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ABSTRACT
The aim of this study is to investigate the determinants of rice yields and yield
variability among smallholder farmers and estimate the demand for food for a
representative sample of households in Sri Lanka. These aims are addressed through four
objectives: (1) to measure the efficiency and technology gaps between irrigated and rainfed rice farming systems; (2) to investigate fertilizer use efficiency in rice cultivation
relative to other input-use efficiencies and the determinants of efficiency; (3) to investigate
the risk characteristics of inputs and risk preferences of rice farmers under rain-fed and
irrigated farming conditions; and (4) to estimate the price and expenditure elasticities of
demand for major food categories in Sri Lanka and investigate whether being a recipient of
the Samurdhi food subsidy programme affects food demand. These objectives are
addressed in four papers.
In the first paper, a non-parametric bootstrapped metafrontier method is applied to
estimate the technology gap between the irrigated and rain-fed rice farming systems of 588
farms surveyed by the Department of Agriculture of Sri Lanka from 2007 to 2010. The
results show that irrigated and rain-fed farming systems use different technologies which
explain the yield gap. This suggests that policies targeted at marginally improving farm
management alone may not reduce the yield gap. Instead an investment is required in the
technology available to farms, including the development of irrigation infrastructure. The
results also show that not accounting for technological differences in benchmarking farm
efficiency may lead to biased estimates of production efficiency and therefore erroneous
policy recommendations.
The second paper, using the same data set as paper one, applied the slack-based DEA
model to measure fertilizer use efficiency in rice cultivation relative to the efficiency of
other inputs. Although fertilizer is heavily subsidized, the measured overuse of fertilizer is
less than the overuse of other inputs - seed, land, chemicals, labour and capital. However,
on average, there is scope to increase efficiency by reducing fertilizer use by 13 percent.
We observed that the expected efficiency improvement that can be achieved by a reduction
in subsidy would result in substantial financial savings to the government. Considering the
social and political consequences of subsidy removal, efficient targeting of the farmers who
are in need of the subsidy is recommended as a possible short run option. Moreover,
enhanced fertilizer use efficiency with better irrigation management, quality seeds and
v

better fertilizer management could allow the government more leeway to phase out the
fertilizer subsidy. The distribution of fertilizer use efficiency does not match that of
technical efficiency suggesting a role for specific input-use efficiencies for appropriate
policy designs to improve agricultural productivity.
The third paper used a variant of the Just and Pope Model to examine production risk in
irrigated and rain-fed rice farming systems using data from a sample of 120 farms collected
by the International Rice Research Institute (IRRI). We found that the impact of different
inputs on yield variability differ with different rice farming system: irrigated farmers were
less risk averse than rain-fed farmers. Labour was found to be risk reducing in irrigated
farms and risk increasing on rain-fed farms. Land and fertilizer were risk increasing and
capital, seed and chemicals risk reducing in both the irrigated and rain-fed systems. Risk
averse farmers tend to use risk reducing inputs more intensively and risk increasing inputs
less intensively. Hence capital intensive agriculture and improved seed can be used as a risk
reducing strategy. As fertilizer was found to be a risk increasing input, policies aiming at
curtailing the overuse of chemical fertilizer such as subsidy removal may be an effective
solution for risk averse farmers especially in irrigated systems. Moreover, we inferred from
our results that the research and public policies on input usage should consider the different
effects of inputs on output variability in different farming systems.
The final paper analysed food demand using the Quadratic Almost Ideal Demand
System (QUAIDS) model and the impact of food subsidies on food demand using
propensity score matching and Heckman Selection methods. The analysis was based on
data of 10,000 households extracted from the 2009/10 Household Income and Expenditure
Survey (HIES) survey of the Department of Census and Statistics of Sri Lanka. Meat and
other cereals were found to be more responsive to own price and expenditure changes than
other foods. Relatively higher negative own price elasticity and cross price elasticities of
rice with its complements such as vegetables, meat, pulses and spices showed that the
increase in the price of rice results in relatively higher declines in consumption of these
food categories. This indicates that the higher rice prices are an important determinant of
household food poverty. In general, the demand for food in the rural and low income
groups was more own price and income elastic than that of urban and high income groups.
This suggests the importance of disaggregated food policy analysis at different levels such
as sectors and income groups. The cash food subsidy programme does not seem to be
vi

improving the quality of food consumption. However, income increase has the potential to
encourage food subsidy beneficiary to diversify their consumption from carbohydrates to
higher protein food. Highly significant price and income effects on food demand suggest
that price and income policies continue to play a leading role in food policy in Sri Lanka.
Maintaining a proper balance between food supply and demand is an essential element
in food security policy. The main food supply challenge is to bridge the yield gap which is
a result of a combination of the factors such as inefficiency in input use, technology and
risk differences between irrigated and rain-fed farms. Price and income volatility mainly
determines the demand for food. In this regard, the following policy options are specifically
proposed to the policy makers of the government of Sri Lanka. First, they should focus on
improving production efficiency by investments in infrastructures and agricultural research
and developments to generate new technologies to minimize the inefficiency and risk
effects of different production environments. Second, subsidies fertiliser should be
gradually eliminated and those funds should be utilized for productive prioritized
investments. Third, efficiency improvement measures such as use of skilled labour, quality
seed and providing property rights for land should be promoted. Finally, properly designed
income support programmes should be implemented as a short term measure to reduce
uncertainty at the household level, about access to affordable quality food.
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CHAPTER 1: Introduction
1.1 Overview
Household food security in Sri Lanka is largely determined by the availability,
accessibility and utilization1 of rice and its substitutes and complements. Rice is the main
staple food in Sri Lanka in terms of consumption and nutrient supply. The per capita
consumption of rice is about 108kg annually which provides 42 percent of calories and 34
percent of protein of an average Sri Lankan diet. This is more than twice the world average
and highlights the importance of rice to Sri Lanka (FAOSTAT, 2011). 2 Rice availability
primarily depends on the domestic supply of rice and Sri Lanka is self-sufficient in rice
production.
However, it is projected that Sri Lanka will require about 5.03 million tons of rough rice
by 20303 which will have to be produced with limited land, labour and water resources
(Weerakoon et al., 2011). Future increases in rice production will depend mainly on land
area expansion, yield increase per acre and rice intensification. The expansion of cultivated
land has associated environmental costs such as deforestation, bio-diversity loss and soil
degradation. Agricultural intensification, on the other hand, would require increased water
resources to allow for multiple crops in a year (Laborte et al., 2012). Water is a scarce
resource and, in general, the average rainfall in rice growing areas is sufficient to meet only
a part of the water requirement for the rice crop (Karunasena et al., 1997). Hence,
increasing land productivity is the most viable option to meet the future rice demand and to
ensure food security. Existing rice varieties have higher yield potential than the average
yield achieved by smallholder producers (Dhanapala, 2000). There is also considerable
yield variability even within a particular farming system due to biophysical factors,
management practice and socio-economic factors (Perera et al., 1990).

1

Based on the FAO Expert Consultation in 2002, food security exists when all people, at all times, have
physical, social and economic access to sufficient, safe and nutritious food which meets their dietary needs for
an active and healthy life. This definition provides the basis for the three concepts widely adopted today;
availability, accessibility and nutritious utilization of food (Samaratunga, 2011).
2
World average per capita consumption of rice is 54 kg per year and it provides about 19 percent of the total
per capita daily calorie intake and 13 percent of protein intake (FAO, 2011).
3
Current production of rough rice is around 4 million tons. The demand for rice is rising due to the growth of
population by 1.1 per cent and per capita income by 15 per cent annually.
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1.2 Conceptual Framework
Rice supply in Sri Lanka is affected by low yields due to poor management practice and
high yield variability due to biophysical and socio-economic factors in both irrigated and
rain-fed farming systems. Price volatility, income changes and household characteristics
affect the demand for rice. Eventually, the combined effect of supply and demand of rice
influences the food security situation (Figure 1.1). However, import of rice plays an
insignificant role in deciding the supply since Sri Lanka is nearly self-sufficient in rice.

Figure 1.1: Conceptual framework for the research study
The differences in rice supply and yield gap across different farms can be attributed to
differences in production technology, production risk and level of efficiency across
different production systems. There are variations in the productivity and profitability of
2
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rice farms in different rice growing regions as a result of climate variability (van Ittersum &
Rabbinge, 1997). Rice in Sri Lanka is produced either through rain-fed or irrigated farming
system. Moreover, the risk characteristics of different inputs and risk preferences of farmers
have an impact on the variation in yield.
The yield gap can partly be attributed to differences in input use, especially the
subsidized inputs like fertilizer. The governments of Sri Lanka have been subsidising the
cost of fertilizer to smallholder producers since 1962 and this has led to fertilizer misuse by
farmers (Weerahewa et al., 2010). Fertilizer misuse has an impact on both the production
efficiency and production risk (yield variability) of rice production. Most of the empirical
studies have found fertilizer to be a risk increasing input (Abedullah & Sushil Pandey,
2004; Foudi & Erdlenbruch, 2012; Picazo-Tadeo & Wall, 2011; Villano & Fleming, 2006).
The risk increasing nature of fertilizers could be attributed to the interaction between the
amount of fertilizer applied and other inputs (Fufa & Hassan, 2003).
From the demand side, Food security in Sri Lanka mainly depends on the demand for
rice and its main substitutes and complements. The demand for food, in general, is mainly
influenced by the volatility in food prices and changes in individual and household incomes
across the population, especially among the poor and those living in rural areas. Also,
households with different characteristics tend to show different food habits.
To ensure the food security of vulnerable groups in the population, the Sri Lankan
government provides assistance to the poor in the form of monthly cash transfer under the
“Samurdhi” poverty alleviation programme. Samurdhi uses a number of mechanisms to
alleviate the problem of persistent poverty; some provide income support while others aim
to increase production. These include cash transfer (subsidy), group savings, credit and low
budget rural infrastructure development programmes. The core of the programme is the
cash transfer component that accounts for about 80 percent of the programme budget
(Himaz, 2008). While this programme may have improved food accessibility to the
vulnerable, its effect of nutritious food consumption is not well understood. These
relationships are the major focus of this study and are illustrated in Figure 1.1. The
remaining sections of this chapter present the problem statement, objectives, data
description, contribution to literature and the organization of the thesis.
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1.3 Problem Statement
To feed the growing population in Sri Lanka by 2030, rice production needs to be raised
by more than 50 percent. A potential significant contributor to an increase of rice
production is a reduction in yield gap across farms under different farming systems. As
reported in Table 1.1, there is a significant difference in yield levels between the average
yields that farmers get and the potential yields from field trials and experimental stations.
There is also a difference in yields between irrigated and rain-fed farming systems.

Table 1.1: Actual yield relative to the mean and highest potential yield under the proposed
programme
Potential yield
Farming
system

Season

Average farm
yield (t/ha)

Relative yield gap2
(%)

Mean
Highest
Mean
1
yield
yield1
Highest yield
yield
(t/ha)
(t/ha)
Maha
4.66
6.40
8.30
27.19
43.86
Major
Irrigation
Yala
3.90
5.90
7.60
33.90
48.68
Maha
3.27
4.80
8.80
31.88
62.84
Minor
Irrigation
Yala
3.03
4.90
8.00
38.16
62.13
Maha
2.99
3.50
6.00
14.57
50.17
Rain-fed
Yala
2.55
1
Note: Potential average and highest yields under the improved crop management that
include use of appropriate cultivars, quality seed, irrigation management, collective
and timely cultivation, soil fertility improvement and crop management
2
Gap between ordinary farmer and potential yield levels
Source: Dhanapala (2000)
One major reason for such yield difference is that technology sets between the irrigated
and rain-fed farming systems differ due to different resource endowments, infrastructure
and environment. The major differences in yields between the irrigated and rain-fed farms
are due to the constraints imposed by the production and economic environment.
Topographic differences in rain-fed rice cultivations have important implications on water
availability, soil fertility, and flooding risk (Abeysiriwardena & Sandanayake, 2000). The
unpredictability of rainfall often results in either too dry or too wet soil conditions.
Provision of supplementary irrigation has been largely restricted by the economic
environment. These along with the different soil and climatic factors in irrigated and rainfed cultivations have been instrumental in the selection of different rice varieties (for
4
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example: drought tolerant varieties for irrigated and salinity tolerant varieties for rain-fed).
Besides water stresses, these constraints may necessitate differences in management
operations, such as land preparation, transplanting, weed control, and fertilizer and agrochemical application, that could result in yield differences (Bouman et al., 2007a).
The diffusion of production technologies that enables laggard farms to catch up with
innovative farms is fundamental to reducing the yield gap. Differences in yields between
irrigated systems and rain-fed systems indicate the importance of minimizing the
technology gap in rice cultivation through assured water supply. However, the estimation of
technical efficiency across rice farms by assuming a common production technology fails
to account for the potential technology gaps that may exist across different farming
systems. Hence, this study evaluates the efficiency and technology gap between irrigated
and rain-fed farming systems.
The empirical literature in Sri Lanka has identified poor managerial practice in
production as a contributing factor to the high yield gaps (Ekanayake & Jayasuriya, 1987;
Ekayanake, 1987; Gunaratne & Thiruchelvam, 2002; Karunarathne & Herath, 1989;
Mohottalagedara et al., 2012; Thiruchelvam, 2005; Udayanganie et al., 2006). However, the
commonly used measure of managerial practice, i.e., overall technical efficiency, does not
identify inefficiency related to specific inputs, especially subsidized inputs like fertilizer.
Weerahewa et al., (2010) highlighted illegal cultivations and informal sales as the two ways
that the fertilizer subsidy causes underuse and overuse of fertilizer. Some farmers cultivate
paddy on encroached lands. Hence, they may cultivate more land than they legally own, a
situation that may lead them to underuse fertilizer. Likewise, informal sale of fertilizer by
some farmers to supplement their cash requirements may lead to underuse of fertilizer by
the sellers. Because fertilizer subsidy is given only for legally owned land, they may end up
using less fertilizer per acre than recommended. Hence, this study estimates input use
efficiencies in rice farming giving special focus on fertilizer.
Production risk is an important factor that affects the supply of rice and food security in
Sri Lanka and can be assessed in terms of factors that influence variability in rice yield.
Farmers face substantial risks caused by bio-physical factors such as weather, water, soil
and diseases and aim to mitigate these risks through input and output choices (Tveteras et
al., 2011). Variability in yield is not only explained by factors outside the control of the
farmer but also by controllable factors such as varying levels of inputs (Antle, 1983; Just &
5
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Pope, 1978). Hence, the risk characteristics of inputs and risk preferences of farmers are
useful in determining the variability in yield. The choice of risk increasing or risk
decreasing inputs depends on farmers preferences towards the risk. Varying bio-physical
factors in irrigated and rain-fed farming systems may cause varying risk characteristics for
different inputs and varying risk preferences among farmers. Understanding the risk
characteristics of inputs and risk preferences of farmers in irrigated and rain-fed farming
systems is important in designing of policies to deal with production risk in different
farming systems. Therefore, this study investigates the risk characteristics of inputs and risk
preferences of farmers in irrigated and rain-fed farming conditions.
Food demand is affected by changes in the purchasing power of households due to
highly volatile food prices and changing household incomes. Even though Sri Lanka is selfsufficient in rice production, it still imports over 70 percent of its total food requirement of
most food items like wheat flour, sugar, milk, oils, pulses and other cereals making the
country a net food importer (FAOSTAT, 2011). Volatility in food prices in the world
market drives not only the prices of imported food but also locally produced food. Figure
1.2 shows the fluctuation of the retail price of rice in the domestic market with the world
rice price. Hence, volatility in food prices in both the domestic and international markets
affects the food security of a significant proportion of the population, especially those
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Figure 1.2: Monthly fluctuation of retail price and world market price (FOB) of rice in Sri
Lanka (Source: www.indexmundi.com)
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Increase in per capita income levels generally results in food diversification from
carbohydrates to protein food as happened in recent times with the drop in per capita
consumption of wheat based products and increase in meat products (Figure 1.3). The
Samurdhi food consumption grant aims to increases the income and purchasing power of
poor households to ensure food security. The programme may improve food consumption
but utilization or food quality intake may not be guaranteed as people could move to high
value but less nutritious food (Glinskaya, 2000). Also, the continuous rise in food prices
may erode the effectiveness of the grant in improving food consumption. It is therefore
uncertain whether the Samurdhi programme contributes sufficiently to ensure the quality of
food consumption and food security (Gunatilaka, 2010; Samaratunga & Thibbotuwawa,
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Figure 1.3: Income and consumption per capita of wheat and meat from 1985-2011
(Source: FAO STAT)
In spite of the fact that past literature provides valuable insights into the food security
situation in Sri Lanka, most studies have focused on the macro level situation and therefore
tend to only measure food availability (Barker & Samad, 1998; Karunarathna, 2002;
Kelegama, 2000; Kelegama & Babu, 2005; Sandaratne, 2001). The only exceptions to these
are Samaratunga, (2011) and Thudawe (2001) who analysed micro level food security.
However, those studies are descriptive and none has analysed the demand and supply issues
7
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affecting food security quantitatively. Therefore, this study estimate the factors that affect
household food demand behaviour.
The need for this assessment also arises because ensuring food security has been the key
policy objective of the Sri Lankan government.
1.4 Research Objectives
The main purpose of this study is to investigate the determinants of rice yield and
variability across a sample of smallholder producers in Sri Lanka and estimate the demand
for rice and other food items as food prices and incomes changes using a national survey
data. This purpose is addressed through four specific objectives:
(1) To evaluate the efficiency and technology gaps between irrigated and rain-fed
farming systems;
(2) To investigate fertilizer use efficiency in rice cultivation relative to other input uses
and the important factors affecting fertilizer use efficiency;
(3) To investigate the risk characteristics of inputs and risk attitudes of rice farmers
under rain-fed and irrigated farming conditions; and
(4) To estimate the price and expenditure elasticities of demand for major food
categories in Sri Lanka and to investigate whether being a recipient of the Samurdhi
food subsidy has any impact on food demand.
1.5 Data Description and Research Design
The data used in this study come from several reliable national and international
secondary sources which includes the Department of Agriculture of Sri Lanka (DOA), the
International Rice Research Institute (IRRI) and the Department of Census and Statistics of
Sri lanka (DCS). The “cost of cultivation” data from the DOA was used to address
objectives 1 and 2 that are presented as two separate articles in Chapter 2 and Chapter 3.
Data from the IRRI project “Green Super Rice for the Resource Poor of Asia and Africa
(GSR)-Phase 1” was used to address objective 3 and presented as an article in Chapter 4.
The Household Income and Expenditure Survey (HIES) data for 2009/10 data from DCS
was used to address objective 4 and is presented as an article in Chapter 5. Both the
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detailed description of the relevant methodology and the data (sampling framework) are
discussed and provided in each of the empirical paper.
1.6 Contribution to Scholarship and Originality
In this section we consider the contribution of each chapter in turn. Chapter 2 estimates
the technical efficiency of rice farms in Sri Lanka considering the technological difference
in irrigated and rain-fed farming systems. Numerous empirical studies have investigated the
efficiency differences across rice farms without considering the possibility of having
different production technologies for different farming systems. This traditional method of
efficiency analysis has the risk of attributing the technology gaps between different groups
to technical efficiency. Hence, we use the metafrontier approach to investigate whether rice
farming under rain-fed and irrigated farming systems is technologically different. The
empirical studies that evaluated the efficiency and technology gaps between irrigated and
rain-fed rice farming systems are lacking. Also, very few studies have applied the
bootstrapped metafrontier approach to investigate technological gaps between two or more
production systems. Chapter 2 fills this gap in empirical literature. Studies that used a
bootstrapped metafrontier have used mean efficiency estimates in calculating technology
gap ratios (TGR). However, this does not necessarily correct for bias in bias corrected
TGRs. Hence, the most important contribution of this chapter is that for the first time in
efficiency literature the smooth bootstrap methodology is used to estimate bias corrected
efficiency estimates and technology gap ratios.
Chapter 3 investigates fertilizer use efficiency relative to the other input use efficiencies
and the budgetary implications of efficiency improvement in Sri Lanka. The commonly
used measure of overall technical efficiency does not give any indication of how efficient
different inputs are being used in production. There is a possibility that the inefficiencies of
certain inputs might be overshadowed by the single measure of technical efficiency and this
might lead to erroneous policy decisions. The distinction of the specific input inefficiencies
is important in designing different policies that support sustainable agriculture. Imperfect
input markets, such as subsidised inputs, make it necessary to assess specific-input
efficiencies as changes in the input markets affect the farmers’ input allocation decisions.
Empirical studies that estimate specific-input efficiencies, especially in the context of
distorted markets, are rare. Chapter 3 contribute to the empirical literature by examining the
9
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input use efficiency for paddy production using non-radial slack-based method (SBM) as
opposed to the commonly used traditional radial efficiency measures (‘weak efficiency
measures’) that exclude the input and output slacks4.
Chapter 4 uses a farmer decision model under risk to analyse the difference in
production risk between irrigated and rain-fed rice farms and factors that influences
producer risk preferences. Agricultural inputs possess different risk characteristics and the
preferences of producers towards risk affect their input choices. Risk characteristics of
inputs and risk preferences of producers may differ in different agro-ecological and socio
economic settings. Although the literature on agricultural production risk is extensive,
comparison of risk across different farming systems is limited (Example: Organic and
conventional farming systems). None of the empirical studies has evaluated the risk
characteristics of inputs and risk attitudes of farmers under the irrigated and rain-fed
farming systems. Hence, the most important contribution of this chapter is that we estimate
the risk characteristics of farm inputs, risk-preferences of farmers and the influence of
socio-economic variables on farmers risk preferences in irrigated and rain-fed farming
systems.
Chapter 5 estimates the demand parameters for rice and other major food groups to
evaluate the food consumption pattern of Sri Lankan households. Most empirical studies in
the demand literature have used the traditional Almost Ideal Demand System (AIDS)
models that assume linearity in Engel curves. However, this assumption is highly
restrictive as it is unlikely that the Engel curves of most of the foods to be linear. Hence,
chapter 5 contributes to the demand literature by using the Quadratic Almost Ideal Demand
System (QUAIDS) model which takes a flexible form and allows for estimation of
nonlinear Engel functions. The studies evaluating the impact of food consumption grants5
on food expenditure and especially on consumption elasticities are lacking in the existing
literature. The most important contribution of this chapter is that we extend our demand
analysis using programme evaluation techniques; Propensity score matching (PSM) and

4 The slack value represents the difference between the actual and lowest (highest) possible input (output)
levels for the same outputs (inputs) on the same frontier. When the input (output) slacks are present, it is
possible to further decrease (increase) the level of one or more inputs (outputs) while maintaining the level of
the other inputs (outputs) for a given level of output (input).
5
Cash grants provided with the aim of improving food consumption of low income earners such as Samurdhi
grant.
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Heckman Selection Method (HSM) are used to evaluate the effectiveness of the cash
transfer programmes for both the food consumption and expenditure elasticities.
1.7 Organization of the Thesis
This thesis is composed of six chapters, covering four themes in agricultural production and
consumption: the technology gaps, production efficiency, production risk and food demand in
Sri Lanka. Chapter 1 provides an introduction to the thesis. Chapters 2 to 5 present the four
essays that cover the four objectives of the study. The essays can be read separately; however,

thematically as well as empirically the chapters are closely related and intertwined. Chapter
6 presents the concluding remarks.
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CHAPTER 2: Do Irrigated and Rain-fed Rice Farming Systems
Operate under Different Production Technologies? A Bootstrapped
Metafrontier Approach using Sri Lanka as a Case Study
Abstract: The purpose of this study was to investigate whether rice farming under rain-fed
production system is technologically different from irrigated production system using a
bootstrapped metafrontier approach. We hypothesised that production under the two
systems face different technologies and hence different best-practice frontiers. We used
data collected from a sample of 588 rice farms over four years in Sri Lanka as a case study
to test our hypothesis. We find that, on average, technical efficiency estimated under
different group frontiers are comparable. However, the average technical efficiency scores
are significantly different when estimated using a metafrontier; we find irrigated farms to
be more efficient than rain-fed farms. The metafrontier tend to be defined by irrigated
farms. Consequently, the average technological gap ratio for irrigated farms is higher than
for rain-fed farms. We conclude that the irrigated and rain-fed farming systems are
operating under different technologies and the frontier for irrigated farming systems is
higher than for the rain-fed farming system. These results imply that benchmarking the
performance of rice farms without taking into account the production system can lead to
erroneous policy prescriptions.
2.1 Introduction
Rice is the most important staple crop with an average per capita consumption of 54 kg
per day in the World. It represents about 19 percent of the total per capita daily calorie
intake and 13 percent of protein intake (FAOSTAT, 2011). Due to its global dietary
importance, there are numerous empirical studies that have investigated the efficiency of
rice producing farms across different regions (Balcombe et al., 2008; Balcombe et al.,
2007; Coelli et al., 2002; Dhungana et al., 2004; Rahman & Rahman, 2009; Rahman et al.,
2009; Villano & Fleming, 2006; Wadud & White, 2000; Yao & Shively, 2007). Most of
these studies have estimated technical efficiencies by assuming a common production
technology6 for all the farms in their sample.

6

The concept of technology originally applied to so-called "industrial arts". Whitehall (1953) defined a
technology as "that branch of knowledge which deals with the various industrial arts". The concept has since
been expanded to cover all forms of production that entail the use of inputs produced by industry, including
commercial agriculture. Producers do not necessarily use all available techniques but they know of their
existence. In virtually all efficiency and productivity analyses, "systematic knowledge" has been implicit in an
assumption of common production technology across all producers in the sample.
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Land under rice production is commonly classified based on hydrological characteristics
and several rice farming systems can exist in the same region (Fischer et al., 2014).
Estimation of technical efficiency by assuming a common production technology fails to
account for the technology gaps that may exist across different farming systems. However,
with the exception of Mariano et al (2010, 2011) few studies have investigated whether
different rice farming systems operate under different production technologies or not.
This paper evaluates the relative performance of irrigated and rain-fed farming systems
using Sri Lankan rice farms as a case study. The main objective of this study is to
investigate whether the production technologies used in the two rice farming systems are
identical or not. For that purpose, first, we compute separate group frontiers for irrigated
and rain-fed farming systems with the assumption that farms from the same group face
similar production technology. Second, we compute a common metafrontier, assuming all
farms face similar technological opportunities. Third, we calculate the technological gap
between the two systems. We also evaluate the policy impact of using a common frontier
instead of separate group frontiers. We use the non-parametric data envelopment analysis
(DEA) method, in contrast to Mariano et al. (2010) who estimated the technical efficiency
of irrigated and rain-fed farming ecosystems using a stochastic metafrontier approach. In
fact, it is the only metafrontier study in literature that estimated the performance of irrigated
and rain-fed farms.
Despite its advantages, the conventional DEA method has a major statistical limitation
in that the estimated frontiers are sensitive to sampling bias. In DEA, when the number of
decision making units are small the number of units of the dominant or efficient set is
relatively large and the average efficiency is generally high. This overestimation of the
efficiencies is referred to as sampling bias (Alirezaee et al., 1998). We overcome this
problem by estimating bias corrected technical efficiency scores using the bootstrap DEA
method by Simar and Wilson (1998). There are very few empirical studies in the literature
that have applied the bootstrapped DEA framework in metafrontier analysis (Assaf et al.,
2012; Assaf & Matawie, 2008; Fallah-Fini et al., 2012). These existing studies suffer from
one major methodological limitation in that they use the mean values of bootstrapped
technical efficiency estimates in calculating the technological gap ratios (TGR). Using
mean bias corrected technical efficiency scores instead of computing TGR from the
iterations that are generated in the bootstrapping procedure does not produce bootstrapped
14
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TGR. Hence, the most important original contribution of this paper is that we use the
results of each of the bootstrap iterations to compute the TGR and thereafter we correct
TGR for bias.
The paper is organized as follows. Section two reviews the rice farming systems briefly.
Section three outlines the theoretical framework for the methodology followed by an
explanation of data used for the analysis in section three. Section four describes the
methods. Section five discusses the results followed by the concluding comments in the
final section.
2.2 Production Technology in Different Rice Farming Systems
In benchmarking the performance of rice farms, O’Donnell et al., (2008) has highlighted
the importance of using a metafrontier approach when certain groups within a sample of
farms are restricted from using optimal input-output combinations that could be achievable
within the meta-technology set. Farmers may have access to a set of production
technologies but for some reason they are unable to use them. That is, they cannot use
certain techniques, even in the long run, because of environmental constraints (Villano et
al., 2010). Such a situation prevails among irrigated and rain-fed farmers obviously due to
the climatic variation.
Rice is grown under a wide range of environments such as different elevations, soils and
hydrological regimes. Rice lands are classified primarily on hydrological characteristics as
irrigated low-land, rain-fed low-land, up-land and flood-plain rice (Fischer, et al., 2014).
Irrigated lowland rice is grown in bunded fields with supplementary irrigation in the wet
season and is reliant totally on irrigation in the dry season. Rain-fed lowland rice is grown
in bunded fields that are flooded with rainwater for at least part of the cropping season. In
both irrigated and rain-fed lowlands, cultivation fields are predominantly water logged and
plants are generally transplanted. Upland rice is usually non-bunded and is grown under dry
conditions without irrigation and puddling. Flood plain rice includes deepwater and floating
rice that are grown in the fields periodically suffering from excess water and deep flooding
(Bouman, et al., 2007a).
Irrigated and rain-fed lowland environments are the dominant rice eco-systems with a
share of about 85% of total rice lands globally. There are about 79 million ha of irrigated
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lowlands with average yields of 5 t/ha and 54 million ha of rain-fed lowlands with average
yields of 2.3 t/ha (Table 2.1). The highly productive irrigated lowlands provide 75% of the
world’s rice supply followed by rain-fed lowlands (19%). Rain-fed upland and flood plain
rice are cultivated in 15% of total area under rice. However, these two low productive
systems contribute less than 6% of world rice production (Table 2.1). One of the most
important policy strategies in agriculture focuses on irrigation investment to increase
production in rain-fed agriculture. The relative importance of irrigated and rain-fed
agriculture varies regionally. In sub-Saharan Africa, more than 95% of the farm land is
rain-fed and it is about 90% in Latin America. The corresponding figures for the East and
North Africa, East Asia and South Asia are 75%, 65% and 60% respectively (Wani et al.,
2009).
Table 2.1: Rice production in different eco systems in the world
Eco-system

Area (mill ha)

Rice yield (t/ha)

Rice production (%)

Irrigated lowlands

79

5.4

75

Rain-fed lowlands

54

2.3

19

Rain-fed uplands

14

1.0

4

Flooded area

11

1.5

n.a.

