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A B S T R A C T

For those developing satellite-based insurance products, there is no consensus in the scientific community on
which of the many available indices most accurately track agro-ecological shocks as experienced by farmers and
pastoralists. Furthermore, metrics commonly used by the remote sensing community for assessing the accuracy
of indices in retrieving biophysical variables are insufficient in the case of insurance, because they do not
consider the value of insurance coverage in terms of household welfare. This study begins to fill this knowledge
gap by bridging two index insurance literatures: the remote sensing science literature that focuses on the pre-
dictive power of indices, and the economic literature that focuses on welfare outcomes. The article uses a
longitudinal panel of household survey data from Kenya to compare the quality of existing and potential in-
surance products. These products are developed from different processing chains applied to time series of the
satellite-based Normalized Difference Vegetation Index (NDVI). Although the indices are highly correlated to
each other (ρ > 0.95), a utility analysis provides insight into how small differences can lead to larger differences
in product value. Our results highlight that index accuracy, cost, and timeliness of payments must be considered
jointly when assessing insurance quality for clients.

1. Introduction

Index insurance—whereby insurance payments are triggered by an
index that correlates with the insured risk—is promoted as a low-cost
approach to providing formal insurance, offering the possibility of
opening insurance markets to households that were previously ex-
cluded from conventional insurance products (Barnett and Mahul,
2007; Jensen and Barrett, 2017). Index insurance is now used in mul-
tiple contexts and by various government and development organiza-
tions to protect the vulnerable from the sometimes devastating impacts
of weather-related shocks (Greatrex et al., 2015). However, index in-
surance is, by definition, an imperfect type of insurance, as it relies on a
single index (e.g., rainfall measurements, average yields of a unit) to
determine individual payments, rather than an individual's losses. The
challenge for index insurance design is to identify indices that closely
track outcomes and to develop policies that offer valuable risk

protection to clients.
Generating valuable index insurance policies requires several deci-

sions regarding data selection, processing, and contract design to
maximize the protection provided by the product (de Leeuw et al.,
2014), while also considering operational features including the costs
associated with accessing and processing indices. Protecting households
from shocks effectively requires a low basis risk, i.e. the gap between
actual losses and the insurance payments they receive. Basis risk is
inherent in all index products and is often found to play an important
role in the (low) demand for index-insurance (Giné et al., 2007;
Mobarak and Rosenzweig, 2013; Hill et al., 2013; Jensen et al., 2018).
Even more troubling are the implications of basis risk for those pro-
moting index insurance as a tool to fight poverty and spending re-
sources to increase uptake of index insurance among the poor. Low
quality index insurance products can fail to protect households against
adverse shocks and could even increase their vulnerability to shocks
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because insured households have fewer resources on hand due to pre-
mium payments (Clarke, 2016).
For this reason, there is a growing effort to analyze and improve the

quality of the protection offered by index insurance (e.g., Barré et al.,
2016; Clarke et al., 2012; Elabed et al., 2013; Jensen et al., 2016). To
maximize value, contract design needs to address critical aspects re-
lated to the relationship between the index and losses, preferences and
constraints faced by prospective of clients, frequency and timeliness of
payouts, the simplicity and flexibility of the contract, as well as the
modalities of payouts. Despite the growing efforts, there is no uni-
formity in the way these important quality aspects of index-insurance
products have been evaluated.1

In this paper, we focus on factors of index insurance quality that are
rarely assessed using micro-level data and economic foundations: the
processes used to develop indices from raw satellite data and their
implications for contract design and therefore product value. Until now,
alternative choices for these factors have not been evaluated against
households' actual losses. Our study aims to bridge the two literatures
from economics and remote sensing to assess the impact of the pro-
cesses used to develop indices on index insurance quality, measured in
terms of household economic wellbeing. In doing so, it assesses the
potential of alternative index processing solutions to improve the per-
formance of index insurance products with the intention of guiding the
growing number of cash transfer and index insurance products that rely
on remote sensing technologies to protect households from covariate
shocks.2We use the case of the Index-Based Livestock Insurance (IBLI)
project in Kenya to perform this analysis. IBLI insures clients against the
risk of livestock forage scarcity and is based on satellite-derived time
series of the Normalized Difference Vegetation Index (NDVI), a radio-
metric index sensitive to vegetation health and status. The insurance is
commercially sold to herders in arid and semi-arid land areas (ASALs)
of Northern Kenya and Southern Ethiopia. Originally designed by
Chantarat et al. (2013), the IBLI contract has evolved in a constant
effort to understand the factors limiting its quality and to improve its
design (Jensen et al., 2016). For example, the index-units—the geo-
graphic space aggregated to calculate a common index—have recently
been updated to reflect input from prospective clients on the rangelands
that they commonly access. Another manifestation of this effort, which
is examined in this manuscript, is the shift from an initial asset re-
placement program, in which estimated area-average livestock mor-
tality triggered payments after a drought seasons, to an asset protection
logic, whereby a forage scarcity index allows for payments prior to li-
vestock losses. Early payments can help herders take measures to avoid
livestock death, such as buying forage, water or medicine. However,
providing earlier payments may lead to larger basis risk because it
draws on data from a shorter period of environmental conditions.
Given these considerations, we investigate two important aspects of

index insurance connected with the accuracy of the index and the
timing of payouts to estimate how the generated indices correlate with
livestock mortality rate and affect expected utility.

1. The NDVI data product: There are different methods available for
processing raw satellite data to produce a clean NDVI signal. The
type of processing has implications for both accuracy and the timing
at which the index become available. We compared the eMODIS
NDVI product provided by the United States Geological Survey and

currently used for IBLI with BOKU's MODIS NDVI product provided
by BOKU University and used by Kenya's National Drought
Management Authority (NDMA) to monitor drought conditions and
to trigger transfers of disaster contingency funds (Klisch and
Atzberger, 2016). The products differ in (1) their level of pre-pro-
cessing, and (2) when they become available, as explained in
Section 4.2.

2. The NDVI temporal aggregation: We compared indices that combine
NDVI data from a rainy and dry season (as initially used in IBLI) and
are generated at the end of the dry season, with the recently pro-
posed indices by Vrieling et al. (2016) that rely only on information
from the vegetation growing (rainy) period, which take place during
the first few months of the season and allows indemnity payments to
be made 1–3months earlier than for the initial IBLI design.3

For the analysis, we first compared the indices using methods that
are commonly used to examine index accuracy. We then analyzed how
meaningful the between index formulations are for household welfare.
Our results relate to a growing number of studies looking at policy
design options to best allocate limited public resources and maximize
impacts on beneficiaries (Dhaliwal et al., 2013; Jensen et al., 2017),
and by focusing on household welfare in particular, it also relates to the
literature on targeting poor and vulnerable households (Stoeffler et al.,
2016a, 2016b).

