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How the USA can benefit from risk-based 
premiums combined with flood protection

Lars T. de Ruig1,2  , Toon Haer    1, Hans de Moel    1, Samuel D. Brody3, 
W. J. Wouter Botzen1,4,5, Jeffrey Czajkowski6 and Jeroen C. J. H. Aerts1,7 

Flood risk management in the USA is largely embedded in the National Flood 
Insurance Program (NFIP). Climate change and increasing exposure in flood 
plains pose a challenge to flood risk managers and make it vital to reduce 
risk in the future. The proposed reforms are steering the NFIP to risk-based 
premiums, but it is uncertain if the reforms will result in unaffordability 
and incentivize risk-reduction investments or how the NFIP is affected by 
large-scale adaptation efforts. Using an agent-based model approach for 
current and future scenarios, we demonstrate that risk-based premiums will 
yield a positive societal benefit (US$10 billion) because they will incentivize 
household risk-reduction investments. Moreover, our results show that 
proactive investment in large-scale adaptation measures complements a 
transition to risk-based premiums to yield a higher overall societal benefit 
(US$26 billion). We suggest that transitioning the NFIP to risk-based 
premiums can only be secured by additional investments in large-scale flood 
protection infrastructure.

Flooding is a devastating natural hazard, causing an average 
>US$100 billion of damage every year1. Recent events of coastal and 
river flooding in Europe and Asia have shown the huge impact of such 
events on communities and policy-makers are struggling with how 
to anticipate future increase in flood risk due to climate change and 
population growth2. Without adaptation investments under the repre-
sentative concentration pathway (RCP) 4.5 and shared socio-economic 
pathway (SSP) 2 scenarios, fluvial flood risk for the USA is expected to 
increase from about US$27 billion to US$66 billion per year (refs. 3,4), 
while coastal flood risk cost is expected to increase from US$1.8 billion 
to US$189 billion5. In the USA, the National Flood Insurance Program 
(NFIP) is the main program for managing flood risk. The NFIP pro-
vides almost 5 million policies to homeowners and businesses in the 
USA, covering US$1.2 trillion in assets and making it the largest flood 
insurance market worldwide6. The program requires households in a 
participating community with a bank-backed mortgage living within a 
100-year flood zone to purchase mandatory flood insurance coverage. 

It also requires that new developments in these zones meet certain 
building codes. These low-lying flood zones are mapped by the Federal 
Emergency Management Agency (FEMA). However, the program has a 
US$20.5 billion debt due to, amongst other things, the setting of pre-
miums on the basis of national averages that do not reflect local risk, 
new development in flood-impacted areas, and the lack of incentives 
for homeowners to implement flood adaptation measures other than 
building elevation7.

Several reforms have been introduced to solve some of the issues. 
These include the new Risk Rating 2.0 program, which more accurately 
sets premiums that reflect yearly risk for individual buildings8. While 
the reforms are expected to increase mean insurance uptake and solve 
financial burden on the program, they are also likely to put pressure on 
affordability for low-income households living in high-risk flood zones. 
Moreover, there is uncertainty how the NFIP will perform under future 
climate change conditions. However, existing studies on NFIP reforms 
only focus on a specific region or on individual elements of the program 
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households, governments and insurance markets is key in gaining a 
comprehensive understanding of the NFIP and the effects of govern-
ment policies. Recent literature demonstrates the applicability of 
agent-based models (ABMs) for topics related to flood risk and the 
effects of individual decision-making, such as evacuation14, housing 
markets15, climate change migration16, community mitigation17,18 and 
insurance markets19.

This study is based on a new flood risk and agent-based modelling 
framework (Methods; Supplementary Information), which simulates 
dynamic decisions by homeowners regarding whether to implement 
DRR (for example, elevation or flood-proofing of buildings) and 
purchase flood insurance. We account for heterogeneous consumer 
behaviour and individual bounded rationality in risk perceptions20,21. 
Furthermore, governments can decide either proactively (using cost–
benefit analysis based on yearly risk projections) or reactively (after a 
flood event) to invest in regional flood protection infrastructure. In 
turn, governmental proactive or reactive decision-making will influ-
ence the behaviour of homeowners. All the agents are provided with 
yearly risk projections from an underlying flood risk model, which 
is driven by climate change scenarios (RCP 4.5) and socio-economic 
projections (SSP 2) until 2050 (Supplementary Information). We apply 
this method to the conterminous US on a grid resolution of 30 arcsec.

Transition towards risk-based premiums
The effects of a transition from the current NFIP to risk-based premiums 
for 2050 is illustrated in Fig. 1, in line with the patterns found for the 
short-term effects in 2030 (Supplementary Fig. 2). Such transition leads 
to higher geographical heterogeneity of premium levels on a local scale. 
On a national scale, the model predicts that premiums will become 
relatively lower in coastal areas and higher in fluvial areas (although 
all premiums increase over time due to the effects of climate change 

and are limited to assessing the current conditions. Recent debates on 
the restoration of aging infrastructure and studies on flood manage-
ment suggest that complementary government-based investments 
in large-scale flood protection infrastructure (for example, dikes) are 
required to anticipate future climate risks and the increasing exposure 
of assets in flood-prone areas2,3,9,10. There is a lack of a comprehensive 
US-scale analysis of the NFIP that addresses how policy-holders will be 
impacted in the future by reforms, investments in governmental flood 
infrastructure and the ability of the NFIP to cope with climate change.

