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The escalating frequency and severity of natural disasters, exacerbated by climate
change, underscores the critical role of insurance in facilitating recovery and promoting
investments in risk reduction. The paper introduces a novel adaptive robust optimization
(ARO) framework tailored for the calculation of catastrophe insurance premiums, with a
case study applied to the US National Flood Insurance Program. To the best of our
knowledge, it is the first time an ARO approach has been applied to disaster insurance
pricing. Our methodology is designed to protect against both historical and emerging
risks, the latter predicted by machine learning models, thus directly incorporating
amplified risks induced by climate change. Using US flood insurance data as a case study,
optimization models demonstrate effectiveness in covering losses and produce surpluses,
with a smooth balance transition through parameter fine-tuning. Among tested
optimization models, results show that ARO models with conservative parameter values
achieve a low number of insolvent states with the least insurance premium charged.
Overall, optimization frameworks offer versatility and generalizability, making them
adaptable to a variety of natural disaster scenarios, such as wildfires and droughts,
among others. This work not only advances the field of insurance premium modeling but
also serves as a vital tool for policymakers and stakeholders in building resilience to the
growing risks of natural catastrophes.

1. INTRODUCTION The Intergovernmental Panel on Climate Change has

underscored the necessity of financial instruments to man-
Catastrophic events—ranging from natural disasters to hu- 8¢ disaster risk and support climate adaptation efforts
man-made crises—can cause severe damage to individuals, (Linnerooth-Bayer and Hochrainer-Stigler 2015). Develop-
businesses, and entire communities. In recent years, global g innovative tools for managing financial exposure to
climate change has exacerbated climate variability and ex- weather risks is crucial. The insurance sector has emerged
treme weather events, leading to more frequent and costly S @ Pivotal player in protecting human, economic, and
natural disasters worldwide (Van Aalst 2006). As Figure 1 natural systems from climate-related vulnerabilities (Mills
shows, the frequency of disasters has risen dramatically ~2007; Keucheyan 2018). Within this context, catastrophe
over recent decades. The heightened risks of catastrophic ~INSurance serves as a vital risk management mechanism,
events, including tropical cyclones, droughts, floods, and 1not only providing financial support for post-disaster re-
heatwaves, pose unprecedented challenges to society’s re-  COVery but also creating incentives for proactive investment
silience and adaptability. These challenges have made dis- 11 Mitigation efforts.

aster risk mitigation and climate change adaptation strate- Catastrophe insurance, also known as disaster insurance,
gies increasingly urgent (Mercer 2010). focuses on large-scale, low-frequency events that can cause
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Figure 1. Number of major disasters globally since
1900, maintained by the EM-DAT database (“EM-DAT
The International Disaster Dataset” 2021). A disaster is
defined as an event that overwhelms local capacity,
necessitating a request to the national or international
level for external assistance. Types of disaster include
flood, storm, earthquake, drought, landslide, extreme
temperature, wildfire, volcanic activity, mass
movement (dry), glacial lake outburst, and fog, among
others.

widespread damage. It typically covers disasters such as
hurricanes, earthquakes, floods, terrorist acts, and pan-
demics. The rarity of such catastrophic events complicates
the insurance process, as traditional actuarial methods fall
short, often due to a lack of comprehensive historical data.
Compounding that challenge, climate change is leading to
more regular and destructive climate-related catastrophes,
which traditional reliance on historical data alone tends to
underestimate. In contrast to conventional insurance poli-
cies that spread risks across insured individuals, catastro-
phe insurance confronts a temporal problem of matching
the regular influx of annual premiums with the irregular
and unforeseeable distribution of payouts for losses.

In the United States, catastrophe insurance has histor-
ically been managed predominantly through national pro-
grams. The National Flood Insurance Program (NFIP), for
example, is the principal provider of flood insurance in the
country, covering more than 95% of the underwriting risks
(Michel-Kerjan 2010). However, the NFIP’s actuarial effec-
tiveness has been the subject of scrutiny, with the pro-
gram operating at a significant deficit—US$19 billion as of
2023—highlighting the need for reform in the structuring
of such insurance schemes (Horn and Brown 2017). The en-
try of private insurers into the catastrophe coverage mar-
ket has been deemed crucial, yet the inherent complexities
associated with rare events have led to minimal participa-
tion from private entities (Michel-Kerjan and Kunreuther
2011). Indeed, many private insurers are withdrawing from
regions deemed “uninsurable” due to escalating risks from
climate change (Flavelle et al. 2023). Regulators and insur-
ers are thus particularly concerned about insolvency risks
in catastrophe insurance markets, as extreme events can
trigger large-scale, correlated losses that threaten insurers’
financial stability. These solvency concerns have led to
stringent capital requirements and risk transfer mecha-

nisms, such as reinsurance and catastrophe bonds, to en-
hance the resilience of insurance providers (Charpentier
and Le Maux 2014).

In this paper, we present an adaptive robust optimiza-
tion (ARO) framework for catastrophe insurance premium
pricing designed to protect against uncertain losses. To the
best of our knowledge, this is the first work using an ARO
approach to set disaster insurance premiums. We develop
the framework and implement it to flood insurance using
NFIP data. The main contributions are threefold:

» We present an ARO framework designed for the pric-
ing of catastrophe insurance premiums. The novel
framework integrates two key objectives: minimizing
insolvency risk and ensuring capital -efficiency.
Specifically, we develop an uncertainty set that cap-
tures the volatile loss profile based on historical loss
distributions, enhancing insurers’ resilience against
catastrophic events.

» We apply our ARO framework to US flood insurance
using data from the NFIP from 1975 to 2022. We para-
meterize optimization models using 1975-2011 data
as training data and evaluate model performance us-
ing 2013-2022 data as out-of-sample testing data.
Optimization models demonstrate capabilities in ef-
fectively covering losses while offering adaptability
to policymakers’ risk tolerance and level of conser-
vatism. In particular, we recommend that policymak-
ers choose an ARO model, with conservative parame-
ter values, to achieve superior performance in both
effectiveness and efficiency in covering losses.

» We highlight the adaptability and generalizability of
our framework, suggesting the potential application
of an ARO approach to pricing a wide range of cata-
strophic events, such as wildfires, droughts, and ex-
treme weather events.

The structure of the paper is as follows. In Section 2, we
review the relevant literature. In Section 3, we introduce
the problem setup and present both the robust optimiza-
tion (RO) and the ARO frameworks. We derive their respec-
tive robust counterparts in forms that can be efficiently
solved using standard optimization solvers. In Section 4,
we demonstrate the application of our framework through
a case study on flood insurance in the United States. We ex-
plain model construction and model parameter estimation.
In Section 5, we discuss numerical results of the case study
from our models against two baselines: historical NFIP pre-
miums and a cumulative moving average (CMA) scheme. Fi-
nally, we conclude in Section 6.

