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Heat can cause substantial yield losses in crop production and climate change is increasing the risk of this kind of
damage. Weather index insurance can help to reduce the financial losses resulting from heat exposure. This paper
introduces crop-specific payout functions based on restricted cubic splines in heat index insurance. The use of
restricted cubic splines is a cutting-edge method to reflect empirically estimated temperature effects on crop
yields and to estimate temperature-related yield losses. The integration of these temperature effects in payout
functions facilitates insurance design and allows hourly temperatures to be used as the underlying index. An
empirical analysis is used to assess heat stress effects for a panel of East German winter wheat and winter
rapeseed producers, to calibrate insurance contracts accordingly and simulate the resulting risk reducing ca
pacities. We find that the insurance scheme introduced here leads to statistically and economically significant
out-of-sample risk reducing capacities for farmers, i.e. risk premiums are reduced by up to approximately 20% at
the median, in comparison to the uninsured status and at the actuarially fair premium. Moreover, we highlight
that policy-makers can support the cost-efficient provision of market-based weather index insurance by fostering
data collection and data provision.

1. Introduction
Heat stress is a major driver of crop yield losses and its relevance is
growing due to climate change (Lobell et al., 2011a; Schlenker and
Roberts, 2009; Asseng et al., 2015; Tack et al., 2015; Lesk et al., 2016;
Ortiz-Bobea et al., 2019). Insurance solutions can reduce the financial
losses suffered by farmers, especially when on-field risk management
reaches its limit. Therefore, insurance can be a viable complement to
other risk management tools and improves adaptation to climate change
(Miranda and Vedenov, 2001; Smith and Glauber, 2012; Di Falco et al.,
2014).
In this paper, we introduce novel and crop-specific payout functions
based on restricted cubic splines into a heat index insurance design to
reflect empirically estimated hourly temperature effects on crop yields.
Next, we use data for crop production in Eastern Germany to evaluate
empirically the potential of this heat index insurance design to reduce

financial downside risks from the perspective of farmers.
Weather index insurance1, including heat index insurance, permits
timely indemnification and the insurability of systemic and specific risks,
such as heat stress, at low costs and can avoid moral hazard and adverse
selection problems that can cause insurance market failure (Barnett and
Mahul, 2007; Barnett et al., 2008; Vroege et al., 2019; Benami et al.,
2021). For these reasons, private insurance suppliers have recently
introduced several weather index insurance schemes in European agri
culture. The European market for weather index insurance is strongly
growing and contributes to close farmers’ protection gap for extreme
weather events. Weather index insurance complements traditional in
demnity insurances, which were already introduced in Europe towards
the end of the 18th century and that cover less systemic weather risks (e.g.
hail, snow pressure, storms) and geohazards (e.g. landslides). Especially
drought risks received attention in weather index insurance markets,
because droughts are difficult to insure with traditional indemnity
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insurances (e.g. Vroege et al., 2019; Bucheli et al., 2021)2. In contrast to
drought risks, we are not aware of offered heat index insurance in Europe,
even though it constitutes an important risk for crop production (e.g.
Webber et al., 2020). The amount of indemnification in weather index
insurances depends solely on a single underlying weather index, such as
accumulated temperatures, and not on actual yield observations (Mahul,
2001; Turvey, 2001). This introduces basis risk, which reflects the
possible difference between the actual loss and the amount of indemni
fication (Vedenov and Barnett, 2004; Clarke, 2016). Basis risk is one of
the most important determinants of insurance uptake and must therefore
be minimized (Elabed et al., 2013; Jensen et al., 2018). The choice of the
insured time period, measurement errors in the (interpolated) weather
data and the insurance design are to a certain extent controllable factors
that influence basis risk in weather index insurance (e.g. Woodard and
Garcia, 2008; Norton et al., 2012; Dalhaus et al., 2018).
Previous studies on heat index insurance have followed the design of
financial call options and proposed linear payout functions using accu
mulated degree-days based on daily average temperature data as the
underlying index (e.g. Richards et al., 2004; Turvey, 2005; Deng et al.,
2008; Woodard and Garcia, 2008; Norton et al., 2012; Okhrin et al., 2013;
Buchholz and Musshoff, 2014; Leppert et al., 2021). Accumulated degreedays indicate by how much and for how long temperature exceeds a
predefined temperature threshold (D’Agostino and Schlenker, 2016).
Previous studies on heat index insurance have used different temperature
thresholds for the calculation of degree-days3 and have estimated mar
ginal payouts with different methods but under the assumption of linear
temperature-yield relationships above the predefined temperature
threshold. These previous insurance designs face several pitfalls as
highlighted by recent heat impact studies (e.g. Schlenker and Roberts,
2009; Lobell et al., 2011b; Blanc and Schlenker, 2017; Tack et al., 2017;
Gammans et al., 2017; Ortiz-Bobea et al., 2019). More specifically, the
estimation of yield losses and corresponding payouts in previous insur
ance designs is susceptible to not fully accounting for crop-specific,
nonlinear temperature effects on yields and intra-day temperature vari
ation. This provides an additional source of basis risk that can be reduced
with the insurance design suggested in this paper.
Spline functions in combination with hourly air temperatures are
considered superior to the use of accumulated degree-days and have
been used to assess historical temperature effects on crop yields (e.g.
Ortiz-Bobea et al., 2018; Dalhaus et al., 2020a; Dalhaus et al., 2020b) or
to calibrate splines with historical data to project future temperature
effects on yields under different climate change scenarios (e.g. Schlenker
and Roberts, 2009; Ortiz-Bobea et al., 2019). Restricted cubic splines are
particularly suitable to estimate nonlinear hourly temperature effects on
specific crop yields and corresponding yield losses (Berry et al., 2014;
D’Agostino and Schlenker, 2016; Blanc and Schlenker, 2017). This
econometric method smoothly connects piecewise cubic estimates of
crop yield responses to temperature exposures while using linear yield
responses in the data-scarce tails of temperature distributions and
without the need to define critical temperature thresholds a priori.
However, empirically estimated temperature effects on crop yields
derived using restricted cubic splines and hourly temperature data have
not yet been applied to weather index insurance design.
We seek to bridge this research gap by developing a framework that
incorporates restricted cubic splines in weather index insurance design.

This allows the integration of an empirically estimated yield response
function to hourly temperature exposure in insurance design. More
specifically, we integrate restricted cubic splines into the payout func
tion and use hourly air temperature instead of accumulated degree-days
as the underlying index to obtain an insurance design that builds on a
cutting-edge method to empirically estimate yield losses. In addition,
this paper presents recent suggestions for heat insurance design.
In our empirical analysis, we design heat index insurances for largescale winter wheat and winter rapeseed producers in Eastern Germany
and simulate their risk reducing capacities at the farm-level. The un
subsidized German market is organized by private insurance suppliers
that offer traditional indemnity insurance and have recently introduced
drought index insurance. However, heat stress currently remains an un
insurable risk. Eastern Germany is one of Europe’s main crop producing
regions where farmers face a great, and indeed increasing, degree of heat
stress (Trnka et al., 2014; Gornott and Wechsung, 2016; Lüttger and
Feike, 2018; Senapati et al., 2021) which has significant implications for
winter wheat and winter rapeseed, two major crops in this region (Don
atelli et al., 2015; Weymann et al., 2015). We combine high resolution
temperature and phenology data with panel data on farm-level yields to
design contracts for different restricted cubic spline models. Subse
quently, we use the expected utility model to simulate the out-of-sample
risk reducing capacities of the payout functions based on restricted cubic
splines and in comparison to the uninsured status4. Our results show
statistically significant out-of-sample risk reducing capacities for heat
index insurance based on restricted cubic splines. We attribute consid
erable economic relevance to both heat exposure and the heat index in
surance covering the most critical crop growth phases as suggested here.
Based on the restricted cubic spline model and strike level temperature,
and assuming moderate risk-aversion, the heat index insurances imple
mented here reduce farmers’ risk premium at the median by 18.46% to
19.62% for winter wheat (20 ◦ C strike level temperature) and by 14.21%
to 20.66% for winter rapeseed (15 ◦ C strike level temperature), at the
actuarially fair premium and in comparison to the uninsured status. Our
results are insensitive to various robustness checks such as the choice of
the restricted cubic spline model and other levels of risk-aversion.
The remainder of this paper is structured as follows. We first present
an economic framework of weather index insurance. In the following
section, we introduce the novel insurance design based on restricted
cubic spline functions. We then put forward our implementation of in
surance design and risk analysis, followed by the case study and data.
Next, we present our results that are followed by a discussion. Finally,
we end the paper with concluding remarks and policy
recommendations.
2. Economic framework of weather index insurance
̃ it of farm
The revenue realized from insured single-crop production W
i in year t is a random variable with stochastic dependency on exogenous
random weather shocks ̃Iit as illustrated in equation (1).
( )
( )
̃ it = p ∗ ̃yit ̃I it + ̃
W
πit ̃I it − θi

(1)

p is the price of the insured crop, which we assume to be non-random

4
We compare our insurance design with the uninsured status because there is
no comparable insurance implemented in Eastern Germany. Moreover, a sys
tematic and fair comparison to another hypothetical design based on a form of
degree-days is not straightforward, but the literature has shown the superiority
of restricted cubic splines over degree-days to estimate temperature-related
crop yield losses.