While the new reforms have been assessed in various studies8, 
this study aims to complement the upcoming reforms by showcasing 
household behaviour patterns under different market structures and 
with different governmental adaptation investment efforts under 
climate change scenarios for fluvial and coastal flood risk. This is done 
by studying four indicators over time (2020–2050): insurance pen-
etration rates, unaffordability of premiums and investment costs of 
risk-reduction measures, incentivization rate of building-scale disaster 
risk reduction (DRR) and the program’s debt. The sensitivity of these 
indicators under future changes provides an indication of whether the 
programme will be financially healthy in the future. It also indicates 
the challenges that policy-holders may face. It should be noted that 
this paper does not aim to replicate or fully assess the Risk Rating 2.0 
program as the NFIP Risk Rating 2.0 Delay Act of 2021 has delayed 
roll-out to 30 September 2022. We also show how households are incen-
tivized to invest in DRR at the local level and highlight the importance 
of proactive governmental large-scale flood protection measures to 
complement the performance of the NFIP.

Conventional flood risk assessment methods are often 
ill-equipped to address flood management policy changes as they 
address neither interactions between key stakeholders nor house-
hold decision-making11–13. The spatial–temporal interplay between 
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Fig. 1 | Effects of NFIP reform 2050 (RCP 4.5 + SSP 2). a–c, Effects of 
NFIP premiums to risk-based premiums in terms of market penetration (a), 
unaffordability (b) and risk (c) are visualized as the mean percentage change on 
a county level for 2050. d, Mean changes in penetration rates between coastal 

and fluvial risk areas. e, Mean insurer debt showing that debt might still increase 
despite risk-based premiums (although at a lower rate than under current 
conditions). For d and e, error bars indicate the standard deviation (n = 250 per 
scenario).
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compared to present day). These effects result in a decrease of insur-
ance penetration rates in fluvial regions from 24.7% to 13.2% (partly 
due to an increase in unaffordability). This implies that (on average) 
the NFIP is currently underpricing these regions. Conversely, coastal 
regions display an increase from 10.2% to 17.1% in penetration rates 
due to more attractive premiums under risk-based insurance pricing 
for a share of households due to spatial variation in premiums. Still, a 
subset of policy-holders will experience a steep increase of their pre-
mium in these regions. Despite the lower penetration rates in fluvial 
regions, introducing risk-based premiums and offering premium dis-
counts based on the actual reduction of risk achieved by flood-proofing 
buildings is expected to decrease the total average residential flood 
risk (coastal and fluvial) across the USA by about US$1 billion (−7.3%) 
by 2050. These results highlight the effectiveness of offering a pre-
mium discount to implement a variety of DRR types (wet and dry 
flood-proofing), including through retrofitting.

Our model demonstrates that unaffordability (Methods) is 
expected to decrease from 4.5 million households (23.8%) to 1 million 
households (5.6%) for the 18.8 million households at risk of floods 
nationwide in 2050 following a transition to risk-based premiums. 
However, the magnitude of the remaining unaffordability increases 
substantially to an average of US$2,000 per year per household. These 
findings indicate that although risk-based premiums are lower than  
current NFIP premiums for many households, moving towards 
risk-based premiums implies a sharp increase in premiums and  
unaffordability for a subgroup of households living in high-risk 
areas. Unaffordability issues can potentially be overcome by offering  
insurance vouchers and providing inexpensive accessible loans for 
financing DRR measures by low-income households currently living 
in high flood risk zones7. Alternatively, further incentivizing DRR by 
homeowners would make more people eligible for premium discounts. 
Relocation or managed retreat might also become necessary2. As seen 
in Fig. 1e, continuation of the program without anticipating climate 
change or socio-economic development will further increase the  
debt of the NFIP by ~60% (from US$20.5 billion to US$32.8 billion). 
Introducing risk-based premiums will significantly limit the rise in 
future debt but will not solve the problem entirely (debt will increase 
by 28% instead of 60%). An additional markup of premiums might be 
required to pay off current debt and make the program financially 
sound in the future.

Insurance schemes must be interlinked with flood 
adaptation
Our results show that additional large-scale flood adaptation investment 
complements a transition to risk-based premiums and household-level 

DRR measures22. Table 1 shows four policy scenarios: a baseline scenario 
(Sc1, current NFIP, reactive government) and three scenarios (Sc2, 3  
and 4) with current and risk-based NFIP schemes and proactive or reac-
tive government policies combinations. These are evaluated relative to 
the baseline Sc1 (see Methods for scenario descriptions and Supplemen-
tary Information for additional results). Table 1 displays the evaluation 
of these four scenarios for 2020–2050. It shows the present values of 
categories that address the total societal costs of flood risk and flood 
management. Total societal costs (F) are the expected cost of uncovered 
flood damage to properties and public assets (covered residential risk 
B subtracted from total flood risk A), insurance premium payments  
(C; costs of covered risk) and the costs of flood risk-reduction measures 
incurred by governments (D) and households (E). The results show that 
transitioning to risk-based premiums has a positive net present societal 
benefit of about US$10 billion for the period from 2020 to 2050, even 
when governments remain reactive towards investments in adaptation 
infrastructure. If the government acts proactively alongside risk-based 
premiums, the net present societal benefit increases to US$26 billion 
for the same period. Large-scale flood protection measures also have 
risk-reduction benefits over a longer lifespan than the 30-year period 
evaluated (2020–2050); hence, extending the analysis to the far future 
(for example, 2100) will favour proactive government policies even 
more. Accordingly, the government can reduce a large share of (future) 
flood risk by increasing flood protection through the installation of 
levees, the adoption of nature-based solutions or the implementation 
of other measures.

