reverse the
declining trends in per capita food production and negative nutrient balances, soil fertility
management on farms must be improved. Increasing crop productivity is clearly a key
element to improve living standards and to reduce poverty levels. The question is then
how climate change will affect crop productivity and land use, and how policies can be
structured to deal with nutrient depletion and poverty under new (and possible negative)
climatic conditions.

5.2.2 Step 1: Climate Change Projections
Emission scenarios developed by the Inter-governmental Panel on Climate
Change (IPCC) are widely used for climate change analysis. These scenarios describe
greenhouse gas emissions related to economic growth and energy use. The emissions
rates are used as input to the Global Circulation Models (GCM) to project climate
change. For this study we used the following emission scenarios developed by the IPCC
(IPCC SRES, 2000):
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A1B: This scenario is of a more integrated world of very rapid economic growth,
global population that peaks in mid-century and declines thereafter, and rapid
introduction of new and more efficient technologies, with the development balanced
across energy sources.
A2: This scenario is of a more divided world and is characterized by being
heterogeneous with continuously increasing global population and regionally oriented
economic growth that is more fragmented and slower than in other scenarios.
B1: This scenario is of a world more integrated, and more ecologically friendly
and is characterized by being a world with the same global population as in the A1B
scenario but with rapid changes in economic structures toward a service and information
economy, with reductions in material intensity, and the introduction of clean and
resource-efficient technologies.
General Circulation Models (GCMs) are large-scale mathematical models that
simulate the physical processes that affect climate. GCMs use transient climate
simulations to project future climate changes under various scenarios. While the accuracy
of GCMs output is under debate, there is a scientific consensus that they are suitable to
project future climate change (Grassl, 2000; IPCC, 2001). For this study we use the
output of 5 commonly used GCMs:
x

CGCM3 (T47 resolution) developed by the Canadian Center for Climate Modelling
Analysis, Canada.

x

ECHAM5-OM developed by the Max-Planck-Institute for Meteorology, Germany.

x

HadCM3 developed by the UK Meteorology Office, UK.

x

MIROC 3.2 medres, developed by the National Institute for Environmental Studies,
Japan.

x

MK 3.0, developed by the Australia’s Commonwealth Scientific and Industrial
Research Organization, Australia.

Output data from each model for the emission scenarios mentioned above were
downloaded from the IPCC Data Distribution Centre website (IPCC-DDC, 2009). The
results for each combination of GCM and emission scenario contain information on
climatic conditions (i.e., temperature, precipitation and solar radiation) over a specific
time span. We used a 10-year average to calculate climate change with a projection of 50
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years. Thus, climate change was calculated as the difference between the average of the
first ten years and the average of the last 10 years of a 60-year period. Climate change
data in terms of changes in monthly temperature, rainfall and radiation for the grid cells
covering the Machakos region were extracted.
The spatial resolution of the GCMs varies between 3 and 9 degrees.
Climate change projections for the weather stations in the Machakos region were
calculated by interpolating the data from the surrounding grid cells using a weighted
average based on the distance from the centre of the grid cell to the location of the
weather stations.

5.2.3 Step 2: Productivity Effects of Climate Change
The agricultural production system in the Machakos region is characterized by a
highly complex intercropping system that involves a diverse mix of crops and is mostly
used for home consumption. Maize and beans are grown as monocrop or as intercrop and
used for both home consumption and sold for cash. Vegetables are primarily cash crops
but are limited to the areas that have access to irrigation. Accordingly, expected crop
productivities for maize, beans and tomatoes (as a proxy for vegetables) were calculated
using the respective crop models from DSSAT. The estimates of the bio-physical crop
simulation models are interpreted as an index of productivity potential rather than a
prediction of actual yield. We refer to this index as the site’s inherent productivity
estimated with average management and site-specific soil and climate data. It is
important to note that there are two villages that have access to irrigation where irrigated
vegetables are produced. Therefore, irrigated and rainfed tomato inherent productivities
where estimated as a proxy for vegetables. The crop models use daily weather data and
the key parameters are maximum and minimum temperature, precipitation and solar
radiation. These parameters were modified to incorporate the effects of climate change
produced by the GCMs. The IPCC data are monthly climate change data. Therefore, we
perturbed the observed weather data by changing the monthly means as described in step
1. Inherent productivities were obtained for the current climatic conditions using
observed weather data and for future climatic conditions using the perturbed weather
data. It is important to note that, although more extreme weather conditions are predicted,
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the distributions of the parameters were not changed as quantitative information on these
changes is lacking. The effects of CO2 fertilization on crop production are still highly
uncertain and models are not calibrated to model these effects. Therefore, CO2
concentrations were kept constant in the analysis.

5.2.4. Step 3: Economic Analysis

The TOA-ME
The TOA integrates bio-physical and econometric process models. These models
need to be calibrated and estimated for the specific conditions of the area under analysis.
The calibration and estimation of these models for specific conditions requires spatiallyexplicit data including environmental data (site-specific soil and climate data) and farm
survey data (site-specific production, input and price data). Inherent productivities are
estimated for each farm in the survey using DSSAT as described in the previous section.
Then an econometric-process model simulates site-specific land management decisions
using econometric production models (input demand and output supply) that are
functions of inherent productivity, prices, farm characteristics, and policy parameters.
Environmental impacts of these management decisions are then simulated using
environmental process models. As a result, management decisions and resulting
environmental outcomes on each unit of land in production are functions of site-specific
environmental conditions, prices, policies, technology and other farm-specific variables.
The distributions of these site-specific and farm-specific characteristics in the population
generate a joint distribution of economic and environmental outcomes in the population
that are functions of the underlying environmental and economic parameters. With this
joint distribution the outcomes can be statistically aggregated into economic and
environmental indicators that represent the population. Different environmental and
economic outcomes can be generated by varying key model parameters such as prices
(e.g., maize price). Consequently, the aggregate relationships between economic and
environmental indicators generated in this way are referred to as tradeoff curves. Thus,
tradeoff curves represent the supply side of the agricultural system. Here we use the fact
that when tradeoff curves are generated by varying output or input prices, they represent
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the input demand and output supply behavior of farms (Valdivia et al., 2012, See Chapter
2 in this thesis for more details).
Different scenarios can also be simulated by varying other model parameters.
Changes in a commodity price (e.g., maize price) or a change in the scenario (e.g., a
climate change scenario) may change the model outcomes, for example it may change
land use patterns, and consequently may have impacts on market equilibrium prices.
Using data to characterize the output demand (e.g., output demand price elasticity) for a
specific commodity in the system, the TOA linked to a market equilibrium model (i.e.,
TOA-ME) can estimate the equilibrium price and quantity. Economic and environmental
indicators can be estimated at the equilibrium point by executing the simulation using the
estimated equilibrium price (see Valdivia et al., 2012 for more details about coupling the
TOA to a market equilibrium model).
Data
In this study we used data from two farm-level surveys carried out in the
Machakos region. These surveys were carried out by the projects LEINUTS (1997 to
1999) and NUTSAL (1999 to 2001) covering six villages in total. The LEINUTS data
covers 4 growing seasons while the NUTSAL data covers 2 to 3 growing seasons. Both
projects have used the Nutrient Monitoring (NUTMON) approach.
NUTMON is a multi-disciplinary and multi-scale approach to address the
problem of soil nutrient depletion (De Jager et al., 1998b). The NUTMON approach
includes standardized survey instruments and quantifies soil nutrient balances using a
comprehensive accounting of inputs and outputs of the farm and household system. Table
5.1 shows summary statistics for key variables of the study area. The survey data shows
that, as mentioned before, the principal crop systems are: the diverse intercrop which is
primarily used for home consumption. Maize and beans are grown as monocrop or as a
single intercrop and used for both home consumption and sold for cash. Vegetables are
primarily cash crops but are limited to the areas that have access to irrigation. There is
also land used for grass to feed livestock. Although the average farm size in the area is
about 3 ha, its distribution is highly skewed with a range between 2 to about 8 ha (see
Antle et al., 2011 for more details).
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Table 5.1: Summary Statistics from NUTMON Data for the Machakos Region, Kenya
Variable

Mean

Standard deviation

Output price, complex intercrop (ksh/kg)

10.7

(8.8)

Maize price (ksh/kg)

15.0

(2.7)

Bean price (ksh/kg)

30.4

(2.7)

Vegetable price (ksh/kg)

19.0

(14.00)

Complex intercrop land share (%)

33.3

(47.1)

Maize land share (%)

27.6

(44.7)

Beans land share (%)

9.0

(28.6)

Vegetables land share (%)

17.5

(37.9)

Grass land share (%)

12.8

(33.3)

Farm size (ha)

3.1

(3.5)

Family size (persons)

8.0

(3.0)

