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billion ($32.6 billion, $55.6 billion) (Fig. 5). This range shifts to
$26.0 billion ($14.2 billion, $37.7 billion) under a 7% time dis-
count rate and $85.4 billion ($74.1 billion, $97.5 billion) under a
3% time discount rate. This estimate includes only single-family
residences in areas with digitally mapped floodplains.

By drawing from a range of values for both the efficient
and empirical flood zone discounts, these estimates reflect the
possibility that flood zones are not priced at all (or are even
beneficial) in many states and that there are numerous factors
affecting the efficient discount for any given property. As shown
in SI Appendix, Figs. S3 and S4, our estimates of the efficient
flood zone discount are sensitive to assumptions about insur-
ance prices and related inputs. Uncertainty in the estimates in
Fig. 3 also contributes to the overall uncertainty in overvalua-
tion (SI Appendix, Fig. S10). As overvaluation is driven by the
gap between the efficient and the empirical discount, scenar-
ios with more negative efficient discounts and more positive
empirical discounts lead to much larger estimates of floodplain
overvaluation.

Discussion
Our findings suggest that many floodplain properties in the
United States are overvalued and that development in the flood-
plain likely exceeds what would be observed if asset prices fully
reflected information about flood risk. The additional risk cre-
ated by these investments is likely growing due to climate change
and the long-lived nature of housing and infrastructure. Such
concerns extend to other climate hazards as well: Both flood-
prone and fire-prone locations have experienced substantial
development in recent years (16–18).

The inconsistent pricing of risk in property values may be due
to specific features of the real estate market that distinguish it
from the theoretical market in which asset prices reflect all rel-
evant information. Real estate transaction costs are high, many
of the investors are amateurs (particularly for residential prop-
erty), and assets are rarely perfect substitutes for one another. In
real estate markets, even a fraction of uninformed or optimistic
buyers can lead to inflated property valuations because sellers
can wait until they receive an offer from that group (19, 20). Sur-

veys have demonstrated the presence of both uninformed and
optimistic buyers when it comes to flood risk (12, 21).

Our findings indicate that market efficiency may be improved
by enhancing awareness of climate risk among buyers. Aware-
ness and pricing of flood risk are likely shaped by a multitude of
factors including buyer-specific features (businesses vs. individu-
als), community characteristics (overall exposure to flood risk),
and regulatory context (real estate disclosure laws). Our results
are consistent with other studies of property prices and insur-
ance take-up that show people “learning” and “forgetting” about
flood risk over time (22–25). Risk communication efforts can be
improved in many ways, such as avoiding portraying flood risk as
binary, providing access to information about the extent of past
flood events, and through strengthened real estate disclosure
laws. Currently, the vast majority of states require disclosures
only by the time the contract is signed, which means that very
few buyers would know about flood risk before they make their
offer. Only two states require that sellers disclose the cost of their
insurance policy, which would allow the buyer to evaluate the
potential additional cost burden. Broader risk communication
efforts could enhance market efficiency and increase insurance
take-up, a consistent challenge for the NFIP (26).

We demonstrate that well-informed, sophisticated buyers
price the information in the floodplain maps more than a typi-
cal buyer, which has also been identified in the pricing of other
environmental attributes. For example, sea level rise projections
provided by the National Oceanic and Atmospheric Administra-
tion have been found to affect property values more in the more
sophisticated, nonowner occupied market segment and in areas
with high levels of belief in climate change. Those results res-
onate with ours, although they are difficult to compare directly
because we focus exclusively on the regulatory floodplain maps
(27). In addition, price capitalization of energy efficiency has
been found to increase once disclosure was mandated in real
estate transactions (28). Broadly, these results suggest that addi-
tional effort to reduce information asymmetry could increase
capitalization of flood risk.