The community rating system (CRS) is a voluntary programme that 
incentivizes communities to actively engage in floodplain management 
activities that exceed the minimum programme requirement. The CRS 
could be used to further promote risk awareness and comprehensive 
floodplain management by communities and local governments in 
exchange for NFIP premium discounts to policy-holders in the com-
munity22. However, the full potential of the current implementation 
of the CRS is not yet used because only a small share of participating 
communities are actively reducing risk and the system does not con-
sistently reward measures that consider future climate change risks23. 
As demonstrated by ref. 23, using the CRS to focus on regional flood 
protection goes hand-in-hand with the aforementioned NFIP reforms, 
since reducing flood risk through flood protection investments helps 
to keep insurance premiums affordable.

Risk-based premiums and flood adaptation 
infrastructure
Our analysis suggests that either moving towards risk-based premi-
ums or proactively investing in large-scale flood protection yields 

Table 1 | Total societal costs related to flood risk

A. Total flood risk  
(of which total  
residential risk)

B. Covered 
residential risk

C. Insurance 
premium 
expenses

D. Government 
flood protection 
investment costs

E. Household 
flood-proofing 
investment costs

F. Total 
societal costs 
A − B + C + D + E

Policy scenarios (US$ billion) (US$ billion) (US$ billion) (US$ billion) (US$ billion) (US$ billion)

Sc1: Baseline, current NFIP and 
reactive government

US$497 [34] (US$198) [15] US$44 [3] US$60 [2] US$124 [57] US$5.2 [4] US$643 [74]

Sc2: Current NFIP + proactive 
government (relative to baseline)

−US$88 (−US$31) −US$3.2 −US$2.5 +US$75 −US$1.2 −US$15

Sc3: Risk-based NFIP + reactive 
government (relative to baseline)

−US$8.9 (−US$9.0) −US$19 −US$23 +US$0.0 +US$3.2 −US$10

Sc4: Risk-based NFIP + proactive 
government (relative to baseline)

−US$94 (−US$37) −US$23 −US$28 +US$74 +US$1.0 −US$26

Results are based on RCP 4.5 and SSP 2 for the period 2020–2050. Cost categories are: F, cumulative cost from 2020 to 2050, which is the sum of uncovered total risk (covered residential risk 
(B) subtracted from total risk (A)); C, insurance premium expenses; D, governmental flood protection investment costs; and E, household flood-proofing investment costs. Values are expressed 
as present values (US$ billion, 2020 at 4% discount rate) relative to the baseline scenario Sc1. Negative values denote a societal improvement and positive values indicate a cost for society 
compared with the baseline (note: numbers are rounded). Standard deviations are indicated in square brackets (n = 250 per scenario).
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significantly higher societal benefits. The highest societal benefits 
are achieved when adopting both strategies. Despite high upfront 
investment costs for large-scale adaptation of ~US$75 billion (compared 
to the baseline scenario), proactive investments are complementary 
to risk-based premiums. Together, they yield high average societal  
benefits ($26 billion, net present value for 2020–2050, Table 1). While 
the investment costs for large-scale adaptation seem high, the total 
societal benefits of US$26 billion with adaptation investments sig-
nificantly surpasses the expected societal benefit of US$10 billion 
when only transitioning to risk-based premiums (Table 1). Further-
more, investing in flood protection infrastructure will reduce some 
of the equity issues (unaffordability) that arise when solely moving to 
risk-based premiums (columns C and E in Table 1). It will also reduce the 
risk to other governmental assets (for example, energy infrastructure 
and low-lying port areas). The remaining unaffordability issues for the 
subset of households with a major increase in insurance premiums 
could be addressed by offering insurance vouchers and providing 
low-interest accessible loans to further incentivize the implementa-
tion of DRR7 or relocation2.

The results of this study offer a timely contribution to both the 
Risk Rating 2.0 transition and the infrastructure bill. We show that 
there is significant synergy to be achieved by moving towards both a 
risk-based premium and a proactive strategy on large-scale adaptation. 
Our findings demonstrate that investing in large-scale adaptation 
does not reduce the effectiveness of risk-based premiums; in fact,  
it contributes to the reduction of unaffordability.

