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The Effect of Index Insurance on Returns to Farm Inputs: Exploring Alternatives
to Zambia’s Fertilizer Subsidy Program

Anthony G. Murray and Katie Farrin1

Economic Research Service, USDA

Abstract

A significant volume of research has investigated input subsidy programs in Africa, where government expenditures
on such programs are non-trivial. This paper uses panel data from a sample of farm households in Zambia to compare
how fertilizer use decisions change in the presence of a formal insurance market. If returns to fertilizer improve under
an insurance regime, the use of index insurance can be an alternative to or complement of existing input subsidy
programs in the country. After estimating the cost of a simple zero-one, actuarially fair index insurance product that
is mandatory for farmers who purchase fertilizer, we run simulations to explore the effect of insurance on household
investment in fertilizer. Results show that index insurance, by reducing the disposable wealth of households in years
where no payouts occur, can dampen demand for fertilizer at the farm level.

Keywords: weather insurance, technology adoption
JEL Codes: D14, G22, Q12

1. Introduction

African smallholders (generally farmers that cultivate fewer than two hectares) are a critical component of global
agricultural productivity. Sufficient food supply in the future is not nearly as certain without higher yields from
these smallholders (Godfray et al., 2010). However, smallholder productivity in Africa has traditionally lagged be-
hind other regions of the world, and research into methods for improving yields is ongoing (Fuglie and Rada, 2013).
One of the critical components of improved productivity includes adoption of technologies often associated with the
Green Revolution. These technologies include fertilizer, improved seeds, and pest management, and have drastically
increased output in many Asian countries. Additionally, these technologies not only have improved yields, but have
also improved the overall welfare of farmers in Asian countries (Evenson and Gollin, 2003).

Various methods have been used to try to improve adoption of agricultural technologies by African smallholders.
One of the most common methods used in southern Africa is input subsidies, where the government subsidizes the
cost of procuring inputs, such as fertilizer or drought-resistant seed. Across sub-Saharan Africa (SSA), state-run
monopolies selling subsidized fertilizer were extremely common during the 1970’s and 1980’s, but market reforms
initiated by the World Bank and International Monetary Fund promoted market entry by privately owned fertilizer
companies, as well as reductions in subsidies (Minot and Benson, 2009). More recently, governments have opted to
provide vouchers that farmers may purchase at subsidized prices to obtain fertilizer from local, private agribusinesses
(Morris et al., 2007). Supporters of this type of subsidy note that this method encourages private business while still
providing subsidized inputs to smallholders, though others argue that this type of subsidy is still inefficient (Banful,
2011; Ricker-Gilbert, Jayne, and Chirwa, 2011). Other techniques have also been used in attempts to increase fertilizer
use, such as microfinance and better agricultural extension.

1Katie Farrin is the corresponding author. E-mail: kmfarrin@ers.usda.gov; p:(202)694-5149; f :(202)245-4779; address:1400 Independence
Ave., SW, Mail Stop 1800, Washington, DC 20250-1800. The views expressed are those of the authors and should not be attributed to the
Economic Research Service or USDA.
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Weather-based index insurance has been offered as an alternative method for increasing uptake of agricultural
technology while preventing many of the problems associated with input subsidies (Miranda and Farrin, 2012). Cor-
rectly implemented index-based insurance cannot be affected by the actions of the farmer and therefore avoids moral
hazard and adverse selection (Carter, 2012). Additionally, since the insurance is based on natural phenomena, it is
cheaper for insurers to provide coverage because details on specific farmer characteristics are not necessary. In Zam-
bia, input subsidies sponsored by the Zambian government have been prevalent, yet little work has looked at index
insurance as an alternative to input subsidies. This paper contrasts the effects of simulated index insurance compared
to input subsidies using a three-wave panel of Zambian agricultural households.

The rest of the paper is organized as follows: Section 2 provides a discussion of input subsidy programs in Zambia;
Section 3 gives a brief overview of the role of index insurance in farm planning at the household level; Section
4 describes the data; Section 5 introduces a theoretical model of fertilizer investment with and without insurance;
Section 6 presents a conceptual framework and introduces a hypothetical index insurance contract; Section 7 presents
results; and Section 8 concludes.