Source: Bouman, et al., (2007b)
The data used in the analysis are from the irrigated and rain-fed lowland farming
systems of Sri Lanka. The rice lands in Sri Lanka are primarily classified as irrigated
(major and minor) and rain-fed based on the surface water source, supply and use
(Henegedara, 2002). Major irrigation schemes are those having a command area of more
than 80 ha, where the water supply is from a major tank, a river or a major stream diversion
system. About half of the cultivated areas are under major irrigation schemes. Minor
irrigation schemes are schemes supplied by village tanks that are natural or man-made
water reservoirs, which consist of a command area of less than 80 ha. From the total area of
cultivated, about 20% comes under this category. There are about 18,000 village tanks in
the country (Adhikarinayake, 2005).
Technology sets between these two farming systems could differ due to different
resource endowments, infrastructure and environment. The major differences between the
irrigated and rain-fed farms are due to the constraints imposed by the production and
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economic environment. Irrigated and rain-fed water regimes are classified respectively as
high potential areas and low potential areas. High potential areas comprise 65% of the total
paddy land with average yield of 4.2 mt/ha while low potential areas constitute the balance
35% with average yield of 3 mt/ha. Low potential areas are characterized by relatively
smaller farms with lower cropping intensity. Topographic differences in rain-fed rice
cultivations have important implications on water availability, soil fertility, and flooding
risk. The unpredictability of rainfall often results in undesirable soil conditions that are
either too dry or too wet. These along with the different soil and climatic factors in irrigated
and rain-fed cultivations have been instrumental in selection of different rice varieties (for
example: drought and salinity tolerant verities). Besides these water stresses, these
conditions obstruct the management operations such as land preparation, transplanting,
weed control, and fertilizer and agro-chemical application that could result in yield losses
(Bouman, et al., 2007a) .
There are several empirical studies that have estimated the relative efficiencies of
irrigated and rain-fed farming systems under assumption that the two systems share a
common technology (Gebregziabher et al., 2012; Lilienfeld & Asmild, 2007; Makombe et
al., 2007; Tilahun et al., 2011). However, we hypothesize that the irrigated and rain-fed
systems operate under different production technologies. We benchmark the performance
of each farm based on the technology of its specific farming system and evaluate the
existing technological gap with the meta-technology.
2.3 Theoretical Framework
Technical efficiency (TE) is one of the commonly used methods for benchmarking and
comparing the performance of economic entities in a similar industry. TE measures the
extent to which inputs are converted into outputs given the available technology. Frontier
production functions are commonly used to measure the technical efficiency of a decision
making unit (DMU) relative to the best-practice frontier of similar DMU in the same
industry. Estimating a single frontier for all DMUs (regardless of their operational status)
assumes that they all face the same technology and attributes the differences in technical
efficiency purely to differences in managerial performance. Hayami (1969) and Hayami
and Ruttan (1970) were the first to propose the concept of a meta production function.
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They noted that assuming a common production function without considering the
heterogeneity across different production systems may conceal the differences in
productivity across the systems. They argued that one would expect to find variations
among firms with respect to the vintage of their technology at any given time. Therefore, it
is not expected that all firms would be operating on the same micro-production function.
The differences in the micro-production functions reflect differences among producers in
their ability to adapt to new technologies. They called the envelope of all known and
potentially discoverable activities –micro production functions - a meta-production
function.
The concept of the metafrontier was formally introduced in the efficiency analysis
literature by Battese and Rao (2002)7 and O’Donnell, et al.,(2008). Since, then a number of
studies have applied both the stochastic and DEA meta-frontier approach in evaluating
production efficiency of DMUs under different production systems (Battese et al., 2004;
Chen & Song, 2008; Chiu et al., 2012; Latruffe et al., 2012; Liu, 2011; Mariano, et al.,
2011; Thanh Tung, 2014; Tiedemann et al., 2011; Wang et al., 2013; Zhang et al., 2013).
Following the bootstrap DEA framework introduced by Simar and Wilson (1998), Assaf
and Matawie (2008) have applied bootstrap DEA framework in metafrontier efficiency
analysis. Other studies that have used this framework includes studies by Assaf et al.,
(2012) in the hotel sector and Fallah-Fini et al., (2012) in highway sector. However, there is
a methodological limitation in those studies as they do not compute the technical gap ratio
(TGR) through a bootstrap process as they do with the efficiency measures.
2.3.1 The metafrontier
The output distance functions are adopted to define technical efficiencies and technology
gap ratios. Following O’Donnell, et al., (2008), let y and x be non-negative real output
and input vectors of dimension M × 1 and N × 1 , respectively. The meta-technology set
which contains all technologically feasible input-output combinations is defined as:

T M = {( x, y ) : x ≥ 0; y ≥ 0}.

(2.1)

7

The stochastic metafrontier approach which has been used by Sharma and Leung (2000) in their study on the
efficiency of aquaculture farms does not necessarily envelop the separate production frontiers. .
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The set of all input vectors which is associated with the meta-technology is defined for the
output vector, y as:

L ( y ) = { x : ( x, y ) ∈T M } .

(2.2)

The boundary of this output set is defined as the input metafrontier. The input Meta
distance function ( D M ) that represents the technology can be defined as:

DM ( x, y ) = sup{ ρ : ( x/ ρ ) ∈ L ( y )} ,

(2.3)

where ρ is a positive scalar. This function gives the maximum radial amount by which a
firm can contract its input vector, given an output vector (Assaf & Matawie, 2008). An
observation ( x, y ) is considered technically efficient with respect to the metafrontier if

DM ( x, y ) = 1 .
2.3.2 The group frontiers
The group frontiers assume the existence of sub-technologies that represent production
possibilities of different groups. Following O’Donnell, et al., (2008), we consider K ( > 1)
groups supposing that resource, regulatory or other constraints may prevent firms in any of
those groups from choosing all the available technologically feasible input-output
combinations in the meta technology set, T M . Then, the group specific technology set

(T ) that contains the input -output combinations available to firms in the k
k

th

group is

defined as:

T k = {( x, y ) : x ≥ 0; y ≥ 0} ,

(2.4)

where x can be used by firms in group k to produce, y . The K group specific

(

)

k
technologies can be represented by the following group specific input sets L ( y) and

( )

k
input distance functions D :

Lk ( y ) = { x : ( x, y ) ∈T k } , k=1,2,...,K;

(2.5)

D k ( x , y ) = sup { ρ > 0 : ( x / ρ ) ∈ Lk ( y )} , k=1,2,...,K.

(2.6)

The boundaries of the group specific input sets are referred to as group frontiers. If the
group input sets satisfy standard regularity properties, then the distance functions also
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satisfies those standard regularity conditions. As highlighted in O’Donnell, et al., (2008),
there are certain properties that follow from the fact that the group specific input sets

Lk ( y ) are subsets of the unrestricted output sets L ( y ) :
k
M
Property 1: If ( x, y ) ∈T for any k then ( x, y ) ∈ T i.e. if x and y are elements of the

k th group technology set, then

x and

y are elements of the meta-technology

set.
M
k
Property 2: If ( x, y ) ∈T then ( x, y ) ∈ T for some k; i.e. if x and y are elements of the

meta-technology set, then x and y are elements of the group technology for
some groups.

{

}

M
1
2
K
Property 3: T = T ∪ T ∪ ... ∪ T ; and i.e. meta-technology set is defined as the union

of all K group technology sets.
k
M
Property 4: D ( x, y ) ≥ D ( x, y ) for all k = 1, 2,..., K. i.e. group distance function of any k

where k = 1, 2,..., K , is equal or greater than the meta-distance function.

Figure 2.1 illustrates the concept of meta and group frontier production possibilities
(isoquants). Following Farell’s approach8, consider a firm utilizing two inputs, x1 and x2 , to
produce a single output y , under the assumption of constant returns to scale, so that the
production frontier is y = f ( x1 , x2 ) . Two hypothetical group frontiers are defined by the
isoquants G1G1 and G2G2 . Assuming, the two groups are not-exhaustive that the other
technological sets may be possible, the metafrontier could feasibly be the convex9 frontier

M 1M 1 .

8

Farrell (1957) introduced a measure of technical efficiency that is defined as one minus the maximum
proportionate reduction in all inputs for a given level of output. A value of one indicates technical efficiency
and a score less than unity indicates the level of technical inefficiency. Farrell efficiency is given by the
reciprocal of the Shephard direct distance functions.
9
If the three groups are exhaustive then the group-specific frontiers envelop all the input output combinations
that could be produced by any single firm, implying the metafrontier is the non-convex piecewise frontier.
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Figure 2.1: Efficiencies under metafrontier and group frontier technological sets
Now, for a given firm under the technological set of Group 1( G1G1 ) using quantities of
inputs ( x1p , x2p ) defined by point " P " to produce a unit of output y p , the level of technical
efficiency, is defined as the ratio OQ OP . Thus, (1 − OQ OP ) which lies between the value

of 0 and 1 is the technical inefficiency of the firm and it measures the proportion by which
x1p , x2p could be reduced (holding the input ratio x1 x2 constant) without reducing the level

of output. Point Q, on the other hand, is technically efficient since it already lies on the
efficient isoquant. However, under the metafrontier technological set, technical efficiency
of the firm " P " is defined by the ratio OQ * / OP .
The technological gap ratio (TGR) is an index that measures how close the group
frontier is to the metafrontier (O’Donnell, et al., 2008). It can be calculated by the
respective efficiency ratios of metafrontier group frontier as follows.
TGR ( x, y ) =

D M ( x, y )
D k ( x, y )

=

TE M ( x, y )
TE k ( x, y )

(2.7)

,

M
M
where, D ( x, y ) and TE ( x, y ) are metafrontier distance function and technical
k
k
efficiencies and D ( x, y ) and TE ( x, y ) are k th group frontier distance function and
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technical efficiencies respectively. This implies that the technical efficiency of a firm
relative to the metafrontier is the product of the technical efficiency of that firm relative to
its own group frontier and the technology gap for that group (Assaf & Matawie, 2008).
TGR is always greater than or equal to zero and less than or equal to one; and equality at
one holds when the group frontier coincides with the metafrontier for the input and output
vectors, x and y.
2.4 Data and Variables

The empirical analysis was conducted using a dataset of 588 randomly selected farms
collected by the Department of Agriculture of Sri Lanka over the period 2007-2010 during
the Maha Season10. The farms are located in two major rice producing regions,
Anuradhapura and Kalutara. The production process is characterized by one output, rice,
and five inputs: seed, fertilizer, chemicals, labour and capital. The output variable is
defined as total rice harvested and measured in kilograms (kg). Using output quantity rather
than revenue from rice harvest has the advantage that it disregards the market factors. The
farm gate price of rice varies significantly due to various market related factors such as
time of selling, proximity to markets, infrastructure availability, and credit bound
relationships with buyers. Seed is measured as the total physical quantity in kilograms. The
amount of fertilizer is measured as total kilograms applied and includes Urea, Muriate of
Potash (MOP) and Triple Super Phosphate (TSP). Chemicals and capital input are
measured as costs in Rupees. Capital input includes the cost of using machinery such as
weeders, tractors, threshers, and combined harvesters. Labour input is measured as the
number of workdays for the whole farm operations including hired and family labour.
The summary statistics of the variables are presented separately for the irrigated and
rain-fed cultivation groups with the t-test results showing the mean difference in Table 2.2.
There is a noticeable difference in the average yield and inputs usage. Irrigated farms are
much larger than the rain-fed farms in terms of farm size and input usage. Average farm
size of the total sample is 1.72 acres with a maximum of 10 acres and a minimum of 0.25

10

There are two cultivation seasons namely; Maha and Yala which are synonymous with two monsoons.
Maha Season falls during “North-east monsoon” from September to March in the following year. Yala season
is effective during the period from May to end of August. When the crop is sown and harvested during above
periods, the particular season is defined.
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acres. On average, irrigated farms (2.14 acres) are about 2 times as large as rain-fed farms
(1 acre). The maximum farm size for irrigated farms is 10 acres as opposed to 3.5 acres in
rain-fed farms. This farming structure might have been created by the relative differences in
the demand for land in two farming systems. Growing population over the past few decades
especially in rain-fed systems in Sri Lanka has exerted much pressure on the agricultural
lands thus resulting in severe fragmentation, landlessness as well as complex tenure
arrangements (Marawila, 2007). Rain-fed systems are scattered around the urban suburbs
with a dense population while irrigated systems are typically rural with relatively sparse
population density.
Table 2.2: Summary Statistics of Main Variables
Irrigated1
Variable

Mean

SD

Min

Rain fed1
Max

Mean

SD

Min

Mean
Max

difference

Rice yield (kg/ac)

2136

489

654

3675

1072

415

312

3200

1064***

Land (ac)

2.14

1.10

0.33

10.00

0.90

0.52

0.25

3.50

1.23***

47.40

12.01

20.00

83.48

42.43

9.16

22.00

84.00

4.97***

Fertilizer (kg/ac)

165

40.90

50.00

347

111

31.44

40.00

336

53.18***

Labour (days/ac)

27.39

8.65

5.20

66.00

32.67

13.36

6.75

95.00

-5.28***

Chemicals (lit/ac)

1961

1078

200

10240

1600

926

267

5040

361***

Machinery (Rs/ac)

7389

3557

1000

19500

6015

3752

300

19400

1373***

Female labour (%)

6.54

10.47

0.00

59.59

7.91

9.62

0.00

35.75

-1.37

Family labour (%)

62.25

24.26

0.00

100

64.82

27.80

0.00

100.00

-2.56

Seed (kg/ac)

Note: *, **and *** indicates the differences of mean between irrigated and rain-fed groups are significantly
different from zero (Ho: difference=0) at 10%, 5% and 1% significance level.
1
Total sample includes 389 irrigated farms and 199 rain-fed farms.

Irrigated farms with an average yield of 2,136 kg/acre are two times more productive
than the rain-fed farms that have an average yield of 1072 kg/acre. Sample yield on average
ranges from 312 kg/acre in rain-fed systems to 3675 kg/acre in irrigated systems. Per acre
usage of all the inputs are significantly higher in irrigated farms than rain-fed farms.
Irrigated farms are more mechanized while the rain-fed farms are more labour intensive.
Use of family and female labour do not show significant difference between irrigated and
rain-fed farms.
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2.5 Estimation Procedure
2.5.1 Bootstrapping metafrontier

In the literature, two main approaches are used to estimate technical efficiency: the
parametric stochastic frontier analysis (SFA) approach and the non-parametric data
envelopment analysis (DEA) approach. The SFA method relies on econometric methods of
estimating a production function and DEA uses linear programming to construct a
deterministic piece-wise efficient frontier using the best performing farms in the sample
(Coelli et al., 2005). In this study, we use the DEA approach to compute the technical
efficiency under the metafrontier and group frontier technologies. We use the inputoriented DEA11 with variable returns to scale (VRS)12 orientation in this study since
farmers have more control over inputs than outputs. This analysis can be done using the
stochastic metafrontier approach as well. However, the stochastic frontier approach suffers
from the limitation that it requires assumptions on the functional form of the production
function and distribution of the error terms and technical inefficiency. Therefore, potential
misspecifications that could occur when using stochastic frontiers are avoided by using the
DEA approach (Latruffe, et al., 2012).
Typical DEA applications frequently present point estimates of inefficiency based on
finite samples, with no statistical underpinning or no measure of uncertainty surrounding
these estimates. Hence, DEA results are highly sensitive to the presence of outliers and can
be affected by sampling variation (Simar & Wilson, 2000). Bootstrapping is an attractive
tool that has been developed for estimating the bias due to the sensitivity of measured
efficiency scores to sample variation. The method of bootstrapping tests the reliability of a
data set by creating a pseudo-replicate data set. Bootstrapped estimates mimic the sampling
distribution of the original estimator by repeatedly simulating the data generating process
through re-sampling and applying the original estimator to each simulated sample (Simar &
Wilson, 1998). Bootstrapping allows assessment of whether the distribution has been
influenced by stochastic effects and can be used to build confidence intervals for point
estimates, which normally cannot be derived analytically. Random samples are obtained by

11

With input-oriented DEA, the linear programming model is configured to determine how much the input
use of a farm could contract if used efficiently in order to achieve the same output level.
12
VRS reflects that production technology may exhibit increasing, constant and decreasing returns to scale.
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sampling with replacement from the original data set, which provides an estimator of the
parameter of interest (Gocht & Balcombe, 2006). To bootstrapped metafrontier efficiency
scores, we follow the bootstrapping procedure proposed by Simar and Wilson (1998,2000)
that is explicitly explained in Ray (2004) and Bogetoft and Otto (2011). The estimation was
done in ‘FEAR” package using “R” software in 6 steps as described below:
To get bias corrected metafrontier efficiency scores, we follow the bootstrapping
procedure proposed by Simar and Wilson (2000) that is explicitly explained in Ray (2004)
and Bogetoft and Otto (2011). Estimation procedure is described in 6 steps:
1. First, we estimate the DEA estimated efficiency measures based on the DEA technology
Tˆ (θˆ k ) from the observed sample. Following, Coelli et al. (2002), assume that there are
K farms which produce

m outputs using q different inputs. For the jth farm, input and

output data are represented by the column vectors x j and y j . The data for all K farms
are represented by q × K , input matrix, xk and m × K output matrix, yk . The Variable
Return to Scale (VRS) input oriented DEA model for the jth farm (θˆ k ) can be
expressed as:



K

K



j =1

j =1

θˆk = min θ ≥ 0 yk ≤ ∑λj y j , θ xk ≥ ∑λj xkj , λ j ≥ 0,

K



j =1



∑λj =1 ( k =1, 2, ..., n)

(2.8)

where θ is a scalar and λ is a j × 1 vector of input and output weights. The inputoriented technical efficiency score (θˆ k ) gets a value 0 ≤ θˆ k ≤ 1 . If the θˆ k value is equal
to one, the farm is on the frontier and hence technically efficient.
2. Second, bootstrapping via smooth sampling13 was done to obtain bootstrap replicates

(θ )
k*

θ 1* ,...,θ K* from the estimated θˆ k = θˆ1 ,..., θˆ K (Ray, 2004). This is done as follows.

2.1. Bootstrap the estimated θˆ k with replacements to get θˆ1 ,..., θˆ K and call the naïve
bootstrap results as β 1 ,..., β K .
2.2. Simulate standard normal independent random variables ε 1 , ..., ε K .

13

Samples constructed from discrete empirical distributions in the bootstrap simulations will have some
peculiar properties. Hence, the smooth bootstrap is a modification to the bootstrap procedure to avoid
samples with these properties. Smoothing improves the accuracy of standard bootstrap even for small samples
(Silverman & Young, 1987).
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2.3. Construct the smoothed bootstrap sample from the naïve bootstrap sample from
the above Step 2.1. The term h is defined as the smoothing parameter (kernel
bandwidth) and we use the default Gaussian kernel bandwidth of 0.014 for
computational simplicity. The smoothed bootstrap sample was bounded to make it
less than or equal to 1:
 β k + hε k if β k +hε k ≤ 1
k
k
 2 − β − hε otherwise

θ k = 

(2.9)

2.4. θ k is the true efficiency based on unknown technology T and the distribution of

θ k is unknown. Therefore, Adjust θ k to obtain bootstrap estimate of θ k that is
θ k* :

θ k* = β +

1
2

1 + h σˆ

2

(θ

k

−β

)

(2.10)

where σˆ 2 is the variance of θ k obtained from the step 2.3 and β is the mean β k
obtained from the step 2.1.
3. Calculate the bootstrapped input (pseudo data set) based on bootstrap efficiency

x kb =

θˆk k
x
θ k*

(2.11)

4. Solve the DEA programme to estimate θ kb using pseudo data set. Hence, this θ kb
represents the bootstrap replica estimate based on the replica technology T b :



K

K

K





j =1

j =1

j =1



θ kb = min θ ≥ 0 yk ≤ ∑λj y j ,θ xk ≥ ∑λj xkb
j , λ j ≥ 0, ∑λ j = 1 ( k = 1,2,..., n)

(2.12)

5. These steps from 2.1 were repeated B times to obtain the bootstrap estimates for all the
bootstraps i.e. to get θ 1b ,...,θ Kb (b = 1,..., B). Using θ k * which is the mean θ kb , the
bootstrap estimate of bias and the bias corrected estimate of θ k are derived as:

1 B kb ˆk
θ − θ = θ k* − θˆk ,
∑
B b=1

(2.13)

θ k = θˆ k − bias k * = θˆ k − θ * + θˆ k = 2θˆ k − θ * .

(2 .14)

bias k* =

The above steps 1 to 5 was done separately for irrigated and rain-fed group data and for
the merged data set to get the bias corrected estimates of technical efficiency for group
frontiers and metafrontier.
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6. The few studies that applied the bootstrapped DEA framework into the metafrontier
approach have computed the TGR as a ratio of the mean values of bootstrapped
metafrontier efficiency (θmk ) and bootstrapped group frontier efficiency (θgk ) i.e.

TGR* = θmk θgk without bootstrapping TGR (Assaf & Matawie, 2008). Hence we go
few steps further to bootstrap the TGR estimates as follows:
6.1. First, we calculate the conventional technology gap ratio (TGRk ) which measures
the ratio of the output for the frontier production function for a group relative to the
potential output defined by the metafrontier function.
6.2. Then we estimate separate TGRs, TGRkb = TGR1b ,..., TGR Kb (b = 1,..., B) , from the
bootstrap estimates θ 1b ,...,θ Kb (b = 1,..., B) that we obtained for the separate groups
and for the merged data in step 5.
6.3. Using TGR k * which is the mean TGR kb , the bootstrap estimate of bias and the bias
corrected estimate of TGR k i.e. TGR * are derived as:

TGR _ bias k * =

1 B
∑TGRkb − TGRk = TGRk* − TGRk
B b=1

TGR* = TGR k − TGR _ bias k * = TGR k − TGR k* + TGR k = 2TGR k − TGR k* .

(2.15)
(2.16)

When TGR = 1, this is the tangency point between the farming systems’ group
frontier and metafrontier and indicates the absence of technology gaps. Lower the
TGR, technological gap between the farming systems’ group frontier and
metafrontier is getting bigger.

2.5.2 Determinants of technical efficiency
Finally, the estimated efficiencies are used in truncated regressions to evaluate the
determinants of technical efficiencies. The main purpose of doing this is to assess the
impact of choosing separate group frontiers and metafrontier efficiency estimates on the
determinants of technical efficiency. Three separate bootstrapped truncated regressions are
defined for the dependant variables; bootstrapped efficiency estimates of irrigated frontier,
rain-fed frontier and metafrontier:
yi* = βi zi + ε i ≥ 0; for i = 1,, n and ε i → N (0, σ 2 )
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where yi is the z represents a vector of explanatory variables where: z1 is farm size; z2 is
i

binary variable for irrigation ( =1 if the farmer cultivates using irrigation, and 0 otherwise);

z3 is binary variable for ownership (= 1 if the farmer owns the cultivated land, and 0
otherwise); z4 is binary variable for seed source (= 1 if the farmer uses state produced
seed, and 0 otherwise; =1 if the farmer uses seeds produced by private companies, and 0
otherwise) z5 = family labour use (%), z6 = female labour participation (%) and z7 =
cultivation year (=1 if the year=2008, and 0 otherwise; =1 if the year=2009, and 0
otherwise; =1 if the year=2010, and 0 otherwise)

2.6 Empirical Results
2.6.1 Group frontiers efficiencies in irrigated and rain-fed farms
Table 2.3 compares the summary statistics of group frontier efficiencies (conventional
and bias corrected) of the irrigated and rain-fed sample across years from 2007 to 2010.
Average TE estimate for irrigated farms under the irrigated group frontier is 81 percent and
the corresponding estimate for rain-fed farms under the rain-fed group frontier is 82
percent. This suggests possible efficiency improvements by reducing the input levels by 19
percent (irrigated) and 18 percent (rain-fed). Average TE estimates for the irrigated and
rain-fed farms under their own bootstrapped group frontiers are 66 percent and 65 percent
suggesting 34 percent (irrigated) and 35 percent (rain-fed) room for further efficiency
improvement. Overall, there is a declining trend in TE over the years in rain-fed farms
based on both conventional and bootstrapped group frontiers. Based on the t test results,
conventional estimates show no significant difference between irrigated and rain-fed farms
over the years, whereas bootstrapped estimates suggest significant difference between
irrigated and rain-fed farms in years 2007 and 2010. However, on average, there is no
significant difference in efficiency estimates between irrigated and rain-fed farms based on
their own frontiers.
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Table 2.3: Summary statistics of group-frontier efficiency estimates of irrigated and rainfed farms across years
Bootstrapped
Conventional
Irrigated Rain-fed
T-stat
Irrigated Rain-fed
T-stat
2007 Mean
0.83
0.86
-1.16
0.68
0.72
-1.76*
Std. Dev.
0.15
0.16
0.14
0.15
Min
0.49
0.5
0.38
0.36
Max
1
1
0.88
0.9
2008 Mean
0.81
0.85
-1.17
0.66
0.69
-0.83
Std. Dev.
0.17
0.17
0.17
0.16
Min
0.35
0.46
0.19
0.28
Max
1
1
0.9
0.85
2009 Mean
0.78
0.8
-0.75
0.62
0.6
0.53
Std. Dev.
0.16
0.21
0.15
0.21
Min
0.39
0.32
0.29
0.12
Max
1
1
0.84
0.89
2010 Mean
0.82
0.79
1.25
0.69
0.6
3.15***
Std. Dev.
0.16
0.2
0.15
0.2
Min
0.42
0.38
0.29
0.19
Max
1
1
0.89
0.87
Total Mean
0.81
0.82
-0.86
0.66
0.65
0.71
Std. Dev.
0.16
0.18
0.15
0.19
Min
0.34
0.32
0.19
0.12
Max
1
1
0.89
0.9
Note: *, **and *** indicates the differences of mean between metafrontier and groupfrontier estimates are significantly different from zero (Ho: difference=0) at 10%, 5% and
1% significance level.

2.6.2 Metafrontier efficiencies in irrigated and rain-fed farms
Table 2.4 compares the summary statistics of metafrontier efficiencies (both
conventional and bootstrapped) for irrigated and rain-fed samples across the years. Mean
TE estimates for irrigated and rain-fed samples are 79 percent and 73 percent under the
conventional metafrontier suggesting possible efficiency improvements by reducing the
input levels by 21 percent (irrigated) and 27 percent (rain-fed). Mean TE estimates for
irrigated and rain-fed farming systems are 61 percent and 54 percent respectively under the
bootstrapped metafrontier suggesting possible efficiency improvement of 39 percent
(irrigated) and 46 percent (rain-fed). Under the metafrontier, both irrigated and rain-fed
groups have more room for input reduction than under their own frontiers. Efficiency
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estimates of rain-fed farms show a similar declining trend over the years that were visible
under their own frontier as well. T test results suggest a significantly widening efficiency
gap between irrigated and rain-fed farms since 2009. Overall, there is a significant
difference in TE estimates between irrigated and rain-fed farms based on both conventional
and bootstrapped metafrontier.
Table 2.4: Summary statistics of metafrontier efficiency estimates of irrigated and rain-fed
farms across years
Conventional
Bootstrapped
Irrigated Rain-fed T-statistics
Irrigated Rain-fed T-statistics
2007 Mean
0.82
0.79
1.03
0.66
0.62
1.31
Std. Dev.
0.15
0.2
0.14
0.2
Min
0.49
0.4
0.37
0.23
Max
1
1
0.87
0.88
0.79
0.78
0.21
0.62
0.62
0.04
2008 Mean
Std. Dev.
0.18
0.19
0.17
0.18
Min
0.32
0.34
0.16
0.17
Max
1
1
0.86
0.86
2009 Mean
0.74
0.69
1.67*
0.53
0.47
1.94*
Std. Dev.
0.16
0.21
0.15
0.22
Min
0.39
0.29
0.22
0.06
Max
1
1
0.86
0.82
2010 Mean
0.82
0.67
4.88***
0.62
0.47
5.26***
Std. Dev.
0.16
0.21
0.15
0.21
Min
0.42
0.34
0.25
0.13
Max
1
1
0.83
0.81
Total Mean
0.79
0.73
3.87***
0.61
0.54
4.14***
Std. Dev.
0.16
0.21
0.16
0.21
Min
0.32
0.29
0.16
0.06
Max
1
1
0.87
0.88
Note: *, **and *** indicates the differences of mean between metafrontier and groupfrontier estimates are significantly different from zero (Ho: difference=0) at 10%, 5% and
1% significance level.

2.6.3 Efficiency gap between irrigated and rain-fed farming systems
Table 2.5 presents the metafrontier and group-frontier efficiency distribution in irrigated
and rain-fed farms. Under the group frontier, 28 percent of farms are fully technically
efficient in both the irrigated and rain-fed groups. However, this percentage drastically
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declines in rain-fed farms when the efficiencies are measured under the metafrontier.
Similar decline is observed in bootstrapped TE distribution as well. The percentage of
farms in the highest efficiency category (0.8 to 0.89) significantly drops in the rain-fed
group (from 22 percent to 2.5 percent) than for the irrigated group (from 32 percent to 16
percent) when moving from group-frontier to metafrontier. For the lower efficiency
categories (<0.4), the percentage of farms increases in a higher rate in the rain-fed farms
than in the irrigated farms when moving from group-frontier to metafrontier.
Table 2.5: Metafrontier and group-frontier efficiency distribution for irrigated and rain-fed
farms (% farms)
Metafrontier
Group-frontier
Irrigated
Rain-fed
Irrigated
Rain-fed
TE
BTE
TE
BTE
TE
BTE
TE
BTE
1
23.14
0
19.6
0
28.28
0
28.64
0
0.90-0.99
9
0
8.04
0
11.05
0
10.05
0
0.8-0.89
12.6 16.45
16.08
2.51
14.4 32.39
18.59 22.11
0.7-0.79
21.85 19.02
12.06 27.64
18.51 16.45
14.57 28.64
0.6-0.69
16.97 17.74
18.09 16.08
15.68 16.45
14.57 15.08
0.5-0.59
10.03 19.02
12.56 13.07
9.25 17.48
5.53 12.06
0.4-0.49
5.4 14.91
10.05 14.57
2.31
10.8
6.53 10.05
0.3-0.39
1.03
9.51
3.02 11.56
0.51
4.88
1.51
5.53
<0.3
0
3.34
0.5 14.57
0
1.54
0
6.53
Note: TE and BTE are technical efficiency and bias corrected technical efficiency
respectively.
Figure 2.2 graphically illustrates the significance difference in metafrontier and groupfrontier efficiencies between the irrigated and rain-fed farms observed in Table 2.5. Figure
2.2 compares the cumulative density distributions of TE and BTE of irrigated and rain-fed
farms under the group and metafrontier. Cumulative density curves show that the rain-fed
farms shift towards the left i.e. farms become more inefficient when moving from the group
frontier estimation to metafrontier estimation. Irrigated farms do not show such significant
deviation while moving from the group frontier estimation to metafrontier estimation. This
implies that irrigated farms mostly define the metafrontier.
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Figure 2.2: Cumulative efficiency distributions showing the movement of irrigated and
rain-fed farms from group frontier to meta-frontier
Figure 2.3 illustrates the cumulative density distributions of meta-frontier and groupfrontier technical efficiency estimates (both conventional and bootstrap) in irrigated and
rain-fed farms. Even if, both the irrigated and rain-fed farms operate at equal efficiency
levels under their own frontiers, irrigated farms operate at a higher efficiency level when
benchmarked based on the metafrontier technology. A similar pattern of the cumulative
efficiency distribution is observed for both the conventional and bootstrapped efficiency
estimates. This suggests that there is a technological gap between the efficiency frontiers of
irrigated and rain-fed farming systems which is not captured by the difference in technical
efficiency.
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Figure 2.3: Cumulative efficiency distributions meta-frontier and group-frontier technical
and bootstrapped technical efficiency scores in irrigated and rain-fed farms

2.6.4 Technological gaps in irrigated and rain-fed farms
Table 2.6 presents the distribution of TGR estimates and compares the results between
irrigated and rain-fed farms across the years. The irrigated systems and rain-fed systems
specific group frontiers coincide with the metafrontier in almost equal intensities of 48 and
47 percent respectively. However, irrigated farms have a larger share of farms with a TGR
equal or closer to one than rain-fed farms. Also, the number of farms with less than 50
percent TGR is significantly higher in the rain-fed group (12 percent) than the irrigated
group (3 percent). The average TGR in irrigated systems (0.96) is significantly higher
compared to that in rain-fed systems (0.78). The results suggest that the metafrontier is
33

Chapter 2: Bootstrapped metafrontier efficiency
dominated by efficient irrigated farms. Benchmarked against the metafrontier, rain-fed
farms are on average producing only 78 percent of their potential output. There is also a
widening technology gap between the two farming systems over the years.
Table 2.6: Technology gap ratio (TGR) distribution for irrigated and rain-fed farms
TGR

Annual

Summary

Distribution (% farms)

Irrigated

Rain-fed

1

47.56

46.73

0.90-0.99

28.02

19.1

0.8-0.89

8.74

7.54

0.7-0.79

5.4

6.03

0.6-0.69

3.34

5.03

0.5-0.59

4.11

3.52

0.4-0.49

1.54

3.52

0.3-0.39

0.77

3.02

<0.3

0.51

5.53

Mean

0.96

0.78

Std. Dev.