Online content
Any methods, additional references, Nature Research reporting sum-
maries, source data, extended data, supplementary information, 
acknowledgements, peer review information; details of author con-
tributions and competing interests; and statements of data and code 
availability are available at https://doi.org/10.1038/s41558-022-01501-7.
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Methods
Modelling framework
The core of the modelling framework was developed for the contermi-
nous US, including the entire USA coastline and all main river basins. It 
simulated flood risk at a yearly time step with representative household 
adaptation at a resolution of 30ʺ × 30ʺ and government adaptation at 
the county level. Homeowners could invest in DRR measures (eleva-
tion or flood-proofing of buildings) or take out/cancel insurance and 
governments could invest in elevating dikes. Both these adaptations 
and the proposed NFIP reform policies were captured in four policy sce-
narios. The model was run 50 times for each of these policy scenarios 
while also assuming different climate scenarios and socio-economic 
scenarios. The framework builds upon earlier versions of DYNAMO20,24. 
New components are the flood insurance market module, the address-
ing of coastal flood risk in addition to fluvial flood risk and the nation-
wide application of the model. For the method description of the  
core model, please refer to ref. 20. See also Extended Data Fig. 1 and 
Supplementary Information.

Flood risk model
The GLOFRIS flood risk model follows a commonly applied hazard–
exposure–vulnerability model25,26. Coastal and fluvial inundation maps 
were combined with land use to simulate the (future) exposure of assets 
and their values in flood zones. Depth–damage curves were used to 
combine hazard and exposure data to simulate flood risk (expected 
annual damage, EAD, in US$ per yr) for each individual grid cell and 
county. Floods can stochastically occur every year in each county on 
the basis of their return period. See also Extended Data Fig. 1a and 
Supplementary Information.

Scenarios
Fluvial and coastal inundation maps are available for the current and 
future climate following the RCP 4.5 and RCP 8.5. The SSP scenarios27–32 
were used to represent the initial population numbers and to project 
population growth, income and economic growth for 2050. We applied 
the SSP 2 and SSP 5 scenarios as they matched well with RCP 4.5 and 
RCP 8.5, respectively. SSP 2 was a middle-of-the-road scenario, while 
SSP 5 was an energy-intensive and resource-intensive scenario. The 
former was used throughout the paper and the results of the SSP 5 
scenario can be found in the Supplementary Information. See also 
Extended Data Fig. 1c.

Input data
Fluvial flood hazard. The GLOFRIS fluvial inundation maps are based 
on existing research3,33. In brief, daily time series of flood volumes 
were constructed using hydrological and hydrodynamic model-
ling at a 0.5° × 0.5° resolution. The GLOFRIS model was forced with 
EU-WATCH data for the period 1960–1999, representing historic con-
ditions. For future conditions, the GLOFRIS model was forced with 
five global climate models (GCMs): HadGEM2-ES, IPSL-CM5A-LR, 
MIROC-ESM-CHEM, GFDL-ESM2M and NorESM1-M. Yearly maximum 
hydrological time series were extracted from the daily gridded flood 
volumes and a Gumbel distribution was fitted accordingly. The result-
ing Gumbel parameters were used to estimate (future) return peri-
ods for each grid cell: 5, 10, 25, 50, 100, 250, 500 and 1,000 yr. Finally,  
GLOFRIS distributed flood volumes to a digital elevation model to 
create high-resolution (30ʺ × 30ʺ) inundation maps and their return 
periods3,33. See also Extended Data Fig. 1b.

Coastal flood hazard. For coastal inundation, as described in detail 
in ref. 5, the extreme sea levels are taken from the Global Tide and  
Surge Reanalysis (GTSR) dataset34. GTSR is a global dataset of daily 
sea levels (tide and storm surge) for 1979–2014, which is based on 
the Global Tide and Surge Model (GTSM). Within GTSM, tides are 
simulated separately using the Finite Element Solution (FES2012) 

hydrodynamic model35. Surges are simulated using metrological data 
from the ERA-Interim global atmospheric reanalysis36. The GTSR data-
set is enhanced with historical tropical cyclone tracks over the period 
of 1979–2004, using the International Best Track Archive for Climate 
Stewardship archive, as GTSR is known for under-representing tropical  
cyclones. The extremes are subsequently calculated using a Gumbel  
fit of annual maxima using the maximum-likelihood method and  
validated in refs. 34,37.

To calculate coastal inundation, overland inundation from 
near-shore tide and surge levels were computed, after which the  
nearest GTSR location are projected at the coastline. A resistance  
factor is used to simulate the reduction of flooding land inwards, 
as tides and storm surges have a limited time span and therefore  
their flood peak and associated volume can only penetrate inland  
to a certain degree5. Coastal flood maps were made on a resolution  
of 30ʺ × 30ʺ for the same return periods as the fluvial flood maps:  
5, 10, 25, 50, 100, 250, 500 and 1,000 yr, respectively33. For future  
conditions, mean sea level rise conditions were obtained from the 
RISES-AM project38 and simulated as a range of probabilistic outcomes. 
For this paper, the 50th percentile was used. Future subsidence rates 
from the SUB_CR model and are included in the inundation model by 
adding the subsidence estimates to the MERIT digital terrain model39. 
In the areas where fluvial and coastal flood cells overlapped, we applied 
a simple method proposed by FEMA40 and selected the highest inunda-
tion value.

For the continental scale and purpose of the study, the GLOFRIS 
model is sufficient. However, future research should focus on coupling 
ABMs with higher resolution flood hazard models (for example, ref. 41) 
to increase the accuracy of risk simulations and to allow for improved 
analyses on the local scale.

