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Abstract

Variable hydrometeorological conditions can impact electric utilities’ financial stability.
Extreme temperatures often increase electricity demand, raising utility costs, while drought
reduces hydropower generation and often reduces revenues, with financial impacts poten-
tially exacerbated by spikes in fuel prices, particularly natural gas. In this study, a model of
the U.S. West Coast power system is combined with a financial risk model of a large Cal-

ifornia electric utility as it responds to variable hydrometeorology and market conditions,
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and is used to test the performance of a novel financial tool for managing risk. An insurance
contract based on a composite index of measures related to streamflow, temperature, and nat-
ural gas prices is developed and its cost-effectiveness is compared against a portfolio of three
currently available index contracts each based on a single index. The new composite index
contract achieves an equivalent reduction in the utility’s net revenue variance as a portfolio
of the three existing contract types for roughly half the cost with the cost reduction largely
attributable to lower basis risk associated with the composite index contract. The utility’s
financial risk and the effectiveness of the new contract are also explored under an alterna-
tive regulatory scenario involving a pollution tax intended to reduce air pollution damages
and emissions. Overall, this case study represents a new approach to managing financial risk
arising from hydrometeorological and market variability for vertically integrated utilities, the

most common utility structure.

Article Keywords - Electric Utilities, Index Insurance, Financial Risk Manage-

ment, Hydrometeorological Variability, Energy Markets, CAISO

1 Introduction

Variable hydrometeorological conditions, particularly in the form of drought and
extreme temperatures, expose electric utilities to financial risk in the form of in-
termittent reductions in generation and increases in electricity demand, which
combine to force greater reliance on more expensive generation [Bates et al.,
2008, McMahan and Gerlak, 2020, Gleick, 2017]. For example, electric utilities
with significant hydropower assets experience decreased generation due to re-
duced reservoir inflows during drought [Bates et al., 2008, Blomfield and Plum-
mer, 2014]. Deviations from expected temperatures, such as cooler than expected

summers or warmer winters, can also substantially reduce revenues based on
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electricity demand, the majority of which is driven by the heating and cooling of
buildings [Comstock, 2018, Serzan, 2019]. Similarly, extremely high or low tem-
peratures lead to large spikes in demand that a utility must often meet via the
use of more expensive, generation or reliance on market purchases during high
price periods. As these fluctuations are related to weather, both their intermittent
nature and unpredictable severity present utilities with financial uncertainty.
Further exacerbating these challenges is the often correlated nature of droughts
and heat waves, raising the probability that periods of low electricity supply and
high demand will occur simultaneously [AghaKouchak et al., 2014]. This com-
bination of environmental events can force electric utilities to fall back on al-
ternative generation sources that are not only much more expensive, but also
significantly more polluting, as is the case in California and even in other grids,
where older, less efficient thermal generation is used as a last resort (Figure S1).
California’s electric utilities have recently experienced acute financial impacts
from variable hydrometeorology [DiSavino, 2021]. During California’s 2012-2016
drought, high temperatures led to increased electricity demand necessitating re-
liance on more expensive power sources, which cost the state’s three largest
investor-owned utilities an additional $3.8 billion, while lost hydropower genera-
tion accounted for another $1.9 billion in losses [Kern et al., 2020]. The increased
use of thermal power during these hydrometeorological extremes also had an
impact on public health in California, as these more expensive sources are also

more polluting and increase air pollutant emissions, raising questions about how
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these spikes in emissions could be reduced [Gleick, 2017, Herrera-Estrada et al.,
2018].

While extreme weather events pose many operational challenges for electric
utilities in terms of supply reliability, there is also growing attention to the fi-
nancial risks associated with the attendant intermittent swings in costs and rev-
enues [Allianz SE, 2013]. Traditional financial risk management tools, such as
reserve funds and lines of credit, often prove effective for managing more mod-
erate hydro-meteorological fluctuations, but the growing frequency and severity
of these events has utilities searching for more innovative tools and strategies
[Larson et al., 2012, Meenan et al., 2019]. This has resulted in greater interest
in financial risk transfer instruments, such as index-based insurance, which has
been shown to be effective at managing the financial consequences of more ex-
treme events and has even been shown to increase the market value of electric
and gas utilities with weather-related exposure [Pérez-Gonzalez and Yun, 2013].
Utilities exposed to significant financial risk by hydrometeorological events are
being increasingly scrutinized by investors, lenders, and credit rating agencies
[Moody’s, 2013] as such risk can lead to higher interest rates on borrowing, a
critical consideration in the capital intensive electric power sector.

Financial contracts in the form of options, forwards or futures are commonly
used in the electric power sector to protect against fluctuations in commod-
ity prices (e.g., natural gas, crude oil, wholesale electricity) [Burger et al., 2014,

Schofield, 2021]. These contracts typically obligate a buyer to purchase or sell
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a commodity on an agreed upon amount in the future at a predetermined price
[Deng and Oren, 2006, Hull, 2022]. In recent years, index-based insurance con-
tracts have been developed that facilitate payouts to the contract buyer from a
“counterparty” (often an insurer or financial institution) when a specified thresh-
old is crossed on a defined index that serves as a proxy for a financial metric of
concern (e.g., costs, revenues). These types of contracts are often used to man-
age the financial risk of deviations from established hydrometeorological pat-
terns, such as low precipitation [Larson et al., 2012] or extreme temperatures.
These contracts differ from traditional indemnity-based insurance, in which pay-
outs rely on an onsite determination of damages made after a covered loss occurs
(e.g., floods). Index-based insurance can offer a useful alternative by removing the
subjective human element in determining loss while also accelerating the time
to payout, which can sometimes be quite lengthy in the case of indemnity-based
contracts [Meenan et al., 2019]. For example, temperature-based index contracts
are used by electric utilities to manage the unexpected reductions in demand
and the lower revenues that accompany cooler summers and warmer winters
[Artemis, 2022]. Index-based contracts are also commonly applied in agricul-
ture to protect farmers against the financial ramifications of weather-related crop
losses (e.g., drought, extreme temperatures) [Turvey, 2001]. One potential draw-
back to index-based contracts, however, is basis risk, which results when there
is poor correlation between the specified index and financial losses. High basis

risk leads to over- or under-payment relative to the losses, making the instru-
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ment ineffective and/or expensive. Developing an effective index-based contract
requires maintaining a low level of basis risk by ensuring the index and losses
are strongly correlated [Clement et al., 2018, Woodard and Garcia, 2007].
Electric utilities are well-acquainted with the concept of index-based contracts
as risk management tools, having long used temperature-based derivative con-
tracts, as well as those linked to natural gas prices, to manage the related financial
risks. Index-based contracts have more recently also been employed to manage
drought-related financial losses for hydropower producers [Blomfield and Plum-
mer, 2014, The World Bank, 2018], with several recent studies pointing to the
potential for more innovation in this area [Foster et al., 2015, Kern et al., 2015,
Hamilton et al., 2020, Denaro et al., 2018]. Most electricity producers rely on
more than just hydropower; however, their net revenues are influenced by mul-
tiple factors, such that their financial risk management requires consideration of
more than just a single measure. In this case, financial risk management is often
approached by using a portfolio of available single index contracts, which might
include contracts that are separately intended to manage risks related to vari-
ations in temperature, hydrology, and market prices, but more recent research
suggests that a “composite” contract based on a multivariate index could be use-
ful [Kern et al,, 2015, Li et al., 2021, Murthy et al., 2022, Shi and Jiang, 2016].
Kern et al. [2015] used a composite index that incorporated consideration of both
hydrologic conditions and natural gas prices, which often correlate well with

wholesale electricity prices in markets where the marginal generators use natu-
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ral gas, to lower the basis risk of a contract designed to provide risk management
for a hydropower-only generator selling power into an electricity market. More
sophisticated multi-variate composite indices have also been explored in the agri-
cultural sector [Li et al., 2021, Murthy et al., 2022]. Shi and Jiang [2016] demon-
strated that a composite index-based contract could effectively protect farmers
against multiple weather hazards (e.g., rainfall, temperature) that influence rice
yields and suggested it should be less expensive than a portfolio of single index
contracts, but did not explore the question further. Given the multiple weather
hazards and market uncertainty facing electric utilities with many sources of
generation, a composite index-based contract might be developed as a means of
more cost-effectively managing multiple risks.