2. A utility framework for assessing insurance value

Risk is a major threat to individual wellbeing and to economic de-
velopment (World Bank, 2013). In rural areas of the developing world
in particular, agro-ecological shocks can have life-long consequences on
physical and human capital: in times of drought, households sell their
livestock or reduce their consumptions to very low levels (Janzen and
Carter, 2018), while children affected will grow permanently shorter,
less educated and poorer (Alderman et al., 2006; Maccini and Yang,
2009). Shocks push households to adopt harmful coping strategies in
the short run, such as depleting assets, defaulting on commercial credit
(Stoeffler et al., 2016a, 2016b), or even engaging in risky transactional
sexual behavior and contracting HIV (Burke et al., 2014). Besides the
pervasive ex-post effects of shocks, risk also causes households to adopt
lower-risk, lower-return strategies, forgoing potential higher future
earnings in anticipation of adverse events (Zimmerman and Carter,
2003). While informal safety nets exist, they commonly fail to fully
insure poor households against idiosyncratic shocks and are inefficient
when covariate shocks affect entire geographic areas (Jalan and
Ravallion, 1999). In this context, instruments that compensate house-
holds in case of large economic losses (such as those caused by
droughts) have the potential to improve human and development out-
comes both by preventing harmful coping strategies and by stimulating
investments in higher-return production strategies.
While formal agricultural insurance is virtually absent in rural Sub-

Saharan Africa, index insurance has started to emerge as a promising
alternative to protect poor households (Jensen and Barrett, 2017).
Index insurance, which provides payouts based on an external index
(such as rainfall indicators), has several advantages over traditional
insurance schemes: it is more affordable to poor farmers and herders
since administrative costs are low (e.g. in-site verification of the loss is
not required); and it prevents issues related to moral hazard, since
households cannot manipulate the external index. However, these
features also mean that realized losses are not perfectly covered by
actual index insurance payments. This gap between losses and in-
surance payouts has often been called basis risk and considered as the

1 For examples of approaches used for measuring index quality see Stoeffler
et al. (2016a, 2016b) or Morsink et al. (2016).
2 These products include, for instance, drought-contingent cash transfers in
Kenya (HSNP 2), milk producer index insurance in Dominican Republic, live-
stock protection in Mongolia, or rice index insurance in Tanzania. There is also
a growing policy interest in designing scalable, integrated social protection
systems combining regular transfers and indexed products, especially in Kenya
and Ethiopia.

3 Similar efforts to improve rainfall insurance are also currently conducted in
European countries, see for instance Dalhaus et al. (2018) for weather index
insurances.
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Achilles heel of index insurance (Carter et al., 2017; Jensen et al.,
2016). In the worst case, index insurance payments could be un-
correlated with household losses, at which point the insurance product
is effectively a lottery ticket with payments apparently random from the
perspective of insured households (Clarke et al., 2012). Such products
have low value for poor households; indeed, they can be harmful since
households may both suffer from the loss and from the payment of the
insurance premium at the same time; and should not be sold to farmers
from a development perspective (Clarke, 2016).4

Based on an emerging understanding of these crucial issues, a few
studies have started to assess the value of individual index insurance
products (Clarke et al., 2012; Jensen et al., 2016; Barré et al., 2016).
The objective and contribution of our study is to assess to what extent
the design of the index on which the insurance is based can impact the
quality of the protection provided to farmers or herders. To perform this
assessment, we start from the perspective of the client, who derives
utility from an unspecified factor (e.g., consumption, income) indicated
by x. As long as x is a normal good, individuals experience decreasing
marginal returns to x, which means that negative shocks to x have
larger impacts on household welfare than do equivalent positive shocks
on x. The term “risk aversion” refers to the degree to which households
are averse to losses relative to gains.
A simple utility function u can be written for household i at time t,

which can for instance take the functional form specified by Eq. (1),
which exhibits constant relative risk aversion (CRRA) with respect to x,
where α is the household's level of risk aversion and higher α indicates
higher levels of risk aversion.
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As such, a utility function is well suited assess the value of index
insurance that imperfectly protects and stabilizes xit levels. Among
others, the utility function takes into account and “rewards” three im-
portant features of an insurance product: (a) the accuracy of payments
(payouts when xit is low because of a shock); (b) the magnitude of the
payment (payouts that correspond to the economic impact of the shocks
on xit); and (c) as long as the unit of t is set appropriately, the timeliness
of payouts. Thus, by measuring the utility of a household with or
without insurance over a sufficient period, we are able to compare in-
surance products: the best insurance products are those that provide
households the highest average utility.5 The remaining of this article
builds on this simple framework to compare the changes introduced in
terms of value for the client when different indices are used to design
the insurance product. As such, we explore the potential gains for
farmers and herders that can arise from investing in the design and
quality of the indices used to generate index insurance products, and
the overall potential of these products for protecting poor households.

3. Methods

This research analyzed a variety of NDVI-based indices that are
available to insurance contract developers, first by examining how well
those indices track livestock mortality rates, then by using a utility
framework to assess the relative value that each related index insurance

policy offers pastoral households.

3.1. Comparing seasonal livestock mortality rates to indices

Our first set of analyses examined how accurately the indices track
periods of high loss rates over seasons. To do so, we constructed sea-
sonal livestock mortality rates (Mortality Rateids) for each household i
living in unit d in season s, by dividing the seasonal sum of reported
monthly losses (Lidt) by the maximum monthly herd size (Hidt) during
the insurance season (Eq. (2)).6
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We first performed a correlation analysis to assess the similarity
between indices and how well they tracked seasonal average livestock
loss rates at the index-unit. Simple linear and non-linear models were
then used to better explore the differences in variation between the
indices and average livestock loss rates.

3.2. Utility metrics

The utility framework described in Section 2 was used in the second
set of analysis to account for household preferences and assess the in-
dices by their impact on household welfare. Such a utility framework
offers an approach for converting different contract features, such as
timeliness and accuracy, into a common unit so that the tradeoffs be-
tween them can be assessed. For example, clients may be willing to
forego a degree of contract accuracy for more timely payouts.

3.2.1. Generating insurance products from the indices
While not required for an analysis of the correlation between NDVI-

based indexes and herd mortality, the welfare analysis required that we
first design actual insurance products from each NDVI index examined.
Premium payments were kept equal across all products and were due at
the same time for each product. Indemnity payouts were determined for
each index, and, when triggered, were made in the month that the
index becomes available.
Similar to the commercial IBLI policies being sold, the strike (i.e.

index level at which the insurance starts to pay) for each index product
was set at each index's within-index-unit 20th percentile. Consequently,
over the long term each product was expected to make indemnity
payments once every five seasons in each unit. The exit value (i.e. index
level when the insurance pays the maximum indemnity) was set to the
lowest (worst) observed index value in each index unit.
The indemnity rate (Indemnity Ratedt) drew directly from the com-

mercial IBLI indemnity function (Eq. (3)), but was scaled by δd so that
all products and all index units had identical actuarially fair rates to
avoid conflating the impact of the magnitude of transfers—premium
and indemnity payments—with the precision of the index-defined inter-
temporal reallocation of funds. In short, households paid the same
premium rate for each product considered, and each product had the
same amount of funds to distribute across the seasons in each index
unit; each index was judged by how and when it did so.

