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Abstract

Weather index insurance has been attracting considerable attention from academics and policymakers. This study investigates the demand for
two types of index insurance sold in India: temperature index insurance for dry season and rainfall index insurance for subsequent monsoon
season. Using data from randomized subsidy experiments, we separate purchase and quantity decisions and investigate how demand for rainfall
insurance is correlated with demand for temperature insurance sold in the previous season. We find that the price (premium) does not influence
purchase decisions per se but does significantly influence quantity decisions. The quantity demanded is less price-sensitive for subsequent rainfall
insurance than it is for temperature insurance. We also find that purchasers of temperature insurance tend to buy rainfall insurance more often than
nonpurchasers do. However, a one-time subsidy does not influence on subsequent demand, suggesting no price-anchoring effect.

JEL classifications: G22, O12, O13, O16, Q12

Keywords: Temperature index insurance; Rainfall index insurance; Subsidy experiment; India

1. Introduction

Farmers around the world face a variety of risks during
agricultural production. In particular, uninsured weather risk
has been a significant barrier for farmers engaging in ex ante
risk management and ex post risk coping. Irrigation is often
not available in developing countries; thus, agricultural profits
largely depend on seasonal and temporal weather variations,
making the risk of inclement weather a significant cause of pro-
duction inefficiency and income variability. We examine data
collected in India, where dependence on monsoons is known to
be very high. While there is evidence that farmers adjust their
investments in response to drought and higher temperatures,
such adaptation is insufficient for recovering from the damage
due to weather (Taraz, 2017, 2018). Thus, hedging weather
risk is essential for improving household welfare, as it enables
greater production stability.
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Weather index insurance has been attracting much attention
from academics, policymakers, and NGOs as an alternative
to the indemnity-based insurance (Barnett and Mahul, 2007;
Karlan et al., 2014; Mobarak and Rosenzweig, 2013; Taka-
hashi et al., 2016).1 Payouts in weather index insurance are
usually based on objective weather-related information (e.g.,
rainfall, temperature, air moisture, vegetation level) observed
at a weather station or by satellites. For example, typical rainfall
insurance involves a contract under which an insurer provides a
farmer a payout if the amount of precipitation in a given period
is below a predetermined cutoff.

The primary advantage of weather index insurance is that
payouts are made based on observable and verifiable indexes,
not on individual losses, so farmers cannot manipulate the in-
dexes when weather stations are securely locked. Second, the

1 Historical experience suggests that traditional crop insurance schemes that
provide indemnities to cover farm-specific losses have not been financially
viable, both in developed and developing countries (Wright and Hewitt, 1994).
The payouts of such insurance schemes are determined on the basis of realized
harvests; hence, an insurance agent has to assess the farmers’ yields (either
at the individual or regional level). However, the costs of obtaining accurate
information on yield losses and monitoring farmer behavior are prohibitively
high, raising moral hazard and adverse selection problems (Besley, 1995). In
addition, systemic weather effects induce high correlations among farm-level
yield, defeating insurers’ efforts to pool risk across farms (Miranda and Glauber,
1997).
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contract significantly mitigates adverse selection problems be-
cause the payouts are independent of the characteristics of in-
dividual farmers. Finally, there is no need to estimate the actual
loss experienced by the policyholder. Thus, the implementation
cost is lower than that of indemnity-based insurance schemes,
as the rate of payout is invariant across farmers in a village,
ensuring prompt payouts with minimum costs.

We conduct an empirical analysis of the demand for tempera-
ture index insurance for dry season and rainfall index insurance
for subsequent monsoon season in India. We collected socioeco-
nomic data on farmers and conducted field experiments in which
the farmers randomly received different levels of price subsi-
dies. In our econometric analysis, we use a double-hurdle (DH)
model to consider a purchase decision and a quantity decision
separately. We also investigate an endogenous decision-making
process between demands for the two insurance products. We
find that (i) price (premium) does not influence the purchase de-
cision per se, (ii) price is a significant determinant of the quan-
tity demanded, especially for temperature insurance, and less so
for rainfall insurance, (iii) nonprice factors such as landholding,
previous experience with the insurance, household size, age,
and mathematical ability of household heads are important cor-
relates, and (iv) a one-time subsidy does not influence demand
in the subsequent season, suggesting no price-anchoring effect.

This study contributes to the literature by empirically in-
vestigating the demand for two types of index insurance, and
examining how demand for one correlates with demand for the
other. This study provides new evidence on the renewal of index
insurance, which is a topic that has received much less attention
than demand despite its importance (Platteau et al., 2017).

Existing studies tend to focus on insurance with indexes
based on either rainfall or vegetation (Bertram-Huemmer and
Kraehnert, 2018; Cole et al., 2013; Giné and Yang, 2009; Jensen
et al., 2017; Karlan et al., 2014; Takahashi et al., 2016). In ad-
dition to the long-term trend of global warming (IPCC, 2018),
Burgess et al. (2014) finds that a one-standard-deviation in-
crease in high-temperature days in a year decreases agricultural
yield by 12.6% in India. However, to the authors’ knowledge,
the literature to date has provided limited evidence on demand
for temperature index insurance. This study helps us understand
how agricultural damages caused by heat can be mitigated. Fur-
thermore, in line with Dupas (2014), Takahashi et al. (2016),
and Fischer et al. (2019), we also provide evidence that a one-
time subsidy does not influence subsequent demand.

It should be noted here that all of our sample farmers own land
and have access to formal credit. At first glance, this may appear
to reduce the generalizability of the findings of our study. On the
contrary, however, because we control for the credit constraint
as a confounder, we can identify the price response—the most
generalizable aspect of insurance demand—more clearly than
in other settings. Furthermore, credit access has been improv-
ing rapidly in recent years in many rural areas of developing
countries due to the spread of microfinance. It is thus valuable to
show empirical evidence on the determinants of index insurance
demand when liquidity constraints do not have a binding role.

The rest of the article is organized as follows. Section 2 dis-
cusses the related literature on weather index insurance. Sec-
tion 3 provides background information. Section 4 discusses
the data. Section 5 provides empirical strategy for investigating
the demand for insurance. Section 6 presents the results, and
Section 7 provides concluding remarks.

2. Literature on weather index insurance

In the last decade, important progress has been made in the
empirical literature on weather index insurance. Existing stud-
ies attempt to identify the factors that affect take-up. Price is
a consistent driver of insurance demand. Many studies include
hypothetical or actual subsidies for the premium to increase
take-up (Cai et al., 2015; Cole et al., 2013; Giné and Yang, 2009;
Karlan et al., 2014; McIntosh et al., 2013; Miura and Sakurai,
2012; Mobarak and Rosenzweig, 2013; Takahashi et al., 2016).
Cole et al. (2013) and Karlan et al. (2014) estimate the slope of
the demand curve by randomly varying the price of insurance
and find significant price sensitivity.2 Existing studies also find
that liquidity constraints are also important. Households pur-
chase insurance at the beginning of the planting season when
there are many other expenses to manage, such as payments
toward labor for land preparation, seeds, and/or fertilizer. Thus,
households with less land and less wealth are less likely to buy
insurance (Cole et al., 2013; Giné et al., 2008).