The panel and difference-in-difference approaches yield sim-
ilar estimates of the flood zone discount of =1% to =2%,

Fig. 5. Floodplain properties across the United States are overvalued. (A) County-level totals of estimated overvaluation. Overvaluation is greater in counties
with many floodplain properties, high property values, and a large gap between efficient and empirical flood zone discounts. Only counties with a digitized
floodplain map covering over 50% of single-family residences are shown in this map. (B) Sensitivity of overvaluation estimates to time discount rates. Median
estimates range from $26.0 billion under a 7% discount rate to $85.4 billion under a 3% discount rate. The time discount rate affects the efficient flood
zone discount estimates (Fig. 2), which in turn affects overvaluation.
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while the cross-sectional estimate implies a flood zone bonus
for property values. The differences across methods demonstrate
that cross-sectional estimates are likely affected by unobserved
characteristics that are correlated with both floodplain presence
and sale prices. In contrast, because our panel analysis focuses
on a single property over time, it allows us to account for all
time-invariant characteristics of a home, including its proxim-
ity to waterfront amenities. Our panel estimate relies on the
assumption that there are no time-varying factors within a county
that are correlated with both price and being rezoned into a
floodplain, which appears reasonable in our context. Further
sensitivity testing, including running three models on the same
dataset, shows broadly stable results for the panel and difference-
in-difference, while the cross-sectional estimate is much less
stable (SI Appendix, Table S10).

While our estimates of the effect of the floodplain maps are
robust to many specifications, the maps do not capture all forms
of flood risk, and they are not the sole source of information
available about flood risk. Additional research is needed to bet-
ter understand the use of local knowledge and the extent to which
it diverges from these government-produced floodplain maps.
However, given the widespread use of these maps in regulation
at local, state, and federal levels and the lack of widely available
alternatives, it is likely that these maps are the primary source
of information for most market participants. In fact, the larger
flood zone discounts we observe in markets with well-informed
buyers—discounts in line with what we would expect in an effi-
cient market—provide strong evidence that the floodplain maps
are an important source of information. Further, even if cer-
tain market participants rely on other sources of information, the
influence of the maps themselves is still important to investigate
given the substantial public investment they represent.

Our estimates of the flood zone discount and associated over-
valuation reflect the information in the floodplain maps and
current insurance prices; they do not capture unmapped flood
risk, potential future increases in risk due to climate change,
or potential future changes in insurance pricing. Changes in
insurance pricing would affect our benchmark estimates of the
efficient flood zone discount and associated overvaluation. If
insurance costs were to increase in the future, the efficient
flood zone discount would increase, yielding a larger total
overvaluation.

This analysis is limited by several data constraints. The accu-
racy of our empirical estimates of the flood zone discount is
constrained by the accuracy of existing digital floodplain maps
and property location data. Property owners can appeal their
flood zone designation through a structure-specific elevation
study and eliminate their requirement to purchase insurance;
such amendments are not recorded in the floodplain maps used
in this study. In addition, the spatial resolution of the flood-
plain maps and location information may lead to some properties
near the boundaries being misclassified as inside or outside of
the floodplain. More recent map updates, which do not rely
on the Q3 data from the 1990s, could yield more precise esti-
mates of the flood zone discount, which would also help reduce
uncertainty in our total overvaluation calculations (SI Appendix,
Fig. S10).

Our estimates of overvaluation of floodplain properties would
also benefit from more precise estimates of the efficient flood
zone discount. Our benchmarks for the flood zone discount in
an efficient market are based on estimates of what full flood
insurance coverage would cost. We use NFIP rates because the
NFIP dominates the residential flood insurance market, writing
over 95% of policies. We estimate unsubsidized rates rather than
observed policy premia because only an estimated 30% of flood-
plain households carry flood insurance, and many of them may
be underinsured (29). We do not observe which properties ben-
efit from discounted insurance rates under the NFIP due to the

Community Rating System or subsidies. However, legislation to
eliminate many NFIP subsidies did not noticeably affect the esti-
mated flood zone discount (SI Appendix, Fig. S11), and choices
about time discount rates affect the efficient flood zone discount
in combination with insurance prices (SI Appendix, Fig. S3).