2

For instance, weather index insurance schemes are offered by the Vereinigte
Hagel in Germany, Austrian hail insurance in Austria, Swiss hail insurance in
Switzerland, Groupama in France, Agroseguro in Spain and Cooper-Gay in
several European countries. The insurance design of their products is also
influenced by the findings of previous research. This highlights the impact of
scientific studies that address insurance design on practical implementations.
3
Most of these studies use common temperature thresholds of approximately
8◦ C (growing degree-days), 18◦ C (cooling degree-days) or 30◦ C (heat degreedays), irrespective of crop and crop growth phases.
2
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due to the availability of forward contracts that mitigate price risks5.
( )
̃
yit ̃Iit is the random yield of a specific crop that depends stochastically

and Ri is the risk premium of farmer i. The risk premium reflects a
rational farmer’s implicit costs for the risk burden, i.e. monetizes risk
exposure while also accounting for risk preferences (Di Falco and Cha
vas, 2006). We derive a farmer’s risk premium by solving equation (3)
for Ri resulting in equation (4).
( )
[
( )]
̃ it
̃ it − U − 1 EU i W
Ri = E W
(4)

on random weather conditions captured with ̃Iit , ̃
πit is the insurance
payout that depends on the random value of underlying index ̃Iit and θi is

the insurance premium paid by the farmer. The use of farm-specific
yields reflects the full exposure of spatially heterogeneous and farmspecific production risks that affect crop yields, which would be
smoothed when yields are aggregated to higher levels (e.g. state-level)
and thus would bias the estimates of farm-specific risk reducing capac
ities (Marra and Schurle, 1994; Webber et al., 2020). According to
equation (1), adverse weather conditions captured in ̃Iit reduce market
( )
revenues, comprising price p multiplied by yield ̃
yit ̃Iit , but may in

The power utility function U(.) depicted in equation (5) is especially
suitable for risk-averse farmers seeking insurance because it has a
diminishing marginal utility to increasing revenues and particularly
reflects aversion to downside risks (e.g. Femenia et al., 2010). The in
clusion of downside risks, i.e. going beyond a mean–variance analysis, is
important because the insurance should reduce the probability of low
revenues, i.e. downside risks. The utility function shown in equation (5)
has been applied in many studies focusing on risk reductions in agri
culture, including the use of insurance (e.g. Di Falco and Chavas, 2009;
Femenia et al., 2010; Leblois et al., 2014; Kenduiywo et al., 2021;
Vroege et al., 2021).
( )
( )1− α
̃ it = (1 − α)− 1 ∗ W
̃ it
U W
(5)

crease the net insurance revenues, which comprise the insurance payout
( )
̃
π it ̃Iit minus the non-random insurance premium θi . Therefore, the
insurance compensates for low revenues due to low yields, thus reducing
farmers’ financial exposure to weather risks. However, crop yields ̃
yit do
not depend solely on the captured weather conditions as shown in
equation (2).
( )
̃
yit = g ̃I it + ̃
∊it
(2)

α is a coefficient of constant relative risk-aversion, which is a fitting

description of farmers’ risk preferences (e.g. Di Falco and Chavas, 2009;
Femenia et al., 2010).
Consequently, a farmer with risk preferences mapped by a power
utility function benefits from taking out heat index insurance when the
expected utility increases, which is equivalent to a decrease in the risk
( )
̃ it for the
premium given the same level of expected wealth E W

( )
g ̃Iit is a function that approximates the impact of random weather
conditions, indicated by ̃Iit , on yields ̃
yit and ̃
∊it is an error term that
summarizes the myriad of other production factors that are uncorrelated
with the weather captured in ̃Iit but influence crop yields (e.g. from

weather captured in ̃Iit independent pests and diseases, geohazards,
management decisions, time trends, farm fixed-effects such as soil
properties and other weather events). The error term is the source of
basis risk and limits the ability of the insurance to compensate for losses
perfectly. Our research aims to integrate restricted cubic splines in
combination with hourly temperature exposure, which is considered to
be a cutting-edge method to estimate yield losses, in heat index insur
( )
ance design so that we have an accurate estimation of g ̃Iit and can

insured and uninsured status. The actuarially fair premium7 is the ex
pected payout from the insurance, i.e. θi = E(̃
πit ), and results in the same
level of expected wealth as the uninsured status. Note that we use the
risk premium as an indicator of overall risk exposure/risk reducing ca
pacity and not to estimate insurance uptake, which can be subject to
factors other than expected utility maximization behavior (see Babcock,
2015; Du et al., 2017; Cao et al., 2019; Luckstead and Devadoss, 2019;
Dalhaus et al., 2020a). An estimation of insurance uptake is beyond the
scope of this paper, but decreasing risk premiums indicate potential
interest in insurance uptake.

trigger adequate payouts.
The standard microeconomic model for individuals who face risks is
the expected utility framework6. Thus, we use this framework to assess
overall gains from heat index insurance giving due consideration of
different levels of risk-aversion that provide an incentive to reduce risk
exposure. In this framework, a risk-averse farmer perceives an increase
in the expected utility when the insurance reduces her/his temperaturerelated financial risk exposure (Di Falco and Chavas, 2009). This is
illustrated in equation (3):
( )
[ ( )]
[ ( )
]
̃ it = E U W
̃ it
̃ it − Ri
EU i W
=U E W
(3)

3. Using restricted cubic splines in insurance design
Equation (6) introduces our novel, crop-specific payout function that
uses hourly air temperature as the underlying index, i.e. payouts depend
solely on hourly temperature exposure. We use hourly temperature
exposure to account for intra-day temperature variations and extremes8.

πit = p ∗

Hit {
∑
max( − f (Tith ), 0 )
0
h =1
it

if Tith ≥ Ts
if Tith < Ts

(6)

The final payout π it farmer i receives in year t is the accumulated sum
of hourly payouts during the crop’s critical growth phases starting in
hour hit = 1 and ending in hour Hit . An hourly payout is triggered if
temperature Tith in hour h equals or exceeds the strike level temperature
Ts and if we estimate a yield loss with the function f(Tith ) due to tem
perature exposure Tith . Consequently, the strike level can be used to

̃ it is
U(.) is a utility function mapping farmers’ preferences under risk, W
the revenue realized by farmer i in year t, E is the expectation operator
5
Price-yield correlations are very low at farm-levels, i.e. there is almost no
natural hedge (Finger, 2012). Moreover, German crop producers usually use
bilateral forward contracts to mitigate price risks, but rely less on future mar
kets (Anastassiadis et al., 2014). Thus, price risks can be controlled but pro
duction risks remain a challenge and main source of revenue volatility. Bilateral
forward contracts between a farmer and buyer even increase production risks
because farmers must buy additional crops if their harvest falls short after the
contractually agreed quantity.
6
See e.g. Dalhaus et al. (2020a) for extensions towards cumulative prospect
theory. The here suggested improvements in weather index insurance would
also result in superior outcomes for farmers under this concept.

7
We load the actuarially fair premium in a robustness check to account for
the insurer’s internal expenses.
8
Lobell (2007) shows the importance of considering intra-day temperature
variations to estimate crop yield responses. Moreover, Tack et al. (2015) and
Gammans et al. (2017) compare hourly temperature exposure with daily
average temperature exposure and find that hourly temperatures have higher
predictive power for crop yields than daily average temperatures.

3

J. Bucheli et al.

Food Policy 107 (2022) 102214

define the insured temperatures. The hourly payout triggered equals the
estimated yield loss ( − f(Tith )) times the predefined crop price p. If f(Tith )
does not estimate a yield loss, there will be no hourly payout even if
temperature Tith exceeds the strike level Ts .
The functional form of f(Tith ), which is used to estimate the hourly
marginal temperature effect on crop yields, is based on a restricted cubic
spline specification that considers the full temperature exposure during
critical crop growth phases. Once the knots that divide temperature into
intervals have been defined9, restricted cubic splines smoothly connect
the piecewise cubic estimates of marginal yield responses to tempera
tures within each temperature interval and force a linear yield response
to temperatures beyond outer knots (Berry et al., 2014; Harrell Jr. 2015;
Blanc and Schlenker, 2017). Consequently, restricted cubic splines
reflect potentially nonlinear temperature effects on crop yields while
linear relationships in the data-scarce tails of temperature distributions
can reduce prediction errors (Blanc and Schlenker, 2017; Harrell Jr.
2015). Moreover, the estimated cubic yield responses within tempera
ture intervals are flexible regarding their form and can also reflect
potentially linear or quadratic relationships between crop yields and
temperatures within that specific temperature interval. Consequently,
restricted cubic splines are an ideal functional form to calculate payouts
that reflect nonlinear hourly temperature effects. The remainder of this
section provides step-by-step instructions regarding the calculation of
hourly marginal temperature effects based on restricted cubic splines in
the context of insurance design in which a single underlying index (here
temperature) is used to estimate yield losses.
Firstly, we define the number of knots k and the knot locations kn1 ,
…, knk to divide the temperature range into intervals (see Section 4
“Implementation of insurance design and risk analysis” for some prac
tical suggestions). Secondly, restricted cubic splines require the calcu
lation of (k-2) new time series that are transformations of the original
temperature time series Tith (Blanc and Schlenker, 2017). Equation (7)
derives the (k-2) new hourly time series Sithj based on the hourly tem
perature Tith , where j indicates the number of the new time series with
j ∈ {1, …, k − 2} (see Harrell Jr. (2015) and Harrell Jr. and Dupont
(2019) for more details).