2. Fertilizer Subsidies in Zambia

A significant volume of research has explored the input subsidy programs in southern African countries such as
Zambia and Malawi. Government expenditures on these programs are non-trivial – $1 billion annually for 10 African
countries (Jayne and Rashid, 2013). In Zambia, input subsidies account for an average of almost 40 percent of the agri-
cultural sector budget, although improvements in agricultural productivity are limited (Mason and Jayne, 2013). Input
subsidy programs are designed to increase total fertilizer use for smallholder farmers (Ricker-Gilbert, Jayne, and Chirwa,
2011). The methodology to provide these subsidies has changed over time. Originally, a monolithic government en-
tity administered the input subsidies and singularly provided farmers subsidized fertilizer and improved seed within
Zambia in the 1970’s and 1980’s. The economic costs associated with these programs proved unsustainable, and inter-
national organizations forced the government to open the market to private distributors in order to continue receiving
assistance (Smale and Birol, 2013). Empirical findings also suggest that subsidies failed to significantly improve
yields, with only limited success in increasing fertilizer usage (Morris et al., 2007). An assortment of problems in-
cluding late delivery of fertilizer, incorrect types of fertilizer, and political manipulation plagued the design of the
program (Banful, 2011).

After nearly a decade of stagnant fertilizer use and growing concerns about national food security, several SSA
countries, including Zambia, returned to the idea of input subsidies (Banful, 2011). In the late 1990’s, Zambia set up
an ad hoc Fertilizer Credit Program that lasted until 2002; the program deferred the majority of farmer input costs
until after the harvest. Farmers paid market price for fertilizer with an initial down payment of 10 percent, with the
remaining 90 percent paid at harvest (Mason, Jayne, and Mofya-Mukuka, 2013). Although this was not a true subsidy,
default and failed repayment rates were relatively high, which meant farmers received fertilizer at prices well below
market price (Mason and Jayne, 2013). Subsequently, along with other governments in SSA, Zambia introduced
“smart” subsidies that attempted to improve private distribution networks, foster relations between rural farmers and
agribusinesses, and promote further adoption of improved seed and fertilizer (Minot and Benson, 2009). In Zambia,
this program has changed names though the mission remains the same: provide subsidized fertilizer and improved seed
to smallholders. Initially called the Fertilizer Support Programme (FSP), input subsidies provided farmers fertilizer
and improved seed at roughly half the market price. In later years, the program became the Farmer Input Support
Programme (FISP) and minor differences in the program included broader eligibility and a reduction in subsidized
inputs to enable access to more farmers (Ricker-Gilbert et al., 2013). An additional input subsidy program, the Food
Security Pack Programme, operated as a grant, though its budget is relatively small relative to the larger input subsidy
programs described. For an extremely detailed account of these programs, see Mason, Jayne, and Mofya-Mukuka
(2013).

Eligibility for each of the input subsidies varies slightly but several themes are constant. First, only small farmers
are considered eligible; the maximum cultivated land allowed for subsidy program participation is approximately five
hectares. Second, out of their land holdings, farmers have to be able to dedicate some of it to maize production (1
hectare under FSP and 0.5 hectares under FISP). Third, farmers have to be members of a farmer cooperative or other
participating group and have sufficient resources to be able to pay their share of the fertilizer cost. Finally, if the
farmer has previously defaulted on other agricultural credit programs, he is ineligible for the input subsidies. For the
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Food Security Pack, eligibility targets females and youth who are otherwise unemployed and cultivate fewer than one
hectare of land.

The overall effectiveness of the input subsidy program hinges on its ability to target households that would not
have otherwise purchased fertilizer. If households would have purchased fertilizer without the subsidy, then the
expected increase in fertilizer is not as large. Evidence from research casts doubt that input subsidy policies are
working efficiently (Xu et al., 2009a; Ricker-Gilbert, Jayne, and Chirwa, 2011; Mason and Jayne, 2013). Specifically,
these papers highlight the fact that input subsidies “crowd-out” private fertilizer purchases that would have been
bought at market prices through private channels had there not been a subsidy (Xu et al., 2009a; Mason and Jayne,
2013). Additionally, not all subsidized fertilizer reaches farmers at subsidized prices. A significant portion of the
fertilizer “leaks” onto the open market and is sold to farmers at or near market prices, which further reduces the
effectiveness of the program (Jayne et al., 2013). In turn, this means that for every one kilogram of government
subsidized fertilizer, total fertilizer use only increases by an additional 0.54 kilograms, nearly halving the expected
return (Mason and Jayne, 2013). Additionally, an additional kilogram of subsidized fertilizer only increases maize
output by an additional 1.88 kilograms, a relatively small increase (Mason, Jayne, and Mofya-Mukuka, 2013). In
Malawi, for example, increases in fertilizer vary depending upon total application, but estimates range between 6.9
and 9.5 kilograms per hectare (Benson, 1999).