Developing risk management tools for electric utilities with a diverse genera-
tion mix complicates the relationship between drought and revenue loss relative
to that of a hydropower producer by itself. A composite index insurance con-
tract that simultaneously accounts for the risk of compounding hydrometeoro-
logical extremes (e.g., temperature, and drought) could increase the correlation
between the index and a utility’s costs and revenues (or considered together, net
revenues), thus lowering basis risk and improving the instrument’s performance.
To explore this idea, a composite index insurance contract that considers hydro-
logic conditions, temperature and wholesale natural gas prices is developed in
this study. The performance of the composite index contract and a portfolio of

existing single-index contracts that independently address the same three risks
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is compared in terms of cost and effectiveness.

These two approaches are evaluated using the situation faced by Pacific Gas
and Electric Company (PG&E), a publicly traded utility in California that earns
revenues through the generation, sales, and transmission of electricity. Pacific
Gas & Electric is vulnerable to extreme temperatures and high natural gas prices
in addition to drought [Kern et al., 2020], such that a composite index considering
multiple metrics related to these factors may lead to higher levels of agreement
between the index and PG&E’s net revenues, in large part due to its consideration
of cross-correlation between these three factors. This should lower basis risk and
result in a more effective risk management instrument, particularly as it will bet-
ter account for the financial impacts of compound risks involving the incidence
of both drought and heatwaves, which are often correlated in many parts of the
world [Mukherjee et al., 2020, Zscheischler et al., 2018, Kong et al., 2020]. While
this analysis is applied to PG&E, the new financial instrument could be useful for
any electric utility with concerns over how variability in hydrometeorological

and market conditions will affect its operations and finances.

Alternative Regulatory Scenario

Air pollution emissions from power plants impact public health, and these emis-
sions tend to increase when conventional thermal generation is increased to meet
electricity demand, as more expensive sources, which are also often more pollut-

ing, come online. Proposals to limit pollution damages and emissions by using
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taxes on the pollutants of concern are intended to encourage the adoption of new,
less polluting technologies and have become increasingly common [C2ES, 2022].
If pollution taxes on power plants were imposed in California, it is likely to in-
centivize PG&E to use generators that produce less pollution before dispatching
its higher polluting generators, thereby changing its generation dispatch to lower
emissions and presumably improving public health.

Even with the advent of a pollution tax, the utility would still need to dis-
patch its most polluting generators during periods of extraordinarily high elec-
tricity demand, especially if high demand occurs during periods of decreased
hydropower supply (e.g., during drought and/or late summer), as the alternative
would be blackouts (i.e. when demand for electricity exceeds supply) [Nguyen,
2020]. Consequently, during such extreme hydrometeorological conditions, the
pollution tax would impose greater costs on PG&E at times when it is finan-
cially vulnerable, and thus the tax would exacerbate its financial risk. Overall,
the same hydrometeorological conditions that give rise to financial risk also give
rise to increased air pollution [Zeighami et al., 2023]. Therefore, the composite
index-based instrument is also evaluated under a scenario involving a pollution
tax implemented across California to determine the degree to which it can reduce
financial risk in such situations, and thereby remove some of the disincentives for
implementing a tax intended to improve public health. Implementing a financial
instrument to better manage the heightened financial risk that would accompany

the pollution tax on PG&E during periods of extreme hydrometeorology could,
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therefore, ease the utility’s transition to a generation mix that leads to improved

public health.

2 Methods

Figure 1 represents the overall modeling framework used in this study. This study
uses the outputs from a unit commitment & economic dispatch model of the
American West (California and West Coast Power Systems model (CAPOW)) run
at an hourly time step using simulated weather and electricity market conditions.
CAPOW’s outputs, including generator dispatch and wholesale electricity prices
are used in conjunction with a financial model of PG&E’s business operations
to produce estimates of PG&E’s annual net revenues. These annual net revenues
serve as targets for financial risk management using multiple strategies. A newly
designed composite index-based contract is then compared against a portfolio of
existing single-index contracts to determine the cost-effectiveness of each ap-
proach in managing PG&E’s net revenue variability. The effectiveness of using
the newly designed composite contract is also assessed under an alternative reg-
ulatory scenario, involving a pollution tax designed to reduce public exposure to

pollutant emissions, a scenario in which PG&E’s financial risk increases.

10
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Figure 1: The overall manuscript modeling framework. The only difference between the baseline
scenario and the alternative regulatory scenario with a pollution tax is changes in generation
costs for thermal power plants, which serve as inputs to the unit commitment and economic
dispatch model within CAPOW.

2.1 Study Region

Pacific Gas & Electric provides electricity services for much of northern and cen-
tral California (Figure 2). Most of PG&E’s business focuses on the generation,
transmission, and delivery of electricity, and these parts of its business are the
focus of this analysis. As of 2018-2020, the utility’s primary electricity genera-
tion sources include nuclear (2,240 MW), conventional hydropower (2,655 MW),
pumped storage hydropower (1,121 MW), natural gas plants (1,400 MW), solar

photovoltaic (152 MW), and electricity sourced from third-party electricity gen-

11



w erators, primarily renewable (e.g., solar, wind), through power purchase agree-

w ments (PPAs) [PG&E Corporation, 2018, 2019, 2020a].
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Figure 2: PG&E’s service area in California, showing the locations of its hydropower capacity
and the stream-level monitoring stations used in this work [California Energy Commission, 2021,
California Natural Resources Agency, 2020, 2022].

Some of PG&E’s vulnerability to hydrometeorological risk is due to its hy-
dropower facilities, the majority of which are located at higher elevations in the

Sierra Nevada Mountains [PG&E Corporation, 2022]. A significant portion of
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the state’s precipitation occurs as snow in the Sierra Nevada, which results in
the majority of annual streamflow coming in the spring and summer as snowmelt
[Huning and Margulis, 2017, Serreze et al., 1999]. Variability in snowfall amounts
and timing can negatively affect hydropower operations that have traditionally
relied on snowpack as additional storage for high-altitude reservoirs, most of
which have very limited storage capabilities [Aspen Environmental Group and
M. Cubed, 2005]. In addition to decreasing hydropower generation, drought can
threaten thermal generation through reduced access to cooling water, leading to
a reduction in generation and revenues [van Vliet et al., 2012]. This is primarily
a concern for “once-through” power plants, which use greater amounts of water,
very few of which exist in California [Madden et al., 2013]. Thus, cooling water
issues have not historically been a problem in the state and are not considered a
significant risk to PG&E’s operations.

Ambient air temperatures are also a key contributor to PG&E’s financial risk.
While PG&E generally benefits from periods of warmer weather and increased
electricity demand, short-term temperature extremes caused by heat waves, es-
pecially during late summer when hydropower supply is low, have resulted in
very high market prices for electricity (a problem for PG&E as it buys more elec-
tricity from the market than it sells during these periods) [Nguyen, 2020]. Ad-
ditionally, an altered regulatory environment, including changes to tax policy, is
named in the financial report as a risk that could impact PG&E’s financial condi-

tion. This could include the enactment of pollution taxes on air emissions from
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power plants, which would increase the utility’s costs. As the combination of
drought (less hydropower supply) and heatwaves (increased demand) often force
PG&E to bring its most expensive and dirtiest generation sources online, the tax
would likely be imposed under the same type of hydrometeorological conditions

that already create financial risk.