(
Sithj =

(

max

Tith − knj

,0
(knk − kn1 )2/3

) )3

(
−

(

max

Tith − knk−

) )3
1
,0
2/3

(knk − kn1 )

*

Xit1 =

∑Hit

Xit(j+1) =

hit =1

Tith

∑Hit

hit =1

(8)

Sithj

Fourthly, we estimate the farm fixed-effect model shown in equation
(9) to estimate the effect of the aggregated temperature variables while
controlling for a time trend.
yit = β1 Xit1 + β2 Xit2 + ⋯ + βk− 1 Xitk− 1 + βk t + βk+1 t2 + ai + εit

(9)

11

In equation (9), yit is the crop yield of farm i in year t, the restricted
cubic spline specification is denoted as (β1 Xit1 +β2 Xit2 +⋯ +βk− 1 Xitk− 1 )
and the deterministic quadratic time trend (βk t + βk+1 t2 ) controls for
technological progress in crop yields. In addition, we use farm fixedeffects ai to control for unobserved and time-invariant factors that in
fluence crop yields at farm-level (e.g. soil quality). The error term εit
summarizes random factors which influence yields but are uncorrelated
with temperature and control variables12. After this fourth step, we have
calibrated the restricted cubic spline specification by estimating the
aggregated temperature effects of specific temperature intervals on crop
yields with temperatures measured during the most critical crop growth
phases.
Finally, we use equation (10) to calculate the marginal yield
response to an hourly exposure to temperature Tith , which is denoted as
f(Tith ) in the payout formula illustrated in equation (6).
f (Tith ) = ̂
β 1 *Tith + ̂
β k− 1 *Sithj (Tith )
β 2 *Sith1 (Tith ) + ⋯ + ̂

(10)

The (k-1) coefficients ̂
β 1 , …, ̂
β k− 1 are estimated regression co
efficients from equation (9), Tith is the temperature in hour h of the
period of critical crop growth phases at farm i and in year t, and the (k-2)
variables Sithj with j ∈ {1, …, k − 2} are values of temperature trans
formation j that we derive with equation (7).
Note that the payout depends solely on temperature exposure during
critical growth phases and is independent of yields. However, we use
historical farm-level yields to calibrate temperature effects on crop
yields. We estimate the payout functions for each crop separately

(
(
) )3
knk − knj
Tith − knk
knk− 1 − knj
+ max
,
0
*
knk − knk− 1
knk − knk− 1
(knk − kn1 )2/3

(7)

because temperature effects are likely to vary between crops. The
restricted cubic spline model is independent of the strike level temper
ature, i.e. equations (7) to (10) always consider the full temperature
exposure during critical growth phases.

Thirdly, we aggregate the hourly values over the period of critical
crop growth phases starting in hour hit = 1 and ending in hour Hit at
farm i and in year t. This is shown in equation (8). We aggregate the
hourly values over the period of critical crop growth phases to match
them with annual yield observations (see fourth step). More specifically,
we aggregate the original temperature series Tith and each of its (k-2)
transformations Sithj in this third step. This results in the (k-1) aggre
gated variables Xit1 , …, Xit(k− 1) that we have for each period of critical
crop growth phases of farm i and year t10. Xit1 represents the aggregated
hourly values of the original time series Tith and Xit(j+1) the aggregated
hourly values of the transformed time series Sitj .

4. Implementation of insurance design and risk analysis
This section provides details regarding the implementation of our
payout function in heat index insurance design, the risk analysis and the
software used to calibrate contracts and run our simulation.

11
The use of yields at farm-level prevents aggregation bias (e.g. to state-level)
that smoothens yield volatility (Marra and Schurle, 1994) and allows for a farmspecific risk assessment.
12
Note that we do not control for dry conditions because the heat index in
surance should compensate for any temperature-related yield losses that are
estimated by a single underlying weather index. Most weather index insurance
designs use a single underlying index to keep payout schedules simple and
comprehensible. Thus, the payout function based on equation (9) also com
pensates for dry conditions correlated with temperatures (see also Auffhammer
et al. (2013)) because this reduces basis risk in heat index insurance.

9
Several strategies to divide temperature exposure into intervals, including a
numerical derivation, are presented in the next section.
10
Aggregation bias is reduced by calculating the (k-2) transformed tempera
ture variables Sithj in a first step and then aggregating hourly temperature Tith
and the (k-2) transformed temperature variables Sithj in a second step rather
than the reverse procedure (Blanc and Schlenker, 2017).

4
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4.1. Insurance design

(2015) and place three knots at the 10%, 50% and 90% quantile of
observed temperatures. In Model 4, we follow the suggestion of Blanc
and Schlenker (2017) and use equal spaces of 5 ◦ C between knots,
setting the first knot at 5 ◦ C (close to the 10% quantile of observed
temperatures) and the fifth knot at 25 ◦ C (close to the 90% quantile of
observed temperatures).
We avoid the risk of overfitted payout functions by omitting data of
farm i in insurance calibration, i.e. we derive knot locations and payout
functions for each farm i by omitting observations of farm i in the panel
regression shown in equation (9). Subsequently, we simulate the risk
reducing capacity of farm i by inserting hourly temperatures during risk
periods of farm i into the payout function that was calibrated without
observations of farm i.

Temperature effects on yields vary across different crop growth
phases and the timings of these phases exhibit a spatiotemporal vari
ability13 (Rezaei et al., 2015; Ortiz-Bobea et al., 2019; Yu and Goh,
2019). Thus, the period in which weather is captured for the payout
calculation should cover the growth phases most vulnerable to heat
stress and reflect spatiotemporal differences in growth phase timings
(Leblois and Quirion, 2013; Conradt et al., 2015). Therefore, in line with
Dalhaus et al. (2018), we use interpolated phenological observations to
define the period of temperature measurement. More specifically, we
cover the growth phases from stem elongation to the beginning of milk
ripeness for winter wheat (Porter and Gawith, 1999; Barnabás et al.,
2008) and from bud formation to the beginning of full ripeness for
winter rapeseed (Gan et al., 2004)14. As no high-resolution, historical
data of hourly temperature is currently available, we approximate the
hourly temperatures required in equations (6) to (10). More specifically,
we fit daily double sine curves that pass from the daily minimum tem
perature to the daily maximum temperature and from there to the daily
minimum temperature of the consecutive day to estimate within-day
temperature curves. Subsequently, we read hourly temperatures from
these approximated daily temperature curves. Snyder (1985), Tack et al.
(2015), D’Agostino and Schlenker (2016) and Gammans et al. (2017)
also have implemented such an approximation of hourly temperatures
and find that these approximated hourly temperatures have a higher
predictive power of crop yields than daily average temperatures. The
calculation of restricted cubic splines requires the specification of at
least three knots that divide temperature into intervals, whereby each
knot specification results in a different restricted cubic spline model. We
use four different knot-placement strategies (called Model 1 to 4 here
after)15 that are suggested in other publications and compare their
resulting risk reducing capacity.
The first three models use three knots, which is the minimum number
of knots required for the calculation of restricted cubic splines. In Model
1, we follow the four-step procedure suggested in Harri et al. (2011) and
Ker and Tolhurst (2019) to identify the farm fixed-effect model (see
equation (9)) that results in the largest goodness of fit. Firstly, we define
bounds for the lowest (at the 5% quantile of observed temperatures) and
highest (95% quantile of observed temperatures) knot location. In addi
tion, we set the minimum distance between two knots equal to 5 ◦ C.
Secondly, we calculate all the combinations of knot locations that can
possibly result from the definitions in the previous step. Thirdly, we es
timate the farm fixed-effect model shown in equation (9) for each possible
knot combination and calculate the residual sum of squares (RSS) of the
estimated models. Fourthly, we choose the model with lowest RSS as,
given there are three knots16, this is the model with the largest fit.
Since the model with largest goodness of fit for the calibration
sample does not necessarily provide the largest out-of-sample risk
reducing capacity resulting from downside risk removal, we also
consider three other models in addition to Model 1. In accordance with
Ortiz-Bobea et al. (2018), Model 2 has three equally spaced knots placed
over observed temperature records. In Model 3, we follow Harrell Jr.

