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EXECUTIVE SUMMARY

This report is one of the deliverables for the project “Commodity Risk Management
Group (ARD) seeks a qualified firm for Designing Index-Based Weather Insurance
Contracts For Farmers in Central America, Terms of Reference.”

In this report, we document the development of eleven revised and improved
standardized drought contracts, including six contracts specified in the World Bank’s
Commodity Risk Management Group’s Terms of Reference for this project. Contracts are
developed for three locations in Nicaragua (Chinandega, Leon, and Managua) for rice,
soy, and sorghum crops and three locations in Honduras (La Conce, Catacamas, and
Guayabillas/ Olancho) for sorghum, soy, and maize crops.

We provide background on the contract structure and design methods used. The final
standardized drought contracts perform very well in our statistical analysis using crop
models, likely due to the strong potential represented by the initial contracts proposed by
project partners. In this report we provide a detailed report and discussion of the
contracts and the refinement process. Of course, it is important that project partners
make sure to validate this performance through alternate sources of information, such as
discussions with farmers, experts, and accurate historical yield data, when available.

For the future, for standardization of the process, it could be worthwhile to make a more
systematic process for quantitatively evaluating and tuning the contracts for additional
risks (such as excess rainfall) based on farmer interviews and agronomic knowledge.
Specifically we recommend evaluating each risk of the contract independently prior to
bundling. We also recommend development of a process for documentation of farmer
and expert interviews that would provide information on the risk, as well as a historical
record of when each risk was an issue. More intimate inclusion of Reinsurers in the
design process for standardized contracts, as well as development of guidelines for
features that may lead to additional expense could help provide for fewer surprises in
reinsurance pricing. We also recommend that the contracts for additional risks be
structured and designed so that they can be adjusted to meet price, payout, and coverage
constraints through systematic statistically-based tuning of a small number of parameters.

In response to queries raised during the project by project partners we have deepened our
study of the climate of Central America and its implications for the forecasts, we find that
although there appears to be a strong link between the natural ENSO climate cycle and
contract payouts, there is probably little scope for geographical hedging, as crops covered
do not span the geographic regions with negatively correlated rainfall. It is likely that the
best hedging strategy would be to include excess contracts in the drought portfolio. Also,
we see little evidence for altering contracts or pricing to address potential long term
precipitation trends in the near term. Given the strong potential for index insurance as a
mechanism for adapting to climate risk, we highly recommend that products and prices
be regularly updated over the years, with care to ensure the value and product continuity
with each change.



In response to queries raised during the project by project partners, we perform an in
depth illustration and analysis of the use of rainfall simulators on the contracts. We
illustrate the limitations of rainfall simulators as well as their potential for improving
contract design and pricing for areas with short datasets, developing rainfall simulator for
the analysis. Certain features of some contracts (the shifting sowing window) led a wide
range of rainfall simulators to under-represent variability.

Often, subtle contract features can lead to a lack of robustness to sensitivity tests and
difficulty in analysis, and potentially could lead to increased reinsurance pricing without
substantially adding to the quality of the coverage. We have noticed that the bulk of the
protection of many of the contracts could be provided through much simpler indices that
are much more robust to sensitivity tests and perform much more predictably on rainfall
simulators when practically implementable. It may be that an additional stage of index
design might be very valuable following the development of a sophisticated contract.
This additional stage would be to determine if the bulk of the coverage of the contract
could be duplicated in a simplified statistical approximation of the contract.

BACKGROUND ON CONTRACT STRUCTURE AND DESIGN

Structure of Standardized Drought

The contracts analyzed followed the World Bank CRMG structure outlined in the terms
of reference and (described in detail in Osgood et al. 2007). In this structure, contracts
are based on dekadal (10 day) rainfall summaries, and dekadal totals are limited to
maximum levels (caps). Any rainfall above the cap within a dekad is removed from the
totals. A “sowing window” is set for each contract with a start dekad and an end dekad.
The contract calendar begins in the first dekad of the sowing window for which rainfall
exceeds a threshold amount, the “sowing trigger.” If the trigger is not exceeded during
the window, a failed sowing condition is signaled, a failed sowing payment is paid, and
the contract is terminated. If the sowing trigger is reached, the contract calendar begins
with the dekad in which the trigger was reached. Some of the simplified contracts did not
include this shifting sowing feature or sowing failure payouts.

The contract calendar is broken up in to a number of phases of several dekads each (three
phases were used in most cases). Payouts are calculated using simple piecewise linear
formulas of the sum of capped dekadal rainfall occurring over the phase.

The payout function for each phase has three parameters, a trigger, an exit, and a
maximum payout. If the capped rainfall total during a particular phase is more than the
trigger, no payout occurs for that phase. If the rainfall total is less than the exit, the
maximum payout is rewarded. If the rainfall total is between the trigger and exit, the
payout is linearly interpolated between the zero level payout at the trigger and the
maximum payout at the exit using the simple linear formula below.



Payout = (1 — (Rainfall Sum — Exit) / (Trigger — Exit)) Max Payout
Design Process

We used the contract design and tuning process described in Osgood et al. 2007. In the
majority of the cases, we began with preliminary contracts and WRSI models provided
by project partners, and a large part of the contract analysis and feedback involved
participation of project partners.

After the selection of initial triggers and exits, in order to arrive at the most cost-effective
contract, preliminary contacts are tuned using a numerical optimization process
performed on a WRSI based crop loss measure associated with the rainfall data. It is
worthwhile to note that a water stress based crop loss measure (such as WRSI, weighted
WRSI measures, CropWat, or its replacement AquaCrop) was pursued because it has
been found in previous projects that water stress based loss measures typically
outperform more sophisticated process based models (such as DSSAT), which require
more information for accurate results and are perhaps better suited for studying the more
complex set of trade offs that they model (for example how changes in nitrogen
application impact yields). In addition, the water stress models have tended to better
represent the covariant risk that is targeted by index insurance while process based
models are better at modeling the losses driven by very specific practices and soils. As
with any modeling approach used, it is critical to validate the assumptions and
performance of the model and be aware of its limitations (see Osgood et al 2007 for more
information).

Code we have developed for the R statistical system performs much of this analysis. The
objective function of this numerical tuning process is to minimize the variance in losses
less insurance payments subject to the insurance price constraint. Because the final price
of the contract is determined through negotiations between stakeholders, an unofficial
“pseudo price” is used following standard and transparent risk pricing methods outlined
in Osgood et al. 2007. The triggers of the contracts are the decision variables for the
numerical tuner. In order to ensure the price must not go above the constraint, when the
optimizer raises the level of one trigger, it lowers the levels of the others. Therefore the
task of the tuner is to determine the relative levels of the triggers.

The R software produces a variety of performance indicators, and draft contracts are
assessed with respect to each of these indicators. Payout timing and correlation between
payouts and losses are two such performance indicators explained in greater detail in
Osgood et al. 2007. These methods of assessment are only the baseline in designing a
robust contract, as contracts must also be made to address clinet needs. This typically
requires manual adjustments to meet objectives that are not modeled in the tuning
software. Triggers are often adjusted to round numbers to assist in ensuring that the
farmer understands the appropriate level of precision reflected in the contract.



A NOTE ON KEY ISSUES IN CONTRACT DESIGN AND PRICING

Every type of insurance is partial, with deductibles, limits, and items that are not covered.
With the highly inexpensive product that index insurance is often chosen for, tough
choices must be made in what is the most effective targeting of the partial coverage. The
challenge of providing an affordable and effective product is the challenge of building an
index that targets the most important losses.

Fundamentally, insurance premiums are reduced by 1) reducing or removing some
payouts, 2) reducing the possibility of payouts, and 3) reducing uncertainty in what
payouts might potentially occur.

Of course, as with most market goods, transacted prices are something that is negotiated
between players, so there is no definitive scientific definition determining the ‘true’ price.
Typically, the methodology that is used by reinsurers for pricing risk is based on in-house
risk holding costs and is proprietary. As with most business negotiations, price
negotiations in index insurance involve tough compromises by each party.

Science can play an important role in helping establish a starting point, provide a
common ground for stakeholders to negotiate acceptable prices, to help identify win/win
solutions, eliminate lose/lose components of the contracts, to help the designers weigh
their tradeoffs to arrive at stronger products, and to help build a conclusive body of
evidence that the choices made are reasonable, responsible, and fair.

Lose/lose situations that can often be eliminated arise when there is uncertainty about the
performance of contracts. Using science and transparent communication in identifying
and eliminating these situations can lead to better pricing. If a re-insurer is not certain
about the size and frequency of payments it is agreeing to honor, it may be important for
the reinsurer to secure additional financing to guarantee that they can responsibly honor
any of the cases that may come up. Since this additional financing has costs that are
shared with the insurers and clients, it can increase the end price of the contract.

To arrive at products with favorable reinsurance pricing, it is worthwhile to bear in mind
some key issues that may be of concern to a reinsurance partner. In this discussion, it is
important to remember that IR does not represent the positions, interests or expertise of
reinsurers so we simply lay out potential science-based strategies that may be helpful in

discussions and negotiations.

Reinsurance companies may be less likely to price using the payout series calculated
using the contract if the contracts are sensitive to small changes in parameters, not robust
across historical burn and rainfall simulation datasets, or otherwise have complexities that
lead to unreliable performance of risk analysis tools. In these cases, the reinsurance
companies may lean towards more expensive pricing based mostly on the maximum
liability so that they can be certain that they can responsibly honor the most extreme
scenarios. Therefore removing features from contracts that cause risk analysis tools and
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sensitivity testing provide unreliable or unstable results has the possibility to help
eliminate this lose/lose situation.

This uncertainty can also arise due to potential uncertainty about the climate itself, either
through the impacts of long term trends, or year to year variability, so it can be
worthwhile to use climate science to provide limits on the potential magnitude of this
uncertainty to help prevent the reinsurance prices from becoming overly conservative.

In this case the bounded uncertainty may lead to a slightly higher price then a simple
pricing analysis, but a much lower price then a reinsurer would charge if they do not have
evidence that the uncertainty is not quantified and resort to more conservative pricing
based mostly on the maximum liability.

In general, having very transparent and generous documentation and risk characterization
of the contracts for the reinsurer to reduce the uncertainty in the contract performance
may be effective at reducing prices.

Because reinsurers often have a great deal of experience pricing derivatives, and because
they often turn to the derivatives markets to provide their reinsurance, they may approach
index insurance reinsurance pricing by rebuilding the index contracts in terms of a set of
call and put options. Since each of the additional options used in approximating the
contracts has an additional price, there is a chance that each feature of the index insurance
contract may lead to an expensive derivative contract. This becomes a lose/lose situation
if the expensive feature does not lead to substantial additional protection to the end client.
Therefore, another opportunity to decrease the price of contracts may be to search for and
eliminate these features if they are not effective at protecting the client from loss.

At the end of the day, the point of insurance is not what is not covered, but that important
risks are covered. Therefore the elimination of features and payouts from contracts is not
the end goal of contract design, but merely a part of the refinement. The identification
and provision of the most important coverage is the central task.

This task involves identifying the benefits of the insurance as well as the costs, so
appropriate design choices can be made, and only appropriate sacrifices are performed.
In this process, it is important to integrate the many sources of scientific information,
expert knowledge, and client demands.

The optimization process that is used in the section of the report on standardized drought
contracts is a systematic scientific tool to help the designer perform that task. The
optimization process, developed with the World Bank CRMG, systematically integrates
climate information, agronomy, client, and pricing constraints to adjust the contract to
pay out when the farmer has the most risks by using a scientific basis for removing less
important and unnecessary payments and shifting payments to target the important risks
that the farmer faces. Naturally, it is one tool that should be used only as part of the
design process to arrive at contracts that perform as effectively as possible given the
scientific evidence available.



The section on rainfall simulation provides another key tool to develop better contracts
and pricing. Rainfall simulators are a method to allow the design to move beyond simple
historical burn analysis. The key limitation of historical burn analysis is that it has the
implicit assumption that any event that has not happened in the historical record as a zero
probability of ever occurring. Rainfall simulators provide a way to include events that
have not occurred in the historical time series but that have some likelihood of occurring,
leading to more robust contracts and pricing. However, as with any tool, they have their
limitations.

In the section on rainfall simulators we investigate the performance of a suite of rainfall
simulators in the context of some of the Central America contract variations to show the
kinds of contract features for which rainfall simulators may exhibit the kinds of
unreliable results that may lead a reinsurer to behave overly conservatively in pricing.
We perform an illustrative exercise on how a contract might be simplified using these
tools to provide similar protection with a simpler contract that is more robust to
sensitivity tweaks and analysis methodologies.

We also provide a new rainfall simulator that we have developed for this project that is a
synthesis of several different approaches. This simulator has the additional benefit of
being able to systematically include the uncertainty that might arise from a short time
series. Explicitly including and communicating this kind of analysis in design can lead to
contracts that are robust to the uncertainty in a short historic dataset as well as evidence
to a reinsurer to focus on these more conservative contract payouts as opposed to
becoming overly conservative and pricing based on maximum liability.

We have a section on Central American climate, in which we provide an overview of the
state of the art in climate science for Central America, and provide illustrations of how
the climate science can be used to provide a common set of assumptions between
negotiators to help eliminate overly conservative prices when addressing climate related
price negotiation issues. We discuss contract issues related to long term change, year to
year variability, and geographical structure.