0.11

0.26

Min

0.37

0.01

Max

1.00

1.00

2007

0.98

0.82

2008

0.94

0.86

2009

0.93

0.75

2010

0.99

0.70

Note: TGR is the ratio between metafrontier and group frontier efficiencies. All TGR
values are significantly different between irrigated and rain-fed farms based on t-test
results.
These results confirms that even though the rain-fed farms performs better relative to
their own group frontier technology, there remains a technology gap that prevents those
farms from achieving much better efficiency results compared with the irrigated farms.
Figure 2.4 shows the empirical cumulative distribution function (ECDF) for the technology
gap ratios between irrigated and rain-fed farms. The dominance of irrigated TGR
distribution over the rain-fed TGR distribution in the figure 2.4 confirms the existing
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technology gap between irrigated and rain-fed farms. This technological gap prevents rainfed farms from operating equally efficient as the irrigated farms.

Figure 2.4: Cumulative efficiency distribution of TGR

2.6.5 Determinants of technical efficiency
Results of this study identified that the irrigated and rain-fed farms are operated under
different technologies and there is a significant technology gap between the two farming
systems. However, it is not clear whether analysis of the determinants of technical
efficiency under the group frontiers and metafrontier would lead to different policy
implications. Using bootstrapped truncated regressions, we investigate the impact of
choosing separate group frontiers and metafrontier on the determinants of technical
efficiency. Table 2.7 presents the truncated regression results. Some of the important
variables are significant in magnitude and sign of the estimates. The results show some
consistency across the three equations. However, more variables are statistical significant
under the metafrontier than the group frontiers.
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Table 2.7: Factors affecting Production Efficiency: Bootstrapped Truncated Regression
Irrigated TE
Coef.

Rain-fed TE

Std. Err.

Coef.

Metafrontier TE

Std. Err.

Coef.

Std. Err.

Farming system- Irrigated
Rain-fed
Farm size

-0.082***

0.018

-0.017**

0.007

-0.037

0.027

-0.016**

0.008

Female labour (%)

-0.001

0.001

-0.001

0.001

-0.002**

0.001

Family labour (%)

0.001*

0.001

0.001

0.000

0.001***

0.000

0.012

0.022

-0.017

0.035

0.001

0.019

State produced

-0.040

0.025

0.033

0.032

0.001

0.020

Private purchased

-0.021

0.026

0.043

0.032

0.032

0.021

2008

-0.017

0.022

-0.047

0.037

-0.037*

0.020

2009

-0.057**

0.022

-0.123***

0.036

-0.014***

0.020

2010

0.014

0.023

-0.146***

0.037

-0.089***

0.020

Intercept

0.706***

0.036

0.691***

0.060

0.735***

0.046

/sigma

0.150***

0.005

0.177***

0.009

0.168***

0.005

Land status -Owned
Rented
Seed source-Own

Year - 2007

Log likelihood

184.948

63.061

216.622
#

Note: *, **and *** indicates 10%, 5% and 1% significance level. 1000 bootstrap
iterations
As expected, the farming system variable in the metafrontier equation is negative and
statistically significant, suggesting that irrigated farms are more efficient than the rain-fed
farms. This could be explaining the fact that irrigated and rain-fed farms operate under
different technologies. Further, the resource limitations due to agro-ecological differences
could be directly contributing to the difference in efficiency. For example, rain-fed
cultivations are often more prone to water stress due to the uncertainty and variability of the
rainfall and timely unavailability of water than irrigated cultivations. Apart from agroecological differences, there is significant difference in other resources use between
irrigated and rain-fed farms. These results conform to the popular belief that irrigation
shifts the production frontier (Gunaratne & Thiruchelvam, 2002; Makombe, et al., 2007;
Makombe et al., 2011; Thiruchelvam, 2005a; Tilahun, et al., 2011) and hence the high
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technology gap between irrigated and rain-fed farm. This confirms the importance of
irrigation in farm efficiency improvement as already identified in the literature (Rahman, et
al., 2009; Tian & Wan, 2000; Wadud & White, 2000; Yao & Shively, 2007).
Land fragmentation and consequent small holding cultivation14, which is likely to have
negative effects on technical efficiency, is becoming a major concern in Sri Lanka. Most
empirical studies find a positive relationship between land size and efficiency (Balcombe,
et al., 2008; Coelli, et al., 2002; Rahman & Rahman, 2009; Tan et al., 2010; Vu, 2012;
Wadud & White, 2000). The relatively larger farm sizes in irrigated farms (2.14 acres)
compared to the rain-fed farms (0.90 acres) raises the question whether the difference in
efficiency and technical gap between the two farming systems is because of the scale of
operation. However, we find a negative and significant relationship between farm size and
technical efficiency similar to studies by Abedullah and Mushtaq (2007), Rahman, et al.,
(2009) and Yao and Shively (2007). This might be indicating the management difficulties
and resource constrains of large family farms. For example, it is not uncommon for the
farmers to face limited supply of labour, especially during the peak time. Water and
financial resources are two major constraints that could also affect timely farm operations.
Contrary to the findings by Rahman (2010) who reported a positive effect of women
labour contribution on efficiency in Bangladesh agriculture, our study find a negative effect
of female labour participation on efficiency. The coefficient is significant only with
metafrontier TE. Possible explanation for this could be the differences in labour quality as
male labour is often considered to be more skilled. The shares of family labour to total
labour have a statistically significant and positive impact on efficiency measures. This
could be because family labour put more effort on taking care of their farms and this
compliments the use of other inputs like hired labour. Studies by Dhungana, et al. (2004)
and Rahman and Rahman (2009) find similar results.
The coefficient for the seed source is negative for irrigated farms and positive for rainfed farms and the metafrontier. The positive coefficient indicates that the use of seed from
state and private traders is efficiency improving compared to the use of own-seed.
However, none of the coefficients are statistically significant. The year dummies shows
14

Fragmentation of holdings is increasing. Farm size is decreasing. The average size of holdings less than 8 ha
was 1.3 ha in 1946, 1.1 ha in 1962, and 0.8 ha in 1982 ((Dent & Goonewardene, 1993)). This figure was 0.48
ha in 2002 based on the Agricultural Census 2002 by the Department of Census and Statistics of Sri Lanka.
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decline in efficiency over the years relative to the year 2007 efficiency. Even though the
coefficients are not statistically significant, land ownership results indicate that the owner
operators are more efficient than the tenants rain-fed systems as similar to the findings of
the studies done by Coelli, et al. (2002), Mariano, et al. (2011), Rahman and Rahman
(2009) and Yao and Shively (2007). However, the opposite is true for irrigated and
metafrontier results. This may be because the rental markets are well developed in irrigated
systems than the rain-fed systems.
The directions of the estimated coefficients of farm variables conform to each other in
irrigated, rain-fed and metafrontier. However, there is a significant difference in the values
of most of the coefficients between irrigated and rain-fed frontiers. This suggests using
separate group frontiers may result in better policy decisions than using a common
metafrontier in situations where the groups are operated under different technologies.

2.7 Conclusion
The diffusion of agricultural production technologies that enables lagging behind farms
to catch up with innovative farms is one of the most critical ways to relieve the increasing
demand for rice and alleviate food insecurity and rural poverty. Having differences in agroecological environment, farm structures and resource endowments across different farming
systems may prevent some farms from achieving their full production potential. Failure to
account for these differences in benchmarking the performance of rice farms may lead to
unbiased estimates of production efficiency and erroneous policy evaluation.
This study applied the metafrontier DEA approach to investigate technical efficiency
differences and technology structure in irrigated and rain-fed rice farming systems. The
main purpose was to determine whether irrigated and rain-fed farming systems operate
under different technologies. The study also applied smooth bootstrap procedure to
estimate both the efficiency estimates and technology gap ratios.
The average efficiency estimates for rain-fed farms are found to be comparable to those
of irrigated farms when benchmarked using their own specific group frontiers. In general,
the farms were found to be inefficient suggesting that, on average, there were farms lagging
behind the best-practice frontier for each farming system. Benchmarked against the
metafrontier, irrigated farms are found to be more efficient than rain-fed farms.
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The results reveal that the irrigation shifts the rice sector production frontier upwards.
Therefore, we can conclude that irrigated and rain-fed farms operate under different
production technologies. Analysis of determinants of technical efficiency reveals that the
use of either the metafrontier or separate group-frontiers may not have an impact on the
direction of the coefficient. However, it does have a significant impact on the values of the
coefficient and level of significance. Therefore, limiting analysis to a common metafrontier
may lead to erroneous policy prescriptions. A significant contrast between the production
technologies between the two systems suggests that policy strategies targeted at improving
farm management practices alone may not bring significant results unless modifications in
the technological environment of farms are not undertaken. For the purpose of improving
irrigation infrastructure, major irrigation schemes should be expanded to areas currently
under rain-fed system. As the expansion of the irrigated systems in rain-fed areas is not
possible in the short run due to technical and financial constraints, production efficiency of
the rain-fed system needs to be improved by managing the efficiency enhancing factors
such as skill labour, quality seed, land structure and ownership.
Due to data limitation it was not possible to control for all the relevant determinants of
technical efficiency such as land quality, agricultural extension, credit, weather variability
and household characteristics (age, experience, education, etc.). This study can be done
using parametric SFA framework too. Further research on this with more comprehensive
data and using parametric methods is highly encouraged.
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CHAPTER 3: Input-use Efficiency in Rice Production in Sri Lanka:
A Slack-Based DEA Analysis with a focus on fertilizer use efficiency
Abstract: Fertilizer subsidy and inefficient use of fertilizer has attracted significant interest
in Asia, including Sri Lanka. This study reviews the evolution of the fertilizer subsidy
programme in Sri Lanka. It also investigates the extent and factors affecting fertilizer use
efficiency and the budgetary implications of efficiency improvement. Based on secondary
data for the years 2007 to 2010, we use a two-stage analysis to examine the input use
efficiency for paddy production. The first stage uses the slack based Data Envelopment
Analysis (DEA) model to estimate input use efficiencies. Fertiliser use shows relatively
higher efficiency (87 percent) relative to other specific-input use efficiencies. Our results
suggest a possible reduction in fertilizer use by about 13 percent with no reduction to the
level of output. The second stage bootstrapped truncated regression results indicate that
small farms, rain-fed farming and seed quality enhance fertilizer use efficiency. The study
highlights the importance of estimating specific-input use efficiencies. From a policy
perspective, we show that elimination of inefficiency in fertilizer use can substantially
reduce public expenditure on fertilizer.
3.1 Introduction
The use of modern inputs, in particular fertilizer, is considered as key to agricultural
productivity growth (Duflo et al., 2011). The main evidence comes from the dramatic
growth in crop yields in Asia as a result of increased fertilizer use following the Green
Revolution as opposed to the stagnation in yields in Africa due to continued low use of
fertilizer (Dorward & Chirwa, 2011; Morris et al., 2007). Asian countries have been
involved in intensive agriculture with the adoption of new varieties, irrigation and high
levels of fertilizer use. This agricultural intensification has been directly supported by
government interventions such as subsidies to fertilizers and irrigation in many developing
countries like Sri Lanka.
Such agricultural development strategies in most developing countries primarily focus
on the smallholder sector due to its importance to the overall economy in terms of food
security and poverty reduction. Despite the potential for economies of scale on large farms,
family-farm theories have postulated that small farms are more efficient than larger farms
because they are easy to manage and are less risky (Dethier & Effenberger, 2011).
However, Chavas (2001) observes that larger farms can have an advantage over small
farms in the presence of market failures. For example; intervention policies such as
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subsidies generally benefit wealthier farmers and those with more land than smallholders
(De Gorter & Swinnen, 2002; Dethier & Effenberger, 2011). A possible explanation of this
is that often the smallholders cannot internalize such benefits due to institutional and
market failures. This brings into question the effectiveness of intervention policies such as
input subsidies in developing countries like Sri Lanka where most farms are smallholders15.
Input subsidies, in particular fertilizer have been widely used in Asian and African
countries. Issues arising from subsidization of fertilizer and subsequent inappropriate use
have been identified in the empirical literature (Bradshaw & Smit, 1997; Chibwana et al.,
2012; Wilson, 2000). Rational farmers who are resource poor may respond to price
incentives, such as subsidies, by overuse of inputs such as fertilizer relative to their optimal
application levels. Moreover, heavy subsidies on fertilizer put a heavy burden on
government budgets and crowds out other necessary investments16 in the agricultural
sector. Hence, development economists have argued that rather than providing subsidies,
what matters for agriculture is making inputs available to farmers and avoiding price
distortions (Streeten, 1987). Since the potential for land expansion is limited, growth in the
agricultural sector, which is the least productive sector in developing countries, will have to
come from increased yields by enhanced input use efficiency, especially the subsidized
inputs such as fertilizer. However, inputs that are not completely used in the production
process such as fertilizer may be a source of environmental damage.
The main purpose of this study is to estimate the fertilizer use efficiency (FUE) for
selected rice farms in Sri Lanka and compare this to specific efficiency of other inputs used
in rice production. Further, we investigate the role of land size and irrigation on fertilizer
use efficiency. Except the few studies that have estimated irrigation water use efficiency
(Frija et al., 2009; Karagiannis et al., 2003; Lilienfeld & Asmild, 2007; Speelman et al.,
2008), empirical studies that estimate specific-input efficiencies, especially in the context
of distorted markets, are still rare. Imperfect input markets, such as subsidised inputs, make
it necessary to assess specific-input efficiencies as changes in the input markets highly
affect the farmers’ input allocation decisions. The commonly used measure of overall
15

The rice production sector in Sri Lanka has a small-holder orientation with more than 80% of farms
operating at less than 1 ha.
16
The Green Revolution in Asia is not only a result of successful diffusion of improved seed and fertilizer
technology, but also massive investments in irrigation, agricultural research and extension (Rashid, et al.,
2013).
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technical efficiency does not give any indication of how efficient different inputs are being
used in production. There is a possibility that the inefficiencies of certain inputs might be
overshadowed by the single measure of technical efficiency and this might lead to
erroneous policy decisions. The distinction of the specific input inefficiencies is important
in the promotion of different technologies and the design of policies that support
sustainable agriculture.
A common feature of the efficiency literature is that most empirical studies only
estimate “weak efficiency” measures introduced by Koopman (1951) and do not consider
the potential reallocation of inputs (Herrero et al., 2006). Those measures do not allow
measuring input-mix inefficiency which is a potentially major source of inefficiency in
agricultural production. While additive models such as the slack-based method directly
address this deficiency, application of these methods in agriculture is very limited. To
address those shortcomings in empirical literature, we use the nonparametric data
envelopment analysis (DEA) approach in the first stage of our analysis to estimate pure
technical efficiency (TE) and input-mix efficiency (IME) under variable returns to scale
(VRS) technology which we decompose further to measure fertiliser use and other specificinput use efficiencies. In the second stage, we use bootstrapped truncated regression to
investigate key determinants of Fertilizer use efficiency (FUE), IME and TE.
3.2 Evolution of Fertilizer Subsidy in Sri Lanka and its Implications
Before the Green Revolution, the use of fertilizer was very low in Asian countries
(Rashid et al., 2013) and Sri Lanka was no exception. Introduction of high yielding
varieties following the Green Revolution contributed to increasing rice production in Sri
lanka (Ekanayake, 2006). 17 Because high yielding varieties are more responsive to
fertilizer, Sri Lanka adopted deliberate policies to promote chemical fertilizers use when
the new varieties became available. These policies include fertilizer subsidies that have
been widely used since 1962 with the goal of making fertilizer accessible to most farmers at
a lower cost (Weerahewa, et al., 2010).

17

Fertilizer subsidy is provided principally to the farmers cultivating rice which is the staple food and
principal crop in Sri Lanka. Rice sector with a predominant small holder orientation, occupies the largest
extent of land under any single crop. It accounts for about half of the agricultural labour force and nearly 15
percent of the agricultural GDP.
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The government withdrew the fertilizer subsidy scheme in 1989 but re-instated it in
1994. Subsidy was provided for Urea, Muriate of Potash (MOP) and Triple Super
Phosphate (TSP) fertilizers. A policy revision in 1997 restricted the fertilizer subsidy to
Urea. However, since 2005, it was again extended to cover all the three major fertilizer
types (Ekanayake, 2006). Initially the subsidy rate was fixed, allowing the market to
determine the price according to world market price. From 2004, fertiliser price has been
fixed at Rs. 35018 per 50 kg bag regardless of world market price (Ekanayake, 2006).
Because of this, the government subsidy cost has been increasing as the fertilizer price in
the world markets increases. The government currently bears 90% of the inorganic fertilizer
cost in the rice sector and the subsidy cost is estimated at Rs. 36.4 billion; this is equivalent
to 2.4% of the total government expenditure in 2012 (CBSL, 2013).
The National Fertilizer Secretariat (NFS) operating under the Ministry of Agriculture
and Lands holds the sole responsibility for implementing the fertilizer subsidy. The major
roles of the NFS include formulating subsidy policies, scrutinizing subsidy claims,
arranging payment, issuing licenses for fertilizer importers, blenders and manufacturers and
monitoring for problems such as adulteration at the wholesale and retail levels. Importation
and distribution of fertilizer are carried out by different institutions. Two state-owned
companies import fertilizer, but the distribution of subsidized fertilizer to paddy farmers is
entirely done by the Agrarian Service Centres (ASCs) of the Agrarian Services Department.
Before every cultivation season, the ASCs call for applications from eligible farmers and
collects information on crops to be cultivated, the land extents and the amount of fertilizer
required (Weerahewa, et al., 2010).
Since the introduction of fertilizer subsidy there was a substantial increase in the
application of fertilizer over the years with significant increases in rice production and
yields (Table 3.1). However, the contribution of the fertilizer subsidy scheme to agricultural
development cannot be isolated. Compared to 2000, fertilizer supplies to the rice sector
have increased by 63% with a 20 fold increase in the cost of fertilizer subsidy scheme in
2012 (Table 3.1). Increase in land under cultivation, especially following the cessation of
the civil war in Sri Lanka, largely contributed to the 34% increase in rice production rather
than yield improvement which is estimated at 13%.
18

Current exchange rate is around Rs. 120 for 1 US dollar.
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Table 3.1: Annual figures of fertilizer subsidy expenditure and rice production performance
in Sri Lanka
Fertilizer Subsidy

Rice
Fertilizer

Cost
Year

(Rs. Mil)

Fertilizer

Government

use

Production

Area

use

Yield

expenses (%)

(‘000mt)

(‘000mt)

(‘000ha)

(kg/ha)

(kg/ha)

1999

1390

0.50

307

2857

779

394

3668

2000

1733

0.52

250

2860

742

337

3854

2001

3650

0.94

277

2695

681

407

3957

2002

2448

0.61

345

2859

734

470

3895

2003

2191

0.52

283

3071

816

347

3763

2004

3572

0.75

301

2628

643

468

4087

2005

6846

1.17

353

3246

819

431

3963

2006

11867

1.66

418

3342

808

517

4136

2007

11000

1.31

389

3131

714

545

4385

2008

26450

2.66

602

3875

925

651

4189

2009

26935

2.24

423

3652

842

502

4337

2010

26028

2.03

490

4301

950

516

4527

2011

29802

2.13

453

3894

981

462

3969

2012

36456

2.44

409

3846

883

463

4356

Source: Central Bank of Sri Lanka, 2013
Further, the focus on the other items in the Green Revolution package was crowded out
by the increased subsidy cost over the years. Figure 3.1 shows R&D expenditure as a
percentage of agricultural GDP compared to the fertilizer subsidy as a percentage of
agricultural GDP. Government investments in the R&D sector reduced drastically from 0.6
percent of agricultural GDP in 1981 to 0.34 percent in 2009. Fertilizer subsidy cost as a
percentage of agricultural GDP considerably increased from 0.4 percent in 1998 to 2.4
percent in 2012.
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Figure 3.1: Historical trend of Investment in R&D and fertilizer subsidy
Most studies have highlighted the suboptimal use of fertilizer (Bradshaw & Smit, 1997;
Chibwana, et al., 2012; Wilson, 2000). There is growing evidence of the link between input
subsidy policies, agricultural intensification, and negative environmental consequences.
Rashid et al., (2013) noted that there is a link between heavy fertilizer subsidy and overuse
by farmers in Bangladesh, India, Indonesia and Pakistan. World Bank (2007) emphasizes
that the overuse of fertilizer induced by subsidies can reduce the effect of fertilizer.
Subsidies might be having a negative effect on efficiency (Baležentis et al., 2014; Roche,
1994) . Roche (1994) emphasized that policy attention in Indonesia should focus on
lowering fertilizer use either by raising use efficiency or increasing the price.
Weerahewa et al., (2010) highlights the problems related to fertilizer subsidy in Sri
Lanka: First, some farmers cultivate more land than they legally own, a situation that leads
to under use of fertilizer as the subsidized fertilizer is provided only for the legally owned
land based on the recommended rates. Second, informal sales of fertilizer by wealthy and
poor farmers may result in overuse by the former and underuse by the latter. Third,
loopholes in the distribution system contribute to corruption. Furthermore, there is evidence
of reselling of subsidized fertilizer at retail market or to other sectors at higher prices. This
evidence would indicate variability in fertilizer use efficiency across rural households.
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In general, the demand for fertilizers is price sensitive, particularly in developing
countries where farmers are resource poor (David & Barker, 1978). When the price of
fertilizer rises sharply relative to the prices of farm produce, the level of fertilizer
consumption tends to fall. However, in countries where fertilizer prices are partly or fully
subsidized, the demand for fertilizers remains relatively less affected (Mujeri et al., 2012).
These explain why own price elasticity of fertilizer is inelastic and why fertilizer subsidy is
not a key determinant for increased fertilizer use (Ekanayake, 2006; Gunawardena & Flinn,
1987).
As Rashid et al., (2013) argues, fertilizer availability is more important than the subsidy
as incentives for fertilizer use do not come from the fertilizer subsidy per se, but from the
expected higher yields, lower transaction costs and better risk management. Moreover,
fertilizer subsidies may lead to government involvement in fertilizer distribution and
failures to establish an efficient distribution system (Duflo, et al., 2011). The higher
transaction cost associated with fertilizer subsidy and untimely availability in Sri Lanka has
had serious implications on the efficiency of fertiliser use. The fertilizer subsidy was
introduced as a short term intervention but has become politically difficult to abolish.
3.3 Conceptual Framework
Technical efficiency is one of the commonly used methods for benchmarking the
performance of similar economic entities in an industry (Coelli, et al., 2005). From an
output-orientation, it is measured as the ratio of the observed output and the maximum
output attainable assuming inputs are fixed. Alternatively, from an input-orientation, it is
the ratio of the observed input and the minimum input possible assuming output are fixed
(Porcelli, 2009). This metric is often estimated using a mathematical programming
approach called data envelopment analysis (DEA) or using econometric methods (Wadud
& White, 2000). One of the main purposes of DEA is to project the inefficient farms onto
the production frontiers under certain assumptions of the production technology. The
standard Farrell (1957) radial DEA projections such as CCR and BCC19 aim at either

19

CCR model developed by Charnes et al. (1978) assumes constant return to scale and estimates pure
technical efficiency and scale efficiency simultaneously, while BCC model developed by Banker et al. (1984)
is a development to separate the pure technical efficiency assuming variable return to scale (Cooper et al.
2007).
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reducing all input levels proportionally while keeping the output level fixed (input
orientation) or maximizing output levels proportionally at the current level of input use
(output orientation) (Cooper et al., 2007).
However, the section of the piece-wise linear frontier which run parallel to the axes in
DEA can result in slacks and these input and output slacks are not accounted for in the
efficiency scores in traditional radial measures of DEA analysis (Coelli, et al., 2005). The
slack value represents the difference between the actual and lowest (highest) possible input
(output) levels for the same outputs (inputs) on the same frontier. When the input (output)
slacks are present, it is possible to further decrease (increase) the level of one or more
inputs (outputs) while maintaining the level of the other inputs (outputs) for a given level of
output (input). The traditional radial efficiency measures are referred to as ‘weak efficiency
measures’ since these measures excludes the input and output slacks and hence
inefficiencies associated with wrong input and output mix (Herrero, et al., 2006). The nonradial type of efficiency measure that has been introduced more recently do not assume all
inputs (outputs) need to be increased (decreased) proportionally in order to operate on the
efficient frontier. The salient feature of the slack-based method (SBM) developed by Tone
(2001) is that it allows estimation of the efficiency of the input mix as well as the specificinput use efficiency values.
Input-mix inefficiency is associated with sub optimal composition of inputs. Analysing
the input mix is essential to better understand the production process in agriculture as it is
managed through the better control of inputs. Hadley et al. (2013) argue that input-mix
inefficiency is caused by suboptimal input mixes resulting from overspecialization,
inconsistency in input mix, and the persistent use of inferior farming techniques. Farms
operated by large family based sole operators are especially prone to mix inefficiency due
to limited flexibility in varying levels of family labour in response to changing
circumstances. Mix inefficiency due to overspecialization in input use is commonly found
in family farms where family members have limited off farm employment opportunities
(Hadley, et al., 2013).
The sub-vector method of DEA is one of the methods used to estimate input-use
efficiency. The sub-vector DEA measures the percentage radial contraction of the specific
input to make the farm efficient while keeping all the other inputs and output constant
(Speelman, et al., 2008). It is considered a “weak efficient” as the slacks generated from the
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analysis are not taken into account and make a highly restrictive assumption by keeping all
the other inputs constant. Slack-based input use efficiency estimates in which the slacks are
taken to their maximal values encompassing all the inefficiencies that the DEA model can
identify are considered to be “strong efficient” (Cooper et al., 2011). Hence, the slackbased DEA method is preferred over the sub-vector DEA method in our analysis.
Figure 3.2 graphically illustrates the slack-based measure of efficiency under two inputs
and single output case. The DMU’s A, B, C, D, E, F and G are using inputs x1 and x2 to
produce a single output y . A linear combination of their input use defines a production
frontier that envelops all other observed farms. Farm G is inefficient because it is not
located on the frontier defined by the other six farms. The radial contraction of the inputs

( )

produces a projected point on the frontier G0 and the conventional technical efficiency
measure of farm G is given by the ratio OG 0 OG . Given that farms A and B are parallel
to the fertilizer axis and located on the frontier, the conventional technical efficiency scores
for those farms are equal to 1.
x2

F
G

E

D
G0

C
B

O

B0

A

A0

x1

Source: Adapted from Frija et al., 2009 and Coelli et al., 2005
Figure 3.2: Graphical illustration of technical and fertilizer use efficiency
49

Chapter 3: Fertilizer use efficiency and subsidy
Although both farms A and B are fully efficient based on the radial measures of DEA,
farm B uses less x1 than farm A to produce the same level of output. The value given by
OA0 − OB 0 is referred as the slack value. Radial technical efficiency scores ( θ ) do not

capture the slack values generated in the input use and hence are referred to as weakly
efficient; this is true when θ = 1 and input and output slack values s− and/or s + ≥ 0 (Cooper,
et al., 2011). Slack value represents the difference between the optimal values and the
observed values of inputs and outputs at the optimal solution and allows estimating slack
based measure of efficiency and input use efficiencies.
The efficiency of using input x1 by farm A is given by the relative reduction rate of x1
which is IUExA1 = x1 − s1− x1 where s1− = OA0 − OB0 and x1 = OA0 . The ratio

1
2

2

∑
i =1

xi − si−
xi

evaluates the mean relative reduction rate of the two inputs and is called the input -mix
efficiency. Similarly, assuming s+ is the slack value of the output y , the ratio y + s + y
evaluates the relative proportional expansion rate of the single output ( y ) and its inverse is
a measure of output-mix inefficiency. The slack-based measure of efficiency ( ρ ) of farm
A is given by the ratio of mean input-mix efficiency to the mean of output-mix efficiency,

which is,
1

ρ =

2

2

∑
i =1

xi − si−   y + s + 


xi   y 

−1

(3.1)

3.4 Methods
3.4.1 Fertilizer Use Efficiency: Slack based DEA
Following Chemak et al. (2010) who analysed irrigation water use efficiency in Tunisia,
we use the slack-based DEA method to get the slack values of inputs and to evaluate
fertilizer-use efficiency. Assume that there are N farms, the j th farm where j = 1,...., N
produce output levels yrj where r = 1,....,m using xij input levels where i = 1,....,k . For the ith
farm, input and output data are represented by the column vectors xi and yi . Suppose that
T

T

x j =  x1j ,....,xkj  and y j =  y1j ,...., ymj  are the vectors of input and output values for the j th

farm, where x j ≥ 0 and y j ≥ 0 . In order to estimate the efficiency of a farm ( xo , yo ) , we
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formulate the following fractional programme in λ , s − and s+ where ρ is a scalar, λ is a
n ×1 vector of input and output weights and sk− / sm+ are input/output slack variables (Cooper,

et al, (2010):
 1k − 
si / xij 
1−
k i=1


Minλ,s- ,s+ρ =
 1 m +

sr / yrj 
1−
 m r=1


∑

∑

N

st
.
.:
x
=
λj xij + sk−,∀i

o
j=1


N

Subject to constrainsyo = λj yrj − sm+ ,∀r
j=1

 − +
λj , sk , sm ≥ 0


∑

∑

The slack-based model under an input-orientation is defined as the standard slack-based


model above with the numerator 1 −


1
k

k

∑s

−
i

i =1


/ xij  minimized as in equation (3.3) and


allows us to obtain the input mix efficiency estimates (Tone 2001). By minimizing only the


denominator of the objective function; 1 −


1
m

m

∑s

+
r

r =1


/ yrj  in equation (3.2), the output


oriented SBM can be formulated in a similarly way. As our production system is
characterized by one output, we are not interested in output mix efficiency.