4.2. Risk analysis
We use the economic framework introduced in Section 2 to simulate
risk reducing capacities of the payout functions applied here. The yield
observations needed to calculate revenues as shown in equation (1) are
detrended using the panel’s quadratic time trend17. We set crop prices
equal to 1 (i.e. revenues, payouts and premiums are in yield terms (decitons per hectare, i.e. 100 kg per hectare)) because German farmers can
use bilateral forward contracts18 to mitigate price risks (Anastassiadis
et al., 2014). In fact, the use of forward contracts even stimulates the
need for crop insurance as low yields may imply contract penalties. We
report relative changes in risk premiums for different payout functions
and strike level temperatures as compared to uninsured crop production
and then evaluate significant differences with non-parametric paired
Wilcoxon signed rank tests. The results in the main paper are repre
sentative for moderately risk-averse farmers with a coefficient of con
stant relative risk-aversion α equal to 2 (see equation (5)). In addition,
we provide results for slightly (α = 0.5) and extremely risk-averse
farmers (α = 4) in section S.3 of the supplementary online appendix to
reflect the heterogeneity in observed risk preferences in Germany
(Chavas, 2004; Maart-Noelck and Musshoff, 2014; Meraner and Finger,
2019; Iyer et al., 2020).
4.3. Software
The statistical software environment R (R Core Team, 2018) is used
for data handling, computations and the creation of illustrations. The
package “Hmisc” derives the transformed temperature variables shown
in equation (7) (Harrell Jr. and Dupont, 2019). All codes are available in
an online supplement to increase transparency and facilitate
reproducibility.
5. Case study and data
We design heat index insurance for winter wheat and winter rape
seed production in Eastern Germany, which is one of Europe’s main
production regions for these two crops. Our analysis is based on crop
yield data from 88 large-scale crop producers with over 1′ 000 ha each,
which is considerably above the average size of German farms (see Fig. 1
for their location). Table 1 provides summarized statistics for crop
yields, varying durations of risk periods (i.e. periods of critical crop

13

Timings of growth phases depend mainly on temperature and to a lesser
extent on other weather variables and management decisions (Gerstmann et al.,
2016).
14
This implies that our payout function is based on the assumption of tem
poral additive temperature effects on crop yields during these critical growth
phases.
15
Other knot-placement strategies and corresponding results are shown in the
supplementary online appendix.
16
In addition, we compare this nonlinear model based on three knots with the
nonlinear models with largest goodness of fit based on four and five knots using
the Akaike Information Criterion (AIC). See S.3 of the supplementary online
appendix for more details. The AIC favors all nonlinear models over linear
models.

17
The Akaike Information Criterion favors a quadratic trend over a linear
trend in our panel. Note that we use observed yields to estimate temperature
effects in equation (9) while controlling for technological progress with a
quadratic time trend.
18
We have no information about the actual use of bilateral forward contracts
between farmers and buyers in our sample, e.g. which farms actually use for
ward contracts or which contract terms (quantity, quality and prices) are used.
However, we know that German crop producers use regularly these forwards
(Anastassiadis et al., 2014).
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but no winter rapeseed and 4 produce winter rapeseed but no winter
wheat. The total number of yield records is 1’316 for winter wheat (from
84 farms) and 1’262 for winter rapeseed (from 81 farms) and the median
number of records per farm for both crops is 16. We use farm-specific
yield data to reflect farm-specific production risk affecting crop yields
to the full, i.e. we consider any factor that affects crop yield volatility at
the farm-level.
5.2. Phenology data
We derive crop-, farm- and year-specific phenology data from the
PHASE model (PHenological model for Application in Spatial and
Environmental sciences) that interpolates the timing of growth phases
based on a modified growing degree-days approach while also consid
ering elevation (Gerstmann et al., 2016; Möller et al., 2020). The model
uses a digital elevation model and daily average temperatures to inter
polate phenological observations into 1 km × 1 km raster files. The
German Meteorological Service (DWD) publishes phenological obser
vations from a network of approximately 1′ 200 voluntary reporters who
follow standardized criteria to report the timing of growth phases
(Kaspar et al., 2015). It has been proved that index insurance based on
phenological observations outperforms monthly aggregated weather
exposure and crop modelling approaches (Dalhaus and Finger, 2016;
Dalhaus et al., 2018).

Fig. 1. Farm locations in Eastern Germany.

growth phases) and historical temperatures within these periods. The
critical heat risk period for winter wheat starts when the growth phase
“stem elongation” commences (on average 26 April) and ends when the
growth phase “milk ripeness” starts (on average 29 June). The risk
period for winter rapeseed starts when the growth phase “bud forma
tion” commences (on average 14 April) and ends when the growth phase
“ripeness” starts (on average 12 July).
Irrigation is not widespread in crop production in our case study
region (Siebert et al., 2015; United Nations, 2020a) and we are not
aware of any insurance product that uses restricted cubic splines to
calibrate payout functions. In general, the German insurance market is
open for various private insurance suppliers, the number of offered
weather index insurances is growing19 and the government does not
provide or prescribe insurance solutions. There is no premium subsidy in
Germany, there is only a value-added tax deduction. The German gov
ernment has provided ad hoc disaster payments for extreme drought
exposure (e.g. 2003, 2018), but never for heat exposure during critical
growth phases of winter wheat or winter rapeseed (Odening et al., 2007;
Vroege and Finger, 2020). Some insurance providers tailor weather
index insurance to the individual needs of farmers and mostly use
drought indices as the underlying index. For instance, depending on the
insurance provider, farmers can choose the underlying index, strike
levels and period of index measurement, which also results in farmspecific payouts and premiums.

5.3. Temperature data
We derive daily minimum and maximum temperatures at each farm,
which we require to approximate farm-specific daily temperature curves
as explained in Section 4.1 “Insurance design”, from the publicly
available gridded datasets E-OBS version 20e with a spatial resolution of
0.1◦ × 0.1◦ (~11 km × 11 km) and monthly updates. Each grid contains
daily minimum and maximum temperatures based on cutting-edge
interpolation techniques developed by climatologists and meteorolo
gists and with the aim to minimize measurement errors in interpolated
temperature data. More specifically, the interpolation is based on the
mean value of a 100-member ensemble that uses station-derived ob
servations collected by the European Climate Assessment and Dataset
(ECA&D) (see Cornes et al., 2018 for technical details). Each model of
the 100-member ensemble uses several surrounding weather stations to
interpolate temperature data into grids. The station network currently
consists of approximately 19’100 weather stations across Europe with
highest density in Central Europe, including Eastern Germany (see Fig. 1
in Cornes et al., 2018 for an overview and www.ecad.eu for detailed
documentation). This dataset has been used to assess the magnitude and
frequency of daily temperature (extremes), to monitor ongoing climate
change and to estimate temperature effects on crop yields in Europe (e.g.
Gammans et al., 2017; Cornes et al., 2018; Ma et al., 2020).
Leppert et al. (2021) show that interpolated data based on simpler
interpolation techniques than applied in E-OBS (e.g. kriging) already
improves the performance of weather index insurance compared to
matching to the closest weather station. Moreover, gridded datasets
provided by experts in climatology and meteorology are trustful, of
highest quality, complete (i.e. no missing data due to technical failure of
a weather station), frequently refined, and cut transaction costs in in
surance design because there is no need to identify a suitable weather
station or its substitutes in case of technical failure (Auffhammer et al.,
2013; Dalhaus and Finger, 2016).

5.1. Yield data
The German insurance broker “gvf VersicherungsMakler AG” pro
vided the unbalanced yield panel consisting of 88 crop farms with re
cords of yield per hectare and from 1995 to 201820. Of these 88 farms,
77 produce winter wheat and winter rapeseed, 7 produce winter wheat
19
For example, the Vereinigte Hagel (https://vereinigte-hagel.net), Versi
cherungskammer Bayern (www.vkb.de), Hagelgilde VVaG (https://www.hage
lgilde.de), Wetterheld (www.wetterheld.com) and gvf VersicherungsMakler
AG (www.gvf.de) are insurance suppliers that tailor drought index insurance
contracts and premiums in Germany (all last accessed 18.10.2021).
20
Farm-level yield data prior to the completed transitional phase of German
reunification (before the early nineties) is not comparable to current production
systems, i.e. longer time-series would be better but are not available in Eastern
Germany.