= <Indemnity Rate
strike index

strike exit
if index strike

otherwise0
dt

d
d dt

d d
dt d

(3)

3.2.2. Utility-based measures of insurance value
We then used utility as a measure of household welfare to examine

how meaningful differences between the index-specific products are.
Employing a utility function that was calculated monthly allowed us

4 There are additional reasons why insurance quality matters. Clients may not
be able to understand the details of the insurance design, leading them to be-
lieve that they are protected when they are not – with potential devastating
consequences if they have made investments based on this expected protection.
Alternatively, if households understand the low quality of the index product,
they may reduce their demand for the product – which is usually found to be
relatively low in the index insurance literature (Carter et al., 2017; Jensen and
Barrett, 2017).
5 In doing so, we follow, among others, Jensen et al., 2016. 6 Livestock mortality rate is undefined for households with zero livestock.
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disaggregate insurance seasons, assimilating the important gap between
premium payments and prospective indemnity payments, which varied
between products, into the assessment, thus weighting products by
their accuracy and timeliness. To do so, we used the CRRA utility
function, introduced in Section 2, with net monthly herd size (Hidt) as
its argument, to examine the impact of purchasing full insurance cov-
erage from each type of insurance policy (Eq. (4)).7

In the case of no insurance, herd size in period t was calculated as
herd size in period t-1, less losses and offtake (e.g., slaughter, sales) in
month t, plus intake (e.g., births, purchases) in month t. In the insured
case, the effective net herd size in month t was like the uninsured case
but also included potential reductions due to premiums paid and in-
creases due to indemnities. Note that premiums and indemnities were
only paid in specific months and were zero in most months. Indemnity
payments in period t were determined by the index in period t and the
herd size at the time of purchase.8 The resulting periods (months) be-
tween premium payment and indemnity periods, penalizes insurance
contract that payout more slowly, ceteris paribus.
The parameter α represented the household's level of risk aversion,

with higher α indicating higher levels of risk aversion and has often
been found to be in the range zero to three (Saha et al., 1994).
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Each household's mean monthly utility was then computed. Those
mean utilities, reflecting household-level expected outcomes with
coverage by each of the index based products and without any in-
surance, were then used to estimate the ratio of households that are
better off with each insurance product than without it, across different
premium rates and across levels of risk aversion.9

We repeated the process by varying α from 0 to 3, and premium rate
from 0.1 to 10%. The temporal distribution of indemnity payments
varies between products, and risk aversion and premium rates vary
between simulations.

4. Data

We combined two sources of data to conduct our comparison of
index insurance products. First, household data collected by IBLI were
used to obtain livestock information. Second, NDVI-based indices were
used to generate index insurance products. These data sources were
combined to measure the value of the protection provided by these
products for herders.

4.1. IBLI project and household data

The index based livestock insurance (IBLI) product first launched in
Marsabit, Kenya, in 2010. It has since expanded to eight counties in
Kenya and one zone in Ethiopia and has been adopted by the govern-
ment-led Kenya Livestock Insurance Program. The product aims to help
households more effectively manage risk associated with livestock
losses due to drought, which is the largest driver of livestock mortality
in the area. The logic of the contract is that drought leads to forage
depletion, that forage depletion highly correlates with livestock mor-
tality, and that forage depletion manifests in observable changes in
NDVI.
IBLI policies are divided into two coverage periods designed to

follow the bi-modal rainfall patterns in the region. The first coverage
period, which is meant to provide coverage for the long rain and fol-
lowing long dry season, starts on 1 March and extends through 30
September. The second period provides coverage for the short rain and
short dry season, extending from October 1st through February 28th.
Indemnity payments are potentially made twice each year, according to
each coverage period's conditions, as indicated by the index. IBLI
contracts are available for purchase twice each year during the two
months immediately preceding each coverage period.
The implementation of IBLI was coupled with a unique data col-

lection effort, resulting in a rich panel data set of twelve bi-annual
seasons of 924 households from Marsabit, Kenya. The first survey was
collected in October 2009, before IBLI rolled out in January 2010.
Subsequent surveys were collected from the same households in
October/November of the years 2010, 2011, 2012, 2013, and 2015. The
survey tool included an extensive set of questions on demographic,
economic, and social characteristics. Furthermore, the survey collected
information on herd size at the time of the survey and the month and
details of all livestock intake, offtake, births, slaughter, and deaths over
the preceding 12months. The freely and publicly available data and
code-books can be found at http://data.ilri.org/portal/dataset/ibli-
marsabit-r1.
Using the annually collected herd size in October/November and

recall information on the magnitude and dates of animal births, losses,
intake and outtake, we generated monthly herd sizes for each house-
hold. Tropical Livestock Units (TLUs) are used to convert the main li-
vestock types—camels (1.4 TLUs), cattle (1.0 TLU), sheep (0.1 TLUs)
and goats (0.1 TLUs)—into a common unit of measurement for this
calculation. Since no survey was collected in October 2014, monthly
livestock data is missing for the periods between November 2013 and
November 2014. Because continuous monthly data is required for the
monthly utility analysis, we excluded the 2015 data from this analysis,
restricting ourselves to the five continuous years of data collected be-
tween 2009 and 2013. The 2015 data are also excluded when

7We have used a simplistic utility function to focus on welfare dynamics
related to livestock stock. More realistic utility functions would have con-
sumption as the argument, while livestock would enter the model through a
production function, which would likely be a function of environmental con-
ditions. Because production per animal (and thus utility per animal) is expected
to be higher during good seasons and lower during drought, omitting such
dynamics is likely to underestimate the benefits of insurance. Furthermore,
many households also maintain other forms of production (e.g., casual labor,
farming), the benefits of which are also likely to co-vary with drought.
8 A small endowment is provided to households to address observations in
which the produced net survival rate is less than zero–the household has a
survival rate that is lower than the premium rate. This endowment is provided
to all insured and uninsured household. The result is that Hidt is always greater
than zero.
9 Another alternative is to assume that each household-month observation is a
random draw from a continuous distribution of outcomes for each insurance
product and without insurance. One could then compare the expected values of
the pooled household-month utilities for the no insurance case and the six in-
sured cases. While this approach may seem more generalizable, it does not
capture the heterogeneity in the dynamics observed within households across
time. After considering both approaches, the authors felt that the ratio of
households that were better off across ten seasons was a more important in-
dicator of insurance quality than a statistic based on the expected value of the
pooled outcomes. Importantly, this alternative analysis has been performed and

(footnote continued)
the quality-ordering of indices is consistent with the results presented in Section
5. Those results are available on request.
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calculating the insurance policy parameters (e.g., actuarially fair pre-
mium rate, strike, exit) for consistency.
The attrition rate in the survey is about 4% between rounds.