In light of the apparent shortcomings of the fertilizer subsidy program in Zambia, we propose index insurance as
an alternative approach to increasing smallholder fertilizer use. Farmers can purchase index insurance to help mitigate
the risk associated with investment in inputs such as fertilizer, which may only be profitable under favorable weather
conditions. A well-designed index insurance contract can protect a farmer against yield losses due to catastrophic
weather events; such protection against downside risk may increase the marginal returns to inputs and thus spur
investment in fertilizer.

3. Index Insurance

Index insurance products pay out when the realized value of an underlying index either exceeds (e.g., in the case of
flood insurance) or falls below (e.g., for drought insurance) a given threshold. The index must be exogenous to the pol-
icyholder but should also be significantly correlated with the policyholder’s actual losses (Barnett, Barrett, and Skees,
2008). That a policyholder cannot affect the realization of the index is the feature of index-based contracts that does
away with moral hazard; because actual losses are not indemnified, households are incentivized to minimize farm
losses – even when they are weather-related.

In addition, index-based products are unique in that, unlike traditional agricultural insurance, all buyers of a
particular policy in a given year face the same degree of risk. As the payouts are completely determined by an
independent index – not by actual farm outcomes, which may be influenced by an individual’s risk behavior or skill in
agricultural management – insurers do not face the same problems with adverse selection that plague policies whose
indemnities are based off of actual losses. These characteristics of index insurance contracts lower the risk load
on charged premiums, as well as reduce monitoring costs to the insurer. Transactions costs associated with claims
verification are also eliminated, which can further reduce premiums faced by farm households.

Given its cost-saving and information asymmetry-reducing advantages, index insurance has been proposed as a
risk management tool in developing countries, especially where a large proportion of households rely on agriculture as
a livelihood. The availability of formal insurance may induce poor, rural households to make productive investments
they would not have made had they only had access to informal risk-coping mechanisms. Uninsured risk at least
partially accounts for deficiencies in technology uptake among low-income households. Rosenzweig and Binswanger
(1993), using ICRISAT Indian village panel data, reject the hypothesis that agricultural investment composition re-
flects technical-scale economies, and find support for the hypothesis that asset portfolio choice is highly influenced
by farmers risk aversion and wealth, and by the variability of the weather they face. More importantly, the trade-off
between profit variability and average returns is large, and the loss of efficiency associated with risk-coping strategies
is higher among low-income households; the existence of uninsured weather risk thus results in increased income
inequality.

Uninsured risk – especially in SSA – can contribute to low demand for productive inputs. In areas where rainfed
agriculture is the norm, highly variable rainfall, in combination with a missing formal risk market, can make fertilizer
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unprofitable for farmers (Marinho, 2004). In Ethiopia, for example, farmers are found to place heavy importance on
the weather when weighing both current productivity and future investments (Alem et al., 2010). Thus, the introduc-
tion of a weather insurance market – which would mitigate the effects of variable rainfall on production income –
might induce small farmers to increase their productive investments in inputs, including fertilizer.

There has been little research on how index insurance might be a complement to or substitute for input subsidies,
including the fertilizer subsidies employed in Zambia. Results of a randomized controlled trial offering interlinked
index insurance-credit contracts to smallholders in Ethiopia show that farmers who already display high fertilizer use
are more likely to adopt insurance. This indicates that that insurance availability might not increase fertilizer uptake
or application rates, but instead might protect existing investments in inputs (McIntosh, Sarris, and Papadopoulos,
2013).2 Using framed choice experiments, Marenya, Smith, and Nkonya (2014) find that Malawian farmers heavily
prefer fertilizer subsidies to index insurance contracts – even when such contracts are ideal (i.e., they carry zero basis
risk) and when premiums are subsidized. However, in this study, the authors assume zero fertilizer use with insurance
uptake when they present the various income distributions that result from alternative farm management choices. This
paper, in contrast, models index insurance as a net change to disposable income, which can affect farmers’ choices
regarding input purchase.

4. Data

The Zambian Central Statistical Office, in conjunction with the Ministry of Agriculture and Cooperatives and the
Food Security Research Project, established a three-wave, nationally representative panel of agricultural households
within Zambia. The survey focuses on agricultural production and household characteristics, with limited information
about expenditures and consumption. The initial round of surveys covers the 1999/2000 agricultural season that
combines information from an initial survey of respondents in August and September of 2000 with a supplemental
survey conducted in May 2001. Another supplemental survey interviewed the same panel households in May 2004 to
gain information about the 2002/2003 agricultural season. Finally, a third supplemental survey interviewed households
in June and July 2008 to collect the necessary information about the 2006/2007 agricultural season.