6. Results
We first present the estimated temperature effects and corresponding
payouts that are based on restricted cubic splines. Subsequently, we
show the simulated out-of-sample risk reducing capacities of the insur
ance proposed here and illustrate the economic relevance of payouts.
The four different models (called Model 1 to 4 hereafter) result from the
6
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Table 1
Summary statistics of yields, risk periods and hourly temperatures, 1995–2018.
Crop

Variable

Min

Mean

Median

Max

SD

Winter wheat

Detrended yield [dt/ha]
Duration risk period [d]
Hourly temperatures [◦ C]
Detrended yield [dt/ha]
Duration risk period [d]
Hourly temperatures [◦ C]

29.24
48.00
− 4.75
8.31
65.00
− 14.15

82.66
65.32
14.53
37.63
90.55
14.23

83.13
65.00
14.16
38.62
91.00
13.97

124.04
87.00
36.38
57.01
117.00
38.48

14.26
6.41
5.74
8.01
7.85
6.10

Winter rapeseed

Note: 84 winter wheat and 81 winter rapeseed producers with yield records between 1995 and 2018. Risk period is the duration of temperature measurements. dt is
deci-ton, ha hectare, d day and ◦ C degree Celsius. Hourly temperatures are measured within risk periods.

four knot placement strategies introduced in Section 4 “Implementation
of insurance design and risk analysis”.

6.2. Out-of-sample risk reducing capacities
We find out-of-sample risk reducing capacities at the actuarially fair
premium for the majority of farms in our case study, for each crop and
model, for different strike level temperatures and in comparison to the
uninsured status. Fig. 4 shows boxplots of relative out-of-sample re
ductions in farmers’ risk premiums assuming moderate risk-aversion (α
= 2 in equation (5))22. The figure has four sub-panels, each illustrating
the relative out-of-sample reduction in risk premiums (vertical axis) for
different payout functions based on the four restricted cubic spline
models (horizontal axis). The four models result from the four knot
placement strategies introduced in Section 4 “Implementation of in
surance design and risk analysis”. A reduction in the risk premium shows
a decrease in financial risk exposure resulting from the insurance, i.e.
compared to the uninsured status. The top left panel shows the risk
reducing capacities for winter wheat (N = 84 farms) at a strike level
temperature of 20 ◦ C. The top right panel illustrates the risk reducing
capacities for winter wheat at a strike level temperature of 25 ◦ C. The
bottom row presents risk reducing capacities for winter rapeseed (N =
81) at a strike level temperature of 15 ◦ C (bottom left) and 20 ◦ C (bottom
right).
The median out-of-sample risk reducing capacities (i.e. the relative
reduction of the risk premium compared to the uninsured status) for
winter wheat at a strike level temperature of 20 ◦ C (top left sub-panel)
varies between 18.46% (Model 3) and 19.62% (Model 4). Increasing
the strike level to 25 ◦ C (top right sub-panel) results in median out-ofsample risk reducing capacities between 13.12% (Model 3) and
14.83% (Model 4). The median out-of-sample risk reducing capacity for
winter rapeseed at a strike level temperature of 15 ◦ C (bottom left subpanel) varies between 14.21% (Model 3) and 20.66% (Model 4). A strike
level temperature of 20 ◦ C (bottom right sub-panel) results in median
out-of-sample risk reducing capacities between 11.15% (Model 3) and
15.93% (Model 4). In general, the distribution of risk reducing capacity
is similar across models for a given crop and strike level temperature.
Risk reducing capacities tend to decrease if the strike level temperature
shown here increases (moving from the left to the right column in
Fig. 4), because less harmful temperature exposure is covered. In our
sample, the risk premiums for insured winter wheat and winter rapeseed
production are significantly lower than risk premiums for uninsured
winter wheat and uninsured winter rapeseed production at the actuar
ially fair premium and at Bonferroni-adjusted p-values.
The payouts are also of economic relevance as illustrated in the
following example. When the payout function based on Model 1 is used
to cover winter wheat, the average payout across all farms and years is
9.23 deci-tons per hectare (11.17% of the sample’s expected wheat yield
per hectare) for a strike level of 20 ◦ C and 4.56 deci-tons per hectare
(5.52% of the sample’s expected wheat yield per hectare) for a strike
level of 25 ◦ C. Using the payout function based on Model 1, the average
payout across all farms and years for winter rapeseed, is 16.31 deci-tons

6.1. Estimated temperature effects and payouts
We find nonlinear temperature effects on crop yields during the
crop’s most critical growth phases with harmful impacts on yields once a
certain temperature is exceeded. This exposure to heat stress results in
slightly curved yield responses and corresponding payouts that become
linear once the last knot is overshot. Moreover, we find that temperature
effects differ between winter wheat and winter rapeseed.
Fig. 2 (Fig. 3) shows the estimated hourly temperature effects for
winter wheat (winter rapeseed) in the left column and the corresponding
hourly payouts in the right column. Each row represents one of the four
restricted cubic spline models based on one of the four knot placement
strategies. The last row illustrates a histogram of temperature exposure
within the most critical growth phases. The y-axis in each sub-panel
displaying hourly temperature effects (left column) represents the ab
solute deviation from a farm-specific expected yield in deci-tons per
hectare (dt/ha) for an hourly exposure to the temperature on the x-axis.
Within each of these sub-panels, the inner line in dark-red shows the
estimated average temperature effect, which is f(Tith ) in the payout
function described in equation (6), and the two outer lines in dark-red
represent the 95% confidence bands that we correct for contempora
neous spatial dependence. The y-axis in each sub-panel in the right
column shows the payout in deci-tons per hectare (dt/ha) for an hourly
exposure to the temperature on the x-axis if the temperature is above the
strike level. The inner dark-blue line shows the payout and outer darkblue lines represent the 95% confidence bands. Note that the confi
dence bands are presented here for illustrative purposes and have no
influence on the calculation of payouts and the following risk analysis.
The functions illustrated apply to a farm chosen at random from our
sample and regression outputs are shown in section S1 of the supple
mentary online appendix. Note that these functions vary slightly be
tween farms because we calibrate payout functions by omitting data of
farm i to avoid overfitting.
A comparison of the four models for a given crop shows that different
knot placement strategies result in different payouts, although the dif
ferences are comparatively small, especially for Models 1 to 3. However,
when the same knot placement strategy is compared for both crops it
becomes clear that temperature effects and corresponding payouts differ
between crops. Our estimates indicate that temperatures starting at
approximately 20 ◦ C for winter wheat and 15 ◦ C for winter rapeseed are
harmful and reduce yields21.
21

The almost linear form of payout functions suggests that piecewise linear
splines, which show similar negative temperature effects than restricted cubic
splines (e.g. Blanc and Schlenker, 2017), can also be used in our payout func
tion. The advantage of restricted cubic spines is the flexibility regarding the
functional form, i.e. responses to temperatures between knots are not restricted
to a linear form while responses in the data-scare tails (below the lowest knot or
above the largest knot) are by definition linear to avoid inaccurate estimates
due to data-scarcity.

22
Section S.4 of the supplementary online appendix shows risk reducing ca
pacities for other coefficients of constant relative risk-aversion to reflect the
heterogeneity in observed levels of risk-aversion.
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Fig. 2. Hourly temperature effects and hourly payouts for winter wheat and different models. Note: Different scales and units on axes. Dotted vertical lines in
left column show knot locations. 1′ 000 block bootstraps, with observations blocked by year, derive the 95% confidence bands (account for potential contempo
raneous spatial dependence within one year). Each of these 1′ 000 block bootstraps is plotted. The statistical uncertainty is shown for illustration but is irrelevant for
payout function. The different models result from the different knot specifications. Model 1 sets knots to maximize the goodness of fit, Model 2 to divide the
temperature range equally, Model 3 sets knots at certain quantiles and Model 4 has 5 ◦ C between knots (see Section 4 “Implementation of insurance design and risk
analysis”). dt/ha is deci-tons (dt) per hectare (ha).

per hectare (43.34% of the sample’s expected rapeseed yield per hect
are) for a strike level of 15 ◦ C and 10.98 deci-tons per hectare (29.18% of
the sample’s expected rapeseed yield per hectare) for a strike level of
20 ◦ C. Taking the German price-level in 2018 (last year in our panel),
which is 17.03 Euros per deci-ton for winter wheat (United Nations,
2020b), the monetized average payout across all farms and years is

157.19 Euros per hectare (11.17% of the sample’s expected wheat rev
enue) for a strike level of 20 ◦ C and 77.66 Euros per hectare for a strike
level of 25 ◦ C (5.52% of the sample’s expected wheat revenue). In the
case of winter rapeseed and a price of 34.91 Euros per deci-ton (United
Nations, 2020b), the monetized average payout across all farms and
years is 569.38 Euros per hectare (43.34% of the sample’s expected

8
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Fig. 3. Hourly temperature effects and hourly payouts for winter rapeseed and different models. Note: Different scales and units on axes. Dotted vertical lines
in left column show knot locations. 1′ 000 block bootstraps, with observations blocked by year, derive the 95% confidence bands (account for potential contem
poraneous spatial dependence within one year). Each of these 1′ 000 block bootstraps is plotted. The statistical uncertainty is shown here for illustration but is
irrelevant for payout function. The different models result from the different knot specifications. Model 1 sets knots to maximize the goodness of fit, Model 2 to divide
the temperature range equally, Model 3 sets knots at certain quantiles and Model 4 has 5 ◦ C between knots (see Section 4 “Implementation of insurance design and
risk analysis”). dt/ha is deci-tons (dt) per hectare (ha).

