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Executive Summary
The frequency of category 4 and 5 hurricanes has doubled since 1975 [1], posing a catastrophic risk to the Gulf Coast.
With trillions of dollars in capital concentrated in the housing market alone, any negative shocks from hurricanes will
undoubtedly spill over to tourism [16], construction [15], consumer spending [13], and other vital economic factors.
To gain an accurate picture of Gulf Coast conditions as they relate to hurricanes, we use the following data:

• County-level monthly Home Price Index (HPI) data published by the Federal Housing Finance Agency (FHFA).
• Hurricane data, including wind, pressure, category, and coordinates, from the National Oceanic and Atmospheric

Association’s (NOAA) HURDAT2 database.
• Data for 30-year fixed mortgage rates, WTI daily crude oil prices, and US national HPI from the Federal

Reserve’s economic database (FRED).
To model hurricane effects on Gulf Coast house prices, we use two types of models: tree-based models (Random Forest
and XGBoost) that use machine learning, and a Panel Fixed Effects model, which is the norm in the econometrics
literature [24]. Each model uses all the data mentioned above while considering a lag effect for each hurricane, since
the effect of hurricanes on housing prices may not be immediate. We conclude that the Random Forest generates the
most reliable results, due to its consistent cross-validation R2 and small difference between training and testing R2,
which are indicators of broad pattern learning rather than overfitting to training data.
The Random Forest finds that the only significant effect (p<0.001) of hurricanes in the Gulf Coast is in the same-
quarter, with house prices decreasing by 1.02%, costing upwards of $1,400 in annual expected loss. Variations of the
Random Forest that exclude outlier storms also corroborate significant (p = 0.047) long-term recovery effects, with
house prices increasing by 0.37% two quarters after a hurricane makes landfall.
These risks are only projected to increase in the future. The combined results from our Gaussian GLM and Random
Forest predict an increase in hurricane frequency causing up to $99.68B in compounding Gulf Coast losses over the
next 20 years.
To reduce this risk, we analyzed insurance, behavior change, and modifying outcomes. According to our models, the
best course of action is to modify outcomes using tax incentives to compel homeowners to align their houses with the
International Building Code. Even with just 50% coverage, each dollar invested in this policy generates more than 9
dollars in prevented loss, which translates into $408M in protected value in our simulation on the Orleans Parish
alone.
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1 Introduction & Background
The United States, especially the Gulf Coast, boasts one of the most valuable residential property markets in the
world. With a population of 15.8 million people (the fastest growing among all the coastline regions) [1], the Gulf
Coast market represents a significant portion of the $55.1 trillion [14] national market. More specifically, certain
counties in wealthy areas have average home values of up to 500 thousand dollars [17], indicating their high wealth
concentration. Due to its enormous size, the housing market is indispensable to tourism [16], construction [15],
consumer spending [13], and other important economic factors in the Gulf Coast. However, one threat has remained
salient in the Gulf Coast for more than a century: hurricane-induced property price fluctuations.
Hurricanes are formed when rising sea temperatures fuel the stronger winds, creating the conditions necessary for
hurricane formation [5]. With sea temperatures in the Gulf warming at twice the rate of global ocean temperatures,
the Gulf Coast is a crucial hotspot [4] that demands further, in-depth examination.

1.1 Problem Statement & Debrief

For this report, we will focus on hurricane-induced property price fluctuations in Texas, Florida, Louisiana, Mississippi,
and Alabama.

1.1.1 Risk and Who Is At Risk

There has been an upward trend in hurricane frequency, with average hurricane counts per year increasing from 12 to
14 over the last 20 years [6]. Moreover, hurricanes in the Gulf Coast are also intensifying at an alarming rate. Since
1975, the number of category 4 and 5 hurricanes has doubled [1], with the frequency of such high-intensity hurricanes
set to increase by 10% [3].

Figure 1: Continental U.S. hurricane landfalls by time period (1976–2000 vs. 2001–2025). Red markers indicate Category 3–5
storms; yellow markers indicate Category 1–2 storms. [2]

Moreover, with rising temperatures due to climate change causing faster hurricane intensification, forecasting now is
more challenging than ever before [2].
On the other hand, there exist numerous structural factors in the Gulf Coast housing market that also contribute to
increasing risks. Infrastructure-related issues such as aging house stock, a dearth of available insurance options, and a
lack of building code enforcement make buildings more vulnerable to hurricane shocks [57]. Moreover, population
growth in coastal areas also increase the underlying probability of hurricane risk [49].
At the highest level, these changing hurricane trends pose immense risks to homeowners in hurricane-prone counties
who face immediate property damage and wealth erosion from declining home values. Mortgage lenders and insurance
companies are also at risk due to large amounts of loss during active hurricane seasons.
More specifically, however, different populations and counties share this risk disproportionally. Property on the coast
is more vulnerable, with 45% of counties on the coastline ranking in the top 20% nationally for susceptibility to
natural hazards [61]. For vulnerable individuals, like older adults, those in poverty, and people with disabilities, the
loss potential of hurricanes is even greater [7]. Counties like Mobile, Alabama, and Corpus Christi, Texas, exemplify
this compounding vulnerability, where economic, racial, and medical inequalities amplify the harm done by each
hurricane [8].
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1.1.2 Effective Mitigation Strategies

Modifying Outcomes of hurricane damage through infrastructure investments like storm surge barriers, home
retrofits, and coastal wetland restoration has great potential to reduce physical damage. However, infrastructure
investment is a laborious, time-intensive process, which could leave gaps in risk mitigation.
The most promising long-term mitigation strategy covered in this report is Behavior Change through building code
reform. If properties in high-risk counties were constructed abiding by the latest wind and flood resistance standards,
property value declines would be largely subdued.
The mitigation strategies, elaborated later in this report, are intended to be implemented by county, state, and federal
policymakers who possess the legal and financial capacity to do so.

