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Improving Rainfall Index Insurance: Evaluating Effects of Fine-Scale
Data and Interactive Tools in the PRF-RI Program

Ramaraja Ramanujan

(ABSTRACT)

Since its inception, the Pasture, Rangeland, and Forage Rainfall Index (PRF-RI) insurance
program has issued a total of $8.8 billion in payouts. Given the program’s significance, this
thesis investigates methodologies to help improve it. For the first part, we evaluated the
impact of finer-scale precipitation data on insurance payouts by comparing how the payout
distribution differs between the program’s current dataset and the finer-scale precipitation
dataset by creating a simulated scenario where all parameters are constant except the rainfall
index computed by the respective dataset. The analysis for Texas in 2021 revealed that
using the finer-scale dataset to compute the rainfall index would result in payouts worth
$27 million less than the current dataset. The second part of the research involved the
development of two interactive decision-support tools: the “Next-Gen PRF” web tool and the
“Aglnsurance LLM” chatbot. These tools were designed to help users understand complex
insurance parameters and make informed decisions regarding their insurance policies. User
studies for the “Next-Gen PRF” tool measured usability, comprehension decision-making
efficiency, and user experience, showing that it outperforms traditional methods by providing
insightful visualizations and detailed descriptions. The findings suggest that using fine-scale
precipitation data and advanced decision-support technologies can substantially benefit the
PRF-RI program by reducing spatial basis risk and promoting user education, thus leading

to higher user engagement and enrollment.
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Ramaraja Ramanujan

(GENERAL AUDIENCE ABSTRACT)

The Pasture, Rangeland, and Forage Rainfall Index (PRF-RI) program helps farmers manage
drought risk. Since it started, it has paid farmers about $8.8 billion. This study looks into
ways to improve the program. We first examined whether using rain data at a more finer
spatial resolution could affect how much money is paid out. In Texas in 2021, we found
that using this finer spatial resolution data could have reduced payouts by $27 million,
underscoring the importance of evaluating our proposed change. Additionally, we created
two new tools to help farmers understand and choose their insurance options more easily:
the “Next-Gen PRF” web tool and the “Aglnsurance LLM” chatbot. These tools seek to
provide clear visuals and explanations. User studies with these tools show they help users
learn more effectively and make more informed decisions compared to existing tools. Overall,
our research suggests that using finer spatial resolution precipitation data as well as these
interactive tools can enhance the insurance program, including by making it easier to engage
with, and enabling farmers to evaluate if and how this program can help them resolve their

weather risk management problems.
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LLM Large Language Model
PRF Pasture, Rangeland, and Forage

PRF-RI Pasture, Rangeland, and Forage - Rainfall Index

Pasture, Rangeland, and Forage (PRF) are land management systems used in agriculture
for grazing livestock and growing forage plants, where pastures are intensively managed
grasslands, rangelands are natural landscapes like grasslands (and deserts) used for extensive

grazing, and forage refers to the plants consumed by livestock.

The Pasture, Rangeland, and Forage - Rainfall Index (PRF-RI) program is a USDA insurance
plan that provides coverage to livestock producers for losses of forage due to insufficient

rainfall, using a rainfall index to measure precipitation levels against historical averages.

Large Language Models (LLMs) are advanced artificial intelligence systems designed to un-
derstand and generate human-like text by analyzing vast amounts of written language data.
These models can perform a variety of language-based tasks, including translation, summa-

rization, and conversation.

x1
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Pasture, rangeland, and forage areas constitute roughly 55% of the total land area in the
United States [34]. They provide a range of ecosystem services, including serving as a feed
supply for livestock. These lands predominantly rely on rainfall, making them susceptible to
productivity declines due to adverse weather conditions such as droughts. As of March 2024,
it is estimated that 19% of the contiguous U.S. is experiencing moderate to severe drought
conditions [13]. Such droughts not only diminish the land’s productivity but also affect the

livelihoods of those managing these areas.

To help protect livestock producers against such adverse weather conditions, in 2007, the
U.S. Department of Agriculture’s Risk Management Agency (RMA) launched a pilot rainfall
index-insurance program for pasture, rangeland, and forage areas in the continental U.S. that
indemnifies agricultural producers against the financial risks of anomalously low rainfall. The
pilot program ran from 2007 to 2011, and then later in 2016, it expanded as a permanent
fixture across the entirety of the continental U.S. Most agricultural insurance programs
provide payouts to producers based on their land’s productivity loss; however, the Pasture,
Rangeland, and Forage Rainfall Index (henceforth PRF-RI) program pays producers when
the observed rainfall (i.e., the index) in the covered region falls below a prior historical average
benchmark. The PRF-RI program is a single-peril index-based insurance, single-peril as it
provides protection only against low rainfall, and index-based as it provides payouts against

a rainfall index. Index insurance programs, such as the PRF-RI program, have increasingly
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become popular over the years compared to traditional insurance programs because they
offer the benefit of quick payouts based on an externally observable proxy of poor conditions
such as precipitation. The implementation of such programs is greatly simplified as payouts
are doled out based on whether the index is below a certain threshold, thus avoiding the
hassle of having the insurance agency send out their agents to visit the producer’s land to
survey damages and estimate premiums. The simplicity of the program’s implementation
makes it more accessible to a broader range of producers across the county. Also, it saves
costs for policymakers, which are then transferred as savings in insurance premiums to the

producer.