2. LITERATURE REVIEW

The problem studied in this paper pertains to three key ar-
eas: (1) catastrophe insurance pricing, (2) catastrophe mod-
eling, and (3) disaster relief planning. Our methodology
builds on research in adaptive and robust optimization.
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2.1. CATASTROPHE INSURANCE PRICING

The cost of catastrophe insurance comprises three key com-
ponents: average annual loss (AAL), risk load, and expense
load (Grossi 2005). AAL represents the total expected loss
from all covered events within a year. The expense load
accounts for administrative costs, including taxes, com-
missions, and loss adjustment expenses, typically set as a
fixed percentage (e.g., 30%) of the combined AAL and risk
load. Unlike conventional property and casualty insurance
(e.g., auto insurance), where losses remain relatively sta-
ble across large pools and AAL constitutes the bulk of the
premium, catastrophe losses are characterized by extreme
volatility. Insurers need to allocate substantial additional
capital beyond the expected loss to ensure that they can ab-
sorb rare shocks, and the risk load reflects such a cost pre-
mium.

To mitigate insolvency risks, regulators require insurers
to adhere to capital adequacy principles, often through ex-
ceedance probability thresholds to ensure that the prob-
ability of total losses surpassing available capital remains
acceptably low (Olivieri and Pitacco 2015). The required
capital varies based on insurer-specific strategies and reg-
ulatory mandates (Jaffee and Russell 1997). For example,
the Florida Office of Insurance Regulation stress-tests hur-
ricane insurers to ensure that the probability of insolvency
does not exceed 1% (Nicholson et al. 2018). Instead of de-
composing risks into AAL and risk load, our approach
adopts an optimization framework, directly modeling the
cost required to prevent insolvency risk by constructing
uncertainty sets around expected losses. This allows for a
more flexible and robust risk assessment, accounting for
volatility without relying solely on predefined risk load as-
sumptions.

2.2. CATASTROPHE MODELING

Catastrophe modeling, or CAT modeling, is a computa-
tional framework that integrates statistical, geophysical,
and economic data to estimate the likelihood and financial
impacts of extreme events such as hurricanes, earthquakes,
and floods. Widely used by insurers and policymakers, CAT
models assess disaster probabilities and estimate physical
and financial losses (Grossi 2005). Modern CAT models con-
sist of three key modules: hazard modeling, vulnerability
assessment, and exposure modeling (Mitchell-Wallace et
al. 2017). Hazard modeling simulates event characteristics
(e.g., wind speed, earthquake magnitude) using statistical
and physics-based methods, with machine learning im-
proving predictive accuracy (Rueden et al. 2020; Chen and
Zhang 2022). Vulnerability assessment quantifies the rela-
tionship between hazard intensity and damage, while ex-
posure modeling links predicted damages to affected assets
and populations through high-resolution geospatial and
socioeconomic datasets. The market is dominated by pro-
prietary models from AIR Worldwide, RMS, and EQECAT,
alongside open-source alternatives like the Federal Emer-
gency Management Agency’s (FEMA’s) HAZUS (Schneider
and Schauer 2006).

Despite their widespread use, CAT models face chal-
lenges such as limited historical data, complexities in sce-
nario simulations, and the underestimation of risks, par-
ticularly under climate change (Kunreuther et al. 2013;
Dlugolecki et al. 2009). Emerging hybrid approaches that
combine machine learning with physics-based models offer
improved transparency, robustness, and adaptability (Za-
hura et al. 2020). This paper contributes to the literature
by introducing an optimization-based framework that di-
rectly addresses uncertainties in losses and climate risks,
enhancing tail-event risk assessment and improving deci-
sion-making for risk management.

2.3. DISASTER RELIEF PLANNING

Many studies have focused on the problem of general re-
source allocations to different programs or regions under a
given budget constraint (Wang et al. 2023; Alem et al. 2016;
Salmerén and Apte 2010). Yang et al. (2021) discuss fund al-
location for flash flood reduction, and Liu et al. (2022) fur-
ther incorporate the use of insurance premiums as a source
of funding. As highlighted by Kunreuther et al. (2013), the
critical issue in insurance policy lies in the need for deci-
sion-making robustness in the face of climate change’s un-
certainties. There is also a growing body of work on using
robust optimization in disaster relief management to deal
with uncertainties (Ben-Tal et al. 2011; Zokaee et al. 2016).
Few studies discuss the use of optimization for catastrophe
insurance pricing directly. Ermolieva et al. (2017) apply sto-
chastic optimization to the Dutch flood insurance scheme.
Our study fills in the gap by proposing a robust optimiza-
tion framework by modeling uncertain losses to address the
increasing unpredictability of weather events driven by cli-
mate change.

3. OPTIMIZATION FRAMEWORK FOR
CATASTROPHE INSURANCE

In this section, we introduce a realistic problem setup from
the perspective of an insurer, where annual premium rates
must be determined under significant uncertainty about
future losses. Losses due to natural disasters and other
extreme events are inherently uncertain, often exhibiting
heavy tails, temporal variability, and limited data availabil-
ity. To account for such uncertainty in a systematic and
risk-averse manner, we adopt an RO framework. RO pro-
vides a natural approach for modeling uncertainty by opti-
mizing decisions against the worst-case outcomes within a
predefined uncertainty set, which is defined using historical
loss distribution. We then present the robust counterpart of
the RO formulation, which can be solved efficiently using
standard optimization solvers. To further enhance flexibil-
ity, we introduce an ARO framework, which allows rate-set-
ting decisions in future years to adapt to realized losses, re-
flecting the evolving information available to insurers over
time. Finally, we derive the robust counterpart of the ARO
formulation.
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3.1. PROBLEM SETUP

In this study, we consider setting insurance premiums for
N locations for the insurance period of T years, denoting
premiums as variables p;, where ¢ € [N],t € [T]. Following
industry practice, we assume that each location represents
the smallest geographical unit where catastrophe risk has
been assessed and that a standard premium is charged.
We are given the data of historical losses for each location
for each year in the past T, years, which we denote with
liy,;i=1,...,N,t=1,...,Tp. We assume that the future
losses for each location 7 in the insurance period of T' years
are givenbyl;;,i=1,...,N,t=1,...,T. Future losses [; ;
for location 7 over the insurance period T are inherently un-
certain. However, to first establish our formulation frame-
work, we assume knowledge of /; ; and later introduce an RO
approach to systematically model this uncertainty.

The objective is to determine the minimum premium
that will ensure financial stability while offering the most
competitive rate in the market. This involves optimizing
capital efficiency, specifically, covering insolvency risks
with the least amount of required capital. By minimizing
capital requirements, insurers are better positioned to
lower premiums and remain competitive. To account for
consumer behavior, where higher premiums lead to de-
creased demand, we introduce a demand-damping function
f: R — [0, 1], which is a monotonically decreasing function
representing the decline in demand as premiums increase.
Therefore, the overall objective function of the optimiza-
tion problem is as follows:

minZZf(pi,t) * Pit. (1)

Pit 1 =1

To model the damping behavior of demand as price in-
creases, we adopt a piecewise linear function. This choice
ensures that the resulting objective function remains qua-
dratic in the premium variable p, preserving the tractability
for most optimization solvers to find a solution efficiently.
Moreover, the damping rate can be flexibly controlled
through a tunable hyperparameter, allowing us to accu-
rately reflect the sensitivity of demand to price changes.