A three-stage sample method chose an initial sample of 7,699 households from 70 districts within Zambia (Megill,
2005). Sample attrition occurred throughout the three waves, beginning with the first supplemental survey; only 6,922
households of the initial 7,699 households were re-interviewed. The supplemental survey in 2004 lost an additional
1,564 households (22.6 percent), resulting in 5,358 successful interviews. Only 4,286 households of those that were
successfully interviewed in 2004 were re-interviewed in 2008. While there is relatively large attrition loss in the
survey, previous research has not found attrition bias within the sample (Mason and Jayne, 2013). Therefore, we
use households interviewed in all three waves that report growing maize during at least one agricultural season.
The number of households that grow maize increases over the three panel waves. Initially, only 3,150 households
report growing maize in 2001. In 3,355 and 3,441 households report growing maize in 2004 and 2008, respectively.
Summary statistics for each year of the panel are included in Table 1.

Fertilizer use per hectare increased from the initial panel survey to the last. Average fertilizer use still lagged
behind the recommended 200 kilograms per hectare in each year, with the highest rate of fertilizer being applied in
the 2006/2007 agricultural season. The number of farmers that use fertilizer increased during each panel wave, with
almost 37 percent of the sample using fertilizer by the final wave. The average hectares of maize planted did not vary
drastically between panel waves, with households averaging between roughly 0.85 hectares and 1.0 hectares annually.

Climate data, including the dekadal rainfall during planting, growing, and harvest periods within each season,
are linked to households at the district level using the NASA Prediction of Worldwide Energy Resources (POWER)
database. The POWER database includes information about precipitation, average temperature, maximum tempera-
ture, minimum temperature, humidity, and wind at a 1-degree-by-1-degree resolution. Geo-referenced centroids for
each district’s latitude and longitude are calculated for each of the 70 districts within the sample. In some instances,
the spatial resolution within the POWER database prevents unique identification of all districts because the centroids
were too close to differentiate. This results in 56 uniquely identified regions within the data.

2McIntosh, Sarris, and Papadopoulos (2013) do not, however, estimate fertilizer demand as a function of index insurance availability, as we do
here.
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5. A Theoretical Model of Fertilizer Adoption with and without Insurance

In this model, we consider an infinitely lived, representative agricultural household with fixed land resources that
chooses its fertilizer investment, f, in any given period. Two scenarios are considered:

• No Insurance: Households make fertilizer investment choices in the absence of an insurance market.

• Mandatory Insurance: A household’s purchase of fertilizer is conditional on the purchase of an index insurance
contract that covers the value of fertilizer.

Utility of the household is derived from stochastic earnings from farm production. Following Hill and Viceisza
(2010), farm production can be divided into two segments. First, farmers make a “base” income from production
on their land that is not dependent on weather conditions; this income can be considered the minimum income a
household would make in the event of a catastrophic weather event. Second, farmers can choose to invest in an input,
fertilizer, that may increase farm income; this additional income from fertilizer investment, is, however, weather
dependent. Households begin each period with the knowledge of their current realized income (which depends on
previous fertilizer investment choices) and choose a level of fertilizer investment to maximize the expected, discounted
present value of lifetime utility of wealth.

For the household’s dynamic optimization problem, the single, continuous state variable is a household’s dispos-
able wealth. To characterize such wealth, define ỹ as stochastic income from farming with predetermined fertilizer
use f, for f ≥ 0, where income – part of which is dependent on weather, θ 3 – is decomposed as:

ỹ = yb + θg(f)

Base income, yb, is independent of weather conditions, while weather-dependent income is characterized by a
production function, g( f ), that is increasing in f. Without access to insurance, the household’s next-period wealth
depends only on the next realization of farm income. This transition function can be expressed as:

w′ = yb + θ
′g(f’) (1)

However, when insurance is tied to the purchase of fertilizer, the transition function for wealth changes slightly to
incorporate the possibility of a household being indemnified in the case of adverse weather. Thus, the expression for
next period’s wealth under the insurance scenario becomes:

w′ = yb + θ
′g(f’) + θ′pf’ (2)

Define h(θ) = θ′pf’ as the indemnity function.

Additional model parameters are:
1. ρ ≡ the probability of a catastrophic weather event (e.g., a drought), so that a farm household experiences nor-

mal crop conditions with probability (1 − ρ).

2. π ≡ insurance premium (where insurance is required for fertilizer purchase).