Insurance costs, and by extension the efficient flood zone
discount, vary by property and are affected by numerous unob-
served or difficult-to-observe characteristics, including elevation
relative to base flood elevation, number of floors, wave expo-
sure, and structure value (Materials and Methods). We draw on
existing NFIP data to inform probability distributions for ele-
vation and other parameters, but insured properties may vary
in important ways from the overall distribution. For example,
homes owned for multiple generations are unlikely to carry a
mortgage that would require carrying flood insurance, and they
are also more likely to be at lower elevation given that build-
ing codes have generally become more stringent over time. For
higher-value properties, estimating the efficient flood zone dis-
count is further complicated by the NFIP’s coverage cap of
$250,000. We estimate the efficient flood zone discount assum-
ing that coverage could be obtained at the same rate for larger
amounts, but those numbers may be underestimates of the true
discount for risk-averse buyers who are more concerned about
the uninsured portion or who seek private coverage for it at
different rates.

Our results demonstrate that markets do not respond uni-
formly to new information about flood risk; rather, markets
with better-informed buyers exhibit stronger responses. These
findings point to an opportunity for both researchers and policy-
makers to identify and implement practices to ensure timely and
effective communication of climate risk. These lessons are also
relevant to markets beyond real estate where information asym-
metries are likely present, as recognized by recent proposals to
require corporations to disclose climate risk. Such measures are
critical for enabling investments in resilient assets and ultimately
limiting damages in a changing climate.

Materials and Methods
Data.
Floodplain maps. For current floodplain maps (officially “Digital Flood
Insurance Rate Maps”), we downloaded state-level extracts of the National
Flood Hazard Layer (NFHL) from FEMA’s Flood Map Service Center in March
2018. The NFHL is a continuously updated digital dataset that represents
the current effective floodplain maps for those parts of the country where
maps have been digitized. For historical floodplain maps, we obtained Q3
Flood Data, the first digitization of floodplain maps. These were initially
produced in 1996 and updated through May 1998. The Q3 data cover 1,289
counties (30).

Each property (and thus each transaction) was overlaid on both the cur-
rent and historical flood maps and assigned one of three conditions for each
time period: in a Special Flood Hazard Area (SFHA) (equivalent to the 1%
floodplain), outside of the SFHA, or unmapped.
Dates of map updates. FEMA’s floodplain maps are updated sporadically
and at various geographic scales, ranging from a portion of a county being
updated to multiple counties being updated at once. The current maps
include the date they went into effect, so they are taken to be in effect
from that date through the download date in March 2018. The Q3 maps
are assumed to be effective from 1996. To identify map updates that took
place between the Q3 maps and the current maps, we use the FEMA-issued
Compendia of Flood Map Changes from 1998 to 2013.

We matched the map updates to properties based on the community
or county ID in the Compendium of Flood Map Changes. Earlier floodplain
maps were issued by community, which is a subcounty level, and more recent
maps have been issued by county. We searched the compendia for updates
that matched either a property’s community or county and assigned the
associated map update date to the property. Because we do not observe
exactly which portion of the county map is updated, we conservatively
assumed that any map update associated with a county ID affected the
entire county.

We have access only to the floodplain maps as published in the Q3
data and the current effective maps. Depending on the frequency of map
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updates, we observe different portions of a property’s floodplain status over
time. If a property has never experienced a map update, or if there has been
only one update between 1996 and the present, then we observe its flood-
plain status throughout. If there are multiple updates, for instance in 2004
and again in 2008, then we can use the historical map until 2004 and the
current maps from 2008 to the present, but we do not know the property’s
floodplain status from 2004 to 2008, and any sales during that time are
omitted.
Real estate data. Property sales and characteristics data are sourced from
CoreLogic, a data vendor which compiles deed transaction records and prop-
erty tax roll information from US County Assessor and Recorder offices. We
included the deed transaction records for all 50 states and the District of
Columbia in our analysis. Matching the time period of the flood maps, we
included sales beginning in 1997 and ending in 2017.

Transactions missing a parcel identifier, sale price, or location coordinates
were removed. We also removed transactions that were part of a split or
multiple parcel sale, instances of a parcel transacting multiple times on 1 d,
and non–arms-length transactions, such as foreclosures. Transactions were
assigned, if possible, to the month and year of the sale date. If transactions
were missing a sale date, we used the date that the sale was recorded. If
there was no month and year listed for either the sale date or the record
date, the transaction was eliminated from the dataset.