 1 k − 
Minλ,s- ,s+ ρ = 1−
si / xij 
 k i=1

N

st
.
.:
x
=
λj xij + sk−,∀i

o
j =1


N

Subject to constrainsyo = λj yrj − sm+ ,∀r
j=1

 − +
λj , sk , sm ≥ 0


∑

(3.3)

∑

∑

The optimal solution of this programme allows us to obtain the slack values for each
input which can be used to decompose the input mix efficiency into separate efficiency
51

Chapter 3: Fertilizer use efficiency and subsidy
values for different inputs. The proportional contribution of each input to the efficiency of
the farm being considered represents the efficiency of using each input and is given by the
ratio in equation (3.4) (Herrero, et al., 2006). The ratio si− xi is the relative reduction rate
of input i which is the inefficiency of using input i and, therefore, equation (3.4) represents
the input use efficiency of using input i .
IUE = 1 −

si− xi − si−
=
xi
xi

(3.4)

The estimation was done using the “nonparaeff” statistical package using “R” software
(Oh, D. H., & Suh, D. (2013).
3.4.2 Determinants of Technical and Fertilizer use Efficiency
The empirical literature has placed a greater emphasis on farm size and irrigation along
with seed quality and labour characteristics as key determinants of fertilizer use efficiency.
As Duflo et al., (2011) explain, there is evidence that fertilizer is complementary with
improved seed, irrigation, greater attention to weeding, and other changes in agricultural
practice that farmers may have difficulty implementing. Gunaratne and Thiruchelvam
(2002) emphasized the importance of water availability in improving technical efficiency
by finding higher input-use efficiency in major irrigation schemes compared to minor
schemes. Similar observation was made by Roche (1994) in his study on Indonesian
irrigated rice production. His results imply lower nitrogen response efficiency in semitechnical and simple irrigation systems than in technical irrigation systems with greater
water control. Subhani et al.(2012) highlighted the importance of soil moisture for fertilizer
use efficiency in rain-fed areas. Following the literature, we expect that irrigated farms are
likely to have higher fertilizer use efficiency than rain-fed farms because of uncertain
moisture at critical growth stages and poor management. The same relationship is expected
to be held for the technical and input mix efficiency as well.
Empirical studies have found a positive relationship between farm size and production
efficiency (Bäckman et al., 2011; Brazdik, 2006; Khan, et al., 2010; Rahman & Rahman,
2009; Rahman, et al., 2009; Tan, et al., 2010; Wadud, 2003). The negative relationship that
is observed between farm size and technical efficiency (Balcombe, et al., 2007; Yao &
Shively, 2007) is also possible for fertilizer use efficiency as well (Roche, 1994). Tenants
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tend to have lower efficiency compared to the farmers who own the land they cultivate
(Coelli, et al., 2002; Mariano, et al., 2011; Rahman & Rahman, 2009; Yao & Shively,
2007). Based on the empirical literature, we expect large farms to have positive and tenants
to have a negative relationship with efficiency estimates.
Excessive use of family labour is found to increase efficiency in some studies (Brazdik,
2006; Dhungana, et al., 2004; Rahman & Rahman, 2009), and a positive relationship is
found between hired labour and efficiency in others (Yao & Shively, 2007). Some studies
finds that female labour input significantly improves technical efficiency (Dhungana, et al.,
2004; Rahman, 2010). Roche (1994) observed a positive correlation between Nitrogen
response efficiency with the level of labour inputs for fertiliser application and weeding.
While there are no empirical studies showing the relationship of labour resources with the
fertilizer use efficiency, this study hypothesizes efficiency that family and female labour
will have positive effect on fertilizer use and input mix efficiencies. Further, it is expected
that purchased seeds which are often qualitatively improved will have positive effect on
efficiency compared to self-produced seeds.
The use of regression analysis to investigate the key determinants of technical efficiency
is a common practise in the literature. Most of the early studies have used the Tobit
regression (Coelli, et al., 2002; Dhungana, et al., 2004; Wadud, 2003; Wadud & White,
2000) and have justified their approach by the fact that the dependant variable, i.e.
production efficiency estimates, has a censored distribution lying between 0 and 1. Some
researchers have proposed the use of ordinary least square (OLS) rather than Tobit
regression (Banker & Natarajan, 2008; McDonald, 2009). Their main argument is that the
efficiency scores are not generated by a censoring data generating process but are a
fractional data generating process and the Tobit estimation in this situation is inappropriate.
However, Simar and Wilson (2011) has noted that OLS estimation is consistent only under
very peculiar and unusual assumptions on the data generating process and suggested the use
of truncated regression that generates more consistent estimates. Simar and Wilson (2007)
argued that single and double bootstrap truncated regressions performs better in terms of
estimated confidence intervals.
Our main focus in the second stage is to evaluate the relationship between farm size and
irrigation with efficiency measures. Using 5000 bootstrap iterations, a truncated regression
is defined for three dependant variables, fertilizer use efficiency, IME and TE as follows:
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2
yi = β i zi + ε i ≥ 0; for i = 1, , n and ε i → N (0,σ )

(3.5)

where y i , z and ε i represent efficiency estimate, a vector of explanatory variables and
i

error term. The assumption of a normally distributed data allows descriptive statistics to be
used to explain the nature of the population. However, if the population is not random and
the samples are small, the statistical significance of the data would not hold. Bootstrapping
uses replication of the original data by re-sampling with replacement to simulate a larger
population, thus allowing many samples to be drawn and statistical tests to be calculated

3.5 Data and Variables
The empirical analysis was conducted using a dataset of 588 randomly selected farms
collected by the Department of Agriculture of Sri Lanka over the period 2007-2010 during
the Maha Season20. The farms are located in two major rice producing regions,
Anuradhapura and Kalutara. The production process is characterized by one output, rice,
and five inputs: seed, fertilizer, chemicals, labour and capital. The output variable is
defined as total rice harvested and measured in kilograms (kg). Using output quantity rather
than the revenue has the advantage that it disregards the market factors affecting the total
revenue of the farmer. The farm gate price of rice varies significantly due to various market
related factors such as time of selling, quality, proximity to markets, infrastructure
availability, and credit bound relationships with buyers. Seed is measured as the total
physical quantity in kg. The amount of fertilizer is measured as total kilograms applied and
includes Urea, Muriate of Potash (MOP) and Triple Super Phosphate (TSP). Chemicals and
capital input are measured as costs in Rupees. Capital input includes the cost of using
machinery such as weeders, tractors, threshers, and combined harvesters. Labour input is
measured as the number of workdays for the whole farm operations including hired and
family labour. The units of measurement and the characteristics of the data used in DEA
analysis are summarized in Table 3.2.

20

There are two cultivation seasons namely; Maha and Yala which are synonymous with two monsoons.
Maha Season falls during “North-east monsoon” from September to March in the following year. Yala season
is effective during the period from May to end of August. When the crop is sown and harvested during above
periods, the particular season is defined.

54

Chapter 3: Fertilizer use efficiency and subsidy
Table 3.2: Summary Statistics of main variables
Variable

Mean

Std. Dev.

Min

Max

1774.99

686.12

312.50

3675.00

Farm size (acre)

1.72

1.11

0.25

10.00

Seed (Kg/acre)

45.71

11.36

20.00

84.00

Fertilizer (Kg/acre)

146.58

45.54

40.00

346.67

Labour (days/acre)

29.18

10.77

5.20

95.00

Chemicals (Rs/acre)

1838.08

1042.51

200.00

10240.00

Capital (Rs/acre)

6922.34

3679.11

300.00

19500.00

Family labour use (%)

63.13

25.52

0.00

100.00

Female labour use (%)

7.00

10.20

0.00

59.59

Rice yield (Kg/acre)

Note: Variables shown as “per acre basis” are for comparison purposes only.

The standard deviation indicates a high degree of heterogeneity among farms in the
sample. Farm size ranges from 0.25 acres to 5.5 acres with the average of 1.72 acres. Small
land size in the sample clearly reflects the popular characteristics of compactness in the Sri
Lankan farms21. Average yield level is 1775 kg/acre. Yield is highly heterogeneous with a
minimum of 312 kg/acre and maximum of 3675 kg/acre. Per acre input usage is also
characterized by significant variation among sample farms. Average female labour and
family labour usage is 7 and 63 percent. While certain farms use no female and family
labour at all, maximum usage is 60 and 100 percent for the two categories.
Table 3.3 presents the explanatory variables used in the second stage truncated
regression. The database lacks farm household characteristics. However it provides
information on farm resource use and characteristics such as farm size, irrigation use, land
ownership, source of seed and labour. Approximately two third of the sample farms are
irrigated and one third are rain-fed. Owner operated farms consists of more than 80 percent
of the farms compared to the mere 20 percent rental land cultivations. About 43 percent of
the sample farms use self-produced seeds while rest use relatively high quality seeds
purchased from state and private farms. Total sample farms are distributed almost equally
across the four years (2007-2010).
21

Due to land fragmentation, approximately 50 per cent of rice production comes from small farms
cultivating less than 1 acres and another 25 per cent comes from farms cultivating between 1 to 2 acres. Only
3% of paddy cultivations come from farms cultivating more than 5 acres (DCS, 2002).
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Table 3.3: Explanatory variables used in the truncated regression
Variable

Description

Summary (number/percentage)

Farm size

Acres

0.25-5.5 acres

Irrigation

Dummy (1 = irrigation, 0 =rain-

irrigated: 389; rain-fed: 200

fed)
Land ownership

Dummy (1 =tenant, 0=owner)

own: 493; tenants: 96

Seed source

Dummy (1 = self-seed, 0

self: 254; purchased: 335

=purchased)
Family labour use

% of total labour

0-100%

Female labour use

% of total labour

0-60%

Year

Dummy (1 =2007 0=otherwise

No. of farms: 2007-146

1=2008, 0=otherwise

2008- 149

1=2009, 0=otherwise

2009- 147

1=2010, 0=otherwise)

2010- 147

Note: The dependant variable is the efficiency score (FUE, IME and TE) which are
truncated between 0 and 1.
3.6 Results and Discussion
3.6.1 Efficiency of using fertilizer
The summary statistics of the estimated efficiency measures are reported in Table 3.4.
As the results indicate, there is significant variation in the mean estimates and distribution
of the efficiency measures. The standard deviation indicates a high degree of heterogeneity
in efficiency of different inputs among the sample farms. Fertilizer use has the highest
mean efficiency (88 percent) followed by labour and land (85 percent each)22. Capital (68
percent) and chemicals (69 percent) are the least efficiently used inputs. Seed use efficiency
(76 percent) lies between the highest and lowest efficient inputs. On average, fertilizer use
efficiency (87 percent) is higher than the input mix efficiency (78 percent). These suggest
that farms in the sample could have produced the same output with 13 percent less
fertilizer, and overall, with a 22 percent reduction in input mix. On average, technical

22

The mean differences between fertilizer and labour and land were tested using t-tests. Results confirm with
95 percent confidence that there is significant difference in the mean of fertilizer use efficiency with labour,
land, capital and chemicals use efficiencies.
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efficiency measures suggest possible contraction of inputs by 23 percent. The distribution
of fertilizer use efficiency and other input use efficiencies, input mix efficiency and
technical efficiency under variable returns to scale technology are presented in Table 3.4.
Table 3.4: Percentage distribution of efficiencies: input use, slack based and technical
Seed

Fertilizer

Chemical

Labour

Capital

Land

IME

TE

=1.0

33.11

50.42

29.54

45.67

29.71

37.35

21.90

6.62

1.0 >=0.9

5.77

10.36

6.11

8.66

5.60

9.00

2.38

23.94

0.9 >=0.8

9.34

9.85

5.60

12.22

6.28

20.54

16.81

13.75

0.8 >=0.7

9.68

11.04

6.11

11.38

6.28

14.94

27.16

18.51

0.7 >=0.6

13.24

7.30

9.68

10.02

7.98

12.39

21.73

17.32

0.6 >=0.5

13.92

7.47

12.22

6.28

10.53

4.24

9.17

10.87

0.5 >=0.4

8.32

3.06

11.71

3.57

12.90

1.19

0.68

7.13

0.4>=0.3

4.58

0.51

10.02

2.04

9.68

0.34

0.17

1.70

<0.3

2.04

0.00

9.00

0.17

11.04

0.00

0.00

0.17

Mean

0.76

0.87

0.69

0.85

0.68

0.85

0.78

0.77

Min

0.20

0.31

0.12

0.28

0.10

0.32

0.37

0.29

SD

0.23

0.17

0.27

0.18

0.28

0.15

0.14

0.18

Note: IME and TE refers to the slack based input mix and BCC technical efficiency
As the efficiency distribution shows, more than half of the farms are fully efficient in
using fertilizer. Only about 11 percent of farms are having less than 60 percent efficiency
and no farm has less than 30 percent efficiency in fertilizer use. About 12 percent and 6
percent farms are having less than 60 percent efficiency in labour use and land use. As in
fertilizer, no farm has less than 30 percent efficiency in land use. About 11 and 9 percent
farms are highly inefficient in using machinery and chemicals with less than 30 percent
efficiency. Approximately half of the sample farms are more than 40 percent inefficient in
using machinery and chemicals, which is quite significant compared to the other inputs.
Chemical, machinery, and seed are the most inefficiently used inputs in that order.
Our results indicate that fertilizer is used more efficiently than the other farm inputs
even though it is highly subsidized. Although this may seem to be nullifying the argument
that subsidizing encourages inefficiency, it could be a result of systematic application of
fertilizer which is absent in the case of other inputs. Deviation from the agronomic
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recommended rates of application provided by the Department of Agriculture is minimal in
fertilizer and is clearly reflected in lower standard deviation in the fertilizer use efficiency
scores relative to the other inputs. Density plots illustrated in Figure 3.3 were used to
examine the distribution of FUE and other input use efficiencies. As the figure illustrates,
the distribution of input efficiency scores are all skewed to the right but the distribution of
fertilizer use efficiency is more highly skewed relative to the distributions of the other input

2
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1

Density

3
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5

use efficiencies.

0

.2

.4

.6
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Efficiency
capital
seed
labour

chemical
land
fertilizer

Figure 3.3: Kernel density distribution of fertilizer relative to other input use efficiency
scores
Further, we applied the Kolmogorov-Smirnov (KS) test23 to examine the equality of the
distribution of FUE with the other input use efficiencies and slack-based efficiency and the
results are reported in Table 3.5. The small Kolmogorov-Smirnov distance for fertilizer
with labour implies that the there is no statistical difference in distributions between
23

The Kolmogorov-Smirnov test is a nonparametric test that compares the cumulative distributions of two
data sets to examine if there are any significant differences in the distribution of efficiency scores in each pair.
It checks for any violation of the null hypothesis of identical distribution in terms of different medians,
different variances, or different distributions (Lehmann, 2006).
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fertilizer and labour. In order to visibly relate these relationships on dominancy, we drew
empirical cumulative frequency distribution function (ECDF) curves for fertilizer use
efficiency with the other efficiencies. As illustrate in Figure 3.4, we observe that except for
labour use efficiency, the FUE distribution dominates over the other distributions. This
confirms the results observed in the KS test. Results emphasize the significant dominance
of fertilizer use efficiency over the efficiency of other inputs, suggesting that fertilizer is
efficiently utilized relative to other inputs in the entire sample distribution.
Table 3.5: Comparisons of distributions of fertilizer use efficiency with other input use
efficiencies
Kolmogorov-Smirnov test(KS distance)
Fertilizer -TE

0.3141***

Fertilizer -IME

0.4720***

Fertilizer -Seed

0.2428***

Fertilizer -Chemicals

0.3463***

Fertilizer -Labour

0.0679

Fertilizer -Machinery

0.3447***

Land

0.1579***

Note: ***distributions are different at 1 percent significance level.
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Figure 3.4: Cumulative density distribution of fertilizer and other input use efficiency
scores
Although the misuse of chemical fertilizer has been a subject of discussion over the
years in Sri Lanka, our results do not show that fertilizer is used inefficiently despite being
highly subsidized. The main reasons could be because farmers have been advised on the
recommended dosage of fertilizer application by the Department of Agriculture and subsidy
is given to the farmers based on the cultivated extent and the recommended dosage.
Improved education and extension programmes too could be positively contributing for the
increased adoption of systematic fertilizer application.
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3.6.2 Factors determining the fertilizer use efficiency
We start the discussion with fertilizer use efficiency results which is the major focus of
this study. Most important variables in our model which include farm size, irrigation and
seed source are significant, but land ownership, family and female labour share are not
significant. Small farms, rain-fed cultivation and purchased seeds enhance fertilizer use
efficiency. The truncated regression results used to investigate the factors explaining
fertilizer use, input mix efficiency and technical efficiency under variable returns to scale
are presented in Table 3.6.
Table 3.6: Factors affecting slack based efficiency: Bootstrapped truncated regression
Variable

FUE

IME

TE

Estimate

Std.Err.

Estimate

Std.Err.

Estimate

Std.Err.

Intercept

0.9280***

0.0326

0.4836***

0.0483

0.7131***

0.0356

Farm size

-0.0240**

0.0101

0.0015

0.0121

-0.0135

0.0097

-0.0533***

0.0164

0.1384***

0.0266

0.0816***

0.0195

0.0167*

0.0136

0.0252*

0.0202

0.0224*

0.0148

-0.0141

0.0174

0.0086

0.0261

0.0051

0.0202

Female labour

0.0007

0.0006

-0.0015

0.0010

-0.0017**

0.0007

Family labour

-0.0002

0.0003

0.0015***

0.0004

0.0010***

0.0003

2008

0.0453**

0.0208

-0.0291

0.0287

-0.0352*

0.0199

2009

-0.0001

0.0206

-0.1363***

0.0280

-0.0872***

0.0201

2010

0.0800***

0.0194

-0.0522

0.0282

-0.0476**

0.0213

0.1603***

0.0050

0.2285***

0.0055

0.1744***

0.0039

Irrigation (Rain-fed)

Irrigated
Seed (Self)

Purchased seed
Land (Tenants)

Land owners

Year (2007)

Sigma
Log likelihood
Wald chi2(9)

1

242.3888

46.9133

192.9677

72.07

84.43

51.52

Note: *significant at 10%, **significant at 5%, and *** significant at 1%. Number of
bootstraps=5000
1
Wald Chi-Square is used to test the hypothesis that at least one of the predictors'
regression coefficients is not equal to zero. The number in the parentheses indicates
the degrees of freedom of the Chi-Square distribution used to test the Wald ChiSquare statistic and is defined by the number of predictors in the model (9).
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Farm size coefficient is negative and statistically significant indicating that the larger
farms are using fertilizer less efficiently than smaller farms as in Roche (1994). This could
be due to poor fertilizer management on large farms. This is true in farms in most of the
developing countries where farm management is undertaken by the farmer alone or with the
support of unskilled family labour. The coefficient for seed source show that use of
purchased seed enhances efficiency relative to self-produced seeds. This could primarily be
attributed to the quality of improved seed, which is often believed to be poor if seeds are
self-produced. State and private sector seed companies are more concerned about the
quality of their product and are equipped with sufficient resources, modern technology,
expertise and infrastructure to produce high quality seeds. Those high quality seeds are
more responsive to fertilizer use.
Rain-fed farms are more efficient in using fertilizer compared to the irrigated farms.
This could be due to the smaller farm size in rain-fed farms compared to the irrigated
farms. Average farm sizes are 2 acres and 0.9 acres respectively in irrigated and rain-fed
farms. Another possible explanation would be poor irrigation management at the village
level. Water allocation decisions for agriculture are typically made by Farmer
Organisations established for each village. These consist of farmers who are landowners in
the command area of the system. The irrigation network operates on a rotational delivery
system based on decisions made at the Farmer Organisations first meeting of each year.
Rice farmers receive a group allocation of water based on a communal agreement rather
than an individual allocation relative to size of plots (Mohottalagedara, et al., 2012). What
matters for the fertilizer use efficiency is not just the existence of irrigation but proper
irrigation management.
Land ownership results are neither consistent nor statistically significant. It shows the
tenants have higher fertilizer use efficiency than the owner operators. Family labour
endowment to total labour has a statistically insignificant negative effect on fertilizer use
efficiency. Adding more hired labour enhances the fertilizer use efficiency. This could be
because of the quality of hired labour relative to family labour which increases the
efficiency of fertilizer use. Female labour participation signifies positive but insignificant
effect. The direct relationship is quite unclear as female labour is used primarily for some
specialized activities such as planting and manual harvesting and in lesser amounts for
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fertilizer application. Year variable shows a statistically significant and increasing trend of
fertilizer use efficiency over time.
The results of IME and TE efficiencies are not consistent to those of FUE (Table 6).
Such a significant deviation justifies the importance of measuring separate input use
efficiencies instead of measuring only overall technical efficiency. The direction of IME
and TE coefficients are similar and most of the TE coefficients are significant. Irrigation
shows a positive and significant effect on both the IME and TE. The major reason is that
non-irrigated cultivations are often more prone to water stress due to the uncertainty and
variability of rainfall and timely unavailability of water than irrigated cultivations. Land
size coefficients are insignificant in both IME and TE, and the directions are opposite. The
share of family labour endowment to total labour has positive impact on both IME and TE.
This could be because family labour put more effort on taking care of the plants and this
increases the efficiency of some other inputs. Female labour participation reduces the IME
and TE efficiency, which could be explaining the differences in labour quality. IME and TE
model results also provide consistent findings of efficiency declining over the years.
3.6.3 Budgetary implications of efficiency improvement and subsidy cut
We compute the amount of savings the government can have from its current budget to
spend on other investments if inefficiencies in fertilizer use are eliminated. First, we
compute fertilizer over use separately as the difference between the actual fertilizer use and
the three recommended application rates of fertilizer for rice farming by the Rice Research
Institute in Sri Lanka (140 kg/acre, 170 kg/acre and 205 kg/acre). Recommended rates and
potential yields are reported in Table 3.7. Comparison of fertilizer use inefficiency
percentage along with the percentage overuse values based on the three application rates
allows identifying the application rate that mostly complies with the efficient use of
fertilizer. Second, using the CIF price of fertilizer, we estimate the possible total import
cost reduction that can be achieved by eliminating overuse following a reduction in import
demand.
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Table 3.7: Fertilizer recommendation for rice by the Rice Research Institute of Sri Lanka
Application level

Recommended fertilizer level (Kg/acre)
Urea

MOP

TSP

Total

Lower

90

25

25

140

Middle

105

35

30

170

Upper

125

45

35

205

Note:

Lower: Recommended level of 140kg/acre to obtain 100 bushels per acre
Middle: Recommended level of 170kg/acre to obtain 120 bushels per acre
Upper: Recommended level of 205kg/acre to obtain 140 bushels per acre
Source: Ekanayake (2006)

Table 3.8 presents the budgetary implications for the years from 2007 to 2010 under the
three recommended fertilizer application rates. It shows that fertilizer is heavily over used
under the lower recommended level (140 kg/acre), moderately overused under the middle
recommended level (170 kg/acre) and underused at the upper recommended level
(205kg/acre). Average overuse at lower level is 56 kg/acre and is 26 kg/acre under the
middle level which correspond to a 26% and 13% of current fertilizer use. Average
reduction of overuse by 13% to reach the middle recommended level exactly matches with
the level of fertilizer use inefficiency estimated in this study. Given the average area of rice
cultivation of 2,416,000 acre, it is possible to reduce the fertilizer import bill annually by
2,963 million rupees (equivalent to 3% of total fertilizer import bill) either by adhering to
the middle recommended level of 170kg/acre or making the fertilizer use fully efficient
which both correspond to 13% use reduction.
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Table 3.8: Budgetary implications of efficiency improvement

Year

Cultivatio
n extent1

Fertilizer use in rice
sector1

Over use at different
recommended levels2

CIF
price of
fertilizer

(kg/acre)

Cost of overuse per acre
(Rs/acre)

Total import cost savings
(Rs mil.)

3

(acre)
Total (mt)

Per acre
(kg/acre)

Lower

Middle

Upper

(Rs./kg)

Lower

Middle

Upper

Lower

Middle

Upper

2007

2,016

389,000

193

53

23

-12

35.5

1880

815

-428

3790

1643

-862

2008

2,601

602,000

231

91

61

26

68.88

6299

4233

1822

12699

8533

3673

2009

2,416

423,000

175

35

5

-30

38.26

1342

194

-1145

2706

392

-2308

2010

2,631

490,000

186

46

16

-19

39.17

1811

636

-735

3651

1282

-1481

Average

2,416

476,000

197

56

26

-9

45.45

2,833

1,470

-121

5,712

2,963

-245

Note:

Lower: Recommended level of 140kg/acre to obtain 100 bushels per acre
Middle: Recommended level of 170kg/acre to obtain 120 bushels per acre
Upper: Recommended level of 205kg/acre to obtain 140 bushels per acre
1
Sources: Central Bank Annual Report 2013, 2Ekanayaka (2000), 3http://www.indexmundi.com/commodities/
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This shows that the government can save quite a significant amount of money by
improving the fertilizer use efficiency of rice cultivation and can use this money for some
other important but declining investments such as R&D. While lower recommended level
saves a large sum of money for the government, it may not be preferred over its lower
yields and the upper recommended level for its inefficient fertilizer use. It is clear from the
middle recommended level and FUE that the fertilizer use can be reduced by 13% to
achieve full efficiency in fertilizer use while remaining within the yield potential of the
recommended level.
3.7 Conclusion
The primary objective of this study was to investigate fertilizer use efficiency in rice
cultivation relative to other specific input-use efficiencies and determine the important
factors affecting fertilizer use efficiency. Most of the results of this study are consistent
with the expectations and predictions made in the economic literature. First, we find that
there are inefficiencies associated with the use of fertilizer and other inputs. On average,
there is a possibility of improving the efficiency by reducing fertilizer use by 13 percent.
Second, we find inefficiencies associated with fertilizer use are smaller than the
inefficiencies of other input use. Although fertilizer is heavily subsidized, overuse of
fertilizer (13%) is less compared to the overuse of other inputs: chemical (31%), capital
(32%), seed (24%), land (15%) and labours (15%). Third, the distribution of fertilizer use
efficiency does not mirror that of technical efficiency estimates suggesting the need to
compute specific input-use efficiencies for appropriate policy designs to improve
agricultural productivity.
The results indicate that smaller farms are more efficient in fertilizer use relative to large
farms and use of quality seeds enhances fertilizer use efficiency. Expanding state seed
production and encouraging private sector participation in seed paddy production are
required in order to replace low quality informal sector seed use with the high quality more
fertilizer responsive formal sector seed use. Programmes to improve the informal sector
seed production should be further expanded with sufficient extension services and training
in the short run. Also it is recommended to adopt suitable agronomic practices that use
more careful crop and water management practices especially under non-irrigated
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conditions. Improving farmer participation in irrigation water decision making would be a
viable solution to maintain the water security of both head end and tail end farmers.
Finally, we observed that efficiency improvement which can be achieved through a
reduction in subsidy will result in a significant cost saving. Although the Sri Lankan
agricultural sector benefitted from the Green Revolution package which primarily
comprised of fertilizer subsidy, investments in R&D and irrigation and improved seed,
there was an increasing imbalance of the composition in favour of fertilizer subsidy. While
the other investments were reduced while the cost of fertilizer subsidy increased, inefficient
use of fertilizer has been pronounced in the sector. Even average 13% inefficiency could
have a significant impact on the sectoral performance due to inefficiency (overuse) and less
yield potential (under use). Reallocation of the extra money generated (by improving
fertilizer use efficiency) within the sector (investment on R&D) will reduce the burden on
non-agricultural sectors.
If the government decides to do away with the subsidy, a gradual phasing out the
subsidy is more desirable since sudden withdrawal may create serious problems to small
scale rice farmers especially in the remote areas with poor infrastructure and nonfunctioning credit markets. Poor infrastructure such as roads and storage might hamper the
timely availability of fertilizer and lack of credit facilities might affect fertilizer access. Any
attempt in this direction should be coupled with the development of a competitive fertilizer
market where private sector participation in fertilizer trade (production and import) is
encouraged and increased investments in R&D. In the short run, managing the fertilizer
subsidy effectively by efficiently targeting only the farmers who are in need of the subsidy
is one possible option. This will reduce the existing fertilizer use imbalance at least to some
extent. Further, enhanced fertilizer use efficiency with better irrigation management,
quality seeds and better fertilizer control by organized system of cultivation24 will allow the
government more leeway to phase out the fertilizer subsidy over time. An improved
economic environment which allows the access to fertilizer at the right time in right
quantities such as better infrastructure and credit for the agriculture sector would be useful
in this regard.

