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1 Introduction

A majority of rural households in developing economies rely on agricultural income and face

significant weather risks. The agricultural income for these households is not only a source of

livelihood, but also a key source of food security. Weather insurance markets have emerged

over the past two decades in an attempt to protect farmers from severe income shocks, but

the penetration and success of such markets remains limited. According to The World Bank,

only six percent of the world’s population working in agriculture was covered by some form of

insurance in 2014—the number is much lower in emerging economies, as wealthier countries

like the US have high levels of coverage with nearly 90 percent of farmers insured in 2016

(USDA Risk Management Agency, 2017).1 The setting of our study is in India, the country

with the largest weather index insurance market covering more than nine million farmers

(Clarke et al., 2012).

In principle, weather-indexed insurance can be provided on any externally measurable

data. For example, recent products use satellite data to observe normalized difference veg-

etation indices. Yet, most of the experience with weather insurance has been with rainfall,

and we use that index as a context for this study. Rainfall shocks are particularly damaging

in rural areas because they can cause entire villages to suffer: a drought (or excess rain) af-

fects not only farm production, but also local prices and the wages offered in non-farm labor.

Because rainfall shocks can be highly localized, they may not garner the political support

needed to trigger governmental safety nets. Thus, agricultural households must consider

rainfall and other idiosyncratic risks in selecting their investments in farm production, wage

labor, and other aspects of their portfolios.

We make three key contributions in this paper to extend the existing literature. First,

1The World Bank statistic is from its Global Findex Report, available here: https://globalfindex.
worldbank.org/archives/2014-global-findex. Statistics specific to rainfall-indexed insurance are more dif-
ficult to obtain. In the US, this insurance type is concentrated in a federal product developed to “provide
livestock producers with a tool to mitigate drought risk”; the product is called the Rainfall Index-Pasture,
Rangeland and Forage. Of the 400 million acres that are in this category (USDA, 2019), about 160 million
acres (FCIC, 2020) were insured by rainfall indexed insurance, implying a coverage rate of about 40%.
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we develop a model of portfolio choices that explicitly incorporates the decision of labor

allocation to own-farm versus wage work. This feature is motivated by the empirical findings

in Kochar (1999) and Johnson (2009), which provide evidence that households use labor

markets to insure individual shocks in farm production. In our analysis, we allow the labor

markets to also insure the rainfall shock in farm production and examine the decision of

the farmer to use this form of labor market “insurance” prior to the realization of shocks.

Throughout, we consider labor allocation as a household decision based on recent work

showing that such decisions depend on household composition (LaFave and Thomas 2016).

With a few simplifying assumptions, we obtain the closed form solutions of the key decision

variables in our model and interpret their comparative statics. For example, the model shows

that agricultural investment declines as the potential earning from wage work increases.

Note that our treatment of labor market options as a form of self-insurance that competes

with index-based insurance is rooted in prior work. Mishra and Goodwin (1997) provides a

model of such decisions, and Kochar (1995) shows that agricultural households are generally

well-insulated from idiosyncratic shocks because of the availability of wage labor. Addition-

ally, De Janvry and Sadoulet (2001) shows that farm households in Mexico regularly engage

in a variety of “off-farm” labor, though their participation is limited by regional demand

for such labor. Labor is so valuable that recent experiments have documented large effects

simply by incentivizing migration during the agricultural lean seasons (Bryan, Chowdhury

and Mobarak, 2014) or by making such migration easier through improving road infrastruc-

ture (Brooks and Donovan, 2017). The unique aspect of our application is the interactions

of decisions on labor allocation to own farm versus wage work, purchase of rainfall-indexed

insurance, and agricultural investment.

Our second contribution is modeling the labor allocation decision under wage uncertainty.

We allow for wages to be affected by rainfall shocks, more closely mirroring the village econ-

omy (Townsend, 1994). Research shows that both wages and labor demand volatility increase

with access to insurance since it encourages farmers to switch to higher-risk crops, making
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wage parameters of particular interest (Mobarak and Rosenzweig, 2013). There is much

additional evidence that wages respond to rainfall shocks in agricultural economies. For

example, Kaur (2017) uses data from Indian villages to show that wages not only respond to

rainfall shocks, but when wages decrease, they stay low even when agricultural productivity

improves. Relatedly, Jayachandran (2006) shows that the poor may actually subsidize the

rich following rainfall shocks in village economies due to reduced wages. There are also in-

teractions with social insurance. For example, prior research has shown that India’s national

work program, which provides a guarantee of some wage employment, encourages riskier

and more profitable crop choices among farmers (Gehrke 2017). In this paper, we focus on

another margin of adjustment: the allocation of work to wage labor impacted by rainfall

risk.

Our third contribution is a set of numerical analyses, which we conduct by calibrating

the model parameters to household survey data from a large field experiment on rainfall-

indexed insurance (reviewed comprehensively in Tobacman et al. 2017). The experimental

setting was in the western state of Gujarat in India, and comprehensive information on la-

bor allocation, earnings, and agricultural investments are available for a nine-year panel on

about 800 households. We use the calibrated model to analyze counterfactuals related to

the availability of wage labor, the sensitivity of wage risk to rainfall, insurance access, the

insurance loading factor, and production shocks. We find that insurance is most important

in promoting agricultural investment when wages are low, or when wages are very sensitive

to rainfall risk. We also find that households are willing to accept a greater level of rainfall

risk and remain invested in own-farm work when insurance is available. The numerical anal-

yses are supported by regression analysis on field experimental data showing that insurance

purchase decreases with the availability of wage employment opportunities, increases with

wage sensitivity to rainfall risk.

Taken together, our results shed light on a previously understudied aspect of the agri-

cultural household’s portfolio: the labor allocation to (risky) wage work, and the interaction
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of available wages with insurance. In doing so, we contribute to a broader literature. For

example, there are many information problems in the provision of insurance, but the litera-

ture has generally focused on asymmetry from the insurer’s perspective about the risk level

of the buyer. In the present context, however, the problem is that the buyer has heteroge-

neous valuation based on labor market and other conditions. This problem doesn’t affect

the insurability of the client—index insurance is immune to such concerns—but does present

challenges for both the buyer (in determining how valuable the insurance product is) and for

the insurer (in determining which markets of clients might find the product most appealing).

Our analysis directly addresses these questions.

There have also been wider efforts to evaluate the effectiveness of microinsurance (Eling,

Pradhan and Schmit 2014; Biener and Eling 2011; Zanjani and Koven 2013), its challenges

(Cole 2015), and how it should be regulated (Biener, Eling and Schmit, 2014). Our paper

fits within this literature examining the potential for microinsurance in reducing the income

risks faced by the poor.

The rest of this paper is organized as follows. Section 2 provides background on rainfall-

indexed insurance, highlighting contributions from prior literature. Section 3 introduces a

model of farmer portfolio decisions with a focus on insurance purchase in the presence of risky

wages—this section also presents the first order conditions and comparative statics, and two

propositions stemming from the model. Section 4 presents the model calibration using data

from a field experiment; a subsection here shows the stylized facts on insurance purchase and

labor market conditions. Section 5 contains the numerical results, with subsections showing

how the model decisions respond to the parameters related to rainfall risk, labor market

conditions, production shocks, and the loading factor. Section 6 concludes and offers some

areas for future research.
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2 Background on Rainfall-Indexed Insurance

In this section, we provide background on the rainfall-indexed insurance product. We specif-

ically highlight additional findings from prior literature on how the product affects portfolio

decisions of agricultural households.

The basic idea of rainfall insurance, a microinsurance product, is to offer small-scale

farmers an opportunity to receive a payout in case of a rainfall shock. Since the payouts

in rainfall-indexed insurance are based only on the amount of rainfall in the policyholder’s

locality, two key concerns otherwise prevalent in insurance markets can be avoided: the

purpose of the policy structure is to reduce the scope for adverse selection or moral hazard.