2 Data Methodology
2.1 Data Collection and Overview

For this report, we use three general types of data: housing market data, hurricane data, and macroeconomic data.
The housing market and hurricane data can be used to characterize categories of potential outcomes with information
about metropolitan areas with different house price trends and hurricane categories. To define the severity of loss, we
can use housing data to determine market fluctuations and macroeconomic data to give context for the underlying
resilience of the market. Lastly, to define the frequency of potential outcomes, we can use hurricane frequency data to
estimate current and future trends.

Table 1: Summary of Data Sources

Dataset Observations Source
HPI Data 5,977 FHFA
Hurricane Data 87 NOAA HURDAT2
Macroeconomics 800,000+ FRED

2.1.1 Housing Data

Our first dataset comes from the Federal Housing Financing Agency’s (FHFA) quarterly House Price Index (HPI)
data [19]. This data comes from tens of millions of transactions, measures data down to the county, and is regulated
by a federal institution, which validates its credibility. However, it is important to note that FHFA’s data excludes
certain transactions, like cash purchases, which may understate the magnitude of price declines in the aftermath of a
storm. The dataset contains 5,977 market-quarter observations across Alabama, Florida, Louisiana, Mississippi, and
Texas, from 1991 to 2025. It is important to note that HPI measures average price changes, rather than absolute
house prices.
Before using this data, we first take the log difference to compare across markets with different baseline HPI levels,
and control for between-season and between-year macroeconomic patterns. This process is thoroughly explained in
Section 3.2.1.

2.1.2 Hurricane Data

Our second dataset comes from the National Oceanic and Atmospheric Administration’s (NOAA) HURDAT2
database [11]. This data is maintained by the National Hurricane Center and contains hurricane data from 1851. One
limitation is that HURDAT2 records identify landfall at the state or regional level, which decreases the specificity of
our data. HURDAT2 contains thousands of hurricanes, but because we cleaned the data to only include those that
made landfall in the Gulf Coast, our report uses 87 hurricane data points. This dataset contains not only hurricane
tracks, but also maximum category and maximum wind speed, which are important to discern hurricane severity.

2.1.3 Macroeconomic Data

We also use Federal Reserve Economic Data (FRED), which includes 30-year fixed mortgage rates, state unemployment,
WTI crude oil price, and national HPI growth rate [20]. Similar to the other datasets, FRED is maintained by the
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Federal Reserve, which lends it governmental credibility, but only reports state and national level data. This dataset
contains more than 800,000 data points for different economic metrics at different times.

2.2 Data Processing

We used Python on Google Colab to access and clean data from our sources. We removed data with missing parameters
of interest to prevent uncollected data from tampering with our results, as well as data outside of the Gulf Coast. For
our analysis, we used time and location data to match hurricane events with HPI data.
We used the following software packages during data collection:

• pandas, numpy, and scipy for core data processing.
• fredapi and requests for pulling online FRED data.

3 Mathematical Methodology
As referenced in the Executive Summary, we model the short and long-term effects of hurricanes on Gulf Coast
housing markets, using various techniques to ensure the robustness of results when analyzing a field as variable as
housing markets [41].

3.1 Assumptions

Before building our model, we must make a few important assumptions.
First, we assume that the data accurately reflects real-world conditions in the Gulf Coast. Inaccurate data would
teach the model patterns not grounded in on-the-ground realities, undermining the applicability of our results.
This assumption holds for all three of our data sources: the FHFA, HURDAT2, and FRED data are all from
government-provided or widely-recognized data sources used in peer-reviewed studies, validating their applicabil-
ity. We also account for inflation’s effect on house prices in Section 3.2.1, ensuring the economic applicability of our data.

Second, we assume that housing markets naturally follow seasonal patterns in the absence of hurricanes. This
assumption is because if there were a significant pattern in housing prices before a hurricane made landfall, it would
be difficult to discern the effects of hurricanes from the pre-trend, undermining our causal interpretation. Our event
study pre-trend finds that price deviations ranged between -0.074% and 0.043%, which are within our 95% confidence
interval of ±0.6%, indicating that the model’s results are not significantly driven by other trends such as pre-existing
economic weakness.

Figure 2: Pre-trend analysis: Mean demeaned HPI log-difference relative to hurricane landfall quarter. Shaded regions
represent price deviations; vertical bars represent confidence intervals.

Our third assumption is that the relationship between hurricanes and housing prices is stable across our 1991-2018
training data period. It is important to maintain a consistent relationship between variables, since the model will
otherwise learn rules that do not generalize to current trends. This assumption generally holds, given the consistently
positive R2 values—which will be further discussed in Section 3.3—across our five temporal folds, which chronologically
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split our observations into different training windows (mean: 0.030). However, this assumption is partially violated in
our post-2018 test period due to structural macroeconomic changes, including the COVID housing boom and interest
rate hikes in 2022-2023. This structural shift explains our R2 gap between train and test data, and is discussed
further in Section 3.3 and Section 3.4.4.

Figure 3: Cross-validation R2 values across temporal folds. Shaded bars denote primary model R2 values; dashed line
represents the mean CV R2 = 0.030.