Next, to protect insurers against insolvency risk, we re-
quire the premium price to cover projected losses with an
additional buffer amount, denoted by §, which is a fixed
threshold for each location. To ensure financial stability,
then, premiums must exceed projected losses by the buffer
amount, leading to the following constraint:

T T
> fpia) ¥ pie— Y FDig) i =8, i€ [N]. (2)
t=1 t=1

Next, we impose a constraint to require premiums collected
over consecutive years to vary slowly. Insurance regulators
typically impose limits on year-over-year premium in-
creases to prevent market disruptions and financial strain
on policyholders. Thus, we enforce the following constraint
to require premiums collected in subsequent years to be
bounded by an absolute value 6:

Ipit — piz-1] <0, i€[N], telT] (3)
Finally, p;; should be nonnegative, for all locations over all
periods, to ensure feasibility in all scenarios:

pit €RY, i€[N], telT). (4)

3.2. ROBUST OPTIMIZATION FORMULATION

In our initial problem setup, we assume that projected fu-
ture losses are known. However, in reality, future losses I; ;
for location 4 over the insurance period T' are inherently
uncertain and highly volatile, particularly in the context of
catastrophe risk. To ensure that insurance premiums re-
main resilient across different possible loss scenarios, we
adopt an RO framework to systematically account for un-
certainty.

RO is a well-established methodology for handling op-
timization problems with uncertain data (Bertsimas et al.
2011). Unlike traditional stochastic approaches that rely on
probability distributions, RO optimizes against an uncer-
tainty set, making it particularly suited for extreme events
and financial risk management. Given the unpredictability
of catastrophic losses, RO naturally lends itself to insurance
premium modeling, allowing insurers to mitigate insol-
vency risks while maintaining capital efficiency. Widely ap-
plied in operations research, engineering, and finance, RO
provides a structured, scenario-resilient framework that
balances risk and financial stability, ensuring that premi-
ums remain robust across uncertain loss scenarios.

We model the uncertain variables {l;;},_y ;o using un-
certainty sets {l;},., and impose the requirement that
constraint (3) holds for all possible values within the un-
certainty set. This ensures that premiums remain sufficient
to cover potential losses under all scenarios captured by
the uncertainty set. Thus we ensure that premiums are ro-
bustly set to mitigate insolvency risks to maintaining finan-
cial sustainability:

T T
D i) ¥pig = Y f(0ig) # g > 6,
t=1 t=1

V(lit)er € Us,
i € [N].

To account for uncertainty in future flood losses, we con-
struct an uncertainty set that captures potential deviations
from historical data. We assume that future flood losses at
each location follow the same distribution as past losses,
and we leverage the central limit theorem (CLT) to define a
robust uncertainty set. For each location i, we assume that
the future losses L;; are independent and identically dis-
tributed (i.i.d.) with a mean of [; and a standard deviation of
&;, where [; and ; are the mean and the standard deviation
for location 7 estimated using historical data. We assume
that the uncertain quantities L;, take values such that

T
N Liy—T-0;

t=1

(5)

<vy-0VT, (6)

where v is a parameter controlling the conservatism of
the uncertainty set, determining how much future losses
can deviate from the historical distribution. Thus, the un-
certainty set U; captures all possible future loss scenarios
for location i where cumulative losses remain within a
bounded deviation from the historical mean, scaled by v

|y iy — T 1]
U= (L, L) =22 U g
‘ { ! ! Ui\/T
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where [;, o; can be computed for each location i using his-
torical data. Increasing v expands the uncertainty set, mak-
ing the optimization model more conservative. This results
in higher premiums to ensure sufficient coverage under
worst-case loss scenarios. Since flood risk varies across lo-
cations, we construct a separate uncertainty set for each
location using its respective historical mean and standard
deviation. This ensures that our model captures regional
differences in flood risk while maintaining robustness
across all locations.

Therefore, the overall RO formulation of the problem is
as follows:

T
Zf(lht * Pit

=1
T
f(pit) * iy — Z f(pig) *lig > 6, (8)

=1
(li,t)tET S uiv 1€ [N]7
|pit — piz-1]| <0, ie[N],tel[T],
pit €ERT, i€ [N]|,te[T).

Proposition 3.1. The RO formulation is equivalent to

T
min ; F(piz) * pig

Pu

1= zMz

<l

T T
Zf(pi,t) *Pit — %Z flpir) * L; > 6, Vie [N], )
=1 =1

Ipit — pig—1| <0, Vie[N],
where L; =T - I; + v - 0;V/T.

t € [T],

3.3. ADAPTIVE ROBUST OPTIMIZATION FORMULATION

ARO extends the RO framework introduced in the previous
section by allowing the decision variables to depend on re-
alized uncertain quantities through affine decision rules,
rather than being fixed in advance against the worst case.
Using ARO techniques, we enable premium adjustments
based on actual loss experiences. In particular, we let pre-
miums depend on realized losses using affine decision
rules, as proposed in Chapter 7 of Bertsimas and Hertog
(2022). This approach not only refines premium pricing ac-
curacy but also ensures a responsive and equitable insur-
ance mechanism against the backdrop of unpredictable cat-
astrophic events. We let premiums depend on loss from the
previous time step as follows:
fort=1

_ )@,

pi’t_{ai,t+5i,t~l fort=2,...,T
where premium for location 7 at time period ¢ is determined
by a linear combination of parameters. Specifically, for the
first time period, the premium is set to a base value «; 1; for
subsequent periods, the premium is adjusted based on the
loss ;1 experienced in the previous period, with a;; and
Bi+ new variables to be optimized over.

Throughout this section, we drop the demand-damping
function f(p) from the ARO formulation. This simplifica-
tion is a technical necessity: Retaining f(p) together with
the affine decision rules, in which p;; depends on the un-
certain loss /;;_1, would render the problem non-convex
and preclude derivation of a tractable robust counterpart.
As shown in the sensitivity analysis in Section 5.1, the
choice of demand-damping rate has a negligible effect on

(10)

i,t—1,

optimization outcomes compared to gamma, further justi-
fying this modeling choice. The ARO formulation is given
as follows:

min3"

i=1 t=

szt_zlzt>5 zt tETGu“ ZG[NL
‘Pt,t - pz,tfl‘ S 07 i€ [NL te [T]7
pit €ERY, i€[N], te[T).
Proposition 3.2. The ARO formulation is equivalent to
min €
Otmﬂi:
s.t. Za” —l—manch] <Q,
s1%) 571 (12)
si 732 > Biy, Vt=2,...,T,
5] — 83 >0,
si, s% > 0.
T
- Z iy + Z cjs? < =4,
t=1 j
st —s3>1— By, Vt=2,...,T, (13)
s2—s2>1,
s%, s% > 0.
Qi+ Z CjS?’t <0,
J
3.t 3.t
51 32 Z _ﬂi,t (14)
s:it 3,t >0,
sit, 52 > 0.
‘ai,t az,t71| < 017 t= 23"'7T7 (15)
1Big — Big1| <02, t=2,...,T.