As seen in Figure A.1 (see Appendix), from its inception in 2007, through 2023, the PRF-RI
program has sold approximately 580,000 policies, with about 425,000 resulting in payouts—
indicating a payout rate of roughly 73%. The total premium collected by the program
amounts to $8.4 billion. Of this amount, $4.5 billion is subsidized by the USDA, leaving $3.9
billion paid by the producers themselves (refer Figure A.2 in Appendix). Figure A.2 (see
Appendix) shows that the program has ended up paying $8.8 billion as payouts since its start,
which results in an overall loss ratio of 1.05. Given the program’s apparent significance in
enrollment and its financials, there is a need for it to be examined and evaluated to determine

ways in which it can be improved.

This thesis adopts two primary approaches to evaluate and improve the PRF-RI program.
The first approach investigates how fine-scale precipitation data affects the program’s pay-
outs compared to the coarse-scale precipitation data it currently uses. A common challenge
associated with weather index insurance is the mismatch or divergence between the selected
index or parameter used to indemnify losses and the actual losses or damages experienced
by the insured. Whereas this mismatch, often known as basis risk, can arise from various

factors, this thesis focuses on one such contributing factor: spatial basis risk. In short, spa-



tial basis risk refers to how weather conditions vary across a given area, meaning a spatially
coarse dataset may fail to adequately capture conditions and experiences over a large space.
The hypothesis tested in this approach is that using fine-scale precipitation data leads to
lower and more accurate payouts. Thus, taxpayers save money that can be redirected to

other relief measures, and the program’s participants gain confidence.

The second approach focuses on improving the program’s understandability and accessibility
to a broader audience. As with any insurance program, it may be daunting for people from
diverse backgrounds across different places to sift through various documents, terminologies,
and jargon associated with the program. Lack of knowledge could lead to incorrect decisions
made while choosing the parameters for the program on enrollment, leading to low satisfac-
tion and, subsequently, low enrollment rates. Educating current and potential participants
of the program is, therefore, vital to its success. Current methods, predominantly webinars
and PDF handouts, may not sufficiently engage or inform potential participants. To address
this, the thesis proposes the development of an innovative, interactive, and easily usable tool
called the “Next-Gen PRF Tool.” It not only helps to educate the user about the insur-
ance program but also helps them navigate different parameter choices by providing visual
insights based on historical trends. It also offers customizable insurance scenarios that let
you adjust the parameters and explore different risk management strategies. The tool aims
to educate the program’s participants to help them make informed decisions. We hypothe-
size that the "Next-Gen PRF Tool” educates users, enabling them to make more informed
enrollment decisions. To test this, we conduct user studies with producers and insurance
extension agents, assessing their views on the tool’s usability, information comprehension,

and user experience through post-study interview questions, as described in Section 4.3.1.5.

In summary, this thesis aims to improve the PRF-RI insurance program through the following

contributions:
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. Conducts a comprehensive analysis of the impact of employing fine-scale precipitation
data within the PRF-RI program. This approach directly addresses spatial basis risk,
aiming to make insurance payouts more precise and equitable, thus potentially reducing

instances of overpayments (false positives) and underpayments (false negatives).

. Explores the extent of spatial basis risk by examining variations in precipitation data
across the areas covered by the program. This analysis highlights the discrepancies that
can arise from using coarse-scale data, further supporting the case for more localized

data usage.

. Provides an intuitive, usable, and interactive tool designed to aid producers in making
informed decisions regarding their insurance needs. This tool aims to demystify the

insurance enrollment process and enhance user engagement.

. Proposes the novel use of Large Language Models (LLMs) for educational purposes
within the insurance sector. It outlines potential strategies for leveraging advanced
AT technologies to improve the understanding and dissemination of complex insurance

information.

. Establishes a publicly accessible repository of PRF-RI program data, which serves as
a valuable resource for further research. This repository enables other researchers to
conduct detailed analyses, helping to foster a deeper collective understanding of the

program’s impacts and areas for improvement.



Looooot O

LODiot b ditbbuibod

Agricultural insurance serves as a critical risk management tool to mitigate the financial
impact of climatic unpredictability. Among various schemes, the Pasture, Rangeland, and
Forage Rainfall Index (PRF-RI) program stands out due to its unique approach to using
index-based insurance mechanisms. This chapter reviews the existing literature related to
the PRF-RI program, including the use of fine-scale precipitation data, program enrollment,

and the application of large language models (LLMs).

Qo0 bUboobr booot oot o oot Uit gobobod

Traditional crop insurance offers payouts based on individual losses that are assessed by
insurance companies. However, such insurance suffers from issues like: (1) the costs associ-
ated with assessing the damage in widely spread out fields which are mostly heterogeneous
in terms of crops grown and (2) information mismatch between the producers and the in-
surance company regarding the assessment [25]. As a result, index-based insurance started
becoming popular in the 1990s. Index-based insurance provides payouts based on an in-
dex, which is usually a weather index, vegetation index, or another form of indicator that’s
correlated with the producer’s yield. Index-based insurance has risen in popularity as it is
straightforward and simple to implement, has less chance for dispute between the producers

and the insurance provider as it’s based on absolute values of an index, and reduces costs as
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no loss assessments are required [7].

However, when the index doesn’t correlate well with the producer’s outcome, this results
in an uninsured risk, termed basis risk. Basis risk severely undermines the effectiveness of
the index-based insurance program as it reduces the confidence of the enrolled producers,
leading to low demand [10]. A study of the PRF-RI program’s rainfall index across three
university-managed ranches in Kansas and Nebraska showed that the overall basis risk was
about 26% [56]. Another study in California, conducted on about 63 million acres of land
for two chosen index intervals, shows that the basis risk probability for false negatives is 31%

to 46% for one interval (14%-25% for both intervals) [56].

