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ABSTRACT

In 2017, Hurricane Harvey hit Harris County, Texas and caused devastating flood
damages. These flood damages were exacerbated by a rapid land development. This
paper estimates the impact of the Federal Emergency Management Agency (FEMA) high
risk flood zone designation, the Special Flood Hazard Area (SFHA), on land development.
FEMA’s flood maps convey information to homeowners regarding their property’s flood risk
and requires flood insurance for most properties in the SFHA. Using a spatial regression
discontinuity design I find evidence of a 64% decrease in land development just inside of the
SFHA boundary line. These results suggest FEMA can significantly impact the allocation
of land development with the SFHA designation. Currently, FEMA underestimates flood
risk, accurately assessing flood risk can help better prepare homeowners for future flooding
events and allocate future land development in a more socially optimal way.
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INTRODUCTION

Flooding in the US is the most frequent and costly natural disaster (Cigler, 2017). The
costs of flood damages are expected to keep rising due to development in high-risk flood zones
and climate change (Winsemius et al., 2016). Given the increasing frequency and financial
toll of flooding within the US; it is important to learn how we can mitigate the impacts and
better prepare for future flooding events. One potential flood adaptation response is to not
over develop land in high-risk flood zones. Over the last two decades, much of the new land
development has occurred in inland areas due to the rising housing costs along the coast
and in urban centers (Levitt and Eng, 2021). However, rapid development is problematic in
areas that have high flood risk since it increases the cost and severity of future flood events.

Due to increasing flood risk throughout the US, it is crucial to accurately assess flood
risk to mitigate the adverse effects of flood events. The Federal Emergency Management
Agency (FEMA) estimates flood risk at the property level by defining different flood map
designations for different levels of risk. Properties in FEMA’s highest risk flood zones are
in the 100-year flood plain or defined by FEMA as the Special Flood Hazard Area (SFHA).
While the flood maps do not perfectly reflect flood risk, the flood map designations are
an important tool for household climate adaptation and inform FEMA’s flood policies.
Additionally, FEMA uses the flood map designation to determine insurance premiums. For
properties in the SFHA designation, FEMA requires properties with a federally backed
mortgage or those that have previously received disaster aid to have flood insurance, and in
some cases requires additional construction regulations.

The additional requirements associated with the SFHA, as well as the information

conveyed about flood risk, are intended to disincentivize new development in high-risk areas.
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However, there are some constraints that undermine the SFHA designation’s impact. First,
FEMA systematically underestimates flood risk in inland areas (Wing et al., 2022). Second,
FEMA flood maps are not regularly updated and do not account for future flood risk. Third,
local government officials often have incentives to manipulate the flood maps by keeping the
SFHA small (Pralle, 2019). Given the discrepancies between FEMA estimation of flood
risk and the true flood risk of a property, FEMA flood maps might be incentivizing land
development in the areas that are actually vulnerable to future floods.

Inaccurate flood maps can have devastating consequences for communities that
experience extreme flood events. For example, in the summer of 2017, Hurricane Harvey
caused devastating floods in Harris County, Texas. Analysis of flood damages found that
nearly three quarters of damaged residential buildings were outside the SFHA (Hunn et al.,
2018). FEMA'’s underestimation of flood risk in Houston left thousands of households
uninsured and unprepared for Hurricane Harvey. In the decade prior to Hurricane Harvey,
Houston had the fifth largest population growth and land development in the US (Bounoua
et al., 2018). The probability of an extreme flood event like Hurricane Harvey increased 21
times because of the surge in Houston’s land development (Zhang et al., 2018).

In this paper I estimate the impact of FEMA’s SFHA designation on land development
in Harris County, Texas. I use property-level data for SFHA boundaries from the National
Flood Hazard Layer (NFHL) and 30 by 30 meter land development data from the United
States Geological Survey (USGS). Given the granularity of this data, I am able to use
a spatial regression discontinuity design. This design compares properties next to each
other on either side of the SFHA boundary and relies on the assumption that the SFHA
boundaries do not reflect any true discontinuities in flood risk. The errors in FEMA’s flood
zone designation help validate this assumption.