Data for the demand side of the analysis in the market equilibrium model were
obtained from the literature. There are few studies that have actually estimated the price
elasticities of demand for maize and other crops in Kenya. Nzuma and Sarker (2008)
estimated that the short-run own price elasticity of demand for maize is about -0.53 while
the long-run own price elasticity of maize was about -0.80. Other studies surveyed by
Nzuma and Sarker reported elasticities of demand for maize ranging from -0.45 to -0.90.
In the present study we use an own price elasticity of demand for maize of -0.50. We
assume in this application that the income that drives the demand is more than just farm
income (e.g., farmers have other sources of income such as off-farm income, remittances,
etc.). Consequently, changes in farm income due to changes in the price of maize are not
large enough to shift the demand. However, demand effects could also be estimated and
incorporated into the market equilibrium analysis. More generally, demand may also
respond to policies that increase crop production or stimulate rural development and thus
raise incomes. In addition, population increase corresponding to the time period of
analysis could also shift the demand.
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Simulation
The TOA-ME model is based on the whole-farm model for the Machakos region
constructed by Antle et al. (2011). This model utilizes econometric models (revenue and
input demand equations) for complex intercrop, maize, beans, vegetables and dairy
production that are functions of inherent productivities for maize, beans and tomatoes.
For the case of the complex intercrop, both maize and beans are important crops in the
mix. Antle et al. (2011) tested both inherent productivities in the econometric models and
found that the bean’s inherent productivity provided better results, so it was used in the
model. The econometric models were estimated using the survey data, the inherent
productivities and livestock data. The output of the econometric models is then used as
input to an econometric process simulation model. It is important to mention that land
share allocated to grass is kept fixed in the model (about 14%).
In the TOA model for Machakos, Antle et al. (2011) defined the farm according
to its characteristics (location, size, number of family members, age and education of
household head, availability of off-farm income, number of Tropical Livestock Units
(TLUs), and family labor). For each growing season the model simulates milk and
manure production as functions of feed availability. Manure and organic fertilizer as well
as crop residues accumulated from the previous season become inputs available for crop
and livestock production in the current season. Cost of production, expected revenue and
expected returns of each activity for each field on the farm are computed by simulating
crop input use and input demand functions, crop failure probabilities and crop and
byproduct equations. The model assumes that farmers maximize returns by choosing the
activity with the highest expected returns in each field. These crop-specific outputs,
inputs and returns at the field level are saved for aggregation to the farm level.
The simulation is executed for a sample of farms that represent the distribution of
bio-physical and economic conditions of the region. Inherent productivities play a key
role in the process as they capture bio-physical (soil and climate) conditions and its
spatial variability. Thus, the simulation of inherent productivities for all the climate
change scenarios described above are used in the simulation to estimate the effects of
climate change on the model’s outcomes. The outcomes of the simulation are used to
calculate population-level indicators such as the population’s poverty rate and the
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average rate of soil nutrient loss in the population. The poverty rate is calculated as the
headcount poverty index with a poverty line of $1/day/person. The soil nutrient loss rate
is calculated using NUTMON. Tradeoff curves between these two indicators were
constructed by varying the mean of the maize price distribution. Each scenario was
replicated by varying the maize of price over a range of -75% to 125% of the base price
while prices of other inputs and crops were held constant. The output from the TOA is
then used in the market equilibrium model to estimate the output supply parameters for
maize. The market equilibrium model uses output supply parameters and the demand
parameters to estimate the equilibrium price and quantity. The TOA is executed again
with the equilibrium values to estimate the spatial distribution of the outcomes (e.g.,
poverty or nutrient depletion) at the equilibrium points.

Scenarios
The simulation is run for three scenarios which are combinations of socioeconomic and climate change scenarios:
Baseline scenario. This scenario represents current socio-economic and climate
conditions.
Climate change and base socio-economic conditions scenario. This scenario is run
for future climate change conditions and assumes no policy or technology intervention.
Climate change and changed socio-economic conditions scenario. This scenario is
run for climate change and new socio-economic conditions which are a consequence of
rural development policies. This scenario deals with two policy issues that have been
identified as the major constrains to the sustainability of agricultural production systems,
food security and poverty in Kenya (Government of Kenya, 2004). These issues are the
loss of soil nutrients with the resulting loss in crop productivity, and the increasing
dependence of a growing population on small farms for their livelihoods. Consequently,
this scenario is based on a policy intervention and technology change. The policy
intervention represents the consequences of a policy that stimulates investments in the
rural sector, which in turn increases off-farm employment opportunities and farm
consolidation. To investigate the kinds of effects that rural development could have, we
utilized the observed historical patterns of agricultural development, in which economic
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growth leads to larger farms and smaller household sizes (see for example Deininger and
Jin, 2008). Accordingly, we assume that the average household size is reduced by 25%
and average farm size is increased from the regional average of about 3 ha to 6 ha. The
technology intervention part of the scenario assumes that there is an increase in fertilizer
availability due to investments in market infrastructure and reductions in import tariffs
which lower farm-gate cost of fertilizer. The scenario assumes that these interventions
reduce the price of fertilizer by 50% and assumes all farmers use fertilizer (the quantity is
estimated by the fertilizer demand at those lower prices).

We compare the outcomes of the baseline scenario to the outcomes of the second
and third scenarios. The comparison is made in terms of changes in poverty rates and soil
nutrient depletion rates. The results are presented with and without market equilibrium
analysis.

5.3 Results and Discussion
5.3.1 Step 1: Changes in Temperature, Precipitation, and Solar Radiation
Results from the different emission scenarios and GCMs are summarized in table
2. The multi-year average of climate change data for the selected GCMs shows an
increase in temperature which is consistent across the different emission scenarios.
However, it is important to note that there is a significant variation across the different
GCMs. The prediction for precipitation is highly variable across scenarios and across
GCMs. On average, the emission scenarios suggest changes on rainfall that range from a
small increase of 0.02mm/day to a more significant decrease of about -0.2mm/day.
Although these changes may seem low, in marginal areas where current annual
precipitation is already low these results may have an important effect. For example, in
some areas in Machakos where the annual average rainfall is about 500 mm/year, the
most extreme prediction (scenario B1 shown in table 5.2) would mean a reduction of
about 15% in annual rainfall, while in areas where the annual average rainfall is about
1300mm/year, the same change in precipitation would cause a decrease in the average
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annual rainfall of about 5%. This shows that the changes in weather can have different
degree of impacts in a region with heterogeneous micro environmental conditions (i.e.,
heterogeneous landscapes).
Table 5.2: Climate Change Data for Machakos Region, Kenya: Average Change on Temperature,
Precipitation and Solar Radiation for the Selected Emission Scenarios. Standard Deviations
Estimated Over the GCMs are in Parentheses
Emission
Scenario

Temperature oC
monthly average

Precipitation
mm/day

Solar Radiation
MJ/m2/day

A1B

0.56

(0.79)

0.02

(0.30)

0.29

(2.98)

A2

0.85

(0.66)

-0.08

(0.30)

2.01

(2.26)

B1

0.68

(0.58)

-0.18

(0.20)

1.79

(3.59)

5.3.2 Step 2. Effects of Climate Change on Inherent Productivities
Table 5.3 shows that the aggregate effects of climate change result in a reduction
of inherent productivities. These results are in line with several studies that suggest that
climate change will have negative effects on crop yields in Sub-Saharan Africa (e.g.,
Thornton et al., 2006; IPCC, 2007). The response of crop yields to the increasing
temperatures and the general decrease in rainfall varies by crop. The results show a large
amount of variability across the GCMs. The impact of climate change will be different
for different plant functional types due to the different metabolic pathways for carbon
fixation in photosynthesis. In general, a C4-crop like maize is more tolerant to higher
temperatures than a C3-crop like beans (Jones and Thornton, 2003). Thornton et al.
(2008), suggest that the variability they found in the response of maize and beans yields
to climate change, can be explained by temperature effects.
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Table 5.3: Effects of Climate Change on Inherent Productivities in the Machakos Region, Kenya
Estimated Using DSSAT: Average Absolute Change of Inherent Productivities Simulated Under
the Selected Emission Scenarios Respect to Inherent Productivities Simulated Under Current
Climate Conditions (Baseline, First Row). Standard Deviations Estimated over the GCMs are in
Parentheses
Emission
Scenario

Maize
(Kg/ha)

Beans
(Kg/ha)
1005

Rainfed Tomato
(Kg/ha)
1923

Irrigated
Tomato (Kg/ha)

Baseline

2234

8546

A1B

-221

(611)

-237

(380)

-96

(108)

-314

(1464)

A2

-328

(433)

-67

(602)

-92

(110)

-724

(1048)

B1

-310

(449)

-210

(381)

-140

(64)

-546

(1035)

In the case of beans Thornton et al. (2009) suggest that yield increases will occur
up to a temperature of about 20-22oC. If temperatures pass this threshold, bean yields will
start to decline. Maize, on the other hand, would benefit from an increase in temperature
at higher altitudes; however at lower altitudes higher temperature and limited water
availability would cause yields to decline. This shows that crop productivity may be
affected differently depending on where crops are grown and how weather is affected by
climate change on those specific locations.
It is important to note that in this study we are dealing with monthly data, and
extreme events are not taken into consideration. In addition, other effects such as possible
changes in growing season length are not included. Warmer temperatures and lower
rainfall are likely to change the length and conditions of growing seasons. Drier growing
seasons, and possible more frequent drought would impact crop yields and livestock
productivity (Huq et al., 2005). We should also mention that pest and crop diseases are
likely to affect crop (and livestock) production. These effects are not included in the
present analysis.