Specifically, the premium for index insurance that covers the value of the fertilizer investment is:

π = (1 + λ)ρpf’

where λ is the premium load. Thus λ = 0 reflects the case of actuarially fair insurance; λ > 0 reflects ac-
tuarially unfavorable insurance (which is common in practice in private markets, as insurers must account for
transactions and ambiguity costs in order to break even); and λ ∈ [−1, 0) reflects subsidized insurance, where
a negative premium load is usually associated with government-run or donor-sponsored insurance projects –
especially those in the pilot phase.

3For simplicity, we denote θ = 1 as representing good weather and θ = 0 as representing bad weather.
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3. p ≡ price per unit of fertilizer.

4. δ ∈ (0, 1] ≡ the farm household’s time discount factor.

The farm household’s dynamic optimization problem can now be expressed in the form of a single Bellman equa-
tion (one for each scenario) whose value function represents the maximum expected present value of lifetime utility,
V(w), given the household’s predetermined fertilizer investment, f. To summarize, under no insurance, households
purchase fertilizer and do not recoup any of their investment should an adverse weather shock occur. Under manda-
tory insurance, fertilizer-purchasing households incur the fertilizer investment cost, plus the additional cost of an
index insurance premium; however, under poor weather conditions, the index insurance contract indemnifies the farm
household in the amount of the fertilizer investment.

Recalling the state transition functions for w, the household’s Bellman equations take the form:

V(w) = Max f ′≥0

{
u(w − pf’) + δEθ̃V(w′)

}
(3)

V(w) = Max f ′≥0

{
u(yb + θg(f) − pf’ + (1 − θ)h − π) + δEθ̃V(w′)

}
(4)

While we reserve the estimation of this structural model of fertilizer choice as a topic for future work, it is
important to consider that farm households make input decisions in a dynamic – and not a static – environment. Thus,
the use of static expected utility theory models may under- or over-estimate household-level demand for fertilizer.4

6. Conceptual Framework

6.1. Empirical Model

Agricultural households are expected to use fertilizer when they expect to receive higher yields (and higher profits)
from using the fertilizer compared to yields without fertilizer use. All else equal, more income leads to greater
levels of utility, and, therefore, the decision can be modeled under a random utility framework where households
maximize utility and decide to use fertilizer when they receive greater utility from fertilizer use relative to non-
use (deJanvry, Dustan, and Sadoulet, 2010; Asfaw et al., 2012). Each household, i, faces the binary decision to use
fertilizer F∗ ∈ {0, 1}, given constraints and household characteristics modeled as:

F∗i = Xiβ + ε1i (5)

where X represents a vector of covariates affecting the household fertilizer use decision, β represents regression
parameters, and ε1i is the error term. The latent choice to use fertilizer (Equation 5) is not directly observed. Instead,
observed fertilizer use occurs when the latent propensity to use fertilizer is positive (UiA − UiN > 0). Therefore, the
observed adoption decision can be expressed in terms of its latent counterpart as:

Fi =

{
1 i f F∗i > 0
0 i f F∗i ≤ 0 (6)

Unlike many binary input decisions, such as improved seed or irrigation, once a household decides to use fertilizer
it must also make the subsequent decision to determine the amount of fertilizer to use. This means that the amount of
fertilizer demanded can be modeled by a set of observable and unobservable characteristics. Input factor demand can
be modeled as:

D f ert = D(E(P),Z,X) (7)

4Miranda and Farrin (2012) note that the same is true for index insurance demand among risk-averse farmers; if credit and savings are available,
observed demand for insurance will be less than what is predicted by static von Neumann-Morgenstern expected utility theory.
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where E(P) is a vector of expected crop prices that are not directly observable by the household until the next harvest,
meaning that all production decisions, including fertilizer use, occur prior to their realization. Two other vectors
influence fertilizer demand: X consists of input prices, such as agricultural wages and fertilizer costs, while Z is a
vector of household, locational, and agro-ecological characteristics that affect production. Fertilizer is primarily used
for maize production; changes in price expectations for other crops would affect the amount of land farmers allocate
to maize, which would therefore influence fertilizer demand.

The two decisions are modeled jointly under a “double hurdle” model (Cragg, 1971). In a traditional Tobit model,
the same set of covariates affects the fertilizer use decision as well as the quantity of fertilizer demanded. Parameter
estimates are restricted to having the same sign and magnitude for both decisions. The double hurdle model relaxes
these assumptions and provides additional flexibility when estimating a censored model. This type of model de-
couples the two decisions, and households first make the decision to use fertilizer and then choose the optimal quantity
– which can even be zero. The initial binary fertilizer use decision is estimated as a Probit model, and a truncated
normal model is then used to estimate the quantity demanded. The log likelihood function for the double hurdle model
is

L =
∑
yi=0

[
log
{
1 − Φ

(
ziγ,

xiβ

σ
, ρ
)}]

(8)

+
∑
yi>0

log

Φ
 ziγ +

ρ
σ

(yi − xiβ)√
1 − ρ2


 − logσ + log

{
ϕ
(yi − xiβ

σ

)}
The empirical specification includes independent variables in both the fertilizer use and fertilizer application equa-

tions. The econometric analysis helps identify characteristics linked to fertilizer use and higher levels of application.
Variables employed in the model specification and expected effects on both equations are discussed in light of previous
research.