This paper broadly contributes to the literature on the effects of FEMA’s lood maps on

the housing market. More specifically, this paper contributes to the literature by estimating
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the effect of the SFHA on land development in an inland setting, which expands on previous
work. This paper shows evidence of a 64% decrease in land development for the area just
inside the SFHA boundary. These results emphasize the need for FEMA to consider how
flood map revisions will impact land development and the subsequent effects on homeowners

and future flood events.
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LITERATURE REVIEW

The current literature on the effects of FEMA’s flood maps on the US housing market
is mixed. There are several papers finding small decreases in property values from being in
the higher risk flood zone (Harrison et al., 2001; Bin et al., 2008; Daniel et al., 2009; Bin and
Landry, 2013; Beltran et al., 2018; Ortega and Taspinar, 2018; Eichholtz et al., 2021; Hino
and Burke, 2021). Bin and Kruse (2006) does not find statistically significant negative effects
of flood risk on property values in coastal areas. Other studies find an increase in property
values from being in the flood zone in areas in Texas and Florida (Atreya and Czajkowski,
2019; Ostriker and Russo, 2022). Gourevitch et al. (2023) takes a different approach in
accessing the impact of FEMA’s flood maps on the property values by comparing the SFHA
to more scientifically accurate flood maps and finds that underestimating flood risk has led to
$200 billion in property over evaluation within the US housing market. These inconsistencies
in the literature show a gap in our understanding of how being in the SFHA affects the
desirability of properties.

Other studies estimate the extent to which homeowners are responsive to new flood
risk information. (Gallagher, 2014) finds that following a local flood event there is a spike in
flood insurance up-take. More recent work finds that white communities respond to new flood
risk information by increasing insurance up-take and predominately minority communities
decrease insurance up-take (Weill, 2023). Fairweather et al. uses more scientifically accurate
flood risk information instead of FEMA’s flood maps in a randomized control trial to
show that home buyers are responsive to flood risk information and make more informed
purchasing decisions.

There is one other paper that estimates the impact of FEMA’s flood maps on land
development. Ostriker and Russo (2022) add to the literature on FEMA’s flood map’s

impact on the housing market in Miami-Dale County, Florida by using a spatial regression
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discontinuity design to estimate the flood map’s impact on property values and land
development and uses these estimates in a structural model. They find a 9% decrease in
land development within the SFHA using a one-mile bandwidth on either side of the SFHA
boundary. I use a spatial regression discontinuity approach to estimate the impact of SFHA
boundaries on land development in Harris County, Texas that uses an optimal bandwidth
selection outlined in Calonico et al. (2020). By using this method of bandwidth selection
and estimating impacts in Harris County, Texas, I find results with larger magnitude than
in previous work.

The differences in these results might be due to two reasons. First, Harris County
has SFHA designations in areas along its coastline and inland areas where as Miami-Dale
County is largely a coastal area. Since the literature on the impacts of FEMA’s flood maps on
property values varies by location, particularly in areas where land development is correlated
with flood risk, then it is reasonable that the impacts on land development would also vary
by location. Second, culturally Harris County, Texas and Miami-Dale County, Florida are
very different. There might be an unobserved characteristic of the culture in southern Florida
that makes residence less responsive to flood risk information. Alternatively, there might be

an unobserved characteristic in Harris County that makes the residence more responsive to

flood risk.
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BACKGROUND

In the US, few private insurance companies offer flood insurance since a single flood
event can be difficult to predict and can affect thousands of properties simultaneously. To
fill this gap in coverage the US government began subsidizing flood insurance and created
the National Flood Insurance Program (NFIP) in 1968. In order to determine insurance
premiums, FEMA is responsible for creating Flood Insurance Rate Maps (FIRMs) or flood
maps that are used by the NFIP. These maps evaluate a property’s probability of being
flooded within a given year. The 100-year flood plain, also known as the SFHA or high-risk
zone, has an annual probability of being flooded by 1% or more. The 500-year flood plain,
also known as moderate risk flood zones, have a 0.2% to 1% probability of being flooded in
a given year. A property’s risk is determined by proximity to water, slope, and elevation.

Properties with a federally backed mortgage in a SFHA are required to purchase flood
insurance. This requirement has historically been poorly enforced and flood insurance uptake
remains low due to incomplete information on risk (Chivers and Flores, 2002). The NFIP
heavily depends on subsidized and grandfathered insurance premiums within the SFHA,
that are lower than the actuarially accurate risk premiums (Tier). Actuarially fair insurance
premiums would make homeowners internalize the expected costs of living in a high risk flood
zone. Overall, the insurance mandate should discourage land development in the SFHA.
However, since national flood insurance is poorly enforced and premiums are lower than the
actuarially fair premium, the insurance mandate falls short of optimally discouraging land
development in the SFHA.