The literature has suggested that basis risk is one of the most
important reasons why weather index insurance is not attractive
to potential clients (Giné et al., 2008; Elabed et al. 2013; Hill
et al., 2013; Mobarak and Rosenzweig, 2013). Basis risk is the
risk associated with imperfect hedging due to the difference in
weather between the weather station on which the index in-
surance depends and the farmer’s plots. As a result, there is a
trade-off between increasing insurance coverage and increasing
basis risk. Consequently, it is not obvious how risk preference
plays a role in the case of weather index insurance.3 Several
other important factors appear to curb demand; (i) subjective
uncertainty (Giné et al., 2008; Galarza and Carter, 2010; Gal-
lagher, 2014), (ii) a lack of understanding and limited attention
(Cole et al., 2013; Cai et al., 2015; Takahashi et al., 2016), (iii)
a lack of trust and network (Cai et al., 2015; Cole et al., 2013;
Galarza and Carter, 2010; Giné et al., 2008; Karlan et al., 2014;
Takahashi et al., 2018), (iv) existing risk-sharing mechanisms

2 They find that a 10% price decrease leads to a 10.4% to 20.0% take-up
increase.

3 Using the expected utility framework, Clarke (2016) shows that an optimal
demand is nonmonotonic in risk aversion, and Du et al. (2017) provide possi-
ble explanations for anomalies for crop insurance. Using prospect theory and
narrow framing, Babcock (2015) explains why farmers chose lower levels of
coverage under crop insurance schemes. Giné et al. (2008), Miura and Sakurai
(2012), and Cole et al. (2013) find that measured household risk aversion is
negatively correlated with insurance demand possibly because uninformed risk-
averse households are unwilling to experiment with a new financial product,
given their limited experience with it.
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(Dercon et al., 2014; Mobarak and Rosenzweig, 2013; Sakurai
and Reardon, 1997).

Among the factors affecting insurance demand, we mainly
focus on the effect of the price of the insurance product and the
demand interactions among different types of index insurance
sold to the same set of households. Our study explores variation
in prices that is orthogonal to other factors.

3. Background

3.1. Study sites

This study focuses on the Burhanpur District in the state
of Madhya Pradesh, which is known for its rain-fed agricul-
ture (Fig. A.1 in Online Appendix). In the survey area, the
monsoon brings most of the annual rainfall during the Kharif
season (June–November). Therefore, rainfall deficits and some-
times its erratic distribution directly affect Kharif crops (e.g.,
rice, maize, pigeon pea, cotton).4 During the Rabi season
(December–April), rainfall is minimal. Rabi crops (e.g., wheat,
chickpea) depend on soil moisture that comes from the previous
Kharif monsoon. Rabi is relatively cold, but still warm enough
for Rabi crops to grow. Sporadic high temperatures during this
season hamper crop growth, especially of wheat. The main ce-
reals are jowar (sorghum) in Kharif and wheat in Rabi, both
of which are mostly grown for subsistence purposes. Cotton,
soybeans and bananas are important cash crops.5

IFFCO-Tokio General Insurance Co. Ltd. (ITGI), which is
one of the major insurance companies in India, started selling
rainfall index insurance (Barish Bima Yojna, BBY) in 2004.
Payouts for BBY were provided in 2007, 2008, and 2012.6

Temperature index insurance (Mausam Bima Yojna, MBY) was
introduced for the first time in Rabi 2011–2012. These insurance
products are offered to all farmers, regardless of the type of
crops they cultivate, but they must be eligible to borrow from
the District Central Cooperative Bank (DCCB).7 The per-acre

4 Table A.1 in Online Appendix shows the proportions of land in the district
cultivated for the major crops relative to the total land cultivated in the state.

5 Soybeans are mostly grown as a Kharif crop, although it is also harvested
in Rabi. It is a fairly new crop in Indian agriculture, and its production spread
throughout Madhya Pradesh during the 1990s as a cash crop from which veg-
etable oil is extracted. Banana cultivation takes an average of two years to
harvest.

6 See Table A.3 in Online Appendix.
7 The DCCB is an agricultural bank affiliated with a cooperative society,

which is an agricultural unit in which each farmer holds a share. The DCCB’s
branches are usually located at, or next to, a cooperative society’s buildings.
Most of the landowner farmers borrow money from the DCCB once or twice
a year. The loan limit is usually determined by the landholdings, repayment
status, and crop portfolio. The interest rate for a short-term (1 year) loan was
12% (9% is subsidized by the local government) when this study was conducted.
There are other financial institutions, including informal moneylenders, from
which farmers can borrow, but interest rates are generally higher than those
offered by the DCCB.

premium of MBY 2012 was Rs 576, and that of BBY 2012 was
Rs 750.8

3.2. Sampling, surveys, and experiments

Our dataset consists of information collected in two rounds of
surveys. The first survey was conducted in October–November
2011, when MBY was being sold. The actual payout was Rs
157 per acre insured and handed to clients in May–June 2012.
The second survey was conducted in May–June 2012, when
BBY was being sold. Table A.2. in Online Appendix shows a
timeline showing the key events covered in the study.

As index insurance is sold through cooperative societies, this
is the first tier from which we drew the sample.9 Our strat-
egy was to draw a random sample of farmers belonging to
each cooperative society, with a substantial variation in the geo-
graphical distance between the weather station and the farmers’
landholdings. To obtain precise information on geographical lo-
cations and distances, we collected GPS information on all the
farmers’ houses. Following the above methodology, the sample
size of this study consists of 433 farmers from six coopera-
tive societies: Bambhada, Chapora, Dedtalai, Loni, Phopnar,
and Shahpur.10 BBY has been available in Shahpur, Bambhada,
Chapora, and Phopnar since 2007, but it was not available in
Loni and Dedtalai because of the insurer’s supply constraints.
We control for the heterogeneity in society characteristics in the
econometric analysis.11

To elicit the price sensitivity of farmers’ individual demand,
we implemented experiments of random discounts in both sur-
veys. Once a farmer chose to participate in the study, the in-
terviewers offered four different levels of subsidy (0%, 25%,
50%, and 75%).12 Next, the subject was asked to specify their
demand in terms of acres at each subsidized price level (the in-
surance products were sold in 0.5-acre increments).13 Farmers

8 The details of the insurance contracts are provided in Online Appendix
Section C. As a rough measure of actuarial pricing, we calculate the break-even
probability for both MBY 2012 and BBY 2012, which turns out to be 0.08 for
both insurance schemes (i.e., if the event of full payout occurs at the rate of
8%, the insurance company suffers no loss or gain).

9 In the survey sites, almost all farmers belong to cooperative societies. Farm-
ers often visit the cooperative society to purchase inputs such as seeds and
fertilizer, and to gather for meetings. The society office building is usually
located within 5–10 minutes’ walk by foot or motorcycle from their houses.

10 We were able to resurvey 427 farmers, implying the attrition rate of 1.4%.
For both surveys, sample farmers were invited to the buildings of their coop-
erative societies to be interviewed on the basis of a structured questionnaire.
Information on take-up of BBY prior to our surveys was collected retrospec-
tively from each farmer and was validated via crosschecking with the data
maintained by the insurer.

11 Online Appendix B. discusses differences across cooperative societies.
12 A 0% subsidy is equivalent to offering the product at the original price,

whereas a 50% subsidy is equivalent to offering the product at a half of the
original price. The price with 75% discount is below the actuarially fair level.