strike level of 20 ◦ C.

rapeseed revenue) for a strike level of 15 ◦ C and 383.31 Euros per
hectare (29.18% of the sample’s expected rapeseed revenue)23 for a

6.3. Summary of robustness checks
We summarize findings from five robustness checks we conducted. In
the first robustness check, we change the strike level temperature. See
section S.2 of the supplementary online appendix for details. Lowering
the strike level temperature to 13 ◦ C or lower for both crops (Fig. S1), i.e.
full coverage of estimated harmful temperatures, results in similar outof-sample risk reducing capacities as shown in Fig. 4. Increasing the
strike level temperature to 30 ◦ C for winter wheat and to 25 ◦ C for winter

23

These relatively large average yearly payouts for winter rapeseed and a
strike level of 15◦ C or 20◦ C result from numerous hourly payouts within the
period of index measurement, particularly towards the end of this period.
Although we find largest out-of-sample risk reducing capacities for low strike
level temperatures, farmers might have liquidity constraints and be unable to
purchase insurance with a low strike level temperature in this case (e.g. Casa
buri and Willis, 2018).
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Fig. 4. Out-of-sample risk reducing capacities for winter wheat (top row) and winter rapeseed (bottom row), different models and strike level temper
atures, assuming moderately risk-averse farmers, and in comparison to the uninsured status, Note: Different scales on y-axes. The different models result from
the different knot specifications. Model 1 sets knots to maximize the goodness of fit, Model 2 to divide the temperature range equally, Model 3 sets knots at certain
quantiles and Model 4 has 5 ◦ C between knots (see Section 4 “Implementation of insurance design and risk analysis”). Positive values indicate a reduction in the risk
premium, which is a financial risk reduction. Boxes show the interquartile range from the 25th percentile to the 75th percentile. Bold lines within boxes mark
medians. Points show values beyond the interquartile range. p-values from one-sided Wilcoxon signed rank tests are Bonferroni-adjusted. Asterisks show significance
level: * at the 5% significance level, ** at the 1% level and *** at the 0.1% level.

rapeseed, i.e. focusing solely on extreme temperatures, still results in
significant out-of-sample risk reducing capacities, albeit lower than in
the initial specifications (Fig. 4).
In a second robustness check, we use four or five knots for Models 1
to 3 (Model 4 already has five knots) because the payout function de
pends on the knot specification. See section S.3 of the supplementary
online appendix for detailed results and illustrations. As shown in Fig. 4,
we find similar out-of-sample risk reducing capacities (Fig. S4 and
Fig. S7) for these supplementary models and conclude that the knot
placements implemented here are not an important driver of risk
reducing capacities. In addition, we find that increasing the number of
knots improves the goodness of fit for winter rapeseed but not for winter
wheat.
Thirdly, we run our simulation under the assumption of slightly (α =
0.5) and extremely risk-averse farmers (α = 4) (Fig. S8 and Fig. S9) to
reflect the heterogeneity in observed risk preferences in Germany
(Chavas, 2004; Maart-Noelck and Musshoff, 2014; Meraner and Finger,
2019; Iyer et al., 2020). See S.4 of the supplementary online appendix
for detailed results and illustrations. As expected, we find that relative
out-of-sample reductions in risk premiums tend to increase with a
growing level of constant relative risk-aversion. At a given level of riskaversion, strike level and crop, the models still result in similar out-ofsample risk reducing capacities. In addition, risk premiums of insured
production are significantly lower than risk premiums of uninsured
production for the levels of constant relative risk-aversion (α = 0.5,2,4)
considered here.

In the fourth robustness check, the actuarially fair premium is loaded
to account for the insurance provider’s internal costs and profit margins
in an unsubsidized market. See section S.5 of the supplementary online
appendix for detailed results and illustrations. We find that different
models still exhibit similar risk reducing capacities for a given crop and
strike level, although these risk reducing capacities do decrease (Fig. S10
and Fig. S11). In our case study, a loading of 5% on the actuarially fair
premium means that, in terms of expected utility, a majority of farms are
no longer any better off with insurance and in comparison to being
uninsured. In contrast to the results in Fig. 4, we also find that an in
crease in the strike level temperature may increase risk reducing ca
pacities (e.g. from 20 ◦ C to 25 ◦ C for winter wheat) when the premium is
not actuarially fair.
In a fifth robustness check, we use lower partial moments of first
(expected shortfall) and second (downside variance) order as comple
mental risk measures to the expected utility model. See section S.6 of the
supplementary online appendix for detailed results and illustrations
(Fig. S12 and Fig. S13). The results confirm our findings in terms of
statistical and economic significance and show that the here suggested
insurance scheme reduces downside risk exposure of farms.
7. Discussion
Previous research detected nonlinear and crop-specific hourly tem
perature effects (e.g. Schlenker and Roberts, 2009; Gammans et al.,
2017; Tack et al., 2017; Ortiz-Bobea et al., 2019) and highlighted the
10
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superiority of restricted cubic splines based on hourly air temperatures
over the use of accumulated degree-days to estimate these nonlinear
relationships (Berry et al., 2014; D’Agostino and Schlenker, 2016; Blanc
and Schlenker, 2017). However, a payout function that uses restricted
cubic splines to empirically estimate temperature effects on crop yield
losses has not yet been incorporated into weather index insurance
design. This paper aims to bridge this research gap by proposing a novel
payout function based on the use of restricted cubic splines in weather
index insurance design and illustrates its application for large-scale
winter wheat and winter rapeseed producers in Eastern Germany.

7.2. Key aspects for insurance design with the novel payout function
Our case study highlights several key aspects for a heat index in
surance design based on restricted cubic splines. Firstly, we find that the
expected critical hourly temperature, i.e. the point at which yields start
to fall below average, is approximately 20 ◦ C for winter wheat and 15 ◦ C
for winter rapeseed. In the case of winter wheat, our critical temperature
is lower than the critical temperature previously identified in heat
impact studies applying similar statistical methods (e.g. Schlenker and
Roberts, 2009; Tack et al., 2015; Gammans et al., 2017). These previous
heat impact studies focused on other regions and entire growing seasons.
In contrast, we focus solely on the most heat-vulnerable growth phases
(i.e. around end of April to end of June for winter wheat and in accor
dance with timings of critical growth phases). These critical growth
phases occur mainly before the warmest period of the year in Eastern
Germany (i.e. July and August). In addition, since we only control for a
time trend and farm fixed-effects to increase the prediction power of the
underlying index (i.e. temperature) on crop yield losses and thus
decrease basis risk, our temperature effects differ from previous heat
impact studies, in that they also capture variables that are correlated
with temperatures (e.g. dry conditions). We are not aware of any study
that uses a similar method to estimate temperature effects on yields of
winter rapeseed.
Secondly, and in line with previous research, we find nonlinear
temperature effects on crop yields, in the form of decreasing yields, once
the critical temperature threshold has been passed. In our case study,
this translates into crop-specific payout functions that are slightly
nonlinear for exposure to low heat stress, but become, by definition,
linear for moderate and extreme heat stress (after the last knot has been
overshot). Consequently, differences in forms are not large compared to
fully linear payouts previously applied in heat index insurance design (e.
g. Deng et al., 2008; Woodard and Garcia, 2008). However, and in
contrast to previous insurance designs, the crop-specific payout func
tions introduced here are calibrated with restricted cubic splines. This
facilitates insurance design. The restricted cubic splines directly esti
mate the critical temperature threshold, i.e. the point at which yields of
a specific crop start to fall, so that we do not need to specify a form of
degree-days to account for nonlinear temperature effects. Moreover, the
restricted cubic splines directly derive the slope of the payout function in
accordance with estimated marginal yield responses of a specific crop to
hourly temperature exposure.
Thirdly, the risk reducing capacities of high strike level temperatures
(e.g. 30 ◦ C) are low compared to strike level temperatures that also
consider low and moderate heat stress (e.g. 20 ◦ C). Exposure to low and
moderate heat stress occurs more frequently than exposure to extreme
heat stress and its overall impact might therefore exceed the overall
impact of extreme heat stress. This effect of accumulated low and
moderate heat stress is overlooked when the strike level temperature is
too high (e.g. 30 ◦ C) and decreases the risk reducing capacity of the heat
index insurance.
Fourthly, we find that different payout functions based on different
restricted cubic spline models result in very similar out-of-sample risk
reducing capacities. Consequently, the number of knots and their
placement (based on the model with largest goodness of fit, equally
spaced over observed temperatures or at certain temperature quantiles)
are not an important driver of risk reducing capacities of the heat index
insurance suggested here.