Finally, the provision of objective, clear, and convincing evidence plays a central role in
both designing and successfully negotiating pricing of a contract, removing unnecessary
uncertainty, and developing a negotiating environment in which project partners and
regulators share a common view of the key issues. It is worthwhile for contract designers
to provide evidence to the clients, project partners, regulators, and increasingly to
reinsurers that the contracts do, in fact cover the important risks, and that the risks that
are not covered are not paid for, and that the end client understands exactly what is and
what is not covered.



CONTRACT SPECIFIC PROCESS DOCUMENTATION AND RECOMMENDATIONS

Nicaragua Contracts

In Nicaragua, we evaluated and revised six standardized drought contracts for rice,
sorghum, and soy crops in three different locations: Chinandega, Managua, and Leon.
This includes four additional standardized drought contracts to the two specified in the
project’s Terms of Reference.

We engaged in two rounds of evaluation and revisions for the Nicaragua contracts. The
second of these rounds was in addition to the revision process specified in the project’s
Terms of Reference. The first round of revisions included contracts for rice, sorghum and
soy in Chinandega and contracts for sorghum in Leon and Managua. This round of
revisions includes the two revised and improved standardized drought contracts for
Nicaragua listed in the project’s Terms of Reference, as well as two additional
standardized drought contracts.

The second round of revisions includes an additional evaluation of the five contracts
previously mentioned, as well as revisions and improvements to contracts for soy crops in
Managua and Leon. Together these contracts make up the 2 standardized drought
contracts for Nicaragua described in the Terms of Reference, and four additional
standardized drought contracts.

First Round of Revisions

This round of revisions includes five evaluated and improved standardized drought
contracts. The revised contracts were based on preliminary contracts provided by
Seguros LAFISE. Many of these preliminary contracts required only minor adjustments,
if any. Those contracts requiring adjustments had been well prototyped, making it
possible for us to reach strong, cost effective contracts through simple adjustments.

Contracts presented in the first round of revisions were four phase contracts, as opposed
to the three phase contracts previously implemented elsewhere. Though we were able to
extend our quantitative analysis to the four phase contracts, an analytic evaluation of the
modified sowing payouts or excess rainfall components of the contracts was not possible,
since we do not currently have an objective standard to compare them against.

In this phase of contract revision, all of our analysis was based on our weighted WRSI
simulations. This is a very useful standard for contract design, but it has the potential to
overlook critical contract flaws, since the model is based entirely on a series of
assumptions. Thus, as part of our revisions to the preliminary contracts we strongly
recommended the use of additional sources of information to identify potential contract
shortcomings. Historical yields and documented farmer interviews are two such sources
of information to use in analysis. More potential sources of information and how such
information has been successfully incorporated in contract design in other locations is
further described in Osgood et al 2007.



Seguros LAFISE provided an excellent physically based contract foundation that led to
contracts that perform very effectively. In tuning these contracts, we did not adjust phase
timing, sowing conditions, liability by phase or most of the other proposed contract
parameters, as they appeared to form the backbone of very effective contracts. Our
changes were mostly to triggers, with exits shifted when necessary. The contracts,
parameters, and data were all interpreted from working draft spreadsheets provided by
CRMG.

The initial contracts presented the sowing condition as 50% of an evapotranspiration
requirement. Since the contracts must be written on met station parameters, as opposed
to model output, we converted the sowing condition parameter to precipitation levels
(mm/dekad) in our revised contracts.

The parameters of the preliminary contracts provided by Seguros LAFISE for the first
round of revisions, as well as our revised contracts are presented below. Here, we
describe the revision process for each contract in greater detail and present key statistics
used in contract evaluation.

Chinandega Rice

Though the originally proposed contract for Chinandega Rice performed well, we were
able to come up with a less expensive contract using the optimization process. The
revised contract also concentrated a greater number of payouts in the years with the
largest simulated losses (82% in the worst third). The revised contract performs slightly
better than the originally proposed contract, with a correlation of 0.64 for the lower price
(4.6%). Both contracts were considered acceptable after our evaluation.

Chinandega Rice- originally proposed contract

Phase Phase Length Trigger (mm) Exit (mm)
(dekad)

1 1-2 60 30

2 3-5 110 75

3 6-8 100 60

4 9-11 40 25
Sowing Window 19-21 Sowing 50 WRSI

(dekad) Requirement (mm)




Chinandega Rice- initial revisions

Phase Phase Length Trigger (mm) Exit (mm)
(dekad)
1 1-2 45 30
2 3-5 145 75
3 6-8 95 60
4 9-11 35 25
Sowing Window 19-21 Sowing 22.5
(dekad) Requirement (mm)
Chinandega Rice- statistics for evaluating contract performance
Original Revised
Correlation 0.63 0.64
Payout rate 27.5 27.5
Payouts in worst 1/3 73 82
Pseudo price 55 4.6

Chinandega Rice- maximum payouts by phase

Phase Original Contract Revised contract
1 162.77 91.90
2 177.00 177.00
3 0 0
4 148.68 148.68




Chinandega Soy

The initially proposed contract for Chinandega Soy was unworkable, as it had payouts in
all years. Aside from the high payout rate, this contract performed well with a high
correlation of 0.88. A simple tuning of the contract by changing the trigger in the last
phase to 100 led to a less expensive contract with a high level of protection (correlation
of 0.87) and a reasonable payout rate (25%). Seventy percent of payouts were in the years
with the greatest simulated losses. Phase three had no payouts in either contract. A
sowing failure in 1997 caused the relatively high pseudo price for these contracts and also
contributes to the high correlations.

Chinandega Soy- originally proposed contract

Phase Phase Length Trigger (mm) Exit (mm)
(dekad)

1 1-2 45 25

2 3-5 64 20

3 6-8 45 30

4 9-11 200 30
Sowing Window 19-20 Sowing 50 WRSI

(dekad) Requirement

Chinandega Soy- initial revisions

Phase Phase Length Trigger (mm) Exit (mm)
(dekad)
1 1-2 45 25
2 3-5 64 20
3 6-8 45 30
4 9-11 100 30
Sowing Window 19-20 Sowing 18
(dekad) Requirement (mm)




Chinandega Soy- statistics for evaluating contract performance

Original Revised
Correlation 0.88 0.87
Payout rate 100 25
Pseudo price 8.0 7.0
Payouts in worst ¥4 25 70

Chinandega Soy-maximum payouts by phase

Phase Original Contract Revised contract
1 33.79 33.79
2 34.86 34.86
3 0 0
4 5.20 0.70
Sowing Window 114.54 114.54

Chinandega Sorghum

The Chinandega sorghum contract originally proposed had an unworkably high payout
rate, paying out in 80% of years. It also had a high pseudo price of 12.1%. By adjusting
the triggers of the contract to 50, 85, 85, 2 and the exits to 25, 20, 30, 0 we were able to
lower the payout rate to a reasonable level of 25%. This adjustment also lowered the
contract’s pseudo price considerably to 2.4%. The revised contract maintained a high
level of coverage with a correlation of 0.79 and 70% of payouts occurring in the years
with the greatest losses.

The last phase of this contract required a further design decision. In both the originally
proposed contract and our revised contract, there were no payouts in Phase 1 and 2. In
order to get the contract to perform acceptably, we set the trigger in Phase 4 to 2 mm.
Phase 4 spans four dekads, and the very low trigger of 2 mm could be difficult to
implement. Therefore, we recommended a reinvestigation of the crop calendar and phase
length and timing in order to structure a more robust contract.




Chinandega Sorghume-originally proposed contract

Phase Phase Length Trigger (mm) Exit (mm)
(dekad)
1 1-2 40 25
2 3-5 68 20
3 6-8 67 30
4 9-11 52 30
Sowing Window 24-26 Sowing 50 WRSI
(dekad) Requirement
Chinandega Sorghum- revised contract
Phase Phase Length Trigger (mm) Exit (mm)
(dekad)
1 1-2 50 25
2 3-5 85 20
3 6-8 85 30
4 9-11 2 0
Sowing Window 24-26 Sowing 21.5
(dekad) Requirement (mm)
Chinandega Sorghume- statistics for evaluating contract performance
Original Revised
Correlation 0.79 0.73
Payout rate 80 25
Pseudo price 12.1 2.4
Payouts in worst ¥4 31.3 70




Chinandega Sorghum- maximum payouts by phase

Phase Original Contract Revised contract
1 0 0
2
3 42.00 47
4 47.25 14.17

Managua Sorghum

The originally proposed Managua sorghum contract did not have good correlations
(0.35), but responded well to tuning. We tuned this contract to triggers of 25, 35, 85, 85,
resulting in a very cost effective contract (2%) with a good correlation (0.68), reasonable
payout rate (25.7%), and 78 percent of payouts occurring in years with the greatest
simulated losses.

Before revisions, the Managua sorghum contract had an unusually large payout in 2001.
Though this is not a valid sign of an increasing trend in payouts, the large payout did
have the potential to make project partners nervous. In the revised contract, the 2001
payout was of similar magnitude to the other payments. Phase 1 and 2 of the revised
contract had no payouts.

Managua Sorghum- originally proposed contract

Phase Phase Length Trigger (mm) Exit (mm)
(dekad)
1 1-2 40 25
2 3-5 68 20
3 6-8 67 30
4 9-11 52 30
Sowing Window 16-18 Sowing 50 WRSI
(dekad) Requirement (mm)




Managua Sorghum- revised contract

Phase Phase Length Trigger (mm) Exit (mm)
(dekad)

1 1-2 30 25

2 3-5 35 20

3 6-9 85 30

4 10-11 85 30

Sowing Window 16-18 Sowing 18

(dekad) Requirement (mm)
Managua Sorghume- statistics for evaluating contract performance
Original Revised

Correlation 0.35 0.68
Payout rate 28 25.7
Pseudo price 3.3 2.0
Payouts in worst ¥4 50 78

Managua Sorghum- maximum payouts by phase

Phase Original Contract Revised contract
1 100.8 0
2 18.44 0
3 15.20 25.69
4 37.59 43.38

Leon Sorghum

The proposed contract for Leon sorghum had a good correlation, but an unreasonably
high payout frequency (47.5%), a recent anomalously high payout in 2001, and a high
pseudo price of 9.7. After tuning the triggers to 25, 30, 30, 35 and exits to 20, 15, 25, 20
using the optimization software, the contract performed very well.
increased to 0.77, the payout rate became a workable 27.5%, and the pseudo price
decreased to 4.2%. Eight-two percent of the payments occurred in years with the worst
simulated losses. The payout in 2001 also became more moderate in the revised contract.

There were no payouts in Phase 3 for either contract.

The correlation



Though the revised contract performs well, in order to ensure that the contract adequately
addresses stakeholder needs, we recommended that particular attention be paid to the
contract’s performance because of its especially low triggers.

The precipitation data for the Leon station appeared to have some problems in the data
series prior to 1986. Identical rainfall values repeat for an extended period of time in
several of these years. Most of the repetitive values are very small, such as 0.946 mm,
which is the recorded rainfall amount for most days in November in years 1984, 1986,
and 1971, and 0.916 mm, which is the recorded rainfall amount for several extended
periods in December of 1984 and 1986. These values, as well as other small values,
appear in repetitive sequences in several additional years prior to 1986 as well. It is
possible that these flaws in the Leon station precipitation data are reflected in the
contracts for this station, but unlikely, since the magnitudes are so small.

Leon Sorghum- originally proposed contract

Phase Phase Length Trigger (mm) Exit (mm)
(dekad)

1 1-2 40 25

2 3-5 68 20

3 6-8 67 30

4 9-11 52 30
Sowing Window 16-18 Sowing 50 WRSI

(dekad) Requirement




Leon Sorghum- revised contract

Phase Phase Length Trigger (mm) Exit (mm)
(dekad)
1 1-2 25 20
2 3-5 30 15
3 6-8 30 25
4 9-11 25 20
Sowing Window 16-18 Sowing 16
(dekad) Requirement (mm)
Leon Sorghum- statistics for evaluating contract performance
Original Revised
Correlation 0.66 0.77
Payout rate 47.5 27.5
Payouts in worst ¥4 52.63 82
Pseudo price 9.7 4.2

Leon Sorghum- maximum payouts by phase

Phase Original Contract Revised contract
1 189 22.68
2 315 315
3 47.25 47.25
4 12.02 0

Second Round of Revisions

Though we received positive feedback from the initial revisions presented above, Seguros
LAFISE expressed strong interest in changing the models to cumulative payouts and
combining Phase 1 and 2 into a single phase. They provided us with seven standardized
drought contracts for our evaluation and improvement in a second round of revisions.
These contracts included modifications of the five contracts assessed in the first round of
revisions, as well as soy contracts for Managua and Leon. Each of the newly proposed
contracts was a 3 phase contract, with the dekadal cap raised to 70 mm (from the

originally proposed 60 mm). The contracts also experimented with eliminating the




sowing window and restricting sowing to particular dekads. In the contracts for sorghum
the growing season was also reduced to 10 dekads from the original 11 dekads. Seguros
LAFISE had found it necessary to use deductibles in the pricing of the new contracts.

In our assessment of the contracts, we found the simplification strategies of combining
phases 1 and 2 and restricting the sowing condition to perform well for most of the
contracts, with only minor sacrifices in coverage for the price improvements. After
running our optimization software for these contracts, we did not find worthwhile
improvements for most of the proposed contracts.

We did find issues with contracts for Chinandega Sorghum and Managua Soy during our
evaluation. Both contracts had weak correlations between payouts and simulated losses,
particularly considering their high prices. By simple adjustments to the triggers, we were
able to create robust contracts with reasonable prices for both of these contracts.