Currently FEMA flood maps are incomplete, outdated, and underestimate flood risk
to the extent that FEMA estimates that 13 million Americans live in the SFHA and more
scientifically accurate flood maps estimate that it is closer to 41 million Americans (Wing

et al., 2022). FEMA is supposed to update the flood maps for any given area every 5 years.
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However, nearly two thirds of flood maps have not been updated in the last five years (Scata,
2017). FEMA has created updated flood maps for some coastal flood hazard areas in the
US. However, due to the catchment size FEMA uses in estimating flood risk, flood mapping
of risk from rivers and rainfall is incomplete (Wing et al., 2022). The underestimation of
flood risk becomes clear when considering one-third of all NFIP claims are for properties
located outside of the SFHA boundaries. Underestimating flood risk to the extent that
properties with true high flood risk are incorrectly classified as being outside of the SFHA
could lead to a decrease in development in the SFHA. However, underestimating flood risk
for properties within the SFHA may lead to further under pricing of insurance premiums,
inflating property values, and increase demand for land development within the SFHA.
There is a bundle of treatments that the SFHA designation represents. The SFHA
designation requires properties to purchase flood insurance, gives information about a
properties flood risk, gives eligibility for streamline BCA process for FEMA’s Hazard
Mitigation Grant program, and in some cases requires additional construction regulation.
Since there are multiple mechanisms through which the SFHA designation impact land
development, results are interpreted as how all of these treatments combined affect land
development. Each of these mechanisms are intended to disincentivize land development in

the SFHA.
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DATA

Overview

The data for this paper includes publicly available data from the National Flood Hazard
Layer (NFHL) for flood risk assessment, the United States Geological Survey (USGS)
National Dataset of Rasterized Building Footprints for a measure of land development,
USGS National Map of the 3D Elevation Program (3DEP) for a measure of elevation, and
the National Land Cover Database (NLCD) that identifies land type. Table 4.1 displays

summary statistics for the treatment variable, running variable, and all outcome variables.

Main Data

For the treatment variable, I use the SFHA flood zone area data from the NFHL. This
data contains spatial data delineating the different flood zones within Harris County and
identifies the flood zones that are classified as being in the SFHA.

To create an object that identifies the mulipolygon of the SFHA and the multipolygon of
the non-SFHA, T aggregate these flood zones up to the SFHA level. First, I take the union of
the flood zone polygons grouping by SFHA designation. Then, to create a single geometry for
each SFHA designation I group by SFHA designation and combine the unionized polygons.

For the outcome variable, I use the National Dataset of Rasterized Building Footprints
from the United States Geological Survey. A subset of this dataset for the state of Texas
contains a raster layer of 30 by 30 meter cells covering the state. The value of each cell in
this raster layer is the number of building centroids that intersect the cell.

To narrow down the Texas dataset to just the observations within Harris County I
crop the raster layer. First, I use a separate shape file of Harris County from the United

States Census Bureau to create a spatial extent object that delineates the outer boundaries
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of the county’s geometry. Then, I crop the raster layer down to cells within the extent
boundaries. This step restricts the sample to only the area corresponding to Harris County.
After cropping the raster layer, I use the original Harris County shape file to mask the
remaining raster layer to remove any cells that are not within Harris County. Finally, I
transform the masked raster layer into an sf object with point type geometry, resulting in
a centroid for each raster cell. This transformation is necessary for further spatial analysis
and calculating the running variable.

For the running variable, I calculate the distance of each raster cell centroid from the
SFHA boundary line. Then, I bind together the results from the distance calculation with
the cleaned buildings raster cell centroid data.

To create a dataset that distinguishes whether the raster cell lies within the SFHA, I
spatially join the SFHA polygon data frame with the data frame containing distance at the
cell level. Figure 4.1 represents a map of the SFHA boundaries and the distance of each
building cell from the boundary line.

To address building observations that intersect with the SFHA boundary line and
cannot be completely assigned to the to either side of the SFHA, I exclude observations
within 15 meters of the boundary line. Since each observation in the building data frame
represents a centroid of a 30 by 30 meter cell and the radius of each cell is 15 meters.! Finally,
I set distance to a negative value for observations outside the SFHA boundary. Figure 4.2

shows the distribution of distance in this dataset.