13 Every participant was asked to answer about the demand in the same
order (from 0% to 75% subsidy) for simplicity. The demand may be based on a
perceived protection subtracting the premium. The level of perceived protection
may depend on factors such as (subjective) microclimate/topography, as well
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Table 1
Characteristics of sample farmers

Mean S.D. Min Max

Characteristics of respondents in Survey 2011
Age 51.5 12.9 20 88
Household size 5.46 2.26 1 14
Education (years) 5.40 2.18 2 12
Literacy (%) 52.5
Score in arithmetic questions 3.07 3.47 0 8
SC/ST (%) 12.6
OBC (%) 81.6
Access to wells (%) 62.0
Payments for irrigation usage (Rs) 14,991 23,022 0 200,000
Answered weather risk as the biggest risk (%) 88.4

Major assets and income
Landholdings (acre) 4.51 4.29 0.25 28
Irrigated land (acre) 3.89 4.24 0 28
Subjective house value (Rs) 334,728 538,397 0 7,000,000
Total income during Kharif 2011 (Rs) 135,687 167,960 0 1,500,000
Crop loan from DCCB during Kharif 2011 (Rs) 85,584 104,234 0 1,280,000
Total income during Rabi 2011–2012 (Rs) 111,217 125,821 0 1,000,000
Crop loan from DCCB during Rabi 2011–2012 (Rs) 63,787 64,339 0 440,000
Crop loan from DCCB during Kharif 2012 (Rs)* 43,474 63,372 0 600,000

Notes: The number of observations is 433. The area under cotton in Rabi 2011–2012 shows the percentage of land occupied by cotton belonging to Kharif
2011 crops.
* The disbursement was in process.

agreed that they would purchase the quantity they specified but
the actual prices would be determined randomly. By using this
method, we elicited four price-quantity pairs per farmer.14

3.3. Measurement of basis risk

We used the physical distance between farmers’ houses and
the weather station as a proxy variable for basis risk. While
physical distance may not be a perfect proxy, meteorologists
and agronomists claim that basis risk is large when the insured’s

as other unobservable factors such as subjective prospects of weather for the
forthcoming season. We therefore expect the variation in the levels of perceived
protection to be reflected in the error terms in the estimation equations.

14 Those who agreed to participate were supposed to purchase the insurance
product at the randomly chosen price, since this was written and agreed to
in the consent forms. However, they were not forced to buy. There was one
farmer who declined the offer to buy after seeing the realized price. There are
four different show-up rates that are applicable to our sample. First, during
the initial sampling, we randomly selected farmers from name lists provided
by the cooperative society offices. Upon finding that the selected farmer was
not available, we immediately chose another farmer from the list. Because of
this sampling protocol, we cannot calculate the show-up rate. In reality, we
observed that most of the farmers that were invited agreed to meet us at the
society buildings for the survey. Second, out of the 433 farmers surveyed, 406
participated in the experiment for MBY 2012. The show-up rate was therefore
93.8%. Third, attrition occurred in the 2012 survey. We were able to resurvey
427 farmers, implying a show-up rate of 98.6%. Finally, 402 farmers partici-
pated in the experiment for BBY 2012. The show-up rate for this was therefore
99.0%. Our initial sample includes farmers who were available when we started
the survey, which could possibly generate positive sample selection. However,
since there are no data available concerning those who did not cooperate with
us, we cannot conduct any test to examine how serious the sample selection
bias is. Non-show-ups after the initial sampling were infrequent.

plot is far away from the meteorological station (Fisher et al.,
2013).15 This measure is also intuitive, as farmers are likely
to estimate their basis risk subjectively on the basis of the
difference between the weather where they live and that at
the nearest weather station. Therefore, we collected geocodes
(latitude, longitude, and altitude) for the weather station and for
each respondent’s house.

Basis risk can also be caused by other topographical factors.
Regarding elevation, Table A.4 in Online Appendix shows that
the variance in altitude is very small (coefficient of variation
is 0.1), implying that the area is very flat. For exposure, we
observed that quality of soil varies little in the area. Basis risk
would also include risks due to pests, diseases, animals, thefts,
and potentially poor design of the contracts. These factors are
potentially important, but beyond the scope of this study.

4. Data

4.1. Basic characteristics

In both Surveys 2011 and 2012, we collected detailed infor-
mation on the sample farmers’ socioeconomic characteristics,
such as family roster, caste status, assets, income, agricultural
activities, insurance take-up and payout receipts in previous
seasons, consumption, and demand for the insurance sold dur-
ing the surveys. Table 1 summarizes the characteristics of the

15 Ideally, to estimate the basis risk, we need detailed precipitation data mea-
sured on both individual plots and weather stations. However, for this study,
installing rain gauges on the plots of 433 farmers (who often also have multiple
plots) was not practically possible, due to financial and logistical constraints.
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Table 2
Take-up of weather insurance

Obs. Mean S.D. Min Max

Experience with previous insurance and related activities (all dummy variables)
IFFCO (fertilizer company) client at Survey 2011 406 0.97
Client of BBY 2007 406 0.07
Client of BBY 2008 406 0.10
Client of BBY 2011 406 0.12
Ever client of ITGI until 2011 406 0.24

Temperature insurance (MBY 2012, sold during Rabi 2011–2012)
Take-up dummy* 406 0.72
Demand (acre) if subsidy = 75% 406 1.00 0.90 0 10
Demand (acre) if subsidy = 50% 406 0.95 0.86 0 10
Demand (acre) if subsidy = 25% 406 0.83 0.80 0 10
Demand (acre) if subsidy = 0% 406 0.70 0.76 0 10
Average demand (acre) over all subsidy levels 406 0.87 0.87 0 10
Demand (acre) if take-up = 1 and subsidy = 75% 292 1.31 0.82 0.5 10
Demand (acre) if take-up = 1 and subsidy = 50% 292 1.24 0.78 0.5 10
Demand (acre) if take-up = 1 and subsidy = 25% 292 1.09 0.75 0.5 10
Demand (acre) if take-up = 1 and subsidy = 0% 292 0.92 0.75 0.5 10
Average demand (acre) over all subsidy levels 292 1.14 0.79 0.5 10
Premium paid (Rs) 292 671.5 443.0 288 5,760

Rainfall insurance (BBY 2012, sold during Kharif 2012)
Take-up dummy* 402 0.41
Demand (acre) if subsidy = 75% 402 0.45 0.79 0 10
Demand (acre) if subsidy = 50% 402 0.44 0.78 0 10
Demand (acre) if subsidy = 25% 402 0.41 0.76 0 10
Demand (acre) if subsidy = 0% 402 0.39 0.74 0 10
Average demand (acre) over all subsidy levels 402 0.42 0.77 0 10
Demand (acre) if take-up = 1 and subsidy = 75% 165 1.07 0.91 0.5 10
Demand (acre) if take-up = 1 and subsidy = 50% 165 1.04 0.90 0.5 10
Demand (acre) if take-up = 1 and subsidy = 25% 165 0.98 0.90 0.5 10
Demand (acre) if take-up = 1 and subsidy = 0% 165 0.92 0.90 0.5 10
Average demand (acre) over all subsidy levels 165 1.01 0.90 0.5 10
Premium paid (Rs) 165 753.8 676.1 375 7,500