2.2 Modeling Framework

2.2.1 California and West Coast Power Systems Model (CAPOW)

The California and West Coast Power (CAPOW) Systems Model is a Python-
based model that simulates the electrical power system and wholesale electricity
markets across the West Coast region, including all of Washington, Oregon, and
California [Su et al., 2020a]. The model includes the California Independent Sys-
tem Operator (CAISO) wholesale electricity market, in which PG&E participates
in, along with the Mid-Columbia (Mid-C) wholesale electricity market, which
covers most of the Pacific Northwest. It is important to model the entire sys-
tem, as PG&E is influenced by conditions outside its service area. For example,
drought in the Pacific Northwest (Mid-C) reduces hydropower generation and
electricity exports to California, thereby impacting CAISO’s generation mix and
electricity prices.

The CAPOW model has two main components: a synthetic weather gener-
ator and a unit commitment and economic dispatch (UC/ED) model that deter-

mines when and how much electricity is generated at each source. Historical
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West Coast hydrometeorological data, including streamflows and temperatures,
are input to the weather generator, which then uses statistical relationships to
produce daily synthetic hydrometeorological data that are statistically consistent
with historical observations at each monitoring station, while also reproducing
both temporal and spatial autocorrelation in different parameters across loca-
tions throughout the region [Su et al.,, 2020a]. This stochastic approach allows
for the generation of extreme hydrometeorological events outside of the more
limited historical record, allowing for financial risk management strategies to be
analyzed under a broader range of conditions.

The UC/ED model uses the simulated hydrometeorological and grid conditions
(hydropower and thermal generation, electricity demand, renewable availabil-
ity) within a mixed-integer linear optimization to determine generator dispatch
and the wholesale electricity price. This is done by simulating the dynamics of
the CAISO electricity market by determining the generation mix that minimizes
the costs of meeting electricity demand. Generators with the lowest marginal
costs are dispatched first, with more expensive generators dispatched in order
of increasing cost as demand rises. The highest marginal cost generator used to
meet demand sets the market’s wholesale electricity price [US EIA, 2012]. Out-
puts from the UC/ED model include hourly CAISO wholesale electricity prices
($/MWh) and hourly generator dispatch for the region. Running the UC/ED
model using historical conditions produces wholesale prices that agree quite well

with observed market prices, with an R? value of 0.75 [Su et al., 2020a]. For more
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details on CAPOW, including its validation and applications, see [Su et al., 2020a,
Kern et al., 2020, Su et al., 2020b]. Variable stochastic natural gas prices are in-
corporated into CAPOW during a post-processing step. This is straightforward
given that gas prices uniformly affect the marginal generation costs of natural
gas plants, which dominate California’s electricity generation and are essentially
always the marginal producers that set market prices [Hodge, 2022] (i.e., the or-
der of plant dispatch by the UC/ED is not impacted). For more information on
incorporating variable natural gas prices into the modeled generation costs and
wholesale electricity prices, see Supplementary Materials Note A.

Five hundred simulations each of duration one year were generated using the
CAPOW modeling framework. The temporal resolution of each simulation was
hourly leading to 8,760 time-steps. The next step included checks to ensure the
spatial and temporal cross-correlations across the simulations represented the
variability in the data. Across the 500 simulations, a single simulation display-
ing spurious correlations was removed. Given that the framework models the
entire West Coast (Washington, Oregon and California including the entirety of
CAISO), variables of interest for the PG&E domain were extracted. These include
the CAISO hourly market price, demand, streamflow, hydropower generation,
wind and solar power generation, and temperatures across the population cen-

ters within PG&E.
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2.2.2 PG&E Financial Model

The generator dispatch schedule and wholesale electricity prices produced by
CAPOW are used as inputs into the PG&E financial model, which describes the
utility’s business operations. These consist primarily of the following: (i) gen-
erating electricity via owned and procured assets (i.e., PPAs) to sell on CAISO’s
wholesale electricity market, (ii) making purchases from the wholesale electric-
ity market to meet customer demands, and (iii) distributing electricity to con-
sumers. Total electricity generation costs are calculated using the electricity
generated (MWh) by each of PG&E’s dispatched plants and the plants’ corre-
sponding marginal generation costs ($/MWh). The PPA contract prices for ac-
quired electricity ($106.2/MWh for renewable generators and $33.15/MWh for
conventional thermal generators) are estimated using cost and generation infor-
mation from PG&E’s financial report and sustainability report [PG&E Corpora-
tion, 2018, 2020b]. Pacific Gas and Electric sells this generated and procured elec-
tricity on the wholesale electricity market at the current wholesale price and then
purchases electricity back to meet its retail customer demand. Retail customers
are sorted into four general categories: residential, commercial, industrial, and
agricultural. Retail electricity rates used in the model range from $0.10/kWh to
$0.22/kWh, depending on both the customer type and time of year, with summer
rates being higher than winter rates [PG&E Corporation, 2018]. Although elec-
tricity consumers in PG&E’s service area can choose among different electricity

providers in the region (e.g., through community choice aggregation programs),
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= PG&E still owns much of the existing transmission infrastructure and charges a
w fee for any electricity delivered even if PG&E is not the generator.

03 The delivery charge used by the model was estimated using PG&E’s publicly
w available rate information [PG&E Corporation, 2018]. Model output in the form
» of PG&E’s revenues (i.e., from retail customers and transmission), its costs (i.e.,
w from fuel purchases, PPAs, and net wholesale market purchases), and its hy-
w dropower generation are compared against observations of net revenues over
« the historical period, which range from $12 - $12.3 billion [PG&E Corporation,
w 2018]. Operations and maintenance (O&M) costs contribute a significant portion
= of revenue variability attributed to managing wildfire risk [PG&E Corporation,
s 2020a]. Since wildfire impacts are not included in this analysis and their impact
s cannot be isolated from recent O&M costs and overall additional charges, these
s costs are left out of the net revenue calculations. Therefore, it should be noted
= that the net revenues analyzed in this study for any given year would likely be
ws shifted down by O&M costs of a similar magnitude.

36 In order to isolate the influence of hydrometeorological events on PG&E’s net

s revenues, this work defines annual net revenues (NR) as the following:

NR($B) = Market,ey+ Retail e, +Transmission,q, — Market .osps— Fuelosts— PP Acosts

(1)

” where, Market,., are revenues from electricity sold on the wholesale market.
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Retail,., are revenues from retail customers. Transmaission,., are revenues
from electricity transmission. Market,,ss are costs of electricity purchased from
the wholesale market. F'uel.ss are power plant fuel costs. PPA_,ss are costs
associated with PPAs. All of these variables are impacted by hydrometeorological

conditions, which in turn affect the supply and demand of electricity.

2.3 Managing Financial Risk using Index Based Instruments

Index Insurance Contract Design Considerations

In developing a new index-based financial instrument to manage risk, a primary
objective is identifying an index that can accurately characterize PG&E’s finan-
cial risk due to variable hydrometeorology. Daily streamflows at PG&E’s major
dams in the Sierra Nevada (which are widespread and thus a useful indicator,
see Figure 2) are used to determine if the region is experiencing a dry year, and
therefore, decreased hydropower generation. The locations of PG&E’s major hy-
dropower dams are mapped, and, using the dams’ capacities, the percentage of
PG&E’s hydropower that corresponds to each streamflow station is identified
(Figure 2). Streamflows at each station are weighted during aggregation to repre-
sent the proportion of corresponding hydropower generating capacity located at
each facility, with the aggregate value representing the hydrologic index. Cooling
degree days (CDD) are used to develop proxy relationships for electricity demand
during the summer as electricity demand is highly correlated with ambient air

temperatures [Hull, 2022, DeVilbiss and Morey, 2021]. These can be aggregated
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over a specified period (e.g., season, year) to get an understanding of that pe-
riod’s electricity demand for cooling and any deviations from expected demand
and revenues that might occur. Using temperatures generated by CAPOW for
major cities (Fresno, Sacramento, San Francisco and San Jose) within PG&E’s

service region, annual CDD is computed for each city as:

> max(T; - 65,0) (2)
i=1

where, T; is the average daily temperature in Fahrenheit. It is assumed that
65 F is the ambient air temperature at which little heating or air conditioning is
needed to maintain a comfortable building temperature with demand for elec-
tricity used for cooling buildings rising linearly at temperatures above that point
[Mathews, 2009]. In order to represent the total regional electricity demand dur-
ing the summer, CDD values are calculated for each city and then aggregated.