!The process of identifying intersecting building observations with the SFHA boundary line may not be
entirely precise. It is possible that some centroid observations are within 15 meters of the SFHA boundary
but the polygon the centroid represents does not actually intersect the SFHA boundary. In future work,
with fewer computational constraints, I would refine the exclusion process to only remove observations that
actually intersect the SFHA boundary line. First, I would introduce a grid cell identifier and join the
polygons of the buildings data raster grid with the polygons of the SFHA boundaries. Then, I would drop
observations that are duplicated and therefore only excluding observations that intersect SFHA boundary
line.
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Additional Data

In additional regression discontinuity plot visualizations, I use restricted samples of the
data that only contains census tracts and census blocks with observations on either side of
the SFHA. To create census tract and census block identifier variables, I intersect the cleaned
data frame with a census tract and block shape file of Harris County. To create the restricted
sample data frames that only includes tracts or blocks with observations on either side of
the SFHA boundary line, I group by tracts or blocks and create a variable that identifies
tracts or blocks with observations on either side of the boundary. Then, I drop tracts or

blocks that do not have observations on either side of the boundary.

Covariate Data

I perform covariate continuity checks to verify the assumption that the SFHA
boundaries are arbitrary, so development should not vary across the SFHA boundary for
any other reason. I use the USGS National Map 3DEP dataset for the elevation covariate.
I use the USGS National Building Rasterized Dataset that was also used for the outcome
variable to create the latitude and longitude covariates. For the other covariates and to drop
observations in water, I use the NLCD to identify cells in open water, agricultural land, and
wetlands.

The USGS National Map 3DEP has 1 arc-second, approximately 30 meters, spatial
resolution and provides a vertical measure of elevation in meters. The raw elevation data
for Harris County is composed of three raster layers subsets. I individually process each
of the elevation data subsets by cropping the raster files to the extent of Harris County,
Texas. After cropping the raster layer, I use the original Harris County shape file to mask
the remaining raster layer to remove any cells that are not within Harris County. Next, I

transform the masked raster layer into an sf object with polygon type geometry. I spatially
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join the elevation data frame with the building data frame at the 30 by 30 meter cell level.
To obtain latitude and longitude variables, I extract the coordinates from this data frame’s
geometry column.

The NLCD is raster data covers the contiguous US for 2021 with a 30 by 30 meter
spatial resolution. Following the same steps for processing the building count and elevation
data, I crop and mask the NLCD to the extent of Harris County. To merge this data onto
the main data frame, I convert the NLCD raster data into a vector data frame. Then, I
extract the mean values from the raster data frame at the location of the vector data frame.
After creating a vector of values corresponding to the locations in poly, I merge the NLCD
vector data frame onto the main data frame. Finally, I filter out observations that are in

open water since regardless of the SFHA designation this land would not be developed.
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Table 4.1: Summary Statistics

min  median max mean sd
Buildings 0.00 0.00 8.00 0.23  0.56
Distance in km -3.43 -0.35 2.73 -0.43 0.64
SFHA 0.00 0.00 1.00 021 041
Elevation in m -7.31 21.61 9892 26.35 17.69
Latitude 29.51 2987  30.17 29.86 0.15
Longitude -95.96  -95.40 -94.91 -95.40 0.25
Wetlands 0.00 0.00 1.00 0.07  0.26
Agricultural land  0.00 0.00 1.00 0.15  0.36

Note: Each column represents the minimum, median, maximum, mean, and standard

deviation value for each different variable.

representing the number of buildings for each 30 by 30 meter cell.

Buildings is the main outcome variable

Distance in km

represents the running variable in distance from the SFHA boundary line for each cell.

SFHA is a binary variable representing the treatment. Elevation, latitude, longitude,

wetlands, and agricultural land all are outcome variables used for continuity checks.
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Figure 4.1: Map of Harris County, TX SFHA boundaries and building distances.
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Figure 4.2: Histogram of distance from the SFHA boundary line. Positive distance represents
buildings inside the SFHA.
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EMPIRICAL STRATEGY

Main Specification

In an ideal experimental setting to assess the impact of FEMA’s SFHA designation on
land development. The SFHA designation would be randomized. This means that properties
in both the SFHA and non-SFHA would on average have the same flood risk levels and
share the same characteristics that affect land development, including economic activity,
population, and property amenities. These two groups would be identical without the SFHA
designations and therefore would have the same potential for land development.