160

5.3.3 Step 3. Effects of Climate Change on Land use, Nutrient Depletion and
Poverty
Table 5.4 shows the effects of climate change on the shares of land allocated to
the crops of the production system. These results are presented at the maize market
equilibrium price and represent the average share of land allocation for each emission
scenario. The principal land reallocation occurs between maize and intercrops, the two
the main crops in the system. As noted above, main crops in the intercrop system are
maize and beans, however only beans’ inherent productivity was used in the econometric
models. The decrease in land allocated to intercrops can be explained by the fairly larger
negative effects of climate change on the beans’ inherent productivities as shown in table
5.3. Although the results show an increase of land allocated to maize, these changes are
relatively small. Recall from the simulation section that the model assumes that farmers
maximize returns by choosing the activity with the highest expected returns in each field.

Table 5.4: Effects of Climate Change on Land Allocation (i.e., Percent of Land Allocated to Each
Crop) in the Machakos Region, Kenya: Simulated Land Allocation for the Crops in the System
Under the Selected Emission Scenarios Compared to the Baseline (Current Climate Conditions, no
Intervention. See first row). Standard Deviations Estimated over the GCMs are in Parentheses
Emission
Scenario

Complex
Intercrop (%)

Maize
(%)

Baseline

0.35

A1B

0.29

(0.12)

0.30

(0.08)

0.11

(0.02)

0.16

(0.03)

A2

0.31

(0.15)

0.30

(0.09)

0.10

(0.03)

0.15

(0.04)

0.15

(0.03)

0.27

Beans
(%)
0.10

Vegetables
(%)
0.15

0.29 (0.14)
0.31 (0.09)
0.11 (0.02)
B1
Note: As noted in the text, land allocated to grass was held constant at 14%.

The climate change results suggest that the relative changes in the
expected returns to each crop compared to the baseline are small. Consequently, land
reallocation is minimal. Table 5.4 also shows that in the case of land allocated to
vegetables there is almost no change. This is due in part to the fact that the most
important production of vegetables is located in only two of the villages that have access
to irrigation. It is important to note that there are no major differences in results across
emission scenarios; however there is a high variability across the different GCMs.
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The results of simulations to estimate the impacts of climate change and the
socio-economic scenarios on nutrient depletion and poverty for the selected GCMs and
emission scenarios are summarized in Table 5.5. This table shows the percentage change
in poverty and nutrient depletion rates in the Machakos region for the scenarios under
climate change: a) base socio-economic conditions and, b) changed socio-economic
conditions with respect to the baseline scenario based on rural development policy and
technology intervention.
Table 5.5: Climate Change Effects on Poverty and Nutrient Depletion for the Machakos Region,
Kenya: Average Percentage Changes for the Selected Emission Scenarios. Changes are Presented for
the Climate Change, Base Socio-economic Conditions Scenario and for Climate Change, Changed
Socio-economic Conditions Scenario Respect to the Baseline (No Intervention, Current Climate).
Results for Socio-economic Scenarios based on Policy and Technology Intervention are Presented
with and without Market Equilibrium Analysis. Standard Deviations Estimated over the GCMs are
in Parentheses
Base socio-economic
scenario

Changed Socio-economic Scenario (based on policy and
technology intervention)

with Market Equilibrium
(maize equilibrium price)

without Market
Equilibrium (at maize base
price)

with Market Equilibrium
(maize equilibrium price)

Change in
Poverty

Change in
Nutrient
Depletion

Change in
Poverty

Change in
Nutrient
Depletion

Change in
Poverty

Change in
Nutrient
Depletion

A1B

2.40%

-7.83%

-41.69%

-23.07%

-25.95%

-45.86%

(3.77)

(13.12)

(5.70)

(7.65)

(8.62)

(7.90)

A2

1.23%

-2.38%

-42.91%

-21.67%

-28.16%

-41.87%

(5.83)

(19.62)

(7.24)

(9.01)

(11.15)

(12.67)

B1

3.37%

-7.09%

-40.84%

-23.96%

-25.29%

-45.65%

(4.71)

(14.11)

(7.56)

(9.26)

(9.84)

(8.89)

Emission
Scenario

Note: negative indicates a ‘decrease’, while positive values indicate ‘increase’