An important consideration during contract design is whether the contract
buyer or seller has a reasonable ability to predict and/or manipulate the index
and thus the contract outcome. Neither party should have an advantage in terms
of predictive power, such that they have better information regarding the proba-
bility of payouts being made. While predictive power over summer temperatures
and the average annual wholesale electricity price is already limited to very short
periods (e.g., days to weeks), spring and summer streamflows in the Sierra Nevada
Mountains can be predicted using the preceding winter snowfall amounts. Index

contracts based on annual streamflows in this area are, therefore, written before
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October 1st (beginning of the Water Year) as there is limited snowfall forecasting
ability before this date [Kapnick et al., 2018, Shukla and Lettenmaier, 2011].
With respect to streamflow, an ideal index would in many cases use mea-
surements taken upstream of PG&E’s dams. In this case, flow data are available
only downstream of the dams, offering the possibility that the utility might be
able to manipulate the hydrologic component of the index. However, the high-
altitude reservoirs that are the source of PG&E’s hydropower are relatively small
and have very little interannual storage capability [Aspen Environmental Group
and M. Cubed, 2005], meaning PG&E must effectively allow all the water flowing
into its hydropower reservoirs in a given year to flow out in the same year, ensur-
ing no influence of antecedent storage conditions on the probability of payout.
The contract is thus structured so that the streamflow component of the index
is a function of annual flows thereby reducing concerns over PG&E’s ability to
effect the final value. With respect to the use of natural gas prices, there is lit-
tle ability for PG&E to manipulate these as the primary drivers of changes in
these prices are global in nature and independent of drought and temperature
[Su et al., 2020b]. This, along with the use of temperatures at gauges managed by
government agencies, should prevent PG&E from exercising any influence over

any component of the proposed composite index or individual indices.
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Index Insurance Contract Structure and Pricing

Index-based insurance contracts are typically designed to trigger a payout once
the index drops below, or rises above, a predetermined threshold or a “strike”.
Figure 3 depicts the generalized structure of an index-based insurance contract.
In that case, the strike is set at the 15th percentile of the index (i.e., approximately
15th percentile net revenues), such that payouts are triggered when the index
drops below this level. It is assumed that net revenue losses up to this point are
managed via other means (e.g., reserve fund, lines of credit), with greater losses
considered “unmanaged” if the index contract not in place. This is consistent with
practice, as index-based insurance and other types of risk transfer contracts are
typically used to protect against extreme risks that occur once every 10 years or
less [Meenan et al., 2019]. The selected strike in Figure 3 results in positive net
payouts (years with payouts that are greater than the annual premium) slightly
less than 15% of the time (intersection of the horizontal dotted line with the solid
blue line). Lowering the strike to cover only the most extreme events (e.g., to
the 10th percentile) would result in less frequent net payouts. While the selected
levels of protection provided by the index-based insurance (i.e. one year in 10 or
one year in 5) are roughly consistent with practice, the actual choice of a strike
depends on both the level of financial protection the buyer maintains in other
forms, such as a reserve and/or access to credit, as well as the buyer’s level of

risk aversion.
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Figure 3: Generalized structure of an index-based insurance contract where the strike is set at the
15th percentile.

For a linear payout function, the magnitude of the payout (p) is determined by
the severity of the loss defined by the difference between the strike (S) and the

index (I):

p($B) = m x max[S — I,0] (3)

where m is the slope of the payout function ($ payout per unit of the index).
If the composite index is already in units of dollars, the payout function can be

simplified to:

p($B) = mazx|S — I,0] (4)

Payouts during years when the composite index falls below the strike are in
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exchange for an annual premium paid from buyer to seller. The index insurance
contracts in this study are priced using the Braun model [Braun, 2016], a multi-
variate linear econometric model based on reinsurance pricing data from 1997 to

2012, such that:

Pre =221.04 x EP 4+ 175.08 x PEAK — 103.58 x SW + 161.85 x ROLX

—159.76 x IG + 26.57 x BBSP

where, Pre is the contract premium relative to the maximum possible payout
(basis points). E'P is the expected payout in relative to the maximum possible
payout (percentage points). PEAK is peak territory designation (1 = yes; 0 =
no). SW indicates if the counterparty is well diversified (1 = yes; 0 = no). ROLX
is the synthetic rate on line index (reflects reinsurance market cycles) (points).
I G indicates if the bond is investment grade (1 = yes; 0 = no). BBSP is the
corporate bond spread (percentage points).

This pricing method indicates that contracts with higher expected payouts
and maximum possible payouts are more expensive. As many of the factors in the
equation above can be considered consistent across the two scenarios (composite
index and portfolio), a simplified Braun model used in Baum & Characklis (2020)

is applied in this study:
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Pre = 221.04 x EP + 304.97 (5)

Supplementary Materials Note B describes the assumptions made in develop-
ing equation 5. Baum and Characklis [2020] explored this simplified model for
pricing hydrologic-based reinsurance and found that it performed well at recre-
ating observed index-based contract premiums (Pearson correlation of 0.84) de-
scribed in the Artemis database of catastrophe bond and reinsurance contracts
[Artemis, 2018], which seems appropriate as the index insurance contracts con-
sidered here are structurally similar to reinsurance (i.e. risk transfer as opposed
to risk pooling). The simplified Braun model as used in Baum and Characklis
[2020] is used to price the composite index insurance contract and the portfolio
of three independent index insurance contracts based on streamflow, CDD and

natural gas prices.

2.4 Composite Index Insurance Contract Design

Index contracts designed to manage an individual risk, such as the financial risk
arising from temperature or electricity price variability, are currently commer-
cially available [Deng and Oren, 2006, CME group]. The Chicago Mercantile
Exchange provides a platform for the exchange of index contracts based on a
variety of weather conditions (commonly known as weather derivatives), such
as temperature, rainfall, and snowfall. Contracts based on deviations from ex-

pected temperatures (e.g., measured as CDDs) are some of the most commonly

25



442

443

444

445

446

447

448

449

450

451

452

453

454

455

456

457

458

459

460

used weather derivatives [Artemis, 2022]. Using index contracts to manage the
drought risk of hydropower producers is less common, but there are still some
instances of their current use. For example, Uruguay has purchased insurance to
manage variability in precipitation as the country sources 80% of its electricity
from hydropower [The World Bank, 2018]. Together in a portfolio, these exist-
ing types of contracts, based on individual indices, can be combined to manage
PG&E’s financial risk resulting from variable hydrology, temperature, and whole-
sale electricity prices. The objective of this work is to design a composite index
that combines consideration of all three factors including annual streamflows as
a measure of drought, annual CDD as a measure of demand, and average annual
natural gas prices as a measure of market conditions and electricity prices. The
ability of a composite index contract to predict net revenue fluctuations will then
be evaluated relative to a portfolio of single index contracts designed to accom-
plish the same goal.

The composite index is constructed by regressing net revenue against the an-
nual streamflow, CDD and natural gas prices over the 500 simulation years. The
predicted value from the regression, given values of the three covariates is the
composite index. 80% of the data were randomly selected for training whereas,

the remaining 20% were used for testing as a means to prevent over-fitting.

Net.Revenue($B) ~ a+ 1 X sf + o x CDD + 53 x NG + ¢ (6)
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ISB) =a+p1 X sf+ P x CDD + 33 x NG (7)

where, sf is the annual streamflow, C'D D is the summer temperature, a proxy
for demand and NG is the natural gas price. The 3’s are the estimated coefli-
cients and « is the intercept. € are the residuals. The regression parameters are
estimated using 80% of the data selected at random. I($B) is the composite index
and is computed using the estimated coefficients. Given the composite index and
the selected strike level, the Braun method is used to price the composite index

insurance contract.