24

This is commonly known as Yaya Programme in Sri Lanka. Yaya is the whole tract with an area of 30-40
ha where a group of farmers work together. The program involves extension activities to promote integrated
crop management and the use of good quality seeds and to provide credit and training facilities.
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This analysis suffers from some caveats because of data limitations, among which we
cannot identify a group of non-subsidy holders due to the uniformity of the subsidy grant.
A number of potentially important variables such as farm households’ characteristics,
access to infrastructure, availability of extension and training were missing in the database.
Also, this research can be further improved and extended by incorporating more years to
capture more variability and if possible non-subsidized periods and by expanding the
coverage of the sample area.
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CHAPTER 4: Do Irrigated and Rain-fed Rice Farming Systems
Differ in Production risk and Risk Aversion? An Application to Sri
Lankan Rice Farmers
Abstract: Agricultural inputs possess different risk characteristics and the preferences
of producers towards risk will influence their input choices. Risk characteristics of
inputs and risk preferences of producers may differ in different agro ecological and
socio economic settings. Using 2010 survey data from a cross section of 120 farms in
Sri Lanka, we estimate risk characteristics of farm inputs, risk-aversion coefficients of
farmers and the influence of socio-economic variables in irrigated and rain-fed farming.
We use a farmer decision model under risk to analyse the difference in production risk
between irrigated and rain-fed rice farms and factors that influences producer risk
preferences. Results show that irrigated and rain-fed farms have different production
risks as well as producers have varying risk preferences. Key findings highlight the
importance of considering the disparities in the risk preferences of farmers across
different farming system in evaluating policies on input use in rice production in Sri
Lanka.
4.1 Introduction
Rice is grown under a wide range of environments such as different elevations, soils
and hydrological regimes (Fischer, et al., 2014). Irrigated and rain-fed lowland
environments are the dominant rice eco-systems with a share of about 85% of total rice
lands globally (Bouman, et al., 2007a). Rice being a high water intensive crop, both
timely availability and adequacy of water are very important for cultivation. Unlike
rain-fed rice that are flooded with rainwater for at least part of the cropping season,
irrigated rice is reliant totally on irrigation in the dry season and partially on irrigation in
the wet season (Bouman, et al., 2007a). Hence, rain-fed rice farms are often subject to
water stress due to excess water (floods) and insufficient water (droughts) or both in the
same season (Pandey et al., 1999). Lack of supplementary irrigation could disturb the
effectiveness of fertilizer and chemical use and thereby the production potential (Roche,
1994; Subhani, et al., 2012). Therefore, rain-fed cultivation is generally perceived to be
more risky than irrigated cultivation.
Risk and risk preferences of farmers constitute important factors in explaining the
production decisions. Knowledge of how farmers react to risk is important in
anticipating farm level decisions (Abdulkadri et al., 2003). Farmers face substantial
risks caused by bio-physical factors such as weather, water, soil and diseases and aim to
mitigate these risks through input and output choices (Tveteras, et al., 2011). The choice
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of risk increasing or risk decreasing inputs depends on farmers preferences towards the
risk. Varying bio-physical factors in different farming ecosystems may cause varying
risk characteristics for different inputs and varying risk preferences among farmers.
Understanding the risk characteristics of inputs and risk preferences of farmers is
important in designing of policies to deal with production risk. For example, if farmers
risk preferences vary across systems, the system with more risk averse farmers is more
likely to use more of a risk reducing input and less of a risk increasing input as
compared to the system with risk neutral or risk loving farmers. Lack of information on
farmers’ behaviour under production risk may lead to design and implementation of
sub-optimal policies.
Although the literature on agricultural production risk is extensive, comparison of
risk across different farming systems is limited. For example, some studies have
identified that organic and conventional farms differ in their production risks as well as
aversions to risk (Gardebroek et al., 2010; Serra et al., 2008; Tiedemann & LataczLohmann, 2013). Policy formulation in agricultural sector should not only consider the
marginal contribution of input use to the mean of output, but also the marginal reduction
in the variance of output (Koundouri et al., 2006). However, most of the empirical
studies on rice farming systems have mainly focused on the difference in farm
performance between irrigated and rain-fed farming systems as measured by productive
efficiency (Gebregziabher, et al., 2012; Lilienfeld & Asmild, 2007; Makombe, et al.,
2007; Tilahun, et al., 2011). There are few comparative studies, if any, that have
evaluated the risk characteristics of inputs and risk preferences of farmers under
irrigated and rain-fed farming systems.
This paper evaluates the risk characteristics of different production inputs and risk
preferences of farmers in irrigated and rain-fed farming systems using Sri Lankan rice
farms as a case study. Elasticities of production and production risk are calculated
applying a variant of the Just and Pope (1978) model for production data in irrigated
and rain-fed farming systems. We use these calculated elasticities along with the
production data to estimate the risk preferences of producers, that is determine whether
farmers are risk averse, risk neutral or risk loving on their preferences towards risk.
Estimation of risk in irrigated and rain-fed farming system separately has important
implications for the input policies. Knowing how farmers react to risk is important not
only to researchers and policy makers, but also to farmers themselves. If farmers' risk
preferences in irrigated and rain-fed systems are known, risk management strategies and
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educational programs can be tailored to the farmers' tolerance for risk. Farmers can
adapt their own risk management strategies too.
The paper is organized as follows. Section 2 provides a brief background of the
irrigated and rain-fed farming systems in Sri Lanka. Section 3 evaluates the empirical
studies on agricultural production risk. Section 4 outlines the theoretical framework
followed by the empirical model in Section 5. Section 6 describes the data employed in
the empirical analysis. The results from the econometric estimation of models are
discussed in Section 7. The paper concludes with a summary of findings and policy
recommendations in the final section.
4.2 Overview of rice farming systems in Sri Lanka
Classification of rice farming systems in Sri Lanka is primarily based on climatic and
soil conditions. Based on the amount of rainfall, Sri Lanka has been divided into three
agro-climatic zones: the wet zone in the southwest, the dry zone in the north and east,
and the intermediate zone in between (Figure 4.1). Two monsoons, the northeast
(December to February) and southwest (May to September), and two inter-monsoons
bring rains to the country. To coincide with the rainfall patterns, rice is cultivated in two
distinct cultivation seasons per year. The Maha and Yala seasons cover the periods from
late September to February and early April to early September (Wang et al., 2012). The
major cultivation season (Maha) receives the inter-monsoon rain and the Northeast
monsoon, which is well distributed all over the island. Yala season is fed with the
Southwest rainfall, which brings rain mostly to the Southwest region.
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Figure 4.1: Rainfall Zones in Sri Lanka (Source: Soil Science Society of Sri Lanka)
In general, average rainfall in rice growing areas of Sri Lanka is sufficient to meet
only a part of the water requirement for rice crop. Irrigation development occurred in
the dry zone under the Mahaweli Development programme in early 1980s. Rice lands in
Sri Lanka are commonly categorized as irrigated (major and minor) and rain-fed based
on the surface water source, supply and use. Major irrigation schemes are those having a
command area of more than 80 ha, where the water supply is from a major tank, a river
or a major stream diversion system. About half of the cultivated areas are under major
irrigation schemes. Minor irrigation schemes are considered the schemes under village
tanks that are natural or man-made water reservoirs, which consist of a command area
of less than 80 ha. From the total extent of cultivations, about 20% comes under this
category. There are about 18,000 village tanks in the country. The most critical problem
in village tank systems in the dry and intermediate zones is the severe water scarcity
during Yala season and insufficient rainfalls in the Maha season at certain times
(Adhikarinayake, 2005). Hence, irrigated farming systems do not necessarily imply the
availability of an assured water supply.
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From the total area of paddy lands, about 30% are cultivated under the rain fed
system (Wang, et al., 2012). The major differences between the irrigated and rain-fed
farms are due to the constraints imposed by the production and economic environment.
Topographic differences in rain-fed rice cultivations have important implications on
water availability, soil fertility, and flooding risk. The unpredictability of rainfall often
results in undesirable soil conditions that are either too dry or too wet. Also, provision
of supplementary irrigation has been restricted largely by the economic environment.
These along with the different soil and climatic factors in irrigated and rain-fed
cultivations have been instrumental in selection of different rice varieties (for example:
drought tolerant varieties for irrigated and salinity tolerant varieties for rain-fed). Rainfed cultivations are also not suitable for heavy machinery due to the relative small land
plots which is indicated by the relative machinery labour ratios in the two systems.
Besides these water stresses, these conditions obstruct the management of operations
such as land preparation, transplanting, weed control, and fertilizer and agro-chemical
application that could result in yield losses (Bouman, et al., 2007a) . Supplementary
irrigation has become an important factor determining the variability in cropping
intensity and yield in different rice production systems in Sri Lanka. For example,
seasonal rice production in rain-fed farming systems are substantially lower (2.5-3 t/ha)
compared to the irrigated systems with a yield up to 3-5 t/ ha (Dhanapala, 2000).
4.3 Empirical Studies on Agricultural Risk
Although risk was widely accepted as an important determinant of agricultural
production, until 1970s, agricultural production was modelled exclusively as a
deterministic process. As noted by Just et al., (2010), the expected utility theory of (Von
Neumann & Morgenstern, 1944) and the notion of risk preference as being the result of
diminishing marginal utility of wealth (Arrow, 1971) provided the necessary basis for
formal modelling of risk. The first significant influence on the importance of socio
economic characteristics of producers on their risk preferences was the seminal paper by
Moscardi and de Janvry (1977). Since then, studies on risk in agricultural production
have been numerous and the research interest on agricultural risk continues to flourish
(Chang & Wen, 2011).
Considerable research has attempted to provide empirical evidence on risk
characteristics of inputs and risk preferences of farmers using different methodological
approaches (Just, et al., 2010).These can be broadly categorized into two approaches:
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the experimental elicitation technique and the econometric approach. Some empirical
studies have used direct elicitation of risk preferences via experimental techniques such
as surveys and interviews (Wik et al., 2004). Econometric studies are based on
individuals’ actual behaviour and assume expected utility maximisation to elicit
producer’s risk preferences (Antle, 1983, 1987; Just & Pope, 1978; Love & Buccola,
1991; Moscardi & Janvry, 1977). Econometric method has the advantage that the data
used in these methods are derived from actual economic decisions rather than from
hypothetical survey questions (Myers, 1989).
Most of the econometrically oriented empirical studies investigated the influence of
risk on agriculture production by directly incorporating a measure of risk in the
traditional production functions. The traditional approach to evaluating the impact of
the choice of inputs on production risk used multiplicative stochastic specifications
implicitly assuming that inputs increase risk. This is considered to be restricted as it
does not allow inputs to reduce risk. Just and Pope (1978) proposed a model that does
not restrict the effects of inputs on the variance to be related to the mean. Their model is
flexible and can be used to investigate whether inputs are either risk increasing or risk
decreasing. Love and Buccola (1991) extended the Just-Pope function to consider a
producer’s risk preferences in a joint analysis of input allocation and output supply
decisions. Since the Just-Pope model imposes restrictions on the relations between
inputs and third and higher moments of output, Antle (1983) proposed a flexible
moment based approach to stochastic production technology specification where all
moments of the distribution of output are considered as functions of input levels.
Moreover, Antle's approach focuses on the distribution of risk preferences in the
population as opposed to the other existing literature which focuses on measurement of
the risk references of the individual producer.
As Just et al. (2010) noted, the literature is diverse in methods but shares the
primary purpose of demonstrating the importance of risk preferences in production
(Antle, 1987) and determining the importance of inputs in risk management (Just &
Pope, 1978). However, nearly all models of risk preferences are modifications or
generalizations of expected utility theory (Just, et al., 2010). While moments beyond
variance have been found to be insignificant components of the distribution of output
(Anderson et al., 1977), a number of empirical studies have used the Just and Pope
stochastic production function and its variants to determine the effect of inputs on
production risk and producers risk behaviours (Asche & Tveteras, 1999; Fufa &
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Hassan, 2003; Gardebroek, et al., 2010; Guttormsen & Roll, 2013; Jaenicke et al., 2003;
Picazo-Tadeo & Wall, 2011; Tiedemann & Latacz-Lohmann, 2013). Most of the risk
literature primarily estimated the risk characteristics of inputs and the relationship
between socio economic variables and risk preferences.
Fufa and Hassan (2003) used the Just and Pope stochastic production technology
specification to analyse the production risk behaviour of maize farmers in Ethiopia.
Their results showed that larger plots and fertilizer were risk increasing inputs while
timely planting, use of hired labour and oxen labour were found to have yield risk
reducing effects. They noted that the risk increasing nature of fertilizers could be
attributed to interaction between the levels of fertilizer used and other inputs. For
example, high levels of fertilizer used with inadequate moisture for absorption leads to
low crop yield levels and increased use of fertilizer with adequate moisture results in
higher crop yields. Using the generalized specification of the Just and Pope model,
Smith et al. (2003) found that Nitrogen use rate increases the variance of yield but
reduces the variance of price and risk-averse producers apply less Nitrogen than riskneutral producers. Lamb (2003) found that off-farm labour markets and own-farm
production may be complementary in risky production environments so that policies
which promote the depth of the off-farm labour market in low-income areas may also
bolster farm productivity.
Abdulkadri et al.(2003) estimated the risk preferences of dry land wheat, irrigated
corn and dairy producers in Kansa and found both capital and labour are risk increasing.
They noticed that the farm income and farm size reduce the absolute risk aversion
coefficient. A study by Abedullah and Pandey (2004) in the rain-fed rice ecosystem in
Philippines reveals that fertilizer is a risk increasing input but the effect of risk aversion
by farmers is moderate. Villano and Fleming (2006) found that land area, labour and
fertilizer are risk-increasing while herbicide is risk-reducing. Applying the Just and
Pope modelling approach in a study of Spanish rice farmers, Picazo-Tadeo and Wall
(2011) found that land, labour and phytosanitary products are risk reducing whereas
capital, seeds and fertilizer are risk increasing. Chang and Wen (2011) observed that the
farmers with off-farm work face higher production risk. Their study further showed that
capital, pesticide and soil are risk reducing while hired labour is risk increasing. Results
of the joint estimation of farmers’ preferences towards risk and their production
decision showed that irrigation is risk reducing but using more water volumes increases
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the variance of production for the already irrigating farmers (Foudi & Erdlenbruch,
2012).
However, none of the studies in the literature has investigated production risk and
risk aversion in irrigated and rain-fed farming systems to date from which this study
tries to fill this gap.
4.4 Theoretical framework
Most studies dealing with production risk employ the Just and Pope (1978)
framework. They proposed a heteroskedastic production function featuring flexible risk
affects, which allows input usage to affect the variance of production and its mean.
There are situations where the mean variance model may be inappropriate such as when
modelling down side risk and rare events and in such cases the flexible moment based
method would be more desirable (Antle, 1987). Since our main focus is to identify the
differential risk characteristics and risk preferences in irrigated and rain-fed systems, we
limit our analysis only up to the second moment.
The proposed stochastic specification includes two general functions, specifying the
effect of inputs on mean output and the output variance (Just & Pope, 1978) as:
(4.1)

yi = f(xi ;α)+ g(xi ; β).ε

where yi denotes the output for the i th farm ( i = 1, 2,..., N ) , xi represents a (1× K ) vector
of inputs used by the i th farm, and α and β are parameter vectors of the mean
production function and variance production function. Here f(x;α) is the mean
production function while g(x; β) is the variance function; ε is the error term with a
standard normal distribution, i.e., i.i.d. (0, 1). This specification allows the input vector
x to influence both the mean output and the variance of output. The expected output is

given by E(y)= f(x;α) and the variance by Var(y)= g(x; β)2 .
Inputs are classified as risk increasing, risk reducing or risk neutral based on whether
they increase, reduce or have no effect on the output variance that is determined by the
sign of the partial derivative of the variance with respect to an input ∂g(x; β) ∂xk . This is
the marginal effect of an input xk and can be positive (negative) if the input is risk
increasing (reducing) while a risk neutral input would have a zero partial derivative. The
marginal production risk, therefore, is defined as:
∂Var(y)
∂g(x; β)
= 2.g(x; β).
.
∂xk
∂xk

(4.2)
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The expected utility criterion is used to explain production decisions under risk
(Tiedemann & Latacz-Lohmann, 2013). Under the expected utility maximization
framework, utility (U ) is defined as a function of anticipated wealth (π ) with utility
increasing with wealth (Abdulkadri, 2003). After normalizing the anticipated wealth ( π
) by the output price, we get the equation π =W0 + y - ω.x where W0 , y , x and ω
represent initial wealth, vector of outputs, vector of inputs and the input output price
ratio (Picazo-Tadeo & Wall, 2011). The utility function is expressed as:
(4.3)

U =U(π; z)

where U is a continuous and differentiable function of anticipated wealth (π ) and socio
economic variables are denoted by z . By introducing the Just and Pope specification in
equation (4.1) for the output y , the utility maximization problem of a producer can be
expressed as:
Max x E[U(π; z)] = Max x E[U(W0 + f(x;α)+ g(x; β).ε - ω.x; z)]

(4.4)

The first order conditions of this maximization problem can be expressed as:
∂f(x;α)
∂g(x; β)
= ωk -θ(.)
∂xk
∂xk

(4.5)

where ωk is the k th input price relative to the output price and θ = E [U ′E (π ; z).ε ] E [U ′(π ; z)]
is a risk preference function that depends on production function parameters, price data,
input quantities, socio economic variables and the parameters of the utility function.
U ′ = ∂U ∂π is the first derivative of the utility function. The risk preference function (θ )

defines the farmers risk preferences as risk averse (< 0), risk neutral (= 0) and risk
loving (> 0). The marginal production risk ∂g ( x; β ) ∂xk ) is used to determine whether
each input is risk increasing (> 0), risk neutral (= 0) or risk reducing (< 0).
The Arrow-Pratt measure of absolute risk aversion ( rA ) describes the changes in risk
preferences with changes in wealth levels (Abdulkadri, 2003) and is defined as follows:
rA = -

U ′′(µπ ;z)
U ′(µπ ;z)

(4.6)

Assuming U′(π ; z) is continuous and differentiable, the risk preference function (θ ) can
be derived by the linear approximation of U′(π ; z) around ε = 0 (Picazo-Tadeo & Wall,
2011):
(4.7)

θ = -rA .g(x; β)

Substituting the risk function in equation (4.7) into the first order condition of the utility
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maximization problem in equation (4.5), the utility maximizing input demand equation
is:,
∂f(x;α)
∂g(x; β)
= ωk +rA (µπ ; z).g(x; β).
∂xk
∂xk

(4.8)

Assuming Constant Absolute Risk Aversion (CARA) behaviour of producers in
which risk aversion coefficient is independent on producer wealth, equation (4.8) can be
rearranged to yield risk aversion coefficient. The risk aversion coefficient, rA (µπ ; z) is
expressed as a function of input prices ωk , marginal products ∂f ( x ;α ) ∂x k ,output risk
g(x ; β ) and marginal output risk ∂g( x ; β ) ∂x k :

 ∂f(x;α)
  ∂xk   1 
rA (µπ ;z)= 
- ωk  × 
×

 ∂xk
  ∂g(x; β)   g(x; β) 

(4.9)

The mean risk aversion coefficient is obtained by averaging the risk aversion
coefficients for each input from equation (4.9).
The following regression is used to measure the effect of socio economic variables
on the risk preferences of producers:
rAm = r(zi ;δ)+ξi

(4.10)

where rAm is producer’s mean risk aversion coefficient, z i is a vector of socio economic
variables, δ is a parameter vector of z variables, and ξ i is a random variable capturing
unobservable effects.

4.5 Empirical Model and estimation strategy
We estimate the Just and Pope Production function in equation (4.1) using a three stages
feasible generalized least squares (FGLS) procedure in “R” statistical package following
Picazo-Tadeo & Wall (2011). Although the maximum likelihood (ML) estimator
outperforms the FGLS estimator in small samples in the estimation of farmers risk
preference (Saha et al., 1997), it suffers from the problem that the parameter estimates
may not converge (Picazo-Tadeo & Wall, 2011). Lence (2009) questions the wisdom of
attempting to estimate the structure of risk aversion simultaneously with technology
using production data in a flexible functional framework. Allowing for a flexible-utility
specification yields risk preference estimates that bear no resemblance to the true
parameters. Furthermore, the estimated technology parameters are slightly worse than
those obtained under a restricted-utility specification. Moreover, if the risk preference
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function is mis-specified, there is a danger that the technology parameter estimates may
be poorly estimated in joint estimation.
First, we estimate the mean production function by ordinary least square (OLS) using
a linear quadratic form which has the advantage that the heteroskedastic error term
enters additively. Input variables are expressed in terms of deviations from their means
so that the first order coefficients can be interpreted as marginal products at the sample
mean. Moreover, in contrast to the Translog specification, a quadratic function, which
has higher degrees of freedom, allows for using observations that have zero values for
inputs (Gardebroek, et al., 2010). The quadratic specification is:
K

f(x;α)= α0 +

∑

αk xki +

k=1

1 K K
αkh xki xhi +ui
2 k=1 h=1

∑∑

(4.11)

where subscripts k and h refer to inputs and d refers to resource use characteristics.
Marginal productivity ( fi ) of the i th input is given by ∂f ∂xi and the elasticity by fi x i y
Predicted residuals ( û ) from this estimation are used as the dependant variable in the
estimation of the output risk function:
(4.12)

uˆ = y - f(x;α)= g(x; β).ε

Using Harvey’s (1976) specification, Var(u)= g(x; β)2 = exp[xβ] and specifying CobbDouglas formation, the output risk function is modelled as follows:
K

ln(uˆi2 )= β0 +

∑ β lnx
k

(4.13)

ki +vi

k=1

Second, to correct for heteroskedasticity and provide efficient estimates for the
parameters in the mean production function, predicted values from the output risk
function ( ĝ ) are used to re-estimate the mean function as:
y gˆ = f ( x ;α ) gˆ + ε

(4.14)

Third, the residuals from this estimation are used to re-estimate the output risk function.
This procedure provides consistent estimates of the parameters of the output risk
function, which can be used to obtain production risk g(x; β ) , marginal production risk
∂g ( x ; β ) ∂x k and risk aversion rA .

The following regression is estimated to examine the relationship between risk
preference and socio economic characteristics of farmers. Following Picazo-Tadeo and
Wall (2011), we take logs of the estimated risk aversion coefficients in order to reduce
the influence of outliers with negative risk aversion coefficients:
rAi = δ 0 + δ1 x1 + δ2 x2 + δ 3 x3 + δ 4 x4 + δ 5 x5 + δ 6 x6 + ξi
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where rAi is the log of the mean risk aversion coefficient, x 1 is the land size, x2 is the land
ownership (1=owner operator, 2= tenants), x3 is the seed source (1=self-produced,
2=purchased), x4 is the share of female labour (% of total labour use), x5 is the share of
family labour (% of total labour use), x6 is the time dummy and ξ i is an error term.
Based on the available literature and common intuition on Sri Lankan rice farms, we
hypothesize different risk characteristics for different inputs in irrigated and rain-fed
farms (Table 4.1). We hypothesize that both irrigated and rain-fed farms have risk
increasing effects for land as larger farms are difficult to manage. We assume labour to
have risk increasing effect as the farms use a mixture of family, hired, male and female
labour with different level of experience and expertise. Fertilizer is generally a risk
increasing input as misuse due to subsidized price is a common phenomenon in Sri
Lankan rice farms. We expect risk decreasing effect for capital as use of machinery
eases the farm operations and improve the efficiency of other input uses. Chemicals are
generally risk decreasing as it reduces the risk of pest and diseases attacks. However,
residues of chemicals could remain in the soil and generate harmful impacts in the long
term. Seed is hypothesized to be a risk decreasing input with increasing government and
private sector investments in improved seed programmes.
Table 4.1: Risk behaviour of inputs: empirical vs. hypothesized
Research study

Risk characteristics
Land

Labour

Fertilizer

Fufa and Hassan (2003)

↑

↓

↑

Abdulkadri et al., (2003)

↓

↑

Capital

Chemical

Seed

↑

Smith et al., (2003)

↑

Abedullah and Pandey (2004)

↑

Villano and Fleming (2005)

↑

↑

Gardebroek et al. (2010)

↓

↑

Picazo-Tadeo and Wall (2011)

↓

↓

Chang and Wen (2011)

↓

↑

Foudi and Erdlenbruch (2012)

↑

↓

↑

↑

↓

Guttormsen and Roll (2013)

↑

↓

↑

↑

↓

Tiedemann and Lohmann, 2013

↑

↑

Our hypothesized risk behaviour

↑

↑

Note: ↑=risk increasing, ↓= risk decreasing
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↓
↓

↑

↑

↓

↓

↓

↓
↑

↓

↑

↓
↓

↓
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4.6 Data and variables
Data for this research are extracted from the project “Green Super Rice for the
Resource Poor of Asia and Africa (GSR)-Phase 1”25 conducted by the International
Rice Research Institute (IRRI)26. This cross sectional dataset consists of values of inputs
and outputs and a set of farm characteristics from randomly selected farms over the
period of 2010 in both the Maha and Yala Seasons27. The survey covered 3 major rice
producing districts namely Kurunegala, Puttalam and Kalutara. The districts were
selected purposively to represent both irrigated and rain-fed farms. Kurunegala district
sample includes both irrigated and rain-fed farms. Puttalam district sample consists of
only irrigated farms and only rain-fed farms are found in the Kalutara district sample.
Our study sample includes 120 farms in total consisting 60 farms each in irrigated and
rain-fed farming systems.
The production process is characterized by one output, rice and six inputs: land, seed,
fertilizer, chemicals, labour and capital. The output variable is measured in kilograms
(kg) from all land parcels in a household. Land is measured in acres (ac). Seed is
measured as the total physical quantity planted in kilograms. Fertilizer is measured in
kilograms and includes Urea, Muriate of Potash (MOP) and Triple Super Phosphate
(TSP); these are the three major fertilizers used by the Sri Lankan farmers for the rice
cultivation. Chemicals and operational costs are measured as costs in Rupees. Labour
input is measured as the number of workdays for the whole farm operations and include
both hired and family labour. Capital is the operational cost of using machinery and is
measured in Rupees. The database includes other cultivation related variables such as
farm head characteristics (age, gender, education, and occupation), household
characteristics (household size, off farm labour, non-farm income), farm characteristics
(land tenure status, soil type, female labour use, hired labour use, subsistence status,
farm organization membership).

25

International Rice Research Institute (IRRI) data from the project: Wang, Huaiyu and Velarde, Orlee,
"Green Super Rice for the Resource Poor of Asia and Africa (GSR) - Phase 1",
http://dx.doi.org/10.7910/DVN/26194 V1 [Version]
26
The database used in this paper is inferior to the database used in previous papers due to low sample
size and single year data, However, we opted to use this database as it includes variables such as age,
education, soil type, etc. that are more important for the risk analysis purpose of this paper.
27
There are two cultivation seasons namely; Maha and Yala which are synonymous with two monsoons.
Maha Season falls during “North-east monsoon” from September to March in the following year. Yala
season is effective during the period from May to end of August. When the crop is sown and harvested
during above periods, the particular season is defined.
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Table 4.2 shows the descriptive statistics of the important variables separately for the
irrigated and rain-fed farms. For the purpose of comparison, quantities of inputs are
presented on a per acre basis. In general, farms are small and highly variable in size.
There is a noticeable difference in the yield of rice and per acre usage of certain inputs.
The average farm size of the total sample is 1 acre with a minimum of 0.2 acres and
maximum of 4 acres. On average, irrigated farms are larger (1.12 acres) than the rainfed farms (0.98 acres). Due to land fragmentation, approximately 50 percent of rice
production comes from small farms cultivating less than 1 acres and another 25 percent
comes from farms cultivating between 1 to 2 acres. Only 3% of paddy cultivations come
from farms cultivating more than 5 acres (DCS, 2002).
Table 4.2: Descriptive statistics of production variables
Variable

Irrigated
Mean

Std. Dev.

Rain-fed

Min

Max

Mean

Std. Dev.

Min

Max

Quantities
Rice yield (Kg/acre)

3212.65

1099.13

1050.00

6037.50

2105.85

951.17

315.00

4666.67

1.12

0.79

0.20

3.60

0.98

0.81

0.20

4.00

Seed (kg)

101.07

36.55

33.25

210.00

88.52

41.77

23.75

210.00

Fertilizer(kg)

296.54

99.72

90.28

450.00

250.32

103.97

92.50

616.67

4055.84

2174.72

593.25

10810.00

4025.96

2707.71

917.38

18733.33

54.49

26.26

13.96

144.69

48.17

23.66

11.25

117.50

12482.89

7620.25

1283.39

40750.00

13168.39

8046.97

2695.00

42000.00

Rice (Rs./kg)

30.35

3.27

22.00

36.50

30.27

3.78

22.00

40.33

Seed (Rs./kg)

41.28

10.86

13.27

64.28

56.27

9.58

36.84

76.19

Fertilizer (Rs./kg)

7.00

0.00

7.00

7.00

7.00

0.00

7.00

7.00

Chemicals (Rs./l)

5498.20

4839.33

726.12

23333.30

2805.17

2105.91

800.00

9500.00

493.96

61.93

325.00

650.00

529.12

64.51

412.50

662.50

Hired labour (%)

34.52

27.61

0.00

100.00

22.90

22.27

0.00

86.29

Female labour (%)

21.99

16.61

0.00

66.57

21.32

15.93

0.00

57.14

23762.67

21086.26

2625.00

124607.30

25301.25

25073.72

1706.25

136348.30

Non-farm income (%)

44.50

33.88

0.00

98.03

63.91

30.37

0.00

98.21

Age

50.84

11.17

28.00

88.00

54.57

11.93

24.00

79.00

3.72

1.10

1.00

6.00

3.93

1.18

2.00

8.00

Land (acre)

Chemicals (Rs.)
Labour (days)
Capital (Rs.)
Prices

Wage rate (Rs./day)
Others

Total income (Rs./month)

Household size

On average, irrigated farms have higher yields (3213 kg/acre) compared to rain-fed
farms (2106 kg/acre). Irrigated farms use more inputs on a per acre basis than the rainfed farms in general. However, the variation of inputs is relatively larger in rain-fed
farms than the irrigated farms. Labour is relatively cheaper in irrigated farming system
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because of surplus labour due to a lack of off-farm employment opportunities in
irrigated farming systems which are located outside the periphery of the urbanized
areas. Average use of hired labour is 35 percent (irrigated) and 23 percent (rain-fed).
This indicates the use of more family labour in rain-fed farms than the irrigated farms
which could be due to a lack of hired labour and high wage rates. There is not much
difference in percentage use of family labour in irrigated (22 percent) and rain-fed (21
percent) farming systems. Due to the large income share from nonfarm sources (64
percent), rain-fed farms (Rs. 25301/month) have a relatively better income than
irrigated farms (Rs.23762/month). In contrast, 55 percent of the total income in irrigated
farms comes from the farm business. There is no much difference between irrigated and
rain-fed farms in average age of the farm head and number of household members.

4.7 Results and Discussion
Estimates of the mean production function for irrigated and rain-fed samples are
presented in Table 4.3. The empirical specification of the production function performs
quite well with most of the first order coefficients showing positive signs. First order
coefficients of land and labour are significant in the irrigated sample. All the first order
coefficients except seed are significant in the rain-fed sample. Labour coefficient shows
negative marginal effect in rain-fed farms possibly due to labour underutilization in
rain-fed farms relative to the irrigated farms where labour is used more intensively
throughout the season. The coefficients of the quadratic terms of some of the inputs are
negative. The coefficients of the quadratic terms of seed and chemicals are significant
for the rain-fed sample while none of the quadratic terms are significant for the irrigated
sample. Some of the cross terms are significant for both the irrigated and rain-fed
samples.
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Table 4.3: Estimation of mean function1 (Heteroskedasticity robust)
Irrigated2
Coefficient

Rain-fed3

Std. Error

Coefficient

Std. Error

(Intercept)

4146.139***

409.564

2641.075***

195.777

Land

2147.121***

738.200

2283.346***

314.195

Capital

-0.025

0.049

0.048*

0.027

Labour

30.778*

15.989

-29.772***

9.785

Fertilizer

2.777

4.979

9.643***

1.997

Seed

-0.045

0.140

-0.124

0.087

Chemical

21.172

394.662

-507.979***

137.335

665.694

1935.157

-1629.391

1106.535

I(0.5 * Capital^2)

0.000

0.000

0.000

0.000

I(0.5 * Labour^2)

-2.197

1.365

1.394

0.925

I(0.5 * Fertilizer^2)

0.139

0.098

-0.025

0.039

I(0.5 * Seed^2)

0.000

0.000

0.000**

0.000

126.994

292.628

628.989***

194.004

I(Land * Capital)

-0.079

0.204

-0.022

0.068

I(Land * Labour)

1.377

44.579

-19.041

20.346

I(Land * Fertilizer)

-12.003

13.195

20.292***

5.238

I(Land * Seed)

1.025**

0.448

-0.012

0.241

I(Land * Chemical)

-2506.652

1547.319

-743.588**

283.732

I(Capital * Labour)

-0.001

0.002

-0.001

0.002

I(Capital * Fertilizer)

0.000

0.001

0.000

0.000

I(Capital * Seed)

0.000

0.000

0.000

0.000

I(Capital * Chemical)

-0.093

0.085

0.010

0.044

I(Labour * Fertilizer)

-0.212

0.308

-0.545***

0.193

0.053***

0.013

0.025***

0.006

-17.467

28.796

-12.654

9.440

I(Fertilizer * Seed)

-0.010**

0.004

0.000

0.002

I(Fertilizer * Chemical)

20.223**

9.414

2.661

2.901

-0.394

0.252

-0.119

0.094

I(0.5 * Land^2)

I(0.5 * Chemical^2)

I(Labour * Seed)
I(Labour * Chemical)

I(Seed * Chemical)

Note: 1Dependant variable: rice production (kg). The asterisks *, ** and *** means the corresponding
coefficient is significant at the 10, 5 and 1% level.
2
R-squared: 0.8979, F-statistics: 10.75***, 3R-squared: 0.9714, F-statistics: 40.29***
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Table 4.4 shows the output elasticities of each input at the sample means for the
irrigated and rain-fed samples. Land has the greatest influence on the mean output in
both samples followed by fertilizer in both the irrigated and rain-fed sample. Only land
and fertilizer show positive mean output elasticities in both irrigated and rain-fed
sample. Seed has a negative effect on mean output in both samples. But the coefficients
are not significant. Capital has a negative effect on output for the irrigated sample, but
the coefficient is not statistically significant. Labour and chemical have a negative
effect for the rain-fed sample. This may be attributed to the unskilled labour and impact
of moisture on chemical concentration in rain-fed environments. Average elasticities of
scales are 1.164 (irrigated) and 1.05 (rain-fed) with 58 percent of irrigated farms and 47
percent of rain-fed farms showing increasing return to scale (IRS). Kernel density
curves in Figure 4.2 shows nearly an equal distribution of the return to scale values in
both the irrigated and rain-fed farms with a significant percentage of farms are operating
at IRS. Only a few farms show negative returns violating monotonicity condition.
Table 4.4: Output elasticities
Input

Irrigated

Rain-fed

Mean

Std. err

Mean

Std. err

Land

0.900

0.0195

1.084

0.0151

Capital

-0.022

0.0002

0.321

0.0022

Labour

0.180

0.0005

-0.339

0.0030

Fertilizer

0.242

0.0055

0.724

0.0116

Seed

-0.154

0.0000

-0.550

0.0055

Chemicals

0.018

0.0002

-0.189

0.0003

Elasticities of scale

1.231

0.0238

1.050

0.0325

Increasing

58%

47%

39%

47%

3%

5%

return to scale
Decreasing
return to scale
Negative
returns
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Note: DRS=decreasing return to scale, IRS=increasing return to scale
Figure 4.2: Kernel distribution functions for the return to scales of irrigated and rain-fed
farms
The estimates of the output risk function (elasticities) for the irrigated and rain-fed
farms are shown in Table 4.5. Except for the labour coefficient in rain-fed farms, the
results confirm our priory expectations. Land and fertilizer are found to be risk
increasing inputs in both irrigated and rain-fed farms. Literature usually finds that
fertilizer is a risk increasing input (Abedullah & Sushil Pandey, 2004; Foudi &
Erdlenbruch, 2012; Fufa & Hassan, 2003; Guttormsen & Roll, 2013; Picazo-Tadeo &
Wall, 2011; Smith, et al., 2003; Villano & Fleming, 2006). The fertilizer coefficient is
significant only in rain-fed sample and the risk elasticity for fertilizer indicates that a 1
percent increase in fertilizer increases output variance (risk) by 3.348 percent in
irrigated farms. This suggests that increased use of fertilizer would increase output
variability. Land is found to be a risk increasing input in most of the studies in the
literature (Foudi & Erdlenbruch, 2012; Fufa & Hassan, 2003; Guttormsen & Roll, 2013;
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Tiedemann & Latacz-Lohmann, 2013; Villano & Fleming, 2006). This is possibly
because the probability of making management errors increases with the increasing size
of the area under cultivation. Statistically significant risk increasing effect of land in
rain-fed farms implies that adding more lands tends to increase the risk in rain-fed
farms.
Table 4.5: Estimation of output risk function (Heteroskedasticity robust)
Irrigated

(Intercept)

Rain-fed

Coefficient

Std. Error

Coefficient

Std. Error

22.226***

6.861

48.256***

9.385

Land

1.104

1.062

2.768***

0.988

Capital

-0.960

0.816

-1.767**

0.777

Labour

0.135

1.218

-2.444**

1.031

Fertilizer

3.438*

1.951

1.383

1.349

Seed

-2.270**

0.925

-2.071*

1.107

-1.622***

0.500

-0.850

0.541

Chemical
1

Note: Dependant variable: output variance. The asterisks *, ** and *** means the corresponding
coefficient is significant at the 10, 5 and 1% level.
2
R-squared: 0.3183, F-statistics: 4.203***, 61 observations
3
R-squared: 0.3, F-statistics: 3.786***, 60 observations

As expected, capital is found to be risk reducing in both irrigated and rain-fed farms
even although the coefficient is significant only for the rain-fed sample. This suggests
that use of machinery technology contributes to more stable rice production by possibly
increasing the efficiency of using other inputs. Literature provides evidence of capital as
a risk reducing input (Chang & Wen, 2011; Gardebroek, et al., 2010; Tiedemann &
Latacz-Lohmann, 2013). Labour is found to be risk decreasing in rain-fed farms. Most
empirical studies have found labour to be risk increasing (Abdulkadri, et al., 2003;
Abedullah & Sushil Pandey, 2004; Bokusheva & Hockmann, 2006; Chang & Wen,
2011; Gardebroek, et al., 2010; Tiedemann & Latacz-Lohmann, 2013; Villano &
Fleming, 2006). Seed coefficient is significant for both irrigated and rain-fed farming
systems while chemicals coefficient is significant only for irrigated farming systems.
However, both seed and chemicals are risk reducing in both systems conforming to our
priory expectation.
Risk reducing characteristics of seed have been evidenced amply in empirical
literature (Foudi & Erdlenbruch, 2012; Guttormsen & Roll, 2013; Tiedemann & LataczLohmann, 2013). For our case, this relationship might have been an impact of the new
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seed policy mechanism by the government to improve the use of high quality seeds for
paddy production. This suggests that using high quality seeds produced by the formal
sector reduces the variability of crop quantity and quality. Chemicals have the ability to
reduce the impact of risk by destroying the harmful pests and weeds and by improving
the crop resistance to pests. Similar risk characteristics for chemicals have been
observed by Villano and Fleming (2006), Picazo-Tadeo and Wall (2011) and Chang and
Wen (2011).
There is a significant difference in the value of all the input coefficients except the
coefficient of seeds. Labour is the only variable that differs between irrigated and rainfed farms in the sign of the risk characteristics. However, the labour coefficient is
significant only in rain-fed farms. A one percent increase in labour reduces output
variance (risk) by 2.444 percent in rain-fed system. This could be explaining the
differences in experience and expertise between hired and family labour. Generally,
hired labour is believed to be more skilled and the rain-fed farms use more hired labour
(35 percent) than the irrigated farms (23 percent). There is no consensus on risk
characteristics of labour in the literature and some studies have estimated labour to be
risk increasing (Abdulkadri, et al., 2003; Chang & Wen, 2011; Gardebroek, et al., 2010;
Tiedemann & Latacz-Lohmann, 2013; Villano & Fleming, 2006) while others to be risk
decreasing (Foudi & Erdlenbruch, 2012; Fufa & Hassan, 2003; Guttormsen & Roll,
2013; Picazo-Tadeo & Wall, 2011). Gardebroek et al. (2010) also observed that
different production environments may result in different risk characteristics for the
same input.
The summary statistics of the risk aversion coefficients for the irrigated and rain-fed
farms are shown in Table 4.6. Based on the mean risk aversion coefficients, it is
confirmed that farmers are risk averse in general as highlighted in the developing
country literature. Farmers risk preferences towards different inputs are similar across
the irrigated and rain-fed farming systems except for land. T-test results do not identify
any statistically significant difference in mean values between irrigated and rain-fed
farms.
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Table 4.6: Descriptive statistics of the risk aversion coefficients (rA) for irrigated and
rain-fed farms
Irrigated
Mean

SD

Min

Rain-fed
Max

Mean

SD

Min

Max

rA(Land)

-0.0686

0.6357

-4.9407

0.1638

0.0150

0.0397

-0.0642

0.1945

rA(Capital

0.1272

0.8897

-0.0067

6.9487

0.0063

0.0294

-0.0142

0.1826

rA(Labour

0.1229

1.4001

-6.5374

8.3259

0.0077

0.0584

-0.3313

0.2493

rA(Fertilizer)

0.0926

0.7110

-0.0804

5.5448

0.0256

0.0755

-0.1344

0.3237

rA(Seed)

0.0689

0.4901

-0.0431

3.8205

0.0233

0.1265

-0.0706

0.9508

-0.0123

0.1505

-1.1297

0.2865

-0.0009

0.1230

-0.8294

0.2582

0.0551

0.2143

-0.0893

1.5259

0.0128

0.0285

-0.0279

0.1296

rA(Chemical)
rA (Mean)

Note: rA>0 indicates the farmers are risk averse. T-test results show that there is no significant difference
between irrigated and rain-fed farms in mean rA values (t=1.5142, Ho:diff=0, Pr(T<t)=0.1326).