Lastly, we assume that hurricane timing and formation are driven by climatic, rather than economic, factors. Without
verifying exogeneity, we cannot measure the causal effect of hurricanes on housing prices. This assumption holds, as
hurricane formation is primarily driven by sea surface temperatures, atmospheric moisture, and wind shear [32], none
of which are remotely affected by economic conditions.

Assumptions regarding inflation rates will not be addressed as we use multiple strategies to adjust for this in the
math methodology section.

3.2 Model Definition

This study uses three models to estimate the effect of hurricanes on residential property price growth across the Gulf
Coast, from 1991 to 2025. The primary model is a Random Forest regression, which we chose due to its superior
ability to detect nonlinear and conditional relationships [33] that will be further discussed in Section 3.2.3. We then
use a Gradient Boosted Trees model, implemented via XGBoost, which tests the robustness of the primary results
with a fundamentally different algorithmic approach. Lastly, we use a Panel Fixed Effects Ordinary Least
Squares regression to compare our machine learning results to standard econometric models common in housing
market research [24]. Since all three models share a common outcome variable and feature set, any differences in
results reflect the algorithmic assumptions of each model, rather than differences in input.

3.2.1 Outcome Variable Construction

Before feeding our data into the model, we need to manipulate our raw House Price Index data so that it truly isolates
the hurricane effect. To eliminate each source of bias that would distort results, we use log differences and remove
seasonal and yearly macroeconomic patterns.

Step 1: Calculating the log difference. We use the log difference of HPI instead of raw percent changes for two
main reasons. First, raw percent changes are inherently asymmetric. A 50% increase followed by a 50% decrease
will not revert to the original value. Conversely, log differences are symmetric by construction, which is important
when comparing price changes across markets with different baseline HPI levels. Second, due to the small quarterly
changes typically seen in housing data, the log difference is almost identical to the raw percent change, preserving all
meaningful information [40].
To calculate the log difference, we convert HPI values with the log-difference transformation, which is standard
practice in the housing economics literature [40].
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∆ log(HPIi,t) = log(HPIi,t) − log(HPIi,t−1) (1)

The result ∆ log(HPIi,t) is the approximate quarterly percent growth in housing prices in market i at time t.

Step 2: Removing the seasonal market pattern. We then subtract each market’s historical average growth
rate for the same calendar quarter across all years, following the standard seasonal adjustment approach in the
econometrics literature [39].

ỹit = ∆ log(HPI)it − ∆ log(HPI)i, period (2)

Where period refers to the calendar quarter, here, ỹi,t captures how much a market’s price growth deviated from
what is normally expected in that season for that location. This step is necessary because Atlantic hurricanes make
landfall almost exclusively in the third calendar quarter (July through September), which is simultaneously the peak
season for residential real estate activity in Gulf Coast markets. Without this, the model could erroneously attribute
stronger housing markets to increased hurricane activity, since both peak in the same period.

Step 3: Removing the year-to-year trend. Lastly, following standard procedure, we subtract the average of the
seasonally-adjusted values across all four quarters of the same year for each market [39].

yit = ỹit − ¯̄yi, year (3)

This step removes the macroeconomic trend that is unique to each market each year. For instance, consider 2008,
when the global financial crisis caused sharp drops in house prices across the Gulf Coast, even in markets that weren’t
hit by a storm [55]. Without this, the model might attribute some of the shock to hurricanes that happened to occur
that year. The same issue occurs in boom years like 2021, when prices increased because of high demand during the
COVID era [21]. Step 3 removes this, so the model doesn’t mistakenly link the lack of hurricanes to the rise in value
during the pandemic.
The difference between Step 2 and Step 3 is that Step 2 subtracts the average of the same quarter across different
years, while Step 3 subtracts the average of all quarters across the same year. Together, this double-demeaning
procedure controls for seasonal and yearly variations in house prices.
The resulting target variable has a standard deviation of 0.0669 with a range of (−0.333, 0.277), so most quarterly
observations lie within ±7 percentage points of their seasonal average. The mean of the target variable is zero by
construction, since subtracting the mean from each element in a group always results in a sum of zero.

Figure 4: Distribution of the double-demeaned target variable (yit).

This is a reasonable range for market-specific variation in housing markets, since the double-demeaning procedure has
already removed most systematic drivers of price variations. The modelling afterwards aims to determine the amount
of variation within the market, season, and year that is primarily caused by storm activity.
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3.2.2 Feature Vector

We use three sets of data, each containing eleven variables, in our three models. Each variable was selected due to its
potential to influence housing price changes, which our model aims to isolate.

Hurricane Exposure Features. We include five hurricane variables: hurricane_bin (representing the current
quarter), hurricane_lag1, hurricane_lag2, hurricane_lag3, and hurricane_lag4. For each variable, we include
three categories: no storms, one storm, and two or more storms. We group the last category into occurrences of two
or more storms since the training dataset contained only four observations of three simultaneous storms and twenty
observations of four simultaneous storms. Given the limited sample size, the model is unable to distinguish between
the effects of two storms and three storms, so grouping data with two or more occurrences will produce more stable
estimates. However, we cannot estimate the diminishing marginal price effects of each additional storm after two
hurricanes make landfall, a limitation which is addressed in Section 3.4.4.

Market Controls. We include calendar quarter data to account for any seasonal patterns our double-demeaning
procedure did not remove, specifically nonlinear interactions between season and hurricane activity (such as varying
price effects across seasons) that an average cannot detect. We also include state fixed effects to account for structural
economic differences between state markets, including varying building regulations, insurance policies, and the
effectiveness of FEMA response.