In reality, the SFHA designation is not random and is correlated with flood risk.
Properties within the SFHA may have different population densities, levels of economic
activity, and property characteristics that influence land development. To account for these
differences, 1 use a spatial regression discontinuity design. This strategy compares areas
that are just on either side of the SFHA boundaries. These areas are likely more similar
to each other compared to all of the areas on either side of the boundary since the SFHA
boundary line does not represent any true discontinuities in flood risk. This design address
omitted variables bias by assuming that all unobserved characteristics vary smoothly across
the boundary line.

In this design, the treatment variable is whether or not a cell is within the SFHA, and
the running variable is the distance from the SFHA boundary line, where positive distances
indicate that a cell is in the SFHA. The cutoff in this design is when the distance of a cell
to the SFHA boundary line is zero. The variation in this design comes from difference in
whether or not a property is within the SFHA boundaries.

To implement the spatial regression discontinuity design I run regressions of the



16

following form.

Buildings; = a + 1SFHA; + fDistance; + vSFHA; x Distance; + ¢; (5.1)

Where i represents individual 30 by 30 meter cells, SFHA is a binary variable for whether
or not a property is in the SFHA | and Distance is the number of kilometers a property is away
from the SFHA boundary line. In this equation represents the estimate of the discontinuity
in land development at the SFHA boundary line. I estimate this equation using a local linear
regression, triangular kernel weights, and I select bandwidths using rdbwselect to construct
data-driven bandwidth choices as outlined in Calonico et al. (2020).

Using triangular kernel weights in this design put greater weight on the observations
closer to the SFHA boundary line. I re-construct the weights by subtracting the absolute
value of the distance divided by the optimal bandwidth from one. This process ensures that
the weights are symmetric around the cutoff and will linearly decrease as they approach the
bandwidth. When the absolute value of the distance of an observation exceeds the optimal
bandwidth, the weight is set to zero.

This design relies on two assumptions: Firstly, that developers do not have control
over what land is within the SFHA boundaries, and secondly, characteristics of the land
around the SFHA boundary are continuous, except for variations in land development and
characteristics directly determined by SFHA designations. These identification assumptions
are likely held in general but situations where property owners petition to be removed from
the SFHA violates the first assumption. Following previous work to address this issue, future
work could use the initial FEMA flood maps that have not been altered by map revisions

Ostriker and Russo (2022).
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Additional Specification

To improve the accuracy of the estimates and standard errors, I run specifications with
additional adjustments. To allow for geographic correlation in the error term, I cluster
standard errors at census tract level. This adjustment provides a more accurate estimate of
the uncertainty around the regression coefficients. This is particularly impactful in situations
where land development is influenced by local zoning regulations, proximity to amenities,
shared socio-economic status within tracts, and when the area within tracts are subject to
the same environmental factors. To reduce omitted variable bias in some specifications, I
use geographic fixed effects at the census tract and block level. These adjustments control
variables that influence land development and may be correlated within small geographic
units but vary across units. Small geographic fixed effects also address concerns of the
sample becoming skewed when aggregating the data across all boundary segments, ending
up with more building data representing the area outside the SFHA. Census tract and block
level fixed effects only compare the number of buildings across the SFHA boundary line in
the same census tract or block.

The main specification uses rdrobust and optimal bandwidth selection but is too
computationally intensive to include fixed effects. The specifications run using fixed effects
are run using bandwidths extracted from the optimal bandwidth of the specification with
only clustering. The ideal specification would use both small geographic fixed effects and

the optimal bandwidth for the fixed effects model.