Households that left the survey were replaced when possible.10 Our
analysis used the unbalanced panel including replacements, but we
limited our sample to those for whom there are six or more livestock
mortality rate observations over the ten seasons and that report live-
stock ownership in at least one season. Finally, because much of the
analysis is performed at the index-unit level and our statistics rely on
the law of large numbers, two index-units—North Horr (N=3) and
Dukana (N=16)—each with<20 households are dropped. The re-
sulting sample is 886 households from nine index-units in Marsabit, all
with between six and ten seasonal observations per household.
The observational data on herd size, losses, intake, offtake, and

births provide the benchmark dynamics by which insurance products
were compared in this study. One important feature of these data is that
they were collected from households that had access to insurance.
About 14% of the household-month observations were of households
with insurance coverage. Among those that purchased, the average
coverage rate was 24% of the standing herd at the time of purchase. The
result is that the average coverage rate within the data is quite small,
but this is still a concern and it could directly impact the herd dynamics
used to compare the products. Previous analysis found that IBLI cov-
erage reduced livestock sales during drought (Janzen and Carter, 2018;
Jensen et al., 2018) but no evidence that it impacted herd production/
loss rates. For the work in this manuscript, insurance may have influ-
enced the benchmark data by reducing average livestock sales during
drought, thereby reducing the estimated average impact of drought on
households and the potential value of insurance in our simulations—a
standard noncompliance effect. While such non-compliance is not ideal,
it is preferable to dropping insured households, which would then bias
our sample, or adjusting data according to a model of IBLI impacts,
which would make our main analysis less transparent. Further, because
the rate of non-compliance and coverage was low across the entire
dataset, and we applied the same dynamics across all the comparisons,
we expect that this issue had little impact on the final comparisons
between indices.

4.2. Satellite data

NDVI observations provide a proxy measure of above ground green
biomass and are therefore widely employed in natural resource man-
agement and agriculture (Atzberger, 2013; Carlson and Ripley, 1997;
Meroni et al., 2014; Price, 1992; Tucker et al., 1985). NDVI time series
used in this study were derived from the Moderate Resolution Imaging
Spectroradiometer (MODIS) instrument that provides red and near-in-
frared spectral reflectance at 250m spatial resolution. MODIS instru-
ments are flown onboard the Terra (2000-present) and the Aqua (2002-
present) satellites, both providing daily observations. We used tempo-
rally-composited NDVI products, whereby, for each pixel, the best
cloud-free observation is retained during a fixed temporal window of
multiple days. To further suppress remaining cloud- and other atmo-
spheric effects, temporal smoothing is applied to NDVI series.
Two alternative NDVI products based on MODIS observations are

evaluated in this study. The first product is a 10-day constrained
maximum value NDVI (i.e. considering signal quality and view angles)
composite product at 250m resolution called eMODIS version-5
(Jenkerson et al., 2010), which is currently used in the IBLI program.
The product is produced and freely provided to the public by the United
States Geological Survey (USGS) from acquisitions by the Terra sa-
tellite. Temporal smoothing of the data is performed by USGS using the
Swets algorithm (Swets et al., 1999). Because this smoothing requires

data points before and after the observation of interest, consolidated
and reliable data are only released one month after the end of each
compositing period.
The second NDVI product is generated by the University of Natural

Resources and Life Sciences (BOKU) in Vienna, Austria, using as input
NASA's 250m-resolution 16-day NDVI composites, both for Terra
(MOD13Q1) and Aqua (MYD13Q1). The NASA composites are based on
maximum value compositing but constraining the pixel selection by
favoring those recordings with a closer-to-nadir view angle (Huete
et al., 2002). Combining Terra and Aqua acquisitions, BOKU's sub-
sequent filtering is based on an 8-day product, using the fact that the
16-day composite window for Aqua is shifted by eight days with respect
to the Terra composites. The temporal smoothing itself is performed
with a modified Whittaker smoother (Atzberger and Eilers, 2011; Klisch
and Atzberger, 2016). Contrary to eMODIS, BOKU's filtered and gap-
free data are available directly after the end of each composition period,
allowing a resultant insurance product to make indemnity payments to
insured households almost immediately at the end of the observation
period. In addition, BOKU also provide uncertainty measures for each
pixel. We do note that the BOKU filtering procedure continues to im-
prove the composite quality for a specific 8-day period as more ob-
servations become available after that period until a final ‘consolidated’
product is created that does not change anymore. More information on
BOKU's product can be found at http://ivfl-info.boku.ac.at/.

4.3. Index design

Drought indices used for insurance aim to provide a relative mea-
sure of current agro-climatic conditions with respect to historic condi-
tions in a circumscribed geography. These indices were calculated for
each IBLI unit, which were defined as a function of administrative
boundaries. In this study, we examined two main design options for
insurance products, both of which have been used or are being used in
IBLI contracts: (1) full season, and (2) growing season.
The “full season” definitions were based on the original IBLI design

as described in Chantarat et al. (2013): March–September for LRLD
(long rains-long dry), and October–February for SRSD (short rains-short
dry). These season definitions align with the bimodal precipitation and
drying patterns experienced in the region and were motivated by the
relationship between below-normal precipitation during “rain sea-
sons”—droughts—and subsequent deterioration of forage conditions in
the “dry season” leading to livestock losses.
The “growing season” definitions relied on the index-unit-specific

dates established by Vrieling et al. (2016), where start and end of
season were estimated based on the eMODIS NDVI temporal profiles. In
short, season start/end dates were defined as the moments when NDVI
exceeds/drops above/below 20% of its amplitude between minimum
and maximum NDVI fitted values.11 After identifying the index-unit-
specific dates, Vrieling et al. (2016) brought forward in time the season
end-dates up to the date at which the index for the shortened season
definitions still explains at least 90% of the interannual unit-specific
index variability. The advantage of shortening the period is that a final
season index can be calculated earlier, allowing more timely indemnity
payments.
Because the BOKU filtered indices are available in near-real-time

(NRT), while the eMODIS consolidated indices require one month of
accumulated data for processing, we included one additional set of

10 These attrition figures include households that were missed for one or more
rounds but returned for subsequent rounds.

11 Per pixel and season, a parametric double hyperbolic tangent model is
fitted to the NDVI time series (Meroni et al., 2014). Season start/end is de-
termined as the moment when the fitted NDVI exceeds/drops above/below
20% of the amplitude between minimum and maximum NDVI fitted values. The
start/end dates are subsequently averaged for all years and all pixels within a
unit, while half a (temporal) standard deviation is applied to advance the start
and delay the end, allowing for interannual variability in seasonality.
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comparisons: consolidated vs. NRT. Similar to the data processing
performed by the USGS to develop the eMODIS index, the consolidated
BOKU indices use the data collected the month after the period in
question, to improve the filtering process. The consolidated BOKU in-
dices are available one month after the seasonal end-dates as are the
eMODIS indices, while the NRT are available almost immediately. The
implication is that for a specific insurance season end-date, BOKU NRT
indices are available one month before the other indices. Table 1
summarizes the six indices that we examined in this paper.
Irrespective of the NDVI product (eMODIS/BOKU) or the seasonal

definitions (Full Season/Growing Season), all indices were calculated
using the following process, which is currently implemented by the IBLI
product and is similar to how other NDVI-based insurance indices are
calculated. First, we masked out all pixels that had a difference
of< 0.10 NDVI unit between the 95th and 5th percentile for the full
NDVI series between October 2002 and September 2015, mostly cor-
responding to non-vegetated areas (e.g. permanently bare soil). NDVI
values were then spatially averaged within each index-unit at each time
period, and subsequently averaged over the season, resulting in a sea-
sonal-average NDVI per index-unit.12 Then, a z-score was calculated
comparing this value with the mean and standard deviation based on
the same 13 years of data for the same periods, resulting in a z-score for
each season that can be used to identifying anomalies in vegetation
(Fig. 1).
The six indices described in Table 1 were then used to generate

insurance contracts and compared using the metrics described in
Section 3.