Macroeconomic Controls. The four FRED macroeconomic variables—30-year fixed mortgage rates, crude oil
prices, HPI growth rate, and state unemployment—were selected to eliminate the four most probable explanations for
observed price changes. First, mortgage rate controls for borrowing costs, which directly influence house prices [29].
This is particularly important given the drastic 525 basis point interest rate hikes by the Federal Reserve from 2022
to 2023 [30]. Second, crude oil prices are included to control for economic conditions in the Gulf Coast specifically, as
many coastal economies are deeply integrated with the oil market [31]. Third, measuring quarterly HPI growth is
important to control for the national housing cycle, which can cause significant unrelated shifts in housing trends [22].
Lastly, by accounting for state unemployment, we can prevent shifts in demand that affect house prices from skewing
our model [42].
Before being sent to the models, all four macroeconomic variables are standardized using the mean values (mortgage
rate: 6.09%, oil price: $48.40 per barrel, national HPI growth: 0.83% per quarter, unemployment: 6.02%) and
standard deviations from the training period. Standardization is necessary because these numbers are measured in
different units and at very different scales. For example, a mortgage rate of 6.09% and an oil price of $48.40 are
drastically different, and without standardization, variables with a larger numeric value (like oil prices) would be
unreasonably weighted more than smaller values (like HPI growth). Standardization also prevents large changes in
mortgage rates after 2018 (which almost doubled due to the rate hiking cycle) from being interpreted as outliers that
skew the model’s coefficient estimates. Instead, by expressing values in terms of standard deviations from the mean,
standardization forces the model to evaluate different features on the same scale.

3.2.3 Primary Model: Random Forest

The primary model used by this study is the Random Forest, which uses a large number of decision trees that each
ask different questions in different scenarios to capture non-linear relationships that linear models cannot capture [33].
We intentionally specify three hyperparameters during model construction to prevent overfitting the model to training
data: maximum tree depth (4), minimum leaf size (20), and feature subsampling rate (0.6). This is important because
the training set only includes 575 hurricane observations out of a total of 5,952. These follow standard guidance on
managing the bias-variance tradeoff in machine learning models [38].
First, we restrict each tree to a max depth of four. This forces each tree to pose only four consecutive questions
before concluding, requiring the model to look for broad, consistent patterns. Without this constraint, a tree might
become deep enough to recall every individual hurricane event, capturing noise rather than learning a broad pattern.
We selected a depth of four to strike a balance between preventing memorization, while still learning meaningful
interactions.
Second, we require at least 20 training observations to corroborate the same pattern before establishing a prediction.
This requirement prevents the model from generating predictions that rely on a limited set of rare conditions (for
example, if two exceptionally rare storms occurred in the first quarter during a recession). By setting this requirement,
we prevent the model from over-fitting to unusual observations until the association is substantial enough to reveal a
genuine pattern.
Third, we assign the model a feature subsampling rate of 0.6, so that each tree only considers 60% of the available
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features when making each decision. If each tree evaluated all features at every split, they would likely ask the
same questions in the same order, with the most predictive feature overshadowing the others in every tree. This
would result in each tree producing virtually the same response, defeating the Random Forest model’s advantage of
averaging trees with different errors that produce more reliable predictions than any single tree.

3.2.4 Secondary Model: XGBoost

The secondary model we use is XGBoost, which uses a similar tree format as the Random Forest. However, the
XGBoost model, instead of building all the trees at once, sequentially builds trees one after another, with each
subsequent tree trained to correct past errors [37].
The XGBoost model hyperparameters match those of the Random Forest, with a maximum tree depth of 4, a
minimum leaf size of 20, and a feature subsampling rate of 0.6. We also assign an L1 regularization of α = 0.1, which
penalizes the model for giving weight to unimportant features, incentivizing the model to learn genuine patterns [34].
We assign an L2 regularization of λ = 1.0, which discourages the model from over-relying on any single factor, which
prevents overfitting [35].
XGBoost’s sequential structure is both an advantage and a drawback when applied to hurricane data.

3.2.5 Panel Fixed Effects (Benchmark)

The Panel Fixed Effects Ordinary Least Squares (OLS) model is a benchmark, using a standard model in the housing
literature [24], which stands in contrast to our other machine learning models. The model uses the within estimator
following Wooldridge [39].

∆ log(HPI)it = αi + γt + x′
itβ + εit (4)

where αi and γt represent location and time fixed effects, respectively. This absorbs differences between different
cities and different quarters, similar to the double-demeaning procedure used for the Random Forest.
The Panel FE model produces a positive coefficient (0.0136) for same-quarter hurricane effects, contradicting the
Random Forest and XGBoost’s negative results. This reflects the Panel FE model’s assumption that hurricanes have
a constant effect across all markets and conditions. If the true relationship is nonlinear or conditional (for example,
if hurricanes affect large, diversified markets less than small, concentrated ones), the Panel FE will average these
conditions and may estimate the wrong direction. Conversely, the Random Forest, designed to discern nonlinear
relationships, is better suited to identify this conditional pattern.

3.2.6 Oversampling

Because hurricane landfall observations make up only 9.7% (575 of 5,952 total observations) of the total training
sample, the model risks underestimating the effect of hurricanes due to their relative rarity. To buffer against this, we
used oversampling with replacement so that hurricane observations comprise 20% of the total training sample, so that
the model can reliably learn hurricane patterns [43]. We only oversample the training data, preserving the test data
to maintain the validity of the results.