Only parcels identified as single-family homes were included in this anal-
ysis. Property characteristics such as the year the property was built or
substantially renovated, bedrooms, bathrooms, and square footage were
also sourced from CoreLogic. These are taken from the most recent tax
assessment available, typically 2016 or 2017, and thus reflect approximately
present-day property characteristics. We removed sales that occurred before
the property’s most recent renovation date (the “effective year built”) to
ensure that the property characteristics apply to the property at the time
of sale, and we removed properties with a most recent renovation date
before 1968.

Summary statistics for our data are available in SI Appendix, Table S2.
Other property characteristics. To obtain the distance from the property to
the nearest river, lake, or ocean, we used the US Geological Survey’s National
Hydrography Dataset (available at https://www.usgs.gov/core-science-
systems/ngp/national-hydrography/access-national-hydrography-products).
Feature code 566 from the Flowline layer was used to map distance to the
coast, feature codes 390 and 493 from the Waterbody layer were used to
map distance to the nearest lake or pond, and feature code 460 was used
to map distance to the nearest stream or river. We calculated the minimum
distance from each property to these water features in R.

Properties were mapped to their corresponding census block group
and tract using the US Census Bureau’s TIGER/Line shapefiles (available
at https://www.census.gov/geographies/mapping-files/time-series/geo/tiger-
line-file.html). The TIGER/Line shapefiles were also used to map the distance
from each property to the nearest primary road and secondary road.

Benchmarks for the Flood Zone Discount.
Efficient market discount. We estimate the efficient flood zone discount as
the difference between a flood-prone and otherwise identical safe property,
reported as a fraction of the value of the safe property. We use the present
cost of fully insuring the home against flood damage to approximate the
difference between the flood-prone and otherwise identical safe property,

FZD =

∑∞
t=0

P
(1+r)t

V

where P represents the annual premium, r is the discount rate, and V is the
total value of the otherwise-equivalent safe property.

P is a function of coverage amount, deductible, property elevation, and
other property characteristics. To most closely approximate the efficient
flood zone discount, we assumed that the households are fully insured with
the lowest possible deductible of $1,250 and that the insurance coverage
is equal to the value of the structure, such that there would be minimal
uninsured costs. We compare here against a house with no flood insurance
costs since it has been estimated that only 1% of nonfloodplain houses are
insured (31). However, the efficient flood zone discount would be smaller if
we were to assume that the nonfloodplain house option included nonzero
costs.

A key input to our estimates is the market value of floodplain property.
Current market values are available only for properties that have sold in
the recent past. To generate a complete set of market values, we start with
the maximum value in tax roll data across three reported property value
columns: “assessed total value,” “market total value,” and “appraised total

value.” The completeness of these fields varies, but at least one value is
available for over 99% of floodplain properties, and they generally date
from either 2016 or 2017. However, these values can diverge substantially
from sale prices. Therefore, for each state’s sales since 2014, we calculate
the ratio of sale price to reported property value from the tax data and
then extract the median ratio. We then scale our reported values to an esti-
mated market value using this factor. For example, if the median transaction
price since 2014 is 5% larger than the reported property value, we multiply
all reported property values by 1.05 to obtain our final estimated market
values. With the exception of one state, these scaling factors fall between
0.95 and 1.4.

To account for uncertainty in the other parameters affecting the pre-
mium, we repeatedly sample from a set of parameter distributions. We start
by drawing a sample of 10,000 floodplain houses from our parcel data, each
with an estimated current market value, flood zone, and state. We include
only properties with market values between $50,000 and $5 million. We also
draw an empirical estimate of the flood zone discount for each state based
on the distributions in Fig. 3. Then, the following process is undertaken for
each sampled house using three different time discount rates of 3%, 5%,
and 7%:

1) The market value is split into land and structure values by drawing a
value from the Lincoln Land Institute’s data on land and property val-
ues. The national average of the percentage of property value attributed
to land is calculated for each year from 1998 to 2016, and one value is
drawn at random from this pool. The values range from 20% (2011) to
37% (2006), so we attribute somewhere from 63 to 80% of the observed
market value to the structure.