Such possibilities still exist, however, as research finds evidence of intertemporal adverse

selection in some index insurance markets where demand is conditional on weather forecasts

that are not priced in the contract (Norton, Turvey and Osgood 2013; Osgood et al. 2008;

Jensen, Mude and Barrett 2018). Adverse selection in rainfall-indexed insurance can also

occur when pricing varies across markets because of variation in historical data quality. By

contrast, these problems loom large in alternative products such as crop insurance (Makki

and Somwaru, 2001) and in microinsurance products more generally (e.g., Yao, Schmit and

Sydnor 2017). Additionally, the single-index metric enables quick payouts without need for

a claims process, making the product an attractive option for farmers with limited resources.

There is a significant body of work examining the decisions of agricultural households,

and the extent to which rainfall-indexed insurance may be effective in achieving its goals.

A number of papers use data from randomized controlled field experiments in developing

countries to estimate the impact of insurance access on take-up and purchasing patterns,

riskier crop choices2, and other outcomes (Cole, Stein and Tobacman 2014; Cole et al. 2013;

Gaurav, Cole and Tobacman 2011; Giné and Yang 2009; Giné, Townsend and Vickery 2008;

2For example, Cole, Giné and Vickery (2017) shows that farmers, particularly those who are educated,
invest in riskier but higher return crops with insurance access. We note that when such behavior occurs, it
should not be thought of as moral hazard for index insurers. On the contrary, encouraging such behavior is
generally an intended goal of weather insurers and policymakers.
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Dercon et al. 2014). For example, Janzen, Carter and Ikegami (2020) finds that index

insurance is worth subsidizing because it reduces poverty by shifting household portfolio

allocations between less risky and more risky assets. In other related work, Karlan et al.

(2011) examines the potential of a different product, crop indemnified loans, to provide a

form of insurance against agricultural risks. Generally, these papers document limited effects

of insurance access on expected outcomes due to low take-up, as summarized in Cole, Giné

and Vickery (2017). We note that in recent work, Carter, Cheng and Sarris (2016) finds that

credit access and low idiosyncratic risk are important factors in identifying settings where

insurance is most valuable.

Two recent papers examining the impact of price structures on weather insurance take-

up among agricultural households are worth particular mention. Both papers use data

from field experiments. Casaburi and Willis (2018) finds that allowing premiums to be

paid at harvest as opposed to at the start of the agricultural season increases take-up from

5% to 72%. The authors note that some of this increase is attributable to present bias

preferences, though the majority of the effect comes from removing liquidity constraints.

The increase in take-up from this simple intervention is massive, and worth keeping in mind

as we evaluate alternative policies to increase take-up. Cai, De Janvry and Sadoulet (2020)

finds that subsidized insurance is important because it encourages take-up by alleviating

liquidity constraints and inducing demand via the lower premium. These purchases increase

the chance of receiving a payout, an experience that the authors find permanently increases

take-up of weather insurance even when non-subsidized.

Our work is also related to the more general literature on catastrophic insurance. In

particular, one related paper uses data on homeowners’ insurance from the US state of

Florida to document that people buy more insurance following a catastrophe due to mis-

takes in inferring the future probability of such events (Dumm et al., 2013). Several other

papers on rainfall-indexed insurance are theoretical, and our work is most closely related

to these papers. Empirically, we note that all weather insurance products are reinsured
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and none have (yet) defaulted. Still, our paper represents a best-case scenario for weather

insurance in some ways; to the extent that default risk is an issue, then the details of how

that would affect premiums and other outcomes are explored in Liu and Myers (2016) and

Golden, Wang and Yang (2007). For example, currently the weather insurance market is

served by private companies, though there is a risk of correlated payouts (as studied in Col-

lier, Katchova and Skees 2011) if these companies are not sufficiently diversified. Within

the theme of supply-side interventions, Collier (2020) finds that strengthening lender-level

insurance markets could help mitigate the credit supply shocks that frequently accompany

natural disasters. In other related work, Nicola (2015) studies the impact of liquidity shocks,

basis risk, and insurance loading factors on farmer decision-making in a dynamic framework,

and Carriquiry and Osgood (2012) examine how the reliability of rainfall forecasts impacts

insurance decisions. Clarke (2016) is also closely related in studying the impact of basis risk

on risk-averse farmers’ decisions to purchase rainfall insurance.

3 A Model of Portfolio Decisions

In this section, we construct a model of farmer decision-making with a focus on insurance

purchase in the presence of wages that are sensitive to rainfall risk. We detail the agricul-

tural production function and model state spaces. We also derive the necessary first order

conditions and explore comparative statics that yield two propositions.

Households earn income from two sources in our model: agricultural production and

wage labor. Each source of income is subject to rainfall risk at varying levels.3 Agricultural

production is subject to three binary shocks: rainfall (correlated), idiosyncratic (uncorre-

lated), and safety. The first two shocks, noted by events δc and δu if realized, wipe out all

agricultural income. The rainfall shock captures the loss to agricultural production from

either too little or too much rainfall, and the idiosyncratic shock represents any non-rainfall

3As shown in Doherty and Schlesinger (1983), households in our model will tend to over-insure because
of the correlation between this background risk in wages and the insurable risk in agricultural production.
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shock such as animal damage to crops or poor quality seeds. This term also captures basis

risk resulting from factors such as microclimates causing a mismatch between rainfall levels

experienced at the farm and the levels measured and used for insurance payout calculations.

The third shock is the safety shock, noted by event δs, and it captures the scenario in which

the farmer is “saved” from a rainfall shock because of factors such as successful investment

in irrigation or drought resistant seeds. The safety shock generates the possibility that the

farmer receives an insurance payout even without agricultural production loss.

One way to think about the safety shock is that it is an exogenous protection to the rainfall

shock. There are many conceptual possibilities: the farmer may receive disaster relief from

the government, a key political issue in Indian villages as shown in Cole, Healy and Werker

(2012). Or, family remittances may offset losses due to rainfall shocks as shown in Yang and

Choi (2007). In our model, we will numerically calibrate the safety shock to protection in

agricultural production (not income more generally) in response to a rainfall shock. Such

protection could be the result of endogenous investments that require an exogenous shock

to be successful. For example, a farmer could invest in a borewell, but for the investment

to be protective, the rainfall shock cannot be preceded by a spell of weather that is too

dry. Alternatively, a farmer could invest in an irrigation system, but electricity may need to

remain available for this investment to be protective of a rainfall shock. The safety shock is

thus modeled as exogenous (conditional on a rainfall shock), though we acknowledge in the

medium-run farmers have choice over the relevant input investments.

It is worth pointing out that the way we model basis risk is different from prior literature.

The standard approach has been to model this risk as an error term (which can take positive

or negative values) in the relationship between agricultural production and the insurance

contract index, and to measure basis risk using the covariance in this relationship (e.g.,

Jensen, Mude and Barrett 2018). Our setting is well suited to consider basis risk because

the labor market wages, a key focus of our model, may also be affected by the rainfall shock.

As such, it is possible that the rainfall index has greater correlation with village-level wages
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rather than agricultural production for some households. For this reason, we depart from

the traditional models of basis risk and instead introduce this model component through

what we call a safety shock as described above. This safety shock is nested such that it can

only occur as a protective event in the case of a rainfall shock.

As mentioned, in our model wage labor is risky and subject to rainfall risk. To see why,

consider a village suffering from drought. Not only does the potential for farm income suffer,

but because the community has correlated wealth, all other jobs also offer dampened wages;

this is especially likely to be true if most wage labor is agricultural. Households have access

to rainfall-indexed insurance and can diversity their portfolios (e.g., via labor allocation to

wage work) to mitigate their risk. In reality households may also have access to informal

insurance, which we do not model; such insurance is unlikely to help with the correlated

rainfall shock but may be valuable for the idiosyncratic shock (though perhaps less so, since

we only examine large shocks).