5. Results and discussions

5.1. Livestock dynamics

Observed livestock dynamics between October 2008 and October
2013 are illustrated in Fig. 2a and b. Importantly, there is a trend of
reduced herd sizes (shaded area in Fig. 2a) which is, in part, due to the
severe droughts that occurred in 2009 and 2011, that are also apparent
in the large increase in livestock losses during those periods (thick red
line in Fig. 2a). Fig. 2b illustrates the strong seasonality in herd size,
intake, and losses. Intake, the majority of which is due to births, peaks
during the two rainy seasons (March–April and November–December)
and losses peak during January–February and July–September, which
coincide with the short dry season and long dry season, respectively. To
contextualize the insurance contracts in regard to this observed sea-
sonality, recall the timing of indemnity payments described in Table 2.
For example, the original eMODIS “asset replacement product” made
indemnity payments for droughts in the LRLD season (March 1–Sep-
tember 31) in the following November, three months after losses
usually peak, while the BOKU P90 NRT “asset protection product”
would make indemnity payments in June for the same event, just as
losses begin to climb. There is the potential for these two products to
have very different implications for household welfare.

5.2. Comparing seasonal mortality rates to indices

Table 2 presents the average of the pairwise correlation coefficients
within each index-unit during the 10 seasons. The average correlations
are> 0.95 in every case and is as high as 0.99 in many cases—the
indices are very similar.
To examine how well the indices track livestock loss rates at the end

of the season, we first examined the correlations between each index
and average mortality rates at the end of each season within each index-
unit (Table 3). We can observe that the indices perform similarly within
each index-unit, but that there is substantial variation in how well the
indices perform between index-units. This indicates considerable var-
iation in the value that these index products offer to the average
household across each unit.13 There is no single index that consistently
is most highly correlated with losses in all index-units.
Table 4 displays for each unit the statistical results of the regression

that links average livestock mortality to the index, assuming a linear
(models [1]–[6], Table 4) and a non-linear, second-order polynomial
(models [7]–[12], Table 4) relationship.
The coefficient of determination (R2) and root mean squared error

(RMSE) for each regression provide intuitive measures of the variance
in mortality rate that is accounted for by each index. We also include
three additional metrics: mean error, mean over prediction, and mean
under prediction.14 Mean under prediction provides a simple metric of
remaining downside variation (risk) after accounting for the variation
that can be captured by the index, while mean over prediction is a
measure of importance for the viability of insurance providers. From
our perspective, the mean under prediction is the most meaningful
measure in this context, as it captures events where increased losses are
not well reflected in by the index. By each of these metrics, there are
relatively small but discernable differences in the indices.15 For in-
stance, looking at the second order polynomial analysis, the mean
under prediction of the BOKU P90 NRT index (column 12, Table 4) is
about 12% larger than that of the BOKU NRT index (column 9, Table 4).

5.3. Utility metrics

The preceding analysis reveals small differences in how well the
indices track seasonal average losses but does not provide information
on how meaningful those differences are. To examine the welfare im-
plications of differences between the indices, insurance products and
associated premium and indemnity payments are developed for each

Table 1
Indices examined by this paper.

Full season Growing season

eMODIS eMODIS: Full season definitions with USGS built-in 1-month
delay.

eMODIS P90: Phenologically defined and statistically shortened season definitions with USGS built in
1-month delay

BOKU BOKU: Full season definitions with 1-month delay (for
comparison purposes)

BOKU P90: Phenologically defined and statistically shortened season definitions with 1-month delay
(for comparison purposes)

BOKU BOKU NRT: Full season definitions available in near real time BOKU P90 NRT: Phenologically defined and statistically shortened season definitions available in
near real time

12 For a detailed description of BOKU products see Klisch and Atzberger
(2016).

13 At ten observations per index-unit, these estimates are statistically indis-
tinguishable from each other if their difference is less than about 0.6.
14 The error and over/under statistics are calculated as follows. First, the
coefficient estimates from the regressions that produces the R2 statistics are
used to predict the average livestock mortality rates for each unit from each
index. The error is the difference between the observed and predicted values.
The mean error is the simple average of those errors. The mean over (under)
prediction is the average error, conditional on the error being positive (nega-
tive).
15 An analysis focused only on those seasons with livestock mortality rates
above the median, produces similar results; the indices' performances are very
similar.
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index, as is described in Section 3. As an illustration of this process,
Fig. 4a shows the timing and magnitude of the premium payments (red
bars below zero) and simulated insurance payments (remaining bars
above zero) in the Turbi index-unit, for each product and across the
period examined in this research. Note that each product makes two
indemnity payments and that the sums of those payments across pro-
ducts are identical, but the payments are made at different times and
there is variation in each payment's magnitude. The most different
product for Turbi is the BOKU P90 NRT index, which does not make a
payment for the 2009 LRLD season (March 2009–September 2009), but
does make a payout for the SRSD 2010 season (October 2010–February
2011).16

Fig. 1. Graphical representation of the index design considered in this study. The figure shows the spatial units considered within Marsabit County and is based on
real eMODIS data for the 2010 short rainy season.

a. Local means across the 5 years. b. Local means by month.

Fig. 2. Average herd dynamics during the study period.

Table 2
Mean of the between-index Pearson correlation coefficients, which are calcu-
lated at the index unit level.

eMODIS BOKU BOKU
NRT

eMODIS P90 BOKU P90 BOKU P90
NRT

eMODIS 1.000
BOKU 0.993 1.000
BOKU NRT 0.997 0.993 1.000
eMODIS P90 0.989 0.990 0.984 1.000
BOKU P90 0.983 0.992 0.983 0.994 1.000
BOKU P90
NRT

0.962 0.972 0.962 0.983 0.993 1.000

Notes: The correlation coefficients between indices are first calculated within
the 9 index-units for the 10 observed seasons. The above statistics are the mean
of those correlation coefficients across the 9 index-units.

16 Although the BOKU P90 NRT product is the only product to make a pay-
ment in SRSD 2010 for Turbi, relatively dry conditions with reduced forage
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Using the observed monthly herd sizes and simulated premium and
indemnity payments for each index product, we compute monthly net
herd sizes with insurance for each household for each index product.

Fig. 4b provides an illustration of that process for two products, the
eMODIS product and the BOKU P90 product for the Turbi index-unit.
The bars represent premium payment rates and indemnity rates as they
do in Fig. 4a. The lines represent the monthly mean net herd size under
the two insured scenarios and the observed herd sizes (“No Insurance”

Table 3
Inter-annual variability in end of season livestock mortality rate that is captured by each index (2008–2013). A perfect index would result in value −1.00.