Market equilibrium results for the climate change and base socio-economic
conditions were not significantly different from the analysis without ME, therefore the
results presented in table 5.5 for this scenario are at the maize market equilibrium price.
In contrast, results for the rural development scenario were considerably different with
and without ME. In consequence both results are presented in table 5.5.
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The climate change and base socio-economic conditions scenario shows that on
average, the poverty rate is slightly increased while nutrient depletion decreases. The
increase in poverty rates may be explained by the decrease in productivity as a
consequence of new climate conditions (see Table 5.3). As maize and beans productivity
decreases, farm income decreases therefore poverty rates increase. The reason why this
increase in poverty rate is small may be explained by the fact that more land is being
allocated to maize which offsets in part the negative effect of the productivity reduction.
In the case of nutrient depletion, the reduction on maize and beans productivity combined
with the reduction on land allocated to complex intercrops leads to a small reduction on
nutrient depletion.
The impacts of the climate change and changed socio-economic conditions
scenario on poverty are considerably larger at the base prices (i.e., no market equilibrium
analysis). Poverty rates are decreased between 40-43%. On the other hand, impacts on
nutrient depletion rates are decreased between 21-24%. The larger decrease in poverty
rates compared to the climate change and base socio-economic conditions scenario is in
part due to the consolidation of the farms (large farm size and smaller household size)
which creates higher per capita income. On the other hand, the decrease in nutrient
depletion rates as shown in Table 5.5 can be explained by the increase in fertilizer use
due to the price reduction and availability of fertilizer assumed in this socio-economic
scenario. However, the market equilibrium analysis show that the impacts on poverty
were overestimated by about 15% and the impacts on nutrient depletion were
underestimated by about 21%. The market equilibrium analysis predicts a decrease in
poverty between 25 and 28% and a decrease in nutrient depletion rates between 41-45%.
The changed socio-economic conditions scenario (larger farm size, smaller
household size and fertilizer availability) shifts the maize supply curve to the right,
causing the price of maize to fall. As result, land allocated to maize is reduced (recall
from above that price of maize drives land use decisions) and farm income is decreased.
Thus, compared to the base price, the impacts on poverty are smaller at the market
equilibrium and the impacts on nutrient depletion are larger (see Table 5.5). The results in
table 5.5 show little variation across the emission scenarios, but as in the other results
showed above there is a high variability across GCMs.
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5.4 Discussion
Methods and models to analyze the impacts of climate change on agriculture have
been the focus of attention of the scientific community for several years. Climate change
impact assessment studies on agriculture initially were mostly focused on the first-order
bio-physical impacts (crop yield changes), (Iglesias and Minguez, 1995). These first
studies used simulated weather data from the GCMs and used crop simulation models
(process based or statistical) to predict the impacts and variations of yields in response to
different climate scenarios. Most of the studies, however, failed to analyze the resulting
effects on the environment and on socio-economic conditions, and the implications of
autonomous or proactive (planned) adaptation strategies. The IPCC Third Assessment
Report on Climate Change pointed out the need for developing methods and models
(tools) that include these impacts and adaptation issues in the analysis:
...However, progress to date, particularly with regard to integrated modeling, has
focused largely on mitigation issues at the global or regional scale and only
secondarily on issues of impacts, vulnerability, and adaptation. Greater emphasis
on the development of methods for assessing vulnerability is required, especially
at national and sub national scales where impacts of climate change are felt and
responses are implemented. Methods designed to include adaptation and adaptive
capacity explicitly in specific applications must be developed. IPCC (2001).
A more comprehensive analysis of climate change impacts has evolved since then, and
the analysis of future climate conditions associated to likely socio-economic conditions is
increasingly gaining more attention. Given the uncertainty of future conditions, the use of
scenarios (or scenario approach) is becoming important in climate change analysis. As a
consequence, many studies use IAMs that enable the analysis of different climate change
scenarios and their potential bio-physical, environmental and socio-economic impacts.
Still, some IAMs used for climate change analysis fall short of adequately
incorporating adaptation in the analysis, they also fall short of adequately assessing
distributional economic and environmental impacts. Similarly, climate change is likely to
change patterns of supply and demand of commodities with a consequent change in
prices that could play an important role in designing policies at regional, national and
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international levels. Therefore, a market equilibrium model should also be incorporated
in the analysis to assess how markets react to changing prices due to shifts in supply and
demand of commodities.
This study analyzes the impacts of climate change and socio-economic scenarios
on agricultural production systems and the consequences on poverty and nutrient
depletion. We depicted three main steps to follow on the assessment of climate change
impacts: 1. Climate change projections; 2. productivity effects and climate change; and 3.
Land use change and impacts on poverty and nutrient depletion at the market equilibrium.
These steps are a logical sequence for economic and environmental impacts of climate
change studies. However, there are several issues that need further attention in order to do
impact assessments of climate change. These issues also constitute a limitation associated
to the application presented in this study:
Climate (e.g., temperature, rain, solar radiation) is a key driver for agricultural
production and contributes to determine what, when and how to grow a crop (or animal)
at a specific-site. In other words, site-specific climate conditions are a key element for
farmers’ decision making. The different GCMs and emission scenarios and the coarse
resolution of their output generate substantial uncertainty, especially when the analysis is
applied at finer resolutions (e.g., local or regional) where the adaptation process really
takes place. In addition, climate variability and extreme events are two aspects that
climate models can’t simulate at the spatial and temporal resolution that corresponds to
specific agricultural production systems and agricultural seasons. As we discussed earlier,
climate change may have different effects depending on the crop, location and time.
Methods and models for downscaling climate change data to deal with the spatial
variability and heterogeneity that is frequently found at finer scales are being developed
by scientists and they need to be incorporated to integrated assessment models.
In addition, output from crop models (e.g., yields) can capture the effects of
climate conditions as well as other site-specific conditions (e.g., soil). This allows us to
represent the yield variability in a region. However, when one tries to represent farmers’
adaptation in the form of management, then representing spatial yield variability that
accounts for site-specific management is a complex issue (Antle and Stoorvogel, 2006;
Rosenzweig et al., 2011). Another issue, related to the previous point, that has been
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largely ignored in assessing climate change impacts is adaptation costs and the variability
associated to the capability to adapt (adaptive capacity) to new conditions (Antle and
Capalbo, 2010). Ignoring adaptation costs is likely to over-estimate adaptation,
consequently analysis of distributional economic or environmental impacts (e.g., poverty,
soil nutrient depletion) or markets effects (changes on prices) might be biased. It is
important to note that, if available, adaptation costs can be incorporated into the TOAME.
As discussed above, markets are likely to be affected by different sources: for
example, changes on supply and demand due to new adaptation strategies (e.g., different
land use, new crops, etc.) which are likely to cause prices to change. Changes on income
levels or demographic pressure over the time of analysis of climate change are also likely
to affect markets. These changes can occur (or can be measured) at the regional, national
or international levels, and most of the studies that consider market analysis utilize global
or general market equilibrium models and use aggregate data. However, these models in
general can’t assess distributional effects.
In contrast, the TOA-ME can not only assess distributional effects, but also
reduce the level of uncertainty of key parameters by doing sensitivity analysis (e.g.,
changes on demand elasticity for maize). The application of the TOA-ME presented in
this study, shows how this integrated assessment model is well suited and is able to
overcome several of the limitations of models used to assess economic and environmental
impacts of climate change on agricultural production systems.

5.5 Conclusions
This study presented a case study to assess the economic and environmental
impacts of climate change on agricultural production systems. The methodology consists
of three steps that link climate change projections to changes in crop productivity and
economic impacts in a transparent way. This paper shows that in order to be able to
assess the economic and environmental impacts of climate change, it is important to
include future socio-economic scenarios to complement the bio-physical effects (steps 1
and 2). Furthermore, economic analysis (step 3) should include adaptation and the effects
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on land use and market prices. It is also important to use an appropriate model (tool)
capable of linking these steps to represent distributional effects (e.g., poverty, soil
nutrient depletion, etc.) of climate change.
This study follows these steps for assessing the effects of climate change on
poverty and nutrient depletion in the context of a semi-subsistence agricultural
production system. We analyzed the effects of climate change with and without a policy
and technology intervention. We depicted three main steps to follow on the assessment of
climate change effects using the TOA-ME: 1. Climate change projections; 2. Productivity
effects and climate change; and 3. Land use change and impacts on poverty and nutrient
depletion.
The results show that in this particular case, the changes on precipitation,
temperature and solar radiation do not show a significant difference among the selected
emission scenarios. On the contrary, the variability is significant across GCMs. The
effects of climate change on crop productivity are negative on average. Changes in crop
productivity lead to changes in land use as farmers maximize profits. These results show
that in this particular case, policy and technology interventions are needed to reduce this
region’s vulnerability. This study has shown that the socio-economic scenario based on
policy and technology interventions presented in the case study would be effective across
a range of possible climate outcomes represented by different GCMs and the negative
effect of climate change on crop production. Finally, the results show that ignoring
market equilibrium analysis can lead to biased results and incorrect information for
policy making.
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CHAPTER 6
Synthesis
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6.1 Introduction
The Millennium Declaration set the year 2015 as a target to achieve most of the
development goals (MDG) with the objective of halving poverty in all of its forms.
However, many developing countries are still far from achieving these goals. The
Millennium Development Goals Report (MDGR, 2015) indicates that globally the MDG
target has been met, but 1.2 billion people still live in extreme poverty. The MDGR 2015
states that the majority of people living on less that $1.25 a day belong to Sub-Saharan
Africa (SSA) and South Asia (SA). In SSA, 41 percent of the people live on less than
$1.25 a day respectively (see Figure 6.1). Rural poverty in this region is much higher
where four out five people live in extreme poverty. The MDGs expired in 2015 and based
on the global results, the international community has initiated the debate about the post2015 development agenda, which is centered in the new proposed Sustainable
Development Goals (SDGs). The SGDs are a set of universally applicable goals (still
under construction) that balances the three dimensions of sustainable development:
environmental, social and economic. Like the MDGs, there many questions about what
policies will be needed to accomplish the SDGs by 2030 and 2050, particularly in rural
regions where most households are dependent on agriculture and where poverty rates are
still high (e.g., in SSA).
Wright et al, 2011 estimates that two thirds of the global rural population lives in
mixed crop-livestock systems (CLS) where interactions between crops and livestock
activities are important for the subsistence of smallholders. CLS are characterized by
high degree of biophysical and economic heterogeneity, complex and diversified
production system that frequently involves a combination of several subsistence and cash
crops and livestock. Increasing crop productivity is clearly a key element to improve
living standards and to take these people out of poverty. However, agricultural
productivity in regions like SSA has been stagnant or increased slowly (IFPRI, 2013).
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Figure 6.1. Proportion of people living on less than $1.25 a day, 1990, 2011 and 2015
(percentage) and the MDG target by 2015. The Millennium Development Goals Report, 2015.
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Cereal yields have not significantly increased and per-capita food production has
declined in the last 25 years and (Muchena et al., 2005, Herrick and Beh, 2015). Sanchez
et al., 1997 and more recently Bationo, Lamers and Lehman, 2015 argue that land
degradation and soil fertility depletion are the fundamental biophysical cause for the
decline in per-capita food production. In Kenya for example, 65% of the population lives
in rural areas where land degradation, inefficient agricultural practices, rapid population
growth, land fragmentation and limited access to markets contribute to the high poverty
levels in this region.
There have been considerable efforts in terms of research and rural development
activities aimed to improve soil fertility, increase productivity and reduce poverty in the
SSA (Pingali 2012; Pingali, Schneider and Zurek 2014). Yet evidence suggests that this
region has continued the downward spiral of poverty and land degradation and the
associated problems of food insecurity, and population pressure. But why decades of
large investments in research and development, several policy and technology
interventions have not produced the expected results in many regions of SSA is a key
question that policy makers and researchers are facing.
I argue in this thesis that there is the need to have a better understanding of the
complex agricultural systems typical of the SSA and of the linkages between poverty,
land degradation and agricultural productivity in order to appropriately propose and
implement policy and technology interventions that will lead to a sustainable path for
these systems. But given the conditions mentioned above, is sustainable development of
semi-subsistence mixed crop-livestock systems possible?
I also argue that, in addition to a better understanding of the complex relationships
of these agricultural production systems, there is a need for modeling tools and data that
appropriately capture these complexities to adequately conduct ex-ante impact
assessment of policy and technology interventions.
This thesis develops and applies a modeling framework for integrated assessment
of semi-subsistence mixed crop-livestock systems that takes into account key features of
these complex agricultural production systems and key elements of the poverty-land
degradation-agricultural productivity linkages shown in Figure 6.1 (e.g., market
equilibrium, policy and technology interventions, socio-economic scenarios and climate
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change). The goal of the empirical applications is to test the modeling methods and to
assess the impacts of policy and technology interventions and climate change under
different socio-economic scenarios. The case of the semi-subsistence agricultural
production system of Machakos, Kenya was used to assess how different degrees of
implementation of the Vision 2030 could lead to a sustainable development pathway and
be used as adaptation strategies to deal with climate change.