Kernel density curves in Figure 4.3 shows the distribution of the mean risk aversion
coefficients for all inputs in both the irrigated and rain-fed farm groups. Distributions of
both the irrigated and rain-fed farms are skewed towards the left with mean values of
0.055 (irrigated) and 0.015 (rain-fed) which indicates farms are less risk averse or more
risk neutral in general. Both distributions have long flat tails. Also, there is a significant
difference in kurtosis of the distributions between the two groups with a higher and
sharper central peak in rain-fed farms’ relative to the irrigated farms. Rain-fed farms
show less variation in risk aversion coefficients compared to the irrigated farms.
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Figure 4.3: Kernel distribution functions for the mean risk aversion coefficients
The effects of farm characteristics on the farmers’ risk aversion coefficients in
irrigated and rain-fed groups are shown in Table 4.7. The direction, magnitude and
significance of the coefficients show some variation between the two groups. Education
and age have opposite signs for irrigated and rain-fed farmers risk aversion. However,
these two variables are not significant. When the farm is managed by male heads, risk
aversion coefficients tend to decrease suggesting women farm heads are more risk
averse. This coefficient is significant only in irrigated sample. There is a lot of evidence
in the literature that women are more risk averse than men (Agnew et al., 2008; Hartog
et al., 2002). The household size dummy variable is significant in both farming systems.
With increasing household size, farmers become more risk averse in irrigated systems
and less risk averse in rain-fed systems. This can be attributed to the difference in
family labour dependency between the two systems. Large households’ can provide
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more family labour for farms operations. Rain-fed farms are more dependent on family
labour than the irrigated farms. Hence, rain-fed farms become less risk averse when
household size increases. Bigger families could be a burden for irrigated households
making them more risk averse.
Table 4.7: Influence of socioeconomic characteristics on risk preferences
Irrigated

Rain-fed

Estimate

Std. Error

Estimate

Std. Error

(Intercept)

1.2092***

0.3477

-0.0040

0.0332

Education

0.0020

0.0116

-0.0002

0.0014

Age

-0.0057

0.0031

0.0001

0.0003

Male

-0.5257*

0.1231

-0.0080

0.0144

Medium hh size

0.1209*

0.0674

-0.0156*

0.0084

Large hh size

0.1306*

0.0734

-0.0118

0.0103

Land size

-0.0521

0.0571

0.0201***

0.0056

Owners

-0.0079

0.0870

-0.0040

0.0071

Commercial

0.0575

0.0769

-0.0062

0.0090

Loamy

0.1386*

0.1196

0.0197**

0.0130

Sandy

-0.1571

0.0771

0.0043

0.0097

Other soil

-0.1958

0.1065

-0.0068

0.0105

-0.0052***

0.0019

-0.0003

0.0002

Hired labour (%)

0.0010

0.0015

0.0001

0.0001

FO membership

-0.0034

0.0793

0.0014

0.0084

Nonfarm income

-0.0027**

0.0011

0.0002

0.0002

Female labour (%)

Note: 1Dependant variable: risk aversion coefficient. The asterisks *, ** and *** means the corresponding
coefficient is significant at the 10, 5 and 1% level.

Land size coefficient is significant and positive for rain-fed farms. With the
increasing land size, rain-fed farmers get more risk averse. When the size of the farm
increases, family labour becomes a limiting factor making farm management difficult.
Irrigated farmers become less risk averse when the land size increases. This could be
showing their dependence on farm income in contrast to rain-fed farms. However, the
coefficient is not significant. Rice is best grown on clay soils which reduce the loss of
water through percolation. Hence, it is understandable that the farmers growing rice in
loamy soils are more risk averse than the farmers growing in clay soils. It is interesting
to see that increase in female labour reduces risk aversion in irrigated rice production.
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The main reason could be female labour is used only for specialized activities such as
transplanting, weeding and manual harvesting. Non-farm income share has a negative
impact on risk aversion in irrigated farms similar to the findings of Picazo-Tadeo and
Wall (2011).
4.8 Conclusion
When evaluating production risk, conventional analyses do not consider the
possibility that different farming systems could have different risk characteristics. This
paper examined the risk preferences of farmers and risk characteristics of inputs used in
rice production in irrigated and rain-fed farming systems using a sample of Sri Lankan
farmers as a case study. We have calculated the absolute risk aversion coefficients of
farmers and effect of inputs on production risk using a variant of the Just and Pope
stochastic production function. We then relate these risk aversion coefficients to a series
of farm characteristics separately for irrigated and rain-fed farms.
We find evidence that the impact of different inputs on production risk may differ
with different rice farming system. For example, in our study, labour is risk reducing in
irrigated farms and risk increasing in rain-fed farms because rain-fed farms use more
family labour which is considered as less skilled than the hired labour. Also there is
some difference in the value of the coefficients between irrigated and rain-fed farms.
With regard to the risk preferences of the farmers, irrigated farmers are relatively less
risk averse compared to rain-fed farmers. Some important conclusions and policy
implications can be drawn from the research. In contexts where small subsistence
farming is dominated, larger farms in terms of land size are much difficult to manage
and hence risk increasing. More capital intensive agriculture can be used as a risk
minimization strategy in those systems. Considering that improved seed is risk
decreasing, expanding state seed production and encouraging private sector
participation in seed paddy production are recommended in order to replace low quality
seed produced in the informal sector with high quality seed produced in the formal
sector. Overuse of fertilizer due to heavily subsidized price could have some impact on
yield variability contributing to the higher risk increasing effect of fertilizer especially
in irrigated systems.
Risk averse farmers rationally tend to use risk reducing inputs more intensively and
risk increasing inputs less intensively. Hence, policies aiming at curtailing the use of
chemical fertilizer such as subsidy removal may be an effective solution for risk averse
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farmers especially in irrigated systems. Public policies regarding the use of inputs
should consider the different effects of inputs on output variability in different
cultivation systems. Finally, we infer from our results that disaggregated analysis of
production risk at farming systems level is more appealing for policy analysis. Future
empirical research should consider the use of higher order moments like skewness and
kurtosis with more comprehensive data to control for all the relevant determinants of
production risk and risk preference such as agricultural extension, credit, weather
variability is highly encouraged.
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CHAPTER 5: Estimating food demand with a focus on food
subsidies in Sri Lanka: Application of Quadratic AIDS with
Selection Models
Abstract: We evaluate the food consumption pattern of Sri Lankan households based
on the 2009/10 survey data, considering 9 food groups. First we estimate a complete
demand system using the Quadratic Almost Ideal Demand System (QUAIDS) model
with demographic effects. Second, we use Propensity Score Matching (PSM) to
measure the impact of food subsidy on household food consumption. Third, we
econometrically estimate Engel functions using Heckman selection model (HSM). We
find meat and other cereals to have the highest own price and expenditure elasticities.
Pulses, vegetables and rice have own price elasticities of more than 0.35 in absolute
values. The relatively higher cross price elasticities between rice and other food groups
suggest that rice is an important determinant of food poverty. Urban and high income
households exhibit lower price and expenditure elasticities than rural households. The
cash food subsidy programme does not seem to be improving both the quality and
quantity of food consumption. However, an increase in income improves the quality of
food consumption by diversifying the consumption in cash subsidy recipients. Greater
price and income effects on food demand suggest that price and income policies
continue to play a leading role in food policy in Sri Lanka than the food subsidies.

5.1 Introduction
The Sri Lankan population has been undergoing changes in its dietary pattern over
the years (Appendix Table A1). These changes are mainly driven by urbanization,
increased women participation in labour force, increase in average per capita income,
and increase in advertising of convenience food (Rathnayake et al., 2004). Rice has
traditionally been the staple food item and the major source of dietary energy for
majority of Sri Lankans. However, recent records suggest that rice is becoming less
important in the diet, particularly, in middle and upper income urban households (World
Bank, 2010). The reduction in demand for rice is due to increased demand for wheat
based products such as bread and bakery products and increased demand for animal
proteins such as dairy products28 (Pingali, 2007). Lower wheat prices relative to rice
prices and the demand for convenience29 food with increased women employment
largely contributed to this scenario (Rathnayake, et al., 2004).

28

The major substitute to staple rice is wheat flour. Rice and wheat together provides 45 percent of the
calories and 38 percent of the proteins in which rice alone provides an average 40 percent and 30 percent
respectively. The main source of proteins is fish besides other sources like meat and eggs.
29
Preparation of wheat based products is considered easier and time saving than the preparation of rice.
Wheat based bakery products are also readily available in the market.
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The increased consumption of wheat flour since the 1990s was considered a threat to
domestic rice production. Because wheat is imported, the highly volatile import price of
wheat has had severe implications on household welfare. For example, the impact of the
food crisis in 2008 was first felt in Sri Lanka on the price of imported wheat and
increase in wheat prices led to an increase in the price of rice in the retail market. This
was followed by a rise in the prices of other food commodities but in a lesser proportion
(Samaratunga & Thibbotuwawa, 2009). Sri Lanka still depends on importing food to
supplement its domestic production. The impact of price changes in imported food
items on households’ food consumption and food security vary across different
segments of the population (Ratnasiri et al., 2013).
The government of Sri Lanka has been providing income and consumption support
to mitigate the effects of rising food prices on the poor segments of the population since
1995 under a welfare programme called Samurdhi30(Glinskaya, 2000).Under the
Samurdhi programme, identified families receive a monthly cash transfer valued
between Rs. 210 and Rs. 1,500, depending on family size and is paid to around 1.5
million families (Tilakaratna, 2014). However, the effectiveness of this programme on
improving and diversifying household food consumption and targeting the needy has
been a subject of debate over the years. Further, the continuous rise in food prices
erodes the effectiveness of the cash grant in improving food consumption and hence, it
is uncertain that Samurdhi programme contributes sufficiently to improve demand for
foods and food security in the country (Gunatilaka, 2010; Samaratunga &
Thibbotuwawa, 2009).
Empirical studies on the impact of cash transfer programmes in improving food
consumption in different countries have yielded mixed results. For example: some
studies have found a positive impact on cash transfers and food consumption (Behrman
& Hoddinott, 2005; Maitra & Ray, 2003) however some others have not found any
significant effect (Attanasio & Mesnard, 2006). Moreover, some studies have found an
increase in caloric acquisition from grains and a decrease that from fruits, vegetables
and animal products (Hoddinott & Skoufias, 2004).
The main purpose of this study is to estimate expenditure and price elasticities of
demand for major food categories in Sri Lanka using the Quadratic Almost Ideal

30

It is comprised of multiple components, including the subsidy (or cash transfer), social security, and
nutrition programmes, which are designed to achieve its short-term objectives, and the microfinance and
livelihood development programmes that focus on the long-term objectives.

96

Chapter 5: Food demand and food subsidies
Demand System (QUAIDS) model for the 2009/10 Household Income and Expenditure
Survey (HIES) data. A secondary purpose is to investigate whether the Samurdhi
programme affects the composition of food consumption and expenditures as little is
known about the effectiveness of this programme. This is achieved using the Propensity
Score Matching (PSM) technique and Heckman Selection model (HSM).
This study contributes to the economic and empirical literature related to food
demand in several ways: First, estimates of price and income elasticities are scarce in
most developing countries, including Sri Lanka where available estimates are dated
(Nigel & Bogahawatte, 1990; Pradhan & Tudawe, 1997; Rathnayake, et al., 2004; Sahn,
1988; Senauer et al., 1986; Thudawe, 2002). Second, unlike most empirical studies that
have used the traditional Almost Ideal Demand System (AIDS) model, we use the
QUAIDS model which takes a flexible form and allow for the estimation of nonlinear
Engel functions31 (Cranfield et al., 2003). Third, we evaluate the effectiveness of the
cash transfer programme not only for food consumption but also for expenditure
elasticities that have not been studied before. Therefore, results from this study are
expected to provide policy makers with vital information on how changes in food prices
and household income would affect food demand and, therefore, food security.
Moreover, the study will provide information on the impact of cash consumption grants
on household consumption which would be useful for the future policy designing.
The remainder of this article is organized as follows. Section 2 discusses the
econometric model used to estimate price and expenditure elasticities and the impact
evaluation of the cash transfer programme. The data used in the analysis is explained in
section 3. Section 4 presents the estimates of the price and expenditure elasticities and
the likely impacts of food subsidies on households with different backgrounds. Section
5 concludes the results.

5.2 Econometric models
5.2.1 Food demand estimation in QUAIDS model
The analysis consists of two steps. First, the food demand structure in Sri Lanka is
examined using the demand parameters for nine food categories in different sectors and
income deciles. The most widely used framework for demand analysis in literature is
31

Engel curves describe the relationship between household expenditure on a particular good and total
household expenditure or income which was named after the work of Engel in 1857 (Bewley, 1982).
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the linear approximation of the AIDS model (LA/AIDS). Previous research has
identified that the linear approximation of the AIDS model (LAIDS) may not represent
consumer behaviour adequately (Gould & Villarreal, 2006). Figure 5.1 presents the
non-parametric estimations of Engel curves for nine food groups that were drawn using
smooth local regression technique with default kernel bandwidth of 0.8 (Abdulai &
Aubert, 2004). The shapes of the curves do not indicate linearity in budget shares.
Hence, LAIDS may not adequately represent consumer behaviour in the present
analysis. We use the QUAIDS model proposed by Banks et al. (1997) for the
specification of a demand system that accounts for demographic effects in our analysis.
The QUAIDS is based on the assumption of non-linear Engel curves and hence, is
quadratic in the logarithm of income/total expenditure. The model is more versatile in
modelling consumer expenditure patterns and more flexible in the demand system

10
log (income)

15

5

10
log (income)

15

5

10
log (income)

15

5

10
log (income)

15

Spices share

0.25

5

10
log (income)

15

5

10
log (income)

15

10
log (income)

15

0.15

0.2

Other food share
0.086 0.088 0.09

0.035
0.03

Fat and oil share

0.06
0.05

15

0.025

Meat share

0.09
0.08
0.07

0.055

Pulses share

0.06

10
log (income)

0.17

5

5

0.16

15

0.3

10
log (income)

0.04

Cereals share

0.18
0.16
5

Milk share
0.1
0.12
0.14

Vegetables share

Rice share

0.2

0.08

representation (Rathnayake, et al., 2004).

5

Figure 5.1: Non-parametric Engel curves for food groups
The QUAIDS model is derived as a generalization of the Price Independent
Generalized Logarithmic (PIGLOG) preferences similar to the Almost Ideal Demand
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System (AIDS) model by Deaton and Muellbauer (1980). Following Banks et al.
(1997), the QUAIDS model assumes that household preferences belong to the following
quadratic logarithmic family of cost functions:
ln c(u, p) = ln a( p) +

ub( p)
1 − λ ( p)b( p)u ′

(5.1)

where u is utility, p is a vector of prices, a ( p) , b ( p ) and λ ( p) are price aggregator
functions such that a ( p) is homogenous of degree one in prices, and b ( p ) and λ ( p) are
homogenous of degree zero in prices.
The price index ln a ( p ) is defined in transcendental logarithm form as:
k

ln a( p ) = α 0 +

∑

α i ln pi +

i =1

1
2

k

k

i =1

j =1

∑∑ γ

ij

ln pi ln p j ,

(5.2)

where pi and pj are the prices of good i and j for set of goods (1,..., k ) that enter the
demand model for which the consumer has budgeted m units of currency as total
expenditure. The term b ( p ) is a Cobb-Douglas price aggregator defined as:
k

b( p ) =

∏p

βi

i

i =1

(5.3)
and λ ( p ) is defined as:
k

λ ( p) =

∑

k

λi ln pi where

i =1

∑ λ = 0.

(5.4)

i

i =1

The corresponding indirect utility function where the QUAIDS model is derived is:
−1

  ln m − ln a ( p )  −1

ln V ( p , m ) =  
 + λ ( p)  .
b( p)

 


(5.5)

Application of Roy’s identity to the indirect utility function in equation (5.5) or
Shepard’s lemma to the cost function in equation (5.1) gives the QUAIDS model in the
budget share form. For each commodity, expenditure (budget) share function ( wi ) is
given by:
2

 m 
λi   m  
wi = α i +
γ ij ln p j + β i ln 
 ln 
+
 ,
 a ( p )  b ( p )   a ( p )  
j =1
k

∑

(5.6)
where α, β , γ and λ are parameters to be estimated.
99

Chapter 5: Food demand and food subsidies
Since the AIDS model is nested within the QUAIDS model, if the estimated values
of λ are not statistically different from zero, the QUAIDS model reverts back to the
AIDS. For theoretical consistency and to reduce the number of parameters to be
estimated, adding-up, homogeneity, and symmetry restrictions are imposed in the
parameters of QUAIDS model (Abdulai & Aubert, 2004). Adding up restriction
k

k

∑

requires

wi = 1 which can be expressed in the model as

k

∑

∑

i =1

i =1

i =1

αi = 1,

βi = 0,

k

∑γ

ij

= 0,

i =1

k

and

∑λ = 0 .

A sufficient condition for the budget shares to be homogenous of degree

i

i =1
k

zero in prices is

∑γ

ij

= 0. Slutsky symmetry implies that γ ij = γ ji .

j =1

The scaling technique introduced by Ray (1983) is used to introduce a vector of
demographic variables, z, into the QUAIDS model to account for the heterogeneous
nature of food preferences (Poi, 2012). After demographic scaling, the expenditure
share equation in the QUAIDS model (equation 5.6) takes the form:
2

 


 
λi
m
m
γ ij ln p j + ( β i + ηi′z ) ln 
wi = α i +
+
 ,
ln 
j =1
 m0 ( z ) a ( p )  b ( p ) c ( p, z )   m0 ( z ) a ( p )  
k

∑

k

where c ( p, z ) =

η ′j z
j

∏p

(5.7)

, m0 ( z ) = 1 + ρ′z and ρ is a vector of parameters to be estimated.

j =1

k

Adding up condition requires that

∑η

rj

= 0 for the r set of demographics where

j =1

r = 1,..., s other than the adding up restrictions that have been already imposed.
Following Poi (2012), formulas for the QUAIDS expenditure ( µi ) and

( )

U
uncompensated price elasticity ∈ij for good i are derived by differentiating the budget

share equations ( wi ) with respect to ln m and ln p j :
µi = 1 +

1
wi

∈Uij = −δ ij +

(β
−


2λi
m


ln 
 βi + ηi′z +
 ,
b ( p ) c ( p, z )  m0 ( z ) a ( p ) 



2λi
1 
m

  
γ ij −  βi + ηi′z +
ln 
 × α j +
wij 
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(5.8)

∑γ
l

jl


ln pi 



(5.9)
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where

δ ij is the Kronecker delta that is a function of two variables (usually integers)

that returns 1 for own price elasticity and 0 for cross price elasticity. From the above

( )

C
uncompensated elasticities, compensated elasticities ∈ij are derived using Slutsky

equation as follows:

∈Cij =∈Uij + µ i w j

(5.10)

5.2.2 Impact of food subsidies using selection models
Second, we evaluate the impact of consumption grants on food consumption using
PSM and HSM techniques. We do not observe the food consumption outcome of grant
recipients, had they not received the grant (opposite is also true). Receiving of grant is
not randomly distributed to the two groups of the households (as recipients and nonrecipients), but rather the donors decide based on the household information. Therefore,
the two groups may systematically differ (Amare et al., 2012). Several methods have
been used in literature to correct for the endogeneity and the sample selection problem
occurring in econometric estimations. These methods include the PSM (Amare, et al.,
2012; Asfaw et al., 2012; Jena et al., 2012; Rosenbaum & Rubin, 1983), the Heckman
selection model (Beltran et al., 2013; Blundell & Dias, 2002; Heckman, 1979; Lee,
2001), the endogenous switching regression models (Alene & Manyong, 2007; Amare,
et al., 2012; Asfaw, et al., 2012; Loureiro et al., 2012) and instrumental variable models
(Heckman, 1997; Nelson & Startz, 1990).
No one method dominates over the others and the appropriate choice of evaluation
method depends on data availability and the policy parameters of interest (Blundell &
Dias, 2002). We use the PSM to compare the difference between the outcome variables
of recipients and non-recipients with similar characteristics. However, the PSM cannot
correct for unobservable bias as matching only controls for observed variables (Amare,
et al., 2012). Therefore, we complement the propensity score matching estimates with
the Heckman selection model to check the robustness of the results.

5.2.2.1 Propensity score matching (PSM) method
The PSM has been widely used for programme evaluation in many fields since it was
first suggested by Rosenbaum and Rubin (1983). This technique is used to create a
matching counterfactual control group that controls all the factors except the treatment
and the outcome. The difference in performance between the matched treated and
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control groups are tested using mean comparison tests. The PSM process was carried
out in four steps: first, the probability of participation in the programme was estimated
for each unit in the sample; second, a matching algorithm was selected and used to
match the programme beneficiary with non-beneficiary in order to construct a
comparison group; third, a balancing test was conducted after matching to ascertain
whether the differences in covariates in the two groups in the matched sample have been
eliminated; and forth, the program effect is estimated (Kassie et al., 2011; Katchova,
2010; Mendola, 2007).
In the first step, we estimated a logit model and thereby obtained the propensity
scores for each observation. The goal of our analysis was to compare the budget shares,
food expenditure, and expenditure elasticities for households that participated (treated)
in the Samurdhi subsidy programme and those that did not (control). Therefore, in our
context, the outcome variable Y is either budget shares, food expenditure or elasticity
and the treatment D is whether a household participated in the Samurdhi programme or
not. The treatment D is defined as a binary variable where D =1 for beneficiary and
D = 0 for non-beneficiary. Outcome variable Y can be expressed as:
Y jC if D = 0
Y =
,
T
Yi if D = 1

(5.11)

where, YjC is the outcome for the jth control household and YiT is the outcome for the i

th

treated household. Each household has a vector of exogenous characteristics
(covariates) denoted by X that includes household characteristics (income, ethnicity,
number of family members, dependents, asset index, gender of the head and age of the
head) and locality (region and sector).
Since it is difficult to match units based on a multidimensional vector of
characteristics, the PSM summarizes those characteristics using a single index variable
called the propensity score which is used in matching (Katchova, 2010). The propensity
score measures the conditional probabilities of receiving treatment, in our case,
receiving the Samurdhi grants, given a set of pre-treatment characteristics, X expressed
as (Rosenbaum & Rubin, 1983; Rubin, 1977):
p ( X ) = Pr ( D = 1 X ) = E ( D X ) .

(5.12)

The magnitude of a propensity score is between 0 and 1; the larger the score, the more
likely the household would receive the treatment.
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In the second step, we used the “nearest neighbour (NN) matching” method which is
one of the most commonly used matching methods to form two balanced groups based
on their estimated propensity scores. Control units for which there are no treated units
with a sufficiently similar score are discarded from the sample. The nearest neighbour
matching of control units is given by:
C ( i ) = min j pi − p j ,

(5.13)

where p i and p j are propensity scores of i th treated unit and jth nearest neighbour. After
the matching, household in each group have similar propensity scores.
In the third step, balance was tested using a t-test to compare the means of all
covariates included in the propensity score in order to determine if the means are
statistically similar in the treated and control groups. Once units are matched, the
characteristics of the constructed treated and control groups should not be significantly
different; i.e., the matched units in the treated and control groups should be statistically
comparable. If balance is not achieved; i.e., the means of the covariates are statistically
different, a different matching option or specification should be used until the sample is
sufficiently balanced (Katchova, 2010).
Finally, the program impact was calculated by comparing the means of outcomes
across beneficiary and their matches. The most common evaluation parameter of
interest is the ‘average treatment effect on the treated’ (ATT). It gives the difference
between the outcome for the treated group which is observable and the outcome for the
treated group had it not been treated which is unobservable (Katchova, 2010). This is
defined as:

(

)

ATT = E YiT − Yi C D = 1

( (
= E ( E (Y

))
D = 1, p ( X ) ) − E ( Y

= E E YiT − Yi C D = 1, p ( X i )
i

T

i

C

i

)

)

D = 0, p ( X i ) D = 1 .

(5.14)

This is the difference between the outcome variable (budget share, food expenditure,
demand elasticities and income) for households with Samurdhi and the outcome they
would have received had they not had received the Samurdhi subsidy. ATT for the NN
matching are calculated as follows:
ATT NN =

1
nT



∑  Y − ∑( ) w Y
T

i

i∈T



ij

j∈C i

C
j


,



(5.15)
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where n T is the number of treated units and the weights wij = 1 if j ∈C( i ) and wij = 0
otherwise.
Two key assumptions are employed by the propensity score matching method;
conditional independence and common support of overlapping (Becerril & Abdulai,
2010; Himaz, 2008; Mendola, 2007). Conditional independence assumption holds that
the outcomes are independent of program participation, given a set of covariates. A
second condition is that the average treatment effect for the treated (ATT) is only
defined within the region of common support. This assumption ensures that persons
with the same X values have a positive probability of being both beneficiary and nonbeneficiary (Becerril & Abdulai, 2010).

5.2.2.2 Heckman Selection Model (HSM)
To complement and to check the consistency of PSM results, we estimate the
selection model proposed by Heckman (1976; 1979) that treats the selection problem as
an omitted variable problem. The most common approach to estimate selection models
involves a class of estimators known generically as bivariate normal selection models
(Bushway et al., 2007). We model the household food consumption decision as a joint
process involving the household demand for different food categories and the choice of
whether to be selected as Samurdhi recipient or not. Let Y 1 denotes the food
consumption and Y 2 be a dichotomous variable that takes the value 1 if the household
receives Samurdhi and 0 otherwise. Then, the food consumption model can be specified
as,

Y1i = β X i′ + σ ui ,

(5.16)

where X is a vector of explanatory variables relevant to the food consumption of
Samurdhi recipients, β is the parameter vector and σ is a scale factor.
The consumption decision of Samurdhi recipients Y2 i is observed only when Y 2 i = 1 ,
and hence the selection equation to receive Samurdhi can be specified as:
1 if γ z ′i + ε i ≥ 0
Y2 i = 
,
 0 if γ z i′ + ε i < 0

(5.17)

where z i′ is a vector of explanatory variables that determine the selection decision and
γ is the parameter vector. The joint distribution of u i and ε i is assumed to be bivariate

normal with zero means, variances equal to 1 and correlation ρ .
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ui ∼ N ( 0, σ ) ; ε i ∼ N ( 0,1) ; corr (ui , ε i ) = ρ

(5.18)

When ρ = 0 , the two decisions are independent and the parameters of the two equations
can be estimated separately (Strazzera et al., 2003).
As the dependent variable of outcome equation is continuous, there are two basic
choices of estimators; (i) a maximum likelihood model sometimes called the Full
Information Maximum Likelihood (FIML) and (ii) the Heckman two-step estimator32
(Nawata, 1994). The FIML is a straightforward maximum likelihood model that
maximizes a specified likelihood function and will always be more efficient than the
Heckman two-step (Puhani, 2000). The log-likelihood function to maximize to obtain
the FIML estimates is given by,
L=

 zi γ + ρ ( (Y1i − β X i′ ) σ ) 
 Y1i − β1 X i′ 
 − I ln σ (5.19)
+ Ii ln Φ 

2

 i
σ

ρ
1
−



∑ (1 − I ) ln Φ ( − z′γ ) + ∑ I ln φ 
i

Y2 i = 0

i

i

Y2 i =1

where I i , Φ and φ are an optional weight for the observation i , cumulative density
function and the probability distribution function of the standard normal distribution,
respectively. Maximization of this function estimates the parameters of both the
participation and the food consumption simultaneously.
We use FIML estimation in STATA 13 to estimate the selection equation and the
outcome regression simultaneously.