Exposure. The GlobalLand30 (ref. 42) database was used to estimate 
the exposure of urban assets. Urban grid cells within the GlobalLand30 
dataset were set to 75% residential, 15% commercial and 10% industrial 
(with an assumed building density of 20% for residential and 30% for 
commercial or industrial)5,43. Future changes in residential surface 
area per cell were derived from the correlation between population 
growth and residential building surface growth20. The gross domestic 
product (GDP) growth from the SSPs was used to increase the value of 
properties over time.

Vulnerability. The vulnerability was represented by depth–dam-
age curves (the relationship between inundation and the share of  
damage per land use type) and maximum damage values (the total 
amount of damage per land use type). The HAZUS Multi-Hazard 
model44 of FEMA was used for the curves and the maximum damage  
values were taken from ref. 43 following existing methods3,5. The 
depth–damage curves were altered to simulate the effect of household  
DRR measures: dry flood-proofing (preventing flood water from  
entering a building) or elevation of new buildings45. Dry flood-proofing 
has a lifespan of 75 yr (ref. 46), costs US$100 m−2 (Supplementary  
Table 5) and was implemented for water levels up to 1 m (FEMA47)  
reducing damage by 85%48,49. However, overtopping due to higher  
water levels resulted in full damage. For elevation, the vulnerability  
curve was shifted so that damage would only occur above 1 m of 
inundation.

Social vulnerability is represented by accounting for affordability 
in the adaptation choices of households. It is recommended for future 
research to also include other social vulnerability factors.

Current flood protection. Not all low-lying flood zones have the poten-
tial to be flooded due to the existing flood protection infrastructure 
(for example, dikes). The initial protection standards of levees in flood 
zones were based on the FLOPROS dataset50. Tiggeloven et al.5 and  
others used an approach where protection levels were based on GDP 
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but this resulted in very high protection levels for the USA (while obser-
vations suggested otherwise)51,52. Therefore, the coastal protection 
standards were set to 30-year exceedance levels51,52, which can be 
changed by the governmental agents (equation (4)).

Policy scenarios
A total of four policy scenarios (Sc1–4) were simulated. These consisted 
of combinations of the following NFIP insurance and governmental 
policies:

•	 Sc1: current NFIP. This scenario simulated the current NFIP 
market structure as closely as possible. Observed premiums for 
100-year flood zones and low-risk flood zones were used.

•	 Sc2: NFIP with risk-based premiums. Risk-based premiums were 
calculated by the flood risk model plus a loading factor of the 
current NFIP premium setting (estimated at 49.7%).

•	 Sc3: reactive government. Re-evaluation of protection standards 
of levees only occurred after a flood event in a county. Measures 
were implemented on the basis of a cost–benefit analysis using 
risk information from the model.

•	 Sc4: proactive government. Re-evaluation of protection  
standards occurred either every 6 years or after a flood event  
in the respective county. Measures were implemented on the  
basis of a cost–benefit analysis using risk information from the 
model.

Each policy scenario per RCP/SSP scenario was run for 50  
repetitions for each RCP/SSP scenario per five GCMs, for a total of  
250 repetitions each (n = 250).

Insurance market (ABM)
Premiums. Household decisions were based on yearly premiums 
(building and content coverage), which were simulated per grid cell of 
30ʺ × 30ʺ. See also Extended Data Fig. 1a. Start values of the premiums in 
Sc1 and Sc2 (current NFIP) were 2014 county averages for 100-year flood 
zones and low-risk flood zones53. State averages for premiums were 
used if county-level information was lacking. These 2014 premiums 
were adjusted to 2000 values at the start of the simulations. Next, these 
premiums were multiplied by the percentage change in yearly EAD 
simulated by GLOFRIS. It was assumed that yearly premiums changed 
before the yearly government decision on protection standards and 
the risk increase at that time step.

Premium discounts. For the scenarios with risk-based premiums 
(Sc3 and Sc4), unloaded premiums were initially calculated by the 
flood risk model. Subsequently, average NFIP loading factors (49.7%) 
were added54,55. Finally, a premium discount was applied using the CRS 
(Supplementary Information). Different discounts were applied for 
the 100-year and the low-risk flood zones (based on the ref. 53 dataset). 
Along with the CRS discounts, households that implemented DRR 
(elevation or flood-proofing) received a percentage premium discount 
that reflected the risk reduction obtained from implementing the DRR 
measure for the risk-based scenarios.

Mandatory insurance. Part of the NFIP is a mandatory purchase 
requirement for federally funded mortgages in a 100-year flood zone. 
Estimates show that, on average, 55% of the properties within a 100-year 
flood zone in participating communities are bound to the mandatory 
purchase requirement. However, research shows that an average of 
only 78% of those households comply56. We applied the 55% mandatory 
share for 100-year flood zones for participating communities and we 
benchmarked the compliance rate on affordability and the expenditure 
cap (that is, we assumed that if a households could not afford the policy 
premium, then they would not comply with the mandatory purchase 
requirement, resulting in an average compliance rate of 78%). After 
the initial model setup, households in non-participating communities 

can voluntarily adopt insurance over time but no mandatory require-
ment is enforced. It should be noted that this could lead to a higher 
insurance demand for inland communities that are non-participatory 
in the present.