The PRF-RI program uses the Climate Prediction Center’s Unified Gauge-Based Analysis
of Global Precipitation from the National Oceanic and Atmospheric Administration (NOAA
CPC) dataset to compute the index. The NOAA CPC dataset is a gridded precipitation
dataset where the precipitation data is recorded by weather stations and aggregated into
grids of spatial resolution 0.25 latitude by 0.25 longitude (Figure A.7 in the Appendix).
Given the vast area covered by each grid, there is a high chance the index computed from
the grid would not account for localized losses, which would lead to spatial basis risk. One
solution discussed in a report by a former program administrator concerns a contracted
report that suggests the possibility of using smaller grid sizes [55]. Since the program’s
inception in 2007, many advances in the field of geospatial engineering have given rise to

numerous finer-scale gridded precipitation datasets.

A recent report contracted by the Risk Management Agency (RMA) contrasts the NOAA
CPC dataset with various other precipitation datasets [11]. However, the comparisons were
simply based on the values across a particular region, and did not dive deeper into how
it would affect the program, for instance, the effect on payouts. Chapter 3 addresses the

question of how using a different dataset, specifically a finer-scale resolution precipitation
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dataset, could impact spatial basis risk and how it would influence payouts.

Ooi0 Oooboifboo o bt booodo »gotooog

Only 45% of continental U.S. pasture, rangeland, and forage areas were enrolled in the

program [43].

A study by Goodrich et al. [18], which surveyed producers in the Northeast and Southeast
U.S., showed that only 36% (58%) of producers in the Northeast (Southeast) are aware of
the program. The study shows that producers in the Northeast primarily relied on the news,
extension agents, and crop insurance agents to get information about insurance products.
Meanwhile, producers in the Southeast mainly get their information from extension and
crop insurance agents. The authors investigated why some producers, despite being aware
of the program, chose not to enroll. They discovered that the primary reason (31%) was
that producers considered the program irrelevant. Despite 31% of producers believing the
program wasn’t relevant to them, this belief is unfounded since only eligible producers were
included in the study. This suggests that those producers who thought the program was
irrelevant were misinformed, likely due to a lack of information or the program’s complexity.
Other reasons that interest us for not enrolling were the program’s complexity (13%) and
not having an extension or crop insurance agent (9%), both of which reinforce the notion

that lack of information about the program serves as a barrier for enrollment.

Chapter 4 proposes an approach where an interactive tool could help overcome the infor-
mation barrier issues highlighted above by breaking down the program into easily digestible

pieces that are accessible and easily comprehensible to the general public.
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Large Language Models (LLMs) have become a household name since the release of ChatGPT
[37] in 2022. LLMs have significantly advanced Natural Language Processing [57]. These
models generate human-like responses to questions and user prompts, thanks to their training

on massive amounts of textual data from numerous data sources scraped from the web [16].

The application of LLMs in various domains is still a growing topic. When considering LLMs
for use in a domain like insurance, it is important to consider whether they are technically
viable and whether the risks are understood. Balona’s paper is helpful as it provides a
framework for identifying direct applications of LLMs in insurance [4]. The framework
consists of two decision trees: 1) Technical assessment tree and 2) Risk assessment tree.
These help to assess whether the given task is technically appropriate for using an LLM and

if the broader risks are evaluated.

Chapter 4, Section 4.3.2, proposes an exploratory approach to how LLMs can be used as an

educational tool for insurance enrollees.
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One of the leading challenges in a weather-based index insurance program, like the PRF-RI
program, is basis risk, which is when the weather index used (e.g., rainfall level) does not
perfectly correlate with the actual losses experienced by the insured party. This scenario
results in the policyholder being worse off than without insurance—as the policyholder both
pays the premium to purchase insurance but does not receive the anticipated buffer against
downside conditions, which leaves them vulnerable to risks. Basis risk heavily undermines
the trust in insurance products, leading to reduced insurance enrollment. Further, producers
might “game” basis risk by manipulating activities or data to trigger payouts not due to

actual losses but because of discrepancies between the index and ground realities.

A significant contributing factor to basis risk is the spatial variability of the data used
to compute the index. This problem, known as spatial basis risk, occurs when the index is
calculated using data from a network of weather stations, which may not be precisely located
at the insured’s property but rather represent a larger region. Suppose the actual conditions
on the insured’s land differ from those recorded by the nearest weather stations (e.g., less
rain fell on the property than in the region generally). In that case, the farmer may suffer
a loss without receiving an insurance payout because the regional index did not trigger a

claim.

Recent innovations, data availability, and geospatial processing techniques have unlocked
the ability to resolve conditions at a finer scale, offering a potential opportunity to reduce
spatial basis risk. Within this context, this work examines the case of two different precipi-
tation measures—one at coarser resolution used by the current PRF program and another at
finer spatial resolution increasingly used by other relief programs throughout the world—to

quantify the magnitude of differences emerging from the use of newer, more finely resolved
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precipitation data. We represent such differences spatially as well as translate these differ-
ences into estimated dollar amounts corresponding to what would have happened if the finer
spatial resolution data were applied to observed enrollment in the state of Texas, selected
due to its status as the state with the largest number of enrollees and payouts since the

program’s launch.

In particular, this work examines three primary research questions:

1. How much variation exists in the current program?

2. How much would payout determinations differ with the more finely resolved precipi-

tation data?

3. How would the magnitude of payouts differ if more finely resolved precipitation data

was used to trigger payouts?

Ooi0 opoood

Figure 3.1 summarizes the methodology used to answer the research questions outlined in
Section 3.2. Subsequent sections break down the pieces and provide further explanations.
We compare how finer and coarser estimates of precipitation compare across space, and then
examine the differences in the determinations and the magnitude of payouts that would arise

using each resolution data across Texas in 2021.