In the contracts proposed to us, additional deductibles were mentioned. Because we did
not have a formal mathematical description of these additional deductibles, we did not
include these in our analysis. During our evaluation and revision process we did not find
it necessary to use deductibles in any of our pricing. However, the pseudo-pricing we use
in our software only approximates one component of the final pricing, so the final price
would be expected to be higher. We found no reason in our analysis to add the
unnecessary complexity of deductibles. If a deductible does end up being necessary, its
calculation must be very specifically explained and presented as transparently as possible.

The contract parameters as presented to us by Seguros LAFISE for the second round of
revisions and the parameters for our revised contracts are presented in the tables that
follow. Here, each contract is discussed individually in more detail and key statistics for
contract evaluation are presented.

Chinandega Rice- second round of revisions

The Chinandega rice contracts proposed for a second round of revisions removed the
sowing window, providing two contracts, each with a forced timing of sowing. One
began in dekad 19 and the other in dekad 20. These contracts performed well, and the
optimization software did not find significant improvements. Therefore, we did not
suggest any changes to the Chinandega Rice contracts during the second round of
revisions.



Chinandega Rice- originally proposed contract (second round)

Phase Phase Length Trigger (mm) Exit (mm)
(dekad)
1 1-6 180 70
2 7-9 100 40
3 10-11 60 20
Sowing Window Forced sowing Sowing 0
(dekad) Dekad 19 or 20 Requirement (mm)

Chinandega Rice- statistics for evaluating contract performance (second round)

Sowing Dekad 19

Sowing Dekad 20

Correlation 0.42 0.41

Payout rate 10 0.1
Payouts in worst ¥4 75 75

Pseudo price 3.38 2.9

Chinandega Rice- maximum payout by phase

Phase Sowing Dekad 19 Sowing Dekad 20
1 261.65 127.1
2 0 0
3 814 95.83

Chinandega Sorghum- second round of revisions

The contracts for Chinandega Sorghum initially proposed in the second round of
revisions included a contract with a sowing condition, a contract beginning in dekad 20,
and another beginning in dekad 21. All three contracts used the same parameters, with

the exception of time of sowing.

When the contracts included the sowing window or forced sowing in dekad 21, they
However, when sowing was restricted to dekad 20, the contract’s

performed well.

correlation between payouts and losses was too low, dropping to 0.31.

We developed two options for revision, a more expensive and less expensive contract.
Both perform well and can be applied with the sowing condition, or when restricting




sowing to dekad 20 or dekad 21 individually. As this was the second round of tuning, we
tried to keep upper triggers as similar to the proposed contract as possible, and changing
the contracts’ triggers was the only adjustment we used to tune these contracts.

The more expensive option (referred to as Revised 1 in tables) sets triggers to 140, 88,
and 56. This results in good correlations for all three sowing options, reasonable payout
rates, and 67-100 percent of payouts occurring in the years with the greatest simulated
losses. This option has a pseudo price of 2.2% and 2.8% for sowing in dekads 20 and 21
respectively, but it is somewhat expensive when the sowing condition is used, having a
pseudo price of 4.4%. Thus, we recommended this option in the case that the sowing
condition is not used and contracts are sold specifically for sowing in dekads 20 and 21.

The less expensive option for Chinandega Sorghum (referenced in tables as Revised 2)
sets triggers to 125, 120, and 50. This contract provides less coverage but is also less
expensive. The previously problematic contract with sowing in dekad 20 has a good
correlation of 0.51 and a very inexpensive pseudo price of 1.3% using this option. The
less expensive revision also works well with the sowing condition and when sowing is
restricted to dekad 21.

Chinandega Sorghum- originally proposed contract (second round)

Phase Phase Length Trigger (mm) Exit (mm)
(dekad)
1 1-5 120 45
2 6-8 88 30
3 9-10 56 20
Sowing Window 19-21, or forced Sowing 22.5
(dekad) sowing Dekad 20/21 | Requirement (mm)




Chinandega Sorghum - Revised 1 (second round)

Phase Phase Length Trigger (mm) Exit (mm)
(dekad)
1 1-5 140 45
2 6-8 88 30
3 9-10 56 20
Sowing Window 19-21, or forced Sowing 22.5
(dekad) sowing Dekad 20/21 | Requirement (mm)
Chinandega Sorghum — Revised 2 (second round)
Phase Phase Length Trigger (mm) Exit (mm)
(dekad)
1 1-5 125 45
2 6-8 120 30
3 9-10 50 20
Sowing Window 19-21, or forced Sowing 22.5
(dekad) sowing Dekad 20/21 | Requirement (mm)

Chinandega Sorghum, original contracts - statistics for evaluating (second round)

Original Contract
Sowing Dekad 19-20 20 21
Correlation 0.59 0.31 494
Payout rate 7.5 7.5 5.7
Payouts in worst % 100 67 67
Pseudo price 2.9 0.9 2.0




Chinandega Sorghum, original contract - maximum payout

by phase (second

round)
Sowing Dekad 19-21 20 21
Phase 1 117.92 0 0
2 29.2 0 235
3 61.3 0 28.59

Chinandega Sorghum, revised contracts - Statistics for evaluating (second round)

Revised 1 Revised 2
Sowing Dekad 19-20 20 21 19-20 20 21
Correlation 0.71 0.55 0.54 0.63 0.51 0.52
Payout rate 10 7.5 10 10 10 10
Payouts in worst ¥4 100 67 75 100 75 75
Pseudo price 4.4 2.2 2.8 3.3 1.3 2.1
Chinandega Sorghum-Maximum Payout by phase for revised contracts
Revised 1 Revised 2
Sowing Dekad | 19-21 20 21 19-21 20 Sow 21
Phase 1 139.41 69.93 94.72 124.3 41.8 71.23
2 0 0 2.08 7.25 2.08
3 23.5 28.59 0 18.8 24.9

Chinandega Soy- second round of revisions

The proposed contracts for Chinandega Soy included a contract with a sowing condition
and two with restricted sowing in dekads 19 and 20 individually. All three contracts
performed well, and no significant changes were made by the optimization software.
Thus, we did not recommend any changes to the Chinandega soy contracts.




Chinandega Soy- originally proposed contract

Phase Phase Length Trigger (mm) Exit (mm)
(dekad)
1 1-5 135 45
2 6-8 80 30
3 9-11 68 20
Sowing Window 19-21, or forced Sowing 22.5
(dekad) sowing Dekad19/20 | Requirement (mm)

Chinandega Soy- statistics for evaluating contract performance.

Sowing Dekad 19-21 19 20
Correlation 0.46 0.55 0.44
Payout rate 13 13 7.5

Payouts in worst ¥4 100 100 66.7
Pseudo price 4.6 4.9 2.0

Chinandega Soy- Maximum payout by phase

Sowing Dekad 19-21 19 20
Phase 1 134.93 134.93 61.6

2 0 0 0
3 1.76 0 5.78

Managua sorghum- second round of revisions

The proposed contracts for Managua Sorghum included one contract with a sowing
condition and another with forced sowing in dekad 19. Both contracts performed well in
our analysis and no significant changes were made by the optimizer. We did not suggest
any revisions to the proposed Managua Sorghum contracts.




Managua sorghum- originally proposed contract

Phase Phase Length Trigger (mm) Exit (mm)
(dekad)
1 1-5 120 45
2 6-8 88 30
3 9-10 56 20
Sowing Window 19-21, or forced Sowing 22.2
(dekad) sowing Dekad 19 Requirement (mm)
Managua sorghum- statistics for evaluating contract performance
Sowing Dekad 19-21 19
Correlation 0.44 0.52
Payout rate 11 19
Payouts in worst ¥4 50 85.7
Pseudo price 1.5 1.9
Managua sorghum- Maximum payout by phase
Sowing Dekad 19-21 19
Phase 1 1.76 1.76
2 43.35 43.35
3 37.99 42.69




Managua Soy- second round of revisions

The Managua Soy contracts proposed in the second round of revisions included a
contract with a sowing condition and another with sowing restricted to dekad 20. The
contract with the sowing condition had a very weak correlation of 0.26, especially
considering the contract’s high pseudo-price of 4.8%. The correlation for restricted
sowing in dekad 20 had a reasonable correlation, but was expensive at 6.4%.

We tuned the contract by simply adjusting the triggers to 110, 95, 90. This modification
leads to an inexpensive contract (pseudo price of 1.0 and 2.2 percent for contracts with
sowing condition and restricted sowing, respectively) with good protection (correlations
of .48 and.51). We also investigated the possibility of increasing the trigger in the first
phase of the contract, so this option could be available if there was reason to offer more
coverage during this phase. We found that increasing this trigger as high as 120 works
well in terms of coverage, but may be too expensive when sowing is restricted to dekad
20. Further investigation for this contract could be carried out if there is reason to
explore this option.

Managua Soy- originally proposed contract

Phase Phase Length Trigger (mm) Exit (mm)
(dekad)
1 1-5 135 65
2 6-8 80 40
3 9-11 68 30
Sowing Window 19-21, or forced Sowing 19.5
(dekad) sowing Dekad 20 | Requirement (mm)
Managua Soy- revised contract
Phase Phase Length Trigger (mm) Exit (mm)
(dekad)
1 1-5 110 65
2 6-8 95 40
3 9-11 90 30
Sowing Window 19-21, or forced Sowing 19.5
(dekad) sowing Dekad 20 | Requirement (mm)




Managua Soy- statistics for evaluating contract performance

Original Revised
Sowing Dekad 19-21 20 19-21 20
Correlation 0.27 0.44 0.48 0.51
Payout rate 13.9 22.2 17 25
Payouts in worst ¥4 60 50 66.6 56
Pseudo price 4.8 6.4 1.0 2.2
Managua Soy- maximum payout by phase
Original Revised
Sowing Dekad 19-21 20 19-21 20
Phase 1 56.16 113.76 0 36.96
2 14 6.26 14 8.37
3 4.9 4.9 8.24 8.24

Leon Sorghum-second round of revisions

The proposed contracts for Leon Sorghum included contracts with a sowing condition
and with sowing restricted to dekad 20. Both contracts performed well and no significant

improvements were made using our optimization software.

Leon Sorghum- originally proposed contract

Phase Phase Length Trigger (mm) Exit (mm)
(dekad)
1 1-5 100 30
2 6-8 67 30
3 9-10 50 20
Sowing Window 20-26, or forced Sowing 23
(dekad) sowing Dekad 20 | Requirement (mm)




Leon Sorghum- statistics for evaluating contract performance

Sow Condition Sow Dekad 20
Correlation 0.62 0.68
Payout rate 20 17.5
Payouts in worst ¥4 50 100
Pseudo price 5.0 7.0

Leon Sorghum- maximum payout by phase

Sowing Dekad 20-26 20
Phase 1 32.18 176

2 69 42.87

3 69 27.37




Honduras Contracts

We evaluated and revised four standardized drought contracts for three Honduras
locations: Catacamas, Guayabillas, and La Conce. This includes two additional contracts
to the two contracts required by the project’s Terms of Reference. Contracts are for the
maize crop in Guayabillas, Catacamas, and La Conce, and for sorghum in Guayabillas.
They are all four phase contracts with a dynamic start date.

Majority of the Honduras contracts required modifications to the timing of the sowing
window, lengths and timing of phases, triggers, and sowing requirement. The provided
preliminary contracts gave us the prototypes necessary for us to reach strong contracts
through these revisions.

Below we present the parameters of the preliminary contracts, as well as those of our
revised contracts. We also discuss the revision process for each contract in greater detail
and present statistics useful to contract evaluation.

Guayabillas Sorghum

The originally proposed contract for Guayabillas Sorghum had very low coverage, with a
low correlation of 0.23 and a payout rate of 2.9. This contract was also very inexpensive,
having a pseudo price of 0.4%. Phase 2 was the only phase to have any payouts in this
contract.

We modified the initial contract by adjusting the sowing condition and the triggers.
Narrowing the sowing window by one dekad, the revised contract’s sowing window
spans from dekad 23 to 27. We lowered the sowing requirement to 22.5 mm, and tuned
triggers to 40, 66, 40, 33. Our revisions yielded a contract with much higher coverage
(correlation of 0.73) and 67 percent of payouts occurring in years with the greatest
simulated losses. The pseudo price of the revised contract increased to a reasonable
3.9%.



Guayabillas Sorghum- originally proposed contract

Phase Phase Length Trigger (mm) Exit (mm)
(dekad)
1 1-2 40 25
2 3-6 80 20
3 6-8 45 30
4 9-12 69 30
Sowing Window 22-27 Sowing 25
(dekad) Requirement (mm)
Guayabillas Sorghum- revised contract
Phase Phase Length Trigger (mm) Exit (mm)
(dekad)
1 1-2 40 25
2 3-6 66 20
3 7-8 40 30
4 9-12 33 25
Sowing Window 23-27 Sowing 22.5
(dekad) Requirement (mm)

Guayabillas Sorghum- statistics for evaluating contract performance

Original contract

Revised contract

Correlation 0.23 0.73

Payout rate 2.9 26
Payouts in worst ¥4 100 67

Pseudo price 0.4 3.9




Guayabillas Sorghum- Maximum payouts by phase

Phase Original Contract Revised contract
1 0 1344.16
2 362.94 564.36
3 0 658.90
4 0 658.90

Guayabillas Maize

The Guayabillas maize contract initially proposed was workable, with a reasonable
pseudo price (3.0%), correlation (0.47) and payout rate (15%). However, we were able to
make significant improvements upon the original contract, resulting in better coverage for
the same price. To improve upon this contract, we made adjustments to the timing of
phases and sowing window, and tuned the sowing requirement and triggers.