3.2.7 Bootstrapping

We estimated hurricane price effects and confidence intervals using a 500-iteration bootstrap [36], where we run a
100-tree Random Forest model 500 times. In each iteration, we randomly resample the data with replacement and
compare results to a simulation without hurricane activity with median market conditions. To test independent effects,
we turn on lag effects from one particular quarter at a time, comparing it against a simulation with no hurricanes. To
test cumulative effects, we activate all lag effects up to the target lag value, and compute the total price effect across
all quarters, still comparing against a simulation without hurricanes. The 95% confidence intervals are taken at the
2.5th and 97.5th percentiles, and the p-values are two-tailed.

3.3 Model Accuracy

We chose a significance level of α = 0.05, which is the standard significance threshold in the climate and economics
literature [36].
The primary Random Forest model achieved a training R2 of 0.0748 and a test R2 of 0.0199. Although these
values are low compared to the predictive modelling standard, they are expected for our research design. Since the
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double-demeaning process removes seasonality and yearly trends in our housing data, much of the data that remains
is idiosyncratic price deviations, explaining the R2 value. This is consistent with broader empirical evidence: even
with extended controls, explanatory variables have limited explanatory power for short-term housing prices. There
are many volatile factors that affect the housing market due to the inherent unpredictability of human behavior [38].
However, since our model’s purpose is to identify the effects of hurricanes, rather than predict housing prices, the
statistical validity of our model is better assessed by our bootstrap values in Section 4.5 than by our R2.
The gap between our training and test R2 isn’t an indication of overfitting, but reflects a structural change in the
post-2018 housing market, which our training data doesn’t include. The training data couldn’t account for the COVID-
induced housing market boom [22] and the fastest interest rate hike since 1982, as referenced in Section 3.2.2 [30].
These macroeconomic anomalies explain the divergence in training and test R2 values. It’s also unlikely this gap is
due to overfitting, due to our precautions addressed in Section 3.2.3.
In regard to the secondary XGBoost model, in principle, its sequential mechanism makes it good at analyzing rare,
hard-to-predict events. Because hurricane quarters make up only 9.7% of the training sample, early trees give an
average predicted effect close to zero to minimize error, even in quarters where hurricanes were present. In an effort
to learn from the large discrepancy between predicted and actual values, each subsequent tree will then exert greater
effort to explain these rare events with large residuals. Theoretically, this should make XGBoost more responsive to
the hurricane signal than the Random Forest.
In reality, however, with only 575 hurricane data points, the emphasis on rare data points causes the model to focus
on a few outlier storms rather than focusing on common patterns. This effect is confirmed by our cross-validation
metrics: when we repeatedly train the model on one portion of the data and test it on another, XGBoost achieves a
training R2 of 0.090, but a much lower mean cross-validation R2 of 0.007. This indicates that the patterns learned
within the training data fail to generalize, a sign of overfitting.
In contrast, although the Random Forest achieves a lower training R2 of 0.075, it has a consistently positive
cross-validation R2 of 0.030, indicating a more robust learning process.
Despite its tendency to overfit, XGBoost’s robustness check reveals a same-quarter hurricane effect of −1.11%, within
0.09 percentage points of the Random Forest estimate. This directional agreement strengthens the primary finding,
even though XGBoost cannot serve as the primary model.

3.4 Results

3.4.1 Feature Importance

Our permutation importance analysis, where we measure the decrease in accuracy in our model after scrambling data
from each feature, shows that hurricane activity from the prior quarter is the most predictive feature, for both the
Random Forest (importance: 0.047) and XGBoost (importance: 0.091), surpassing current-quarter hurricane activity
(RF: 0.015, XGBoost: 0.033) by three times.

Figure 5: Permutation importance for each feature. Hurricane features are in coral; non-hurricane features are in blue.

This finding is also confirmed by our SHAP analysis, where we calculate the amount each feature in the model
contributes to the final prediction. SHAP values for the prior quarter for both the Random Forest (0.00549) and
XGBoost (0.00683) are much higher than for current-quarter values (RF: 0.00177, XGBoost: 0.00309). This shows
that hurricane activity in the prior quarter is a strong predictor of current price deviations.
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Figure 6: SHAP values distribution for all observations, ranked by mean absolute value. Blue dots indicate low feature value,
while red dots indicate high feature value. The variable hurricane_lag1_bin has the widest spread, confirming that it is the

most influential feature.

Importantly, although prior-quarter hurricane activity surpasses other metrics in feature importance, only current-
quarter effects are statistically significant—consistent with our other results.

3.4.2 Short-term Loss and Recovery Effects

The independent effects table shows a negative market response initially after hurricane landfall (−1.02%), with a
slightly positive price trajectory in the next two quarters (between 0.25% and 0.28%). Medium-term results show
that market effects return closer to the seasonal norm three to four quarters after a hurricane (between −0.04% and
−0.02%).

Figure 7: Independent effects of a hurricane zero to four quarters after landfall. Bars represent 95% confidence intervals, and
*** means the results are statistically significant.
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The cumulative effects table confirms the same initial market response after hurricane landfall (−1.02%), with a
recovery in prices in the quarter immediately after (+0.75%). Medium-term results from one to four quarters after
the initial impact are more subdued, ranging from +0.17% to +0.37%. While only the same-quarter price decrease is
statistically significant (p < 0.001), the subsequent results indicate a consistent direction of medium-term recovery
after initial price hits.

Figure 8: Cumulative effects of a hurricane zero to four quarters after landfall. Shaded areas in light blue represent 95%
confidence intervals, and * means the results are statistically significant.