6.2 Poverty, land degradation and agricultural productivity linkages
The relationship between poverty, land degradation and agricultural productivity
has been extensively studied in the literature. In particular, rapid population growth in
regions such as SSA has led to the hypothesis of a downward spiral of mutually
reinforcing linkages between these factors (Nkonya et al., 2008). The general idea of this
hypothesis is based on the assumption that land degradation causes low agricultural
productivity, which in turn worsens poverty levels. There are factors that may influence
these relationships in a positive or negative way. Figure 6.2 shows linkages between land
degradation, poverty, agricultural productivity and land management and the linkages to
other factors that may affect these relationships.
Land degradation causes a negative impact on agricultural production but it can
also affect poverty directly by reducing availability of goods and services to households.
In particular, a completely degraded land may decrease the amount of crops produced for
self-consumption. Land management technologies and land policies will also affect the
level of land degradation and therefore have an effect on poverty.
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Figure 6.2. Poverty, land degradation and agricultural productivity linkages: Multi-scale
framework to assess sustainability of agricultural production systems (Adapted from Nkoya et
al, 2008)

The linkage between poverty and agricultural productivity is a linkage that goes in
both directions. Poverty could be a factor for low productivity due to the constraints poor
households face to use (obtain) productive inputs (e.g., purchased fertilizers). On the
other hand, low agricultural productivity also means low incomes. Production technology
also plays an important role by affecting directly agricultural productivity and thus
affecting poverty. Another component that also affects agricultural productivity is
weather. In vulnerable regions where conditions are less favorable for crop production
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due to frosts or droughts, weather may play an important role, especially in the context of
climate change analysis.
Another element that has been the focus of many studies is population growth and
land fragmentation. Rapid population growth in SSA has led to small farm sizes that are
not economically or environmentally sustainable (Antle, Stoorvogel and Valdivia, 2014).
The limited access to land, the needs to reduce fallow periods, or the inclusion of new
agricultural land where soils are too fragile are increasing the rates of land degradation.
Income per capita could be reduced as family size grows which may also constrain the
ability to purchase inputs (e.g., fertilizers) leading to low crop yields and soil nutrient
losses. The Machakos analysis presented in this thesis shows the importance of farm size
and household size in the design of policies and interventions aimed at reducing poverty
and increasing agricultural production sustainably.
In addition, other factors such as access to markets, infrastructure, services and
education also tend to affect agricultural productivity and poverty. Finally, rural
development policies and price changes due to either a policy or shifts on demand and
supply are also a key element in this system. For example, policies aimed to reduce
fertilizer prices may lead to an increase in agricultural productivity and thus would
positively affect poverty. A policy such as creating incentives for people to work on other
sectors (off-farm income) would contribute directly to poverty. Analyzing and
understanding the direct and indirect relationships mentioned above are key to a wellinformed policy design that aims to increase agricultural productivity and reduce poverty
and soil depletion rates. The problem is that soil depletion effects occur at a very
disaggregated level while poverty indicators are usually looked at a larger scale. Any
approach used to analyze these relationships need to account for the direct and indirect
linkages across scales.
The key challenge to agricultural sustainability in SSA is to reverse the declining
trends of agricultural productivity and the increasing rates of soil nutrient depletion and
high levels of poverty. Policy and technological interventions that lead to the “win-win”
outcome of reversing the negative trends while increasing agricultural productivity
sustainably need to be formulated considering the linkages shown in Figure 6.2.
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Governments and scientists are making efforts to develop policies and
technology interventions that will achieve the “win-win” outcome mentioned above and
move from the usual “tradeoffs” between poverty-productivity-sustainability to
“synergies”. Examples of these proposed technologies are the so-called “Sustainable
Agricultural Intensification” (The Montpellier Panel, 2013; SDSN, 2013, Garnett et al.,
2013) and the ‘Climate-Smart Agriculture” (McCarthy, Lipper and Branca, 2011). Policy
interventions such as the “Strategy for Revitalizing Agriculture 2004-2014” (SRA), and
the “Vision 2030” elaborated by the Government of Kenya (GoK, 2004, 2008, 2013)
propose a series of policies and activities to improve household livelihoods with the main
goal of reducing poverty, increase food security and protecting the environment. The
challenge is assessing ex-ante the likely impacts of these proposed interventions or
technologies requires of appropriate data and tools that can capture the characteristics of
the systems where they are going to be implemented, but also to effectively capture the
components and interactions of the technology itself.

6.3 Modeling Semi-Subsistence Crop-Livestock Systems to solve the
Poverty-Productivity-Sustainability Puzzle
This section provides a summary of the main findings of this thesis and relates
them to findings from other studies. This section also discusses aspects that were not
included in this thesis but would merit further research.
In Chapter 3 we argue that achieving the goal of sustainable development in semisubsistence African agriculture will require better understanding of the povertyproductivity-sustainability puzzle: why high poverty and resource degradation levels
persist in African agriculture. We hypothesize that the answer to this puzzle lies, at least
in part, in understanding and appropriately analyzing key features of semi-subsistence
crop-livestock systems (CLS) typical of Sub-Saharan Africa: high degree of bio-physical
and economic heterogeneity, complex and diversified production system involving a
combination of subsistence and cash crops with livestock. We argue that the complexity
and diversity of CLS often constrain the ability of policy or technology interventions to
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achieve a “win-win” outcome of simultaneously reducing poverty while increasing
productivity sustainably (i.e., avoiding soil nutrient losses).
This thesis describes and uses an integrated modeling approach (TOA, see
Chapter 2) designed to deal with these complexities and at the same time, quantify
economic and sustainability indicators for policy tradeoff analysis that are key in the
poverty, land degradation and agricultural productivity linkages described above. Thus,
in this thesis three key indicators of the system’s performance were used: the poverty rate
(defined as the headcount poverty index with the poverty line set at $1 per day), crop
yields, and the soil nutrient depletion rate (represented by soil nitrogen loss). Low crop
yields could be caused by various factors related to soil degradation and management.
However, the low maize yields in Machakos and the fact that farmers in this region use
very low fertilizer are reasons to think that N is a limiting factor.
The concept of Representative Agricultural Pathways and Scenarios (RAPS,
Valdivia et al., 2015) was used to represent different future socio-economic scenarios to
assess the impacts of policy interventions aimed to move agricultural systems towards
meeting sustainable development goals.
One important finding is that the complex behavior of CLS has important
implications for the effectiveness of policy interventions. The Machakos analysis
provides important findings regarding the implementation and effectiveness of policy
interventions addressing poverty and sustainability in Africa and other parts of the
developing world. The analysis shows that policy interventions tend to result in much
larger benefits for better-endowed farms, implying that farm heterogeneity results in
differential policy impacts.
The results are consistent with recent findings by Harris and Orr (2014). They
argue that small farms with limited access to markets are not likely to benefit enough
from improved technologies to climb out of poverty because returns to these technologies
are generally too low. Policy interventions aimed to deal with poverty and sustainability
can have unintended consequences if they are not accompanied by a set of policy
strategies and investments. For example, increasing the maize price can result in
substitution from subsistence crops to maize, without much increase in nutrient inputs,
thus increasing soil nutrient losses. The analysis shows that improving soil nutrient
178