Robustness Checks

To verify the assumption that, in absence of the SFHA designation, land development
would be continuous across the boundary and that the discontinuity is driven by the SFHA

designation, I check for continuity of various covariates. Using the main specification with
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clustered standard errors at the census tract level, I estimate the effects of the SFHA on
elevation, latitude, longitude, agricultural land, and wetlands. To test if my estimated
coefficients are robust, I rerun the main specification using rdrobust with 50% , 200%,
and 300% of the optimal bandwidth and I check for continuity at varying cutoffs near
the SFHA boundary. In future work, there is room for additional specifications. One
possible adjustment is to estimate the main specification on a restricted sample that does
not include SFHA boundaries that border levees, parks, and bayous. This sample restriction
would exclude areas that were not going to be developed regardless of the SFHA high risk

designation and likely reducing the magnitude of estimates found in this paper.
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RESULTS

Main Results

Table 6.1 reports the estimates for the main regression discontinuity specifications, with
buildings per cell as the outcome variable and the cutoff set at the SFHA boundary line.
These results estimate the local average treatment effect that ranges from a 0.129 to a 0.156
decrease in buildings per cell just inside the SFHA boundary. The magnitude of the point
estimates is consistently more than half of the average number of buildings in the full data
set. The first column displays the point estimate from equation (1) using the rdrobust
function developed by Calonico et al. (2020). This specification results in a 64% decrease in
land development within 0.187 km, or 613 feet, of the SFHA boundary line. These results
are statistically significant at the 1% level, ruling out any possibility of a null or positive
effect on land development. The RD plot for building density relative to distance from the
SFHA boundary line is illustrated in Figure 6.1 and Figure 6.2, where negative values of
distance represent the distance from the SFHA boundary line for cells in the non-SFHA and
positive values of distance represent the distance from the boundary line for observations in
the SFHA.

To account for potential spatial correlation of land development within census tracts,
Column 2 estimates the main specification with clustered standard errors at the census tract
levels. The standard errors in Column 2 slightly increase suggesting that there is some
spatial correlation and spatial heterogeneity in the treatment effect. This correlation in
land development may be driven by zoning regulations, property values, and proximity to
amenities or urban areas in Harris County.

Other factors that are correlated with both land development and the SFHA boundaries,
like topographical characteristics and socioeconomic factors, can vary between small

geographic areas. To control for these localized effects, Columns 4 and 5 introduce
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tract and block fixed effects. With this adjustment, the results show a decrease in land
development just inside the SFHA boundary with a slightly smaller effect compared to the
main specification.

Figure 6.3 plots the regression discontinuity with the sample restricted to tracts that
have observations on either side of the boundary. Similarly, Figure 6.4 uses a sample
restricted to only the census blocks that have observations on either side of the boundary.
This sample restriction controls for geographic specific factors and shows the causal effect
at the discontinuity point. Each of these figures show a smaller discontinuity than the main
specification, which is consistent with the change in estimates seen in Table 2 when adding
fixed effects.

These figures address concerns about spillovers by providing evidence that there is no
sorting around the SFHA boundary. Prior to the threshold the shape of the conditional
expectation function is decreasing on each side of the SFHA boundary. This suggests
that the decrease in development is driven by a total reduction in development rather than
development sorting out the SFHA. The restricted samples only include census tracts and
census blocks that intersect the SFHA boundary. These sample restrictions are useful when
using the shape of the global conditional expectation function to understand the extent

of spillovers since properties in these areas will have a higher propensity to sort into the

non-SFHA.

Robustness Checks

Continuity Checks

Table 6.2 shows the point estimates of the covariate regression discontinuities. Each
column shows one of the point estimates for elevation, latitude, longitude, agricultural
land, and wetlands respectively. Each of these coefficients are estimated from the main

specification with clustered standard errors at the census tract level. The results for all
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of these estimates are not statistically different from zero, showing that each covariate is
continuous across the SFHA boundary line. This supports the assumption that nothing else
is impacting land development discontinuously at the SFHA boundary line.

Figure 6.5 represents the RD plot for elevation across the SFHA boundary line where
elevation is in meters above sea level. The global shape of the conditional expectation
function shows that that elevation is continuously trending downwards approaching the
SFHA boundary from outside the SFHA. This shows that the SFHA has areas with lower
elevation than the non-SFHA areas. Figures 6.6 and 6.7 represent the RD plots for latitude
and longitude. Each of these plots are continuous across the SFHA boundary and show
that there is no discontinuity spatially in observations across the SFHA boundary. This
shows that the discontinuity in land development is not due to abrupt changes in spatial
location. Verifying that elevation, latitude, and longitude are continuous across the SFHA
is important from a policy perspective. By showing that geographic features outside the
control of the government are not driving the discontinuity in land development it informs
how much FEMA’s SFHA designation can influence land development in high flood risk
areas.