00000 Doood dooo

Our study area focuses on the U.S. state of Texas. Texas possesses an economically significant

cattle industry that heavily depends on pasture, forage, and rangelands distributed across the
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Figure 3.1: Methodology for analyzing the impact of using NOAA CPC Vs. CHIRPS dataset
for the PRF-RI program.

state, with notable concentrations of beef cattle operations in the northwest and southeast

regions of the state [34]. The state is also of interest given its varying climatic regions.

The western third of the state near the Trans-Pecos region exhibits desert, semi-arid con-
ditions with less than 16 inches of annual rainfall on average. In contrast, the eastern
two thirds exhibit more temperate patterns consistent with Humid Subtropical or Oceanic
Koppen—Geiger classifications, with highly variable rainfall that typically totals at least 30
inches throughout the year [40]. Corresponding to the large size of the state, economic sig-
nificance of the livestock sector, and the wide climatic variation within the state, Texas was
the state with the single highest enrollment (36.8% share of overall enrollment, refer Fig-
ure A.3 in Appendix) and most substantial payouts ($2.43 billion) in the PRF-RI program
since its inception (Figure A.4 in Appendix). The state has also observed one of the highest

loss ratios across the country [11], implying a high magnitude of payouts relative to premia
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collected. In this analysis, we investigate and simulate payout determinations across all 254

Texas counties in 2021, i.e., the year with the most payouts since the program’s start.

Qoo Oooo

We primarily use three sources of data in our analyses.

Oooiood - Ooooofto 0oboloitooiot Oooooool godo ooo

The PRF-RI program uses the Climate Prediction Center’s Unified Gauge-Based Analysis
of Global Precipitation from the National Oceanic and Atmospheric Administration (2023)
to compute the rainfall index that determines whether payouts (indemnities) are due. The
gridded data has a spatial resolution of 0.25 latitude by 0.25 longitude (refer Figure 3.2).
The rainfall index is calculated as the amount of monthly cumulative rainfall observed within
that grid divided by the average of monthly cumulative rainfall since the year of first record
(1948) up until two years prior to the year of the policy purchase. This is per the protocol
outlined in the RMA handbook [50].

0ooiood - Oib0obooodo doobobodboodh boooobo

The Climate Hazards group InfraRed Precipitation with Station data (CHIRPS) is another
gridded precipitation dataset developed and maintained by The Climate Hazards Group at
the University of California, Santa Barbara [17]. CHIRPS spans the period 1981 to the
present. It combines satellite imagery and ground station observations to provide daily
rainfall and snowfall estimates across the globe with 0.05 degrees spatial resolution (refer
Figure 3.3). We extract CHIRPS data over the relevant time frame from the Google Earth

Engine Platform [22] and use the same methods to calculate variation in rainfall relative
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Figure 3.2: NOAA CPC Grid (ID 20599) over the Blacksburg-Christiansburg area in Mont-
gomery County.

to historical averages as the CPC protocol mentioned above, with the constraint of using a
later date for first records due to data availability. More specifically, to align the CHIRPS
data with the bi-monthly index intervals used by the insurance program, we calculate the
total cumulative precipitation for each of the 11 intervals for every year available within the

CHIRPS dataset. We then generate a comparable index using the following equation [50],

RI(x;i;t) = X—()i('(ti; t)2)

where

¢ RI is the rainfall index.

o X(i;t) is the cummulative rainfall in interval 1 and year t.

o X(i;t 2)is the mean rainfall in interval i from the first year available to 2 years prior
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to year t. First year available: 1948 (CPC), 1981 (CHIRPS).

Figure 3.3: CHIRPS Grids over the Blacksburg-Christiansburg area in Montgomery County.

Despite differing baselines, we argue this selection is still reasonable, given that insurance
companies typically require 20-30 years of historical data to price their products [5], which

this data product still provides.

0 I

We draw upon two USDA Risk Management Agency (RMA) datasets to generate our payout
comparisons. First, the USDA RMA Summary of Business data [43] provides information on
the number of policies sold, indemnities, premia, and subsidies on a per county basis, among
other characteristics relevant for evaluating the magnitude of premia and payouts for the
PRF-RI Program. We also extract parameters needed to calculate payout magnitudes—e.g.,
county productivity (base) values—from the Pasture, Rangeland, Forage Decision Support

Tool API [49]. We associate all of these data to vector files that outline the area of Texas
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counties, as extracted from [47].

00000 0000000000 DO0iooodl 00 0ooitibood boobooo

As indicated in Section 3.3.2, the PRF-RI program uses CPC gridded precipitation data
(0.25 x 0.25 ) to determine payouts, whereas we seek to compare estimates derived from
the more finely resolved CHIRPS dataset (0.05 x0.05 ). Using this more finely resolved data
offers the advantage of being able to examine how much variation exists within a given CPC
grid, which starts to address the concerns of spatial basis risk implied by [55], as discussed

in Chapter 2.

To characterize variation exhibited within each NOAA CPC grid used in the PRF-RI pro-
gram, we first partition each CPC grid into 25 smaller grids equivalent in size to each
constituent CHIRPS observation. For each of these 25 CHIRPS grids, we calculate the total
precipitation measured in each of the eleven index intervals for all the years from 2007 to
2021. We then evaluate all 25 CHIRPS grids contained within a given CPC grid, and cal-
culate the coefficient of variation (Cy) across them. The Cy is a descriptive statistic that
captures relative variability. It is calculated as the ratio of the standard deviation ( ) to the

mean ( ), i.e., Cy = -.