Since the uncertain variables appear linearly in constraints,
we derive the robust counterpart for each constraint by in-
troducing slack variables for each constraint, where each
set of the equations in the robust counterpart corresponds
to specific constraints where uncertain variables appear.
Constraint (12) is the epigraph formulation for the objec-
tive function, constraint (13) corresponds to covering
losses, constraint (14) corresponds to the positivity con-
straint, and constraint (15) corresponds to the slowly vary-
ing constraint. Detailed derivation can be found in the ap-
pendix.

4. CASE STUDY ON US NATIONAL FLOOD
INSURANCE PROGRAM DATA

In this section, we demonstrate the application of our
framework through a case study on flood insurance in the
United States. We explain the model parameter estimation
and the details of the training of machine learning risk pre-
dictions.

4.1. DATA

We used two redacted datasets from the NFIP containing
claims and policies, respectively. Both datasets are created
and maintained by FEMA. The claims transaction data pro-
vide details on NFIP claim transactions across from all US
states (FEMA 2023). This dataset consists of 2,570,089 lines
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of claim transactions dated from 1970. Given the limited
data availability in the early years, we included data from
1975 to 2022.

For this study, we aggregate data into the state level on
an annual basis, and we have used the following features:
date (“dateOfLoss”), state, and claim amount (“amount-
PaidOnBuildingClaim”). Additionally, data from “MP”
(Northern Mariana Islands), “AS” (American Samoa), “GU”
(Guam), and “DC” (District of Columbia) have been omitted
due to their limited data records. As a result, our cleaned
dataset encompasses information from 52 jurisdictions over
48 years, including 50 US states alongside two territories
recognized as island states—the US Virgin Islands and
Puerto Rico—enhancing the geographical breadth of our
study.

The policy premium data contain 228,664 lines of data
encompassing policies from 2009 to 2022 (FEMA 2023). We
use the policy data as a benchmark to compare model per-
formance between last 10 years of the testing period from
2013 to 2022. Similar to the claims data, we aggregated data
into the state level on an annual basis, and we have used
the following features: state (“propertyState”), date (“pol-
icyTeminationDate”), and premium (“totallnsurancePremi-
umOfThePolicy”).

In this work, we consider setting insurance premiums at
the state level on an annual basis. Specifically, we focus
on premium setting for the 10-year period from 2013 to
2022. Model hyperparameters are validated using historical
data from 1975 to 2012, and the performance of the rate-
setting schemes under RO and ARO is evaluated over the
testing period from 2013 to 2022. The claims dataset spans
1975-2022, and the policy dataset spans 2009-2022. We
use claims data from 1975 to 2012 to estimate optimization
parameters (historical mean and standard deviation of
losses), and we use both claims and policy data from 2013
to 2022 as the out-of-sample testing period for benchmark-
ing RO and ARO against the historical (Hist) and CMA
schemes.

4.2. OPTIMIZATION MODEL PARAMETER ESTIMATION

Recall from equation (29), to compute L; we need to com-
pute the historical mean and variance for each state. We use
the training data from 1975 to 2012 to estimate optimiza-
tion model parameters to avoid data spoilage in the test-
ing dataset. We compute the historical mean and standard
deviation for all states on an annual basis. Table 4 in the
appendix exhibits the historical mean and variance for the
top-10 most costly states.

In this work, we model demand sensitivity to insurance
premiums through a piecewise linear demand function. We
estimate the decline rate using historical data from several
states. We include Figures 4 and 5 in the appendix showing
the scatterplot of the number of policyholders in a year
against the mean policy premium of that state at that year.
Different states have different degrees of sensitivity to
price, but in general we observe a downward trend of de-
clining policyholder numbers as a function of increased
price. For the illustrative purpose of this work, we do not

specify different sensitivity in different states but use the
same demand-damping function across all states.

We use the following piecewise linear demand-damping
function to model demand damping:

17 lfp S P07
f(p) = 17m'(p7P0)7 ifp>P0 and f(p) Zcminv (16)
Crmin, otherwise.

where P, is the minimum premium at which demand
damping starts to occur, and c¢;,;, is the minimum fraction
of demand. In this work, we choose P, to be - - P/a®,
a fraction of maximum historical premium ever charged.
We choose ¢,,;, to be 0.2, representing that at least 20%
of the total demand is preserved regardless of price. We
experimented with different demand-damping rates:
m = 1/P%*. We include Figure 6 in the appendix to illus-
trate several choices of the demand-damping curve.

5. RESULTS

We implement two robust optimization models: RO and
ARO. To evaluate their effectiveness, we compare the re-
sults against two baseline policy premiums:

e Historical premiums: The premiums previously
charged in each state, referred to as “Hist”.

» Cumulative moving average (CMA) loss: The average
loss up to a given year, denoted as “CMA”. The CMA
premium is computed as follows:

1 t

CMA

Pt =2 i
t'=0

A summary of the implemented models is provided in Table
1.

We evaluate performance during the testing period, the
last 10 years of available data in the NFIP dataset between
2013 to 2022. For the rest of the section, we choose 6 to be
50,000 and 4 to be 10,000. We also undertake a sensitivity
analysis to assess the impact of our model’s parameter se-
lections. Overall, we evaluate our model performance using
the following two criteria:

(17)

» Effectiveness: To evaluate the effectiveness of models
to cover losses at a state level, we count the number
of insolvent states (i.e., the cumulative premium col-
lected over the testing period does not cover cumula-
tive claim losses).

« Efficiency: To ensure models are charging reasonable
levels of premiums to cover losses, we evaluate the
overall surplus (or deficit) level as well as the absolute
deviation from actual losses to evaluate models’ ca-
pabilities in realistically assessing risks.

5.1. SENSITIVITY ANALYSIS

We examine the model’s sensitivity to parameter choices.
Specifically, we examine the effect of the value of v and
the demand-damping rate m. Recall that - is the parameter
controlling the conservativeness of the CLT uncertainty set,
given by equation (29), and the demand-damping rate con-
trols how fast demand declines in response to increases in
price, given by equation (16). To examine the overall perfor-
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Table 1. Summary of models implemented for insurance premium calculation.

Model -

Name Description

Hist Uses the historical level of insurance premium collected by the NFIP, relying on past data to set future premiums without
adjustment for future uncertainties.

CMA Employs a CMA to compute insurance premiums using historical losses, aiming for stability through past data analysis.

RO Implements robust optimization with a central limit theorem, or CLT, uncertainty set, focusing on mitigating risk within a
specific range of uncertainty based on statistical theory.