We shortened Phase 2 (originally dekads 3-6) of the initial contract by one dekad so that
it consists of only dekads 3-5, while we extended Phase 3 (originally dekads 7-8) by one
dekad to include dekads 6-8. We also shortened the sowing window by two dekads, so it
includes dekads 15-18. We increased the sowing requirement to 32.3 mm, and tuned
triggers to 45, 75, 100, 110.

These modifications led to a revised contract with greater coverage (correlation 0.8) for
the same price. Neither contract had payouts in Phase 2; the revised contract had no
payouts in Phase 1.

Guayabillas Maize- originally proposed contract

Phase Phase Length Trigger (mm) Exit (mm)
(dekad)
1 1-2 45 25
2 3-6 64 20
3 7-8 45 30
4 9-13 150 30
Sowing Window 15-22 Sowing 25
(dekad) Requirement (mm)




Guayabillas Maize- revised contract

Phase Phase Length Trigger (mm) Exit (mm)
(dekad)
1 1-2 45 25
2 3-5 75 20
3 6-8 100 30
4 9-12 120 30
Sowing Window 15-18 Sowing 32.3
(dekad) Requirement (mm)

Guayabillas Maize- statistics for evaluating contract performance

Original contract Revised contract
Correlation 0.47 0.68
Payout rate 15 18
Payouts in worst ¥4 80 67
Pseudo price 3.0 3.0

Guayabillas Maize- Maximum payouts by phase

Phase Original Contract Revised contract
1 66.6 0
2 0 0
3 40 61.34
4 20.65 5.80

Catacamas Maize

Though the originally proposed contract for Catacamas maize performed relatively well,
we were able to improve upon this contract to get increased coverage by modifying the
timing of phases and tuning triggers. We shorted phase 2 (originally dekads 3-6) by one
dekad, so it consists of dekads 3-5, and lengthened phase 3 (originally dekads 7-8) by one
dekad, to include dekads 6-8. Tuning the last two triggers, we revised triggers to 45, 64,

100, 110.




The revised contract has improved coverage (correlation 0.9) with 71 percent of payouts
occurring in the years with the greatest simulated losses. The revised contract has a
similar price (2.4%) to that of the initially proposed contract (2.0%). Neither contract
had payouts in Phase 1 or 2.

Catacamas Maize- originally proposed contract

Phase Phase Length Trigger (mm) Exit (mm)
(dekad)
1 1-2 45 25
2 3-6 64 20
3 7-9 45 30
4 9-12 150 30
Sowing Window 15-18 Sowing 31.9
(dekad) Requirement (mm)

Catacamas Maize- revised contract

Phase Phase Length Trigger (mm) Exit (mm)
(dekad)
1 1-2 45 25
2 3-5 64 20
3 6-8 100 30
4 9-12 110 30
Sowing Window 15-18 Sowing 31.9
(dekad) Requirement (mm)




Catacamas Maize- statistics for evaluating contract performance

Original contract Revised contract
Correlation 0.77 0.90
Payout rate 12 16
Payouts in worst ¥4 60 71
Pseudo price 2.0 2.4

Catacamas Maize- Maximum payouts by phase

Phase Original Contract Revised contract
1 0 0
2 0 0
3 40 51.13
4 23.85 17.29

La Conce Maize

The contract initially proposed for La Conce maize was unworkable because of its high
payout rate of 50 percent, and despite its good correlation, payouts for this contract were
not concentrated in the years with the greatest simulated losses. We modified the timing
of the contract’s phases and triggers to develop a revised contract with a more reasonable
payout rate. We shortened Phase 2 (originally dekads 3-6) by one dekad, making it span
from dekad 3 to 5. We also expanded Phase 3 (originally dekads 7-8) by one dekad to
include dekads 6-8. We adjusted the triggers of Phases 3 and 4 to 100 and 110,
respectively.

These revisions resulted in a contract with a slightly higher price of 4.1%, but a
reasonable payout rate of 17%. The revised contract also has good coverage, with a
correlation of 0.55 and 67% of payouts occurring in the years with the greatest simulated
losses. Neither contract had a payout in Phase 1 or 2.




La Conce Maize- originally proposed contract

Phase Phase Length Trigger (mm) Exit (mm)
(dekad)
1 1-2 45 25
2 3-6 64 20
3 7-8 45 30
4 9-12 150 30
Sowing Window 15-18 Sowing 33
(dekad) Requirement (mm)
La Conce Maize- revised contract
Phase Phase Length Trigger (mm) Exit (mm)
(dekad)
1 1-2 45 25
2 3-5 64 20
3 6-8 100 30
4 9-12 110 30
Sowing Window 15-18 Sowing 33
(dekad) Requirement (mm)

La Conce Maize- Statistics for evaluating contract performance

Original contract Revised contract
Correlation 0.79 0.55
Payout rate 50 17
Payouts in worst ¥4 33.33 67
Pseudo price 3.4 4.1




La Conce Maize- Maximum payout by phase **LaConce has short data series**

Phase Original Contract Revised contract
1 0 0
2
3 40 92.22
4 18.35 0

PORTFOLIO HEDGING, CONTRACTS, AND CENTRAL AMERICAN CLIMATE

Index contracts and reinsurance must be designed acknowledging regional and global
climate features, since large scale climate processes may have substantial impacts on
insurance products. These processes drive large year-to-year variations in rainfall and
may lead to negatively correlated seasonal rainfall between some regions and for this
section, we present a summary of the Central American climate, precipitation calendars
for selected contracts designed for various stations in Honduras and Nicaragua (see
appendix), and an overview of how these contracts are affected by the EI Nifio-Southern
Oscillation (ENSO). We begin with a brief technical overview of the major climate
processes relevant to Central America to provide project partners with a reference on
climate related issues that may arise during the index insurance project.

An overview of the climate of Central America

Central America is a complex region whose shape, orientation, topography, and
proximity to major ocean basins create a multitude of local climates within the region.
As a result, the seasonal cycle of rainfall in one location within Central America may be
different from the seasonal cycle of rainfall in another location just a few hundred
kilometers away. In addition, the many factors causing interannual variability in rainfall
(i.e., differences from year to year) may conspire to give a different net result for
different parts of Central America. Here we offer a generalized view of the climatology,
interannual variability, and climate change projections of rainfall in Central America, one
that attempts to describe similarities that can be interpreted given knowledge of the large-
scale climate patterns affecting the region.

a. The seasonal cycle of rainfall and the mid-summer minimum

The rainfall climatology of Central America is characterized by a rainy season lasting
from May through November, with a relative minimum in rainfall typically occurring in
July and August (see Figure 1). This reduction in rainfall in the midst of the rainy
season is known as the mid-summer drought, Veranillo or Canicula. During the rest of
the year (December through April), Central America remains cooler and drier (Portig




1965; Magana et al 1999). The mid-summer drought, is a feature unique to this region.
No other region in the same latitudinal band experiences this phenomenon (Magafia et al
1999; Curtis 2002). It is most pronounced on the Pacific coast of Central America.

Figure 1: monthly rainfall climatology at select locations in Honduras and Nicaragua — average daily
rainfall for each month is in mm/day.

The contrast across the Central American mountain range is perhaps the most pervasive
climatic feature in the region, and attests to the complexity of influences at play. To
name a few of the fundamental ingredients, the eastern Pacific Intertropical Convergence
Zone (EP-ITCZ)', the Northern Hemisphere summer monsoon and the north Atlantic
subtropical anticyclone (or high pressure center) all pull on the near-surface convergence
of moisture necessary for rainfall to occur. When the trade winds, blowing across Central
America from the Caribbean Sea to the Pacific Ocean, are strengthened, orographic

1 The intertropical convergence zone (ITCZ) is a belt of heavy precipitation that encircles the globe. The
ITCZ is generally located over the equator, but moves slightly northward or southward toward the
summertime hemisphere. The eastern Pacific intertropical convergence zone (EP-ITCZ) is simply the
name of the part of the ITCZ that is located over the eastern Pacific Ocean. The EP-ITCZ is notable
because it is one of the rainiest regions of the world (second only to the Indian Monsoon) and is centered
just offshore from Central America.



rainfall favors the windward (Caribbean) side, and subsidence/dry conditions dominate
the leeward (Pacific) side. Conversely, when they are weakened, the opposite situation
arises. On average, the northward migration of the EP-ITCZ weakens the trade winds on
the Pacific side, while the mid-summer strengthening of the north Atlantic subtropical
high strengthens them on the Caribbean side.

b. Factors that cause interannual variability in Central American rainfall

Given the unique shape and location of Central America (i.e., a narrow strip of land
surrounded by distinctly different ocean basins), a diverse set of physical processes
influences its year-to-year variations in rainfall. The mean annual rainfall averaged over
Central America is 1900 mm per year (Data: CRU/TS2P1, Period: 1971-2000). The
standard deviation of monthly rainfall anomalies (i.e., the departures from the
climatological “normal” for that time of year) is 22 mm per month for May-November.
The standard deviation of annual rainfall averaged over Central America is 171 mm per
year, which is equivalent to 9% of the average total annual rainfall (Data: CRU/TS2P1,
Period: 1971-2000).

Most of the physical processes acting to produce such deviations can be grouped as
originating either in the tropical Pacific or Atlantic basins. Among the most important
tropical climate phenomenon is the Pacific-based El Nifio-Southern Oscillation (ENSO).
ENSO is a phenomenon whereby the atmosphere and ocean in the tropical Pacific region
act in concert to alter the arrangement of warm and cold water, and rainy and dry regions.
El Nifio is the name of the ENSO event when ocean temperatures in the central and
eastern equatorial Pacific become abnormally warm, and La Nifia is the name of the
ENSO event when ocean temperatures in the equatorial Pacific become abnormally cold.
The center of action of ENSO is in the central and eastern equatorial Pacific Ocean, but
its effects are transmitted by the global atmosphere and are thus felt around the world,
including nearby Central America (Ropelewski and Halpert 1987, 1989; Kiladis and Diaz
1989). While ENSO can be thought of as a cycle, it is not perfectly regular; it has a
period ranging from 2 to 7 years, and its strength varies from one event to the next.
ENSO events tend to build up throughout one calendar year, peak in December or
January, and decay throughout the first half of the following year. Thus, a single ENSO
event has the potential to influence two rainy seasons in Central America (i.e. the rainy
seasons fore and after the December peak of the ENSO event).

Seminal research from the 1970’s (e.g., Hastenrath 1976), as well as more recent work
(Enfield and Alfaro 1999; Giannini et al. 2000; Taylor et al. 2002; Karnauskas et al.
2008a, 2008b) led to the following conclusions about the way in which ENSO events can
influence Central America’s rainy seasons. These can be summarized as follows:

e Ocean temperatures in the central and eastern equatorial Pacific Ocean influence
the north-south location of the EP-ITCZ, which is linked to extreme rainfall
events in Central America (Hastenrath 1976).



e EIl Nifio events are usually associated with an abnormally dry rainy season
preceding the peak of the event in Central America, and an abnormally wet rainy
season following the peak of the event (see Figure 2 here; Giannini et al. 2000;
Karnauskas et al. 2008a, 2008b),

e La Nifla events are usually associated with an abnormally wet rainy season
preceding the peak of the event in Central America, and an abnormally dry rainy
season following the peak of the event (Giannini et al. 2000; Karnauskas et al.
2008a, 2008b).

e The impact of ENSO is clearest when coupled to reinforcing changes in the
Atlantic (Enfield and Alfaro 1999; Giannini et al. 2001a, 2001b; Taylor et al.
2002). For example when a warm ENSO is simultaneous with a cold tropical
north Atlantic below average precipitation is likely to be more consistently
observed (e.g., note the contrast between the positive values in the central and
eastern equatorial Pacific and the negative values in the Caribbean basin, in
Figure 2, right panel).

Figure 2: the dominant pattern of rainfall variability in Central America for the August-September
season (1960-2002)%. On the left, green-blue colors indicate negative rainfall anomalies, which cover
the entire area of interest, and are correlated with the sea surface temperature on the right, a pattern
resembling ENSO in its warm (El Nifio) phase.
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The reason why Central America receives less rainfall in the rainy season preceding the
peak of an El Nifio event is fairly simple. In the tropical regions of the world, rainfall
tends to occur over warm ocean temperatures. EI Nifio events include a strong warming
of the ocean temperatures along the equator in the eastern equatorial Pacific- well south
of Central America. This warming is typically so strong that the EP-ITCZ (along with its
heavy rainfall), which would normally be situated within the latitude range of Central
America, is shifted southward and out of range of Central America. Near-surface
moisture convergence is enhanced towards these anomalously warm equatorial waters.

2 Monthly rainfall is from the TS2p1 dataset produced by the Climatic Research Unit of the University of
East Anglia (Mitchell and Jones 2005). Available at
http://iridl.Ideo.columbia.edu/SOURCES/.UEA/.CRU/.TS2p1/



Upstream from them, its pull is felt in the enhanced trade winds, which induce uplift and
orographic rainfall on the windward/Caribbean side of Central America, as described by
Waylen et al. (1996) for Costa Rica, and by Giannini et al. (2000) for the broader region.

Regarding the rainy season following ENSO events, the results of Enfield and Alfaro,
Giannini et al. and Karnauskas et al., both in terms of the end result and the physical
principle upon which their arguments are based, are consistent with one another, but from
different perspectives. Enfield and Mayer (1997) Chen et al (1997) and Giannini et al.
(2000) among others found that El Nifio can lead to a delayed warming of the tropical
North Atlantic Ocean and Caribbean Sea. Thus, after the El Nifio event has decayed, the
Caribbean Sea is still warm, which leads to increased rainfall over Central America and
throughout the Caribbean region (see Figure 3).