2.5 Portfolio of Individual Contracts Design

To demonstrate the enhanced capability of the composite index-based contract,
a portfolio of three separate single index contracts based on streamflows, CDD,
and average annual wholesale electricity prices is also developed and their risk
management performance is compared against that of the composite index-based
contract described above. Risk management performance is measured as the cost
of achieving the same risk management goal, which in this case is a specified
level of variance reduction in net revenues. The Braun method is used for pricing
all contracts. In order to develop the portfolio, the relationship between each
individual index and net revenues is determined using linear regression (using the
same statistical methods and training-testing split) as the composite index. This is

used to identify the slope of the payout function ($ per unit of the index) (Equation
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4) for each contract that will translate the difference between the strike and the
observed index value into a dollar amount, which then becomes a payout that
compensates for net revenue losses. For the portfolio of separate single indices,
the strikes for each index are set such that they individually leads to minimization
of the 95% VaR. Value at Risk (VaR) is used to estimate the maximum potential loss
of an investment portfolio over a specified time period with a given confidence
level, with a 95% VaR in this case indicating that there is a 5% chance that PG&E’s
net revenues will be lower than the VaR amount. The overall revenue for the
portfolio of separate indices is computed by accounting for the three different
payouts and premiums, as the revenue plus the payouts minus the premiums. The
strike for the composite index is optimized such that the variance of the hedged
revenues using the composite index is the same as the variance of the hedged
revenues using the portfolio of separate single index contracts. The performance
of the portfolio of single index contracts is then compared to that of the composite

index contract.

2.6 Alternative Regulatory Scenario

Zeighami et al. [2023] explored the impacts of pollution taxes on West Coast grid
operations and human health using CAPOW. The pollution taxes were incorpo-
rated into CAPOW by increasing the marginal cost of the power generators that
release emissions of public health concern, namely SO,, NO,, and PM, 5. Each

generator’s tax payment is measured in $/MWh and is individually tailored to
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reflect the estimated human health damages resulting from its air emissions dur-
ing power generation. The computed damages in Zeighami et al. are used as
the thermal power-plant level pollution estimates in this study. The baseline no-
tax scenario and alternative regulatory scenario use the same stochastic weather
conditions across the 500 simulation year period but with different marginal costs
of generators, which are then passed through CAPOW to simulate grid opera-
tions and through the PG&E financial model to estimate annual revenues. The
effectiveness of the composite index insurance contract in reducing financial risk
is compared against the portfolio of individual contracts for this alternative regu-
latory scenario with a pollution tax. The prevented pollution damages displayed
in Figure S2 are the overall reduction in thermal generation across the no-tax
(baseline scenario) versus the pollution tax scenario, and scaled by the plant level
pollution damages as measured by $/MWh. The imposition of the pollution tax
results in the highest prevented pollution damages occurring in years with low
streamflows (drought) and hotter summers. Shifting generator dispatch to less
polluting generators during hot and dry years has the significant potential to im-
prove public health, but the enactment of pollution taxes also has the potential

to introduce greater financial risk for PG&E.

3 Results

The first sub-section of the results includes assessment of the CAPOW and PG&E
financial model by comparing simulation metrics against the publicly available
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metrics provided by PG&E. It is then followed by testing the efficacy of the com-
posite index insurance contract using simulated hydrometeorological and market
conditions produced by CAPOW in reducing risk in the unmanaged net revenues
generated by the PG&E financial model. The composite index’s performance and
cost effectiveness are then compared to that of a portfolio of individual contracts
based on the same indices that constitute the composite index. Both the compos-
ite index contract and the portfolio of individual contracts are assessed on the
basis of their effectiveness in reducing the minimum net revenues, 95% VaR, and
costs of risk mitigation. The composite index contract is then tested with altered
system dynamics that is modeled as a response to air pollution taxes on power
plants, a scenario that changes PG&E’s financial risk. The latter scenario offers an
additional opportunity to test the effectiveness of the composite index contract
in limiting the exacerbated tail end financial risks associated with the imposition
of the pollution tax and thus reduce one disincentive associated with an action

intended to improve public health.

3.1 PG&E Financial Model Assessment

This section includes assessment and evaluation of the outputs from CAPOW and
PG&E financial model against PG&E’s publicly available financial metrics. The
combined CAPOW and financial model generate outputs and simulations that
agree well with observed values (Figure 4). Figure 4 (A) displays the distribution

of the total deliveries in GWh across the generated simulations with the overall
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spread being from 80,000 - 85,000 GWh. The three red dots denote the deliveries
by PG&E in the years 2016, 2017 and 2018. The extent of the annual energy
deliveries in simulations covers the three years, but has a bias with respect to
future potential years with lower energy deliveries.

Furthermore, the model accurately models the split in the revenue across
the residential, commercial, industrial and agricultural sector. The mean across
these sectors in the generated simulations are 41%, 39%,11% and 9% respectively.
The mean of the recorded fraction sectoral revenue during 2016-2018 was 41%,
40%,12% and 8% respectively suggesting that the PG&E financial model captures

the overall sectoral distribution within the utility.
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Figure 4: Comparison of CAPOW and Financial Model Results with observed values. (A) - His-
togram of Annual Energy Deliveries (in GWh) by PG&E across the generated simulations. The
three red dots correspond to the actual PG&E energy deliveries in 2016-2018. (B) - Histogram of
PG&E’s Annual Net Revenues (in $ billion) across the generated simulations. The three red dots
correspond to the actual PG&E net revenues in 2016-2018.

The histogram in Figure 4 (B) displays the spread in net revenues generated by

the financial model, with the red dots denoting the revenues in the years 2016,

31



555

556

557

558

559

560

561

562

563

564

565

566

567

568

569

570

571

572

573

574

575

2017 and 2018. The net revenue is an important parameter which determines
the overall financial health of the utility, and the generated simulations appear
to represent the spread in the distribution across the selected years reasonably

well.

3.2 Influence of Market & Hydrometerological Conditions

The financial risk posed to PG&E by variability in annual streamflow, summer
temperatures, and natural gas prices is depicted in Figure S3 and Figure 5. The
net revenues across the simulations exhibit considerable variability ranging from
11.5-13 $ billion, and a mean of 12.2 $ billion. In this study, dry years are de-
fined as annual streamflow below the 25th percentile, which reflects the U.S.
Geological Survey’s classification of “below normal” year [USGS, 2022]. Fig-
ure S3 (B) demonstrates that PG&E’s mean net revenues typically suffer, albeit
marginally, during years with low streamflows, which result in a decrease in
hydropower generation and increased reliance on more expensive thermal gen-
eration. Simulation years with cool summers (defined as annual CDD below the
25th percentile) also result in lower mean net revenues (Figure S3 (C)). This is
a consequence of a large fraction PG&E’s revenue coming from selling power
(for cooling and air-conditioning) to its residential customers that have higher
rates in the summer due to seasonal pricing. Cooler summers reduce electricity
demand, thereby reducing revenues. High natural gas prices (defined as prices

above the 75th percentile across the simulations) lead to the largest reductions in
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net revenue (Figure S3 (D)). Natural Gas fired power plants are almost always the
marginal generator within CAISO dictating the overall price per MWh, and at the
annual time scale wholesale electricity prices are highly correlated with natural
gas prices (Pearson correlation of 0.98 (Figure S4)). Consequently, higher prices
of natural gas result in higher costs of energy procurement for PG&E, decreasing
revenues since PG&E buys more power from CAISO than it sells into it.