ARO Adaptive robust optimization that dynamically adjusts insurance premiums in response to changing conditions and
uncertainties, optimizing strategies over time to minimize risk.

mance of the premium, we compute the cumulative surplus

S across all states over the testing period as follows:
N T1 N T1

HOEDIDITED DY s

=1 t=1 =1 t=1
where I]** denotes the historical loss that occurred at loca-

(18)

tion ¢ at time ¢.

Figure 2 shows the level of surplus as a function of dif-
ferent v values, with different demand-damping rates. The
two dotted lines show the constant surplus computed by
two baselines: using the actual premiums collected during
this period and the CMA rule. We observe that both base-
lines incur a loss over the testing period, with historical
premiums resulting in about a $20 billion loss, and the CMA
rule resulting in an $8 billion loss.

We let v take values between 0 and 1.5 at a step size
of 0.1, and we resolve the optimization model at each ~
value and compute the sum of surplus across all states
across testing years. v = 0 corresponds to convex optimiza-
tion without uncertainty, and v = 1.5 corresponds to the
maximum degree of uncertainty. As we increase the value
of 4, the size of the uncertainty set increases and the model
becomes more conservative, resulting in a surplus as ex-
pected. We remark that the surplus breaks even when v
takes a value between 0.6 and 0.7. And we observe a smooth
increase in surplus as « increases.

In addition, we experiment with three demand-damping
rates: no damping, m; = 1/P7%, and mg = 1/(2 x PJ747),
with m, damping twice as fast as m;. Similar to as above,
we experiment with varying « values corresponding to the
different demand-damping rates. We observe that the
choice of demand damping is less significant compared
with the variation of ~.

5.2. EFFECTIVENESS

Regulators require insurers to protect against insolvency
risks, ensuring that premium structures are robust enough
to cover potential losses. Therefore, evaluating the effec-
tiveness of insurance schemes in mitigating insolvency is
critical. We assess insolvency at the state level, defining a
state as insolvent when its cumulative premiums do not
cover cumulative losses. This serves as a key indicator of
a scheme’s financial resilience and risk management effi-
ciency.

Our analysis spans the 2013-2022 testing period, corre-
sponding to the last 10 years of available data, and focuses

1.0x10'° |
no damping
1/P_max
1/(2*P_max) =
~ histerical surplus
™~ — = cma surplus
2
54
v = e
~ ok
—
[=]
o~
I
=]
=
0
g -
= “]_/_-__________________
5 -10x10" |
=3
=
=
(%]
-2.0x10"° 5 i ' \ i N
0.00 0.25 0.50 0.75 1.00 1.25
gamma_2

Figure 2. Surplus (or loss) computed for 2012 to 2022
across all states when varying the level of 4. The two
dotted lines demonstrate the level of surplus from two
baseline models: Historical surplus is calculated from
the actual premiums collected, and CMA surplus is
computed using the cumulative moving average.

on the impact of , a parameter that significantly influences
model outcomes as indicated in the sensitivity analysis sec-
tion. As summarized in Table 2, we examine the effects of
varying v from 0 to 2 in increments of 0.2, evaluating its
role in determining the number of insolvent states under
each model.

The results in Table 2 highlight substantial differences
in the effectiveness of various premium-setting approaches
in mitigating insolvency risk. The historical (Hist) scheme
performs the worst, resulting in insolvency across all 52
states, underscoring its failure to provide adequate finan-
cial protection against catastrophic losses. This outcome
reinforces the urgent need for reform in NFIP premium set-
ting in ensuring long-term solvency. The CMA approach,
while demonstrating some improvement, still results in in-
solvency in 36 states. This indicates that although it offers
greater stability than the Hist scheme, it lacks the adapt-
ability required to account for evolving risk dynamics. Both
the Hist and CMA schemes remain unchanged across differ-
ent v values, as expected.

Both the RO and ARO models demonstrate a clear down-
ward trend in insolvency rates as v increases, reflecting
their ability to enhance financial resilience through more
conservative parameter choices in the uncertainty set. At
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Table 2. The number of insolvent states during the testing period based on different methods. In total, we test
across 52 states and territories—the 50 US states plus Puerto Rico and the US Virgin Islands.

¥ ARO RO CMA Hist
0.0 36.0 36.0 36.0 520
0.2 30.0 32.0 36.0 52.0
0.4 26.0 26.0 36.0 52.0
0.6 250 26.0 36.0 520
0.8 220 230 36.0 520
1.0 210 22.0 36.0 52.0
1.2 19.0 21.0 36.0 52.0
14 16.0 18.0 36.0 520
1.6 15.0 15.0 36.0 520
1.8 130 130 36.0 52.0
20 120 120 36.0 52.0

= 0, these models perform similarly to the CMA approach,
with 36 insolvent states, suggesting that without additional
conservatism, they do not provide superior risk protection.
However, as ~ increases, insolvency rates decline signifi-
cantly, with ARO consistently outperforming RO across all
v levels. For instance, at v = 1.0, ARO reduces the number
of insolvent states to 21, compared to 22 for RO, and at v =
2.0, ARO achieves the best performance with just 12 insol-
vent states, matching the lowest observed insolvency rate.
The superior performance of ARO over RO suggests that
its adaptive component allows for a more refined approach
to premium adjustments under uncertainty. By dynamically
incorporating new information, ARO ensures a more robust
financial buffer against catastrophic events. The results in-
dicate that higher « values lead to more conservative pric-
ing, directly translating into lower insolvency rates. This
trade-off underscores the importance of selecting an appro-
priate v value based on risk tolerance and financial strategy.
Ultimately, ARO emerges as the most effective method for
balancing risk management and capital efficiency, demon-
strating its ability to navigate the complexities of catastro-
phe insurance pricing under uncertainty.

5.3. EFFICIENCY

To evaluate the efficiency of the models, we examine both
surplus and deficit levels as well as the absolute deviation
(AD) from actual losses. This ensures that models not only
mitigate insolvency risks but also avoid excessive overpric-
ing, aligning premiums more accurately with underlying
risks.

Table 3 presents the overall surplus (or deficit) levels and
AD across all states over the testing period. The AD serves
as an indicator of how well each model captures actual risk

levels and is computed as a function of ~ as follows:
N Ti1

AD(7) =) "pis — 1.

=1 t=1
First, we observe that premium setting under the histor-
ical scheme significantly undercharges over the testing pe-
riod, resulting in $19 billion in losses, while the CMA rule

(19)

results in $8 million in losses. This suggests that histori-
cal levels are insufficient to cover future losses. Similar to
as before, we observe that as v increases, the RO and ARO
schemes increase the level of conservatism and achieve
more surplus. With the same level of -, we observe that
ARO achieves the surplus more slowly than the RO
schemes. Especially when ~ reaches the level of 1.4, the
ARO scheme increases premiums much more slowly than
the RO schemes, which increases at a constant rate with
increasing ~. Figure 3 visualizes the efficient frontier, il-
lustrating the trade-off between the number of insolvent
states versus the surplus (or deficit) achieved during the
testing period.