Figure 3: the dominant pattern of rainfall variability in Central America for the May-July season
(1960-2002). On the left, yellow-red colors indicate positive rainfall anomalies, which cover the entire
area of interest, and are correlated with the warm tropical north Atlantic sea surface temperature on
the right.
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Karnauskas et al. (2008a, 2008b) found that El Nifio also leads to a delayed warming of
the ocean region directly adjacent to the Pacific coast of Central America, known as the
east Pacific warm pool (EPWP). As the EI Nifio event decays, the EP-ITCZ migrates
northward (toward Central America), and is strengthened due to the abnormally warm
ocean temperatures underneath, which leads to increased rainfall over Central America.
What is clear is that the ENSO forecast, particularly for the second rainy season, is
crucially important if one needs a rainfall prediction for Central America for that season.
Predicting the decay phase of the life cycle of an ENSO event, however, remains a
challenge for the climate community. Karnauskas et al. (2008b) presented some results
indicating that rainfall in Central America may be predictable to some measure four
months in advance, using the current ENSO state rather than a predicted future state.

In addition to variability in the magnitude and duration of ENSO events, other factors
also need to be taken into account. Most notably, in the case of Atlantic/Caribbean SST
to predict springtime temperatures one also needs to follow the evolution of the
wintertime atmospheric circulation in the subtropics of the North Atlantic basin. A
stronger than normal North Atlantic subtropical anticyclone strengthens the trade winds,
inducing surface cooling by means of enhanced evaporation. While a warm ENSO tends



to project onto a weakening of the North Atlantic high, the two phenomena are largely
dynamically independent, hence both need to be monitored or predicted to predict
Atlantic SST and hence improve predictions of Central American rainfall.

c. Climate change and the future

Observed trends in temperature in this region are consistent with global trends; Aguilar et
al. (2005) and Peterson et al. (2002) note an increase in the percent of days recording
very warm maximum and minimum temperatures, and a decrease in the percent of days
recording very cold temperatures in Central America and the Caribbean islands
respectively. Trends in precipitation are more difficult to detect. The observational
studies just mentioned discuss a trend toward increased intensity in rainfall, but no clear
trend in the overall seasonal or annual totals.

In our own analysis, we find evidence for a significant trend in precipitation in both early
(May-July) and late (August-October) segments of the rainy season. The trend remains
when we average over the entire May-October season (Figure 4). It is a positive trend,
implying an increase in precipitation, along the Caribbean coast, a negative trend,
implying recent drying, along the Pacific coast of Central America.

Figure 4: the “trend” pattern in rainfall, and associated time series (1960-2002).
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A drying trend is the most conspicuous regional climate change signal projected by the
24 coupled ocean-atmosphere models that participated in the 3™ Coupled Model
Intercomparison Project (CMIP3®) (Christensen et al. 2007; Neelin et al. 2006). The
consensus is that Central America and the Caribbean basin will get substantially drier
throughout the 21% century. Vecchi and Soden (2007) show that the ascent (associated
with rainfall) in the EP-ITCZ is projected to weaken substantially in the 21% century.
Rauscher et al. (2008) show that the projected early onset and intensification of the mid-
summer drought is consistent with both an El Nifio-like warming of the central and
eastern equatorial Pacific, and with an intensification of the North Atlantic subtropical

® The coupled ocean-atmosphere models that participated in the third Coupled Model Intercomparison
Project, and were analyzed to characterize projections by the Integovernmental Panel on Climate Change
(IPCC) in the Fourth Assessment Report (IPCC AR4 2007).



high. Whether the partial discrepancy between recent observed trend and future simulated
trends is a consequence of the low spatial resolution of model simulations, which are
incapable of resolving the complex topography, remains to be seen.

The projection of drying is consistent with our physical understanding of global and
regional climate dynamics. However, the uncertainty in the future of the evolution of
ENSO, its amplitude and frequency, to name one fundamental unknown, and the
difficulty in reconciling recently observed with projected trends, due in part to the paucity
of long-term records of observations, require that interannual and longer-term variability
be monitored more closely before we jump to conclusions.

Central American Climate in the context of the contracts

Because the climate literature does not specifically address the contracts, it is worthwhile
to investigate if the patterns identified have relevance for the contracts. Table 1 and
Table 2 illustrate the relationship between ENSO phase and drought payout events that is
suggested by the climate analysis. In these tables, we have organized historical burn
payouts from Maize and Sorghum deficit contracts by the ENSO. Since this analysis is
focused on the link between ENSO and payouts as opposed to the implications of
forecasts on the insurance product, the ENSO state in October is used, as that is
approximately the time of year in which the signal is strongest.

For all of the Nicaragua Sorghum contracts, more than half of the payouts occur in El
Nifio years, with all of the Chinandega payouts occurring in El Nifio years. This is
consistent with the drying patterns in the more general climate analysis. For the
Catacamas and Olancho sites in Honduras, the bulk of payouts are also in EI Nino years.
Interestingly, the La Conce site payouts are neutral across ENSO phases. This is again
consistent with the climate science analysis, since La Conce is located at the between the
regions that typically respond to El Nifio with drier conditions and wetter conditions (see
Figure 1: monthly rainfall climatology at select locations in Honduras and Nicaragua —
average daily rainfall for each month is in mm/day.).



Crop Maize Sorghum

Station | Catacamas | Olancho coLna(I:e Managua | Leon | Chinandega | Guayabillas
Total

Q?mber 43 34 18 36 40 40 34
years

Al 9 18 17 11 23 10 26
Years

El

Niifio 7 12 6 6 13 10 15
years

La

Nifia 2 6 6 3 3 0 6
years

Neutral 0 0 6 3 8 0 6
years

Table 1. Payout frequency for Maize and Sorghum contracts in different ENSO states.

Crop Maize Sorghum

Station | Catacamas | Olancho coLna(I:e Managua | Leon | Chinandega | Guayabillas
Al 23.78 31.62 | 48.03 21.20 |61.73 75.21 702.02
years

El

Nifio 29.91 42.24 | 36.46 22.56 | 69.84 75.21 701.60
years

La

Nifa 5.37 10.37 | 99.94 1.70 55.50 0 1001.53
years

Neutral 0 0 77 | 38 |5029 0 403.58
years

Table 2. Average payout for Maize and Sorghum contracts in different ENSO states.

Thus, there is a certain amount of attenuation of the El Nifio impacts through the
inclusion of the La Conce station in the portfolio. However, because there are no sites
located in the western region for which EI Nifio leads to increased probabilities of
additional rainfall, the opportunities for geographical hedging are limited. Since the
western side of the region may not be well suited for the types of crops in the insurance
portfolio, there may not be substantial opportunities to strategically broaden the portfolio
through geographic diversification of the types of crops in the portfolio. A primary
source of introducing hedging and negative correlations in payouts may be through the
inclusion of excess rainfall contracts along with the drought contracts in the portfolio.

Additional climate impacts are suggested by further investigation of the historical burn
contract payouts. To help illustrate the relationship between the index contracts and the




regional climate, we have created precipitation calendars for five of the contracts we
designed: sorghum contracts in Managua and Chinandega, Nicaragua and maize contracts
in Catacamas, La Conce, and Guayabillas, Honduras. These calendars, displayed in
figures 5-9 in the appendix, present monthly average rainfall for each station alongside
the phases and sowing window for each contract, illustrating the timing of contracts that
would have had the sowing conditions met in the middle of their sowing windows. Table
3 summarizes this information.

Phase 1 Phase 2 Phase 3 Phase 4
Catacamas June 11-June July August September 1-
Maize 31 October 10
Guayabillas August 21- September 11- | October 21- November 11-
Maize September 10 October 20 November 10 December 20
La Conce June 1-June 20 | June 21-July 20 | July 21-August | Aug 21-
Maize 20 September 31
Managua July 11-August | September October 1-20 NA
Sorghum 31
Leon Sorghum | July 11- August | September October 1- NA

31 October 20
Chinandega July 1- August | August 21- September 21- | NA
Sorghum 20 September 20 October 10
Guayabillas August 11- September 1- October 11- November 1-
Sorghum August 31 October 10 October 31 December 10

Table 3. Phase Timing for Each Contract

Table 4 and Table 5 link the phases in contract calendars to payouts. Observing these
tables, one can see that payouts are concentrated in the July-August-September phases of
contracts for Catacamas, Maize, Managua Sorghum, and Leon Sorghum, and
Guayabillas sorghum. This represents the middle to end of the Catacamas, Managua, and
Leon contracts and the beginning of the Guayabillas contracts. In these contracts,
payouts are concentrated in the EI Nifio years. Thus, the tables are consistent with a
substantial part of the protection offered in the contracts being for the risk driven by the
midsummer drought, which is near the end of the growing season in some of the locations
and crops, and at the beginning of the season in others.




El Nifio La Nifa Neutral
Phase 1 2 3 4 1 2 3 4 1 2 3 4
Catacamas | 0 0 3 1 0 0 1 0 0 0 0 0
Maize
Guayabillas | 0 0 3 2 0 0 2 0 0 0 0 0
Maize
La Conce 0 0 1 0 0 0 1 0 0 0 1 0
Maize
Managua 1 1 0 NA |0 0 1 NA |0 0 1 NA
Sorghum
Leon 2 0 4 NA |0 0 1 NA |0 0 3 NA
Sorghum
Chinandega | 4 0 0 NA |0 0 0 NA |0 0 0 NA
Sorghum
Guayabillas | 0 1 3 2 1 0 3 0 0 0 3 1
Sorghum
Table 4. Number of Payouts for each phase in different ENSO states
Contract El Nifio La Nifa Neutral
Phase 1 2 3 4 1 2 |3 4 112 |3 4
Catacamas |0 0 31.1 |21 0 0 |54 |0 00 ]O0 0
Maize
Guayabillas | 0 0 404 |19 0 0 |104 |0 0|0 |O 0
maize
La Conce 0 0 336 |0 0 01922 |0 0|0 |71 |0
Maize
Managua 09 |21.68 |0 NA |0 0 |17 NAJO |0 |38.0 | NA
Sorghum
Leon 91 |0 496 |NA |0 0 [555 [NA|O |0 [50.3 | NA
Sorghum
Chinandega | 752 | 0 0 NA |0 010 NA|O (0 |O 0
Sorghum
Guayabillas | 0 112.9 | 333.4 [ 255.3 | 672.1 |0 |329.4 | 0 0 |0 |230.6]|173.0
Sorghum

Table 5: Payouts by ENSO state and contract phase

For completeness, Table 6 and Table 7 present the rainfall levels by contract and ENSO
phase, and Table 8 and Table 9 present the phase payout and rainfall information without
separating into ENSO Phases.




Contract El Nifio La Nifa Neutral

Phase 1 2 3 4 1 2 3 4 1 2 3 4
Catacamas

Maize 1109 1550 136.4 193 | 103.4 | 153.6 | 141.9 | 197.7 | 108.7 | 158.0 | 148.6 | 194.7
Guayabillas

maize 103.4 147.6 123.9 165.1| 79.6 | 139.5|127.9 | 184 ]102.7 | 138.2 | 146.5 | 181.5
La Conce

Maize 99.3 129.0 137.2 170.4| 93.4|126.2 | 118.3 | 166.5| 87.9 | 114.7 | 127.8 | 146.2
Managua NA NA NA
Sorghum 168.9 121.5 104.5 249.0 | 179.3 | 109.3 214.0 | 166.8 | 83.0

Leon NA NA NA
Sorghum 235.8 150.1 68.8 252.4 | 194.4 | 117.5 243.3 1819 | 83.9
Chinandega NA NA NA
Sorghum 197.4 176.9 121.0 277.8 | 209.1 | 134.1 272.4 | 201.7 | 128.0
Guayabillas

Sorghum 89.1 1598 735 89.7| 85.6|186.9| 795| 825]| 96.5|179.9| 68.9| 88.2
Table 6. Average Rainfall by Phase (mm) for each ENSO state (all years in historical record)

Contract El Nifio La Nifa Neutral

Phase 1 2 3 4 1 2 3 4 1 2 3 4
Catacamas = - = -
Maize 104.3| 160.1| 78.6 1524 936 | 111.3| 96.3 200

Guayabillas - - - -
maize 89.6 | 1426 | 823[1369] 98.8| 1409 | 929 | 190.3

La Conce

Maize 758 | 149.7| 76.8| 175.7 | 114.7 122 | 36.4 | 192.4| 83.1| 91.8]95.1 | 140.7
Managua NA NA
Sorghum 121.1| 102.0 | 122.5 2324 | 1124 | 547 NA | 201.7 | 167.8 | 26.9

Leon NA NA
Sorghum 249.4 | 106.7 | 29.3 297.8 | 134.1| 259 NA | 271.8 | 135.8 | 20.9
Chinandega NA |- - NA - - - NA
Sorghum 107.5| 181.1]119.1

Guayabillas

Sorghum 81.5| 1423| 452 | 64.0| 49.1| 1813 | 575| 58.2|97.05|136.4|58.7| 73.1

Table 7. Average Rainfall by Phase (mm) for each ENSO state (only those years with payouts)




Contract Phase 1 Phase 2 Phase 3 Phase 4
Catacamas 0 0 2.114 0.097
Maize

Guayabillas 0 0 5.455 0.607
maize

La Conce 0 0 8.006 0
Maize

Managua 0.049 1.204 1.102 NA
Sorghum

Leon Sorghum | 0.805 1.725 11.360 NA
Chinandega 5.122 0.052 0 NA
Sorghum

Guayabillas 39.534 16.599 81.975 47.722
Sorghum

Table 8. Average Payout by phase- all years

Contract Phase 1 Phase 2 Phase 3 Phase 4
Catacamas 107.395 155.295 142.347 194.900
Maize

Guayabillas 96.565 190.485 84.232 220.756
maize

La Conce 95.889 125.156 127.322 165.339
Maize

Managua 206.300 150.447 98.931 NA
Sorghum

Leon Sorghum | 246.028 173.146 90.083 NA
Chinandega 247.835 195.243 127.448 NA
Sorghum

Guayabillas 90.897 174.224 75.400 88.185
Sorghum

Table 9. Average Rain by phase- all years

Since there is some consensus in the climate community that a future drying trend is
likely for the contract region, and index insurance has the potential to be an important
climate change mitigation tool if it is designed to adapt with climate change, it is
worthwhile to understand the relationship between the climate science projections and
contract payouts. The following figure, adapted from the 2007 IPCC report shows the
global long term multi-modal mean trend of precipitation. Note that the contract area is
projected to become drier over the next hundred years.