3.4.3 State Heterogeneity

We also conduct SHAP analysis as referenced in Section 3.4.1 across the three states with sufficient data (Florida:
N = 406, Texas: N = 93, Louisiana: N = 44), revealing distinct degrees of market reaction to hurricanes in different
areas. We do not include the other two states (Alabama and Mississippi) since they do not meet our 40-observation
requirement to ensure reliable SHAP estimation. Louisiana has the highest mean hurricane SHAP contribution
(0.00134) compared to Florida (0.00099), showing a 35% difference in average effect magnitude. This reflects the
disparate market structures of the states: Louisiana’s concentrated, more hurricane-exposed housing market is more
vulnerable to negative storm effects [72] than Florida’s comparatively larger, more diversified metro areas such as
Miami or Tampa [7]. Texas’ SHAP contribution lies between the two (0.00103), reflecting Houston’s large market,
which partially offsets its geographically vulnerable location. However, the Texas and Louisiana values should be
treated with caution because of their relatively smaller sample size.

Table 2: Mean Hurricane SHAP Contribution by State

State Sample Size (N) Mean SHAP Value Notes
Florida 406 0.00099 Large, diversified metros (Miami, Tampa)
Texas 93 0.00103 Houston’s size partially offsets vulnerability
Louisiana 44 0.00134 Concentrated, storm-exposed market
Alabama and Mississippi excluded (N < 40).
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Figure 9: Mean SHAP analysis values for Florida, Texas, and Louisiana. Bars represent 95% confidence intervals.

3.4.4 Robustness Checks

We also included three robustness checks to further validate our findings.
First, we exclude Hurricane Katrina and Hurricane Harvey from our data. Importantly, same-quarter losses intensify
(Original: −1.02%, Robustness Check: −1.49%) after excluding the two outliers. The robustness check also reveals a
significant +0.37% positive effect (p = 0.047) two quarters after landfall, a result not present in our original finding.
Although unintuitive, the sharper downturn after excluding two outliers is consistent with the rebuilding effect,
where hurricanes caused increased insurance payouts [25], FEMA spending [26], and construction activity [27] in
the short-term, stimulating mild increases in house prices [27]. This effect is attenuated by the relative severity of
Katrina [23] and Harvey [86], explaining why the data excluding these outliers revealed a sharper short-term downturn,
as typical hurricanes experience a weaker recovery effect. Conversely, the newly significant long-term signal can be
explained by the prolonged displacement and unpredictable changes caused by Katrina and Harvey, resulting in a
weaker recovery.

Table 3: Robustness Check: Excluding Hurricane Katrina (2005) and Hurricane Harvey (2017)

Quarter Main Effect (%) Robust Effect (%) Robust 95% CI p-value Sig.
Q+0 −1.02 −1.49 [−2.33, −0.72] 0.000 *
Q+1 +0.28 +0.89 [−0.42, +2.10] 0.200 n.s.
Q+2 +0.25 +0.37 [+0.00, +1.00] 0.047 *
Q+3 −0.04 −0.09 [−0.39, +0.02] 0.113 n.s.
Q+4 −0.02 −0.04 [−0.25, +0.07] 0.413 n.s.
* p < 0.05. Main effects from full sample (1991–2025).
Robust effects exclude years 2005 and 2017 from training and test sets.

Second, the XGBoost model independently corroborates a negative house price effect of −1.11%, a finding within
0.09 percentage points of the Random Forest result. XGBoost also agrees on direction for all five lag specifications,
strengthening our results.
Lastly, although the Panel FE model disagrees on the direction for same-quarter effects due to confirmed nonlinearity
in Section 3.2.5, it consistently predicts positive coefficients from one to three quarters after hurricane landfall,
corroborating the Random Forest model’s finding of economic recovery in the medium-term.

3.4.5 Limitations

Four limitations affect the interpretation of the results. First, in addition to the structural shifts in the economy due
to the COVID-induced housing boom and 2022 Federal Reserve rate hike cycles, we also observe a structural change
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in HPI volatility after 2008. Pre-2008 HPI standard deviation averaged approximately 0.8%, while post-2008 HPI
standard deviations roughly doubled. Our double-demeaning strategy partially buffers against this by focusing on
within-year, within-quarter changes rather than raw price levels, but the volatility from the structural shift in 2008
may limit the accuracy of our model’s results. Second, given 304 single-storm and 271 multi-storm observations, our
study can reliably detect effects above 0.5–0.7 percentage points, but not smaller systematic changes from two to
four quarters after a hurricane makes landfall. Third, since we group all hurricane counts at two or more, we cannot
estimate marginal price effects beyond two simultaneous hurricanes; however, this is addressable with larger samples
in future research. Lastly, the study covers five Gulf Coast states—specifically, the 25 largest metropolitan areas that
report quarterly HPI data—which may not generalize to other hurricane-exposed states or smaller counties in the
Gulf Coast.

4 Risk Analysis
4.1 Risk Frequency

We use a Gaussian GLM with the identity link to analyze non-negative continuous data and estimate how the expected
frequency changes over time. Our raw Poisson regression, predicting the frequency of hurricanes based on the year
with increased variance alongside the team, did not reach statistical significance (p = 0.064), due to the inherent
variability of Gulf Coast hurricanes. We applied a 5-year rolling average of recorded hurricanes that made landfall in
the Gulf Coast, then applied a Gaussian GLM.

Figure 10: Gulf Coast Hurricane Frequency 1950–2050. Annual counts, 5-year rolling average, and Gaussian GLM trend.