The Cy allows us to generate more relevant comparisons than, for example, other descrip-
tive statistics such as standard deviation. For example, while standard deviation would be
expected to indicate a higher standard deviation in places that experience higher expected cu-
mulative rainfall in the eastern portion of Texas (per Section 3.3.1), the mean-normalization
conducted through the Cy enables to evaluate relative variability. An emphasis on rela-
tive variability aligns well programmatically with the goals and payout construction of the

PRF-RI program that compares current values against local historical means.
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To evaluate the implications of using more finely resolved precipitation estimates, we first
examine how frequently the intra-grid variations we observe result in changes to payout de-
terminations. Calculating this value requires selecting coverage levels to use as the threshold
for triggering payouts. We thus start our analysis by using the most typical coverage level
of 0.9 and evaluate when a CHIRPS-based grid would trigger payouts at that coverage level,
compared against when the corresponding CPC-based grid would. For comparison, we then
use the lowest possible coverage level of 0.7, which reflects a concern about near catastrophic
losses, and quantify the degree of (dis)agreement between payout determinations across these

grids.

There are a total of 27,705 CHIRPS observations, given that typically twenty-five CHIRPS
observations fall within any given CPC grid except for CPC grids overlapping water bodies,

which have a smaller number of CHIRPS observations.

000D OooOCoopotb Ciooobootbor o Lobotd boibodooooobot 0o good
Hitooont [0 Dootod

We also estimate the magnitude of payouts derived from both precipitation datasets used to

trigger payouts. However, this process requires making a few assumptions for tractability.

First, in contrast to the evaluation from Section 3.3.4, our unit of analysis now shifts from
the grid level to the county level, as counties are the primitive unit used in the publicly
available USDA summary of business data that records prior payouts using the CPC grids.
Making this shift requires making an assumption about how many policies—and their asso-

ciated payouts—reported within each (irregularly shaped) county are associated with each
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uniformly spaced grid. To do this, we calculate how much of a county’s total area intersects
with a given grid, and we then weight the value observed in the given grid correspondingly.
For example, Rockwall County, Texas, spans two NOAA CPC grids that account for 8%
and 92% of the county area, respectively. Therefore, we weight the observations in the cor-
responding CPC grid with 0.08 and 0.92 to generate an overall Rockwall County estimate.
We calculate CHIRPS weights similarly.

Furthermore, although the USDA provides information about how many policies select a
given index interval and coverage (trigger) level in a given county-year, we do not know how
producers allocate their total desired protection across intervals (i.e., the ‘interval alloca-
tion’). We therefore extract the top two index intervals (by acreage) reported in the USDA
data for each grid-year and assign a 50% coverage weight to each of the two intervals. We
use the base land productivity value for the county (‘county base value’) and number of acres
insured as extracted from the USDA RMA API [49], and we assume that the productivity
factor, which represents the relative yield productivity of the insured’s acreage compared
to the county average, matches the county average reflected in that base value, i.e., equals
1). We also assume the producer share is 1, corresponding to full insurable interest in the
insured crop. Removing the productivity factor and producer share from the equation for
simplicity—since they are set to one—we can thus estimate the protection for each county

as:

Protection = County Base Value Coverage Level Acres Interval Allocation (3.1)

Obtaining county protection values (the insured coverage amount) allows us to then calculate
the magnitude of payouts by multiplying the protection values by the payment calculation
factor (PCF). The PCF, in a nutshell, represents the percentage of “loss” experienced in a

given grid-interval relative to the historical normal in that grid-interval and the threshold
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(coverage) values reflected in the “trigger”, i.e., (Trigger 00000)/Trigger. Fundamentally,
although all the other parameters influence the magnitude of the results we observe, to
emphasize the importance of spatial resolution, the only input that varies across our estimates

is the index value, calculated per the protocol in Section 3.3.2.

Oi0  Oo0ooo

Overall, our analyses reveal notable intra-grid variation that translates into both differences
in payout determinations and discrepancies on the order of tens of millions of dollars for the

year 2021 alone.

Qoo 00oo0dioolb Codlttieo

First, our analyses reveal considerable intra-grid variation of changing intensity across the
state and throughout the year. In particular, the coefficient of variation across Texas grids
ranges from 0% to 35% (Figure 3.4). The southeastern coast, where more annual rainfall
is expected, frequently exhibits some of the most pronounced intra-grid variation across
multiple index intervals. In addition, Western and Southern Texas also exhibit relatively high
amounts of intra-grid variation. The early months of the year, and in particular February -
April, display the most pronounced examples of high intra-grid variation. On average, the
Cyv across Texas during these months is 8%, reaching a maximum of 35%. In contrast,

May through July exhibit the lowest average intra-grid variation ( 8%, with a maximum of

28%).
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. BM- M/ T 2b2Mi iBQM Qp2"i?2 2tBbiBM; p BH #H2 iQQHb M/ *2b
0 ;AMbm™ M+2GGJO6-Bb +? iBMi2 7 +27 +BHBi i2/#v G ;2G M;m
QM /i #Qmii?2BMbm> M+2T'Q; KX 2 ;QBMiQ Km+? KQ 2 /2i BH
/IBb+mbbBM; Bib K2i?Q/QHQ;v M/ 2p Hm iBQM mbBM; mb2 bim/B2b.
rBHH HBKBi i?2 /IBb+mbbBQM b+QT2 iQ@3XMHvV Bib BKTH2K2Mi iBQM

AM bmKK “v- “2; “/BM; i?2 6L2ti@:2M6 S_6 iQQH- r2 #mBH/ M BMi?Z
2M? M+2 /2+BbBQM@K FBM; 7Q i?2S 6@ AT Q; KX g2 2p Hm i2
BK2/iQ p2 B7vi?2 7QHHQIrBM: ?2vTQi?2b2bX