Figure 5. Global IPCC multi model precipitation projections
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Figure SPM.7. Relative changes in precipitation (in percent) for the period 2090-2099, relative to 1980-1899. Values are multi-model
averages based on the SRES A1B scenario for December to February (left) and June to August (right). White areas are where less than
669 of the models agree in the sign of the change and stippled areas are where more than 90% of the models agree in the sign of the
change. {Figure 10.9}

To better understand the information behind this figure, we have generated Figure 6,
which plots the mean and spread of the individual climate models that compose the multi-
model average for August, a time in which many of the contract payouts occur. In
interpreting this figure, it can be seen that precipitation is projected to decrease by
approximately 25% over 100 years (or an average rate of change of 1/4% per year).
However, it is important to note that individual peaks and troughs in the time series are
arbitrary; the trend is not. It is also interesting to note that that the drying trend is not
evident until approximately 2025. It is worthwhile to highlight the uncertainty in the
models. The gray shading represents the inner tercile; in other words, 1/3 of the models
lie below the shaded range (become much drier). On the other hand, 1/3 of the models
fall above the shaded range, actually predicting a slightly wetter climate in the future.



Figure 6: IPCC climate change scenario calculated for contract region

Managua, Nicaragua in the IPCC A1B Scenario
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Year % This data point is 2090. If omit the nine subsequent data points
(2091-2099), the trend weakens slightly to -21% per 100 yr.

To further understand the potential impacts from trends, it is worthwhile to investigate a
particular example contract. For the sake of illustration, we focus on the fixed sowing
Catacamas Maize contract that we use as an example in the sections on rainfall
simulation. Figure 7 presents the historical burn payouts of this contract. There is
clearly no evidence of impacts from a drying trend in this payout series. Regressions
recover a nonsignificant decreasing trend in payouts, suggesting, if anything, a wettening
trend. The nonsignificant long term trend is miniscule compared to the year to year
variation, explaining only about 2 percent of the variability (R2).



Figure 7: Example Catacamas contract historical payouts
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Figure 8: depicts the historical phase three (August) rainfall for the Catacamas contract. Again,
there is no statistical evidence for a trend in this series. When a linear trend is forced to be fit on the
data, it is non-significant and explains at most 2% of the variability.
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As a diagnostic, we have applied a 1/4% reduction in the historical Catacamas dataset as
a rough proxy of what climate change processes may reflect in about 2025. This
reduction increases the number of payouts over the 45 years and would increase the
pseudo cost of the insurance from about 2% to about 2.5%. Of course, it is highly likely
that the increased information and modeling capacity in the next decade and a half will
lead to substantially changed trend estimates, so this is very much a thought experiment.

Because insurance prices and policies can be updated over time, it is an ideal tool to
represent the best consensus information on climate change in a form that provides an
unbiased incentive for changing activities to optimally respond to the risk, by providing
incentives in the long term to transition away from/in agricultural activities as the climate



makes these activities less/more worthwhile in different regions allowing increased
accumulation of wealth in the near term that could be used to finance successful
transitions.

From our investigation of the evidence for climate change, we do not see reason to adjust
the structure or prices of current contracts in response to climate change information,
since the model consensus and exploratory historical data analysis does not indicate the
beginning of a trend until approximately 2025. We highly recommend that the contracts
evolve continually and are updated to reflect any new information on climate trends so
that they are robust to any trends that may occur and can perform the most effective
adaptation role possible as time moves forward.

RAINFALL SIMULATORS

When pricing and design analysis is primarily based on historical burn analysis, products
and prices are sensitive to particular features of one or two historical events, making it
possible to overemphasize the importance of the specifics of these events. However, it is
important to remember that most rainfall simulators have limitations in what they can
accurately reflect, and unless utilized with caution, may lead to an inaccurate
understanding of the performance of a contract. To illustrate the potential benefits and
challenges in applying rainfall simulation, we have been working on a simple rainfall
simulator. This simulator represents many of the strategies utilized by industry standard
products. This model is a hierarchical Bayes model for daily rainfall. The key features
of the model are that

e it isopen source, relatively transparent and easy to understand,

e it can easily be used to simulate many years of additional rainfall after being fit to
the data, and

e the variability in simulations from the fitted model reflect the amount of data
(short vs. long historical time series) that was used in the fit.

It is this last feature of the model that we highlight in this segment of the report, by fitting
the model first to all 46 years of available data from Catacamas, and then, as an
illustration, to a subsample of 10 years of data from the same data set. Using less data
(only 10 years, in this example) results in higher variability in the parameter estimates
from the model, this in turn, results in higher variability in the simulated data from the
fitted model. This means the simulations include more very wet years, and more very dry
years, which, on average, make insurance more expensive. This analysis is intended to
extend and compliments the rough closed form approximation (Jewson 2004a, 2004b)
outlined in the World Bank CRMG 301 educational materials by explaining a more
precise (but more complex) approach that explicitly and directly includes contract
features. Of course, in product design, it is worthwhile to apply and understand the
results arising from multiple approaches. Further information on alternate rainfall
simulators and diagnostics to determine their strengths and weaknesses in analyzing



contracts can be found at
http://portal.iri.columbia.edu/portal/server.pt/gateway/PTARGS 0 2 2903 0 0 18/Rain
fall%20Modeling%20and%20Simulation.pdf.

The rest of this segment of the report is organized as follows: We discuss the data and the
model in the first section, the fit of the model in the second section, and the simulations
from the model in the third section. The last section contains a brief discussion and
conclusion.

The Data and the Model
The Data

The Catacamas data set contains 46 years of daily data, with very few days of missing
data (< 0.5 %). The mean annual rainfall is about 1350 mm, with a standard deviation of
about 200 mm. The season of heavy rainfall at Catacamas is roughly from May through
October.

Model Overview

The model we fit is based on a weather generator called WGEN (Richardson and Wright,
1984); specifically, it models the occurrence of rainfall on a given day by a first-order
Markov chain, and, on wet days, the amount of rainfall is modeled as a draw from a
gamma distribution. We will denote these two components of the model as the frequency
model (whether it rains or not) and the intensity model (the amount it rains on wet days).
Models like these, which fall under the larger category of generalized linear models
(GLMs), were also developed by Stern and Coe (1984), have been extended in many
ways since then, and are reviewed in Wilks and Wilby (1999).

To account for seasonality, we pool the days within each month of a given year and fit a
separate frequency and intensity model for each of the 12 months of that year. To account
for year-to-year variability, we can, for each month, (1) pool the data from separate years
and assume the same parameters govern the model each year, (2), estimate separate
parameters for each year, sharing no information between years, or (3) partially pool the
data from different years using a hierarchical Bayes model - a compromise of the first
two strategies in which the parameters for each year are different, but are drawn from a
common distribution (another level of the hierarchical model) that is specific to each
month. We find that the hierarchical Bayes model does a good job of representing the
interannual variability of rainfall, which is a common problem for rainfall generators.
Other ways of correctly capturing the interannual variability of rainfall are discussed in
Hansen and Mavromatis (2001).

More importantly, though, this model is simple to understand and analyze. If it produces
unusual results, one can just look more closely at the month during which those results
occur to see if the model needs to be modified. More elaborate models could incorporate
exogenous variables, like global weather patterns, into the model, or could model daily



rainfall as a periodic process using sine and cosine curves, but these models become
harder to interpret.

The Fit of the Model

We fit the model using a Metropolis-within-Gibbs MCMC algorithm. One of its
advantages is that once the model is fit and a posterior sample is drawn, simulating data
from the fitted model is a straight-forward procedure that is familiar to Bayesian
statisticians - it is equivalent to sampling from the posterior predictive distribution
(Gelman, et al. 2003). A disadvantage of the MCMC fitting procedure is that it requires
supervision to assess whether it has converged, and it takes substantial CPU time
compared to alternative procedures. Still, the computing time is only a few minutes for a
data set like the Catacamas time series.

We fit the model to two data sets, as was mentioned previously: (1) the full 46-year
Catacamas data set, and (2) a 10-year subsample of the Catacamas data set, which
includes the 10 most recent years for which there is no missing data. One of the basic
results of fitting the same model to different amounts of data is that the parameter
estimates for the model fit to less data (10 years) will have larger standard errors than
those for the model fit to more data (all 46 years). Figure illustrates this difference using
the estimated posterior distributions of the transition probabilities in the frequency model
for June 1996 as an illustration. The four plots correspond to the rows and columns of the
2 x 2 transition matrix, where for each plot, the red lines show the distribution of the
transition probability when fit to 46 years of data, and the black lines show these
distributions when the model is fit to 10 years of data. The red density estimates are more
highly peaked around their mean, and correspondingly have smaller standard errors than
the black density estimates, as they should, since they were estimated using more data.
This difference in the uncertainty in the parameter estimates will be accounted for when
we simulate rainfall from these two models in Section 3.

Figure 9 Plots of the estimated posterior distributions of the transition probabilities in the
2 X 2 transition matrix for June 1996. The red lines correspond to the estimates from the
model fit to all 46 years of data, and the black lines correspond to the estimates from the
model fit to the 10-year subsample of data. The model estimates fit to the shorter time
series have larger standard errors — this is why the black distributions are wider than the
red distributions.



Figure 9: Plots of the estimated posterior distributions of the transition probabilities in the 2x2
transition matrix for June 1996. The red lines correspond to the estimates from the model fit to all
46 years of data, and the black lines correspond to the estimates from the model fit to the 10-year sub
sample of data.
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The same phenomenon occurs when we estimate the parameters of the gamma
distributions that generate rainfall on wet days, as described by the rainfall intensity
model.

Simulations from the Model

When a model is fit using an MCMC algorithm, it is very convenient to simulate extra
data from the fitted model. The MCMC algorithm draws samples from the posterior
distribution of each parameter. To simulate data, we just simulate one copy of the data set
using each set of posterior draws. This way, the simulated data sets reflect the uncertainty
with which we estimated the parameters of the model. For example, if the posterior draws
of the parameters are nearly the same from iteration to iteration (i.e. small standard
errors), then the simulated data sets will be coming from nearly identical models, and
most of the variation in simulated data will be the product of noise built into the model.
If, on the other hand, the posterior draws of the parameters are highly variable, (i.e. large
standard errors), then the copies of simulated data sets will be coming from highly
variable models, and the variability in simulated data will be a result of both noise built



into the model as well as the “noisy” parameter estimates. This is appropriate, as
simulated data from any fitted model should reflect only as much precision as is provided
by the training data.

Figure 10 shows histograms of the annual rainfall sums and annual rainfall standard
deviations from the simulations from the models fit to the 46-year and 10-year data sets.
The red lines indicate the means and standard deviations measured from the observed
data. If the value of the observed statistic (the red line) is far away from most of the
simulated statistics, then the model being examined is not a good fit. In this case, the
model appears to be a reasonable fit for both the 46-year and the 10-year data sets. It is
also clear that the variability in the annual mean and sd is much larger in the simulations
from the model fit to the 10-year data set compared to the 46-year data set, as one would
expect. This type of analysis of a fitted model is called a posterior predictive check.

Figure 10 Histograms of Annual Rainfall
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We can also perform more detailed posterior predictive checks - in fact, we can compare
any observed statistic from the data to its posterior predictive distribution, as estimated



using the simulations from the fitted model. Figure 11, for example, contains posterior
predictive checks of the percentage of years in which the sowing dekad occurred in
dekads 15-18, which are the dekads that comprise the “sowing window” for the maize
contracts in Catacamas. For maize in Catacamas, the sowing dekad is defined as the first
dekad in which more than 32mm of rainfall occurs. In the 46 years of observed data, the
sowing dekad was Dekad 15 (May 21 — 31) 32 times, or about 70% of the time, and was
Dekad 16 (June 1-10) 10 times, about 22% of the time. Figure 12 shows these points as
red vertical lines. The figure also shows that in general, the model underestimated the
percentage of years that the sowing dekad was Dekad 15, and overestimated the
percentage of years that the sowing dekad was Dekad 16. This is the type of detailed
goodness-of-fit test that should be performed on any statistical model for rainfall that is
used to design an index insurance contract. To improve this model, one would investigate
more closely the parameter estimates of the model for May and June to see if something
can be changed that would more accurately model the onset of the maize season.