*Take-up dummy is equal to 1 if the respondent demands a positive amount of insurance under some level of subsidy. In the dataset, all of those with take-up = 1
continued to demand a positive amount of insurance regardless of the subsidy level. As a result, the mean of the dummy is the same if we redefine the take-up dummy
at the respondent-subsidy level (the number of observations multiplied by 4).

sample farmers. The average age of the farmers is 51.5 years
old, and the average household size is 5.46. Farmers have re-
ceived an average of 5.40 years of education and have a literacy
rate of 52.5%.16 The questionnaire also included information
on eight arithmetic questions to know the farmers’ numeracy.
The average number of correct answers was 3.07 (S.D. 3.47).
Though 62.0% have access to wells, they lack sufficient water
supply for agricultural uses; they pay an average of Rs 14,991 to
rent motor pumps from their neighbors during Kharif.17 Indeed,
88.4% of them answered that weather risk is their biggest risk
that they face.18 The average landholding size is 4.51 acres,

16 This level of literacy is comparable to the state-wide level (rural areas) of
57.8% (Population Census of India, 2011).

17 The average exchange rate for the financial year 2011–2012 was Rs 100 =
2.09 USD (Government of India, 2012).

18 Farmers were asked to rank different kinds of risks (weather risk, price risk,
lack of money, lack of family labor, lack of land, and lack of infrastructure)
from the most to least serious. This question follows Cole et al. (2013), where
89% of the sampled households also cite weather risk as the biggest.

of which 3.89 acres are irrigated.19 The total agricultural in-
come during Kharif 2011 is Rs 135,687. The average value of
the loans for Kharif 2011 was Rs 85,584. The total agricul-
tural income during Rabi 2011–2012 was Rs 111,217, while
the average loan provided at the beginning of this season was
Rs 63,787.

4.2. The take-up of weather insurance

The incidence and depth with respect to the take-up of tem-
perature and rainfall insurance are summarized in Table 2. In
the sample, 97% of the farmers were clients of IFFCO, the fer-
tilizer company. As we discuss later, this familiarity with the
parent company and insurance products play an important role
in enabling the insurer to sell their products. The table shows

19 This is slightly larger than the average landholding size in Madhya Pradesh
(3.68 acres in 2003 according to National Sample Survey Organisation, 2006),
indicating that our sample does not disproportionately represent wealthy
farmers but contains a number of small and medium farmers. The changes
in landholding and irrigation between the two surveys were very small.
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that 24% of the farmers had purchased rainfall insurance prior to
the current project.20 The take-up rate of MBY 2012 was 72%.
This is extremely high but not surprising given that farmers’
income level is above the subsistence level, credit constraints
are less likely to be binding, and index insurance is not new.
The take-up rate of BBY 2012 was 41%.

Table 2 also shows that, on average, the demand is decreasing
as subsidy level decreases (i.e., price increases) for both types
of insurance. However, regardless of the price discount, we
find that there was no variation in take-up rates across subsidy
levels for either MBY or BBY.21 Moreover, 64% (MBY) and
91% (BBY) of farmers who purchased the insurance did not
change their demanded acres in response to the discounts. Ad-
ditionally, we find that farmers tended to purchase insurance for
only a fraction of their entire landholdings: on average, 32.1%
(MBY) and 39.3% (BBY) of their entire farm are covered by
the insurance.22 From these observations, we hypothesize that
farmers may first decide whether to buy the insurance and then
decide the amount demanded.

5. Empirical strategy

5.1. Benchmark DH model

As some of the household characteristics are endogenous to
demand and as most households demand zero or small quan-
tities, the ordinary least squares (OLS) estimation would be
biased. Instead, following Takahashi et al. (2016), we estimate
the demand for two insurance products by using DH models.
Here, we assume that the people first decide whether or not
to buy the insurance and then choose how many acres to in-
sure if they want to buy. Specifically, the benchmark DH model
includes the following two-step decision making process for
temperature and rainfall insurance separately:

di,temp =
{

1 if d∗
i,temp = Zi,tempαtemp + εi,temp > 0

0 otherwise
, (1)

yi,temp =

⎧⎪⎨
⎪⎩

y∗
i,temp if y∗

temp = Xi,tempβtemp

+ εi,temp > 0 and d∗
i,temp > 0

0 otherwise

, (2)

20 This low level of penetration is consistent with findings in prior studies.
The take-up rates of brand-new index insurance products implemented by Giné
et al. (2008), Cole et al. (2013), and Cai et al. (2015) were 4.6%, 23%, and
20%, respectively.

21 Farmers attempting to purchase insurance strictly to harvest subsidies
would demand nothing at the original price (i.e., 0% subsidy) but would start by
demanding positive amounts at subsidized rates. Our dataset does not support
this.

22 The demanded acres could be any number regardless of the actual farm
size. However, there were only 4.3% (MBY) and 1.0% (BBY) of the sample
households that demanded coverage of their entire farms.

di,rain =

⎧⎪⎨
⎪⎩

1 if d∗
i,rain = Zi,rainγrain + di,tempδrain

+ εi,rain > 0

0 otherwise

, (3)

yi,rain =

⎧⎪⎨
⎪⎩

y∗
i,rain if y∗

i,rain = Xi,rainβrain + di,tempθrain

+ εi,rain > 0 and d∗
i,rain > 0

0 otherwise

. (4)

where dis (s = temp, rain) is a dummy for household i buy-
ing insurance s, yis is the acre demanded, d∗

is and y∗
is are the

corresponding latent variables, and Zis and Xis are vectors of
socioeconomic variables. The exogenously given insurance pre-
mium is included in Xis as the key explanatory variable but not
in Zis .23

We estimate the model separately for MBY sold during Sur-
vey 2011 and BBY sold during Survey 2012. For BBY (Eqs.
(3) and (4)), we define the above decision-making process as
a quasi-dynamic model. In particular, we consider that its de-
mand is dependent on the prior decision of di,temp (purchase of
MBY), but assume it as a predetermined variable. As an alterna-
tive specification, we replace di,temp by the realized demand for
the MBY, qi,temp. Additionally, we replace di,temp by the realized
price of MBY, pi,temp. This variable is exogenous by design.
Here, we test whether the subsidy of the previous season influ-
ences the subsequent demand in potentially two different ways;
(i) if the estimated coefficient on the realized price is negative,
it would suggest the income effect due to the subsidy; (ii) if it is
positive, it would suggest a price-anchoring effect, as the past
price may create a reference point.

Following Cragg (1971), we assume that the error terms εis

and εis are independently and normally distributed with a mean
of zero conditional on observables.24 With this assumption, the
maximum likelihood estimators of (1) and (3) can be obtained
by a probit model and those of (2) and (4) can be obtained from
a truncated normal regression model (Burke, 2009). Standard
errors are clustered at the individual level.

5.2. Endogenous-switching DH model

The estimation above assumes that the demand for MBY
is predetermined when farmers decide on BBY. However, the
household’s decision to purchase BBY is likely to be en-
dogenous to the probability that a household purchases MBY.

23 This is because we observe no variation in the purchase decision within the
same respondent regardless of the subsidy level.