The random shocks in the model yield eight possible states depending on whether the

farmer experiences the (correlated) rainfall shock (δc = 1) which occurs with probability pc,

the (uncorrelated) idiosyncratic shock (δu = 1), which occurs with probability pu, or the

safety shock (δs = 1) which occurs with probability ps. Since the rainfall and idiosyncratic

shocks create no additional loss if they both occur, the probability with which agricultural

income is wiped out is given by pu+pc(1−ps)−pupc(1−ps). Next, we outline the agricultural

production function and the household’s optimization problem.

3.1 Agricultural Production

Agricultural production from own-farm work is Cobb-Douglas and a function of two decision

variables: the amount of farm capital investment, k, and the amount of labor allocation to

own-farm work, d ∈ [0, 1]. Each of these inputs has return α1 and α2, respectively. There

is also a total productivity factor of A. Agricultural production is thus y = Akα1dα2 , and

differences in land or other inputs are captured by k. The risks in production come from
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the probabilities of rainfall and idiosyncratic shocks, which we show in the next section.

We make this functional form assumption to investigate comparative statics with reasonable

parametrizations, but these assumptions generalize to a broad class of production functions

beyond those that are Cobb-Douglas.

3.2 Portfolio Optimization

The household earns income from agricultural production and wage work, and there are

three decisions made to maximize utility: (1) the amount of farm capital investment, k, (2)

the amount of labor allocation to own-farm work, d, and (3) the amount of rainfall-indexed

insurance to purchase, i. All of these decisions are made at the start of the agricultural

season, prior to the realization of any shock; while this setup reflects some of the realities in

farmer decision-making, a limitation is that there is no ex-post labor adjustment as has been

shown in Ito and Kurosaki (2009) and Rose (2001). However, we think that it is important to

consider ex-ante labor decisions as these are made in conjunction with agricultural investment

and rainfall-indexed insurance, the other two key decisions in our model.

In our model, the household has amount x in cash-on-hand available at the start of each

season. Rainfall-indexed insurance is available with a loading factor of L and pays out i, the

amount of insurance purchased, if the rainfall shock is realized. Also, the income from wage

work is given by W , which can dampen by a factor ω ∈ [0, 1] in case of a rainfall shock.

This parameter ω ports an interesting insight from Doherty and Schlesinger (1983) to our

setting. In particular, that paper raises the potential of a background risk that is positively

correlated with an insurable risk, and in that case, the individual might purchase more than

full coverage on the insurable risk. We do not observe this behavior in the numerical analyses

that follow due the model parameters, but the insurance still offers a portfolio-level hedge

for a household whose income is partially diversified between own-farm and off-farm labor.

We assume α2 < 1 in agricultural production, as prior literature indicates that it equals 0.4
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Table 1: Model states and associated probabilities

S Budget Condition Probability

1 x− k + dα2Akα1 − (1 + L)pci+ (1− d)W δc = δu = 0 (1− pc)(1− pu)

2 x− k − (1 + L)pci+ (1− d)W δc = 0, δu = 1 (1− pc)pu

3 x− k − (1 + L)pci+ i+ (1− d)W (1− ω)
δc = 1, δu = 1 or pcpu

δc = 1, δs = 0, δu = 0 +pc(1− ps)(1− pu)

4 x− k + dα2Akα1 − (1 + L)pci+ i+ (1− d)W (1− ω) δc = 1, δs = 1, δu = 0 pcps(1− pu)

as described in Section 4.4

The rainfall shock occurs with probability pc and the idiosyncratic shock occurs with

probability pu. The four possible states are listed in Table 1. The table also lists the farmer’s

consumption budget constraint in each state. The first row in the table represents the state in

which neither shock occurs. The second row is the state in which only the idiosyncratic shock

occurs. The third row is the state in which either (i) both the correlated and idiosyncratic

shocks occur, or (ii) the correlated shock occurs but the safety or idiosyncratic shocks do not

occur; we can collect these terms because in either case, all agricultural income is wiped out

and there is an insurance payout. The fourth row represents the state in which the rainfall

and safety shocks occur, but the idiosyncratic shock does not occur.

The household’s expected utility over the three shocks in the model is given by the

weighted probabilities of these four states:

E[u(c)] = (1− pc) (1− pu) · u
(
x− k + dα2Akα1 − (1 + L)pci+ (1− d)W

)
+ (1− pc) pu · u

(
x− k − (1 + L)pci+ (1− d)W

)
+ (pcpu + pc (1− ps) (1− pu)) · u

(
x− k − (1 + L)pci+ i+ (1− d)W (1− ω)

)
+ pcps (1− pu) · u

(
x− k + dα2Akα1 − (1 + L)pci+ i+ (1− d)W (1− ω)

)
. (1)

Since the household must optimize k, d, and i, we take first order conditions with respect

4If α2 = 1, then the solution to the labor allocation decision d is a corner solution depending on whether
Akα1 > W or Akα1 < W .
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to these choices (assuming interior solutions):

∂E[u(c)]

∂k
= (1− pc) (1− pu)

(
Aα1 (d∗)a2 (k∗)α1−1 − 1

)
· u′1

− (1− pc) pu · u
′

2 − (pcpu + pc (1− ps) (1− pu)) · u
′

3

+ pcps (1− pu)
(
Aα1 (d∗)a2 (k∗)α1−1 − 1

)
· u′4 = 0, (2)

∂E[u(c)]

∂d
= (1− pc) (1− pu)

(
Aα2 (d∗)a2−1 (k∗)α1 −W

)
· u′1

− (1− pc) puW · u
′

2 − (pcpu + pc (1− ps) (1− pu))W (1− ω) · u′3

+ pcps (1− pu)
(
Aα2 (d∗)a2−1 (k∗)α1 −W (1− ω)

)
· u′4 = 0, (3)

∂E[u(c)]

∂i
= − (1− pc) (1− pu) (1 + L)pc · u

′

1 − (1− pc) pu(1 + L)pc · u
′

2

+ (pcpu + pc (1− ps) (1− pu)) (1− (1 + L)pc) · u
′

3

+ pcps (1− pu) (1− (1 + L)pc) · u
′

4 = 0, (4)

in which the terms u
′
1, u

′
2, u

′
3, and u

′
4 are the derivatives of the utility function in each

of the four possible states.5 Armed with these first order conditions, we can make further

simplifying assumptions to examine the model’s comparative statics.

3.3 Comparative Statics

We provide two analytical results in the section through Propositions 1 and 2. To derive

Proposition 1, we make two simplifying assumptions: we assume that the household faces

no idiosyncratic or safety shock, i.e., pu = 0, ps = 0. We engage in this exercise to study

the household’s purchase of rainfall-indexed insurance when rainfall is the only production

shock. We later also assume that the rainfall-indexed insurance is actuarially fair. From

5These derivatives are given by: u
′

1 = u
′(
x − k∗ + A (d∗)

a2 (k∗)
a1 − (1 + L)pci

∗ + (1− d∗)W
)
, u

′

2 =

u
′(
x − k∗ − (1 + L)pci

∗ + (1− d∗)W
)
, u

′

3 = u
′(
x − k∗ − (1 + L)pci

∗ + i∗ + (1− d∗)W (1 − ω)
)
, u

′

4 =

u
′(
x− k∗ +A (d∗)

a2 (k∗)
a1 − (1 + L)pci

∗ + i∗ + (1− d∗)W (1− ω)
)
.
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equation (4), we obtain the following equivalence:

(1− pc) (−(1 + L)pc) · u
′

1 + pc (1− (1 + L)pc) · u
′

3 = 0⇒
u
′
1

u
′
3

=
(1− (1 + L)pc)

(1− pc) (1 + L)
. (5)

The right-hand-side of (5) is a decreasing function of the loading factor L:

∂
(

(1−(1+L)pc)
(1−pc)(1+L)

)
∂L

= − 1

(1− pc) (1 + L)2
, (6)

meaning that as expected, increases in the loading factor lead to lower utility in both states.