Expenditure cap insurance. Following ref. 57 and ref. 58, we applied 
an expenditure cap definition for unaffordability. It was assumed  
that households could afford flood insurance if their annual pre-
mium was within the expenditure cap of their annual income, which  
was benchmarked at 7.5%. Income was distributed per county  
through a log-normal distribution based on mean and median 
income from the US Census Bureau 201059. See also Supplementary 
Information.

Homeowner behaviour (ABM). Households that were not bound to 
the mandatory requirement had a yearly decision to take or cancel 
insurance. See also Extended Data Fig. 1a. First, (un)affordability was 
tested through the expenditure cap for insurance of 7.5%. Second, 
two strategies were compared following a subjective expected utility 
(EU)20,60,61 model:

Strategy 1: take insurance, accepting the deductible
Strategy 2: do not take or cancel insurance
The strategy that yielded the highest EU was chosen. The subjec-

tive EU equation is as follows:

EUs =
PI
∫
Pi
βPiU (Wt − γDi,t × δs − Cpremium,t − dpremium,t)dP (1)

Equation (1) calculates EUs for each strategy s. Each event i has a 
probability Pi of occurring with a factor β as perceived probabilities 
(see below). The total set of events I is the return periods of each flood 
event (with return periods of 5, 10, 25, 50, 100, 250, 500, 1,000 and 
10,000 years, respectively) and the probability of no flood event. The 
EUs is subsequently calculated as the approximation of the integral over 
I. Utility is calculated as a function of wealth W, uncovered damage D, 
factor γ as perceived damage (see below), premium C and a premium 
discount d (if applicable to the scenario). Damage D per event i for 
year t is calculated using the hazard–exposure–vulnerability model.

Risk aversion. A general utility function following constant relative 
risk aversion62–64 was assumed. In line with common findings62,63, house-
holds were assumed to be slightly risk-averse in which case U(x) = ln(x).

Deductibles. For strategy 1, homeowners had to pay a deductible  
δ of 10% of the incurred damages, while strategy 2 had full damages  
(no damage was covered, so δ2 = 1, C = 0 and d = 0).

Perception. Individuals act with bounded rationality in their decisions 
on buying flood insurance. This was represented by the perceived prob-
abilities β and perceived damages γ. Both factors were benchmarked 
on the basis of empirical data by ref. 24 and simulated households over
estimating their risk after a flood event while underestimating their risk 
after a period of no floods. Mathematically this is shown as:

β = 12.0639 × α3.71657t + 0.08233 (2a)

γ = 0.442774 × α1.1671t + 0.802826 (2b)

where αt = 1 if a flood occurs and αt = αt−1 /1.6 if no flood occurs. This 
expression results in an increase during a flood event. In years with no 
storm events (the grid cell experiences no inundation), β and γ will sub-
sequently decay to the inverse of the observed values in ~6 years after 
the storm event, in line with empirical evidence65–67. While homeowners 
were aware of increasing risk over time, it is assumed that they were not 
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fully informed on flood risk due to their bounded rationality. Therefore, 
at the start of the simulations, each agent is assigned a different risk 
increase value picked from either a random-uniform distribution of the 
objective risk increase (simulated by the risk model) or no increase at 
all. It should be noted that individual risk perception is the main driver 
for changing behaviour but the decisions are also strongly influenced 
by the effectiveness of the adaptation measure and the income and 
wealth of the household, in line with coping appraisals68. For future 
work, it is recommended to assess the effects of including other drivers 
such as influences by neighbourhood behaviour.

Homeowner DRR and affordability. Affordability was tested before 
households could consider investing in individual adaptation meas-
ures (elevation for new properties and dry flood-proofing for exist-
ing properties). See also Supplementary Information. Elevation will 
prevent damages until the implementation height. Dry flood-proofing 
is preventing water from entering the property, which will lead to a 
decrease in damages up to 85% for implementation height48,49. However, 
inundation higher than the implementation height will cause overtop-
ping and will result in full damages.

An expenditure cap for DRR was set to 2.5% (Supplementary 
Information) to define affordability (similar to the cap for insurance). 
Adjustments were made as these are long-term investments that have 
benefits over time but have high initial investment costs. Therefore, 
it was assumed that households could fund the investment through a 
personal loan with 15% interest over 5 years. The annual loan payment 
was used to test the affordability24.

If the DRR options were affordable, each group (existing and new 
unprotected households) had the choice between two strategies:

Strategy 1: implement disaster risk reducing measures
Strategy 2: do nothing
This choice was determined on the basis of equation (3), which 

calculates the subjective discounted expected utility (DEU) as follows:

DEUs =
PI
∫
Pi
βPiU (NPVs)dP =

PI
∫
Pi
βPiU (

T
∑
t=1

Wt−γDi,t,s
(1+r)t

−
L
∑
t=0

Cannual,s
(1+r)t

)dP

=
PI
∫
Pi
βPiU (

T
∑
t=1

Wt−γDi,t,s
(1+r)t

−
L
∑
t=0

n∗C0,s
1−(1+n)L

(1+r)t
)dP

(3)

The DEU model is calculated for strategy s. The variables D, β, γ, W, P  
and i and the general utility function U(x) are similar to those in equation 
(1). The net present value (NPVs) is the sum of wealth Wt and the (reduced) 
damages Di,t,s over the lifespan of either measure T, discounted to the pre-
sent value using discount rate r. The discount rate is the pure time prefer-
ence of residents and is assumed to be 3%, following ref. 69. The investment 
costs C0,s are US$100 m−2 for dry flood-proofing and US$45 m−2 for 
elevation (considering it only applied to new buildings). Following 
up the affordability metric, the investments are spread over 5 years 
through a personal loan with 15% interest (Supplementary Table 5),  
as an annual loan payment Cannual,s. For strategy 2 (without action), the 
NPVs contains full perceived damages and no investment costs.