Figure 11 Histograms of the percentage of years (out of 46) in which the sowing condition was met in
Dekads 15-18 (labeled MAY3 — JUN3), with red vertical lines to indicate the percentages observed in
the 46-year data set. The model appears to underestimate the probability of meeting the sowing
condition in Dekad 15 and overestimate the probability of doing so in Dekad 16.
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The last question we’d like to answer is: How does the length of the historical data set
influence the price of insurance? To answer this question, we calculated the insurance
payout that would have occurred in each year of (1) the historical data, (2) the simulated
data from the model fit to all 46 years of data, and (3) the simulated data from the model
fit to the 10-year subsample of data.



First, we find that a payout would have occurred in 4 out of the 45 observed years of
historical data (where the payout in 1999 is unknown because missing data in June of that
year prevents us from knowing when the sowing dekad would have taken place). The
mean historical payout for these 45 years would have been 2.1 units of currency, and the
99™ percentile of payouts is estimated at 37.2 units, which yields a pseudo-price of

price = 2.1 + 0.06%(37.2 - 2.1) = 4.2

units of currency. When we perform the same calculations on all 500 x 45 years of
simulated data, we get an average payout of 0.8 units, and a 99" percentile of about 25
units, which results in a price of 2.5 units. This is lower than the price calculated from
historical data, indicating that, according to the model, the 45 observed years had more
dry years than were expected.

When we perform the same comparison on the 10-year subsample of data, we see first
that there was only a single year among those 10 in which there would have been a
payout — 2005 would have generated a payout of 23.3 units. So, the mean payout for this
10-year record is 2.3, and the 99™ percentile is estimated as 21.2, resulting in an
insurance price of 3.4 units of currency. From the simulated data trained on the 10-year
subsample, we estimate the mean payout, 99" percentile payout, and price to be 1.6, 38.2,
and 3.8, respectively. So, in this case, the estimated price of insurance is higher when it is
based on simulations from the model than when it is based on the historical record.

What we have here is an interesting paradox: when we price insurance based on historical
data, the price is higher when we use all 46 years of data than when we use the 10-year
subsample of data (4.2 units vs. 3.4 units), but when we price insurance based on
simulated data, the price is lower when we simulate from a model based on all 46 years
of data than when we simulate from a model fit to the 10-year subsample of data (2.5
units vs. 3.8 units).

To examine more closely why this paradox exists, we take a closer look at the third phase
of the growing season, because this is the phase durmg?1 which most payouts occur for this
particular contract. The third phase is defined as the 6™-8" dekads that follow the sowing
dekad, and the trigger and exit for this phase are 100 mm and 30 mm, respectively. That
is, there is no payout unless the sum of rainfall in the 3" phase is less than 100mm, and
the payout reaches its maximum when the sum of rainfall falls below 30mm. Figure 12
shows the estimates of the distribution of Phase 3 rainfall according to the 46-year and
10-year model simulations, along with the observed Phase 3 sums for all 46 years. The
density estimate from the 46-year model is colored red, and the density estimate from the
10-year model is colored black. The vertical tick marks along the x-axis are the observed
rainfall sums for Phase 3, where the black ticks indicate which years were included in the
subsample.



Figure 12 Density estimates of the sum of Phase 3 rainfall from the simulations based on 46 years of
data (red) and 10 years of data (black), with the observed values plotted as vertical tick marks on the
X-axis.
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It is now easier to see why the price of insurance is higher when based on the 46-year
historical record than when based on the 10-year historical record: the additional 36 years
include three very dry years, which drive up the price of insurance (note the 3 red tick
marks to the left of 2700mm). The 10-year model-based estimates, however, simulate
some very dry years, as well, simply because there is not enough data in the 10 year
subsample to rule out such dry years. (As expected, these simulations include some very
wet years as well). This is why the model-based density estimate of the Phase 3 sum from
the 10-year model has more mass below 100mm than the density estimate from the 46-
year model, as is illustrated by looking at the left tails of the black and red density
estimates in Figure 13. The loss of 36 years of data, and the resulting uncertainty in the
parameters of the model, drives the price of insurance up (from 2.5 units to 3.8 units)
when using simulated data, to almost the same degree that the inclusion of three very dry
years drove the price down (from 4.2 units to 2.5 units) when using historical data. Only
careful model-building and model-checking can reveal such a phenomenon.

More intuition on this counterintuitive result is gained by applying a suite of rainfall
simulators on two slightly different versions of the Catacamas contract. Because of the
challenges in simulating rainfall to correctly reflect the sowing condition, we begin by
applying a suite of simulators to a version of the Catacamas Maize contract for which the
sowing is fixed. In this contract Phase 3 lines up with the month of August. Note that
the different software handles missing years in different fashions, so that the number of
years utilized in their analyses varies slightly, even when we are not reducing the number
of years for illustrative reasons. As discussed above, statistically, it is often possible for a
rainfall generator to correctly yield different results then the historical data. Indeed, we



use rainfall simulators to provide results that are things that we would not see in the
historical data alone. It is therefore important to remember that our discussion of the
simulators below is merely a set of exploratory illustrative examples, not a set of
statistical conclusions.

In Table 10 we present the frequency of payouts and pseudo price for the contract using
historical data and a suite of rainfall simulators. In Table 11 we present the mean and
standard deviation of rainfall by phase as well as the mean payout by phase.



Catacamas Maize Contract

Forced Sowing: Dekad 17 (June 11)

Phase 1: June 11- June 30

Phase 2: July 1-July 31

Phase 3: August 1- August 31

Phase 4: September 1- October 10

(Phases are set to calendar presented above)

Data series Pay Rate (%) | Pseudo Price
(%0)

Historical 9.3 1.96

Homogenous 5.25 0.99

model trained on

46 years

Heterogeneous 24.65 3.73

model trained on
last 10 years

Historical last 10 14.29 0.50
years

Heterogeneous 11.58 1.93
model trained on

46 years

Weatherman 30 12.35 2.16
realizations, 47

years

WGEN 5.82 0.96
Unconstrained 6.32 1.00
DisAG

Constrained 8.23 2.80
DisAG with

rainfall amounts
(30 realizations, 47
years)

Constrained DisAG | 8.94 2.79
with rainfall
amounts (100
realizations, 46
years)

Conditioned 8.44 1.60
DisAG with
rainfall frequency
(100 realizations,
46 years)

Constrained DisAG | 8.33 2.78
with rainfall
amounts (average
of 4 sets)*

Table 10. Payout frequency and pseudo price for Catacamas maize contract, fixed sowing using
results from different rainfall simulators.



The first line of the table presents the results for the historical data. These are the
historical burn results that much of the contract analysis is based on.

Many rainfall simulation techniques assume all years are drawn from the same
distribution. Typically, these simulators do not adequately represent the inter-annual
variation. In order to illustrate the problems associated with these simulators, in the
second row of the table we present the results due to a purposefully simplified version of
the hierarchical Bayes rainfall simulator presented at the beginning of the rainfall
simulation section. In this version, all years are forced to be drawn from the same
distribution. It can be clearly seen that in this case, this simple simulation strategy
substantially under represents the variability of the rainfall, leading to mistakenly cheaper
contracts with lower payout frequencies. This can be seen in the table of payouts as well,
in which the standard deviation of rainfall is under represented in the simulation. As we
have seen in the climate section of this report, much of the variability that leads to
payouts may be driven by ENSO impacting the midsummer drought in the Catacamas
Maize contract. This illustrates one of the main critique of rainfall simulators that do not
allow for different years to have different probability distributions (or have other
strategies to address heterogeneity between years). This critique is that processes such as
ENSO lead to different types of years, a climate process that is not sufficiently captured
in a simple simulator.

Row three of the table illustrates how one might build the uncertainty due to short
historical data series into product pricing. We use the full version of the illustrative
Bayesian model that was presented at the beginning of the rainfall simulation section. In
row 5, we account for heterogeneous years in the simulation as well as the uncertainty
due to a short dataset. We apply the simulator to the most recent ten years and perform
pricing, and also perform a historical burn analysis in the subsequent row. One can see
that the results of the rainfall simulator increase the pseudo price and estimated payout
frequency to capture the uncertainty due to the short time series while the historical burn
on the last ten years of data under-represents the pseudo price that would be appropriate
if the complete 45 years of data had actually been known. The elimination of the
flexible sowing condition has provided us with a much cleaner example of how this
process works as compared with the illustration performed earlier. We will revisit the
issues associated with the flexible sowing contract later in this section.

For comparison, we include the results from the application of the Weatherman rainfall
simulator included in the DSSAT crop simulation package which represents one of the
industry standards for rainfall simulation in agricultural modeling (Wilks and Wilby,
1999; Jones et al., 2003). This model yields similar pricing to the 46 year Bayesian
model, and an increased pseudo-price compared to the historical payout, perhaps because
the Weatherman generator models rainfall amounts through a hyper-exponential “fat
tailed” distribution. However, the standard deviation of rainfall produced by this model is
lower in phase 3, which had most of the historical payouts and higher in the other phases,
leading to most of the payouts in the dataset simulated by Weatherman being in phases
one and four, with phase three not being the primary payouts source as seen in the
payouts using the full historical data or the 46 year Bayesian model.



Introduced earlier, the standard WGEN model is the seminal approach, a starting point
for most of the other simulators we present (Wilkes and Wilby, 1999). It simulates
rainfall occurrence using a first order markov chain and rainfall amount through a gamma
distribution. As the first generation simulator, it has well known limitations that the other
simulators we present have been designed to address. One key limitation of WGEN is
that, like many rainfall simulators, tends to under represent the variability due to the
differences between types of years, the inter-annual heterogeneity problem mentioned
earlier, and since it uses a first order markov process for modeling rainfall occurrence, it
tends to under-predict dry spell statistics. This limitation is highly visible in the tables,
with WGEN simulations leading to a much lower payout rate and pseudo price than the
historical data, with levels similar to the Bayesian model when years are forced to be
homogeneous. Interestingly, the WGEN model has payouts mostly in the same phases as
the historical model. It is important to note that many of the weather generators are
designed to account for seasonality by attempting to capture monthly rainfall statistics.
Therefore, one might expect contracts that have phases that are coincident with months to
be better simulated than contracts that cross months or the ones that make use of different
time increments.

The DisAG weather generator is able to be constrained or conditioned to reflect forecast
(or observed) monthly rainfall statistics (Hansen and Ines, 2005). There are three key
modes of operation for this simulator. The first is unconstrained operation in which the
model simulates rainfall without forcing monthly statistics to match. Results using
rainfall simulated in this mode show similar frequency, pseudo pricing, and phase
payouts as the WGEN model, having lower payout frequency and pseudo prices then the
historical data but similar phase timing of payouts. In the second mode of operation, the
DisAG model can be constrained to meet monthly rainfall amount statistics. In this
mode, the simulations lead to a conservatively high pseudo price and phase payouts that
are timed somewhat similarly to the historical statistics, perhaps with additional weight in
phase one of the contract. As a diagnostic to see how increasing the number of
simulations impacts performance, we increase the number of simulations from 30
realizations of 46 years to DisAG generator for 100. As one would expect, this leads to
very similar results. In the final mode, the DisAG model is conditioned on the rainfall
frequency, which leads to lower payout frequency and pseudo prices than the historical
burn. Finally, as a further diagnostic to check if the seeds for the random number
generator impact results, we run the DisAG simulator in constrained rainfall amount
mode four times and calculate the statistics for the combined sets of data which leads to
very similar results as running the simulator only once.



Data series

Rainfall standard dev

Mean Rainfall

Mean Payout

Phase

1

2

3

4

1

2

3

1 2

Historical

18.3

21.0

27.0

31.9

104.7

156.0

143.0

181.2

0 0

2.333

0.257

Homogenous
model trained
on 46 years

143

18.8

24.3

29.4

109.4

160.6

144.8

191.4

0 0

0.991

0.025

Heterogeneous
model trained
on last 10
years

20.3

22.5

31.6

39.8

100.0

155.1

130.0

167.7

5.117

0.811

Historical last
10 years

18.7

17.6

11.0

43.3

99.2

154.2

133.3

163.9

1.088

Heterogeneous
model trained
on 46 years

18.9

22.2

29.3

35.4

106.0

159.5

1441

84.7

0.265 | 0

2.092

0.160

Weatherman 30
realizations, 47
years

21.4

24.9

24.7

42.6

104.5

158.8

146.1

185.3

0.968

0.780

0.876

WGEN

13.5

17.0

24.3

30.5

111.4

163.6

144.2

195.6

0.050 | 0

0.899

0.038

Unconstrained
DisAG

17.2

19.2

24.7

31.1

106.6

161.3

145.5

191.0

0.093 |0

0.882

0.072

Constrained
DisAG with
rainfall amounts
(30 realizations,
47 years)

21.6

18.2

28.0

35.0

103.2

160.7

145.1

185.8

0.685 | 0.000

2.851

0.180

Constrained
DisAG with
rainfall amounts
(100
realizations, 46
years)

21.2

18.3

28.3

35.0

103.9

160.3

144.6

185.2

0.666 | 0

2.903

0.130

Conditioned
DisAG with
rainfall
frequency (100
realizations, 46
years)

17.7

20.4

26.1

34.5

106.8

160.6

145.8

188.8

0.272 | 0.009

1.339

0.201

Constrained
DisAG with
rainfall amounts
(average of 4
sets)**

21.2

18.0

28.1

35.2

104.1

160.8

145.1

185.4

0.572 | 0.000

2.863

0.159

Table 11. Standard deviation of rainfall, mean rainfall and mean payout by phase for Catacamas
Maize contract, fixed sowing.