RXb2'b 7BM/ i?2 iQQH 2 bB2  iQ mb2 M/ KQ 2 ++2bbB#H2- +QKT
"2bQm +2bX

kXh?2 iQQH T 2b2Mib +QKTH2t ;"B+mHim  HBMbm M+2/ i BM M
K MM2 - i?mb BKT QpBM; +QKT 2?2MbBQM Q7 +QKTH2t BMbm"
mb2'biQ K F2BM7Q K2/ /2+BbBQMb r?2M +?QQbBM; i?2 T ° K2i

iXIb2 b rBHH 2tT 2bb ?B;?2  H2p2H Q7 b iBb7 +iBQM rBi? i?2 72 |
M/ pBbm H T 2b2Mi iBQM Q7 i?2 M2r iQQH +QKT 2/ iQ T 2pBg
"2bQm +2bX
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9Xj J2i?Q/b

h?2 "2b2 "+? +QKT Bb2b irQ K BM T? b2b, i?2 /2p2HQTK2Mi Q7 i?2
Q7 i?2 7B bii?2°’Qm;? mb2  bim/B2bX h?Bb TT ' Q +? HHQrb7Q" +Q
i?72 mb #BHBiv Q7 i?2 7B biiQQH M/ Bib BKT +i QM /2+BBREQMNR@ K FE
i HFb #Qmi i?2 /2p2HQTK2Mi Q7 i?2 L2ti@:2M S_6 iQQH M/ Bib 2
bim/B2bX £2¢MBHOMD #Qmii?2 /2p2HQTK2Mi Q7 i?2 ;AMbm  M+2 GG

OXjXR L2ti@:2M S_6 hQQH

h?2 L2ti@:2M S_6iQQH Bb r2# TTHB+ iBQM BMi2M/2/iQ #2 “Q#m
[2bB;M2/ iQ 2/m+ i2 T°Q/m+2°b #Qmi i?2 S_6@_A T'Q;° K M/ ?2H
BM7Q K2/ /2+BbBQMbX Ai Bb HbQ Q7 b2 pB+2 iQ TQHB+v T QpB/
?22HT ; BM BMbB;?ib BMiQ i?2 T°Q;" Kéb T2 7Q K M+2 i +QmMiv
MmTQM 2tBbiBM; iQQHb #v BKT QpBM; i?2 /2bB;M iQ K F2 Bi KQ 2 1
pBbm HBx iBQMb rBi? M mM/2 bi M/ #H2 BMi2 7 +2X h?2iQQH HbQ
+ Qbb /B772 2Mi/ i b2ibiQ M Hvx2 M/ pBbm HBx2i'2M/b M/ + Bi

9XjXRXR _2[mB 2K2Mib

hQ 2772+iBp2Hv /2bB;M M/ /2p2HQT i?2 6L2ti@:2M S_6 hQQH-0 Bi
i?72 "2[mB 2K2Mib i?2r2# TTHB+ iBQM Kmbi K22iX h?2b2 "2[mB 2K2
b v bT2+ib Q7 7mM+iBQM HBiv- mb #BHBiv- T2'7Q 'K M+2- M/ bmT
2772+iBp2 M/ 277B+B2MiX

bb22M BM 6EAR?P27mM+iBQM H "2[mB 2K2Mib Q7 i?2 TTHB+ iBQM

R%?2mb2 Kmbi#2 #H2iQH2 "M #Qmii?2T Q;  K-bT2+B7B+ HH\
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Q72 +? T  K2i2 - M/i?2+ H+mH iBQMb i? i /2i2 "' KBM2 i?72 T 2k

kXn?2 mb2  Kmbi#2 #H2iQHQ+ i2i?2;:'B/UbV7Q i?2 +°2 :2Q7 B\
i?2 T°Q;" K-i?2T'Q/m+2> Kmbi B/2MiB7v TQBMi Q7 272 2M+2
."B/A.- b HHBMbm > M+2 Qmi+QK2b "2 bb2bb2/ ii?2; B/ H2p2
HbQ #2 #2M27B+B H 7Q  BMbm  M+2 T°QpB/2'b r?Q r MiiQ M
"B/b rQmH/ #2 T°Q/m+iBp2 BM i?2 b2Mb2 Q7 vB2H/BM; BM/2KME

jX6Q i?2 +?2Qb2M :"B/UbV M/ +QmMiv- i?2 mb2  Kmbi #2 #H2 iQ ;
BM7 HH M/ 2M QHHK2Mi/ i i?°Qm:? pBbm HBx iBQMbX

9% BM HHv- i?2 mb2> Kmbi #2 #H2 iQ 2tT2 'BK2Mi rBi? p "BQmb
b+2M "BQb i? i H2i i?2K /Dmbi i?2 T ° K2i2'b M/ 2tTHQ 2 /B77:
bi> i2;B2bX h'vBM; Qmi /B772 2Mi 6r? i@B76 bBKmH iBQMb 2M
+Qp2° :2QTiBQMb +QmH/ BKT +ii?2B  BM/2KMBiv- 2Mbm BM; i?
i BHQ 2/iQ i?2B QT2 iBQMbX

9XjXRXk avbi2K "+?Bi2+im 2

6B:m9Xk?Qrb i?2 70m" K BM +QKTQM2Mib +QKT BbBM: i?2 bvbi2K
i?2v BMi2  +iX

RXti2M H . i aQm, k28 TTHB+ iBQM mb2b irQ 2ti2 M H/ i bQm’
bQm +2 Bb PT2M48)22QIrTR+? i?2 7°QMi@2M/ b2M/b “2[m2bib iQ
QHQ+ iBQM +QQ /BM i2br?2M2p2° mb2 TH +2b K "F2  BM i?2
b2+QM/ bQm +2 Bb i?2 |8j OM-#b7E 22 +QMi BMb BM7Q K iBQM ¢