The smoothed regression has a statistically significant upward hurricane trend (p = 0.001), with the equation

E(5-yr Avg Hurricanes | Year) = 0.7591 + 0.0103 × Year (5)

With the year being centered at the year 1950, this indicates that there are approximately 0.0103 more hurricanes
each year after 1950. Accordingly, our model predicts 1.59 annual landfalls in 2028–2032, 1.64 in 2033–2038, and 1.74
in 2048–2053.
With the Gaussian GLM’s historical rate parameter of λ = 1.16 landfalls per year, the probability of at least one
hurricane making landfall within any given year is 68.7%, and the probability of two or more hurricanes striking
is 33.6%. However, since the slope of our significant model is 0.0103, this 1.16 historical rate is a conservative
underestimate of real future risk.
We also group data by month to evaluate seasonal trends. We find that hurricane activity is recorded as early as June
and as late as November, with roughly symmetric distribution in between. We observed hurricane frequency peaking
in September, which is consistent with the peak of the Atlantic hurricane season [10].
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Figure 11: Gulf Coast hurricane landfalls by month (1950–2024).

4.2 Risk Severity

Of the 87 recorded hurricane events, 59.8% were minor hurricanes (Category 1–2) and 40.2% were major (Category
3–5). Category 1 storms are most frequent (32 events, 36.8%); Category 5 storms are rare but extreme (3 events,
3.4%).

Table 4: Hurricane Severity Statistics by Category

Category Count Avg Wind (mph) Avg Pressure (mbar)
1 32 73.6 981.4
2 20 89.7 966.7
3 20 102.7 949.5
4 12 122.5 938.8
5 3 145.0 913.7

Overall 87 93.9 962.4

4.3 Risk Likelihood

Across 35 summed market-years in our sample of 25 Gulf Coast metropolitan areas, 228 of the 875 counties in a year
involved at least one hurricane landfall, yielding an annual hurricane probability of 26.1% per market. State-level
probabilities then reveal meaningful geographic heterogeneity.

Table 5: State-Level Median Home Values and Annual Hurricane Probability

State Median Home Value Annual Hurricane Probability
Florida $412,000 34.3%
Texas $305,000 20.0%
Louisiana $198,000 20.0%
Alabama $172,000 20.0%
Mississippi $157,000 17.1%

4.4 Risk Expected Value

Combining our Random Forest model’s estimated Q+0 price suppression of −1.02% with annual hurricane probabilities,
we find expected annual property value loss per home attributable to hurricane exposure. Florida homeowners face
the highest expected annual loss at $1,441 per home, partially due to their highest home values ($412,000 median)
and the highest hurricane probability (34.3%). Mississippi homeowners face the lowest expected annual loss at $275
per home, reflecting both lower median home values and lower exposure frequency. These estimates represent the
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expected loss from the initial quarter-of-impact price suppression only. Particularly, we did not include physical
property damage, which is an entirely separate cost.

Table 6: Expected Annual Property Value Loss Per Home by State

State Loss Per Event Expected Annual Loss Per Home
Florida $4,202.40 $1,441.42
Texas $3,111.00 $622.20
Louisiana $2,019.60 $403.92
Alabama $1,754.40 $350.88
Mississippi $1,601.40 $273.84

To project future losses across the Gulf Coast, we use different frequency scenarios from our bootstrap simulation of
historical annual frequency. The conservative scenario uses the 25th percentile of simulated annual rates (λ = 0.95),
the base scenario uses the median (λ = 1.15), and the severe scenario uses the 75th percentile (λ = 1.35).

Table 7: Projected Gulf Coast Losses Under Three Frequency Scenarios (20-Year Horizon, 3% Discount Rate)

Scenario λ Annual Loss 20-Year PV Loss
Conservative 0.95 $4.715B $70.14B
Base 1.15 $5.708B $84.91B
Severe 1.35 $6.700B $99.68B

Under the base scenario, we project $5.708B in annual loss across the Gulf Coast, compounding into $84.91B over
20 years at a 3% discount rate. Under a severe scenario, annual loss jumps to $6.7B, with the 20-year loss reaching
almost $100B. These indicate the enormous compounding risk increasing hurricane frequencies pose to the housing
market.

4.5 Risk Distribution and Value at Risk

The bootstrap distribution of Q+0 hurricane price effects across 500 iterations follows an approximately normal
distribution with a mean of −1.02% and a standard deviation of 0.39%, with slight left skew (−0.37), indicating our
distribution has a longer tail of severe negative outcomes than positive ones.
The 95% Value at Risk (VaR) is −1.70%. The 99% VaR is −1.98%, and the Conditional Value at Risk at the 95%
level is −1.88%. Translating to dollar terms using Florida’s median home value of $412,000, the 95% VaR represents
a $7,018 loss per home, the 99% VaR represents $8,138, and the CVaR represents $7,747. These tail risk figures are
particularly relevant for insurance pricing and reserve setting in high-exposure markets.