balances by increasing fertilizer and manure use is critically important, but is not enough
to move the system to a sustainable path.
Similar conclusions are found in Kuyvenhoven (2004) and Antle, Stoorvogel and
Valdivia (2006), that resilience of agricultural systems is likely to be highly variable and
strongly associated with heterogeneity in bio-physical and economic conditions. CLS are
complex systems influenced by site-specific bio-physical conditions as well as the larger
economic environment. The soil nutrient depletion rates observed in many parts of SubSaharan Africa appear to be caused by many factors, including extremely small farm size
and associated extreme poverty that make sustainable management practices difficult to
maintain, particularly in an environment of distorted input and output markets.
There is no one factor that can reverse the negative nutrient balances and move
the system towards sustainability. Rather, a broad-based strategy is required that
stimulates rural development, increases farm size to a sustainable level, and also reduces
distortions and inefficiencies in input and output markets that tend to discourage the use
of sustainable practices that lead to efficient soil management. The Machakos case shows
that a combination of these interventions and strategies, based on the GoK Vision 2030
and the Machakos County plans, could solve the poverty-productivity-sustainability
puzzle in this region.
The pathway from tradeoffs to synergies (win-win) seems to be feasible if these
interventions and strategies are implemented, however the analysis also shows that some
villages may respond better to these strategies than others. The analysis suggests that
these interventions may actually benefit most the areas with better initial endowments of
soils and climate, a finding consistent with Marenya and Barrett’s (2009) analysis of the
effects of soil organic matter on fertilizer use. Further research is needed to assess the
potential adoption of these systems and their corresponding impacts on economic and
environmental outcomes as discussed by Antle, Stoorvogel and Valdivia (2014).
While the results of the analysis result on an optimistic view of the possible
impacts of the policy and technology interventions, it is important to note that, as
mentioned above, soil nutrient losses is probably the most common cause of soil
degradation. However, other soil degradation issues, such as erosion, acidification and
other soil process can also constrain crop productivity. Furthermore, it might be the case
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that soils become completely degraded and crops become unresponsive to any level of
the common fertilizers (e.g., NKP). In such case, interventions based only on increasing
fertilizer use (i.e., increasing N) without a broad soil management strategy is likely to fail
and would increase the risk of farmers be locked in a poverty trap.
The poverty, land degradation and productivity linkages described above suggest
that markets, prices and environmental factors (like climate change) are important part of
these linkages. The analysis presented in chapter 3 shows that prices (e.g., maize price)
play a key role in the assessment of policy interventions. However, the possible
endogeneity of prices was not addressed in that chapter. Similarly, another dimension not
included in the analysis that could potentially change the development pathway and
impacts of the proposed interventions is climate change. These two issues, market prices
and climate change are addressed in chapters 4 and 5 respectively.
There is an increasing recognition that analysis of economic and environmental
outcomes of agricultural production systems requires a bottom-up linkage from the farm
to market, as well as top-down linkage from market to farm. The analysis presented in
Chapter 4 develops this two-way linkage between the TOA model and a partial
equilibrium market model (ME). The TOA model links site-specific bio-physical process
models and economic decision models, and aggregate economic and environmental
outcomes to a regional scale, but treats prices as exogenous.
The resulting TOA-ME allows the effects of site-specific interactions at the farm
scale to be aggregated and used to determine market equilibrium. This in turn, can be
linked back to the underlying spatial distribution of economic and environmental
outcomes at market equilibrium quantities and prices. Market equilibrium is likely to be
important in the analysis of agricultural systems in developing countries where product
and input markets are not well integrated, and therefore, local supply determines local
prices (e.g., high transport costs may cause farm-gate prices be set locally).
Also, changes in the market supply schedules are driven not only by prices but
also by changes in farm characteristics in response to policy changes, environmental
conditions or socio-economic conditions. For example, in developing countries, urban
and rural development policies such as infrastructure investment can affect rural-urban
migration and off-farm employment, and thus change farm characteristics such as farm
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size, household composition, and farm family members’ health and education (Reardon
et al., 1998). These policy-induced changes in the distribution of farm characteristics
affect market supply, which together with market demand determines the equilibrium
market price. This equilibrium price in turn determines farm-level land management
decisions and thus determines the spatial distribution of economic and environmental
outcomes. Linking the ME results back to the spatial distribution of economic and
environmental impacts (e.g., poverty, land quality, etc.) allows us to understand the
magnitude of these impacts at the disaggregate level (i.e., site-specific economic and
environmental outcomes).
In Chapter 4 we analyzed policy and technology scenarios aimed at reducing
poverty rates and soil nutrient depletion, similar to the study in chapter 3. Without a ME
model, analysts can compare the effects of the policy scenarios on poverty levels and
nutrient depletion over a range of plausible prices (e.g., at base maize prices and at
selected prices above or below the base prices), but cannot determine which equilibrium
prices are likely to result from the technology or policy intervention. The coupling of the
TOA analysis to a ME model allows the analyst to determine the equilibrium prices of
the system and thus to identify the point on a tradeoff curve that is associated to that
equilibrium price, and consequently identify how the change in market prices affects the
spatial distribution of economic and environmental outcomes in the region. Our findings
suggest that the market equilibrium price associated to a policy intervention could be
substantially different than the prices observed without the market equilibrium analysis,
and consequently could play an important role in evaluating the impacts of policy or
technology interventions.
A possible extension to the analysis in chapter 4 is to do the market equilibrium
analysis considering multiple markets. In this particular case, both maize and fertilizer
prices are important to the system and key to the proposed policy and technology
interventions. Several methodological issues would need to be addressed (e.g., estimate
parameters when two prices are jointly varied). However, the analysis and methodology
presented in chapter 4 is the basis for future research considering more complex market
equilibrium analysis.
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There is a scientific consensus that climate change poses a long-term
threat for rural households in vulnerable regions like Sub-Saharan Africa. Policy and
technology interventions can have different impacts under climate change conditions.
The study in chapter 5 incorporates the impacts of climate change on the agricultural
production systems of Machakos. In this study we assessed the economic (i.e., poverty
rates), biophysical (crop yields), and environmental (i.e., soil nutrient loss) impacts of
climate change and the effectiveness the policy and technology interventions described in
chapter 4. We interpret these interventions as plausible adaptation scenarios in response
to climate change.
Climate change impact assessment studies on agriculture initially were mostly
focused on assessing the impacts of climate change on crop yields. These studies used
simulated weather data from the Global Circulation Models (GCMs) and used crop
simulation models (process based or statistical) to predict the impacts and variations of
yields in response to different climate scenarios. Most of the studies, however, failed to
analyze the resulting effects on the environment and on socio-economic conditions, and
the implications of autonomous or proactive (planned) adaptation strategies.
The IPCC Third Assessment Report on Climate Change (2001) pointed out the
need for developing methods and models (tools) that include these impacts and
adaptation issues in the analysis. In response, analysis of climate change impacts has
moved towards the use of more integrated approaches and the use of scenarios to deal
with the uncertainty of future conditions (e.g., The Agricultural Model Intercomparison
and Improvement Project (AgMIP), Rosenzweig et al, 2013). However, several studies
fall short of adequately incorporating adaptation in the analysis, they also fall short of
adequately assessing distributional economic and environmental impacts.
Similarly, climate change is likely to change patterns of supply and demand of
commodities with a consequent change in prices that could play an important role in
designing policies at regional, national and international levels. Therefore, a market
equilibrium model should also be incorporated in the analysis to assess how markets react
to changing prices due to shifts in supply and demand of commodities. In Chapter 5 we
use the TOA-ME to incorporate the elements mentioned above to assess the impacts of
climate change. We used data from 5 Global Circulation Models (GCMs) with three
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emission scenarios (SRES, 2000) to estimate the climate change projections and use these
projections to perturb weather data used by a crop simulation model to estimate the
productivity effects of climate change. We then assessed the land use change and impacts
on poverty and nutrient depletion at the market equilibrium using the TOA-ME model.
The simulation was carried out for three scenarios, which are a combination of
socio-economic and climate change scenarios: a baseline scenario that represents current
socio-economic conditions and climate conditions, a climate change and current socioeconomic scenarios (i.e., future climate change with no policy or technology
intervention), and a climate change and future socio economic conditions which are a
consequence of rural development policies.
Our findings show that in this particular case, the changes on precipitation,
temperature and solar radiation do not show a significant difference among the selected
emission scenarios. However, the variability is significant across GCMs. The effects of
climate change on crop productivity are negative on average. These results show that
policy and technology interventions are needed to reduce this region’s vulnerability.
Figure 6.3 shows that the socio-economic scenarios based on policy and technology
interventions presented in the case study would be effective to offset the negative effect
of climate change on the sustainability (economical and environmental) of the system
across a range of possible climate outcomes represented by different GCMs. Finally, the
results show that ignoring market equilibrium analysis can lead to biased results and
incorrect information for policy making, in particular for the scenario based on policy and
technology interventions.
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Figure 6.3. Impacts of climate change and socio-economic scenarios on poverty and soil nutrient
depletion, Machakos, Kenya. Each point represents a mean change in poverty and soil nutrient
depletion for a combination of 5 GCMs, 3 SRES with and without policy and technology
intervention at the market equilibrium (ME) prices and quantities, and at the base maize price
(without market equilibrium, w/o ME). Positive changes in poverty indicates increase in poverty
rates. Positive changes in soil nutrient depletion indicates increase in soil nutrient depletion
rates.