24 To identify Eqs. (2) and (4), we assume the independence of the two error
terms. If they are not independent, i.e., the covariance is nonzero, we would
need an exclusion restriction to identify these equations which would include
at least one exogenous variable that belongs to Zis in Eqs. (1) and (3), but that
does not belong to Xis in Eqs. (2) and (4). With the valid exclusion restriction,
the inverse Mills ratio would then be included in Eqs. (2) and (4) to control
for potential error dependence. However, we do not have a relevant variable.
Therefore, we rely on the DH model.
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Following Wooldridge (2002) and Lokshin and Sajaia (2011),
instead of using a univariate probit model in the first hurdle
of the second season, we separate the purchasers and non-
purchasers of MBY into different regimes. Specifically, we
estimate the following dynamic endogenous-switching probit
model (Eqs. (5)–(7)):

di,temp =
{

1 if d∗
i,temp = Zi,tempαtemp + εi,temp > 0

0 otherwise
, (5)

d1
i,rain =

{
1 if d1∗

i,rain = Zi,rainα
1
rain + e1

i,rain > 0

0 otherwise

iff Zi,tempαtemp + εitemp > 0, (6)

d0
i,rain =

{
1 if d0∗

i,rain = Zi,rainα
0
rain + e0

i,rain > 0

0 otherwise

iff Zi,tempαtemp + εi,temp ≤ 0, (7)

y1
i,rain =

⎧⎨
⎩

y1∗
i,rain if y∗

i,rain = Xi,rainβ
1
rain + ε1

i,rain > 0

and d1∗
i,rain > 0

0 otherwise
, (8)

y0
i,rain =

⎧⎨
⎩

y0∗
i,rain if y∗

i,rain = Xi,rainβ
0
rain + ε0

i,rain > 0

and d0∗
i,rain > 0

0 otherwise
, (9)

where d∗
i,temp is a latent variable that determines the propensity

of a household to purchase MBY. Zi,temp is a vector of socioe-
conomic variables of the first season. Here, we consider di,temp

as an endogenous switching variable. Note that d1∗
i,rain and d0∗

i,rain
are latent variables of a household’s purchase of BBY, with
superscripts 1 for purchasers and 0 for nonpurchasers of MBY.
y1

i,rain, y0
i,rain, y1∗

i,rain, and y0∗
i,rain are the quantities demanded for

BBY for MBY-purchasers (superscript 1) and nonpurchasers
(superscript 0) and latent variables of those.

We assume that error terms εi,temp, e1
i,rain, and e0

i,rain are jointly
and normally distributed with zero mean. As d∗

i,temp, d1∗
i,rain, and

d0∗
i,rain are the latent variables, which are not observable, we im-

pose unit variances for εi,temp, e1
i,rain, and e0

i,rain. The covariance
matrix is thus⎛
⎝ 1 ωu1 ωu0

ωu1 1 ϕ

ωu0 ϕ 1

⎞
⎠ ,

where ωu1 is the covariance between the unobserved compo-
nents of having purchased MBY in the first season and a pur-
chase decision in the second season. ωu0 is the covariance of
the unobserved components of not having purchased in the first

season and the purchase decision in the second season.25 We
estimate Eqs. (5)–(7) using a full information maximum like-
lihood switching model. For Eqs. (8) and (9), we separate the
sample into purchasers and nonpurchasers of MBY and esti-
mate them by truncated normal regressions. Standard errors are
clustered at the individual level.

6. Results

6.1. Results of the benchmark DH model

Table 3 reports the results of the benchmark model of de-
mand for MBY. Columns (1)–(3) present the estimation of
the first hurdle, where the dependent variable takes one if a
household purchased MBY (Eq. (1)). The regression results
show that log income is not significantly correlated with the
probability of purchase, which is robust across specifications
(Columns 1–3). The coefficient on landholding is negative but
not significant in Columns 2 and 3. The negative effect is
smaller for households with larger landholdings, as the co-
efficient on the landholding squared is positive and significant
(Columns 1–3).

Distance is negatively correlated with the purchase decision,
suggesting the demand-reducing effect of basis risk (Column
1). This might also reflect the fact that one of the new societies
(Dedtalai) is located very far from the weather station. Column
2 shows that the dummy for new society is negative and signif-
icant. It is intuitive that households in societies where ITGI has
approached for the first time are less likely to purchase. Younger
farmers are more likely to purchase (Columns 2 and 3). Other
household characteristics, including education, mathematical
ability of the heads, household size, and dummies for former
clients of ITGI and IFFCO, are not significantly correlated with
the purchase decision. This might be due to endogeneity.

Columns (4)–(6) show the results of the truncated regression
(Eq. (2)). The dependent variable is the acre demanded. Now
household demand is significantly sensitive to price, which
is robust across specifications (Columns 4–6). The estimated
price elasticity for demand is −0.62, largely in line with
the numbers reported in Cole et al. (2013) and Karlan et al.
(2014). Landholding is positively correlated with demand,
and its squared term is significantly negative (Columns 4–6),
suggesting nonlinear effects. This is intuitive, considering that
households with larger landholding are more vulnerable to
weather risk and would demand more insurance coverage, but
the marginal effect is decreasing.

Table 4 shows the results of the benchmark model of demand
for BBY, treating the dummy for MBY purchase as predeter-
mined. With respect to the purchase decision, coefficients on
income, landholding, and distance are insignificant. Similar to
the results shown in Table 3, households in the new societies

25 As only one of d1
i,rain and d0

i,rain is observable for each farmer, the covariance

between e1
i,rain and e0

i,rain is not defined.
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Table 3
Estimation results of benchmark double-hurdle model for MBY

Probit Truncated regression

Dummy for MBY purchase Demand (acre)

(1) (2) (3) (4) (5) (6)

MBY Price (per acre) −0.153*** −0.152*** −0.151***

(0.052) (0.051) (0.050)
Log income 0.073 0.099 0.079 0.061 0.082 0.064

(0.093) (0.091) (0.096) (0.087) (0.086) (0.085)
Landholding (acre) −0.121* −0.063 −0.059 0.151* 0.146** 0.147*

(0.065) (0.060) (0.060) (0.079) (0.074) (0.077)
Landholding squared 0.008** 0.005* 0.005* −0.003* −0.003* −0.003*

(0.003) (0.003) (0.003) (0.002) (0.002) (0.001)
Distance (km) −0.015* −0.016

(0.009) (0.014)
New society −0.876*** −0.430

(0.169) (0.309)
Age −0.008 −0.011* −0.011* −0.006 −0.007 −0.006

(0.006) (0.006) (0.006) (0.006) (0.006) (0.006)
Score in arithmetic questions 0.009 0.014 0.014 0.020 0.025 0.022

(0.026) (0.027) (0.028) (0.015) (0.015) (0.015)
Education (years) −0.049 −0.035 −0.034 0.025 0.031 0.036

(0.042) (0.043) (0.044) (0.030) (0.032) (0.036)
Household size 0.052 0.053 0.052 −0.003 −0.003 −0.001

(0.035) (0.036) (0.036) (0.029) (0.029) (0.028)
Ever client of ITGI until 2011 0.473** 0.304 0.237 0.159 0.140 0.077