Both the RO and ARO models exhibit a clear trend of in-
creasing surplus as + rises, demonstrating their ability to
enhance financial resilience by incorporating greater con-
servatism in pricing. At v = 0, RO and ARO perform sim-
ilarly to CMA, both exhibiting a deficit of approximately
$9.2 billion, indicating that without additional conser-
vatism, these models do not provide better financial protec-
tion. However, as v increases, ARO and RO gradually tran-
sition from a deficit to surplus. For instance, at v = 1.0,
the ARO scheme achieves a surplus of $0.55 billion, while
RO reaches $4.57 billion. At the highest level, v = 2.0, RO
achieves a surplus of $18.41 billion, compared to $3.82 bil-
lion for ARO. RO accumulates surplus at a significantly
higher rate than ARO, suggesting that ARO adjusts premi-
ums more gradually, while RO adopts a more aggressive
pricing strategy. This difference arises because ARO premi-
ums are influenced by the previous year’s losses, thus al-
lowing for greater flexibility and a more measured response
to risk fluctuations. A key distinction between ARO and
RO emerges as v increases, particularly at v = 1.4, where
RO reaches a $10.11 billion surplus, while ARO remains
at $2.16 billion. This suggests that ARO incorporates un-
certainty more dynamically, whereas RO increases premi-
ums at a near-linear rate with 4. This controlled adjustment
process in ARO makes it preferable for policymakers seek-
ing a stable and adaptable pricing framework. In contrast,
RO provides a more aggressive pricing approach, accumu-
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Table 3. Surplus/deficit (S/D) and absolute deviation (AD) across different v levels for ARO, RO, CMA, and Hist.

o ARO RO CMA Hist
S/D AD S/D AD S/D AD S/D AD

0.0 -9.23e9 2.26e10 -9.27e9 2.25e10 -8.31e9 2.30e10 -1.98e10 1.98e10

0.2 -5.88e9 2.47e10 -6.50e9 2.42e10 -8.31e9 2.30e10 -1.98e10 1.98e10

0.4 -3.56e9 2.65e10 -3.73e9 2.5%9e10 -8.31e9 2.30e10 -1.98e10 1.98e10

0.6 -1.80e9 2.78e10 -0.96e9 2.77e10 -8.31e9 2.30e10 -1.98e10 1.98e10

0.8 -0.46e9 2.88e10 1.80e9 2.95e10 -8.31e9 2.30e10 -1.98e10 1.98e10

1.0 0.55e9 2.96e10 4.57e9 3.13e10 -8.31e9 2.30e10 -1.98e10 1.98e10

1.2 1.41e9 3.03e10 7.34e9 3.32e10 -8.31e9 2.30e10 -1.98e10 1.98e10

1.4 2.16e9 3.09e10 10.11e9 3.53e10 -8.31e9 2.30e10 -1.98e10 1.98e10

1.6 2.78e9 3.13e10 12.88e9 3.74e10 -8.31e9 2.30e10 -1.98e10 1.98e10

1.8 3.32e9 3.18e10 15.64e9 3.96e10 -8.31e9 2.30e10 -1.98e10 1.98e10

20 3.82e9 3.21e10 18.41e9 4.17e10 -8.31e9 2.30e10 -1.98e10 1.98e10
lating a higher surplus but at the cost of higher absolute de-
viation, which may indicate overpricing. -

The AD metric provides insights into how well each 2 o o0
model aligns premiums with actual incurred losses. The " $
historical scheme has the lowest AD ($1.98¢10), but that s "
is due to severe underpricing rather than accurate risk es- 20 e, .
timation, as evidenced by its extreme deficit. The CMA i e,
scheme maintains an AD of $2.30e10. Both the RO and ARO 505 —
schemes lead to an increase in AD as y increases, while they £ 10 1
become more conservative. They also tend to deviate more 15
from actual losses. However, ARO consistently maintains a 20 ¢

lower AD than RO, highlighting that ARO balances conser-
vatism with pricing accuracy more effectively.

The trade-off between insolvency risk and surplus gen-
eration is further illustrated in Figure 3, which depicts the
number of insolvent states against the surplus/deficit lev-
els. The results indicate that while increasing v improves
financial resilience, it also leads to higher absolute devia-
tion from actual losses. ARO emerges as the most balanced
scheme, providing strong insolvency protection while
avoiding excessive overpricing. RO, on the other hand, is
better suited for highly risk-averse insurers who prioritize
surplus accumulation over pricing efficiency. The Hist and
CMA schemes fail to provide sustainable financial protec-
tion, reinforcing the necessity of adopting dynamic, uncer-
tainty-aware premium-setting strategies.

In conclusion, the results confirm that ARO is the most
effective model for balancing financial stability, premium
efficiency, and risk alignment. Although RO achieves the
highest surplus, it does so at the cost of higher deviation,
making it more suitable for risk-averse regulators. In con-
trast, ARO provides a more stable pricing strategy with con-
trolled surplus accumulation, making it a more pragmatic
choice for long-term catastrophe insurance pricing. Figure
7, included in the appendix, further explores the trade-off
between the number of insolvent states and absolute devi-
ation during the testing period.

10 15 20 25 30 35 40 45 50
Number of Insolvent States

Figure 3. Scatterplot visualizing the efficient frontier,
showing how different values of v affect the number of
insolvent states (x-axis) and the total surplus or deficit
(y-axis) computed as the total premium charged minus
actual loss over the testing period. Note that the CMA
and Hist schemes are plotted as static points because
their values do not change with varying ~ values.

6. CONCLUSION

In this work, we present an ARO framework for catastrophe
insurance premium pricing, designed to balance insolvency
risk and capital efficiency. We first introduce a nominal
linear optimization formulation to frame the challenge of
setting insurance prices for rare catastrophic events. We
then extend this to an RO model incorporating a central
limit theorem uncertainty set, ensuring protection against
volatility in losses modeled from historical distributions. By
solving the inner problem in closed form, we derive the ro-
bust counterpart and reformulate it as a convex optimiza-
tion problem. Further, we develop an ARO model using
linear decision rules allowing for dynamic premium adjust-
ments based on actual loss experiences, improving respon-
siveness to evolving risk conditions.

We apply our ARO framework to the realm of US flood in-
surance, leveraging data from the NFIP. We evaluate perfor-
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mance against two benchmark schemes—NFIP premiums
and CMA premiums. Historical data from 1975 to 2012 were
used to construct uncertainty sets, and the last 10 years
of NFIP data were used to assess out-of-sample perfor-
mance. Our results demonstrate that optimization-based
approaches effectively cover losses at the same time as they
provide flexibility to policymakers in adjusting premiums
based on risk tolerance and degree of conservatism.

Our findings point to two key advantages of the ARO
framework:

» Effectiveness: The ARO approach significantly re-
duces insolvency risk by effecting a smooth transition
from a high number of insolvent states to a low and
controllable level as conservatism increases. Unlike
static benchmarks, which fail to adapt to risk varia-
tions, the ARO scheme provides policy providers with
flexibility to determine the desired insolvency level
while maintaining financial stability.