Obs. N eMODIS BOKU BOKU
NRT

eMODIS P90 BOKU P90 BOKU P90
NRT

All units 895 10 −0.51 −0.46 −0.50 −0.47 −0.45 −0.43
By index-unit:
Uran 43 10 −0.57 −0.51 −0.55 −0.59 −0.52 −0.56
C. Marsabit 55 10 −0.89 −0.90 −0.90 −0.86 −0.87 −0.85
Gadamoji 57 10 −0.66 −0.61 −0.66 −0.63 −0.59 −0.54
Laisamis 114 10 −0.72 −0.70 −0.72 −0.68 −0.67 −0.63
Loiyangalani 65 10 −0.24 −0.28 −0.24 −0.24 −0.26 −0.26
Mt. Kulal 60 10 −0.39 −0.32 −0.36 −0.28 −0.26 −0.23
Kargi 119 10 −0.25 −0.23 −0.29 −0.18 −0.18 −0.16
Maikona 165 10 −0.46 −0.42 −0.48 −0.44 −0.47 −0.51
Turbi 217 10 −0.59 −0.55 −0.58 −0.59 −0.54 −0.52

Notes: The correlation coefficient is calculated in all cases from 10 pairs of index vs. mortality. The number (obs) of individual household panels entering in the
calculation of average mortality is also indicated (N).

Table 4
Statistical results from regressing average seasonal livestock mortality rates onto each index and index-unit dummy variables (2008–2013).

Linear [y= f(index)] 2nd order poly. [y= f(index, index2)]

eMODIS BOKU BOKU NRT eMODIS P90 BOKU P90 BOKU P90 NRT eMODIS BOKU BOKU NRT eMODIS P90 BOKU P90 BOKU P90 NRT

[1] [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] [12]

Full panel
Observations 90 90 90 90 90 90 90 90 90 90 90 90
R2 0.354 0.320 0.352 0.325 0.303 0.287 0.528 0.487 0.506 0.505 0.456 0.402
RMSE 0.080 0.082 0.080 0.082 0.083 0.084 0.069 0.072 0.071 0.071 0.074 0.078
Mean error 0.059 0.060 0.059 0.060 0.061 0.061 0.049 0.051 0.050 0.050 0.052 0.055
Mean over 0.047 0.047 0.048 0.051 0.049 0.051 0.038 0.039 0.040 0.040 0.041 0.043
Mean under 0.078 0.085 0.076 0.073 0.080 0.077 0.069 0.071 0.066 0.068 0.071 0.074

Notes: The regression includes index-unit dummy variables to focus on within, rather than between, unit variation. The error and over/under statistics are calculated
as follows. First, the coefficient estimates from the regressions that produce the R2 statistics are used to predict the average livestock mortality rates for each unit
from each index. The error is the difference between the observed and predicted values. The mean error is the simple average of those errors. The mean over (under)
prediction is the average error, conditional on the error being positive (negative).

a. Simulated premium and indemnity rates for each 
product.

b. Observed livestock and simulated net livestock for
eMODIS and BOKU P90 NRT products.

Fig. 4. Example results for product simulation from the Turbi index-unit.

(footnote continued)
availability were present during the SRSD 2010 season and triggered payouts by
other products in other index-units.
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in the figure). The lines clearly illustrate that until an insurance product
makes indemnity payments that outweigh premium payments, insured
clients are worse off with respect to current herd size than uninsured
clients. Those early premium payments are transferred back to the
households via indemnity payments during drought periods.
The process illustrated above is repeated for each index-unit and

each index-specific insurance product to develop net herd sizes across
the entire sample for each product in each month. The results are dis-
played in Fig. 5, where, once again, the lines represent average net herd
size across months, this time averaging across all the households in all
nine index-units. Overall, the insurance products are transferring assets
from the early years when herds are larger, to later years when average
herd sizes are smaller; but they vary in when those transfers take place
across and within seasons.
We then calculated the monthly expected utility for each household

under each option across a range of premium rates and levels of risk
aversion. Those outcomes are then used to calculate the ratio of
households that are better off with insurance than without. The result is
a 3-dimensional surface for each index that indicates the ratio of
households better off with insurance than without it across premiums
and levels of risk aversion, which we represent here in two, 2-dimen-
sional figures (Fig. 6). The two plots are perpendicular to each other
and intersect at α=2 and the actuarially far premium rate of 5.04%,
both of which are indicated by vertical lines in each plot.
We first bring attention to the fact that timeliness is important. All

four of the earlier-paying products—BOKU NRT and the three using the
shorter Growing Season definitions—are preferred to the later-paying
full season composite indices and the differences are large. For ex-
ample, holding α at 2 and premiums at actuarially fair rates, an in-
surance product based on the eMODIS P90 index helps about 91% of
households, while a product based on the eMODIS product helps about
68%, which is a difference of 23 percentage points. This difference is
large and highly significant (N=895, Pearson's χ2=191,
p < 0.001).17 Interestingly, the earliest-paying index—BOKU P90
NRT—is less preferred to BOKU P90 and eMODIS P90, both of which
make payments one month later than it does. This reflects a reduction
in quality of the index product that apparently offsets preferences for
earlier payments.
Examining the role of risk aversion and premium rates individually,

it is quite clear that premium rates are the more important factor.
Consistent with intuition, the ratio of households benefiting from in-
surance falls as premiums increase. At very low premium rates in-
surance becomes more like a drought contingent transfer than in-
surance, and even the worst product helps nearly every household. As
premiums increase, the ratio of those that benefit from insurance falls
slowly until premiums surpass the actually fair rate, at which time they
fall quickly. As an illustration, holding α at 2, at actuarially fair rates an
insurance product based on the BOKU P90 index helps an estimated
89% of households, but only 46% when the premium is loaded by the
common rate of 50%, bringing the premium rate to 7.6%. Once the
premiums reflect a loading of 100%, a rate that is not uncommon for
micro-products, nearly all households are better off if they do not
purchase any of the insurance products.
Although the impact of risk aversion on the ratio of those that

benefit is less dramatic than the impact of premium rates, the magni-
tude of its impact is economically significant, especially at premium
rates for which the population is quite evenly split between benefiting
and non-benefiting. For instance, the ratio of households that benefit
from the BOKU P90 NRT index with premiums are set to 7%, increases
from 53% to 59% as risk aversion increases from 0.2 to 3, a difference
that represents 45 of the 895 households.
These results also illustrate a common conflict between precision,

timeliness, and cost. One main advantage to the BOKU NRT processing
approach is that it produces indices more quickly than eMODIS, but the
BOKU data is fee-for-use while the eMODIS data is freely available.18 If
those additional fees are passed on to consumers, they are faced with
higher premiums for more timely indemnity payments. The above
analysis provides some back of the envelope estimates of the value of
timeliness. For example, if there is a policy objective to use index in-
surance to benefit 50% of households in this region, the key policy
levers available to a policy maker are choosing which index to use and
the subsidy rates. Assuming α is equal to two, the eMODIS P90 product
benefits half of the population at a premium rate of 7.5% while the full
season eMODIS product can only do so at a premium rate of 6.1%, the
difference would need to be covered through government financed
subsidies and has large implications for the public costs of meeting such
a policy objective.