Proposition 1. With actuarially fair insurance (L = 0) and in the absence of idiosyncratic

and safety shocks (pu = 0, ps = 0), the optimal values for the decision variables are given

by:

i∗ = A (d∗)a2 (k∗)a1 + ω (1− d∗)W, (7)

k∗ =

((
B

1
α2−1

1

)
B2W

) α2
α1+α2−1

, (8)

d∗ =
(
B1 (B2W )

1
α1

−1
) α1
α1+α2−1

, (9)

where

B1 =
1

Aα1 (1− pc)
, (10)

B2 =
1− pcω

Aα2 (1− pc)
. (11)

If α1 + α2 − 1 < 0, then both k∗ and d∗ are decreasing functions of W ; intuitively, this

makes sense because a larger wage opportunity decreases the relative attractiveness of own-

farm production. We also observe that as the rainfall risk to wage labor ω increases, both k∗

and d∗ increase. This is because increases in ω decrease the relative attractiveness of wage
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work. Note that these results are limited to the case with actuarially fair insurance and no

idiosyncratic shock.

There are two theoretical predictions based on Proposition 1. First, in the absence of the

idiosyncratic and safety shocks, the farmer will fully insure the farm. Second, the amount

of insurance coverage purchased by the farmer is an increasing function of the rainfall risk

to wages.

It is also important to note that because of the idiosyncratic shock, the farmer is unlikely

to buy full insurance. To see this, we examine how the agricultural investment and labor

allocations respond to parameters when there is no loss in market wages as a result of

the correlated shock, i.e., ω = 0. (For this second proposition, we reintroduce both the

idiosyncratic shock pu and the safety shock ps.)

Proposition 2. With actuarially fair insurance (L = 0) and in the absence of wage risk

(ω = 0), the farmer will not fully insure agricultural production.

This proposition shows that if there is no wage risk, the farmer does not fully insure

agricultural production, even if insurance is actuarially fair. This is a unique feature of the

model; rather than insurable and uninsurable losses leading to separate losses (independent

or not), they affect the same object—agricultural production. Therefore, in the presence of

idiosyncratic shock, the farmer reduces the agricultural investment rather than fully insuring

production.

To see the intuition behind the results, consider a simple model in which there is only

the idiosyncratic shock, pu, and agricultural investment, k. The farmer’s expected utility is

given by:

E[u(c)] = (1− pu) · u (x− k + Akα1) + pu · u (x− k) . (12)

Suppose pu → 1, then we have E[u(c)] → pu · u (x− k), which is maximized when k → 0.

That is, as the uninsurable risk becomes too large, the farmer stops investing in agriculture.

In what follows, we examine comparative statics and economically relevant counterfac-
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tuals of the full model using real-world data. The main reason that we undertake a series

of numerical analyses is because the analytical predictions are not clear when the insurance

payout is correlated with other possible income, such as that from wage labor in this model

(Mayers and Smith Jr, 1983).

4 Model Calibration

In this section, we calibrate the model parameters using data from household surveys col-

lected through a field experiment on rainfall-indexed insurance, summarized in Tobacman

et al. (2017). We also present stylized facts on insurance purchase under certain labor market

conditions related to the model’s core contributions.

The experimental data comes from an extended randomized controlled field trial with

rainfall-indexed insurance. The study provided access to insurance in 52 villages (with 48

villages kept as a control group) in the Indian state of Gujarat from 2006 to 2014. A total

of 788 households were surveyed extensively each year on agricultural investments, earnings,

consumption, and many other behaviors. These data provide useful information on wages

and farm revenue, but a drawback is their representativeness: the sample was selected to

be large enough to generate analyses with internal validity, not to extrapolate to a broader

population.

The calibrated model parameters are shown in Table 2. Because there is a large pos-

sible range for most of the values, we conduct robustness to a range of parametrizations.

We begin by calibrating the cash-on-hand and wage variables. Since our model represents

investment decisions about one agricultural season, the cash-on-hand x is given by average

total expenditures |106,367.60 from the data. We normalize this amount by average re-

ported wage revenue W , which is |19,927.06. Thus, the normalized cash-on-hand x is given

by 106,367.60
19,927.06

= 5.3.

The probability of a rainfall shock, calculated as the percentage of time households report
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crop loss due to rainfall, is 0.36. We obtain this estimate from the household survey which

asked respondents to assign probabilities to three possible rainfall outcomes: “dry”, “rain”,

and “flood”. On average, the reported probabilities were 0.14, 0.64, and 0.22, respectively.

Since either “dry” or ”flood” could lead to catastrophic losses, we estimate the probability

of a rainfall shock to be pc = 0.14 + 0.22 = 0.36.6

The probability of experiencing a safety shock (i.e., receiving a rainfall shock, but not

being affected by it) is 0.4. We base this estimate on a survey question in wave 4 of the data:

“what was the value of crop loss (rupees) due to poor rainfall last year?”. Using this number,

we can estimate the magnitude of the farmer’s loss. In Figure 1, we plot the fraction of farm

revenue lost as a function of rain quality (1 to 10 scale, where 1 is worst) in the last season

(“kharif” is the June to October agricultural season); we observe a discontinuity around

the quality level of 5. Thus, we define ps to equal the fraction of farmers who received poor

rainfall (quality level 4 or below) but did not report substantial agricultural loss due to “poor

rainfall”. We observe that about 40.1% of farmers experience no substantial loss—more than

5% loss of farm revenue—even with low quality rain, so we calibrate ps = 0.4.

The probability of a large idiosyncratic shock, pu, is 0.1 (recall that either shock wipes

out all agricultural income, so we are only interested in large shocks) and is calculated

as the probability of large crop losses not due to rainfall. This value is derived from the

observation that 9.88% of respondents reported a loss of more than 50% of their crops despite

good rainfall quality, i.e., rainfall quality of level 5 or above. The calibration of idiosyncratic

risk represents meaningful non-rainfall risk, as has been observed in practice; for example,

other risks could include animal damage to farm output or poor quality seeds.

The next three parameters deal with the agricultural production function. Since we

observe a range of agricultural inputs (seeds, fertilizer, other investments) in own-farm pro-

6Note that while we calibrate the probability of a rainfall shock to be 36%, it may be unlikely that there is
such a large probability of complete agricultural loss. We make two points in response to this concern. First,
the 36% loss is independent of the other shocks—so if there is a safety shock, as many farmers experience,
the actual probability of loss is lower. Second, we show how the model variables respond to the full range
(0 to 1) of this correlated shock pc in the numerical analysis.
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Figure 1: Fraction of farm revenue lost by rain quality

Notes: Figure shows the fraction of farm revenues lost by quality of rain.
Rain quality is between 1 and 10; The extreme values of 1, 9, and 10 have
small sample sizes and wide confidence intervals, so, for ease of presentation,
they are lumped together with their closest bucket.

duction and have information on the resulting agricultural production (revenues and profit),

we can make a few assumptions to calibrate these parameters. In particular, Nicola (2015)

estimates α1, the return to capital, to equal 0.39, so we take this estimate from that paper

and round it to equal 0.40 for our model. We then set α2 = 0.4 to have a similar return to la-

bor. We do this based on work by Banerjee, Gertler and Ghatak (2002), which suggests that

smaller farms experience decreasing returns to scale in agricultural production (note that

because α1 +α2 = 0.8 < 1, the Cobb-Douglas production function has decreasing returns to

scale).

The final agricultural production parameter—the total factor productivity A—is cali-

brated to equal 4. We begin by calculating average total farm revenue from the control

villages, which equals |31,949. We then adjust this amount by the probability that crops

survived in our model, which is (1 − pu) × ((1− pc) + (pc × ps)) = 0.71. Thus, the average

farm revenue with no production shock equals |31, 949/0.71 = |45, 279. All monetary values

in the calibration are normalized by the wage revenue, so the average scaled farm produc-

tion is given by 45, 279/19, 927 = 2.3. By plotting farm production for different values of A
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assuming optimal d and k values (without insurance) in Figure A.1, we observe that A = 4

yields the total farm revenue of 2.3.