6.4 Discussion and Possible Extensions
The study discussed above show the possibility of a transition towards a
sustainable system where tradeoffs between economic and environmental outcomes are
eliminated. Consistent with other studies, one major implication of the analysis in this
thesis is that getting enough nutrients into the system (e.g., increasing fertilizer use), can
make the system respond positively (i.e., decreasing poverty rate and soil nutrient losses)
to economic incentives. However, this is not enough, our results imply that there has to
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be a set of policies, investments and structural reforms that lead to positive development
pathways. For example, for the case of Machakos, the results suggest that policy and
technology interventions with the right infrastructure in place and good market conditions
could solve the poverty-productivity-sustainability puzzle, meaning that the pathways
from tradeoffs to synergies seem to be feasible. However, recognizing that heterogeneity
is a key factor that characterizes CLS, it would be important to assess the potential
adoption and barriers to adoption of the proposed policy and technology interventions
and assess the impacts on economic and environmental outcomes considering the
population of adopters and non-adopters.
The model used in the thesis captures the interactions and dynamic
feedbacks between crops, livestock and the environment because the crops and livestock
components are closely coupled. However, the model is loosely coupled to the
biophysical crop models because there are no feedbacks from the economic models to the
crop models. Similarly, the estimates of nutrient balances provided by the NUTMON
model (de Jager, 1999) are not able to predict the dynamic changes in soil nutrients to
changes in land use and management. In both cases, improving these models to closely
couple them to economic decision models would be an important extension for this
analysis.
Model validation is another issue that needs to be addressed. Validation of
ex-ante modeling approaches is challenging. There is a need for ‘validation sites’ where
high-quality data is available and where ex-post analysis is feasible based on welldesigned data collection over time (e.g., RCT type of data). Model testing and
improvement is another issue. The Agricultural Model Intercomparison and Improvement
Project (AgMIP, Rosenzweig et al, 2013) is collaborating with different scientists around
the world to conduct model intercomparison tests and based on these, produce improved
models to assess the impacts of global changes on food security and sustainability of
agricultural production systems.
An important methodological issue is that due to the nature of the model:
spatially explicit, a large amount of farm survey data is needed to be able to implement
the modeling approach used in this thesis. The challenge, as pointed out in the thesis, is to
be able to represent the relationships of complex systems adequately. Data obtained from
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one-time recall household surveys typical from most research projects can’t effectively
capture these dynamics. Monitoring farms data (like the Nutmon data used in this thesis)
that accounts for farms input-output flows over a period of time with detailed
management and farm characterization that captures the heterogeneity in a population of
farms is ideal. However, this also has implications if one tries to replicate the analysis to
other locations using the same modeling approach. It would be expensive and time
consuming. For an alternative approach see Antle (2011) and Antle, Stoorvogel and
Valdivia (2014) where a more parsimonious approach is used to assess the impacts of
similar kinds of policy impacts such as the ones described in this thesis.
The analysis presented in this thesis suggests that the Vision 2030 of the
Kenyan government might be the basis for a sustainable development pathway that could
solve the poverty-productivity-sustainability puzzle and achieve not only the MDGs but
also the proposed SDGs. This important conclusion highlights the importance of
assessing the impacts of proposed policy interventions and the need for tools capable of
dealing with the several issues that are inherent to complex agricultural systems. Many
countries and local R&D institutions have been developing policy documents like the
Kenyan Vision 2030. However, the effectiveness of these policies is rarely assessed in an
“ex-ante” sense. With the use of proper methods and tools for ex-ante impact assessment,
policy interventions can be analyzed under different scenarios to assess their likely
impacts on socio-economic and/or environmental outcomes.

6.5 Towards a Sustainable Agricultural Development Pathway for CLS
The semi-subsistence agricultural production system of Machakos has
characteristics that are typical to many production systems in SSA and other developing
parts of the world. As such, these systems face similar challenges and opportunities to
implement policy and technology interventions to achieve the economic and
environmental sustainability of the system. The major finding of this thesis as explained
above is that there are several there are no single factors that would move the system to a
sustainable level. For example, increasing fertilizer may improve the system’s conditions
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(e.g., decrease poverty rates and soil nutrient losses), but would not solve the
productivity-sustainability-poverty issue. One conclusion of this thesis is that there are
several factors that need to be addressed and interventions (e.g., policy, reforms, etc.) that
need to be in place in order to follow a sustainable development pathway.
Figure 6.4 illustrates a development pathway (DP) towards the sustainability
(environmentally and economically) of the system. The position of the system on the
development pathway is jointly determined by a combination of policy-technology
interventions (e.g., sustainable intensification), drivers that affect the systems and that are
embedded into the RAPs (i.e., socio-economic conditions), and environmental conditions
(e.g., the effects of climate change). The inset figures show the transition from tradeoffs
to win-win outcomes between the percent of households above the poverty line and soil
nutrient gains as a consequence of different policy and technology interventions. These
curves are based on the results of chapter 3 and constructed by varying the mean maize
price. The bottom-left figure (towards the origin) shows the change from the base
conditions to the results of a policy intervention (S1) that increases the percentage of
households above poverty line and slightly improves the soil nutrient gains (shift the
curve to the right). However, as maize price increase (from left to right) there are more
negative effects on soil nutrients. The other two insets show the improvement of the
system due to other policy and technology interventions s described in Chapter 3 with the
last inset showing win-win conditions between poverty and soil nutrient gains. Those
transitions from tradeoffs to synergies are due to a combination of interventions (e.g.,
sustainable intensification, climate smart agriculture, etc.) and other socio-economic and
environmental conditions. However, it is important to highlight that the bio-physical,
economic and environmental heterogeneity in a population of farms must be considered
when designing policy or technology interventions. It is clear that ‘blanket’-type of
interventions are more likely to fail compared to targeted interventions.
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Figure 6.4. Development pathway towards sustainability of the system. The trajectory of the
development pathway depends on a combination of interventions (e.g., sustainable
intensification) and drivers (e.g., prices, climate) that affect the system. These interactions need
to be taken into account when modeling complex systems like the CLS presented in this thesis.

It is important to note that the slope of the development pathway might be
affected by other factors. For example, some of the scenarios analyzed in this thesis lead
to an increase in livestock holdings, dairy and manure production. Livestock production
systems can produce significant amounts of greenhouse gas (GHG) emissions, according
to FAO (2006) livestock contributes to 18% of global anthropogenic GHG emissions,
being methane, carbon dioxide (CO2) and nitrous oxide (N2O) the main GHGs sources. If
these emissions were accounted for in our analysis, the steepness of the development
pathway trajectory in Figure 6.4 would be flatter. However, there are options to reduce
and mitigate GHS emissions from livestock, for example it is possible to reduce methane
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emissions by better diets for ruminants and using improved breeds. Better management of
manure can reduce N2O emissions (Herrero and Thornton, 2009). Sustainable
Intensification technologies based on better feeding strategies, improved breeds that
reduce GHS from livestock are being investigated and promoted by ILRI as part of one of
their global research challenges.
Another element that could potentially change the slope of the development
pathway in Figure 6.4 is climate change, which could affect the system positively or
negatively. Our analysis suggests that socio-economic scenarios are important when
assessing the economic and environmental impacts of climate change and adaptation
policies that could be implemented in response to climate change.
Reducing poverty, improving food security and human health, and reducing
environmental damage is a priority on the international research agenda. The agricultural
scientific community faces the significant challenge of developing a new generation of
data, tools and approaches that capture all the complexities of agricultural production
systems to adequately assess the distributional impacts of policy and technological
interventions, climate change adaptation and mitigation. Clearly, a coordinated multidisciplinary effort is needed to deal with the complex multi-dimensional challenges of the
agricultural sustainable development of the 21st century.
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6.6 Highlights
1. The poverty-productivity-sustainability puzzle remains an important issue in
many regions of the developing world as the complex interactions of the typical
semi-subsistence crop-livestock systems are poorly understood.
2. I linked the Tradeoff Analysis Model to a market equilibrium model and used this
integrated modeling approach to assess (ex-ante) the impacts of policy or
technology interventions, market changes and environmental changes (e.g.,
climate change) on the semi-subsistence crop-livestock systems of Machakos
(Kenya).
3. Through a top-down as well as a bottom-up approach it was shown that shifts in
market equilibrium conditions have important consequences on the impacts of
policy interventions or technology changes.
4. Policy makers need to make informed decisions. There is a need to develop a new
generation of data, tools and approaches to support research for agricultural
sustainable development and thus, provide policy makers and stakeholders with
adequate and timely information.

5.