» Efficiency: The ARO scheme efficiently adjusts pre-
miums to strike a balance between financial sustain-
ability and affordability. Unlike RO, which aggres-
sively increases surplus at increasingly conservative
levels, ARO maintains a more controlled surplus ac-
cumulation, avoiding excessive overpricing. The
model enables a smooth transition from deficit to
surplus, ensuring that insurers are neither overex-
posed to risk nor excessively charging policyholders.

The ARO framework is adaptable and generalizable to a
broad class of catastrophic events beyond floods, including
wildfire, drought, and extreme weather events. ARO’s flexi-
bility makes it a promising tool for insurers and policymak-
ers who wish to develop sustainable, data-driven pricing
strategies for managing climate- and disaster-related risks.

Submitted: September 21, 2025 EDT. Accepted: July 08, 2026
EDT. Published: September 14, 2026 EDT.
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APPENDICES

A. TECHNICAL PROOFS
A.1. PROOF OF PROPOSITION 3.1

Proof. Since uncertain variables occur only in one con-
straint, we can write Problem (8) as a min-max problem as
follows:
N T
minguage ) 2 T P

i=1 t=1

T
prlt plt_zfplt i,tzév iE[N], (20)
t=1 t=1
Ipit —piz1| <0, i€[N],telT],
(li,t)teT c u,', RS [N],
pig €RT, i€ [N)te[T]
Next, we consider the inner problem:

N T
lmax Z Z f(pig) - pig
€ =1 1=

T T
Zf(l’i,t) “Dit — Zf(pi,t) 126 ielN),  (21)
=1 =1

(lit)yer € Ui,

pis ERT, i€ [N],te[T].
For the inner problem, treating p;: as constants, the objec-
tive function is constant. Thus, looking at the constraints
containing l;+, the inner problem can be simplified to

Zle

( i,t)teT €U,

pit €RY, i€ [N],teT].
We observe that the objective involves a summation over
i € N, allowing us to decompose the problem into indepen-
dent subproblems—one for each location. Without loss of
generality, we omit the demand-damping curve, since the
piecewise linear formulation does not alter the optimal so-
lution. The overall maximum is therefore the sum of the in-
dividual maxima across all 7. Focusing on a single location,
we proceed by substituting the original expression for U;:

maxZZl“

Lig i=1 t=

|Zli,t*T'l_i\ <xy-0:VT Viel[N],
=1

Hla.lfl(
li€
t (22)

(23)

li,t cR™".
Looking at the constraint, we can take out | - | since we are
maximizing over l;;, and rearranging terms gives us

T

Zli,tST'l_i'i-V‘Uiﬁ Vi € [N], (24)
t=1

Optimality is achieved at equality. We can solve for, i.e., I},
s.t.

T
N liy=T-li+v-0:VT Vi€ [N] (25)
t=1

Hence, we can compute for all locations ¢ € [IN] and denote
the analytical solution to each subproblem as L;:

l:fZl”fT li+~-0VTy/(Ty — Ty).  (26)

Plugging the analytical solution from the inner problem
back to the outer problem, we have the sum of future loss
for each location given as follows:

T
Zlf’t:T-l_iJr'y.cri\/T. (27)
=1

Therefore, the robust counterpart of the original problem is

T
H . * .
min ; fPig) * pis

T 1 I (28)
Zf(lhyt) *Pit — Zf(pi,t) *L; >4, Vi€ [N],
=1 t—1
[pit — pit-1] <0, Vie[N]|, telT]
where
Li:T-l_i-l—’y-O'q;\/T. (29)

A.2. PROOF OF PROPOSITION 3.2

Proof. Recall that this optimization problem aims to mini-
mize the total premiums over all locations and time peri-
ods while ensuring that the cumulative premium exceeds
the cumulative losses by at least a margin of 4. Note that in
this formulation, we impose a slowly varying constraint on
a4, instead of p;; as in the previous formulation, because
pi+ now depends on uncertain variables /; ;.

Similar to as before, notice that the constraints for each
location ¢ are independent of other locations, and thus
minimizing the aggregated premium is the same as min-
imizing the premium for each location. Therefore we can
decompose the problem by solving for each location 4 the
ARO problem independently. In addition, noticing that the
objective function now depends on the uncertain variable
l;+, we therefore use the epigraph formulation as discussed
in Chapter 2 of Bertsimas and Hertog (2022) to move all
variables containing uncertain variables into constraints.
We arrive at the following ARO formulation for one location
i

miél Q (30)
T 1t M1,
Zpi,t < Qv v(li,t)th € uia (31)
t=1

T T
D opia= D g 28 V(i) € Uiy (32)

t=1 t=1
Hai’t —ai’t,1H S 91, t:2,...,T, (33)
H/Bi,t _ﬂi,tle < 027 t= 27"'7Ta (34)
piz >0, t=1,...,T, v(livt)teT cU;., (35)

where p; ; is a quantity that depends on the uncertain losses
given by equation (10). Next, we derive the robust counter-
part by taking the robust counterpart for each constraint
that depends on the uncertain variable [, ; independently.
First, consider the constraint given by inequality (31).
Replacing p;; with a;, 8+, which now depends on the un-
certain variable /; ;, we rewrite the constraint as follows

T T
Z oy + Z Big-lit1 < Q0 V(lig)er €Us,  (36)

t=1 t—2
which is is equivalent to
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) (37)

2 1azt+?3€afl({2ﬂzt it 1} <.

Let’s now consider the inner maximization problem, using
the explicit expression for YLT. We have a linear program-
ming (LP) problem in [, ;:

T
max »  Biy-lie1

Lie =3
lLig <Ti+7-0;- VT, (38)

li,tS—Ti"F’Y‘Ui'ﬁ-

I

t=1
The inner problem thus satisfies strong duality. Notice that
the uncertainty set is given in polyhedral form. We can thus
take the dual by introducing the dual variables s}, si, and
we arrive at the following form:

2
min cjs
s1,83 =

51— 83 > By,
8% - Sé > Oa
51,85 > 0.
By strong duality, the inner maximization problem has the
same objective value of the dual minimization problem. Us-
ing the dual expression constraint (31) becomes

Zalt—l—manc]s] <Q

31,32 =1

1
j

Vt=2,...,T, (39)

slfsz > Big, VE=2,...,T,
s%—s% 205
51,85 > 0.

Note that we can take away the minimization term because
if any feasible si, s satisfies this constraint, the minimum
also does.