Figure 5 displays the compound risk to net revenues due to the influence of
natural gas prices, CDD and streamflow across the generated simulations. The
dotted line denotes the 20th percentile of the simulated revenues. The strongest
determinant of net revenue is the natural gas price, with higher natural gas prices
associated with lower net revenues. The effect of CDD on net revenues is dis-
played using the color scheme and is less pronounced, but crucial. Net revenues
are greater in years with higher CDD, which is attributed to the fact that total
demand is highly correlated with CDD (Pearson correlation of 0.9).

The highlighted datapoints A, B and C in Figure 5, identify the years with
the three highest CDD values respectively. Point A is the most profitable for
the utility with the highest net revenues given that this year corresponds with
low natural gas prices and high summer temperatures enabling the utility to buy
power cheaply and sell larger quantities of it to its customers. The profitability
changes a bit as we move to point B where the demand still exists due to high
CDD, but the cost of generation goes up due to high natural gas prices, thereby

reducing net revenue. Point C, D and E, refer to the years with the three highest
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market prices. Given the strong relationship between prices and net revenues
points E and D represent the two lowest net revenues years. Point C represents a
somewhat anomalous situation as it is a year with the third highest CDD, which
would suggest high demand and net revenues, but natural gas prices are also
high and this more than compensates and lowers net revenues. An additional
confounding factor in the year represented by point C is that it corresponds to a
low streamflow year thereby further reducing PG&E’s generation and increasing
costs, given that PG&E buys more power from CAISO than it sells into it. This
situation highlights the double-edged sword of demand, as described by a year
in which PG&E is forced to buy power at high costs to satisfy higher demand,

thereby reducing its net revenues.
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Figure 5: Compound Influence of Market & Hydrometerological Conditions. Net revenues versus
natural gas prices across the simulations. Each point refers to an individual year. The color
scheme depicts the CDD and the symbol shape denotes the streamflow across the simulations,

with warmer colors denoting warmer summers (with higher electricity demand). The dotted line
denotes the 20th percentile of the simulated revenues.

3.3 Composite Index

The multiple interactions between the market and hydrometerological conditions
motivates the development of the composite index, which captures the joint cor-
relation with net revenues. The composite index is constructed by regressing net
revenue against the annual streamflow, CDD and natural gas prices, and is the
predicted value of the regression, given values of the three covariates. Eighty
percent of the data were randomly selected for training whereas, the remaining
twenty percent were used for testing. The results from the regression on the

training dataset are displayed in Table S1. The model testing error and training

35



618

619

620

621

622

623

624

625

626

627

628

629

630

631

632

633

634

635

636

error were comparable indicating no presence of overfitting (Figure S5). Overall,

the composite index (I) is computed as follows:-

[($B) = 0.074 x sf + 0.108 x CDD — 0.161 x NG +12.227  (8)

where, s f is the annual streamflow, C'D D is the cooling degree days (a mea-
sure of summer temperature) and NG is the annual mean natural gas price. All
three covariates were standardized, transforming them to a mean of zero and
standard deviation of one. The predicted index values were calculated using the
deterministic component of the regression equation, omitting the stochastic er-
ror term to ensure contractual transparency and computational certainty in the
insurance settlement process.

Figure 6 displays the correlation matrix across the variables used to construct
the portfolio of instruments (streamflow, CDD and Natural Gas), as well as how
each correlates with net revenues and the composite index. The Pearson corre-
lation value for each variable pair is denoted within the sub-plot along with the
linear fit estimated from the entire set of simulations. Streamflow and CDD are
negatively correlated with a coefficient of -0.26 (p=2.1e-09), a relation between
dry years and hot summers. Natural gas price does not vary (near zero corre-
lation) with streamflow and CDD largely because natural gas prices are largely
set by national and global markets, such that variability in demands in California

alone do not have much of an impact.
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Figure 6: Correlation matrix of annual streamflow, CDD, natural gas prices, the composite index,
and net revenues. All values are standardized. The Pearson correlation coeflicients for each vari-
able pair are denoted in red within the sub-plot.

Streamflow and net revenue are weakly positively correlated (R=0.20, p =7.4e-
06), indicating that low streamflow years contribute to lowering net revenues.
Net revenues and CDD, have a stronger positive correlation (R=0.43, p< 2.2e-16),
indicating that net revenues improve with increasing summer temperatures. Net
revenues are negatively correlated with natural gas prices (R=-0.75, p< 2.2e-16),

displaying the effect of high natural gas prices in reducing the overall net rev-

enues. Each of these three variables are used as individual risk transfer instru-
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ments within the portfolio of available instruments, and are compared against
the composite index based instrument.

While these individual relationships capture one-to-one correlations between
each variable and net revenue, the composite index (eqn. 8) is much more highly
correlated with net revenues (Pearson correlation of 0.91, p< 2.2e-16) than any
of the individual components. The composite index captures these relationships
in a way that indices based on each individual component do not, accounting
for interactions between components (e.g. the joint probability of drought and
heatwave) that amplify or reduce net revenue losses relative to what is observed
when only considering the effects of each component individually. In this way,
a contract based on the composite index decreases basis risk relative to what is
observed when considering the effects of each component individually, reducing
the incidence of over/under-payment and leading to a more effective financial
instrument. While this finding was foreshadowed in previous research, it has

not been tested or quantified.

3.4 Composite Index Contract Performance

A 100-year time series (subset of simulated years) illustrates the performance of
the composite index contract (Figure S6) and demonstrates that it is effective in
raising the net revenue floor (i.e., the lowest net revenues) experienced by the
utility over the period in question. A similar plot displaying the effectiveness of

the composite index contract across all the simulation years is attached in the
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supplement (Figure S7). The mean net revenues over this period decreases due to
the annual contract premium, but payouts are reliably triggered during the worst
performing years, limiting the utility’s losses during adverse conditions.

The composite index contract improves the revenue floor (worst-case net rev-
enues) from $11.47 billion to $11.76 billion (an improvement of almost $300 mil-
lion) and raises the 5th percentile risk threshold from $11.87 billion to $11.91
billion (an improvement of $45 million) in exchange for an annual premium of
$47.5 million that lowers PG&E’s mean net revenue accordingly. The portfolio of
single index contracts is also designed to limit low net revenue years and repro-
duce the same overall variability in net revenues (measured in terms of variance)
as the composite index contract. However, it does not perform as well as the
composite index contract in limiting the net revenue floor experienced, and it
costs significantly more (Table 1), largely as a result of basis risk. The composite
index contract reduces the variance of PG&E’s net revenues to a level of 37,100
($M?) at a premium cost of $45.7 million annually, which is significantly less ex-
pensive than the cost of a portfolio of individual contracts ($82.5 million) that
produces the same net revenue variability. The greater aggregate premium cost
of the portfolio results from its higher basis risk, which leads to overpayments
during years without substantial losses and a higher expected aggregate payout.
The higher aggregate payout is a function of the lower correlation between utility
losses and payouts, thus more payouts are required to achieve the same risk re-

duction as that reached via the composite index contract. The selected strike for
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the composite index is near the 15th percentile, refer Table S2 for the influence

of the strike on risk management.

Table 1: Performance of the composite index contract and the portfolio of individual contracts
compared to unmanaged net revenues.

Unmanaged Net Revenues Net Revenues
Managed with ~ Managed with
Net Revenues . .
Composite Index Portfolio
Premium ($M) = 45.5 81.3
Expected Payout ($M) - 15.7 27.3
Loading ($M) - 29.8 54
Mean Net Revenue ($M) 12,226 12,196 12,172
Net Revenue Variance ($M)? 47,280 37,090 37,100
Net Revenue 5" Percentile ($M) 11,871 11,915 11,870
Minimum Net Revenue ($M) 11,475 11,764 11,656

Further evidence of basis risk is seen in histograms comparing PG&E’s un-
managed losses with the payouts from both the composite index contract and the
portfolio (Figure 7). In this case, the “portfolio payout” is the aggregate payout
calculated by summing the payouts from the individual contracts in the portfolio.
The areas of the payout distribution that do not overlap with the distribution of
unmanaged losses represent over/under-payments. Comparatively, the compos-
ite index contract does not produce many instances of overpayments. There is
still some level of basis risk with the composite index contract, and this some-
times leads to small underpayments during years when PG&E has accrued un-
managed losses, but these are relatively minor and occur less frequently than the

portfolio strategy’s overpayments.
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Figure 7: PG&E’s simulated unmanaged losses and payouts from (A) composite index insurance
and (B) a portfolio of contracts based on the same indices as the composite index. The “portfolio
payout” is the aggregate payout calculated by summing the payouts from the individual contracts
in the portfolio.