5.4. Limitations and robustness check

The livestock mortality data itself is both a strength and a limitation
of this research. It is a strength because these types of ground truthing
exercises are extremely rare for index insurance products due to the
difficulty and efforts required to collect such panel datasets. The data
makes this paper unique in that it is comparing indices to actual losses
on the ground over time. But, it is important to note that data errors due
to errors in recall (e.g., month of mortality, number of animals), dif-
ferences in cultures (e.g., definitions of ownership and households), and
even input errors may be non-trivial and there are no secondary data
sources from the region with which to validate it. Although the herd
size and loss data are consistent with what we know of the re-
gion—declining herd sizes and high livestock mortality in 2009 and
2011—we acknowledge this shortcoming but know of no reason to
think that possible errors in the survey data systematically favor one
index over another.
The representativeness of the temporal period under examination is

also unclear. The region experienced two extreme droughts during the
10 seasons captured by the survey data, which is higher than historic

Fig. 5. Observed and simulated mean herd size with and without insurance,
across all IBLI units.

17 At our sample size, differences of about 3–6 points become statistically
significant at the 1% level.

18 Although the eMODIS data is free, any index insurance policy requires data
processing to translate the free data into an index, and then into indemnity
rates. Because BOKU actually offers some of these services and has variable
pricing, for some situations BOKU may be the lower cost option (e.g., than
hiring someone to do that processing inhouse).
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averages. But, in the 8 seasons between the last survey round and the
writing of this article (October 2014–December 2017), there have been
two additional extremely poor seasons (SRSD 2016 and LRLD 2017)
that caused maximum indemnity rates in many index-units. So, al-
though the survey period may not be representative when compared to
longer historic averages, it is certainly within the norm with respect to
the last 10 years. To check the sensitivity of our results to alternative
environmental periods, we ran simulations based on parameters esti-
mated using the full 27 seasons of index data available. The results of
those simulations do not indicate a lack of generalizability in our
analysis. Furthermore, the simulations continue to find that the indices
are very similar and that the heterogeneity in product value observed in
our main analysis is mostly due to variation in timeliness of indemnity
payments between products. See Appendix A for a full description of the
methods and results of the simulations.

6. Conclusions

We examined different NDVI-derived insurance indices for their
relative suitability efficiency to generate index insurance products that
mitigate the impact of drought on household welfare. By accounting for
standard economic preferences—namely risk aversion and temporal
dynamics—we identified meaningful differences in welfare related to
insures products developed by each, even through the indices were
extremely similar (correlation>0.95). We found that indices that be-
came available earlier in the season, and therefore could be used to
generate contracts that paid out earlier, performed better than those
that made payments later in the season. Although the finding that
timeliness is important may be intuitive, standard approaches for ex-
amining index quality do not account for timeliness.19 Furthermore, we
found that the earliest paying product is not the most preferred of the
six products, illustrating the tradeoff in product value between time-
liness and accuracy.
For the index-dependent livestock insurance and hunger safety net

programs operating in northern Kenya, our study recommends the use
of indices based on the shorter, phenologically defined indices. We
found that eMODIS and BOKU indices performed similarly.
Beyond the importance and potential tradeoff between timeliness

and precision, there are two other key implications of our findings.
First, changing the premium rates by even small amounts can have
substantial impact on the ratio of households that benefit from the
index product. It is therefore crucial that insurance interventions pay
special attention to these dynamics between premiums and benefits
since premium rates can effectively exclude some households from the
benefits of an insurance intervention. Furthermore, this analysis has not
considered factors associated with demand, which could act to ex-
acerbate such exclusions.
Second, the relationship between all the indices and livestock losses

is variable across index-units, underscoring the great degree of het-
erogeneity in the experience of households across space and the need
for context-specific policies. Furthermore, it specifically examined the
potential benefits to insured clients associated with adopting a pay-for-
service index that is available in near real time, rather than the freely
available index that is currently in use. In this case, we found that the
benefits of timeliness offered by the near real-time index do not com-
pletely offset that cost in precision associated with reducing the amount
of information used in temporal smoothing.
This interdisciplinary collaboration is one of the first attempts to

bridge the two literatures from economics and remote sensing, to assess
the impact of technical index decisions on insurance quality, measured
in terms of household economic wellbeing. In doing so, it assesses the
potential of small changes to index processing for the improvement of
the design of index insurance. We hope that this work will guide future
public efforts as well as the design of the growing number of cash
transfer and index insurance products that rely on remote sensing
technologies. We also hope that such methodologies to assess index
insurance value will be increasingly used to design and distribute
products that effectively protect poor households.
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a. Varying levels of risk aversion ( ), premiums are set 
at their actuarially fair rate, 5.04%.

b. Varying premium rates, =2.

Fig. 6. Ratio of households better off with each insurance product than without it.

19 A recent paper by Casaburi and Willis (2018) finds that allowing households to delay premium payments until the end of the insurance season increases demand
considerably. While the two studies have different objective, they both find that the temporal gap between premium and indemnity payments is an important
contract parameter that has impact on insurance demand and wellbeing.
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Appendix A. Robustness check

Although the analysis of observed index-mortality rate data included about 10,000 observations of household level livestock mortality rates (in
Kenya), the index values are time invariant for each season within each unit. The result is only 90 (9 units× 10 seasons) index observations with
which to compare indices. Of particular importance, the conditions, as measured by the indices, were worse during survey seasons than during non-
survey seasons. Specifically, for five of the six indices, index values are lower during the periods with household survey data (2008–2013, N=90)
than the periods without survey data (2002–2008, 2014–2015N=153). While the differences are small and are statistically significant in only three
cases, there is reason for concern that such sampling bias could bias our conclusions. In addition, it is unlikely that the indices are independent
between units within a single season or across time within a specific unit. Such prospective spatial and temporal correlation could further reduce
information, thus increasing the risk of small-sample bias in our estimates.
The objective of the simulations presented in this appendix is to determine if the results in the main body of the text are sensitive to the particular

sequence of conditions that occurred during the survey period, or if they are generalizable to other sequences of seasons. By necessity, the simu-
lations used a seasonal timestep, deviating from the analysis in the main text. Specifically, in the simulations, all premium payments, losses, and
indemnity payments took place within the single time step, a season. While such a model is common in the insurance literature, it clearly deviates
from reality and, in this case, does not distinguish between one of the key differences between the products—timing of indemnity payments within a
season.
With these changes to the analysis in mind, we first provide the outcomes of an analysis using the observed survey data and matching seasons,

like that performed in the main text, but with a seasonal time step rather than a monthly timestep (Fig. A.1). Comparing these results with the
monthly results in Fig. 6, they are shifted in the way that is expected. Those products that make payments earlier effectively lose that feature in these
simulations and their products are valued less by clients, which is clear in that the lines for eMODIS P90, BOKU P90, and BOKU P90 NRT are shifted
down from their higher positions in Fig. 6 in the main text, down to the other later-paying products.

Fig. A.1. Observed seasons: The ratio of households that are better with each insurance product than without it.
If our results at the seasonal time step (Fig. A.1) level are found to be sensitive to (simulated) alternative sequences of environmental conditions,

it would shed doubt on the robustness of our results in the main text. Alternatively, if the results at the seasonal level are robust, we will argue that
the monthly analysis in the main body of the text is also likely to be robust because its dynamics are driven by: (i) seasonal conditions, tested here,
(ii) policy parameters, which are constant, and (iii) and within-season herd dynamics, which are, to a large degree, the result of the seasonal
conditions.
Our simulation approach allows the analysis to draw from a longer time series of NDVI data (2002–2015) than is possible when matching indices

to survey data (2008–2013), which should be more representative of each indices' the true distribution.
The simulation process is as follows.