Sustainable development of semi-subsistence mixed crop-livestock systems might
be possible with broad-based strategies that involve a set of policy and technology
interventions. Ex-ante impact assessment under different scenarios of these
policies and interventions would greatly support technology development and
policy design.
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Summary
Sub-Saharan Africa countries face the challenge of reducing rural poverty and
reversing the declining trends of agricultural productivity and the high levels of soil
nutrient depletion. Despite of numerous efforts and investments, high levels of poverty
and resource degradation persist in African agriculture. The Millennium Development
Goals Report (MDGR) states that the majority of people living below the poverty line of
$1.25 a day belong to Sub-Saharan Africa (SSA) and South Asia. About two thirds of the
global rural population lives in mixed crop-livestock systems (CLS), typical of SSA,
where interactions between crops and livestock activities are important for the
subsistence of smallholders. CLS are characterized by high degree of biophysical and
economic heterogeneity, complex and diversified production system that frequently
involves a combination of several subsistence and cash crops and livestock. Increasing
crop productivity is clearly a key element to improve living standards and to take these
people out of poverty. However, agricultural productivity in most of SSA has been
stagnant or increased slowly. In addition, the likely negative impacts of climate change
on agriculture have accentuated the vulnerability of smallholders.
The international research community has once more the eyes on SSA with the
recently proposed post-2015 MDGs, the Sustainable Development Goals that emphasize
the need to achieve sustainable development globally by 2030 by promoting economic
development, environmental sustainability, good governance and social inclusion.
Governments and scientists are making considerable efforts to develop strategies that
include structural transformations of the different sectors of the economy in search of the
recipe to achieve the SDGs. Most of these strategies are based on policy and technology
interventions that seek to achieve the “win-win” outcomes and move from the usual
“tradeoffs” between poverty-productivity-sustainability to synergies. A key message of
this thesis is that achieving the goal of sustainable development in semi-subsistence
African agriculture will require better understanding of the poverty-productivity217

sustainability puzzle: why high poverty and resource degradation levels persist in African
agriculture. I hypothesize that the answer to this puzzle lies, at least in part, in
understanding and appropriately analyzing key features of semi-subsistence croplivestock systems (CLS) typical of Sub-Saharan Africa. The complexity and diversity of
CLS often constrain the ability of policy or technology interventions to achieve a “winwin” outcome of simultaneously reducing poverty while increasing productivity
sustainably (i.e., avoiding soil nutrient losses).
This thesis focuses on the Machakos Region in Kenya. Machakos has been the
center of many studies looking at soil fertility issues and its implications for poverty and
food security, including the well-known study by Tiffen et al. (1994). Recently, the
Government of Kenya developed the Kenya Vision 2030, a long-term development
strategy designed to guide the country to meet the 2015 MDGs and beyond. The
agricultural sector is recognized as one of the economic actors that can lead to reduce
poverty if appropriate policies are in place. For the Vision 2030, the key is to improve
smallholder productivity and promote non-farm opportunities. The Vision 2030 was used
to assess if the implementation of some of the proposed plans and policies can lead to a
sustainable agriculture for smallholders in the Machakos region.
This thesis describes and uses the Tradeoff Analysis Model (TOA), an integrated
modeling approach designed to deal with the complexities associated to production
systems such as the CLS and at the same time, quantify economic and sustainability
indicators for policy tradeoff analysis (e.g., poverty indexes and measures of
sustainability). The TOA was linked to Representative Agricultural Pathways and
Scenarios to represent different future socio-economic scenarios (based on the Vision
2030) to assess the impacts of policy interventions aimed to move agricultural systems
towards meeting sustainable development goals.
One important finding is that the complex behavior of CLS has important
implications for the effectiveness of policy interventions. The Machakos analysis
provides important findings regarding the implementation and effectiveness of policy
interventions addressing poverty and sustainability in Africa and other parts of the
developing world. The analysis shows that policy interventions tend to result in much
larger benefits for better-endowed farms, implying that farm heterogeneity results in
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differential policy impacts and that resilience of agricultural systems is likely to be highly
variable and strongly associated with heterogeneity in bio-physical and economic
conditions. The results shows that a combination of these interventions and strategies,
based on the GoK Vision 2030 and the Machakos County plans, could solve the povertyproductivity-sustainability puzzle in this region. The pathway from tradeoffs to synergies
(win-win) seems to be feasible if these interventions and strategies are well implemented,
however the analysis also shows that some villages may respond better to these strategies
than others. The analysis suggests that these interventions may actually benefit most the
areas with better initial endowments of soils and climate.
The analysis also suggested that prices (e.g., maize price) play a key role in the
assessment of policy interventions. There is an increasing recognition that analysis of
economic and environmental outcomes of agricultural production systems requires a
bottom-up linkage from the farm to market, as well as top-down linkage from market to
farm. Hence, a two-way linkage between the TOA model and a partial equilibrium
market model (ME) was developed. The TOA model links site-specific bio-physical
process models and economic decision models, and aggregate economic and
environmental outcomes to a regional scale, but treats prices as exogenous. The resulting
TOA-ME allows the effects of site-specific interactions at the farm scale to be aggregated
and used to determine market equilibrium. This in turn, can be linked back to the
underlying spatial distribution of economic and environmental outcomes at market
equilibrium quantities and prices. The results suggest that market equilibrium is likely to
be important in the analysis of agricultural systems in developing countries where
product and input markets are not well integrated, and therefore, local supply determines
local prices (e.g., high transport costs may cause farm-gate prices be set locally) or where
market supply schedules are driven not only by prices but also by changes in farm
characteristics in response to policy changes, environmental conditions or socioeconomic conditions. The results suggest that the market equilibrium price associated to a
policy intervention could be substantially different than the prices observed without the
market equilibrium analysis, and consequently could play an important role in evaluating
the impacts of policy or technology interventions.
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As mentioned above, climate change poses a long-term threat for rural households
in vulnerable regions like Sub-Saharan Africa. Policy and technology interventions can
have different impacts under climate change conditions.

In this thesis the likely

economic and environmental impacts of climate change and adaptations on the
agricultural production systems of Machakos are analyzed.
Climate change impact assessment studies have moved towards the use of more
integrated approaches and the use of scenarios to deal with the uncertainty of future
condition. However, several studies fall short of adequately incorporating adaptation in
the analysis, they also fall short of adequately assessing distributional economic and
environmental impacts. Similarly, climate change is likely to change patterns of supply
and demand of commodities with a consequent change in prices that could play an
important role in designing policies at regional, national and international levels.
Therefore, a market equilibrium model should also be incorporated in the analysis to
assess how markets react to changing prices due to shifts in supply and demand of
commodities. The TOA-ME was used to incorporate the elements mentioned above to
assess the impacts of climate change. Using data from 5 Global Circulation Models
(GCMs) with three emission scenarios (SRES, 2000) to estimate the climate change
projections, these projections were used to perturb weather data used by a crop simulation
model to estimate the productivity effects of climate change. Land use change and
impacts on poverty and nutrient depletion at the market equilibrium were then assessed
using the TOA-ME model.
The simulation was carried out for three scenarios, which are a combination of
socio-economic and climate change scenarios: a baseline scenario that represents current
socio-economic conditions and climate conditions, a climate change and current socioeconomic scenarios (i.e., future climate change with no policy or technology
intervention), and a climate change and future socio economic conditions which are a
consequence of rural development policies.
Our findings show that in this particular case, the changes on precipitation,
temperature and solar radiation do not show a significant difference among the selected
emission scenarios. However, the variability is significant across GCMs. The effects of
climate change on crop productivity are negative on average. These results show that
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policy and technology interventions are needed to reduce this region’s vulnerability.
Furthermore, the socio-economic scenarios based on policy and technology interventions
presented in the case study would be effective to offset the negative effect of climate
change on the sustainability (economical and environmental) of the system across a range
of possible climate outcomes represented by different GCMs. Finally, the results show
that ignoring market equilibrium analysis can lead to biased results and incorrect
information for policy making, in particular for the scenario based on policy and
technology interventions.
One of the major conclusions of the thesis are that policy interventions aimed to
deal with poverty and sustainability can have unintended consequences if they are not
accompanied by a set of policy strategies and investments. For example, increasing the
maize price can result in substitution from subsistence crops to maize, without much
increase in nutrient inputs, thus increasing soil nutrient losses. The analysis shows that
improving soil nutrient balances by increasing fertilizer and manure use is critically
important, but is not enough to move the system to a sustainable path.
There is no one factor that can reverse the negative nutrient balances and move
the system towards sustainability. Rather, a broad-based strategy is required that
stimulates rural development, increases farm size to a sustainable level, and also reduces
distortions and inefficiencies in input and output markets that tend to discourage the use
of sustainable practices. The Machakos case shows that a combination of these
interventions and strategies, based on the GoK Vision 2030 and the Machakos County
plans, could solve the poverty-productivity-sustainability puzzle in this region.
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