It should be noted that DRR investments and the uptake/cancella-
tion of flood insurance are not mutually exclusive, nor does one lead to 
another. Each decision is simulated yearly and made decisions (such as 
investing in DRR) will impact future decisions during a model simulation.

Government large-scale adaptation. Governments had the ability 
to adapt by raising protection standards (5-, 10-, 25-, 50-, 100-, 250-, 
500- and 1,000-year) each year per county. The initial fluvial protec-
tion standards were taken from the FLOPROS database50. A 30-year 
protection level was assumed for the coastal protection standards. 
(While some have aimed to determine coastal protection standards 
on the basis of GDP correlations, this is often not realistic for the USA 
as found by ref. 51 and others52,70 (Supplementary Table 5).) Adaptation 

measures simulate increasing dike heights and all necessary additional 
adaptation measures (for example, beach nourishment and revet-
ments), although some areas might be overestimated whereas other 
will be underestimated due to the scale of the model. During the initial 
modelling setup, these protection levels were matched with water 
levels to estimate an initial dike height. Protection standards could be 
increased by increasing dike heights for rivers and coasts for a county. 
The height increase was determined by using water levels associated 
with different return periods to reach the necessary protection level. 
If dikes were not upgraded over time, protection levels could decrease 
due to sea level rise and climate change effects.

The decision to increase dike heights was based on a cost–benefit 
analysis approach, whereby the present value of investment and main-
tenance costs was weighted against the present value of benefits from 
adaptation over time or mathematically:

NPVPSi =
N
∑
n=1

L
∑
t=1

Bt,PSi ,n−Ct,PSi ,n
(1+r)t

− C0,PSi ,n

=
N
∑
n=1

L
∑
t=1

(EADredt,PSi ,n−EADredt,PScurrent ,n)−(Ct,PSi ,n−Ct,PScurrent ,n)
(1+r)t

− C0,PSi ,n

(4)

Here, NPVPSi is the net present value of investing in dike heights 
associated with a protection standard PSi, calculated as the sum of each 
grid cell n for a specific county and over the lifespan of a dike L (assumed 
at 100 years)71. The benefits over time Bt are the difference between the 
reduction of EAD (EADred) between the new protection standard and 
the current protection standard PScurrent. Similarly, the maintenance 
costs Ct are the difference between the new and current protection 
standard. Lastly, C0 are the investment costs, the discount rate r 
(assumed at 4%) and time t in years. The maintenance costs are assumed 
at US$0.1 × 106 per km and investment costs are assumed at US$8 × 106 
per length (km) per height (m)48. The protection standard with the high-
est NPV is chosen. If none of the protection standard has a positive NPV, 
nothing is done. For the reactive and proactive scenarios, we assume 
that when the government decides on adaptation, it makes decisions 
on the basis of perfect information on future developments of risk. As 
the proactive government takes adaptation decisions frequently and 
the reactive government very infrequently, we do capture an approxi-
mate upper- and lower-bound of government decision-making.

Agent interactions. Household and governmental agents interact 
through investing in either DRR measures or large-scale adaptation 
measures, respectively, reducing risk over time. Whenever a house-
hold reduces their flood risk by implementing DRR measures, this will 
directly influence their decision on insurance, through changes in the 
perceived probability of floods or the associated damage and a lower 
insurance premium for the risk-based insurance market scenarios. In 
addition, they reduce a (minor) share of regional flood risk, impacting 
the decisions by the regional government.

Similarly, if governments reduce risk by implementing 
regional-scale adaptation measures, then this will be reflected in a 
lower perceived probability and damage by households depending 
on the level of government protection. Via this mechanism, flood 
protection by the government thus influences household’s decisions 
on adaptation investments and insurance uptake or cancellation.

Modelling robustness. We aimed to assess the sensitivity of proposed 
NFIP reforms under future conditions. To maximize the reliability of our 
model for this sensitivity analysis, we followed a three-step approach72 
(Supplementary Information): (1) benchmarking, (2) validation and 
(3) sensitivity analysis.

Benchmarking. Benchmarking of the GLOFRIS model has been exten-
sively described by ref. 3,33. With a hit rate of 70%, the global model 
performs well for the USA; however, it sometimes overestimates or 
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underestimates inundations (Supplementary Information). This 
uncertainty is apparent when comparing the damage simulations to 
observed events (2000–2018): GLOFRIS underestimates three extreme 
hurricanes (Katrina, Sandy and Harvey) and overestimates other events 
(albeit to a lesser extent). We therefore applied a scaling factor (Supple-
mentary Information) to better match the average observed damage. 
The underestimation of extremes can be explained by the dominant 
flooding processes during these events, which are not captured by our 
modelling setup (for example, levee breach; Supplementary Informa-
tion) and also by the fact that tropical cyclones are not well-represented 
in the GTSR dataset34.