(0.188) (0.191) (0.195) (0.128) (0.120) (0.131)
IFFCO client dummy 0.337 0.230 0.202 0.700 0.604 0.608

(0.400) (0.443) (0.439) (0.477) (0.454) (0.474)
Share of irrigated land −0.291 −0.245 −0.251 0.139 0.163 0.128

(0.198) (0.203) (0.204) (0.117) (0.120) (0.105)
Constant 0.509 0.295 0.572 −0.520 −0.700 −0.514

(1.146) (1.135) (1.187) (1.433) (1.451) (1.558)
Society dummies No No Yes No No Yes
Obs. 1,624 1,624 1,624 1,624 1,624 1,624

Notes: Standard errors are clustered at the individual level and reported in parentheses.
*p < 0.1 **p < 0.05, ***p < 0.01. The number of observations is 406 respondents *4 price levels.

are significantly less likely to purchase the rainfall insurance
(Column 2). Columns 1–3 show that the estimated coefficients
for the dummy of MBY purchase are positive and significant,
though not significant in Columns 4–6. This suggests that the
purchase decision of the previous season is correlated with that
of the current season, but not with the quantity decision. The
estimated coefficient for a dummy of having purchased ITGI’s
insurance prior to our surveys is positive and significant in
Column 1. These results might also suggest that those who pur-
chased ITGI’s insurance, including former MBY, become more
interested in BBY 2012, possibly because they have received
payouts.

Among other household characteristics, mathematical ability
of the heads (Columns 1 and 2) and household size are positively
related to the purchase decision (Columns 1–3). The former
result is consistent with Giné and Yang (2009), as it shows that
those with better numeracy may have a better understanding
of the insurance and are more likely to demand. The effect of
years of schooling on demand thus vanishes once mathematical
ability is controlled for.

Columns 4–6 report the results of the truncated regression
(Eq. (4)). As expected, the price is negatively associated with
the acre demanded (Columns 4–6). Comparing to the estimated
coefficients reported in Columns 4–6 of Table 3, the results
imply that the demand for BBY quantity is less price-sensitive
than that of temperature insurance. The implied price elasticity
for BBY is −0.80, largely in line with recent evidence in Cole
et al. (2013) and Karlan et al. (2014). We find that income and
landholding are not significantly correlated with the quantity
decision. Younger heads demand more (Columns 4–6). Other
household characteristics, including having purchased MBY in
the previous season and being a former ITGI client, do not affect
the quantity demanded.

In Table 5, we replace a variable representing the previous
insurance decision in two ways.26 First, when we employ the
amount of MBY insurance (acres) actually purchased during

26 In Table 5, the number of observations is decreased. This is because some
of the farmers who demanded zero acre of MBY at any subsidy level skipped
the stage of price lottery (i.e., rolling a dice).
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Table 4
Estimation results of benchmark double-hurdle model for BBY with dummy for MBY purchase

Probit Truncated regression

Dummy for BBY purchase Demand (acre)

(1) (2) (3) (4) (5) (6)

BBY price (per acre) −0.068** −0.068** −0.066**

(0.031) (0.033) (0.029)
Log income 0.021 0.016 0.055 0.336 0.282 0.339

(0.070) (0.069) (0.077) (0.259) (0.214) (0.256)
Landholding (acre) −0.046 −0.013 −0.022 −0.084 −0.072 −0.098

(0.050) (0.049) (0.050) (0.087) (0.0789) (0.090)
Landholding squared 0.003 0.003 0.002 0.008 0.009 0.009*

(0.002) (0.002) (0.002) (0.005) (0.006) (0.005)
Distance (km) 0.007 0.041

(0.008) (0.039)
New society −0.668*** 0.934

(0.197) (0.851)
MBY purchase 0.677*** 0.538*** 0.572*** −0.134 −0.087 −0.102

(0.170) (0.175) (0.178) (0.255) (0.249) (0.218)
Age −0.004 −0.006 −0.008 −0.025* −0.020* −0.021*

(0.006) (0.006) (0.006) (0.014) (0.012) (0.011)
Score in arithmetic questions 0.046* 0.046* 0.031 0.062 0.060 0.069

(0.025) (0.025) (0.026) (0.074) (0.073) (0.076)
Education (years) 0.007 0.006 0.018 −0.002 −0.014 −0.003

(0.018) (0.018) (0.019) (0.030) (0.040) (0.030)
Household size 0.089*** 0.092*** 0.087*** 0.030 0.023 0.030

(0.031) (0.032) (0.032) (0.044) (0.043) (0.042)
Ever client of ITGI until 2011 0.328** 0.166 0.200 0.365 0.402 0.410

(0.165) (0.169) (0.179) (0.240) (0.254) (0.250)
IFFCO client dummy −0.522 −0.608 −0.784* −0.027 0.211 0.020

(0.418) (0.422) (0.451) (0.397) (0.410) (0.348)
Share of irrigated land 0.257 0.232 0.368 1.185 1.150 1.042

(0.240) (0.234) (0.231) (1.124) (1.150) (1.112)
Constant −1.250 −0.787 −0.556 −4.243 −3.752 −4.303

(0.956) (0.925) (1.040) (4.439) (4.118) (4.358)
Society dummies No No Yes No No Yes
Obs. 1,608 1,608 1,608 1,608 1,608 1,608

Notes: Standard errors are clustered at the individual level and reported in parentheses.
*p < 0.1 **p < 0.05, ***p < 0.01. The number of observations is 402 respondents *4 price levels.

the first season as a predetermined variable for the previous de-
cision. The estimated coefficient on it is significant only for the
quantity decision (Columns 4–6, panel A). This is intuitive be-
cause those who demanded more in the previous season would
also demand more in the subsequent season, but the amount
demanded in the previous season is not relevant to the current
purchase decision per se. This interpretation is also consistent
with the results reported in Table 4, in that the dummy for MBY
purchase is correlated with the purchase decision but not with
the quantity decision.27

Panel B of Table 5 employs the realized price of MBY as
the key explanatory variable. The estimated coefficients for
the actual price of MBY are insignificant across specifications,
suggesting no income effect nor price-anchoring effect. Given
that the amount of subsidy, if any, is small relative to their

27 The amount paid out prior to the start of the second growing season is
exactly proportional to the amount purchased in the first growing season by
structure. Therefore, the including it as one of the explanatory variables would
produce qualitatively the same results.

income, it is intuitive that the income effect is negligible. The
insignificance of the price-anchoring effect is in line with Dupas
(2014), Takahashi et al. (2016), and Fischer et al. (2019). In
those studies, they show that a short-run subsidy for a relatively
new product does not lower the subsequent take-up.