2) The present cost of insurance premia to cover the full structure value
is estimated. Following ref. 7, these are based on the April 2016 NFIP
Flood Insurance Manual for post-FIRM properties. The flood zone (wave-
exposed V zone or A zone) is drawn directly from the parcel data.
Property characteristics including elevation, number of floors and base-
ment, presence of obstructions for coastal properties, and replacement
cost to value ratio are drawn from a set of probability distributions.
FEMA’s dataset on insurance policies was used to inform the distributions
of these parameters, although the set of properties carrying insurance
may systematically differ from the overall distribution of floodplain prop-
erties. The distribution of input parameters is shown in SI Appendix,
Table S12.

3) Because the flood zone discount represents the difference between a
flood-prone and an otherwise “safe” home, we estimate the market
value of the property were it not in a floodplain using the empirical esti-
mate of the flood zone discount. For our estimate of the efficient flood
zone discount, we then divide the present cost of a stream of insurance
payments by this safe value.

We calculate the median flood zone discount across the 10,000 sampled
houses. We then repeat this process 500 times, drawing a new random sam-
ple of 10,000 houses each time, yielding 500 estimates of the efficient flood
zone discount for the nation for each of the three discount rates used.
The median of each distribution is shown as the black diamond in Fig.
2. These values are then used as input into our overvaluation calculation
below.
Present value of insurance. Numerous past studies report data on hous-
ing prices and the average insurance premium in the study location. To
estimate the price penalty associated with the insurance costs in these
study locations, we calculated the present value of a stream of insur-
ance payments, again using three different discount rates of 3%, 5%, and
7%, and divided by the average sale price. These studies do not always
report important characteristics of the insurance prices, such as whether
houses tend to underinsure and whether any of the properties benefit
from subsidized insurance prices. For those reasons among others, these
estimates may diverge from our estimates of the efficient flood zone
discount.

Empirical Approaches. We implemented three different empirical
approaches to estimate the flood zone discount: panel repeat sales,
difference-in-difference, and cross-sectional.
Panel repeat sales. This method identifies the effect of floodplain status on
property value by comparing a single property to itself over time, as its flood
zone status (FP) can change as the floodplain map is updated. We estimate
the regression

log(picat) = δFPiat + γi +µca + ηct + εicat ,
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where FPiat is a binary variable equal to 1 if the property i of age a is in
the floodplain at the time of sale t, and 0 otherwise. δ is the estimated
effect of being in the floodplain on prices (picat). The property fixed effect,
γi , accounts for time-invariant confounds including property characteristics,
such as proximity to water. We also include fixed effects for the age of the
property at sale by county µca and for county–year ηct . The former ensures
that we are comparing houses of the same age within a given county, and
the latter flexibly absorbs local market trends. In our main specifications,
errors are clustered by county; results in SI Appendix include errors clustered
by county and by year.

The key assumptions for this approach are twofold. First, we assume
that, after accounting flexibly for time trends or shocks at the county level,
any remaining time-varying unobservables are not correlated with both
rezoning into the floodplain and price. Second, we assume that the val-
ues of time-invariant characteristics that are correlated with rezoning into
the floodplain, such as proximity to the coast, are not changing over time.
In additional robustness tests, we include census tract-by-year fixed effects
and allow for properties at different proximity to water and in different
price tiers to experience different time trends (SI Appendix, Fig. S5). Time
series plots showing price trends relative to the timing of map updates are
included in SI Appendix, Fig. S12.

To be included in the panel sample, a property must be outside of the
floodplain in the old map, it must have a known floodplain status in the
new map, and it must be sold more than once while its floodplain status is
known. Sales that occur while the floodplain status is unknown are dropped
from the dataset. The treated properties are those that are sold after being
zoned into the floodplain when the map is updated. We filter for outliers by
removing properties that exhibit more than 50% annual growth or decline
in sale price between observed transactions. Inclusion of these outliers does
not affect our results, yielding an estimated flood zone discount of −2.2%
rather than −2.1%.