5.3 Data description
The estimation is based on the 2009/10 Household Income and Expenditure Survey
(HIES) carried out by the Department of Census and Statistics of Sri Lanka. The survey
is conducted over a period of 12 months to capture seasonal variations and covers a
large number of households. Sample design of the survey is two stage stratified. District
is the main domain used for the stratification and the sectors (Urban, Rural and the
Estate) in each district are the selection domains33. Selection of primary sampling units
(PSUs) i.e. census blocks34 is systematic with a probability given to each census block
proportionate to the number of housing units available in that block. Secondary

32

This is also known as less information maximum likelihood (LIML) estimation.
The HIES 2009/10 excludes households in Mannar, Kilinochchi and Mullaithivu districts due to
massive mine clearance and resettlement activities existed in most of the areas after the end of civil war in
May 2009.
34
Census blocks are based on the Census of Population and Housing (CPH) 2001 and the sampling
framework is the list of housing units prepared for the same survey.
33
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Sampling Units (SSUs) are the housing units selected systematically from the PSUs
giving each housing unit in the PSU an equal probability to be selected for the survey.
Apart from the income and expenditure data, this comprehensive survey also covers
demographic characteristics of the household as well. The sample used in this
estimation consists of 10,000 households. For our analysis, we adopt a similar food
group aggregation as found in the food demand literature in Sri Lanka (Pradhan &
Tudawe, 1997; Sahn, 1988). Food products are aggregated into 9 commodity groups
comprising of Rice, Other cereals, Pulses, Vegetables, Meat, Spices, Milk products, Fat
& oil and other food35. For each commodity, quantity is measured in kilo grams (kg)
and the unit value (price) is calculated as the ratio of purchased food value to quantity
purchased in weekly intervals. Food group unit values are calculated as weighted
averages of the individual unit values with the weights being the expenditure shares of
the individual items within the group.
We use the Cox and Wohlgenant (1986) method to adjust these unit values for
quality. Quality is identified as the difference between the unit value paid by the
household and the communal average unit value and therefore can be attributed to
household characteristics. The price/quality function is specified as:
vi − vi = +ϕ x + ωi wi +

∑b z

i im

+ ei , where  is the unit value for good ,  is the

m

communal (district) mean unit value, is the budget share of good ,  is the household
food expenditure,  are the household characteristics and ̂ is the residual error term.
With the hypothesis that the households in the same market receive the same price, we
use communal mean values as proxies for market price (Lazaridis, 2003). Thus, the
communal mean quality adjusted prices used in the QUAIDS model are defined as
p i = vi + eˆi , where ̂ is an estimated residual from the quality function.

Table 5.1 provide average budget shares and unit values for the full sample and for
urban and rural households. Meat and rice represent 22.6% and 19.4% of the average
consumer budget for the full sample, followed by spices (16.7%) and other food (9.7%).
Rural households, on average, spent higher proportions of their food budget on rice,
pulses and vegetables and less on meat and milk than urban households. Estate sector
households consume significantly less meat and high other cereals and rice than the
urban and rural households. Milk is the most expensive food item in terms of quality
35

Staple food in Sri Lanka; rice is kept as a single group while some other food with only the value is
available and beverages including alcohol were excluded from this application.
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adjusted average unit values, followed by meat and spices. Across the nation, rice, other
cereals and vegetables are the cheapest. Other food categories do not show much
deviation in prices across the sectors.
Table 5.1: Average budget shares and unit values in the sample
Variable

Budget share (%)

Price (Rs./gram)

All

Urban

Rural

All

Urban

Rural

Rice

0.194

0.153

0.214

0.065

0.062

0.066

Cereals

0.060

0.080

0.050

0.075

0.081

0.072

Pulses

0.052

0.048

0.053

0.192

0.187

0.194

Vegetables

0.095

0.082

0.101

0.089

0.089

0.089

Meat

0.226

0.252

0.213

0.376

0.381

0.373

Spices

0.167

0.168

0.167

0.337

0.334

0.338

Milk

0.081

0.087

0.078

0.453

0.475

0.442

Fat & Oil

0.028

0.028

0.028

0.197

0.197

0.197

Others

0.097

0.100

0.095

0.174

0.174

0.173

Note: Budget share is based on weekly expenditure. Price is the quality adjusted unit
price.
Table 5.2 explicitly illustrates the household characteristics in the sample which
includes location, household income, total food expenses, number of households,
household head characteristics (age, gender, marital status, education and employment
status), presence of young children, subsidy recipients and asset index36. Asset index
defines the household welfare based on the household’s assets such as durable and semidurable goods and can be used as an alternative to or complementary with household’s
income or expenditure data.

The sample distribution of 34% urban and 66% rural households roughly represents
the sectoral distribution in Sri Lanka37. The average household size is about 4.52
members with no significant difference between urban (4.68) and rural (4.44) samples.
36

Asset index was constructed using Principal Component Analysis (O'Donnell et al., 2008). The asset



∑  f

( aik − ak ) 

, where aik is the value of asset k for the

household i , a k is the sample mean, s k is the sample standard deviation, and f k are the weights
associated with the first principal component. For a detailed discussion, see Vyas and Kuamaranayake
(2006).
37
Based on the Department of Census and Statistics of Sri Lanka, 17% of the population lives in urban
areas and 83% of the population lives in rural areas, of which 5%, referred to as the estate sector
(Ratnasiri et al., 2013).
index, Ai , for individual i is defined as Ai =

k

k
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Average monthly household income is Rs. 41,440 with urban households (Rs. 49,900)
having more income than rural (Rs. 37,174) households. Average urban household (Rs.
17,423) spends more on food than rural household (Rs. 16,057), but the share of income
on food consumption is relatively lower for urban households (35%) compared to the
rural households (43%). Asset index for urban households (0.40) is higher than that of
rural households (0.36) indicating higher asset ownership for urban dwellers. About
17% of the total sample was Samurdhi recipients. In rural sector, 18% households
received Samurdhi compared to 13% of households in urban sector.
Table 5.2: Household demographics in the sample at sectoral level
Variable

Unit

All

Urban

Rural

Variable

Unit

All

Urban

Rural

0.35

0.42

0.32

0.11

0.09

0.12

0.19

0.21

0.18

0.07

0.09

0.06

0.03

0.06

0.02

HH size

number

4.52

4.68

4.44

Province

HH income

Rs./mth

41440.07

49890.61

37173.70

Western

0/1

Food expenses

Rs/mth

4128.89

4355.83

4014.32

Central

0/1

Toddlers

0/1

0.35

0.34

0.36

Southern

0/1

0.35

0.56

0.24

Eastern

0/1

0.17

0.13

0.18

Northern

0/1

50.50

50.94

50.28

NW

0/1

0.08

0.05

0.09

Asset index

Samurdhi

0/1

Age

years

Employment

0/1

0.69

0.65

0.71

NC

0/1

0.06

0.02

0.07

Married

0/1

0.82

0.80

0.83

Uva

0/1

0.05

0.03

0.06

Male

0/1

0.77

0.74

0.79

SBG

0/1

0.06

0.04

0.08

Female

0/1

0.23

0.26

0.21

Religion
0.70

0.51

0.79

Education:

Buddhist

0/1

No & primary

0/1

0.59

0.57

0.60

Hindu

0/1

0.09

0.16

0.06

Secondary

0/1

0.13

0.13

0.13

Islam

0/1

0.11

0.18

0.07

Vocational

0/1

0.14

0.14

0.14

Catholic

0/1

0.10

0.16

0.07

University

0/1

0.14

0.17

0.13

Ethnicity
0.77

0.60

0.86

0.12

0.21

0.07

0.11

0.18

0.07

Sector

Sinhala

Urban

0/1

0.34

1.00

0.00

Rural

0/1

0.66

0.00

1.00

Tamil

Muslim

0/1
0/1

0/1

Source: Authors calculation based on the sample
The average age of household head is 50 years in both urban and rural samples. Less
than 20% of household heads are not married (never married, widowed, divorced or
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separated). About 35% of households have kids less than 5 years of age. About 40
percent of household heads have an education beyond primary schooling levels.
Provincial distribution of sample households shows that about 35% of households are
from the most populated and relatively better developed Western Province followed by
Southern Province (19%). More urbanization of the Western province has allowed
significantly higher number of urban households (42%) in the total sample than rural
households (32%). In terms of religion and ethnicity, about 75% of the sample is
majority Buddhists and Sinhalese households.

5.4 Estimated Results and Discussion
5.4.1 Food demand structure in Sri Lanka
5.4.1.1 QUAIDS Model parameters
Table 5.3 summarizes estimates of the QUAIDS model that includes coefficients for
expenditures, prices, and demographic characteristic variables on food budget shares.
Most of the coefficients are statistically significant for all food groups including the
demographic coefficients. One of the important features of the household food
consumption pattern is that the rural households eat less rice, pulses, and vegetables and
eat more of all the other foods showing more diversified food patterns than urban
households. The age of the household head negatively affects the share of other cereals,
meat and spices and positively influences the rice, pulses, vegetables and milk. Thus,
households with older heads tend to consume traditional diet based on rice and curry,
while households with younger household heads are more likely to consume spicier
meat based food. Household size negatively affects the consumption shares of rice,
cereals and other food, but affects positively the consumption shares of meat and
vegetables.
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Table 5.3: Empirical estimates of coefficients of the QUAIDS model
Intercept
Expenditure coefficients (βi , λi)
log(exp)
log(exp2)
Price coefficients (γij)
Rice

Rice
0.1309***
0.0112

Cereals
0.1454***
0.0060

Pulses
0.0180***
0.0045

Vegetable
0.0668***
0.0060

Meat
0.3970***
0.0145

Spices
0.0301***
0.0079

Milk
0.0521***
0.0059

Fat & Oil
0.0289***
0.0025

Others
0.1309***
0.0057

-0.1380***
0.0099
-0.0286***
0.0032

0.0426***
0.0066
0.0131***
0.0019

-0.0243***
0.0050
-0.0055***
0.0015

-0.0584***
0.0065
-0.0145***
0.0021

0.1351***
0.0133
0.0066*
0.0039

-0.0214**
0.0091
-0.0039
0.0026

0.0437***
0.0071
0.0216***
0.0022

0.0003
0.0029
0.0029***
0.0008

0.0204***
0.0067
0.0083***
0.0020

0.0942***
0.0042

0.0154***
0.0017
0.0064***
0.0013

0.0009
0.0014
-0.0031***
0.0008
0.0318***
0.0011

-0.0140***
0.0020
0.0050***
0.0010
0.0015
0.0010
0.0526***
0.0018

-0.0450***
0.0039
0.0070***
0.0017
-0.0103***
0.0015
-0.0167***
0.0021
0.1235***
0.0055

-0.0188***
0.0020
-0.0150***
0.0011
-0.0078***
0.0009
-0.0124***
0.0012
-0.0314***
0.0023
0.1217***
0.0018

-0.0106***
0.0016
-0.0078***
0.0008
-0.0016**
0.0006
-0.0058***
0.0009
-0.0099***
0.0017
-0.0128***
0.0010
0.0607***
0.0011

0.0008
0.0009
-0.0016***
0.0005
-0.0037***
0.0006
-0.0026***
0.0007
-0.0049***
0.0008
-0.0043***
0.0005
-0.0029***
0.0003
0.0234***
0.0007

-0.0230***
0.0015
-0.0063***
0.0007
-0.0077***
0.0006
-0.0077***
0.0008
-0.0125***
0.0015
-0.0192***
0.0009
-0.0093***
0.0007
-0.0041***
0.0003
0.0898***
0.0008

-0.0184***
0.0009
0.0001***
0.0000
-0.0050***
0.0003
0.0057***
0.0008
0.0468***
0.0033
0.0000
0.0000
0.0078***
0.0008
-0.0064***
0.0008

0.0137***
0.0008
-0.0001***
0.0000
-0.0024***
0.0002
0.0011**
0.0006
0.0163***
0.0020
0.0000***
0.0000
-0.0035***
0.0006
0.0003
0.0006

-0.0007*
0.0003
-0.0000**
0.0000
0.0000
0.0001
-0.0005
0.0004
-0.0075***
0.0014
-0.0000
0.0000
-0.0005
0.0004
0.0007*
0.0004

-0.0085***
0.0006
-0.0000*
0.0000
0.0008***
0.0002
-0.0004
0.0005
0.0026
0.0017
-0.0000
0.0000
0.0030***
0.0005
0.0007
0.0005

0.0024**
0.0012
-0.0002***
0.0001
0.0061***
0.0004
-0.0015
0.0011
-0.0359***
0.0039
0.0000
0.0000
0.0035***
0.0011
0.0020*
0.0012

0.0026***
0.0007
-0.0002***
0.0000
0.0012***
0.0002
-0.0012
0.0008
-0.0143***
0.0026
-0.0000*
0.0000
0.0007
0.0007
-0.0002
0.0008

0.0060***
0.0007
0.0002***
0.0000
-0.0001
0.0002
-0.0024***
0.0006
-0.0196***
0.0023
-0.0000
0.0000
-0.0057***
0.0006
0.0034***
0.0006

0.0007***
0.0002
0.0000***
0.0000
0.0000
0.0001
-0.0008***
0.0002
0.0060***
0.0008
-0.0000***
0.0000
-0.0005**
0.0002
0.0004*
0.0002

0.0022***
0.0005
0.0001***
0.0000
-0.0006***
0.0002
-0.0001
0.0005
0.0056***
0.0018
-0.0000
0.0000
-0.0048***
0.0006
-0.0010*
0.0006

Cereals
Pulses
Vegetable
Meat
Spices
Milk
Fat & Oil
Others
Demographic characteristics
Rural (rural=1, 0 otherwise)
Age (years)
House hold size
Female (female=1, 0 otherwise)
Asset index
Household income
Toddlers (yes=1, 0 otherwise)
Samurdhi (receiving=1,0 otherwise)

Note: *, **and *** indicates 10%, 5% and 1% significance level
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Households with small kids tend to consume less cereals, milk, fat and oil, and other
food, and more rice, meat and vegetable. It appears that household dependants lower the
share of less healthy food and increase the consumption of traditional at-home healthy
diets. Female headed households consume more rice and other cereals products and less
oily food. Households with employed heads seem to eat less rice and curry and more
meat, milk and other food. Household income has positive impact of the consumption
for other cereals and negative impact for spices and fat and oils. The reasons for the
former could be convenience and the latter could be the health concern. Receipt of
Samurdhi consumption subsidies without considering the selection bias has a significant
positive effect on the consumption of pulses, meat and milk and a negative effect on the
consumption of rice and other cereals.
5.4.1.2 Price elasticities: Uncompensated and compensated
Using the estimated QUAIDS coefficients in Table 5.3 and the elasticity formulas
shown in equations 5.8 to 5.9, we evaluate price and expenditure elasticities at the mean
values over the entire sample and by rural/urban sectors and by income categories.
Table 5.4 reports the overall uncompensated price elasticities. The uncompensated own
price elasticities present evidence of large differences on the quantity responses to price
changes across food groups. Consistent with economic theory, the own price elasticities
of all the commodities are negative while the expenditure elasticities are positive. The
demands for all the commodities are price inelastic. Except for meat and other cereals,
the elasticities of most of the food groups are less than 0.75, indicating a less response
to changes in food prices. Among the 9 food groups, own price elasticities of other
cereals (-0.93) and meat (-0.75) are the largest, followed by rice (-0.59) and vegetables
(-0.47). Uncompensated own price elasticity for rice (-0.59) indicates that an increase of
the price of rice by 1% would result in a decrease of consumption by 0.59%, ceteris
paribus. Other cereals are highly responsive to own price changes (-0.9) relative to rice.

111

Chapter 5: Food demand and food subsidies
Table 5.4: Estimated uncompensated price elasticities for food categories

-0.078

0.001

0.013

-0.070

-0.234

-0.172

-0.031

-0.131

-0.039

-0.933
-0.019

-0.022

0.012

-0.026

-0.134

0.012

-0.064

-0.112

-0.226

0.094

-0.394
0.002

-0.021

-0.129

-0.019

-0.022

-0.050

-0.200

-0.110

-0.036

-0.126

-0.060

-0.023

-0.099

-0.033

-0.105

-0.169
-0.043

-0.128

Pulses
Vegetables
Meat

-0.175

-0.035

-0.048

-0.472
-0.077

Spices

-0.126

-0.074

-0.048

-0.077

-0.754
-0.118

Milk

-0.005

-0.108

0.008

-0.013

-0.124

-0.262
-0.101

Fat & Oil

0.076

-0.050

-0.118

-0.068

-0.119

-0.119

-0.273
-0.098

Others

-0.196

-0.077

-0.071

-0.062

-0.166

-0.188

-0.108

Others

Fat & Oil

-0.008

0.127

Milk

-0.097

-0.592
0.364

Spices

-0.007
-0.031

Cereals

Meat

Vegetables

Quantity change

Rice

Cereals
0.134

Rice

Pulses

Price change

-0.078

Most of the values of the uncompensated cross price elasticities are very small. As
rice is the staple food, the consumption of all the other foods is significantly affected by
the price of rice. Holding all else constant, other cereals has a positive cross price
elasticity (0.36) with rice while all the other food commodities have negative cross price
elasticities: pulses (-0.04), vegetables (-0.23), meat (-0.18) and spices (-0.13). These
results are reasonable because wheat flour and bread in the other cereals traditionally act
as the major substitute for rice whereas pulses, vegetables, meat and spices are used in
preparation of curries to consume with rice. These results indicate that the Sri Lankan
consumers are more responsive to rice price changes as compared to other cereals.
Similar results were obtained for Sri Lankan households by Bogahawatte and
Kailasapathy (1986).
Table 5.5 reports the overall sample compensated price elasticities38. Consistent with
demand theory, all the compensated own price elasticities are negative and smaller than
the uncompensated cross price elasticities in absolute terms. The relatively larger
compensated cross price elasticities compared to the uncompensated cross price
elasticities suggest more significant net substitute when the utility is controlled for.
Similar to the uncompensated own price elasticity, other cereals (-0.87) have the largest
compensated own price elasticity. However, the compensated own price elasticity of
meat (-0.40) is significantly lower than its uncompensated elasticity of (-0.75).
Elasticity values of rice, meat, vegetables and pulses range between -0.35 and -0.45.
38

Compensated price elasticities capture the substitution effect while ignoring the income effect and
provide better measure of substitutability among goods than the uncompensated elasticities.
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Other food, fat and oils and spices have the lowest own price elasticities.
Uncompensated complements of rice such as pulses, meat and spices become
compensated substitutes. These results show that if households are compensated for the
utility loss due to rice price increase, then complement commodity groups become net
substitutes.
Table 5.5: Estimated compensated price elasticities for food categories
Vegetables

Meat

Fat & Oil

Others

Quantity change

Rice

0.029

-0.030

0.150

0.039

0.059

0.033

-0.002

0.024

0.227

0.218

-0.056

-0.085

-0.001

-0.028

0.109

0.084

0.146

-0.006

0.074

-0.042

-0.038

-0.062

0.145

-0.355
0.046

0.169

0.012

0.049

0.002

0.032

Cereals

-0.455
0.570

Pulses
Vegetables
Meat

0.128

0.059

0.033

-0.392
0.070

Spices

0.046

-0.020

-0.002

0.007

-0.402
0.082

Milk

Spices

Pulses

0.177
-0.869
0.027

Rice

Cereals

Price change

0.061

0.018

0.008

0.025

0.012

0.002

-0.013

-0.011

-0.033

-0.147
-0.015

-0.051

Milk

0.141

-0.063

0.047

0.058

0.046

-0.114
0.026

Fat & Oil

0.230

-0.002

-0.077

0.007

0.060

0.014

-0.211
-0.033

Others

-0.004

-0.017

-0.020

0.031

0.058

-0.023

-0.027

-0.018

5.4.1.3 Expenditure elasticities and marginal expenditure shares
Table 5.6 reports the overall sample elasticities and marginal expenditure shares39.
The expenditure elasticities are positive indicating that all the food groups are normal
goods. The results imply that except for meat and other cereals which are luxury goods,
all other food groups are necessities. The estimated expenditure elasticity of rice and
other cereals are 0.66 and 1.2, which indicates that a 1% increase in total food
expenditure would increase the demand for rice and other cereals by 0.66% and 1.2%,
respectively, ceteris paribus. Results indicate that as the household income increases,
the share of expenditure that they spent on meat and other cereals increases. However,
for an increase in future incomes, households would allocate proportionally more of
their income on meat (42%) followed by spices (14%) and rice (13%) and less on fat
and oil (2%), pulses (3%), and milk (4%).

39

Marginal expenditure share is calculated as the product of expenditure elasticity and budget shares and
it gives the impact of changes in income on future household expenditure on food (Agbola, 2003)..
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Table 5.6: Expenditure elasticities and expenditure shares for food categories for the full
sample
Expenditure elasticity

Budget share

Marginal expenditure share

Rice
0.661
0.194
0.128
Cereals
1.213
0.060
0.073
Pulses
0.592
0.052
0.031
Vegetables
0.805
0.095
0.076
Meat
0.226
0.418
1.853
Spices
0.167
0.144
0.858
Milk
0.082
0.044
0.537
Fat & Oil
0.691
0.028
0.020
Others
0.097
0.096
0.991
Note: Marginal expenditure share is the product of expenditure elasticity and budget
share.
This shows that even though rice has a lower expenditure elasticity of demand, it still
attracts a significant amount of future expenditure due to its larger budget share and
other cereals with luxury good characteristics attract a relatively lower share. Therefore,
government food policy programmes aiming at adding more variety to the diet would
need to focus on providing income supports in order to improve the consumption of
animal protein. Other cereal is a luxury good possibly due to a sudden rise in wheat
flour price following subsidy removal and consumer preference change towards rice
from wheat based products. However, it may not increase the consumption of bread and
wheat products as the current budget share is relatively less.
Most of our elasticity estimates are similar to previous estimates of Sri Lankan food
demand. For example, in relative terms, meat and other cereals have been reported to
have larger own price and expenditure elasticities followed by pulses, vegetables and
rice (Pradhan & Tudawe, 1997; Rathnayake, et al., 2004). The notable exception in our
study would be the relatively lower elasticities for milk and fat and oil (Bogahawatte &
Kailasapathy, 1986; Nirmali & Edirisinghe, 2010; Sahn, 1988).
5.4.1.4 Disaggregated food demand at sectoral and income levels
The estimated coefficients of most food groups and demographic variables are
statistically significant implying that the food demand structure may be different at
disaggregated levels. In order to explore these differences, we further disaggregated the
elasticity estimates by sectors and income deciles. Table 5.7 compares the estimated
own price and expenditure elasticities and marginal expenditure shares of food
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categories for the urban and rural sectors and the low, middle and high income
categories. In general, the urban sector and high income categories are less responsive
to price and income changes than the rural sector and low income categories. Rural
households are more responsive to changes in rice, pulses and vegetable prices and less
responsive to meat and milk prices compared to the urban households. High income
households are more responsive to changes in the price of meat and milk and income
changes to other cereals, milk, fat and oils and other food.
Table 5.7: Estimated elasticities and expenditure shares for food categories by sectors
and income deciles
Commodity /
Sector
Rice:
Urban
Rural
Cereals:
Urban
Rural
Pulses:
Urban
Rural
Vegetables:
Urban
Rural
Meat:
Urban
Rural
Spices:
Urban
Rural
Milk:
Urban
Rural
Fat & Oil:
Urban
Rural
Others:
Urban
Rural

Expenditure elasticity
Low Middle High

Marginal expenditure share
Low
Middle
High

Own price elasticity
Low Middle High

0.67
0.68

0.65
0.67

0.63
0.66

0.11
0.16

0.10
0.15

0.08
0.13

-0.56
-0.62

-0.55
-0.62

-0.53
-0.61

1.03
1.29

1.09
1.29

1.17
1.31

0.07
0.06

0.07
0.07

0.08
0.07

-0.93
-0.93

-0.93
-0.93

-0.93
-0.93

0.58
0.62

0.56
0.62

0.54
0.61

0.03
0.04

0.03
0.03

0.02
0.03

-0.38
-0.40

-0.38
-0.40

-0.38
-0.41

0.82
0.81

0.81
0.80

0.80
0.79

0.07
0.08

0.07
0.08

0.06
0.08

-0.44
-0.50

-0.44
-0.49

-0.43
-0.49

1.83
1.92

1.78
1.90

1.74
1.88

0.42
0.41

0.42
0.41

0.43
0.42

-0.76
-0.74

-0.76
-0.75

-0.77
-0.75

0.86
0.87

0.85
0.86

0.85
0.86

0.14
0.15

0.14
0.14

0.14
0.15

-0.26
-0.26

-0.25
-0.26

-0.27
-0.26

0.47
0.54

0.51
0.56

0.54
0.58

0.02
0.04

0.04
0.04

0.06
0.05

-0.29
-0.25

-0.28
-0.25

-0.30
-0.27

0.68
0.68

0.70
0.69

0.71
0.70

0.02
0.02

0.02
0.02

0.02
0.02

-0.18
-0.18

-0.17
-0.17

-0.16
-0.17

0.98
0.99

0.99
0.99

1.01
1.00

0.10
0.09

0.10
0.10

0.10
0.09

-0.09
-0.07

-0.10
-0.07

-0.08
-0.06

Note: Marginal expenditure share is the product of expenditure elasticity and budget share. Low, middle
and high correspond to the households with smallest, middle and highest 1/3 of income.

These relationships are consistent to the results obtained by Shan (1988). Due to high
budget shares, rural and low income households allocate more of their budget on rice
than the urban and high income households. Similarly, urban and high income
households allocate more of their budget on meat. Other cereals and meat are
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expenditure elastic for both the sectors and all the income groups. Even with a smaller
budget share, rural and low income households would allocate a larger proportion of
their future expenditure for meat due to high expenditure elasticity relative to urban and
high income households.
5.4.2 Impact of Samurdhi on food demand
Table 5.8 reports the logit model results of conditional probabilities for receiving the
grant in PSM. The model is statistically significant, as measured by the likelihood ratio
test. Most of the variables are also significant at 1% level or better. All the other
provinces have a higher probability to receive Samurdhi than the Western province. The
Western province is home for the island’s capital Colombo and other major cities and is
the most developed and least poor of all. Rural household have a higher probability of
receiving Samurdhi than urban households. Poverty is predominantly a rural
phenomenon and the rural sector has reported relatively larger poverty levels than the
urban sector in the country. Households with female heads and older heads have a
higher probability to receive Samurdhi. The household’s income and asset index has a
negative relationship with Samurdhi as the main target group of the programme is the
people with low per capita income. Households with more members and more
dependants are more likely to get Samurdhi. There seem to be an ethnic disparity in
Samurdhi recipients as the minor ethnic groups are less like to get Samurdhi compared
to the majority.
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Table 5.8: Logistic model results for conditional probabilities for participation
Variable
Province: Western
Central
Southern
Northern
Eastern
North Western
North Central
Uva
Sabaragamuwa
Sector: Urban
Rural
Gender: Male
Female
Age
HH income
Ethnicity: Sinhalese
Tamil
Muslim
HH size
Children (U15)
Asset index
Intercept

Coefficient

Std. Err.

0.215
0.566
0.650
1.430
0.429
-0.106
0.163
0.442

0.106**
0.085***
0.180***
0.124***
0.119***
0.146
0.143
0.125***

0.129

0.071*

0.191
0.023
0.000

0.068***
0.002***
0.000***

-0.428
-0.259
0.134
0.115
-11.196
-0.020

0.119***
0.102**
0.020***
0.076
0.432***
0.192

Note: Dependent variable: Samurdhi recipient=1 if not=0; *, **and *** indicates 10%, 5% and
1% significance level; Log likelihood = -3699, LR chi2 =1832***, Pseudo R2=0.20

Table 5.9 reports unmatched and matched means of covariates among recipients and
non-recipients of Samurdhi. Prior to the matching, recipient households significantly
differed from non-recipients with respect to all characteristics except for the provincial
location (i.e., Central, North Western and Uva provincial). In total, 1707 Samurdhi
recipient households were matched to non-recipient households with similar propensity
scores. The differences between treatments and controls are much smaller and in no
case significantly different from zero at the 5 per cent level after nearest neighbour
(NN) matching. We can thus infer from the results that all observable differences in
means between treatments and controls have been removed through matching, in other
words the balancing property is satisfied.
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Table 5.9: Balancing mean values of variables for treated and control groups
Variable

Unmatched

Matched

Treated

Control

%bias

Treated

Control

%bias

0.2173

0.3822

-75.86***

0.2173

0.2105

3.13

Central

0.1101

0.1073

2.60

0.1101

0.1083

1.70

Southern

0.2361

0.1831

22.44***

0.2361

0.2468

-4.52

Northern

0.0463

0.0298

35.62***

0.0463

0.0507

-9.62

Eastern

0.1388

0.0526

62.13***

0.1388

0.1253

9.79

N. Western

0.0849

0.0767

9.76

0.0849

0.0882

-3.86

N.Central

0.0445

0.0604

-35.69**

0.0445

0.0457

-2.63

Uva

0.0492

0.0462

6.21

0.0492

0.0438

10.95

0.0726

0.0618

14.91*

0.0726

0.0807

Sector: Urban

0.2630

0.3488

-32.60***

0.2630

0.2589

1.56

Rural

0.7370

0.6512

11.64***

0.7370

0.7411

-0.56

Gender: Male

0.7258

0.7800

-7.46***

0.7258

0.7358

-1.37

0.2742

0.2200

19.75***

0.2742

0.2642

3.63

51.6971

50.2723

2.76***

51.6970

51.1960

0.97

20516.320

45522.510

-

20516.000

20868.000

0

0

121.88***

0

0

0.7270

0.7852

-8.01***

0.7270

0.7335

-0.89

Tamil

0.1517

0.1060

30.15***

0.1517

0.1488

1.93

Muslim

0.1213

0.1063

12.31*

0.1213

0.1178

2.90

HH size

4.6555

4.4905

3.54***

4.6555

4.7211

-1.41

Under 15 children

0.6848

0.6421

6.24***

0.6848

0.6991

-2.09

Asset Index

0.2780

0.3924

-41.17***

0.2780

0.2771

0.33

Region: Western

Sabaragamuwa

Female
Age

HH income
Ethnicity: Sinhala

11.14

-1.72

Note: Treated and control groups are Samurdhi recipients and non-recipients. Matched and unmatched
samples are selected and full samples.
*, **and *** indicates mean difference is not equal to zero at 10%, 5% and 1% significance level

The average effect of participation in the Samurdhi programmes is estimated by
comparing the changes in individual outcomes between beneficiary and their matched
counterparts. Table 5.10 displays the average treatment effect on treated (ATT) values
for demand variables that include budget shares, expenditure elasticities, food
expenditure and household income. Based on the unmatched samples, most of the
variables are significantly different between recipients and non-recipients. Most
importantly, matched sample shows significant difference in some variables.
Comparison of budget shares shows that Samurdhi recipients allocate a large share of
their budget on rice and spices and smaller share on meat and milk compared to the non118
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recipients. This indicates that Samurdhi participates consume more carbohydrates and
less protein compared to non-beneficiary.
Table 5.10: Samurdhi receipt and its impact on food consumption using PSM technique
Variable
Budget share
Rice
Other cereals
Pulses
Vegetable
Meat
Spices
Milk
Fat & Oil
Other food
Expenditure elasticities
Rice
Other cereals
Pulses
Vegetable
Meat
Spices
Milk
Fat & Oil
Other food
Food expenditure

Treated

Unmatched
Controls Difference

Treated

Matched
Controls Difference

0.2254
0.0617
0.0502
0.0957
0.2000
0.1708
0.0667
0.0297
0.0997

0.1878 0.0376***
0.0597
0.0020
0.0521 -0.0018**
0.0943
0.0014
0.2306 -0.0306***
0.1667
0.0040**
0.0845 -0.0178***
0.0280 0.0017***
0.0962
0.0034*

0.2254
0.0617
0.0502
0.0957
0.2000
0.1708
0.0667
0.0297
0.0997

0.2123 0.0131***
0.0628
-0.0010
0.0510
-0.0008
0.0969
-0.0012
0.2067 -0.0067**
0.1649
0.0058**
0.0758 -0.0091***
0.0298
-0.0001
0.0997
0.0000