Furthermore, the ABM model is upscaled from a benchmarked 
ABM for New York City using the same modelling decision rules and 
theory. However, the benchmarked parameters (risk aversion, protec-
tion standard, investment costs of dry flood-proofing, expenditure cap 
of dry flood-proofing investments, loan interest rate and loan dura-
tion) for New York City do not apply for the whole USA, which is why 
we applied standardized values of the parameters in the behavioural 
rules, as mentioned above. In addition, we benchmarked the parameter 
‘expenditure cap for insurance’, by testing different values (2.5%, 5% and 
7.5%) for this parameter and then ran the model 50 times for each of the 
parameter values. By comparing the number of policies per county as 
simulated by the model with the nationwide database (Supplementary 
Information), through a Spearman’s Rho correlation test, the cap was 
set to 7.5% (ρ = 0.679; P = 0.000).

Validation. Modelling outputs for the years 2000–2018 were compared 
to FEMA data (Supplementary Information) using two indicators (insur-
ance damage payouts and premium income). The model was run for 200 
repetitions to account for uncertainty. Supplementary Table 6 shows a 
slight underestimation of mean yearly annual insurance damage pay-
outs (US$2.8 billion versus US$3.0 billion) and a slight overestimation of 
premium income (US$1.7 billion versus US$1.3 billion) when comparing 
the model with the observed values, respectively. However, the standard 
deviation of the observed values was much higher, especially for the 
damages (0.9 versus 4.4 for the model and observed values). This last dif-
ference can be attributed to the underestimation of the damage by flood 
risk model for the three extreme hurricanes in the period 2000–2018.

Sensitivity analysis. The results from the validation provide confidence 
that, except for the three extreme events in the years 2000–2018, our 
modelled values of both damage payouts and premium income are 
close to their actual counterparts. However, to further test modelling 
uncertainty, a sensitivity analysis was conducted (Supplementary 
Tables 7–10), varying four key decision variables in the ABM:

	(1)	 Reducing the expenditure cap for insurance of 7.5% decreases the 
share of policy-holders up to 15% and 42% for an expenditure cap 
of 5.0% and 2.5%, respectively. This is largely caused by an increase 
in household affordability. However, since other variables are 
only slightly influenced and the expenditure cap is benchmarked 
on the observed data, the used benchmark of 7.5% seems valid.

	(2)	 Increasing the expenditure cap for DRR investments from 2.5% 
to 7.5% results in more households investing in DRR (up to 
54% for an expenditure cap of 7.5%) and consequently reduces 
residential risk (up to 20%). However, the changes in results are 
relatively uniform between scenarios and do not affect the main 
conclusions of the paper.

	(3)	 Increasing or decreasing the loan interest rates either decreases 
or increases the share of households that invest in DRR. How-
ever, this has a relatively low impact on results (with residential 
risk only changing by up to 4%).

	(4)	 Varying the governmental investment costs by ±20% has only 
a minor impact on overall modelling results (for example, risk 
fluctuates by ±5% uniformly between scenarios).

Data availability
Land-cover data were obtained from GlobeLand30,42. Inundation data 
were obtained from the GLOFRIS cascade model33. Vulnerability curves 
were obtained from HAZUS-MH model44. Maximum damage values are 
available at ref. 43. NFIP insurance data are available at ref. 55. Income 
data were obtained from the US Census Bureau59. Protection standard 
database was obtained from FLOPROS50. NFIP Redacted Claims dataset is 
available from FEMA73. FEMA and the Federal Government cannot vouch 
for the data or analyses derived from these data after the data have been 
retrieved from the Agency’s website(s) and/or Data.gov. Socio-economic 
data were obtained from the International Institute for Applied Systems 
Analysis74. The generated data that support the finding of this study 
are available in figshare with the identifiers: https://doi.org/10.6084/
m9.figshare.17049416.v1. There are no restrictions on data availability.

Code availability
The code for DYNAMO is available in Zenodo with the identifiers: 
https://doi.org/10.5281/zenodo.7025225. There are no restrictions 
on code availability.
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Extended Data Fig. 1 | A schematic overview of the primary modelling 
steps. A schematic overview of the primary modelling steps, showing the main 
buildings blocks of the DYNamic climate impact Adaptation Model (DYNAMO): 
(a) modelling schematic: a flood risk model and an agent-based model, (b) input 
data: flood maps, exposure data, flood protection data, income, (c) scenarios: 
socio-economic and climate change scenarios until 2050, (d) policy scenarios: 

governmental adaptation policies and NFIP market structures, (e) outputs: flood 
risk (EAD), insurance penetration rates, affordability, disaster risk reduction 
(DRR), and flood protection standards, (f) validation: damage and premium 
income. The framework builds upon earlier applications and version of DYNAMO 
by Haer et al.21 for the EU and de Ruig et al.28 for New York City.
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