Both components of the log likelihood function – the fertilizer use and fertilizer application equations – in-
clude many head-of-household characteristics such as age, education level, and gender. Older heads of household
are expected to be less likely to use fertilizer due to lower technology adoption rates (Adesina and Zinnah, 1993;
Langyintuo and Mungoma, 2008). Higher levels of education are expected to lead to increased fertilizer adoption
(Marenya and Barrett, 2009; Morris et al., 2007). Female-headed households face different problems when acquiring
improved agricultural technologies compared to male headed households, which is expected to lead to lower fertil-
izer use (Doss, 2006; Doss and Morris, 2000). Other characteristics on household composition, including household
size, ownership of livestock, land holdings, and gross income, are also included in the adoption equation. Larger
households are expected to have higher propensities to adopt fertilizer (Minten, Koru, and Stifel, 2013). Households
with larger land holdings and higher incomes (two measures of household wealth) are both expected to have higher
adoption rates relative to poorer farmers.

The effect of household characteristics on fertilizer application rates is less clear. It is left as an empirical ques-
tion whether older household heads that do use fertilizer apply more or less fertilizer per hectare. In a previous
study, heads with higher education also show higher (though statistically insignificant) fertilizer application rates
(Marenya and Barrett, 2009). However, female-headed households are also expected to apply less fertilizer per hectare
relative to male-headed households (Quisumbing, 2010). Household size, ownership of livestock, and gross income
are included in this equation as well. In terms of application, larger land holdings likely lead to less fertilizer per
hectare as households choose a fixed amount of fertilizer without factoring land holdings into account (Xu et al.,
2009b).

Two types of fixed effects are included in the current pooled econometric specification. The first are two indica-
tor variables for 2004 and 2008. These indicators detect differences in fertilizer adoption and fertilizer application
compared to the original supplemental survey administered in 2001. Two interaction terms, between the amount of
hectares planted and the panel-year indicator variables, are also included in the fertilizer per hectare equation. These
interaction terms are included to attempt to detect any structural changes that might be occurring exogenously be-
tween years, such as improvements in seed. Province-level fixed effects are also included in both models to account
for unobserved provincial differences in fertilizer use and application that might influence either decision.
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6.2. Designing an Index Insurance Product
To design the index insurance contract, we obtain nonparametric estimates of the cumulative distribution functions

for cumulative dekadal rainfall for each district.5 Because historical rainfall during the harvest period (April-May) is
low,6 we use rainfall data for only the planting (November-December) and growing (January-March) periods of the
season to design a single-phase, zero-one index insurance contract. To simplify the premium calculation, the contract
is designed to trigger whenever rainfall is at or below the 10th quantile value. This trigger is estimated through quantile
estimation (Harrell and Davis, 1982) using district-level rainfall data from 2000 to 2007. Specifically, the quantile for
the cumulative proportion P = 10 is estimated as a weighted mean of district-level, time-series cumulative dekadal
rainfall with weights

Iβ((n + 1)P, (n + 1)(1 − P), 1/n) − Iβ((n + 1)P, (n + 1)(1 − P), (i − 1)/n)

where Iβ is the cumulative beta distribution function.
The indemnity schedule is constructed so that a representative farmer is compensated for his fertilizer investment

should a catastrophic weather event occur. We average the reported cost of fertilizer per hectare for households by
district to come up with a payment amount. Combining the indemnity schedules with the rainfall triggers estimated
for each weather zone, we have 68 unique contracts.7 Assuming actuarially fair pricing on the contract, recall that
π is the insurance premium, which is equal to 10 percent of the value of fertilizer per hectare. In further analysis,
we vary π so that it is not restricted to reflect an actuarially fair premium. Thus, as in the theoretical model, we
let π = (1 + λ)ρpf’, where λ is the load on the premium, ρ is the probability of drought, p is the price of fertilizer
and f

′
is the household’s chosen quantity of fertilizer purchased for the upcoming crop season. Recall that because

index insurance is mandatory with fertilizer purchase, a household with nonzero fertilizer use purchases one unit of
insurance per hectare of maize cultivated.