Next, we require information on wage risk. To determine ω, we examine the following

survey question: “Did the rain affect the availability of work for laborers?”. We find that

83% of respondents reported “yes”, supporting the idea of correlated shocks affecting the

village labor market. We verified this relationship by calculating that wage revenue for

the respondents who reported rainfall affected wages was 16% lower (|12,314 compared to

|14,320). Therefore, we set ω = 0.16. Because the wage parameters are the focus of our

paper, we conduct a full sensitivity analysis and explore cases where ω ∈ [0, 1].

Finally, we require a loading factor. The loading factor in most experiments with rainfall-

indexed insurance has been negative (the product was subsidized), but in this exercise we

are interested in a sustainable insurance product to examine steady-state responses. Thus,

we select a loading factor of 5% for the main analyses and explore the range of values from

-20% to 50%, where the negative values indicate subsidized insurance.

We simulate three portfolio decisions using these parameters, shown in Table 3. Since

there is no saving or borrowing in this model, agricultural investment must be less than

or equal to the cash-on-hand. Households are not able to purchase negative amounts of

insurance, and the labor allocation to own-farm work is constrained to be a proportion

between 0 and 1.

4.1 Compatibility with Stylized Facts

Here, we show that our model predictions and numerical results to follow are in line with

the stylized facts about the relationship between labor market conditions and insurance. We

begin with the raw data plots in Figure 2: Panel A shows that the fraction of farmers who

buy insurance falls from 44% to 30% as the percent of revenue coming from wages increases

from below 10% to above 90%. Panel B shows that the fraction of farmers who buy insurance

is higher (33% versus 38%) for those who indicate rainfall sensitivity to wages. The survey
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Table 2: Model Parameters and Calibrated Values

Parameter Notation Value Range Studied

Cash-on-hand x 5.3

Shocks:

Probability of rainfall shock pc 0.36 [0,1]

Conditional probability of safety shock ps 0.40 [0,1]

Probability of idiosyncratic shock pu 0.10 [0,1]

Insurance and Labor Market :

Insurance loading factor L 0.05 [-0.2,1]

Possible wage earnings W 1 1, 2

Sensitivity of wages to rainfall shock ω 0.16 [0,1]

Agricultural Production:

Return to capital α1 0.4

Return to labor α2 0.4

Total factor productivity A 4

Notes: Model parameters are calibrated using household survey data on a randomized controlled field
experiment offering rainfall-indexed insurance to agricultural households in rural India. Monetary
amounts in the model are in tens of thousands of Indian rupees; 1 USD ≈ 70 Indian Rupees (|) in
2018. In some analyses, we examine low versus high wage earnings; in these analyses, Wlow = 1 and
Whigh = 2. We also examine low versus high sensitivity of wages to the rainfall shock; in these analyses,
ωlow = 0.1 and ωhigh = 0.7.

variable used to create Panel B is “Did the rain affect the availability of work for laborers?

[in the previous year]”, a question to which 83% of respondents said “yes”.

We conduct basic regression analyses to formalize these relationships in Table 4. We

continue to observe that wage availability reduces insurance demand, while wage sensitivity

to rainfall increases insurance demand. The dependent variable in the regressions is whether

the farmer purchased any rainfall-indexed insurance. The independent variables are (1) wage

revenue fraction and (2) wage sensitivity to rainfall, plotted on the horizontal axes of Figure

2. The latter variable is only available for the second through sixth waves of the experiment,

so our analysis is limited to this sample. It is also restricted to those households that were

offered the opportunity to purchase rainfall-indexed insurance as part of the field experiment.

We present several specifications in Table 4. Column (1) shows the specification with
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Table 3: Portfolio Choices and Model Constraints

Decision Variable Notation Constraints

Agricultural investment k∗ k ≥ 0

Amount of insurance purchase i∗ i ≥ 0

Labor allocation to own-farm d∗ d ∈ [0, 1]

only the wage revenue fraction, column (2) with only the wage sensitivity to rainfall, and

column (3) with both variables. Panel A presents the OLS analysis, Panel B includes farmer

random effects, and Panel C includes farmer fixed effects. The results are stable across

specifications, so we interpret column (3) in Panel C—the model with both independent

variables and farmer fixed effects. We find that as the fraction of farmer’s income from

wages increases by 10 percentage points (an 18% effect size as the average is 54%), the

probability of the farmer buying any rainfall insurance decreases by 1.2 percentage points

(3.4% effect size as the average fraction of insurance purchase is 35%). Also, farmers who

perceived rainfall to affect work availability were 3.4 percentage points more likely to buy

rainfall insurance (9.7% effect size).

We acknowledge that while the stylized facts in the field experiment data are compatible

with the present model, the external validity remains an open question. Yet, prior work

documents significant wage sensitivity to rainfall in village economies (Kaur 2017, Mobarak

and Rosenzweig 2013) that help support this model’s predictions in broader contexts.
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Figure 2: Insurance purchase decisions as a function of wage revenue

Panel A Panel B

Notes: The y-axis in both panels is the fraction of farmers who purchase insurance; vertical bars
indicate 95% confidence intervals calculated from the raw data. Panel A divides the farmers by the
fraction of their revenues that that come from wages. Panel B divides the farmers by whether they
stated that rain affected work availability. Both plots consist of households from villages offered
rainfall-indexed insurance via the field experiment described in Tobacman et al. (2017).

21



Table 4: Impact of wage and wage risk on insurance purchase

Whether bought rainfall insurance
(1) (2) (3)

Panel A: OLS

Wage Revenue Fraction -0.117∗∗∗ -0.120∗∗∗

(0.022) (0.024)

Wage Sensitivity to Rainfall 0.046∗∗∗ 0.031∗

(0.017) (0.018)

Panel B: Random Effects

Wage Revenue Fraction -0.112∗∗∗ -0.126∗∗∗

(0.021) (0.023)

Wage Sensitivity to Rainfall 0.042∗∗∗ 0.033∗∗

(0.015) (0.016)

Panel C: Fixed Effects

Wage Revenue Fraction -0.093∗∗∗ -0.133∗∗∗

(0.028) (0.032)

Wage Sensitivity to Rainfall 0.035∗∗ 0.034∗

(0.018) (0.019)

Observations 4,777 4,221 4,021

Notes: Household-wave level regressions. The dependent variable is whether
the household bought any rainfall insurance; the mean is 35%. Panels A,
B, and C show OLS, random effects, and fixed effects models, respectively.
Standard errors are robust and clustered at the household level. The sample
consists of households from villages offered rainfall-indexed insurance via the
field experiment described in Tobacman et al. (2017).∗ p < 0.10, ∗∗ p < 0.05,
∗∗∗ p < 0.01.
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5 Numerical Results

In this section, we analyze counterfactuals related to rainfall risk (probability of correlated

shock), labor market conditions (total possible wages and wage sensitivity to rainfall risk),

and the insurance loading factor. We present and discuss the results in this order.7

We return to the full model and undertake a number of simulation exercises to investigate

the interactions between the model parameters and decision variables. The key innovation

in our model is the inclusion of the labor allocation decision between own-farm and (risky)

wage work, thus we focus our attention on these variables. At an extreme, households may

or may not have access to wage labor at all, so we also examine the choice variables along

this dimension. Finally, a key contribution is the consideration of rainfall-indexed insurance

(hereby insurance) that can mitigate the rainfall risks in both own-farm production and wage

labor, so we also separate certain analyses on this dimension.

We use log utility, a special case of CRRA utility, in all the following analyses. Note that

the input to our model is cash-on-hand (scaled total expenditures) which is a limitation in

our specification as we do not have reliable measures of wealth. That being said, the data

come from a sample of poor farmers in rural India, a group for which financial or liquid

wealth beyond cash-on-hand is likely to be low.