Additional plots of continuity checks reinforce that external factors are not driving
the discontinuity in land development. The RD plot in Figure 6.8 shows the distribution
for agricultural land across the SFHA boundary line. The conditional expectation function
shows that there is more agricultural land within the SFHA, and the trend is continuous
across the SFHA boundary. While agricultural land typically has lower building density
than urban areas, its continuity across the SFHA boundary indicates that it does not play a
role in the observed discontinuity in land development. Similarly, shown in Figure 6.9, the
distribution of wetlands is continuous across the SFHA. There are physical and regulatory
constraints to development on wetlands resulting in lower building density. However, since

wetlands do not vary discontinuously across the SFHA boundary line it is not influencing
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the decrease in land development.

Various Bandwidths

Table 6.3 estimates the main specification with varying bandwidths, showing the
optimal bandwidth in column 1 and 50 percent, 200 percent, and 300 percent of the
optimal bandwidth in columns 2, 3, and 4, respectively. Each of these variations’ estimates
show a statistically significant discontinuity, indicating the results are robust to changes in

bandwidth choice.

Various Cutoffs

Table 6.4 shows the estimates of the base specification at various cut offs points. In
these models, land development is continuous across the placebo cutoffs 0.1, -0.1, 0.2, and
-0.2. This supports the assumption that in absence of the treatment, the trend of land

development would be continuous.
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Table 6.1: Main Results

(1) (2) (3) (4) ()

SFHA -0.151 -0.156 -0.156 -0.134 -0.129

(0.002)  (0.012)  (0.009)  (0.009)  (0.009)

(Intercept) 0.237
(0.012)
distance_km -0.213 -0.283 -0.255

(0.063)  (0.049)  (0.047)
distance_km x SFHA 0.600  0.762  0.775
(0.091)  (0.077)  (0.078)

FE: Tracts X

FE: Blocks X
Num.Obs. 1316992 1140290 1140290 1140290 1140290
Bandwidth 0.187 0.157 0.157 0.157 0.157
R2 0.021 0.156 0.194
Clustered Std.Errors by Tract by Tract by Tract by Tract

Note: Column 1 contains the point estimate from equation (1) using the rdrobust function
created by Calonico, Cattaneo, and Titiunik 2015. Column 2 contains the point estimate
from rdrobust with clustered standard errors by census tracts. Column 3 contains
the estimate from manually constructing the triangular kernel weights and estimating
equation 1 to replicate the estimate found in column 2. Columns 4 and 5 estimate

equation 1 with tract and block fixed effects.
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Figure 6.1: RD plot of building density relative to distance from SFHA boundary. Positive
distances represents buildings in the SFHA. Each point represents a binned mean of
observations. The number of bins is selected using IMSE-optimal evenly-spaced method
using polynomial regression.
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Figure 6.2: RD plot of building density relative to distance from SFHA boundary. Positive
distances represents buildings in the SFHA. Each point represents a binned mean of
observations. The number of bins is selected by using the mimicking variance evenly-spaced
method using spacings estimators.
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Figure 6.3: RD plot of building density relative to distance from SFHA boundary with
sample restricted to tracts that have observations on both sides of the SFHA boundary.
Positive distances represents buildings in the SFHA. Each point represents a binned mean
of observations. The number of bins is selected using IMSE-optimal evenly-spaced method
using polynomial regression
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RD Plot with Block Reduced Sample
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Figure 6.4: RD plot of building density relative to distance from SFHA boundary with
sample restricted to blocks that have observations on both sides of the SFHA boundary.
Positive distances represents buildings in the SFHA. Each point represents a binned mean
of observations. The number of bins is selected using IMSE-optimal evenly-spaced method
using polynomial regression
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Table 6.2: Continuity Checks

(1) (2) (3) (4) (5)

Elevation Latitude Longitude Ag Land Wetlands
SFHA -1.456 0.005 0.007 0.015 0.018

(2.067) (0.014) (0.029) (0.028) (0.009)

[-5.203, 2.526] [-0.021, 0.033] [-0.050, 0.061] [-0.042, 0.065] [-0.005, 0.030]
Num.Obs. 1333429 1211080 1672872 1304800 429539
Bandwidth 0.190 0.169 0.257 0.185 0.056
Clustered.SE by Tract by Tract by Tract by Tract by Tract

Note: Columns 1 through 5 represent the main specification run with rdrobust on elevation,

latitude, longitude, agricultural land, and wetlands as the outcome variables. The conventional

standard errors are in parentheses and the robust confidence intervals are in the square brackets

below each coefficient.