6.2. Results of the endogenous-switching DH model

The results of the endogenous-switching probit model are
presented in Table 6. The qualitative results are similar to those
in in Tables 3 and 4. Columns 1–3 report the estimation results
of Eq. (5). The coefficient of log income is positive and sig-
nificant (Columns 1–3). Households with less-educated heads
are more likely to purchase MBY (Columns 1–3).28 Columns
4–6 show the estimation results of Eq. (6). Farmers with more
education (Column 4), with a higher proportion of irrigated

28 This might be because they are more risk averse, but establishing a causal
link is beyond the scope of this study.
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Table 5
Estimation results of benchmark double-hurdle model for BBY with different measures for the previous MBY decision

Probit Truncated regression

Dummy for BBY purchase Demand (acre)

(1) (2) (3) (4) (5) (6)

Panel A
Realized demand of MBY (acre) 0.069 0.017 0.036 0.208* 0.201* 0.228**

(0.097) (0.098) (0.095) (0.108) (0.111) (0.107)
Obs. 1,232 1,232 1,232 1,232 1,232 1,232
Panel B

Realized MBY price (per acre) 0.0001 −0.00002 0.00003 0.001 0.001 0.001
(0.0004) (0.0004) (0.0004) (0.0009) (0.001) (0.0008)

Obs. 1,228 1,228 1,228 1,228 1,228 1,228

Notes: All estimated models include other explanatory variables which are the same as those in Table 4 (BBY price, farmers’ characteristics, and society characteris-
tics/fixed effects). See Table 4 for the exact list of these variables. See Tables D.4 and D.5 in Online Appendix for full estimation results, Standard errors are clustered
at the individual level and reported in parentheses. *p < 0.1, **p < 0.05, ***p < 0.01. The number of observations is 308 (307) respondents *4 price levels (94 [95]
respondents were dropped as their information on the actual MBY price was missing due to the omission of the price deciding lottery).

land (Column 4), with higher mathematical ability (Columns 4
and 5), and larger households (Columns 4–6) are more likely
to buy BBY. The estimated coefficient for distance is positive
and significant in Column 4. This might reflect the fact that one
of the new societies (Loni) is the closest to the weather station.
The estimated covariance of error terms between the first- and
second-season purchases (ωu1) is positive but insignificant.

Columns 7–9 report the results of Eq. (7). Column 7 finds that
farmers with higher math ability, less education, larger house-
hold size, and who are former BBY clients of ITGI are more
likely to buy BBY. After controlling for society dummies, those
variables are no longer significant (Column 9). This can be be-
cause, for MBY nonpurchasers, those variables are potentially
correlated with the society dummies. Older farmers tend to buy
BBY (Column 8).

The estimated covariance of error terms between the first-
season nonpurchase and second-season purchase (ωu0) is neg-
ative and significant in Columns 8 and 9, i.e., among MBY
nonpurchasers, the unobservable components of not having
purchased MBY (εi,temp) and those of purchasing BBY (e0

i,rain)
are negatively correlated. It might be because MBY nonpur-
chasers experienced damages due to severe weather in the first
season, observed that their neighbors who purchased MBY re-
ceived payouts, and thus became more interested in the insur-
ance product in the second season. However, the results are still
consistent with our previous finding that the estimated coeffi-
cient for MBY purchase is positive and significant in Table 4
(Columns 1–3). The estimated coefficient for this variable sug-
gests that MBY purchasers tend to buy BBY more often than
MBY nonpurchasers.29

Table 7 reports the estimated coefficients of the truncated
regression for BBY acreage demanded among MBY pur-
chasers and nonpurchasers separately (Eqs. (8) and (9)). Per-
acre price is significantly negatively correlated with demanded

29 The estimated constant in Column 9 of Table 6 is smaller than that in
Column 6. This may also reflect the tendency that MBY purchasers are more
likely to buy BBY than MBY nonpurchasers are.

acres among MBY purchasers (Columns 1–3) but not among
MBY nonpurchasers (Columns 4–6). Comparing the price co-
efficients in Table 7 with those in Table 3, we confirm the
previous finding that the demanded quantity of BBY is less
price-sensitive than that of MBY. The contrast is thus robust
to a more rigorous treatment of the dynamic decision-making
process. Nonprice factors are also associated with demanded
quantity. For MBY purchasers, younger farmers, those with
higher mathematical ability, and larger families demand more
(Columns 1–3). The share of irrigated land is significantly pos-
itively correlated with the quantity demanded (Columns 1–3),
similar to their purchase decisions (Column 4, Table 6). This
might happen because farmers with a larger share of irrigated
land, but with insufficient water supply, recognize the risk of
drought seriously. Among MBY nonpurchasers, farmers with
larger households and those with previous experience with ITGI
demand BBY insurance more.

6.3. Discussion

The results of the DH models were found to be robust, espe-
cially with respect to the price responsiveness of the insurance
quantity demanded. We attempted other specifications, other
definitions of empirical variables, and other combination of ex-
planatory variables (see Section D in Online Appendix). We
thus found that price does not influence the purchase decision
per se but it does significantly influence quantity decisions.
Quantity demanded is less price-sensitive for BBY than for
MBY. This may be because rainfall insurance had been sold
multiple times prior to our study (though the contract terms
were different, as explained in Online Appendix) and their de-
mand might be more persistent than that of a newly introduced
temperature insurance scheme.

To interpret our results in comparison with those in the lit-
erature, we need to pay attention to five characteristics that
distinguish our dataset from previous ones. First, a quarter
of our sample had experience in purchasing the insurance
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Table 6
Estimation results of endogenous-switching double-hurdle model

Switching Probit

Dummy for MBY purchase Dummy for BBY Purchase

MBY purchasers MBY nonpurchasers

(1) (2) (3) (4) (5) (6) (7) (8) (9)

Log income 0.075* 0.176** 0.175** −0.017 0.037 0.076 0.049 0.081 0.083
(0.040) (0.073) (0.082) (0.038) (0.071) (0.082) (0.041) (0.129) (0.112)

Landholding (acre) −0.153*** −0.064 −0.058 0.025 −0.001 −0.013 −0.104*** 0.248 0.167
(0.034) (0.052) (0.059) (0.027) (0.0517) (0.059) (0.039) (0.209) (0.214)

Landholding squared 0.010*** 0.005** 0.005* 0.00009 0.003 0.003 0.003 −0.029 −0.021
(0.002) (0.002) (0.002) (0.001) (0.002) (0.003) (0.003) (0.028) (0.029)

Distance (km) −0.014*** 0.017*** −0.010**

(0.004) (0.005) (0.004)
New society −1.011*** −0.731*** −0.470

(0.186) (0.202) (0.424)
Age −0.010*** −0.011** −0.011* −0.005 −0.012** −0.014** −0.002 0.013* 0.011

(0.003) (0.006) (0.006) (0.004) (0.006) (0.006) (0.003) (0.007) (0.009)
Score in arithmetic questions 0.012 0.023 0.020 0.045*** 0.046* 0.039 0.026* −0.014 −0.021

(0.014) (0.029) (0.029) (0.015) (0.027) (0.027) (0.014) (0.031) (0.040)
Education (years) −0.038*** −0.045** −0.040** 0.022** −0.003 0.003 −0.042*** 0.010 0.025

(0.010) (0.020) (0.020) (0.010) (0.019) (0.020) (0.010) (0.028) (0.036)
Household size 0.044*** 0.047 0.048 0.058*** 0.088*** 0.084** 0.065*** 0.026 0.023

(0.017) (0.037) (0.036) (0.022) (0.034) (0.035) (0.0184) (0.043) (0.041)
Ever client of ITGI until 2011 0.483*** 0.207 0.207 0.064 0.154 0.129 0.746*** −0.020 0.394

(0.10) (0.200) (0.202) (0.109) (0.167) (0.176) (0.122) (0.205) (0.296)
IFFCO client dummy 0.345* 0.134 0.150 −0.312 −0.189 −0.344 0.077 −0.994 −0.838**