BM7 HH BM/2t2b M/ 2M QHHK2Mi / i X
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6B;m 2 9XR, Ib2@+ b2 /B ;°

K7Q i?2 L2ti@:2M S_6 iQQt
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6B;m 2 9Xk, avbi2K "+?Bi2+im 2 .B ;" K7Q i?2L2ti@:2M S_

kX6 " QMi@,2M72 +QKTQM2Mi H #2H2/ 6L2ti :2M S_6 hQQHO® Bb i?2 T
2M/ rBi? r?2B+? i?2 mb2 BMi2 +ibX

U W?2 7 QMi@2M/r b #mBHijk)bBMBiR+QXDON2Mi@# b2/ “+?E
K F2b K BMi BM #BHBiv M/ 2mb #BHBiv 2 bvX HbQ- 2 +i6
j) bB:MB7B+ MiHV #QQbibi?2 TTHB+ iBQM6b T2 7Q K M+2
M/ 2bTQMbBp2 mb2" 2tT2 B2M+2X

U#Y i2 B HjIR( b mb2/7Q  i?2 bivH2 M//2bB;MH M;m ;2 b Bi H
i2Mi /2bB:M T'BM+BTH2b M/ mb2 BMi2 7 +2 UIAV +QKTQM2]
Ji2 B H.2bB;M ; nkBR2HBIMREBM; 7 KBHB ° M/ BMimBiBp2 mt
h?2 #mBHIi@BM "2bTQMbBp2M2bb Q7 J i2'B H@IA +QKTQM?2
FQ ' F-2Mbm 2b i? ii?2 TTHB+ iBQM Bb ++2bbB#H2 M/ pBbr

M;2 Q7 /2pB+2b- 7 QK /2bFiQTb iQ KQ#BH2 T?QM2bX G biH
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iQ KQ/B7v 2tBbiBM:; J i2'B H@IA +QKTQM2Mib iQ 7Bii?2 bT2
iIQQH- HHQrBM; 7Q° mMB[m2 v2i +Q?2bBp2 pBbm H bivH2X
U+N?2 6: B/ GQ+ iQ 6 i #r b #mBHIiI mliBM;BG2 THHRRQXDb?(2 BMi:
;7 iIBQM Q7 BMi2® +iBp2 K Tbh- r?B+? Bb + BiB+ H7Q pBbm
Hi2/iQi?2S_6@_AT Q; KX G2 7H2ir bT 272 "2/ Qp2 Qi~?
b :QQ;H2 Jk)bQ(C J T"QY¥)¢ b Bi Bb QT2M@bQm +2 M/ HB;?ir
HB;?ir2B;?2i M im 2 2Mbm ' 2b i? i Bi T2 7Q Kb 277B+B2MiHvVv
#BH2 TH i7Q Kb- 2Mbm BM; mb2'b ? p2 bKQQi? M/ +QMbBb
JQ 2Qp2 - G2 7TH2i? b "Q#mbi 2+Qbvbi2K Q7 THmM;BMb- K
TQr2 ' 7mH 72 im 2b b "2[mB 2/ #v i?2 mb2'b Q° b M2r M22/
THmM;BM i? iob mb2/BMi?2 TTHB+ iBQM Bb i?2b2 "+?2 7mM+

U/\W?2 iQQHGb pBbm HBXx iBQMb RI¥mMPBHDmBEBM2MX¥D2E b2 E
HHQrb 7Q  +°2 iBM; #2bTQF2 pBbm HBx iBQMb i BHQ 2/iQ i
?B;?Hv +mbiQKBxXx #H2 M im 2 HHQrb 7Q  i?2 + 2 iBQM Q7 ;
pBbm HBx iBQMb i? i + M #2 KQ/B7B2//QrMiQ i?2 KQbi KBM

iX" +F@2MV?2 TTHB+ iBQMob # +F@2M/- r?B+? ++2Tibi?2 2[m?2
M/ T Q+2bb2bi?2 "2bTQMb2- BUB#MBSVIMRQPBNK; B8HIi DEMOb 2 b2 Q
"2 | #BHBiv- +QHH2+iBQM Q7 HB#  'B2b M/ 7 K2rQ Fb- M/ +Ql
B/2 H+?QB+2X 6H bFr b b2H2+i2/ #2+ mb2 Biob HB;?ir2B;?ir
i? iBb2 bviQmb2 M//2bB;M2/iQK F2 r2# TTHB+ iBQMbBKTH
# +tF@2M/ 2bTQMbB#BHBIiv Bb iQ b+ T2 /i 7 QK i?2 la. r2#bek
/i # b2X h?2 # +F@2M/ Bb /2THQvV2/ BN-T @Qam+URBIQM a2bBM ; (
:12r v AMi2°7 +2V b2 ' p2 X

9X i # b2 h?2 /i BbbiQ 2/ BM SQbi;kPazid 0T P2@0OQm +2 "2H i
/i # b2 bvbi2K FMQrM 7Q" Bib b+ H #BHBiv M/ "2HB #BHBivX
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bvbizKU:AaV + T #BHBiB2b "2 "2[mB 2/BMi?27mim 2-r2 +QmH
(N-r?B+?2rQmH/ bBKTHB7v K M ;BM; HQ+ iBQM /i M/ T2 7Q K