29

D Plot of Elevation

i iy,

Elervation in meters
L ]

i
| = By
rg <

Diztance in km

Figure 6.5: RD plot of elevation relative to distance from SFHA boundary. Positive distances
represents buildings in the SFHA. Each point represents a binned mean of observations.
The number of bins is selected using IMSE-optimal evenly-spaced method using polynomial

regression.



D Plot of Latitude

30

Latitude
.3
Ilil

[
(45
G

(=]
[F5]
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The number of bins is selected using IMSE-optimal evenly-spaced method using polynomial
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RD Plot of Longitude
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Figure 6.7: RD plot of longitude relative to distance from SFHA boundary. Positive distances
represents buildings in the SFHA. Each point represents a binned mean of observations.
The number of bins is selected using IMSE-optimal evenly-spaced method using polynomial
regression.



RD Plot

54 -

Agricuftural Land

rJ 4

Diztance in km

Figure 6.8: RD plot of density of agricultural land relative to distance from SFHA boundary.
Positive distances represents buildings in the SFHA. Each point represents a binned mean
of observations. The number of bins is selected using IMSE-optimal evenly-spaced method

using polynomial regression.
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Figure 6.9: RD plot of density of wetlands relative to distance from SFHA boundary.
Positive distances represents buildings in the SFHA. Each point represents a binned mean
of observations. The number of bins is selected using IMSE-optimal evenly-spaced method
using polynomial regression.
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Table 6.3: Various Bandwidths

(1) (2) (3) (4)

SFHA -0.156  -0.226  -0.144 -0.148

(0.002) (0.003) (0.001)  (0.001)

Num.Obs. 1140290 611707 1926056 2520034
Bandwidth  0.157 0.078 0.313 0.470

Note: Column 1 is the main specification using the optimal bandwidth. Column 2, 3,

and 4 are 50, 200, and 300 percent of the optimal bandwidth respectively.

Table 6.4: Various Cutoffs

(1) (2) (3) (4)

SFHA -0.001  -0.002  -0.001 0.005

(0.012) (0.017) (0.015) (0.018)

Num.Obs. 416463 759186 652693 1537494
Bandwidth  0.074  0.080  0.177 0.193

Note: Each column represents the main specification with a placebo cutoff.
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CONCLUSION

This paper provides evidence of a 64% decrease in land development for areas just
inside the SFHA boundaries using a spatial regression discontinuity design. The conditional
expectation function illustrated in the RD plots, provides evidence suggesting there is no
sorting around the SFHA boundary line. This implies that if FEMA were to accurately
estimate flood risk and expand the SFHA land development would decrease inside the high
flood risk areas in Harris County, Texas, rather than reallocating development to non-SFHA.

The direct implications of expanding the SFHA will subject more properties to the flood
insurance requirement and inform households that are living in high flood risk areas. The
indirect implications of expanding the SFHA will vary for different communities. Expanding
the SFHA to accurately estimate flood risk would benefit future home buyers allowing them
to make informed purchasing decisions. This would also incentivize developers to act in
the interest of future home buyers by reducing land development in high flood risk areas.
However, there is $200 billion dollars in unpriced flood risk in the US housing market and
accounting for flood risk in the housing market would result in more home equity losses in
low-income communities (Gourevitch and Weill, 2023; Gourevitch et al., 2023).

The findings in this study also suggest that if FEMA were to continue to remove
properties with high flood risk from the SFHA in map revisions, land development would
increase in the excluded high flood risk areas. Excluding properties with high flood risk
from the SFHA would incentivize developers to act against the some of the interests of home
buyers by developing more in high flood risk areas. Continuing to overdevelop in high flood
risk areas will exacerbate the severity of future flood damages and costs.

The main limitation of this study is the inclusion of SFHA boundaries that border
levees, bayous, and parks. These areas would likely remain undeveloped without the SFHA

designation and including them in this analysis is likely inflating the coefficients. This
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study also does not address the flood map revisions that invalidates the assumption that
the boundaries are not manipulated. Previous work addressed this issue by using the initial
flood maps (Ostriker and Russo, 2022). Future work should address these limitations along

with expanding the geographic scope.
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