5.1 Rainfall Risk

We begin our analysis by examining how the key decision variables vary by rainfall risk in

Figure 3. Panel A shows that as rainfall risk increases from 0 to 1, the household switches

from a corner solution of allocating all labor to own-farm work to providing labor to a mix of

both sectors. (Note that in the extreme case where the probability of rainfall risk equals 1,

labor allocation to own-farm work is again a corner solution at d∗ = 0.) The switch from all

own-farm work to a mix of both sectors occurs when rainfall risk is sufficiently high, which is

7We analyze counterfactuals related to the idiosyncratic (uncorrelated) and safety shocks in the Appendix.
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shown to be when pc is about 0.25. This is also the point at which there is a kink in insurance

demand; since less labor is allocated to farm work, the farmer requires less insurance.

We observe that because capital and labor are Cobb Douglas inputs, they are either both

positive or both zero. When the probability of a rainfall risk reaches 0.6, we observe that

the household has very little investment in agricultural work (and stops buying insurance)

in favor of wage work.

Panel B of Figure 3 shows the fraction of total farm income insured. Note that the amount

of insurance purchased is for all wage at risk—from either farm or wage work, since both

are subject to rainfall risk—though we show the amount divided by agricultural production

only. Because of the positive loading factor and presence of idiosyncratic risk, the household

never demands full insurance (this is a result of Mossin’s Theorem).

As observed in Panel A, the insurance demand drops to zero once the probability of

rainfall risk is about 0.6 or more, suggesting that insurance is too costly at these risks;

instead, the household allocates labor to wage work, a large portion of which is not subject

to rainfall risk. These decisions are also likely explained by the fact that the idiosyncratic

shock can devastate agricultural income and is not insurable, making wage work relatively

more appealing for a risk-averse decision-maker.

We next examine how the decision about agricultural investment changes with access to

insurance, wage labor, and rainfall risk. Panel A of Figure 4 plots the agricultural investment

decision against rainfall risk (as it goes from 0 to 1), both with and without access to wage

labor; in this figure, the household has access to insurance. Panel B of the figure repeats the

same analysis, but for when households do not have access to insurance. Note that when

there is no rainfall risk (or when the probability of rainfall risk equals 1), neither access

to labor nor insurance affects agricultural investment. For interior values of rainfall risk,

however, agricultural investment is higher with insurance access. For example, consider a

rainfall risk of 0.15; Panel A shows that agricultural investment is about 1.17, whereas it is

about 1.04 in Panel B.
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Figure 3: Decision variables by probability of rainfall shock

Panel A: Decision Variables Panel B: Fraction Insured

Notes: Panel A shows how insurance amount (i ≥ 0), capital (agricultural) investment amount
(k ≥ 0), and labor allocation to own-farm work (d ∈ [0, 1]) vary by the probability of a rainfall shock
(pc). Panel B shows how the fraction of farm output insured (i.e., i

Akα1dα2
) changes as a function

of the probability of a rainfall shock. Calibration parameters are shown in Table 2. Plots begin at
pc = 0.001, as there is a discontinuity at zero which is associated with no insurance purchase.

We also observe that the household engages fully in own-farm work for a larger range

of rainfall shocks when insurance is available. In Panel A of Figure 4, the divergence in

agricultural investment—which signals labor allocation to wage work when it is available—

occurs at a rainfall shock probability of 0.25, whereas this divergence occurs at a probability

of 0.17 in Panel B. Behavior in these regions of rainfall shock probability is practically

important because they are realistic; the calibrated probability of such a shock is 0.36.

We show how the amount of farm output insured changes as a function of rainfall risk in

Figure 5. (Recall that the agricultural household has two forms of income that are vulnerable

to rainfall risk, thus insurable: own-farm income and wage labor. The portion of wage income

that is at-risk due to a rainfall shock is insurable because the insurance product is actually a

derivative, but we do not show this in our plots to aid interpretability.) We plot the fraction

of farm output insured with and without access to wage labor; in the latter, the insurable

income is only agricultural. We observe that when wage labor is not available, insurance is

more valuable; the fraction of farm income insured is higher in this case for most probabilities

of rainfall shock.
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Figure 4: Effects of wage labor and insurance access on agricultural investment

Panel A: Insurance Access Panel B: No Insurance Access

Notes: Panels A and B show how capital (agricultural) investment amount (k ≥ 0) varies by whether
wage labor is available and by the probability of a rainfall shock (pc). In Panel A, there is insurance
access and in Panel B, there is not. Calibration parameters are shown in Table 2.

5.2 Labor Market Conditions

We turn our attention to how the agricultural investment and labor allocation decisions

change with two features of the labor market: potential wage income, W , and sensitivity of

this income to a rainfall shock, ω. We are interested in studying the full range of ω because

this wage risk parameter may take any value depending on how sensitive the labor market

is to the correlated rainfall shock. For example, households in rural areas that are closer to

cities will likely face a lower value of ω compared to households in more isolated rural areas.

We also examine these decisions with and without access to insurance.

Panel A of Figure 6 plots the optimal agricultural investment choices, with and without

insurance, for different values of ω on the horizontal axis. In this panel, we assume a total

wage work potential of W = 1, which is the value used in the main results. In Panel B, we

repeat the same analysis, but with a higher total wage work potential: W = 2. We observe

that agricultural investment in general declines substantially when the prevailing wages are

high, suggesting a strong degree of substitution between agricultural and wage labor for the

household. Within each wage possibility, agricultural investment monotonically increases
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Figure 5: Fraction of farm insured by probability of rainfall shock

Notes: Figure shows how fraction of farm output insured (i.e.,
i

Akα1dα2
) changes as a function of the availability of wage la-

bor and probability of rainfall shock. Calibration parameters
are shown in Table 2. Plot begins at pc = 0.001, as there is
a discontinuity at zero which is associated with no insurance
purchase.

with wage sensitivity to rainfall, ω, and is higher when insurance is available. This analysis

suggests that insurance may be most valuable in inducing agricultural investment when the

prevailing wage is risky or when wages are low.

We also repeat the previous analysis but this time we plot the optimal labor allocation

decision d∗ instead of the agricultural investment k∗. These results are in Figure 7. Naturally

these two decisions are correlated because the agricultural production function is Cobb-

Douglas, but the labor allocation decision additionally reveals decisions about household

entry and exit to own-farm work when insurance is available. In Panel A of the figure, when

wages are low, we observe that if ω is 0.62 or greater, then households with insurance access

switch to allocating all their labor to own-farm work. Also, if there is no insurance access,

this switch occurs at a higher wage sensitivity; when ω is about 0.8. In Panel B when wages

are high, however, households provide labor to both own-farm and wage work for all levels

of ω, with or without insurance access. This connection of own-farm work and possible

wage earnings is consistent with the prediction in equation (8), which showed that k∗ is a

decreasing function of W . Another observation is that in both Panels A and B, investment
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Figure 6: Effects of labor market parameters on agricultural investment

Panel A: Low Wage (W ) Panel B: High Wage (W )

Notes: Panels A and B show how capital (agricultural) investment amount (k ≥ 0) varies by whether
there is insurance access and by the sensitivity of wages to a rainfall shock (ω ∈ [0, 1]). In Panel A,
the possible wages are “low” (the default amount) at Wlow = 1. In Panel B, the possible wages are
high at Whigh = 2. Calibration parameters are shown in Table 2.

in own-farm work increases with insurance availability.

Note that we have abstracted away from wealth effects, which can be important in higher

wage environments as insurance is typically a normal good.