Second, consider the constraint given by inequality (32),
which ensures premiums cover losses:

T T
Zpi,t - Zli,t >4,
=1 =1

Multiplying both sides by —1, we have

T T
Zli,t - Zpit < —4.
= =1

Substituting o+ and §;; for I+,

T T T
S - [z et zﬂi,tzi,t_l] < @)
t=1 t=1 t=2

and rearranging terms to collect all the uncertain terms /; ;,
T T

- Z aip + [l + Z(l - ,Bi,t)li,t:| < =4, (43)
t=1 t=2

we ﬁnally arrive at

T
— Z Ckzt + max {li,l + Z(l — ,Bi,t)li,t} S —6 (44)
t=2

v(livt)teT € U;. (40)

(41)

i €U,

We now consider the inner maximization problem, which is
once again an LP in [;;:

maX 11+Z ﬂzt
T
Yl <Ti+y-0i- VT, (45)
t=1
T
_le,tS_Ti'i"y g; ﬁ
t=1

Similar to as before, by strong duality, the dual is given as a
minimization problem in dual variables s, s2:

S182 j=1
s7]—s2>1— By, VE=2,...,T, (46)
s% - s% >1,
53,52 > 0.
Therefore constraint (32) becomes
T
- Z Qi+ Z cjs? < -4,
t=1 j
s]—s3>1— By, VE=2,...,T, (47)
s2—s2>1,
s%, s% > 0.

Finally, we consider the positivity constraint as given by in-
equality (35):

pit >0, Vte[T], Y(lit),r €U (48)
Substituting o, 8;+ for p;;, the constraint is equivalent to

Qig+ Big liz1 20, Vte[T], Y(ip),er € Us. (49)

For each time ¢, we have one separate constraint. Therefore,
considering this constraint for some ¢,

g+ Big - lig-1 >0, V(i) € Us.
Multiplying both sides by —1 and rearranging terms, we
have

—ait+max{—Bi;s-liz-1} <O0.
lisceU

Similar to as before, we consider the inner maximization
problem

max (50)

LU

—Big -1

which has strong duality, with dual given for each ¢ in dual
variables 53, s3* as

i,t—1,

st — 85t > iy (51)
s?’t — sg’t >0
s?’t, s;’t >0
Thus, the positivity constraint for some ¢ becomes
a;t+ Z stg’t <0
j
st — st > iy (52)
Si)t 3,t >0
s‘:’ t, 55 >0

Therefore, the overall robust counterpart of the ARO for-
mulation is given as follows:

min
ai.t,ﬁz,t

(53)

with epigraph constraint

Variance 1 4
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T 2
Z ot + Hllilllz cjs; < Q,
t=1 S1%2 i
s% —s% > Bit, Vt=2,...,T,
S% - S% Z 07
51,83 > 0,

with loss coverage constraint

T
- Zai,t + chS? <-4,
=1 7

2 2
81_5221_Bi7t7 Vt:27"‘7T7
8%—8%217

2 .2
81,82 2 0,

with positivity constraint
Qi+ Z CjS?’t <0,
J

(54) 3t 3t
87 — 8y > —PBiy
si' = sy' 20,
s?’t7 Sgi >0,
and with slowly varying constraint
llai — aiz—1]| < 61, t=2,...
(55) Hﬁi,t - Bi,t*l” < 92, t= 2, ..

Variance

. T.
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B. OPTIMIZATION MODEL PARAMETER ESTIMATION

In this section, we expand on how to estimate parameters
for the optimization model.

B.1. COMPUTING L;

Recall from equation (29), to compute L; we need to com-
pute the historical mean and variance for each state. Table
4 shows the historical mean and standard deviation for the
top-10 most costly states, computed on an annual basis.

Number of pelicy holders

Table 4. Statistics of the top-10 most costly states in
the US, including maximum annual claim loss, mean,
standard deviation, and median.
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Figure 4. Demand-damping estimation for the state of

Louisiana (LA).

State Max Mean Std Median
LA 3,763,390 45,084 58,467 20,583
> 8,973,270 44,046 65,420 19,801
NJ 4,022,518 32,727 58,000 13,042
NY 9,467,720 35,725 74,510 13,306 i =
FL 9,100,033 25,351 63,809 8,052
MS 10,000,000 46,603 94,924 14,823 £ 1100

z
NC 1,294,678 21,725 41,345 7,992 =

=
PA 1,889,793 19,040 41,943 6,939 £ 1000

(=%
AL 4,900,000 28,059 95,474 8,466 5
sC 1,764,000 25,574 43752 10,088 §

=] * @

=

[ ]
800 e 5 .
B
B.2. DEMAND DAMPING : : : . : ; ; ;
400 500 00 700 800 900 1000 1100

In this study, we model demand sensitivity to insurance
premiums through a piecewise linear demand function. We
estimate the decline rate using historical data from several
states. Figures 4 and 5 show scatterplots of number of poli-
cyholders in a year against the mean policy premium of that
state at that year. Different states have different degrees of
sensitivity to price, but in general we observe a downward
trend of declining policyholder numbers as a function of in-
creased price. For the illustrative purpose of this work, we
do not specify different sensitivity in different states but
use the same demand-damping function across all states.

Variance

Price of policy premium {USD)

Figure 5. Demand-damping estimation for the state of
New York (NY).

101 —,
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1/(1.5*max historical palicy}
1/{2*max historical policy)
0.8
*
(=]
[=]
=
S 06
ES
%]
©
i=] L
s 04
)
E
Q
=l
0.2
0.0 o 3 7 7 7
5.00x10 1.00x10 1.50x10 2.00x10

Annual sum of policy preimum in one state ($)

Figure 6. Different piecewise linear demand-damping
curves corresponding to different rates of decline.
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C. ADDITIONAL PLOT OF THE EFFICIENT FRONTIER

1e10

Figure 7 illustrates the trade-off between the number of in-
solvent states versus the absolute deviation during the test-
ing period.

® ARO

&
s

CMA
Hist

S 2

Absolute deviation of premium to actual loss ($)
s
&

20 ‘

10 15 20 25 30 35 40 45 50
Number of Insolvent States

Figure 7. Scatterplot visualizing the efficient frontier,
showing how different values of  affect the number of
insolvent states (x-axis) and the total surplus (or
deficit) (y-axis) computed as the total premium
charged minus actual loss over the testing period. Note
that CMA and Hist are plotted as static points because
their values do not change with varying + values. The
plot demonstrates that ARO achieves higher efficiency
with lower absolute deviation at high v values,
highlighting its better performance under these
conditions.

Variance 17



	Catastrophe Insurance Pricing: An Adaptive Robust Optimization Approach
	1. Introduction
	2. Literature review
	2.1. Catastrophe insurance pricing
	2.2. Catastrophe modeling
	2.3. Disaster relief planning

	3. Optimization framework for catastrophe insurance
	3.1. Problem setup
	3.2. Robust optimization formulation
	3.3. Adaptive robust optimization formulation

	4. Case study on US National Flood Insurance Program data
	4.1. Data
	4.2. Optimization model parameter estimation

	5. Results
	5.1. Sensitivity analysis
	5.2. Effectiveness
	5.3. Efficiency

	6. Conclusion
	References
	Appendices
	A. Technical proofs
	A.1. Proof of Proposition 3.1
	A.2. Proof of Proposition 3.2

	B. Optimization model parameter estimation
	B.1. Computing upper L Subscript i
	B.2. Demand damping

	C. Additional plot of the efficient frontier