7.1. Implications for the German insurance market
For our case study in which our novel payout function compensates
only for harmful temperatures during the most critical crop growth
phases, we find economically relevant and statistically significant outof-sample reducing capacities of total production risks of up to
approximately 20% at the median, at the actuarially fair premium and
compared to the uninsured status. Therefore, this paper provides, after
Buchholz and Musshoff (2014), a second study that finds risk reducing
capacities of heat index insurance in Germany.
The reported out-of-sample risk reducing capacities show removals
of production risks. Production risks remain the main source of revenue
variability, as especially forward contracts are used to mitigate price
risks (Anastassiadis et al., 2014). The use of these forwards even in
creases the demand for production risk management instruments, as
potential yield losses below contract specifications require compensa
tion payments. This also motivates the increasing demand for crop in
surance in Germany. A profound analysis of combining insurance with
forwards is beyond the scope of this paper. Here, we introduce a novel
insurance design and show that heat index insurance can have farmspecific risk reducing capacities and can cover so far uninsurable heat
risks in Germany.
Various other risks than temperatures during most critical crop
growth phases affect crop yield volatility. Next to farm-individual but
uninsurable effects of management decisions that explain of up to 50%
of yield variability in Germany (e.g. crop rotation, pest management,
nutrient management), other weather effects than temperatures also
affect crop yields in Germany (Ray et al., 2015; Albers et al., 2017;
Webber et al., 2020). In contrast to currently uninsurable heat stress,
there already exist insurance products to cover these weather risks (e.g.
hail, snow pressure, frost, floods, droughts, storms). We conclude from
this that adding heat index insurance with median out-of-sample risk
reducing capacities of up to approximately 20% to currently existing
insurances can be a viable add-on to cover so far uninsurable heat risks
in German crop production.
Heat index insurance is particularly suitable to cover heat stress
because it overcomes moral hazard and adverse selection problems,
Moreover, on-site loss adjustment of heat damages required in tradi
tional indemnity insurance is challenging and thus not offered. While
several studies look into the determinants of indemnity insurance uptake
(e.g. Möllmann et al., 2019; Knapp et al., 2020), much less is currently
known about the determinants of weather index insurance uptake in
Europe. Doherty et al. (2021) provide an optimistic outlook but more
studies that also can build on the rich body of literature in developing
countries (e.g. Jensen et al., 2018; Patt et al., 2009) are needed. Finally,
the outcome of current debates on premium subsidies will also affect
uptake rates24.

7.3. Considerations for practical implementation of the novel payout
function
For practical implementation, the payout function introduced here
must be calibrated individually for each production system, crop and
climate because heat stress exposure and temperature effects vary across
climates and crops (e.g. Teixeira et al., 2013). Moreover, we recommend
to frequently recalibrate the payout function to make use of longer time

24

A discussion on premium subsidies can be found in Smith and Glauber
(2012), Coble and Barnett (2013) and Belasco et al. (2020) but is beyond the
scope of this paper. We point towards alternative policy support in section
Conclusion.
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series with yield and temperature data and to account for changing
temperature effects on crop yields due to ongoing technological progress
and climate change (Fuchs and Wolff, 2011; Tack et al., 2018).
Sufficient historical temperature and yield records must be available
for the estimation of nonlinear temperature effects. There may not be
sufficient farm-specific yield records available to empirically estimate
temperature effects with restricted cubic splines for each individual
farm. Therefore, we use a farm fixed-effect model consisting of yield
records from similar large-scale farms to calibrate payout functions.
However, the tailoring of the payout function applied here to cover
farm- and crop variety-specific heat risks is a promising field for future
research, also to support these current developments observed in prac
tice. It may also entail the definition of specific coverage levels using a
deductible and a maximum payout25 as well as the optimal choice of the
strike level temperature and sample for the fixed-effect model used to
calibrate payout functions26. Moreover, the payout function also works
with other levels of data and risk aggregation (e.g. with county-level
yields and weather data) so that risk coverage at different geograph
ical levels is possible (see also Weber et al., 2015).

compensates for drought risks correlated with temperature, future
research could apply our framework in drought index insurance design
(see e.g. Maestro et al., 2016; Bucheli et al., 2021), and further inves
tigate the optimal insurability of compound weather risks (see e.g.
Zscheischler et al., 2018; Haqiqi et al., 2021). Finally, the payout for
mula applied here can be brought together with other components of
insurance design that are likely to increase adoption rates, such as the
implementation of multi-annual insurance contracts (see e.g. Dalhaus
et al., 2020a; Doherty et al., 2021).
8. Conclusion
In this paper, we propose a novel payout function for heat index
insurance design based on restricted cubic splines and simulate its risk
reducing capacities for winter wheat and winter rapeseed producers in
Eastern Germany. The restricted cubic splines empirically estimate
temperature effects on crop yields, which then translate into corre
sponding payouts.
We find heat stress to be an important production risk with nonlinear
effects on crop yields, but almost linear payouts in the heat index in
surance. The heat index insurance proposed here results in significant
out-of-sample risk reducing capacities for the majority of the farms
considered and at the actuarially fair premium. The payouts and cor
responding risk reducing capacities are also of economic relevance and
thus show the economic relevance of heat stress in Eastern Germany.
Moreover, we argue that the advantages of payout functions based on
restricted cubic splines outweigh the challenges involved because they
facilitate insurance calibration, have the potential to lower transaction
costs, can trigger additional adaptation measures and may improve
comprehensibility and transparency compared to previous heat insur
ance design.
The insurance design based on restricted cubic splines estimates
proposed here allows a flexible and straightforward implementation into
insurance practice. The introduction of this kind of insurance scheme
onto the market is likely to strengthen farmers’ ability to cope with heat
risks and adapt to ongoing climate change. However, this approach re
lies on farm-level yield data which means that farmers must be willing to
share yield data with insurance providers in order to benefit the most
from the insurance scheme proposed here. In addition, insurance pro
vision must be cost-efficient. The increasing availability of highresolution data, for example from precision farming applications, will
facilitate this process (e.g. Woodard, 2016; Finger et al., 2019) and
reduce transaction costs.
Policy-makers should acknowledge market-based heat index insur
ance as a viable tool to reduce the financial losses resulting from
temperature-related risk exposure. There remains an insurance gap be
tween insurance products available to farmers and an increasing heat
stress pressure also in European countries with growing weather index
insurance markets such as Germany. Heat index insurance allows
farmers to better cope with their individual heat risk exposure and
without disincentivizing other short-term adaptation measures that may
prevent yield losses because payouts are independent of actual yields. As
an alternative or complement to costly premium subsidies, policymakers and research institutes can support cost-efficient insurance
provision and basis risk reductions by supplying software for secure data
exchange and providing high-quality and up-to-date weather and
phenology data. Finally, well-functioning insurance markets that also
incentivize loss prevention and climate change adaptation may reduce
the need for ad hoc disaster payments, which are considered to be of low
efficiency and costly.
Our payout function is generally applicable and future research
should assess its performance in other regions, for other heat-susceptible
crops and also for other hazards than heat stress. Moreover, risk
reducing capacities may be enhanced by tailoring contract specifics,
such as the strike level, to farm-specific risk exposure. Further research
should aim at developing payout functions based on empirically

7.4. Additional qualitative advantages of the novel payout function
Our novel payout function not only offers the possibility of
economically relevant, out-of-sample risk reducing capacities, but also
has several other advantages. It is applicable in any farming system that
fulfills its data requirements and facilitates insurance design, particu
larly by integrating empirically estimated temperature effects on crop
yields in the payout function. Consequently, the payout function can
calibrate itself based on the empirical temperature-yield relationship so
that farmers and insurers only have to agree on contract specifics, such
as the strike level temperature. This will reduce insurance providers’
transaction costs because insurance calibration can be automated27.
Cost-efficient insurance provision is of paramount importance because
there is very little leeway to load the actuarially fair premium, especially
in unsubsidized markets with voluntary insurance uptake. Another
advantage of the payout formula proposed here is that if the required
data is updated regularly, upcoming payouts within the period of tem
perature measurement can be monitored since the final payout is the
sum of hourly payouts. This increases financial planning security and
could trigger additional adaptation measures, such as irrigation. Since
payouts do not depend on actual yield levels, they can be paid out in (e.
g. monthly) installments during the period of temperature measurement
and could thus cover additional expenditures (e.g. irrigation). Finally,
the use of air temperature rather than degree-days as the underlying
index in heat index insurance could make the insurance product easier to
understand and this is an important determinant of insurance uptake
(Patt et al., 2009; Hill et al., 2016).
Integrating restricted cubic splines in payout functions may also be
promising for hazards other than heat. For instance, while a growing
body of literature predicts that heat stress will become the largest cli
matic driver of crop yields in the future, other risks, such as droughts,
are also likely to increase (e.g. Semenov and Shewry, 2011; Webber
et al., 2018; Ortiz-Bobea et al., 2019). While our insurance design also
25

final

Formally, this can be written as πit

πfinal
it

= min(max(πit − πmin , 0), πmax ) with

being the final payout for farm i in year t, πit the payout calculated in
equation (6), πmin the deductible and πmax the maximum payout.
26
Tailored insurance solutions with farm-specific premiums are offered to
crop producers in Eastern Germany. This tailoring does not introduce moral
hazard problems when the insurance premium is adjusted to bespoke agree
ments because the payout is independent of crop yields. Farm-specific pre
miums eliminate adverse selection problems.
27
In Europe, several insurance providers, such as Cooper-Gay, gvf Versi
cherungsMakler AG or Swiss Re, already use automated underwriting tools that
tailor index-based insurance solutions to farmers’ needs.
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estimated temperature effects for farmers in regions where data is
scarce. Finally, the application of weather index insurance in the context
of compound weather risks and sustainable agriculture opens an
important line of further research.