IXjXRX] a+?2K .2bB:M

h?2 /i b+ T2/ Q /QrMHQ /2/7 QK i?2la. r2#bBi2 Bb biQ 2/ BM i?2
7i2° bQK2 T 2T Q+2bbBM:- bm+? b MQ 'K HBxBM; 7B2H/ p Hm2b-
6B;mIRY h?2 i #H2b M/ i?2B" "2H iBQMb?BTb + M #2 bmKK "Bx2/ b~

RXi i2 aiQ 2bM K2 M/62/2° HAM7Q K iBQM S Q+2bbBM; avbi2K
iBOB (#Qmi i?2 bi i2b T "iB+BT iBM; BMi?2S 6@ AT Q: Kc BI
#2i?2 93 bi i2bi? i "2 T iQ7i?2 +QMiB;mQmb IXaX

KX*QmM,jwaiQ 2b i?2 M K2 M/ 6ASa +Q/2 BM7Q K iBQM #Qmii?2b

iX*QmMiv" b2.,ih?Bb i #H2 biQ 2b BM7Q K iBQM #Qmi 2 +? bi i2 -
+QmMiv# b2 p Hm2bX Ai? b QM2@iQ@K Mv "2H iBQMDb?BT rBi

9% Qp2 :2. i aiQ 2b BM7Q K iBQM #Qmi i?2 T°2KBmK * i2b M/ b
2 +?2 "B/ A. + Qbb +Qp2° :2 H2p2Hb M/ BMi2 p HbX Ai? b QI
rBi? i?2 *QmMiv i #H2X

8X BM7 HH,.H?Bbi #H2 +QMi BMb > BM7 HHBM7Q K iBQM bm+?
iQi H M/ ?BbiQ B+ H p2 ;2  BM7 HH/2i BHb7Q 2 +? "B/ A. -
Ai?b QOM2@iQ@K Mv '2H iBQMb?BT rBi? i?2 *QmMiv i #H2X

eXmbBM2bb,. i?Bb i #H2 +QMbBbib Q7 #mbBM2bb BM7Q K iBQM i
H2p2HiQi H +'2 ;2BMbm 2/- HB #BHBiv KQmMi- T'2KBmK KQn
bQQMX Ai? b QM2@iQ@K Mv "2H iBQMb?BT rBi? i?2 *QmMiv i
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dXSQHB+V, h?Bbi #H2 +QMi BMb +QmMiv@H2p2HBM7Q K iBQM #
bQH/ M/ BM/2KMB7B2/X Ai? b QM2@iQ@K Mv "2H iBQMb?BT

6B;m 2 9Xj, . i # b2 a+?2K 7Q i?2L2ti@:2M S_6iQQHX

h?2b+?2K /2KQMbi® i2b MQ'K HBx iBQM bi® i2;viQ 2HBKBM i2 "2/
BMi2; BivX IbBM; BMi2;2° A.b M/ b2T ~ i2 i #H2b 7Q "  /BbiBM+i / i i
b iBb7B2b i?72 MQ K H 7Q&b RLE@NSLB-(MT/ i2b- /2H2IiBQMb- M/ E
#2 T2 7Q K2/ 277B+B2MiHv rBi?Qmi mMM2+2bb "v/ i /mTHB+ iBQI
i #H2@H2p2H T "iBiBQM F2v QM i?2 bi i2 A.iQ K F2i?2 TTHB+ iBQN
i?72 TTHB+ iBQM T2 7Q K M+2 #v mT iQ i2M iBK2b b [m2 B2b 7BHI
#2+ mb2 HH "2H2p Mi/ i Bb +Q@HQ+ i2/X

OXjXRX9 1b2° AMi2 7 +2

7i2° /Bb+mbbBQM rBi? J°X hQK ai MH2v- M 2ti2MbBQM :2Mi- r?Q
S 6@ AT Q:; K-i?2T BK 'v7Q+mbB/2MiB7B2/r biQK F2i?2 M pt



YKY KT Nfz2 jd

2 bviQ mM/2 bi M/ b TQbbB#H2X h?2 b2+QM/ v 7Q+mbr biQ K F2
HH /2pB+2b- 7 QK /2bFiQTb-H TiQTb-i #H2ib- M/ bK iT?QM2bX |
iQ "2/m+2 HQ /iBK2b M/ K F2i?2 A 722H T2 7Q K Mi #v K FBM; i?2

"B/ GQ+ iQ°

b b22M BM ®B9n?2 bi iBM; TQBMi Q7 i?2 iQQH Bb i?2 6:'B/ GQ+
GQ+ iQ 6 b2 p2biQ ?2HT i?2 mb2  B/2MiB7v i?2 ;"B/ A. bbQ+B i2/
7Q7i?2B +'2 ;2X PM+2i?2mb2 2 bB/2MiB7B2/i?2 TQBMi Q7 272"

K "F2° QM i?2 K T #v xQQKBM; M/ T MMBM; iQ Bi Q  #v ivIBM; i?2
i72 b2 "+2 # X h?2mb2 K v? p2KQ 2i? M QM2 TQBMi Q7 272 2M
A7 bQ- KmHIBTH2 K "F2 b Kmbi #2 TH +2/ +Q "2bTQM/BM; iQ 2 +? T
rBHH TT2 QM i?2 H27i bB/2# ~BM HBbiX h?2 #H +F HBM2b /2MQi
#HmM2 HBM2b BM/B+ i2i?2 +QmMiv #QmM/ "B2bX aBKBH “Hv- i?2 ;|
H #2Hb- M/ i?2 #Hm2 i2ti H #2Hb ;Bp2i?2 +QmMiv M K2bX
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