5.3 Insurance Loading Factor

Finally, we investigate how the agricultural household’s key decisions respond to the insur-

ance loading factor, L, and the wage sensitivity parameter, ω. (Recall we let ω = 0.16 for

low wage risk, and ω = 0.7 for high wage risk.) These results are in Figure 8. Beginning

with Panel A, we obtain a few insights about the dynamics of the problem. Agricultural in-

vestment is always lower when wages are less sensitive to rainfall risk, which is not surprising

for a risk-averse decision-maker. We also observe that agricultural investment falls as the

loading factor increases from zero to about 20% (low wage risk) or 28% (high wage risk), but

remains stable afterward. The reason for this pattern is because reduced access to insurance

makes agriculture less appealing, and because no insurance is demanded if the loading factor

is sufficiently high. We also observe that the decision-maker is willing to invest further in
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Figure 7: Effects of labor market parameters on labor allocation

Panel A: Low Wage (W ) Panel B: High Wage (W )

Notes: Panels A and B show how labor allocation to own-farm work (d ∈ [0, 1]) varies by whether
there is insurance access and by the sensitivity of wages to a rainfall shock (ω ∈ [0, 1]). In Panel A,
the possible wages are “low” (the default amount) at Wlow = 1. In Panel B, the possible wages are
high at Whigh = 2. Calibration parameters are shown in Table 2.

agriculture for higher levels of the loading factor when outside wages are more risky.

Panel B of Figure 8 shows how the labor allocation to agricultural work, d∗, responds

to the loading factor based on how sensitive wages are to rainfall shock. We again observe

the kinks that appeared in Panel A at loading factor levels of 20% and 28%, as these are

the points at which insurance is no longer purchased and thus the loading factor makes no

further impact on decisions. Interestingly, when there is high wage risk, all the household’s

labor goes to agriculture for loading factors of less than or equal to 14%. These results

suggest that with appropriate targeting, farmers are likely to demand weather insurance at

economically sustainable prices.

We next turn our attention to Panel C of Figure 8. This plot shows the fraction of farm

output insured as a function of the wage sensitivity risk and loading factor. We observe that

insurance demand decreases with the loading factor, as expected. A more nuanced insight is

that for low positive values of the loading factor (below 5%), the fraction of the farm insured

is virtually the same regardless of whether the wage sensitivity to rainfall is high or low.

When wage risk is high, the household invests more in the farm (Panel A), devotes greater
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labor to it (Panel B), and insures more of it (Panel C). Thus, we conclude from this analysis

that weather insurance is most valuable not only in areas with limited labor access or low

wages, but also where wages are highly sensitive to rainfall shocks.

We conclude our numerical analysis with a discussion of the results related to subsidized

insurance. A subsidized insurance product can be modeled as one with a negative loading

factor. In Panels A and B of Figure 8, we observe that the farmer’s investment in the farm

(k∗ and d∗) increases as insurance subsidy increases. We also observe that, as expected, the

farmer’s demand for insurance increases when insurance is subsidized (Panel C of Figure 8).
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Figure 8: Effects of wage sensitivity to rainfall shock and loading factor

Panel A Panel B

Panel C

Notes: Panels A, B, and C respectively show how capital (agricultural) investment amount (k ≥ 0),
labor allocation to own-farm work (d ∈ [0, 1]), and fraction of farm output insured (i.e., i

Akα1dα2
)

vary by the wage sensitivity to rainfall risk (ω ∈ [0, 1]) and the insurance loading factor (L ≥ 0).
Low wage sensitivity is ωlow = 0.1 and high wage sensitivity is ωhigh = 0.7. Calibration parameters
are shown in Table 2.

6 Discussion

Agricultural households face significant risks in both farm production and wage labor because

of the connected economies in which they live. As such, weather insurance continues to hold

promise in reducing financial vulnerability among the rural poor. Empirical evidence on

index insurance has shown both limited demand and limited intended behavioral effects,

however. For example, one goal with such insurance is that farmers would plant crops
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that are more profitable, even if at higher risk, so that they can improve their economic

conditions. Our analysis shows a new reason for why the current evidence on index insurance

documents low demand by factoring in self-insurance and how it is impacted by the labor

market conditions of targeted households.

In this paper, we built a model of household decision-making that incorporated the

decision of how much labor to allocate to own-farm work versus wage labor. Our model

allowed wage work to be risky and affected by rainfall shocks. We calibrated the model

to prior literature and to household survey data from a long-term field experiment testing

the impact of rainfall-indexed insurance in the Indian state of Gujarat. Through a series of

numerical analyses conducted with the calibrated model, we find that index insurance is most

valuable when local labor markets offer low wages, or when these wages are highly sensitive

to a correlated rainfall shock. These results are consistent with observational regressions

using field micro-data examining rainfall-indexed insurance purchase decisions.

We also show that access to such labor markets is especially valuable if there are sig-

nificant idiosyncratic risks in farm production. In our model, the idiosyncratic shock pu

is exogenous and not correlated with the wage parameters W and ω. In reality, however,

there could be underlying dependencies if the shock is correlated (e.g., earthquake), as such

events could both damage crops and dampen wages. Or, there could be an idiosyncratic

component to the labor parameters from an individual health shock. If this were the case,

there is increased tension between agricultural and labor market investments as the labor

shock is not insurable. We leave these important features for future work.

We acknowledge that there remain significant barriers to the adoption and use of even

subsidized index-based insurance as documented in prior work. For example, Cole et al.

(2013) shows that nonprice frictions such as lack of trust, liquidity constraints, and limited

salience all lower demand for rainfall-indexed insurance products. Karlan et al. (2014) also

finds lack of trust in promised payouts and overweighting recent events as barriers to index

insurance adoption. In light of extensive evidence, Carter et al. (2017) suggests that index

32



insurance products be combined with other efforts such as stress tolerant seeds and new

financial vehicles to help rural households cope with weather shocks. De Janvry, Dequiedt

and Sadoulet (2014) shows that group policies, not individual policies, may be required to

help farmers deal with coordination problems within their villages. Within microinsurance

more broadly, Eling, Pradhan and Schmit (2014) reviews the literature and finds that other

factors such as financial literacy, fatalist beliefs, and nonperformance risk may also contribute

to limited scope for insurance products in the developing world. The concerns about liquidity

constraints, education, and information to assess risks are echoed in Zanjani and Koven

(2013). The supply-side in these markets is also challenging for firms that face solvency risk

as they insure potentially catastrophic risks (Zanjani, 2002).

Taken together, these results have implications for insurance companies seeking to in-

troduce or expand weather-indexed insurance to agricultural households. Collier, Skees and

Barnett (2009) suggest that weather insurance “will work best in regions where catastrophic

weather risks are creating significant welfare and economic losses, financial risk management

is likely more effective than physical mitigation, and climate change seems to be resulting in

increased weather risk variability.” We show that taking into account features of local labor

markets is another key factor in determining the benefits of weather insurance.
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Cole, Shawn, Xavier Giné, Jeremy Tobacman, Petia Topalova, Robert Townsend,
and James Vickery. 2013. “Barriers to household risk management: Evidence from
India.” American Economic Journal: Applied Economics, 5(1): 104–35.

Collier, Benjamin, Ani L. Katchova, and Jerry R. Skees. 2011. “Loan portfolio perfor-
mance and El Niño, an intervention analysis.” Agricultural Finance Review, 71(1): 98–119.

34



Collier, Benjamin, Jerry Skees, and Barry Barnett. 2009. “Weather index insurance
and climate change: opportunities and challenges in lower income countries.” The Geneva
Papers on Risk and Insurance-Issues and Practice, 34(3): 401–424.

Collier, Benjamin L. 2020. “Strengthening Local Credit Markets Through Lender-Level
Index Insurance.” Journal of Risk and Insurance, 87(2): 319–349.

De Janvry, Alain, and Elisabeth Sadoulet. 2001. “Income strategies among rural house-
holds in Mexico: The role of off-farm activities.” World Development, 29(3): 467–480.

De Janvry, Alain, Vianney Dequiedt, and Elisabeth Sadoulet. 2014. “The demand
for insurance against common shocks.” Journal of Development Economics, 106: 227–238.

Dercon, Stefan, Ruth V. Hill, Daniel Clarke, Ingo Outes-Leon, and Alemayehu
Seyoum Taffesse. 2014. “Offering rainfall insurance to informal insurance groups: Evi-
dence from a field experiment in Ethiopia.” Journal of Development Economics, 106: 132–
143.