Cao, Y., Weersink, A., Ferner, E., 2019. A Risk management tool or an investment
strategy? Understanding the unstable farm insurance demand via a gain-loss
framework. Agric. Resource Econ. Rev. 49 (3), 410–436.
Casaburi, L., Willis, J., 2018. Time versus state in insurance: Experimental evidence from
contract farming in Kenya. Am. Econ. Rev. 108 (12), 3778–3813.
Chavas, J.-P., 2004. Risk analysis in theory and practice. Elsevier Academic Press, San
Diego (CA).
Clarke, D.J., 2016. A theory of rational demand for index insurance. Am. Econ. J.:
Microecon. 8 (1), 283–306.
Coble, K.H., Barnett, B.J., 2013. Why do we subsidize crop insurance? Am. J. Agric.
Econ. 95 (2), 498–504.
Conradt, S., Finger, R., Spörri, M., 2015. Flexible weather index-based insurance design.
Clim. Risk Manage. 10, 106–117.
Cornes, R.C., van der Schrier, G., van den Besselaar, E.J.M., Jones, P.D., 2018. An
ensemble version of the E-OBS temperature and precipitation data sets. J. Geophys.
Res.: Atmosph. 123 (17), 9391–9409.
D’Agostino, A.L., Schlenker, W., 2016. Recent weather fluctuations and agricultural
yields: implications for climate change. Agric. Econ. 47 (S1), 159–171.
Dalhaus, T., Finger, R., 2016. Can gridded precipitation data and phenological
observations reduce basis risk of weather index–based insurance? Weather Clim.
Soc. 8 (4), 409–419.
Dalhaus, T., Musshoff, O., Finger, R., 2018. Phenology information contributes to reduce
temporal basis risk in agricultural weather index insurance. Sci. Rep. 8 (1), 1–10.
Dalhaus, T., Barnett, B.J., Finger, R., 2020a. Behavioral weather insurance: Applying
cumulative prospect theory to agricultural insurance design under narrow framing.
PLoS ONE 15 (5) (in press).
Dalhaus, T., Schlenker, W., Blanke, M.M., Bravin, E., Finger, R., 2020b. The Effects of
Extreme Weather on Apple Quality. Sci. Rep. 10 (1), 1–7.
Deng, X., Barnett, B.J., Hoogenboom, G., Yu, Y., Garcia, A.G., 2008. Alternative crop
insurance indexes. J. Agric. Appl. Econ. 40 (01), 223–237.
Di Falco, S., Chavas, J.-P., 2006. Crop genetic diversity, farm productivity and the
management of environmental risk in rainfed agriculture. Eur. Rev. Agric. Econ. 33
(3), 289–314.
Di Falco, S., Chavas, J.-P., 2009. On crop biodiversity, risk exposure, and food security in
the highlands of Ethiopia. Am. J. Agric. Econ. 91 (3), 599–611.
Falco, S.D., Adinolfi, F., Bozzola, M., Capitanio, F., 2014. Crop insurance as a strategy for
adapting to climate change. J. Agric. Econ. 65 (2), 485–504.
Donatelli, M., Srivastava, A.K., Duveiller, G., Niemeyer, S., Fumagalli, D., 2015. Climate
change impact and potential adaptation strategies under alternate realizations of
climate scenarios for three major crops in Europe. Environ. Res. Lett. 10 (7), 075005.
Doherty, E., Mellett, S., Norton, D., McDermott, T.K.J., Hora, D.O’., Ryan, M., 2021.
A discrete choice experiment exploring farmer preferences for insurance against
extreme weather events. J. Environ. Manage. 290, 112607.
Du, X., Feng, H., Hennessy, D.A., 2017. Rationality of choices in subsidized crop
insurance markets. Am. J. Agric. Econ. 99 (3), 732–756.
Elabed, G., Bellemare, M.F., Carter, M.R., Guirkinger, C., 2013. Managing basis risk with
multiscale index insurance. Agric. Econ. 44 (4-5), 419–431.
Femenia, F., Gohin, A., Carpentier, A., 2010. The decoupling of farm programs:
Revisiting the wealth effect. Am. J. Agric. Econ. 92 (3), 836–848.
Finger, R., 2012. Effects of crop acreage and aggregation level on price-yield
correlations. Agric. Finance Rev. 72 (3), 436–455.
Finger, R., Swinton, S.M., El Benni, N., Walter, A., 2019. Precision Farming at the Nexus
of Agricultural Production and the Environment. Annual Rev. Resource Econ. 11 (1),
313–335.
Fuchs, A., Wolff, H., 2011. Concept and unintended consequences of weather index
insurance: the case of Mexico. Am. J. Agric. Econ. 93 (2), 505–511.
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Siebert, S., Kummu, M., Porkka, M., Döll, P., Ramankutty, N., Scanlon, B.R., 2015.
A global data set of the extent of irrigated land from 1900 to 2005. Hydrol. Earth
Syst. Sci. 19 (3), 1521–1545.
Smith, V.H., Glauber, J.W., 2012. Agricultural insurance in developed countries: where
have we been and where are we going? Appl. Econ. Perspect. Policy 34 (3), 363–390.
Snyder, R., 1985. Hand calculating degree days. Agric. For. Meteorol. 35 (1-4), 353–358.
Tack, J., Barkley, A., Nalley, L.L., 2015. Effect of warming temperatures on US wheat
yields. Proc. Natl. Acad. Sci. 112 (22), 6931–6936.
Tack, J., Lingenfelser, J., Jagadish, S.V.K., 2017. Disaggregating sorghum yield
reductions under warming scenarios exposes narrow genetic diversity in US breeding
programs. Proc. Natl. Acad. Sci. 114 (35), 9296–9301.
Tack, J., Coble, K.H., Barry, J., Barnett, B., 2018. Warming temperatures will likely
induce higher premium rates and government outlays for the US crop insurance
program. Agric. Econ. 49 (5), 635–647.
Teixeira, E.I., Fischer, G., van Velthuizen, H., Walter, C., Ewert, F., 2013. Global hotspots of heat stress on agricultural crops due to climate change. Agric. For. Meteorol.
170, 206–215.
Trnka, M., Rötter, R.P., Ruiz-Ramos, M., Kersebaum, K.C., Olesen, J.E., Žalud, Z.,
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Weymann, W., Böttcher, U., Sieling, K., Kage, H., 2015. Effects of weather conditions
during different growth phases on yield formation of winter oilseed rape. Field Crops
Res. 173, 41–48.
Woodard, J.D., Garcia, P., 2008. Basis risk and weather hedging effectiveness. Agric.
Finance Rev. 68 (1), 99–117.
Woodard, J.D., 2016. Data science and management for large scale empirical
applications in agricultural and applied economics research. Appl. Econ. Perspect.
Policy 38 (3), 373–388.
Yu, J., Goh, G., 2019. Estimating non-additive within-season temperature effects on
maize yields using Bayesian approaches. Sci. Rep. 9 (1), 1–8.
Zscheischler, J., Westra, S., van den Hurk, B.J.J.M., Seneviratne, S.I., Ward, P.J.,
Pitman, A., AghaKouchak, A., Bresch, D.N., Leonard, M., Wahl, T., Zhang, X., 2018.
Future climate risk from compound events. Nat. Clim. Change 8 (6), 469–477.

Kenduiywo, B., Carter, M.R., Gosh, A., Hijmans, R.J., 2021. Evaluating the quality of
remote sensing products for agricultural index insurance. PLoS ONE 16 (10).
Ker, A.P., Tolhurst, T.N., 2019. On the treatment of heteroscedasticity in crop yield data.
Am. J. Agric. Econ. 101 (4), 1247–1261.
Knapp, L., Wuepper, D., Dalhaus, T., Finger, R., 2020. Revisiting the diversification and
insurance relationship: Differences between on–and off-farm strategies. Clim. Risk
Manage. 32, 100315.
Leblois, A., Quirion, P., 2013. Agricultural insurances based on meteorological indices:
realizations, methods and research challenges. Meteorol. Appl. 20 (1), 1–9.
Leblois, A., Quirion, P., Alhassane, A., Traoré, S., 2014. Weather index drought
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