We now return to the flexible sowing contract. Table 12 and Table 13 present the results
for the same datasets as presented in the fixed sowing contract above. In these tables, it
is clear that an accurate rainfall simulation is very challenging for a shifting sowing
contract, with none of the simulators or simulation strategies coming anywhere near
predicting the variability for phase 3 of the contract. When contract pseudo prices are as
high as those from historical data, these prices are due to substantial payouts in phases
that never paid in the historical dataset, inflated to an extent that overcomes the
underrepresentation of phase 3 in the simulations, which drove nearly all of the payouts
on the historical data. Looking at the pricing, although it is higher for some models, it is
not clear if that increase is due to the simulators accurately representing potential events
that did not actually occur in the historical data or simply misrepresentations of the
payouts by the simulators. The lack of robustness in pricing may cause a reinsurer to set
up additional financing or a much more conservative pricing policy in order to
responsibly be able to deliver contracted payouts, potentially leading to substantially
higher costs for the client. The challenge is even more severe for design. If the rainfall
data from these simulators had been used in the tuning process instead of historical
rainfall, the contacts may have been very weak in reflecting the actual climate threats that
producers face. It is therefore very important to perform a great deal of validation and
apply tools to cases in which they show themselves to perform well.



Catacamas Maize Contract

Sowing Window: May 21- June 30

Phase 1: June 11- June 30

Phase 2: July 1-July 31

Phase 3: August 1- August 31

Phase 4: September 1- October 10

(timing of phases is approximate, based on sowing in 2" dekad of June)

Data series Pay Rate (%) | Pseudo Price
(%)

Historical 9.3 15

Homogenous 3.0 0.55

model trained on

46 years

Heterogeneous 14 1.6

model trained on
last 10 years

Historical last 10 14.3 15
years

Heterogeneous 5 0.86
model trained on

46 years

Weatherman 30 7.7 1.3
realizations, 47

years

WGEN 1.4 0.14
Unconstrained 3.5 0.53
DisAG

Constrained 13.0 2.0
DisAG with

rainfall amounts
(30 realizations, 47
years)

Constrained DisAG | 4.8 0.92
with rainfall
amounts (100
realizations, 46
years)

Conditioned 4.2 0.78
DisAG with
rainfall frequency
(100 realizations,
46 years)

Constrained DisAG | 7.1 1.27
with rainfall
amounts (average
of 4 sets)*

Table 12. Payout frequency and pseudo price for Catacamas maize flexible sowing contract using
results from different rainfall simulators.



Data series

Rainfall standard dev

Mean Rainfall

Mean Payout

Phase

1

2

3

4

1

2

3

1 2

Historical

13.9

24.7

26.9

30.3

107.4

155.3

142.3

194.9

0 0

2.114

0.097

Homogenous
model trained
on 46 years

15.6

17.9

21.9

28.0

107.6

163.3

149.5

197.4

0 0

0.439

0.027

Heterogeneous
model trained
on last 10
years

17.2

22.8

26.7

37.8

101.5

152.4

141.4

171.9

1.515

0.563

Historical last
10 years

10.7

22.2

22.2

28.1

108.3

153.0

133.8

184.4

3.335

Heterogeneous
model trained
on 46 years

16.4

22.9

24.7

33.5

106.6

157.6

151.4

192.5

0.004 | 0.053

0.725

0.0844

Weatherman 30
realizations, 47
years

18.0

25.8

25.6

38.6

105.8

157.6

151.8

189.5

0.128 | 0.042

0.715

0.410

WGEN

15.1

16.9

20.5

28.6

107.4

165.2

155.0

196.7

00010

0.136

0.018

Unconstrained
DisAG

15.8

19.8

22.0

30.3

107.0

160.4

153.7

193.1

0.035 | 0.002

0.389

0.068

Constrained
DisAG with
rainfall amounts
(30 realizations,
47 years)

18.1

20.8

24.6

321

105.4

159.6

150.2

192.3

0.004 | O

1.650

0.733

Constrained
DisAG with
rainfall amounts
(100
realizations, 46
years)

17.0

21.1

24.0

32.4

106.2

159.5

150.9

191.6

0.023 |0

0.717

0.135

Conditioned
DisAG with
rainfall
frequency (100
realizations, 46
years)

14.8

20.6

235

31.8

108.4

160.8

151.7

193.1

0.003 | 3.6e-

0.607

0.087

Constrained
DisAG with
rainfall amounts
(average of 4
sets)**

17.4

20.8

23.8

324

106.0

160.1

151.8

191.4

0.033 |0

0.94

0.296

Table 13. Standard deviation of rainfall, mean rainfall and mean payout by phase for Catacamas
Maize contract, flexible sowing.




It is worth noting that the elimination of the flexible sowing condition does not
substantially change the coverage of the contract, with the payout years for the fixed and
flexible sowing condition being nearly identical. Only one year is different, and it is
likely that that could be changed by slight tuning of the phase timing. In fact, almost all
of the payouts of the shifting sowing 4 phase contract could have occurred through a
much simpler contract, one that is only phase 3 of the fixed sowing contract, which is
simply an index of the total of the August rainfall. Looking at the payout by phase tables
for many of the contracts, it is clear that there is a strong potential that simplified versions
of many of the other contracts could be similarly obtained.

It is important to understand that there is a cost associated with ensuring and, perhaps
more importantly, reinsuring each feature of the contract. Any feature that imposes a
substantial insurance cost but that does not provide substantial benefits to the end client
makes it more challenging to arrive at a workable product. This becomes particularly
important when there are features that make standard tools for assessing risk perform
badly. An example of this is if the sowing condition leads rainfall simulators to
systematically underrepresent risk, then a reinsurer may choose to be particularly
conservative in the pricing because the reinsurer cannot systematically assess the risk
they are taking. Thus, at least in the Catacamas Maize contract, features such as the
sowing condition, shifting sowing rules, or phases that could have payouts in theory but
that do not pay out in practice could be removed to provide an almost identical payout
stream for potentially a much lower price.

It may be that an additional stage of index design might be very valuable following the
development of a sophisticated contract. This additional stage would be to determine if
the bulk of the coverage of the contract could be duplicated in a simplified statistical
approximation of the contract. Although simpler in structure, these approximations may
be able provide the coverage of a more complex contract through a structure that is much
easier to test for robustness, price and validate using simulated rainfall, and be much
easier to explain to farmers, reinsurers, and regulators, so long as the sophistication and
subtly in its design is retained in the communication. By identifying and eliminating
features that may be expensive to reinsure but that do not contribute substantially to the
quality of the coverage, reinsurance negotiations may be simplified. This approach may
not be implementable in some situations given practical constraints, but approaches
mindful of arriving at simple and transparent contracts through sophisticated, and well
thought out design and tuning may reduce many price and reinsurance problems. If the
simple contract is communicated to explicitly not cover certain risks (such as rainfall
problems in months other than August) that can be explained to clients, who may in the
end choose precise and cost effective partial coverage rather than more expensive and
more comprehensive coverage that is unlikely to ever pay out.

CONCLUSIONS AND GENERAL RECOMENDATIONS

In this report, we have documented the development of eleven revised and improved
standardized drought contracts, including six contracts specified in the World Bank’s



Commodity Risk Management Group’s Terms of Reference for this project and four
additional contracts. Contracts were developed for three locations in Nicaragua
(Chinandega, Leon, and Managua) for rice, soy, and sorghum crops and three locations in
Honduras (La Conce, Catacamas, and Guayabillas/ Olancho) for sorghum, soy, and
maize crops. We based our revisions and improvements upon strong preliminary
contracts developed by insurance companies located in Honduras and Nicaragua.

The revised standardized drought contracts presented in this report appear to perform
very well based on our quantitative analysis. Of course, since our analysis is based
entirely on statistical analyses of crop models and rainfall patterns, it is important that
project partners further validate the contracts using additional sources of information be
incorporated in contract analysis, such as farmer interviews and historical yield data,
when available. These additional sources of information are necessary to identify
potential contract shortcomings, which quantitative analysis based on simulations may
overlook.

We recommend that our Central American design cooperators document the
methodology that they used to arrive at initial contract proposals, as those proposals
served as an excellent foundation to build upon. We are optimistic that the process used
to arrive at excess contracts for the initial contracts could be effective for the future if the
communications were formalized and a documentation process was established.

For future implementations, we support the rough consensus of the design and
implementation group that Rainfall Simulation based pricing be incorporated in the
design to supplement historical burn analysis to identify cost savings with fewer design
and official pricing iterations. However, care should be taken to validate any rainfall
simulator for the specific contracts it is applied to, as rainfall simulators have known
limitations. We have seen important limitations in a wide range of simulators in
adequately representing rainfall to correctly predict contract payouts for contracts with
certain features.

We would like to reiterate that the pseudo-prices used in our design process do not reflect
actual prices that might be expected for a retail contract, or from reinsurers. The pseudo-
prices are entirely to weigh tradeoffs in contract parameters. Since true final prices are
quantities negotiated between financial players, incorporating their private cost
information and risk perceptions.

Some subtle contract features can lead to a lack of robustness to sensitivity tests and
difficulty in analysis, and potentially could lead to increased reinsurance pricing without
substantially adding to the quality of the coverage. We have noticed that the bulk of the
protection of many of the contracts could be provided through much simpler indices that
are much more robust to sensitivity tests and perform much more predictably on rainfall
simulators. It may be that an additional stage of index design might be very valuable
following the development of a sophisticated contract when practically implementable.
This additional stage would be to determine if the bulk of the coverage of the contract
could be duplicated in a simplified statistical approximation of the contract. Although
simpler in structure, these approximations may be able provide the coverage of a more



complex contract through a structure that is much easier to test for robustness, price and
validate using simulated rainfall, and be much easier to explain to farmers, reinsurers, and
regulators, so long as the sophistication and subtly in its design is retained in the
communication. By identifying and eliminating features that may be expensive to
reinsure but that do not contribute substantially to the quality of the coverage, reinsurance
negotiations may be simplified.

As a possibility mentioned in the TORs, it is not possible to perform quantitative analysis
of the contracts for additional risks since there is not sufficient data for validation of
performance. The high quality of the standardized drought contracts proposed by project
partners illustrates their understanding of crop features as well as their ability to interact
and validate indices cooperatively with farmers. It is therefore likely that the contracts
for additional risks reflect the farmer’s risks well, although we cannot make any
statements based on quantitative analysis of the contracts. For the future, for
standardization of the process, it could be worthwhile to make a more systematic process
for quantitatively evaluating and tuning the contracts for additional risks based on farmer
interviews and agronomic knowledge. Specifically we recommend evaluating each risk
of the contract independently prior to bundling. We also recommend development of a
process for documentation of farmer and expert interviews that would provide
information on the risk, as well as a historical record of when each risk was an issue. Itis
likely that for standardized products, highly simplified indexes will be key. More
intimate inclusion of Reinsurers in the design process for standardized contracts, as well
as development of guidelines for features that may lead to additional expense could help
provide for fewer surprises in reinsurance pricing. We also recommend that the contracts
for additional risks be structured and designed so that they can be adjusted to meet price,
payout, and coverage constraints through systematic statistically-based tuning of a small
number of parameters. Finally, for future standardized contracts it is important that
indices be sufficiently simple and transparent for convenient analysis by farmers,
reinsurers, and regulators, and lend themselves to quantitative analysis.

There appears to be a strong link between ENSO and contract payouts so it is likely to be
worthwhile to account for this connection in the timing of contract finalization and
product design. However, since the types of crops that are covered in the contracts are
not well represented across the regions of Central America where there are strongly
negative correlations, there may be limited opportunities to strategically broaden the
portfolio through geographic diversification of the types of crops in the portfolio. A
primary source of introducing hedging and negative correlations in payouts may be
through the inclusion of excess rainfall contracts along with the drought contracts in the
portfolio.

Because insurance prices and policies can be updated over time, it is an ideal tool to
represent the best consensus information on climate change in a form that provides an
unbiased incentive for changing activities to optimally respond to the risk, by providing
incentives in the long term to transition away from/in agricultural activities as the climate
makes these activities less/more worthwhile in different regions allowing increased



accumulation of wealth in the near term that could be used to finance successful
transitions.

From our investigation of the evidence for climate change, we do not see reason to adjust
the structure or prices of current contracts in response to climate change information,
since the model consensus and exploratory historical data analysis does not indicate the
beginning of a trend until approximately 2025. We highly recommend that the contracts
evolve continually and are updated to reflect any new information on climate trends so
that they are robust to any trends that may occur and can perform the most effective
adaptation role possible as time moves forward.
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Appendix



Managua, Nicaragua Revised Sorghum Contract

Figure 13. Precipitation chart (monthly average in mm/day) for revised Managua maize contract.
See page 24 for contract details.
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Chinandega, Nicaragua Sorghum Contract Revised (2)

Figure 14. Precipitation chart (average monthly rainfall in mm/day) for Chinandega Sorghum
contract- second revision. See page 20 for contract details.
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Catacamas, Honduras Revised Maize Contract

Figure 15. Precipitation chart (average monthly rainfall in mm/day) for revised Catacamas maize

contract. See page 32 for contract details.
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La Conce, Honduras Maize Revised Contract

Figure 16. Precipitation chart (average monthly rainfall in mm/day) for revised La Conce maize
contract. See page 34 for contract details.
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Guayabillas, Honduras Maize Revised Contract
Figure 17. Precipitation chart (average monthly rainfall in mm/day) for revised Guayabillas maize

contract. See page 31 for contract details.
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