We note that estimates of δ could reflect decreases in demand for
floodplain properties, increases in demand for nonfloodplain properties,
or some combination of the two. Distinguishing these two effects is not
possible in our design, nor is it critical to our research question, which is
in understanding the difference in price between a floodplain home and
an otherwise identical safe home. That difference should capture both
reduced value due to being in a floodplain and increased value due to not
being at risk.
Difference-in-difference. Similar to the panel approach, the difference-in-
difference strategy uses a map update that zones certain houses into the
floodplain to measure the impact of floodplain status on property value.
However, it does not require that a single parcel is sold more than once
during the observational period. Instead, we compare two properties within
the same county or census tract, where both begin outside of the floodplain
and one house is then zoned into the floodplain. We assume that absent
the floodplain map changing, prices would trend similarly between the two
properties. Pre- and posttreatment price trends are shown in SI Appendix,
Fig. S13. Our estimating equation is the following:

log(picqst) = β1NewFPi + β2NewMapit

+ δNewFPi ∗NewMapit +λsZit

+ ηct +αsq + εicqst.

δ is the effect of being zoned into the floodplain on prices. NewFPi is a
binary variable equal to 1 if the property is located in the new floodplain,
regardless of whether the old or the new flood map is in effect at the time
of sale. β1, the coefficient on NewFPi , represents the premap change dif-
ference between property values in the two regions. NewMapit is a binary
variable equal to 1 if the sale occurs after the map has been updated, and
its coefficient β2 represents any change in property values common to both
regions that occurred after the map was updated. The estimation is at the
property level because different locations experienced map changes at dif-
ferent times. As with the panel method, errors are clustered at the county
level in the main specifications, with clustering by county and by year shown
in SI Appendix.

To account for differences in the composition of houses sold at different
times, we flexibly adjust for a number of property-specific characteristics in
Zit : age of property at the time of sale, land area, living area, and num-
ber of baths (all binned), as well as geographic characteristics: census tract,
distance to coast, river, lake, primary road, and secondary road. All of the
distance variables are binned at 0 to 100 m, 100 to 500 m, 500 m to 1 km, 1
to 2 km, 2 to 3 km, 3 to 4 km, 4 to 5 km, and for coast and road distances, 5
to 10 km, and greater than 10 km. All property characteristics are included
as state-by-characteristic fixed effects, which allows their value to vary non-

linearly across bins and across states. αsq is a fixed effect for the quarter of
sale by state to account for seasonal market changes, and ηct is again a fixed
effect for each county–year, which flexibly absorbs local market trends. We
also implement this model with census tract–year fixed effects, shown in SI
Appendix, Fig. S6.

To be included in the sample for this method, a property must be outside
of the floodplain in the old map, its floodplain status must be known in
the new map, and the switch from the old map to the new map must be
a direct change. The switch from old to new is not always a direct change
because some places have a map version we do not observe that was in
effect between our old map and our new map. We drop these observations
from our sample. In addition, we remove outliers by filtering the highest-
and lowest-priced 1% of sales from each county.

As an additional measure to maximize the similarity between control
houses and rezoned houses, we test our results when limiting the data
to only counties or census tracts with houses rezoned into the floodplain.
Our primary estimates use a time period of 10 y on either side of the map
update. We test the sensitivity to shorter time windows as well. Results of
these sensitivity tests are shown in SI Appendix, Fig. S6.
Cross-section. To compare to earlier estimates in the literature, we imple-
ment a cross-sectional analysis that decomposes the sales price into prop-
erty characteristics, location characteristics, and floodplain presence. This
approach pools all sales for which the floodplain status is known. To
estimate the flood zone discount, this method relies on the (in our
view unlikely) assumption that we have controlled for every property
characteristic that is correlated with floodplain status and price:

log(picqst) =λsZit + δFPit + ηct +αsq + εicqst.

Zit is a vector of property characteristics identical to the one described in
the difference-in-difference section, and these are again incorporated as
state-by-characteristic fixed effects. δ is once again the effect of being in
the floodplain on property prices. Errors are clustered at the county level.

All sales when the floodplain status of the property is known are
included in the cross-sectional regressions. We remove outliers by filtering
the highest- and lowest-priced 1% of sales from each county.