Doherty, Neil A., and Harris Schlesinger. 1983. “Optimal insurance in incomplete
markets.” Journal of Political Economy, 91(6): 1045–1054.

Dumm, Randy E., David L. Eckles, Charles Nyce, and Jacqueline Volkman-Wise.
2013. “Demand for catastrophe insurance and the representative heuristic.” Working Pa-
per.

Eling, Martin, Shailee Pradhan, and Joan T. Schmit. 2014. “The determinants of
microinsurance demand.” The Geneva Papers on Risk and Insurance-Issues and Practice,
39(2): 224–263.

FCIC. 2020. “Nationwide Summary - By Insurance Plan.” Available at: https://www3.
rma.usda.gov/apps/sob/current week/insplan2020.pdf.

Gaurav, Sarthak, Shawn Cole, and Jeremy Tobacman. 2011. “Marketing complex
financial products in emerging markets: Evidence from rainfall insurance in India.” Journal
of Marketing Research, 48(SPL): S150–S162.

Gehrke, Esther. 2017. “An employment guarantee as risk insurance? Assessing the effects
of the NREGS on agricultural production decisions.” The World Bank Economic Review.
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Appendix Tables and Figures

Figure A.1: Calibrating the value of TFP (A)

Notes: Figure shows the optimal farm production, (d∗)α2A(k∗)α1 , for different values
of A. The optimization is done over the values of d and k values based on the farmer’s
expected utility described in (1) without insurance.
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Figure A.2: Fraction of farm insured as a function of wage parameters (W,ω)

Panel A: Low Wage Risk (ω) Panel B: High Wage Risk (ω)

Notes: Panels A and B show how fraction of farm insured varies by whether there is insurance access
and by wages (W ). In Panel A, sensitivity of wages wages to a rainfall shock (ω ∈ [0, 1]) is “low”
(the default amount of ω = 0.16 in Table 2). In Panel B, the wage sensitivity is high at ω = 0.7.
Calibration parameters are shown in Table 2.

Proofs of Analytical Results

Proof of Proposition 1

If the insurance product is actuarially fair, i.e., L = 0, then u
′
1 = u

′
3, and we obtain the

optimal insurance purchase decision:

i∗ = A (d∗)a2 (k∗)a1 + ω (1− d∗)W. (A1)

As predicted by Doherty and Schlesinger (1983), we observe that the household uses the

rainfall derivative to not only insure rainfall risk in agricultural production, but also rainfall

risk in wage earnings.

With actuarially fair insurance, we can also calculate the optimal values of agricultural

investment, k∗, and labor allocation to own-farm work, d∗. From the first order condition

2



with respect to k∗ in equation (2), we have:

(1− pc)
(
Aα1 (d∗)a2 (k∗)α1−1 − 1

)
· u′1 − pc · u

′

3 = 0. (A2)

The actuarially fair insurance allows the household to smooth utility across states, so u
′
1 = u

′
3.

Therefore, we can isolate the optimal choices in the following way:

(d∗)a2 (k∗)α1−1 = B1, (A3)

where B1 = 1
Aα1(1−pc) . Similarly, from the first order condition with respect to d∗ in equation

(3), we can obtain:

(d∗)a2−1 (k∗)α1 = B2W, (A4)

where B2 = 1−pcω
Aα2(1−pc) . Combining equations (A3) and (A4), we solve for the optimal k∗ and

d∗:

k∗ =

((
B

1
α2−1

1

)
B2W

) α2
α1+α2−1

, d∗ =
(
B1 (B2W )

1
α1

−1
) α1
α1+α2−1

. (A5)

Proof of Proposition 2

We use proof by contradiction. Suppose the farmer fully insures the crops, i.e., i∗ =

A (d∗)a2 (k∗)a1 . Then, we can re-write the derivatives as:

u
′

1 = u
′
(x− k∗ + i∗ − (1 + L)pci

∗ + (1− d∗)W ) , (A6)

u
′

2 = u
′(
x− k∗ − (1 + L)pci

∗ + (1− d∗)W
)
, (A7)

u
′

3 = u
′(
x− k∗ + i∗ − (1 + L)pci

∗ + (1− d∗)W
)
, (A8)

u
′

4 = u
′(
x− k∗ + 2i∗ − (1 + L)pci

∗ + (1− d∗)W
)
. (A9)
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We observe the following: u
′
1 = u

′
3 and u

′
2 > u

′
1 > u

′
4. The first order condition of insurance

in (4) should be zero:

∂E[u(c)]

∂i
= − (1− pc) (1− pu) pc · u

′

1 − (1− pc) pupc · u
′

2

+ (pcpu + pc (1− ps) (1− pu)) (1− pc) · u
′

3

+ pcps (1− pu) (1− pc) · u
′

4 = 0. (A10)

Using u
′
1 = u

′
3 and dividing both sides by pc (1− pc), we simplify (A10) to

(pu − ps (1− pu)) · u
′

1 − pu · u
′

2 + ps (1− pu) · u
′

4 = 0. (A11)

Equation (A11) can be rearranged as

(
pu · u

′

1 − pu · u
′

2

)
+
(
ps (1− pu) ·

(
u
′

4 − u
′

1

))
= 0. (A12)

Equation (A12) cannot hold as both terms in the parentheses are negative. The first term

is negative because u
′
2 > u

′
1 and the second term is negative because u

′
1 > u

′
4.

Additional Numerical Results

Idiosyncratic Risk

We examine how idiosyncratic risk affects the decisions on agricultural investment, with and

without access to wage labor, and with and without access to insurance. These plots are in

Panels A (no insurance) and B (with insurance) of Figure A.3. We make two observations

based on these plots. First, as expected, agricultural investment declines as the probability

of the idiosyncratic shock increases, and becomes close to zero when the probability reaches

about 0.6. The change in behavior at this value is consistent with our observations in Figure

4



Figure A.3: Interaction of wage labor and insurance access with idiosyncratic shock

Panel A: Insurance Access Panel B: No Insurance Access

Notes: Panels A and B show how capital (agricultural) investment amount (k ≥ 0) varies by whether
wage labor is available and by the probability of a idiosyncratic shock (pu). In Panel A, there is
insurance access and in Panel B, there is not. Calibration parameters are shown in Table 2.

3, in which the household engaged only in wage labor if the risk of rainfall shock was 0.6 or

greater. The parallel findings make sense because the idiosyncratic and rainfall shocks are

symmetric in the model, as both wipe out agricultural income if they occur.

We also observe that access to wage labor decreases agricultural investment even when

insurance is available. Insurance access also appears to change the slope of agricultural

investment with respect to the probability of the idiosyncratic shock, though the level impact

is more obvious; agricultural investment is higher when insurance is available. Even when the

probability of an idiosyncratic shock is zero, the household has higher agricultural investment

when insurance is available.

Safety Shock

The safety shock in the model is important to provide a way for the farmer to avoid expe-

riencing a loss in agricultural output despite negative shocks. We expect that the farmer

increases agricultural investment and reduces insurance purchase as the probability of the

safety shock increases. Figure A.4 shows these and other behaviors. In Panels A and B, we
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Figure A.4: Sensitivity of decision variables to the safety shock

Panel A Panel B

Panel C

Notes: Panels A, B, and C respectively show how capital (agricultural) investment amount (k ≥ 0),
labor allocation to own-farm work (d ∈ [0, 1]), and fraction of farm output insured (i.e., i

Akα1dα2
)

vary by the value of the safety shock (ps ∈ [0, 1]). Panels A and B show the results by whether the
farmer has access to rainfall insurance. Calibration parameters are shown in Table 2.

observe that the farmer increases labor allocation to own-farm and agricultural investment as

the probability of the safety shock increases; these responses are stronger (i.e., the slopes are

steeper) when the farmer has access to insurance. In Panel C, we observe that the fraction

of farm insured is a decreasing function of the safety shock and reaches zero when the safety

shock reaches a probability of 0.9. Conceptually, we can think of this behavior as helping to

explain low insurance demand when there is reliable risk mitigation.
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