(0.203) (0.400) (0.389) (0.239) (0.434) (0.464) (0.241) (0.782) (0.407)
Share of irrigated land −0.182 −0.326 −0.320 0.252* 0.0794 0.179 −0.0715 0.296 0.230

(0.135) (0.265) (0.264) (0.129) (0.237) (0.264) (0.142) (0.589) (0.546)
Constant 0.509 −0.328 −0.433 −0.161 −0.668 −0.457 0.542 −3.027 −2.745**

(0.523) (0.964) (1.064) (0.552) (0.972) (1.148) (0.561) (1.928) (1.328)
ωu1 −0.815 1.222 1.121

(0.508) (1.051) (1.136)
ωu0 14.82 −14.34*** −15.48***

(515.3) (3.751) (1.361)
Society dummies No No Yes No No Yes No No Yes
Obs. 1,608 1,608 1,608 1,224 1,224 1,224 384 384 384

Notes: Standard errors are clustered at the individual level and reported in parentheses.
*p < 0.1, **p < 0.05, ***p < 0.01. The number of observations is 402 respondents *4 price levels.

products prior to our project. This is different from the liter-
ature, which mostly focuses on the take-up behavior of new
clients. Second, almost all the households in our sample were
familiar with the fertilizer company, which is the parent com-
pany of the current insurer. This would reduce mistrust of the
insurer, which the literature has shown to be one of the biggest
barriers to take-up. Third, the sample households vary widely
with respect to distance from the weather station, which pro-
vides us the variation in the proxy for basis risk. Fourth, we
drew our sample from farmers who had bank accounts for crop
loans and whose insurance premium was deducted from their
bank accounts. This implies that our sample farmers did not
face severe liquidity constraints. By construction, then, we can
exclude liquidity constraints as a reason for the low take-up
of weather insurance and can clearly identify other determi-
nants of demand. Therefore, this study allows us to identify
the determinants of index insurance demand when liquidity

constraints do not have a binding role. It should be noted,
however, that our sample covers a wide range of landholding,
including small farmers. Fifth, in collaboration with the insur-
ance company, we analyzed the actual insurance products with
real stakes, not hypothetical stakes in a lab, and experimentally
changed the price of the insurance to elicit the individual de-
mand structures. The actual premium amount was determined
randomly.

Taken together, our results are largely consistent with find-
ings in the literature on demand for index insurance using data
from various other countries (Bertram-Huemmer and Kraehn-
ert, 2018; Cole et al. 2013; Giné and Yang, 2009; Jensen et al.
2017; Karlan et al., 2014; Mobarak and Rosenzweig 2013;
Takahashi et al., 2016). This suggests that our results are not
necessarily context-specific. Taking up the insurance and re-
ceiving payouts may also influence economic outcomes such
as investment, consumption, and subjective well-being. While
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Table 7
Estimation results of truncated regressions

Truncated regression

Demand for BBY (acre)

MBY purchasers MBY nonpurchasers

(1) (2) (3) (4) (5) (6)

BBY price (per acre) −0.013*** −0.013*** −0.013*** −0.006 −0.006 −0.006
(0.002) (0.002) (0.002) (0.004) (0.004) (0.004)

Log income 0.081 0.058 0.090 0.005 0.024 0.024
(0.057) (0.042) (0.061) (0.027) (0.033) (0.034)

Landholding (acre) −0.058 −0.046 −0.055 0.003 0.024 0.022
(0.064) (0.059) (0.063) (0.025) (0.029) (0.028)

Landholding squared 0.006 0.006 0.006 −0.001 −0.002 −0.003
(0.004) (0.004) (0.004) (0.002) (0.002) (0.002)

Distance (km) 0.012 0.0004
(0.010) (0.003)

New society −0.028 −0.174**

(0.157) (0.080)
Age −0.006** −0.007** −0.007*** 0.003 0.003 0.002

(0.003) (0.003) (0.003) (0.003) (0.003) (0.002)
Score in arithmetic questions 0.033** 0.030** 0.031* 0.007 0.007 0.005

(0.016) (0.015) (0.016) (0.012) (0.012) (0.014)
Education (years) 0.003 0.001 0.004 0.001 −0.001 0.003

(0.010) (0.011) (0.010) (0.012) (0.011) (0.013)
Household size 0.038* 0.041** 0.036* 0.028* 0.025* 0.023

(0.020) (0.020) (0.020) (0.016) (0.014) (0.014)
Ever client of ITGI until 2011 0.119 0.091 0.086 0.476** 0.393** 0.613***

(0.082) (0.083) (0.079) (0.199) (0.199) (0.215)
IFFCO client dummy −0.019 0.018 −0.043 −0.113 −0.153 −0.133

(0.217) (0.222) (0.219) (0.143) (0.126) (0.126)
Share of irrigated land 0.206* 0.207* 0.212* 0.113 0.096 0.101

(0.122) (0.120) (0.116) (0.087) (0.081) (0.076)
Constant −0.685 −0.368 −0.549 −0.224 −0.319 −0.167

(0.734) (0.606) (0.787) (0.503) (0.483) (0.560)
Society dummies No No Yes No No Yes
Obs. 1,224 1,224 1,224 384 384 384

Notes: standard errors are clustered at the individual level and reported in parentheses.
*p < 0.1, **p < 0.05, ***p < 0.01.

identifying the impact of index insurance on these outcomes is
important, this is left for future research.

7. Concluding remarks

While index insurance products are penetrating into low-
income countries, their take-up rates have remained low. To
empirically investigate the demand for weather index insurance
in developing countries, we conducted surveys and randomized
price-discount experiments on temperature and rainfall index
insurance products in Madhya Pradesh, India. Our econometric
analysis confirms that price has a strong impact on the insurance
quantity demanded. We also find that farmers respond less to
the price of a rainfall insurance scheme in the monsoon season
after a temperature insurance scheme in the previous dry season.
Farmers in cooperative societies where no insurance company
had ever approached before are shown to demand less, while
households with larger families and higher mathematical ability
demand more. We also consider the dynamic decision-making

process across seasons, and find that purchasers of temperature
insurance tend to buy the subsequent rainfall insurance more
often than nonpurchasers do. In line with existing studies, our
results suggest that a one-time subsidy does not lower subse-
quent demand.

The Government of India (2018) estimates that farm income
will decline by 12% for Kharif crops and 5.4% for Rabi crops
in unirrigated areas by the end of the 21st century. Our find-
ings should contribute to the lively policy debate on protection
against disasters. As it takes a long time and requires a huge
investment to improve irrigation infrastructure based on dams
and canals, market-based solutions using weather index insur-
ance could complement the lack of infrastructure by improving
farmers’ protection. Our empirical evidence provides valuable
information regarding the demand patterns for weather index
insurance, including a temperature index for which existing
studies are scarce. Our findings thus shed light on policies that
attempt to mitigate agricultural damages caused by heat through
such insurance schemes. Furthermore, consistent with Dupas
(2014), Takahashi et al. (2016), and Fischer et al. (2019), our
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findings provide suggestive implications regarding the impact
of short-run subsidies to promote the adoption of new technol-
ogy or insurance products.
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