1. Distribution parameters relating each household's livestock mortality rate to index values are estimated using a flexible function of observed
household survey data and index values (2008–2013).

2. Distribution parameters for each index are estimated using the full set of NDVI index data (2002–2015).
3. Index values are drawn from the unit-specific distribution described by the parameters estimated in (2).
4. A livestock mortality rate is drawn from each household's season-specific distribution of livestock mortality rate, based on a function of the
parameters estimates in (1) and the index values drawn in (3).

5. Comparable NDVI-index insurance products are generated within each unit for each product.
6. We then examine the ratio of the simulated sample that are better off with each insurance product than without it, as we do in the main text of the
paper.

7. Steps 3–6 are repeated 500 times.
8. The average outcomes across the 500 simulations for each index insurance product are then used to compare the products.

To provide the reader with greater detail on the simulation process, we will proceed step by step though the eight steps briefly described in the
Methods section above.

N. Jensen, et al. Ecological Economics 162 (2019) 59–73

69



1. The parameters relating household livestock mortality to index values are estimated using a flexible function of observed survey data
(2008–2015).

Our simulations assume that household i living in in division d faces livestock mortality rates that can be accurately modeled as a random draw
from a household-specific beta distribution, and that each household's distribution of livestock mortality rate has moments that are a function of
household characteristics and the index (Eq. (A.1)). The beta distribution can be described by two parameters (α, β), which are functions of the mean
(μ) and standard deviation (σ) of a variable.
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Fig. A.2 illustrates the probability distribution of livestock mortality rates observed in the survey data and the distribution of livestock mortality
rates generated by replacing each observed rate with a random draw from the beta distribution with household-level moments estimated directly
from the observed data. The distribution of draws closely mimics that of the observed distribution of losses.

Fig. A.2. Kernel density estimation of observed livestock mortality rate and the Beta probability distribution generated using moments estimated from the observed
data.
We assume that each household faces livestock mortality rates that can be modeled as a beta distribution (Eq. (A.2)) with parameters that can be

described by a mean (μidt) and variance (σidt), each of which are a functions of the bi-modal season (δt
0, γt

0), the household's unique intercept (δi
1,

γi
1), and household-level parameters multiplied by the index (δi

2, γi2) and the index squared (δi
3, γi3).
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(A.2)

Observed livestock mortality and index data (2008–2015) are used to estimate the parameters (δ0, γ0, δi
1, γi1, δi

2, γi2, δi
3, γi3) that relate the

indices to the distribution parameters. Notice that this procedure estimates three household-specific parameters for each moment. These distribution
parameters are then used in step (4) to simulate livestock mortality rates, conditional on draws from the index distributions.

2. Estimate the distribution parameters for each index using the full set of index data (2002–2015)

We observe 27 seasons of NDVI indices for each index in each of the nine index units between 2002 and 2015. Fig. A.3 uses a kernel density
estimation to illustrate the distribution of the six indices across the nine Kenyan units included in this analysis.
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Fig. A.3. Kernel density plot of the observed values of the six indices in each of the nine index-unit, across 27 seasons.
We assume that the indices are normally distributed within each unit. The mean and standard deviation for each index in each unit is estimated

using the 27 seasons of observed index data (Eq. (A.3)).

=

=

…

=

=

index N µ

u index

index µ

t

~ ( , )
1

27

1
26

( )

[1, 2, , 27]

dt d d

d
t

dt

d
t

dt d

2

1

27

2

1

27
2

(A.3)

3. An index value is drawn from its distribution described by the parameters estimated in (2)

An index value is randomly drawn from the normal distribution described in Eq. (A.3) for ten seasons in each unit. We use the form indexd t,
_

,

where the underline indicates that the value is a simulated draw from the distribution function. Within every simulation, a ten-season data set is
generated so that the simulated sample has properties similar to the original sample. Multiple simulations provide information on how our ten-season
sample could have been different.

4. A livestock mortality rate is drawn from each household’s beta distribution of livestock mortality rates

The new index values and parameter estimates from Eq. (A.2) are then used to predict a household-period-specific expected livestock mortality
rate mean and variance. Those are then used to define household-period specific beta distributions of livestock mortality rate, from which a mortality
rate draw is made (Eq. (A.4)).

= + + +
= + + +

u index index
index index

LivestockMortality Beta index

( )
( )

~ ( , | , , )

idt i i dt i dt

idt i i dt i dt

idt idt idt dt

0 1 2 3 2

2 0 1 2 3 2

(A.4)

5. NDVI-index insurance products are generated within each unit

The index products for each simulation are generated using a process that is similar to those used to generate the index-products using from the
observed data. Importantly, the strikes are reset in each simulation to ensure a 20% strike rate and the indemnities are scaled to maintain a 5%
actuarially fair premium rate.

6. We then examine the ratio of the simulated sample that is better off with each insurance product than without it

Net outcomes are then calculated, and each household's ten season expected utility is estimated for each product and without insurance. Each
household's expected utility with insurance is compared against its expected utility without insurance to determine if the household is made better or
worse off from the insurance coverage. We then calculate the sample-level ratio of households that are better off with insurance than without it,
similar to the process used in the main analysis of the paper.

7. Steps 3–6 are repeated 500 times

8. The distribution of outcomes under each index insurance product are then compared
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The simulated results are presented in the same manner as the results generated form the observed values. In this case, the reported ratios are the
mean outcomes from across the simulations. Fig. A.4 illustrates the ratio of households better off with each insurance product than without it using
the simulated data. Note that these two two-dimensional graphs are perpendicular; their point of intersection is illustrated by the red lines in each
figure. The mean outcomes of the six products are nearly identical.

Fig. A.4. Simulated seasons: The ratio of households that are better with each insurance product than without it.

Discussion

These simulated results point towards six products that are very similar in quality, which is consistent with our findings in Section 4.1 and the
analysis illustrated in Fig. A.1. The results of the simulations are also similar to those using observed values in that the indices are very similar to
each other and that the value of the products made by the indices are quite price sensitive and much less sensitive to risk aversion.
The main differences between the main analysis, which relied on 90 observed season-index values for each index, and these simulations, which

use tens of thousands of simulated season-index draws for each index, are that there is very little variation in product quality between indices in the
in the simulated outcomes. But, as Fig. A.1 illustrated, this loss in variation is related to a necessary change in the temporal resolution of the model,
not the sequence of seasons. While the shift in outcomes highlights the importance of timeliness and using models which can value it, they do not
indicate that our conclusions are driven by a specific and unlikely sequence of seasons or events, which would have been indicated by large shifts in
outcomes between the outcomes presented in Fig. A.1 and those presented in Fig. A.4. Rather, the results are nearly identical to those generated by a
parallel analysis using observed (not simulated) values. The authors believe that these simulations provide strong evidence that the results in the
main body of the text can be generalized outside the period during the survey data collection.
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