7. Results

7.1. Double Hurdle Model
Results from the pooled double hurdle model are presented in Table 2. Several characteristics are statistically

significant in determining the likelihood of household fertilizer use and these results are presented in the first column
of the table. Older heads of household are significantly more likely to use fertilizer (a somewhat unexpected result) and
more educated heads of household are also more likely to adopt fertilizer. No difference exists between female- and
male-headed households, which is consistent with other studies of fertilizer use in Zambia (Jayne and Rashid, 2013;
Xu et al., 2009b). Larger households are also significantly more likely to use fertilizer. All three variables relating
to wealth, including ownership of livestock, land holdings, and gross income are positive and statistically significant.
Propensities for households to use fertilizer increased in both 2004 and 2008 relative the base year. Relative to the
Western Province, all provincial fixed effects are statistically significant and show higher use of fertilizer.

Results for the application of fertilizer are not as significant and presented in the third column of Table 2. Only
a few household characteristics are statistically significant, including larger households (p = 0.10), wealthier house-
holds, and interaction terms between maize planted and the panel year. Households that cultivate more land also apply
significantly less fertilizer per hectare. Four of the eight provincial fixed effects are also statistically significant. It is
not very easy to determine the impact of these significant variables on fertilizer use per hectare based on the parameter
estimates alone for this hurdle. Instead, average partial effects are computed, discussed, and presented in Table 3. The
average partial effect for most statistically significant household characteristics is small, with limited additional fertil-
izer per hectare being applied. Each additional household member leads to a 1.83 fertilizer (kg) per hectare increase.

5Note, however, that due to the proximity of some districts, the same weather data – and hence the same index insurance contract – serve
multiple districts; specifically, out of 70 districts in the data, there are 56 distinct locations for the measurement of weather data.

6In addition, it may be the case that excessive – not deficit – rainfall in the harvest period is more likely to negatively affect production. See,
e.g., Cole, Stein, and Tobacman (2011), which discusses an excess rainfall provision built into Indian index insurance contracts where heavy rain
was found to damage crops near harvest time.

7While the weather data isn’t distinct for all districts, fertilizer expenditure is, and therefore the different payment schedules result in different
contracts even for districts that share the same weather data. In addition, we eliminate two districts from this exercise, Sesheke and Shangombo, as
zero fertilizer sales are reported in the data for these districts.
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Cultivating more land also leads to approximately 2.24 more kilograms of fertilizer per hectare. While the average
partial effect for income seems extremely small, an increase in income of approximately $25 leads to increased fertil-
izer use of approximately 4.4 kilograms of fertilizer per hectare. Provincial effects are much larger. Households living
in the Central, Copperbelt, Luapula, and Northern provinces all apply roughly an additional 100-120 kg of fertilizer
per hectare of soil compared to the Western province. The North Western province also applies more fertilizer (60 kg
per hectare) than the Western province, but less than other significant regions.

7.2. Simulating Index Insurance Coverage

Using the estimated coefficients from the double hurdle model – specifically, the estimate for the effect of gross
income on both fertilizer uptake and intensity – we use the corresponding weather data to determine what the hypo-
thetical net payment (indemnity less premium) would be to a household holding a mandatory index insurance contract.
We include the net insurance payment in the gross income component of the fertilizer demand equations to come up
with a new likelihood of fertilizer adoption and rate of fertilizer use per hectare.

When we adjust the household’s wealth to include coverage by a hypothetical index insurance contract, we find
lower fertilizer use and application rates across the sample. This is because, for the available years of data, rainfall
was sufficient so as to not trigger indemnity payments. Thus, households have a negative net change in wealth from
index insurance purchase as they pay a an upfront premium but receive no subsequent payment.

8. Conclusion and Implications

In light of the importance of increases in agricultural productivity in SSA, we explore the use of index insur-
ance as a means to increase fertilizer use among smallholder farmers in Zambia. However, index insurance requires
upfront payment of a premium, in combination with an uncertain future payoff; thus, it can be the case that liquidity-
constrained, risk-averse farmers will invest less in productive inputs if the purchase of insurance coverage becomes a
condition for the purchase of such inputs. Our results are similar to other studies that examine the effect of mandatory
insurance on household decisions.8 Thus, while the current program of fertilizer subsidies in Zambia has not resulted
in the desired level of expansion and intensification of fertilizer use, index insurance may not be an effective policy
substitute. Future work will expand the research to simulate a series of years of “pseudo-data” for rainfall, from which
we can look at long-run benefits of index insurance under our model specification (i.e., we will be able to examine
how farmers would benefit in the event of an adverse weather event, despite the fact that no such event occurred in
our data series). In addition, we will look at the effects of premium subsidies for index insurance contracts to compare
fertilizer use and application rates across levels of subsidy.