0.6559
1.1432
0.6098
0.8177
2.0584
0.8732
0.5435
0.7013
0.9648
3713

0.6620
-0.0061
1.2271 -0.0838***
0.5887
0.0211*
0.8019 0.0158***
1.8121 0.2463***
0.8555 0.0177***
0.5346
0.0088*
0.6895
0.0118
0.9968 -0.0319***
4201
-489***

0.6559
1.1432
0.6098
0.8177
2.0584
0.8732
0.5435
0.7013
0.9648
3713

0.6724 -0.0165**
1.1057
0.0375
0.6035
0.0063
0.8121
0.0056
2.0026
0.0558*
0.8733
-0.0001
0.4232 0.1203***
0.6743 0.0270***
0.9749 -0.0101***
3834
-121**

Note: Treated and control groups are Samurdhi recipients and non-recipients. Matched and unmatched
samples are selected and full samples.
Total 1,707 recipient households matched with the same number of non-recipients.
*, **and *** indicates mean difference is not equal to zero at 10%, 5% and 1% significance level

Comparison of expenditure elasticities shows that recipients are less responsive to
expenditure on rice and other foods and more responsive to expenditure on milk and fat
and oils than the non-recipients. Larger expenditure elasticities of pulses, meat and milk
for recipients suggest that an increase in income would encourage Samurdhi beneficiary
to diversify their budget from carbohydrates to more protein food. As shown by
marginal expenditure share (MES) for meat (0.43) and rice (0.14), for an increase in
future incomes, households would allocate proportionally more of their income on meat
(43 percent) and less on rice (14 percent). Moreover, recipients have significantly lower
food expenditure than the non-recipients. Although the goal of the programme is to
increase food security at the household level, the total food expenditure of recipients is
significantly lower than that of non-recipients which might be indicating the effect of
food to non-food substitution due to Samurdhi grant. However, recipients still spend
more of their income on food (18%) than the non-recipients (15%). These results are
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consistent with Gundersen and Oliveira (2001) and Hoynes and Schanzenbach (2009)
who suggested that the cash subsidy programmes lead to greater distortions of
consumption choices.
5.4.3 Evaluation of Engel functions of Samurdhi recipients
Table 5.11 shows the FIML estimates of selection probit equation and the Engel
relationships of outcome equations. The probit model shows that all the variables that
we used in the selection model are significant determinants of participation in the
Samurdhi programme. The likelihood of receiving Samurdhi is affected significantly by
household size, household income, asset availability, ethnicity and the sectoral and
provincial locations of the household. Larger households and those with low incomes
have a high probability of receiving Samurdhi. These are the main criteria used to
determine the amount of grant that the household gets. A larger asset index is associated
with a lower probability of receiving Samurdhi. This is understandable as household
asset is an indicator of the income and social welfare. As Glinskaya (2000) observed,
large household size, low income, disability, landlessness, and lack of access to
electricity or latrines are associated with a higher probability of Samurdhi receipt.
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Table 5.11: Full information maximum likelihood (FIML) estimates of the selection model for Samurdhi on Engel functions
Rice
Outcome equation
HH expenditure
(HH expenditure)2
Sector: Urban
Rural
HH size
Region: Western
Central
Southern
Northern
Eastern
N. Western
N.Central
Uva
Sabaragamuwa
Ethnicity: Sinhala
Tamil
Muslim
_cons
Selection equation (Samurdhi)
HH size
HH income
Asset index
Region: Western
Central
Southern
Northern
Eastern
N. Western
N.Central
Uva
Sabaragamuwa
Ethnicity: Sinhala
Tamil
Muslim
Sector: Urban
Rural
_cons

Cereals

Pulses

Vegetable

Meat

Budget share
Spices

Milk

Fat & oil

Other food

Food

-0.0000***
0.0000***

-0.0000
0.0000

-0.0000**
0.0000***

-0.0000*
0.0000

0.0000
-0.0000

-0.0000
-0.0000

0.0000
0.0000

0.0000
-0.0000

0.0000***
-0.0000***

-0.0000***
0.0000***

0.0468***
0.0077***

-0.0265***
0.0034***

-0.0008
-0.0007

0.0110***
-0.0008

-0.0064
0.0024

0.0013
-0.0058***

-0.0127***
-0.0033***

-0.0020
-0.0012***

-0.0076**
-0.0008

0.0068
0.0022*

0.0385***
-0.0121**
-0.0162
-0.0097
-0.0073
0.0412***
0.0592***
0.0469***

-0.0117***
-0.0147***
0.0352***
-0.0455***
-0.0186***
-0.0224***
-0.0186***
-0.0094**

0.0019
-0.0063***
0.0012
-0.0130***
-0.0088***
0.0032
0.0060
0.0069**

0.0359***
0.0105***
0.0252***
0.0277***
0.0256***
0.0368***
0.0368***
0.0355***

-0.0699***
-0.0105
0.0285*
0.0654***
0.0103
-0.0356***
-0.0909***
-0.0694***

-0.0183***
0.0487***
-0.0715***
0.0021
0.0008
-0.0211**
-0.0071
-0.0039

-0.0045
-0.0096***
-0.0095
-0.0074
-0.0046
-0.0092
-0.0015
0.0002

0.0067***
-0.0072***
0.0031
-0.0034
-0.0008
0.0033
0.0142***
-0.0013

0.0257***
0.0074
0.0115
-0.0039
0.0073
0.0035
0.0049
0.0000

-0.0025
-0.0083
0.0474***
-0.0047
0.0051
-0.0048
0.0216**
-0.0017

-0.0204**
-0.0368***
0.2004***

0.0291***
0.0456***
0.0858***

-0.0195***
-0.0265***
0.0697***

-0.0119***
-0.0230***
0.0752***

0.0051
0.0635***
0.1268***

0.0147*
-0.0157**
0.1696***

-0.0021
-0.0270***
0.1005***

0.0037*
0.0011
0.0387***

-0.0003
0.0177***
0.0943***

0.0222***
0.0040
0.2510***

0.0904***
-0.0000***
-5.7897***

0.0896***
-0.0000***
-5.8510***

0.0892***
-0.0000***
-5.8133***

0.0892***
-0.0000***
-5.8114***

0.0886***
-0.0000***
-5.7298***

0.0895***
-0.0000***
-5.7789***

0.0893***
-0.0000***
-5.8098***

0.0892***
-0.0000***
-5.8168***

0.0893***
-0.0000***
-5.8108***

0.0895***
-0.0000***
-5.9563***

0.1316**
0.3442***
0.3357***
0.7663***
0.2182***
-0.0715
0.0706
0.2640***

0.1297**
0.3447***
0.3311***
0.7657***
0.2165***
-0.0751
0.0650
0.2614***

0.1304**
0.3447***
0.3336***
0.7682***
0.2179***
-0.0729
0.0670
0.2613***

0.1303**
0.3451***
0.3335***
0.7679***
0.2177***
-0.0733
0.0673
0.2613***

0.1269**
0.3428***
0.3411***
0.7681***
0.2207***
-0.0749
0.0667
0.2552***

0.1302**
0.3449***
0.3345***
0.7702***
0.2200***
-0.0711
0.0665
0.2619***

0.1300**
0.3448***
0.3338***
0.7682***
0.2176***
-0.0733
0.0672
0.2613***

0.1295**
0.3443***
0.3335***
0.7672***
0.2169***
-0.0739
0.0669
0.2607***

0.1299**
0.3448***
0.3336***
0.7682***
0.2175***
-0.0733
0.0671
0.2612***

0.1270**
0.3444***
0.3357***
0.7675***
0.2162***
-0.0763
0.0654
0.2584***

-0.2405***
-0.1725***

-0.2419***
-0.1645***

-0.2416***
-0.1680***

-0.2417***
-0.1681***

-0.2306***
-0.1645***

-0.2415***
-0.1700***

-0.2418***
-0.1682***

-0.2413***
-0.1671***

-0.2418***
-0.1682***

-0.2470***
-0.1685***

0.0711*
0.4595***

0.0658**
0.4749***

0.0685*
0.4665***

0.0684*
0.4661***

0.0728*
0.4391***

0.0684*
0.4577***

0.0684*
0.4655***

0.0681*
0.4681***

0.0684*
0.4658***

0.0675*
0.5030***

Note: *, **and *** indicates 10%, 5% and 1% significance level.
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Compared to the Western Province where Colombo40 is located, all the other provinces
are more likely to get Samurdhi. This is reasonable as the poorer districts and provinces
receive more Samurdhi funds in per capita terms. Households from minor ethnic
backgrounds are less likely to receive Samurdhi compared to the majority Sinhalese. It
has been emphasized in the literature that ethnic background and political affiliation
also influence allocation of Samurdhi consumption grants (Glinskaya, 2000). Rural
households are more likely to get Samurdhi compared to the urban households which
might be explaining the urban-rural gap in income and household welfare.
Most of the coefficients in the outcome equations are statistically significant. As the
Engel function shows, Samurdhi recipients consume less traditional food such as rice,
other cereals, pulses and vegetables and more meat, milk , fat and oils and other foods
with increasing household income. However, the Engel relationship is significant only
for rice, pulses, vegetables and other foods only. The empirical analysis finds that food
Engel curve have the usual shape, whereby the share of household food expenditure
decreases as total household expenditure increases (Figure 5.2). Income effect on food
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expenditure for recipients is negative indicating possible food non-food substitution.
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Figure 5.2: Engel curve for food expenditure
Rural Samurdhi recipients spend a larger budget share on traditional rice and
vegetables and smaller share on meat, other cereals, milk and other food compared to
the urban recipient households. Household size is positively related with the
40

Colombo is the commercial capital of Sri Lanka.
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consumption of rice and other cereals and negatively related with the consumption of
spices, milk and fat and oils. Regional consumption patterns of recipient households
vary significantly. Ethnic disparity of food consumption in Samurdhi recipients indicate
more traditional rice, pulses and vegetable based meals for Sinhalese as opposed to nontraditional meat, fat and oil and other food consumption for Muslims and Tamils.

5.5 Conclusion and Policy Implications
Given the lack of information about food and expenditure elasticities and the likely
impact of the Samurdhi cash transfer programme on food demand, this paper presents a
comprehensive analysis of food demand and the impact of food subsidies on food
demand in Sri Lanka. First, the study used a QUAIDS model to specify a food demand
system while incorporating demographic effects using the 2009/10 cross section survey
data. Second, the impact of food subsidies on food consumption is investigated using
the Propensity Score Matching and Heckman selection techniques.
The analysis reveals significant relationships between socio-demographic variables
and household food demand and, hence this suggests that food consumption pattern
cannot be entirely explained by price and income changes. Age and gender of the
household head, household size, household income, wealth, share of dependants,
location and food subsidies have been found to be important determinants of household
expenditure allocation. Elasticity results show negative own price (normal goods) and
positive expenditure elasticities. Most of the estimated parameters are statistically
significance and their magnitudes are within reasonable ranges found in literature. Meat
and other cereals are more responsive to changes in food prices with own price
elasticities of more than 0.7 in absolute values. Rice, pulses and vegetables have own
price elasticities greater than 0.35 in absolute values.
Relatively higher cross price elasticities of rice with other food groups show that the
changes in the price of rice result in relatively higher changes in consumption of the
other food categories. This is an indication that the higher rice prices are an important
determinant of household food poverty. This has important policy implications as rice
and wheat flour are by far the main source of calories in Sri Lanka. In case of a rise in
the price of rice, low income households may substitute wheat flour for rice. However,
the security in calorie consumption may remain a worry as wheat flour is totally
imported and the price may vary frequently. Expenditure elasticities of all the food
groups except meat and other cereals are less than unity. Meat and cereals are the most
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responsive to expenditure fluctuations. The magnitudes of expenditure elasticities are
generally higher than those of own price elasticities in most of the major food
categories.
The results of the study indicate that price and expenditure elasticities for the studied
major food groups vary considerably across sectors and income groups. In general, the
demand for food in the rural sector and of low income group are found to be more
responsive to own price and income changes than in the urban and high income group.
This suggests the importance of considering the specific demand parameters pertaining
to each sector in food policy analysis.
PSM and HSM techniques were employed to control for heterogeneity in receiving
Samurdhi grant. The impact of the selection model parameters on the probability of
receiving Samurdhi conforms to the major criteria for receiving the grant in the
Samurdhi programme. For example: increasing income and wealth decrease the
probability of receiving Samurdhi and the household size increases the Samurdhi
receiving probability. This might be a crude indication on the success of the proper
targeting of recipients. Members in minority ethnic groups have a lower probability of
receiving Samurdhi than the majority ethnic group. This could be a result of political
affiliation of the distribution such that more political power has been accumulated with
the majority ethnicity. However, this may not be appealing for a country that suffered
from internal conflicts for more than 30 years.
Although food subsidies are expected to improve the quality of food consumption of
household rather than the amount of food consumed, the results identify some deviation
of consumption of nutritious food towards more carbohydrates in general. However,
increase in income has the potential to encourage Samurdhi beneficiary to diversify
their budget from carbohydrates to more protein food. Also, as indicated by the
expenditure elasticities, an increase in income may increase the consumption of proteins
through meats which poor are lacking at present. So, it would be more important to
empower the recipients with income earning activities. Moreover, declining total food
expenditure could be explaining the substitution of food with non food commodities by
the recipients. However, highly significant price and income effects on food demand
suggest that price and income policies continue to play a leading role in food policy in
Sri Lanka than the food subsidy programmes.
A limitation of this study is that the data did not include households in war affected
areas and estate sector. Also, the food consumption data used was aggregated at nine
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commodity groups. More disaggregated food data with more socio demographic factors
may provide more comprehensive analysis of food consumption in Sri Lanka. Hence, it
would be interesting in future research to look in to those aspects as well.
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6.1 Overview
There is a high level of public interest in food security and the linkages between food
security and the domestic supply of rice to meet the demand for food in Sri Lanka,
especially following the global rise in food prices in 2008. Food security in Sri Lanka
mainly depends on the production and consumption of rice and its major substitutes and
compliments. Rice is the dominant crop in Sri Lankan agriculture and the main stable
food. With the continuous population growth, in general, the demand for rice is
increasing. Due to the limitation of production resources such as land and water, future
consumption needs will have to be met by producing more using less input resources.
However the current yield levels are relatively low and there is a gap between actual
and potential yield levels. Inefficiency in input use, especially fertilizer, has often been
considered as one of the major reason for the yield gap. Another potential source of the
yield gap is the difference in the production technologies employed in the irrigated and
rain-fed farming systems. Agricultural production is inherently a risky business due to
the factors that are beyond the control of the farmer such as weather condition as well as
the factors that are within the control of the farmer such as the choice of inputs. Hence,
yield variability is partly determined by the input mix employed.
Price volatility and income change are the two major factors that affect food
accessibility and utilization. As a short term measure to ensure food security, the
government of Sri Lanka provides welfare grants to poor and vulnerable households in a
cash subsidy programme called Samurdhi. However, with the persistent under-nutrition
problems, the effectiveness of this programme on household food security is yet to be
understood.
The main purpose of this study was to assess empirically the factors that contribute
to low rice yields and variability and estimate the demand for rice and other food items
in Sri Lanka. This was accomplished in four related analyses, i.e. analyzing (i) the
technology gaps between irrigated and rain-fed farming systems; (ii) fertilizer use
efficiency in rice cultivation relative to other specific input-use efficiencies; (iii) risk
characteristics of inputs and risk attitudes of rice farmers under rain-fed and irrigated
farming conditions; and (iv) the price and expenditure elasticities of demand for major
food categories in Sri Lanka and the impact of Samurdhi food subsidy on food demand.
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The remaining sections of this chapter discuss the key findings; policy implications and
the limitations and future directions.
6.2 Key findings and Discussion
Mere partial analysis of either productive efficiency or inflation in food prices is
unlikely to provide sufficient insight for appropriate policy action on food security. This
study contributes to the literature on food security by investigating both supply and
demand factors that influence the household food security. The study also contributes to
the rice sector policies in Sri Lanka for the purpose of better policy design and
intervention. In our analysis, technology gap, differences in production risk and
inefficiencies between irrigated and rain-fed farming systems were found to be
important factors that influence the yields and thereby, supply of rice. Volatility in food
prices and changes in incomes were the major contributory factors influencing food
demand.
Chapter 2 estimated the technical efficiency of rice farms in Sri Lanka, considering
the technological difference in irrigated and rain-fed farming systems. We used
bootstrapped metafrontier DEA method and data extracted from the Department of
Agriculture of Sri Lanka. We identified that the irrigated and rain-fed farming systems
operate under different technologies which contribute significantly to the yield
difference between the two systems. The average efficiency estimates for irrigated
farms were found to be higher than those of rain-fed farms when benchmarked against
the metafrontier. The results revealed that irrigation shifts the rice sector production
frontier upwards. Further the analysis revealed that failure to account for the
technological differences in benchmarking the performance of rice farms may lead to
biased estimates of production efficiency and erroneous policy evaluation.
Chapter 3 investigated the technical efficiency of fertilizer use in rice cultivation
relative to other inputs using slack based DEA. We used farm data from the IRRI
project “Green Super Rice for the Resource Poor of Asia and Africa (GSR)-Phase 1”.
We found that there are significant inefficiencies associated with the use of different
inputs. On average, there is a possibility of improving the fertilizer use efficiency by
reducing fertilizer use by 13 percent. Comparison of use efficiencies across different
inputs indicated that inefficiencies associated with fertilizer use are less than the
inefficiencies of other inputs use. Although fertilizer is heavily subsidized, overuse of
fertilizer (13%) is less compared to the overuse of land (15%), labours (15%), seed
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(24%), chemical (31%), and capital (32%). Hence, one of the key observations of the
study was that subsidization does not enhance overuse of fertilizer compared to other
inputs that are not subsidized. However, this could be due to the systematic application
of fertilizer based on the Department of Agriculture recommendations. Moreover, the
distribution of fertilizer use efficiency does not mirror that of overall technical
efficiency suggesting the need to compute specific input-use efficiencies for appropriate
policy designs to improve agricultural productivity.
Chapter 4 examined the risk preferences of farmers and risk characteristics of inputs
used in rice production in irrigated and rain-fed farming systems using a sample of Sri
Lankan farmers as a case study. We used a variant of Just and Pope Model for this
purpose. The data was extracted from the Department of Agriculture of Sri Lanka. We
found that the impact of different inputs on production risk differ across the two rice
farming system. With regard to the risk preferences of the farmers, irrigated farmers
were relatively less risk averse compared to rain-fed farmers. We found labour is risk
reducing in irrigated farms and risk increasing in rain-fed farms because rain-fed farms
use more family labour which is considered as less skilled than the hired labour. Land
and fertilizer were risk increasing and capital, seed and chemicals were risk reducing in
both the irrigated and rain-fed systems. When evaluating production risk, conventional
analyses do not consider the possibility that different farming systems could have
different production risks. We inferred from our results that disaggregated analysis of
production risk at farming systems level is more appealing for proper policy analysis.
Chapter 5 analysed food demand and the impact of food subsidies on food demand in
Sri Lanka using QUAIDS, Propensity score matching and Heckman Selection methods.
We used Household Income and Expenditure Survey data collected by the Department
of Census and Statistics of Sri Lanka. The significant relationships between sociodemographic variables and household food demand suggested that food consumption
pattern cannot be entirely explained by price and income changes. Age and gender of
the household head, household size, household income, wealth, share of dependants,
location and food subsidies were found to be important determinants of household
expenditure allocation on food. The elasticity results show negative own price (normal
goods) and positive expenditure elasticities. Meat and other cereals were more
responsive to changes in own prices compared to rice, pulses and vegetables. Relatively
higher negative own price elasticity and cross price elasticities of rice with its
complements such as vegetables, meat, pulses and spices showed that the increase in the
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price of rice results in relatively higher declines in consumption of these food
categories. This is an indication that the higher rice prices are an important determinant
of household food poverty.
The food demand analysis indicated that price and expenditure elasticities for the
major food groups vary considerably across sectors and income groups. In general, the
demand for food in the rural sector and of low income group were found to be more
responsive to own price and income changes than in the urban and high income group.
This suggests the importance of food policy analysis at the disaggregated levels such as
different sectors and income deciles. The analysis of the impact of food subsidy on food
demand showed that increasing income and wealth decrease the probability of receiving
food subsidy and the household size increases the food subsidy receiving probability.
Although food subsidies are expected to improve the quality of food consumption,
the results identified some deviation of consumption of nutritious food towards more
carbohydrates in general. However, increase in income has the potential to encourage
food subsidy beneficiary to diversify their budget from carbohydrates to more protein
food. Also, as indicated by the expenditure elasticities, an increase in income may
increase the consumption of proteins through meats. Hence, it would be more important
to empower the recipients with income earning activities. Moreover, declining total
food expenditure in recipients compared to non-recipients may be indicating some
deviation of consumption towards non-food commodities. However, highly significant
price and income effects on food demand suggest that price and income policies
continue to play a leading role in food policy in Sri Lanka.
This has important policy implications as rice and wheat flour are by far the main
source of calories in Sri Lanka. In case of a rise in the price of rice, low income
households may substitute wheat flour for rice. However, the security in calorie
consumption may remain a worry as wheat flour is totally imported and the price may
vary frequently. Expenditure elasticities of all the food groups except meat and other
cereals are less than unity. Meat and cereals are the most responsive to expenditure
fluctuations. The magnitudes of expenditure elasticities are generally higher than those
of own price elasticities in most of the major food categories.

6.3 Policy implications of Empirical Findings
Achieving self-sufficiency in rice production has been the major policy for food
security in Sri Lanka. This study identified yield gap due to technological differences,
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inefficiency in input use and production risk as major causes for the low rice
production and thereby food insecurity. The Sri Lankan government has adopted
various policy reforms and domestic support measures such as input subsidies and
income support to grantee food security. Further, transmission of price changes in the
world market to domestic markets for rice has been restricted by the frequent and
consistent variations in tariffs41 (Sharma, 2002; Sharma & Morrison, 2011). Hence, the
rice market price in Sri Lanka is largely determined by domestic supply and demand
conditions.
Fertilizer subsidy has been the major input subsidy measure aimed at improving
domestic supply of rice for more than five decades. The main purpose of subsidizing
fertilizer is to lower the farm input costs and intensify the use of inputs. In Asia,
fertilizer subsidies have been instrumental in promoting increased use of fertilizer and
partially in increasing yield, especially during green revolution (Morris, et al., 2007).
Unlike Asia, the experience of universal subsidies in Africa has largely been negative
(Arriagada et al., 2010; Holden & Lunduka, 2012; Ricker-Gilbert et al., 2011).
Evidences of inefficiencies in the use of fertilizer in Asia calls for the need for market
based solutions on lowering fertilizer use by raising fertilizer prices (Roche, 1994).
In a perfectly competitive market, subsidies may not be desirable as they
systematically result in economic inefficiencies and welfare losses. However, use of
fertilizer subsidies can be economically justified to address the market failures and poor
incentives that are abundant in some countries in developing countries. However, the
case in Sri Lanka may not be justifiable on the same grounds. Even though the Sri
Lankan agricultural sector benefitted from the Green Revolution package which
primarily comprised of fertilizer subsidy, investments in R&D and irrigation and
improved seed, there was an imbalance of the composition in favour of fertilizer
subsidy. Hence, other investments were crowded out by the increasing cost of fertilizer
subsidy.
Besides, fertilizer subsidies alone may not be desirable in the long run as it may
increase domestic supply of rice and reduce the producers’ price unless there is a
positive demand shifts along with supply shift. Even though an increase in income for
agricultural households may be accompanied by increase in consumption, there may be
no change in demand from non-agricultural households. Hence, fertilizer subsidy
41

Until 2000, the tariff for rice imports was 35 percent. This was replaced with a specific tariff that
ranged generally from Rs 5/kg to 9/kg in 2002 (except for Rs 20/kg in 2008) (Samaratunga et al., 2013).
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programme has to be coupled with income support programmes that induce
consumption demand. Suppose a situation where both the fertilizer subsidy and income
support policies are implemented. Fertilizer subsidy will shift the supply curve lowering
the price of the commodity. The negative effects for the producers will be balanced out
by the increased demand due to the provision of income support. However, the dual
burden of fertilizer subsidy and income support will bring about negative implications
on the government budget. Moreover, these divert fiscal resources away from more
beneficial investments in infrastructure, agricultural R&D and extension.
Samurdhi cash transfer programme is the major income support programme in Sri
Lanka that aims to increase the food consumption and thereby, food security. Cash
transfer is the direct way to increase incomes and consumption. The immediate impact
of a cash transfer is to shift the household‘s budget constraint outward, increasing its
demand for normal goods while decreasing its demand for inferior goods. This
increased demand may drive the producer price up benefiting the producers. However,
producers’ attempts of increasing production may be hindered by the existing
technological capacity. Hence, this equilibrium may not hold for long as consumers are
affected by higher prices and may demand the policies to improve production.
Maintaining a proper balance between food supply and demand is an essential
element in food security policy. With the increasing demand, the main food supply
challenge is to bridge the yield gap which is a result of combination of factors such as
inefficiency in input use, technology gaps and differences in risk between irrigated and
rain-fed farms. In this regard, the following policy options are specifically proposed to
the policy makers of the government of Sri Lanka. Public investments should be
prioritized and restricted to pure public goods but not for input subsidies like fertilizer.
They should focus on improving production efficiency by investments in infrastructures
and agricultural research and developments to generate new technologies to minimize
the inefficiency and risk effects of different production environments. Promotion of
solar power drip irrigation technology that save the fuel and improve water use
efficiency would be such available option.
With rising concern over the high cost of expanding irrigation and environmental
impacts such as salinization and water logging, upgrading rain-fed agriculture by
technological modifications and efficiency improvements could be more useful.
Technological modifications such as water harvesting techniques and synchronizing
cropping calendars to suit the water availability can provide farmers with improved
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water availability and increased soil fertility and have the potential to improve rain-fed
crop yields. However, broader farmer acceptance of water harvesting techniques has
been limited due to the high costs of implementation and lack of policy support. In the
short run, efficiency improvement can be achieved by the use of skilled labour, quality
seed rather than self-produced seed and providing property rights for land. All these
efforts could reduce the yield gap, minimize production risk and improve managerial
efficiency while shifting the supply curve. This would increase farm and household
income that would alter the pattern of household demand. Increase in household income
would increase, first, the consumption of basic staple food such as rice and overall
welfare of low income farm households. The impact of increasing household incomes
would be increasing expenditure on non-food goods.
We observed that the demand reduction that can be achieved by improving fertilizer
use efficiency will have a positive effect on the government budget. While elimination
of inefficient subsidy is recommended, transition towards such a policy framework from
long standing fertilizer subsidy policies requires to be done gradually due to several
reasons such as long standing dependency by farmers, political affiliation due to large
vote base, etc. Moreover, sudden withdrawal may create serious problems to small scale
rice farmers especially in the remote areas with poor infrastructure and non-functioning
credit markets. Hence, the current system should first be reformed to support only the
most deserving farmers42 and to prevent lengthy and inconvenient procedures of
subsidized fertilizer distribution. One possible option would be to make the reformed
subsidy scheme truly “smart” in design and in practice. According to Druilhe and
Barreiro-Hurle (2012) “ smart subsidies are targeted to farmers and seek to enhance
their welfare and are market-friendly, and involving the private sector in fertilizer
distribution.
The gradual abolishment could be done with the development of a competitive
fertilizer market and improved investments in other important aspects of the green
revolution package that includes infrastructure, agricultural R&D and extension. These
investments will bring about improvements in farm efficiency while farm efficiency
improvements along with subsidy reduction would ease the government budgetary
pressure on these investments. Furthermore, enhanced fertilizer use efficiency with
better irrigation management, quality seeds and better fertilizer management will allow
42

For example: objective based targeting-if the main objective is to alleviate poverty or to overcome
liquidity constraints of poor farmers, targeting the farmers below a certain income level would be useful.
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the government more leeway to phase out the fertilizer subsidy over time. Expanding
state seed production and encouraging private sector participation in seed paddy
production are recommended in order to replace low quality informal sector seed use
with the high quality more fertilizer responsive formal sector seed use. Programmes to
improve the informal sector seed production should be further expanded with sufficient
extension services and training in the short run. Also it is recommended to adopt
suitable agronomic practices that use more careful crop and water management
practices especially under non-irrigated conditions. Improving farmer participation in
irrigation water decision making would be a viable solution to maintain the water
security of both head end and tail end farmers.
Moreover, the policy strategies on food demand should focus on minimizing the
impacts of price volatility and income changes on poor households. Considering the
longer gestation period in most of the technological investments and the short term
impact of fertilizer subsidy removal, properly designed income support programmes
could be implemented as a short term measure to reduce uncertainty at the household
level, about access to affordable staple food. Food subsidies such as Samurdhi cash
grant could be a useful solution in the short run. However, the programme needs to be
revised to include measures to improve quality food consumption. This would make the
agricultural development more inclusive of small holder vulnerable farmers.

6.4 Limitations and future directions
There are three main limitations of the production efficiency analysis of this study.
First, the available production datasets lack some of the relevant variables such as agroclimatic factors, land quality, access to infrastructure, agricultural extension, credit,
weather variability and household characteristics (age, experience, education, etc.). The
direct efficiency impact of fertilizer subsidy could not be identified as we could not
identify a group of non-subsidy holders due to the uniformity of the subsidy grant.
However, the current subsidy analysis could have given more importance if fertilizer
use efficiency in non-subsidized periods in the past could have compared with that of
subsidized periods. This was restricted by the second limitation that the data is cross
sectional. Efficiency inferences from the cross-sectional data do not give any indication
of year to year variability in production and efficiency. Third, the production data used
is limited to four major cropping districts Anuradhapura, Kurunegala, Puttalam and
Kalutara. Future research on rice production efficiency may be based on longitudinal
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data to overcome limitations of repeated surveys and expanding the coverage of the
sample area.
A limitation of demand analysis is that the demand data did not include households
in war affected areas and estate sector. Also, the food consumption data used was
aggregated at nine commodity groups. More disaggregated food data with more socio
demographic factors may provide more comprehensive analysis of food consumption in
Sri Lanka. Overall, it would have been more interesting if we could have developed an
agricultural household model to analyse the behaviour of households on changes in
market and policy environment. However, the current analysis is restricted from that
aspect due to the lack of comprehensive datasets that cover the agricultural production
and food consumption simultaneously. Hence, it would be interesting in future research
to look in to those aspects as well.
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APPENDIX

kg/capita/year

kcal/capita/year

197281

198286

198791

199296

199701

200206

200711

Consumption

196271

Table A1: Changing compositions of Sri Lankan diets between 1962 and 2011

Rice

96.35

95.01

100.08

94.08

88.82

92.7

96.26

106.92

Wheat

37.75

46.02

37.92

43.08

48.96

45.22

46.96

38.44

Fish, Seafood

Food item

16.59

12.01

15.2

15.9

17.56

22.38

20.08

23.24

Meat

4.54

3.88

3.5

3.22

4.78

5.38

6.4

6.5

Milk

20.07

22.62

25.58

31.66

28.98

31.86

33.56

35.2

Eggs

1.4

1.41

1.88

2.44

2.38

2.36

2.12

2.5

Vegetables

15.98

17.71

32.02

31.86

30.18

31.42

32.22

39.42

Fruits

42.5

70.53

57.3

39.22

39.18

40.18

33.62

33.72

Pulses

6.38

3.17

4.72

4.94

5.84

7.7

7.36

8.48

Potatoes

3.64

1.94

3.62

3.32

4.00

7.28

5.32

7.46

Starchy Roots

29.42

38.01

36.18

24.36

18.08

18.62

14.98

17.72

Sugar

22.14

12.83

19.82

21.64

22.42

29.68

28.9

28.14

Total calories

2246

2220

2297

2207

2200

2327

2348

2445

% from cereals

54.14

56.81

54.92

56.41

56.05

53.42

55.29

54.75

% from animal

4.78

4.37

4.81

5.44

5.85

6.32

6.13

6.32
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