A short illustrative time series of payouts (sub-set across of simulated years)
from both the composite index contract and the three individual contracts in the
portfolio shows the individual index contracts are frequently triggered during
years without unmanaged losses (i.e., unmanaged net revenues below the 15th
percentile) (Figure 8). Meanwhile, the composite index contract is reliably trig-
gered during the worst net revenue years, and the magnitude of payouts from

the composite contract better correlates with the unmanaged losses than those

from the individual contracts.
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Figure 8: Time series subset of the payouts from the composite index insurance and the payouts
from the portfolio of contracts against the unmanaged losses (blue dotted line) experienced by
PG&E during those years.

3.5 Application to an Alternative Future Scenario

The simulations from CAPOW and the PG&E financial model allow for the finan-
cial implications of pollution taxes for PG&E to be explored and the effectiveness
of the composite index contract to be tested under this alternative regulatory

scenario.

Overall Changes in Net Revenue

Annual net revenues across the tax and no tax scenarios are shown in Figure S8.
The pollution tax reduces PG&E’s annual mean net revenues, but also increases
the financial risk of very low net revenues (i.e. greater tail risk). While the mean

net revenues decrease by $ 327 million, the minimum net revenue reduces by $
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369 million due to the pollution tax, whereas the 95% VaR value decreases by 360

million USD.

Constructing the new Composite Index

Pollution taxes alter how PG&E is financially impacted by hydrometeorological
extremes. In the baseline generation scenario with no pollution taxes, the util-
ity financially benefits from summers with high temperatures as this increases
demand for electricity and PG&E’s revenues from electricity sales (Figures 6).
However, with the pollution tax implemented, the correlation between higher
temperatures and the resulting net revenues is reduced (Pearson correlation of
0.3 (p=1.4e-11) instead of the earlier 0.43) as PG&E brings more polluting power
plants online during periods of high demand and the pollution tax increases
PG&E’s costs (Figure S9). On the other hand, the relationship between stream-
flow and net revenues becomes stronger, with lower streamflow years associ-
ated with lower revenues in this regulatory scenario (Pearson correlation of 0.28
(p=9.1e-11) instead of the earlier 0.19) (Figure S9). Furthermore, average annual
wholesale electricity prices are higher with pollution taxes, and these prices now
have stronger correlations with streamflow and CDD when compared to the no-
tax scenario. This increased correlation relative to the baseline scenario is in part
due to the pollution taxes, which drive up wholesale electricity prices during
periods of high demand and loss of hydropower forces the utility to run more

polluting plants and incur higher tax payments.
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The composite index insurance contract accounts for these shifted relation-
ships and enables the utility to reduce its losses. By limiting the losses PG&E
would experience as a result of the pollution tax, the organization should be able
to more easily manage the implementation of the tax thereby reducing at least
some of potential arguments it. The composite index is constructed using the
same methodology as in the no tax scenario. Refer to Supplement Note D for fur-
ther details. The composite index (I) is slightly modified in this altered scenario

to reflect the effects of the shifted relationships with demand:

[($B) = 0.094 x sf 4+ 0.091 x CDD — 0.18 x NG + 11.9 (9)

where, s f is the annual streamflow, C'D D is the cooling degree days (a mea-
sure of summer temperatures), and NG is the annual mean natural gas price.
All three covariates were standardized, transforming them to a mean of zero and
standard deviation of one. The adjusted composite index again correlates very
well with PG&E’s net revenues (R? of 0.91 (Figure S9)), and a contract based on
this modified index is designed using a strike at the 18th percentile that, similar
to the baseline contract, corresponds to payouts being triggered roughly one in

SiX years.

Effectiveness of Composite Index

The composite index contract improves the worst-case net revenues in a pollu-

tion tax scenario from $11.1 billion to $11.4 billion (an improvement of over $300
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million) and raises the 5th percentile risk threshold from $11.51 billion to $11.57
billion (an improvement of $64 million) in exchange for an annual premium of
$63 million that lowers PG&E’s mean net revenue accordingly. Under this al-
tered regulatory scenario, PG&E’s net revenues are lower during years when the
prevented pollution damages are lower, given that high natural gas prices lower
net revenues and incentivize the use of dirtier alternative source thermal plants.
Nonetheless even in these years, where the pollution tax reduces PG&E’s rev-
enues, the composite index contract helps increase the revenue floor. The use of
this composite index contract therefore seems capable of significantly reducing
the increased financial risk that would accompany the implementation of a pollu-
tion tax, especially during years with extremely unfavourable hydrometeorology.
The composite index contract also significantly reduces overall net revenue vari-
ability, decreasing the coefficient of variation in net revenues from 0.02 to 0.017
(56500 ($M?) to 42040 ($M?)). For comparison, the composite index contract
implemented under the first scenario without pollution taxes results in a smaller
reduction in the coefficient of variation from 0.018 to 0.016 (47300 ($1/2) to 37100
($M1?)). Thus, the composite index contract is even more effective at reducing fi-
nancial risk in a scenario involving pollution taxes than it is in a scenario with

no pollution taxes.
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Figure 9: Effectiveness of the composite index during the pollution tax scenario. (A) Unmanaged
net revenues and (B) net revenues managed using a composite index contract versus the prevented
pollution damages within the California. For both sub-plots the solid black line denotes the mean,
whereas the dotted black lines denote the 5th and 95th percentile of the net revenues.

4 Discussion

These results suggest that financial contracts based on a composite index can
more cost-effectively manage the financial risk imposed on electric utilities as a
result of extreme hydrometeorological conditions and the higher electricity mar-
ket prices that accompany them. A financial risk management strategy based
on a composite index contract outperformed a portfolio of single index contracts
with the same constituent indices by achieving the same variance in net rev-
enues for roughly half the price, largely due to the lower basis risk associated
with the composite index contract. This is driven by the higher correlation be-
tween PG&E’s net revenues and the composite index, a result of the composite
index incorporating the compound effect of all three index components, which

can amplify or diminish net revenue losses due to correlations between factors
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such as droughts and heatwaves. Vertically integrated utilities with diversified
generation mixes, especially those that include a large fraction of renewables
whose generation is highly influenced by hydrometeorological conditions, could
benefit most from composite index contracts, as environmental factors have a
larger influence on their overall generation mix, a situation likely to impact more
utilities in the future. A primary benefit of the improved risk management strate-
gies that result could be a better credit rating and lower interest rates, reducing
overall utility borrowing rates, which should eventually lead to lower consumer
prices. With respect to steps needed to develop a commercially viable product,
the composite index would need to be modified to account for model error, as
CAPOW tends to overestimate the impacts of some hydrometeorological condi-
tions due to assumptions made in the model (e.g., simplified transmission infras-
tructure topology). In addition, this work uses stationary hydrometeorological
conditions, meaning contract premiums may need to be revised to account for
climate change impacts on the frequency and magnitude of extreme hydromete-
orological events.