Results of the double hurdle model of fertilizer demand show that households with older, more educated heads,
larger households, and households with more land, gross income, and livestock holdings tend to be fertilizer adopters.
However, we also find that more land results in a lower intensity of fertilizer application, suggesting that households
who do use fertilizer tend to purchase it in fixed amounts, either spreading it out over all of their plots or only applying
it to selected plots. Given a positive (although not significant) coeffiecient for education on fertilizer intensity, it may
be the case that increased agricultural extension may result in increased intensity of fertilizer use. Because gross
income has a positive and significant coefficient in both the uptake and intensity decisions for fertilizer use, the use of
cash transfers and subsidized insurance (or another form of disaster aid that takes on an insurance or safety net role)
may lead to larger increases in fertilizer use on both the intensive and extensive margins.
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Table 1: Summary Statistics by Year

1999/2000 Harvest 2002/2003 Harvest 2006/2007 Harvest
Variable Mean Std. Error Mean Std. Error Mean Std. Error
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Hectares Maize Planted 0.981 1.060 0.852 0.878 1.022 1.237
Central Province = 1 0.133 0.339 0.126 0.331 0.127 0.333
Copperbelt Province = 1 0.069 0.254 0.065 0.246 0.067 0.249
Eastern Province = 1 0.317 0.466 0.294 0.456 0.290 0.454
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Western Province = 1 0.105 0.307 0.105 0.307 0.108 0.310

Note: Weighted results based on different sample sizes depending upon year because the number of households
planting maize varied by year. The sample sizes are: N = 3150, N = 3355, and N = 3441 for the 1999/2000 harvest,
2002/2003 harvest, and the 2006/2007 harvest respectively.

Table 2: Double Hurdle Regression Results

Fertilizer Use Fertilizer Intensity
Variable Estimate Std. Error Estimate Std. Error
Head of Household Age 0.003∗ 0.001 0.034 0.271
Head of Household Education Level 0.054∗∗ 0.006 1.486 0.977
Female Headed Household = 1 -0.004 0.049 -8.279 9.408
Household Size 0.019∗∗ 0.006 2.068† 1.091
Household Owns Livestock = 1 0.127∗∗ 0.048 -11.192 9.510
Total Hectares Cultivated by Household 0.090∗∗ 0.013 -16.239∗∗ 3.023
Household Gross Income (U.S. Dollars) 0.0002∗∗ 0.00002 0.013∗∗ 0.003
2004 Panel Year = 1 0.248∗∗ 0.034 60.718∗∗ 12.086
2008 Panel Year = 1 0.201∗∗ 0.039 45.970∗∗ 11.590
Maize Hectares Planted Interacted with 2004 — — -33.823∗∗ 8.578
Maize Hectares Planted Interacted with 2008 — — -10.099 6.158
Central Province = 1 1.399∗∗ 0.093 99.851∗∗ 30.972
Copperbelt Province = 1 1.316∗∗ 0.104 73.685∗∗ 31.954
Eastern Province = 1 1.106∗∗ 0.088 36.314 30.799
Luapula Province = 1 0.807∗∗ 0.114 170.650∗∗ 32.134
Lusaka Province = 1 1.461∗∗ 0.165 71.037∗∗ 33.898
Northern Province = 1 1.090∗∗ 0.095 162.483∗∗ 30.591
North Western Province = 1 0.664∗∗ 0.104 62.384 34.616
Southern Province = 1 1.003∗∗ 0.095 33.437 31.746
Constant -2.635 0.123 108.160 36.820
∗: Significant at 5 percent level ∗∗: Significant at 1 percent level

†: Significant at 10 percent level
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Table 3: Average Partial Effects

Variable APE Std. Error
Household Size 1.831 0.454
Total Hectares Cultivated by Household 2.244 1.168
Household Gross Income (U.S. Dollars) 0.176 0.002
2004 Panel Year = 1 32.113 4.759
2008 Panel Year = 1 25.257 4.646
Central Province = 1 121.448 8.679
Copperbelt Province = 1 109.274 9.201
Luapula Province = 1 97.973 11.401
Northern Province = 1 115.481 9.537
North Western Province = 1 61.322 10.063
Note: Standard errors are calculated using bootstrapped standard errors.
All results significant at p= 0.05.
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