Real Estate Disclosure Laws. To explore the relationship between the flood
zone discount and real estate disclosure laws, we run our panel regression
with an interaction term Ds:

log(picast) = δ1FPiat + δ2(FPiat ∗Ds) + γi +µca + ηct + εicast.

Real estate disclosure laws vary widely in what they address, how they are
implemented, the required timing of disclosure, and the consequences for
failure to disclose. To simplify these many dimensions, we consider three
common types of flood-related disclosures:

• Floodplain location. These disclosures ask whether the property is located
in the floodplain or ask for the flood zone designation of the property.

• Flood damage. This disclosure type includes any disclosures about
drainage, leakage, water intrusion, standing water, and flooding prob-
lems, both past and present.

• Flood insurance. This disclosure type includes whether flood insurance is
currently carried on the property, whether it is required to be carried,
whether claims have been made recently, and the cost of insurance.

Ds is a categorical variable with levels 0 to 3 representing the number
of types of disclosures covered in that state. We use a time-invariant value
(representing the current requirements) because although state real estate
disclosures vary over time, the changes over time are difficult to track.
Some states give a real estate association authority to create a manda-
tory disclosure form, but the content of the form can change without any
legislative action. We treat disclosures as mandatory even if sellers can
avoid them in certain instances, such as by paying a fee (Connecticut and
New York) or by filing a disclaimer form rather than a disclosure form
(Maryland).

The inventory of state real estate disclosure laws was compiled based on
information from the Natural Resources Defense Council and the National
Association of Realtors (32, 33).

Business Buyers. We test whether business buyers respond to the floodplain
designation differently than individuals and couples by modifying our panel
regression to include an interaction term:

log(picat) = δ1FPiat + δ2(FPiat ∗ Biat) + ρBiat + γi +µca + ηct + εicat.

8 of 9 | PNAS
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Biat is equal to 1 if the buyer is marked as a business buyer and is zero
otherwise. Buyers are defined by CoreLogic as either a business or an individ-
ual/couple. The determination is based on the name; for instance, all buyers
ending in “LLC” are tagged as businesses. As a result, family LLCs or family
trusts are typically designated as businesses. The business designation also
captures other organizations that are not businesses, such as nonprofits and
government agencies. However, all of these buyers—whether a family with
an LLC, a large corporation, or a nonprofit—are likely to be better resourced
than a typical individual or couple purchasing a home.

Overvaluation. To estimate current overvaluation of houses in the flood-
plain, we calculate the difference between the current market value of
floodplain homes and the values we would expect under an efficient mar-
ket. This process builds directly on the steps described in Benchmarks for
the Flood Zone Discount, which produces 500 estimates of the national
efficient flood zone discount under three different discount rates. Each
of the efficient flood zone discount estimates is based on a draw of
state-specific values for the empirical discount, which are based on results
in Fig. 3.

We start with the estimated current market value for floodplain single-
family homes in our dataset. For each of 500 runs, we repeat the following
process:

1) Assign the empirical flood zone discount for that state to the property.
2) “Undiscount” the current market values for each property based on the

discount drawn in the previous step. This value approximates the market
value of the otherwise equivalent safe property.

3) “Rediscount” each property using the efficient flood zone discount to
approximate the efficient market value.

4) Calculate the difference between the current market values and the
efficient market values for each property.

5) Sum the overvaluation amounts for each county and scale to reflect any
floodplain properties in the county that do not have market value data.
Less than 1% of floodplain properties in our data are missing market
values.

This process yields 500 estimates of overvaluation. We generate these
estimates under time discount rates of 3%, 5%, and 7%.

As an example, suppose we have a property with an observed market
value of $1 million, and our estimate of the empirical discount is 2% and
the efficient discount is 5%. Then the estimated efficient market value
from steps 1 to 3 is $1 million/(0.98) ∗ (0.95) = $0.969 million, and the
overvaluation from that property in step 4 is $31,000.

Data Availability. Property records cannot be released under the data use
agreement with CoreLogic. All other supporting data and replication code
are available at https://purl.stanford.edu/td021fz7393.
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