The coincidence of extremely hot and dry periods, posing a threat to both
the financial stability of the utility and the public health of nearby communities
through the increased use of more heavily polluting thermal generation is also
an area that should draw continued interest. While a pollution tax on the result-
ing higher emissions can reduce pollution damages, it is also likely to increase a

utility’s financial risk. Under a scenario with a pollution tax, hot and dry periods
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generally decrease net revenues as the utility is forced to dispatch its most pol-
luting and thus most highly taxed, power plants in order to meet demand. The
composite index contract shows promise in terms of effectively reducing the in-
creased financial risk driven by a pollution tax. Applying the composite index
contract to a scenario that includes a pollution tax suggests that the contract can
be used to facilitate improved public health by removing disincentives for actions
like a pollution tax that may lead to greater financial risk.

Further research might include explore different types of contract structures
and risk management strategies for managing net revenue variability at shorter
timescales (e.g., during blackouts). A composite index contract developed for use
during conditions at shorter timescales could offer similar advantages, though
the types of risks being addressed might change (e.g., at shorter timescales, heat
waves pose more of a financial risk than at an annual timescale). Contracts with
shorter durations would be especially useful in a pollution tax scenario, as pollu-
tion taxes can fail to reduce pollution damages during extremely hot days in late
summer when hydropower is simultaneously low, and all available generation
sources must be dispatched to avoid blackouts as described by Zeighami et al.

[2023].

5 Conclusion

Variability in hydrometeorological conditions poses a significant financial risk
to electric utilities, a risk that arises from intermittent fluctuations in electricity
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supply and demand that drive unpredictable swings in costs and revenues. A
composite index insurance contract tailored to manage these hydrometeorologi-
cal risks is just as effective as, and significantly less expensive than a portfolio of
separate contracts currently commercially available. Taking effective steps to sta-
bilize net revenues with financial instruments can help satisfy investors, lenders,
and others (e.g., credit rating agencies) that a utility’s financial risk is being better
managed, contributing to both improved long-term financial stability and lower
costs. These findings may have broad applicability as investor-owned electric
utilities accounted for 34.7% of total electricity generation in the United States
as of 2022 [Edison Electric Institute, 2023]. Concerns over climate change have
resulted in electric utilities coming under increasing scrutiny regarding their fi-
nancial exposure to hydrometeorological risks, making new tools and strategies

for managing these risks increasingly important.

Data and Code Availability

The code needed to replicate the analysis can be foundat https://github.

com/yashamonkar/CompositeIndexInsurance. The underlying method-

ology used to generate the simulations follows Zeighami et al. [2023]. The entire
data along with the underlying simulations and the code used in this study is

made publicly available at https://zenodo.org/records/14933915.
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Supplementary Materials

Note A: Post-Processing of Variable Natural Gas Prices

Variable natural gas prices are generated by the Ornstein-Uhlenbeck mean re-
verting model (Uhlenbeck & Ornstein, 1930) based on historical California natu-
ral gas prices. In order to factor variable natural gas prices into marginal gener-
ation costs ($/MWh), the average heat rates (MMBtu/MWh), a measure of a gen-
erator’s efficiency, of PG&E’s natural gas plants are multiplied by the simulated
natural gas prices ($/ MMBtu). Variable natural gas prices are incorporated into
wholesale electricity prices by first determining which type of generator is set-
ting the price (e.g., solar, wind, natural gas, etc.). If it’s determined to be a natural
gas generator, the wholesale electricity price ($/MWh) under constant natural gas
prices is divided by the constant natural gas price ($/MMBtu) used by CAPOW to
determine the generator’s approximate marginal heat rate (MMBtu/MWh). The
marginal heat rate is then multiplied by the variable natural gas price to deter-

mine the “new” wholesale electricity price under natural gas price variability.

Note B: Braun Premium

In order to price the index contracts using the Braun premium (Braun, 2016), the
following simplifying assumptions are made. Peak territory is a binary variable
(1 = yes; 0 = no) that represents if the contract is based in the United States. Since

a majority of catastrophe risk capital is based in the United States, reinsurance
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based on U.S. risk does not contribute to geographically diversifying the coun-
terparty’s risk portfolio. PEAK is set to 1 for pricing the index contracts as the
financial risks they manage are based in the United States. The binary variable
SW (1 = yes; 0 = no) represents if the counterparty is well diversified, which
can lower the premium. It is assumed that the counterparty of the index con-
tracts will be well diversified, so this variable is set to 1. The rate on line index
variable, ROLX, is a synthetic index that reflects changes in reinsurance market
cycles. Baum & Characklis (2020) used the historical ROLX average over the pe-
riod 1997-2012, and this value is similarly used in this work. The binary variable
IG (1 = yes; 0 = no) signifies if the bond is investment grade, and this value is
set to 0, since the majority of catastrophe bonds are noninvestment grade. The
BBSPR variable is set to 3.5%, representing the historical average BB corporate

bond spread relative to the spot Treasury curve over the last 20 years.
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Figure S1: The historical relationship between drought (top) and California’s natural gas and
hydropower generation (bottom) from 2010-2022 [National Drought Mitigation Center, 2023, U.S.
EIA, 2024].
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Figure S2: Prevented pollution damages (i.e. improved public health outcomes) across California
versus annual streamflow within the PG&E operating domain with warmer colors representing
higher annual CDD (i.e., higher summer temperatures).
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the simulations.
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w Note C: Composite Index Regression and Contract Strike Selection

Coefficients Standard error p-value Significance codes
Intercept 4.44e-03 < 2e716 .
Annual Streamflow 4.44e-03 < 2e710 ek
CDD 4.46e-03 < 2e716
Natural Gas Prices 4.43e-03 < 2e716 ek

Table S1: Composite Index Regression. Output from regressing net revenues against annual
streamflow, CDD and natural gas prices. The composite index is the predicted values generated
using this regression. (* Significant at 0.05. **Significant at 0.01. ***Significant at 0.001).

Fitted Values ($B)
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Figure S5: Scatter plot of the net revenues and fitted values. The red and black points refer to the
testing and training datasets. The mean training and testing error is 7.7 and 7.8 million respec-

tively.
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whereas the dotted lines at the center denote the mean across all the simulation years.
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Setting the strike of the composite index contract to a lower value (10th per-
centile of the index) lowers the premium of the contract compared to higher strike
as payouts are triggered less often. This also results in a smaller decrease in net
revenue variance compared to using a higher strike. The choice of strike depends

on the risk aversion of the utility, with higher strikes indicating more risk aver-

sion.
Table S2: Performance of the composite index contract at different strike levels.
Unmanaged Strike @ 10" Strike @ 20"
Net Revenues  percentile percentile
Premium ($M) - 29.7 64.17
Expected Payout ($M) - 9.34 23.59
Loading ($M) - 20.39 40.58
Mean Net Revenue ($M) 12,226 12,205 12,185
Net Revenue Variance ($M)>? 47,280 40,237 33,998
Net Revenue 5" Percentile ($M) 11,870 11,892 11,928
Minimum Net Revenue ($M) 11,475 11,730 11,792
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s Note D: Pollution Tax Scenario and Composite Index Regression
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Figure S8: Influence of pollution tax on unmanaged net revenues under the no tax scenario (grey)
and with the implementation of the pollution tax (pink). The red and grey lines refer to metrics
corresponding to the pollution tax and no tax scenario. The solid lines denote the mean, whereas
the dashed lines denote the minimum values across the simulation years.
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Figure S9: Correlation matrix of annual streamflow, CDD, natural gas prices, the composite in-
dex, and net revenues for the pollution tax scenario. All values are standardized. The pearson
correlation coefficients for each variable pair are denoted in red within the sub-plot.

Coefficients Estimate Standard error p-value Significance codes
Intercept 11.9 5e-03 < 2¢16 owk
Annual Streamflow  0.094 5e-03 < 2e716 Hokk
CDD 0091 56-03 < 26716 Kk
Natural Gas Prices -0.18 5e-03 < 2e716 ek

Table S3: Composite Index Regression for the Pollution Tax Scenario Output from regress-
ing net revenues against annual streamflow, CDD and natural gas prices. The composite index is
the predicted values generated using this regression. (* Significant at 0.05. **Significant at 0.01.
***Significant at 0.001).
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