Table 8: Value at Risk (VaR) and Conditional VaR — Florida Median Home ($412,000)

Risk Measure Price Effect Dollar Loss
95% Value at Risk (VaR) −1.70% $7,018
99% Value at Risk (VaR) −1.98% $8,138
Conditional VaR (CVaR) at 95% level −1.88% $7,747

4.6 Risk Trends and Uncertainty

Hurricane years exhibit meaningfully higher HPI volatility than non-hurricane years—a standard deviation of 0.0773
versus 0.0610 in non-hurricane years: a ratio of 1.27×. Homeowners in hurricane-exposed markets face not just
lower expected prices but substantially more uncertain prices in the quarters surrounding storm activity. There are
three main sources of uncertainty: (1) model estimation errors (statistical uncertainty), (2) exposure definition limit
(identification uncertainty), (3) structural economic changes over time (structural uncertainty).
Uncertainty in the price effect estimates increases at longer lags alongside compounding estimation error over time.
The Q+0 main model confidence interval spans 1.48 percentage points ([−1.81%, −0.33%]), while the Q+3 and
Q+4 intervals narrow to 0.32 and 0.29 percentage points, respectively, as effects dissipate toward zero. The Q+0
effect is the only lag achieving statistical significance (with p nearly 0), confirming that hurricane price suppression is
concentrated in the immediate impact quarter. Afterwards, the market returns to trend: a recovery pattern consistent
with transaction-level evidence that closing delays and uncertainty resolution drive the short-term price dynamics.
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Another source of uncertainty comes from how we define exposure: we put all observations with two or more hurricanes
happening at the same time into one “2+” category. The model can figure out how experiencing at least two storms at
the same time affects prices, but it can’t figure out how three, four, or more storms at the same time affect prices. The
estimated “2+” coefficient represents an average for markets that experienced multiple overlapping storms and should
not be construed as a marginal effect per storm beyond the second event. This limitation diminishes our capacity to
address potential nonlinearity in damages as storm counts escalate and confines inference to the two-or-more regime,
thereby restricting external validity beyond this framework. We tackle this in robustness checks by (i) showing the
distribution of concurrent storm counts, (ii) estimating specifications that turn into a binary single vs. multiple storm
indicator, and (iii) simulating reasonable marginal responses under different dose-response shapes.
The HPI series displays significant structural changes that contribute to the overall uncertainty of the storm effects
estimates. First and foremost, we find strong evidence of structural breaks affecting HPI volatility after 2008: the
pre-2008 mean quarterly HPI standard deviation of around 0.8% almost doubles to around 1.6% post-2008. Finally,
recent macroeconomic events, such as the housing boom during the COVID-19 period and the Federal Reserve’s recent
interest rate hike campaign initiated in 2022, introduce additional specification concerns by affecting the level and
volatility of house prices and interacting with the storm event dates. To address the biasing effect of these structural
changes on our estimates, we perform a series of robustness checks: (a) pre- and post-splitting, (b) time period fixed
effects and interaction terms, (c) sample exclusion (e.g., 2020–2022 period), and (d) breakpoint tests. Overall, our
findings suggest that the immediate-quarter (Q+0) effect is robust to controls for structural breaks, while estimates
from longer lag periods show significant sensitivity to the selection of periods and controls.

4.7 Risk Mitigation Strategy Analysis

4.7.1 Insurance Consideration

Hurricane insurance is undoubtedly a widely-regarded and effective way of preventing homeowners from experiencing
financial loss. However, insurance is an inherently mitigatory recommendation: it doesn’t decrease the probability of
hurricane damage, but instead serves to mitigate potential financial loss. While this is a valid strategy for homeowners,
since insurance only serves to redistribute risk, rather than reduce risk, we find it difficult to conduct a cost-benefit
analysis on this mitigation strategy, especially since our model is about house price, not homeowner loss. Moreover,
there are countless structural barriers to implementing insurance reform to mitigate hurricane risk. Namely, private
insurers have increasingly withdrawn from high-risk coastal markets [9], leaving many homeowners reliant on often
under-funded, inconsistent state-run insurance [28]. This is an issue that requires larger policy reform outside the
scope of this paper.

4.7.2 Modifying Outcomes Consideration

Modifying outcomes can be an incredibly effective way to mitigate hurricane risk. For instance, infrastructure
investments can reduce the tangible impact hurricanes have on houses, through storm surge barriers and wind retrofit
programs. By reducing the propensity for hurricanes to damage homes, areas with stronger infrastructure may
experience milder housing price shocks due to investors and homeowners feeling more secure in the strength of their
houses.
We conduct an extensive cost-benefit analysis on wind retrofit programs using past policy outcomes from the Orleans
Parish in Section 5.2.1. Through this, we find that the cost of funding wind retrofit programs is much less than the
prevented house price loss, justifying this policy.

4.7.3 Behaviour Change Consideration

The best risk mitigation strategy covered in this paper is behavior change. Behavior change targets the underlying
causes of risk, such as improper building construction and risky locations, which makes it the best overall mitigator of
hurricane risk. We further elaborate on the cost-effectiveness of this strategy in Section 5.3.1.
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5 Recommendations
5.1 Insurance Reform

Our models find that hurricanes produce statistically significant negative results to residential property prices in the
quarter of impact, with recovery over subsequent quarters. As a result, in the short-term, homeowners face both
direct property damage and indirect wealth loss through home values. Insurance is the primary financial backstop
against this risk, yet the current insurance landscape in the Gulf Coast is woefully inadequate.
Thus, we recommend two specific interventions to incentivize higher-quality home insurance coverage.
1. Premium subsidies for high-risk, socially vulnerable homeowners. State level departments of insurance
should cap insurance premiums at a fixed percentage of household income for properties in FEMA-designated Special
Flood Hazard Areas [53]. Our SHAP analysis results from Section 3.4.3 identify Louisiana (0.00134) and Texas
(0.00103) as the states where price vulnerability is strongest, with certain counties ranking in the top 20% of national
social vulnerability indexes [72]. Premium subsidies would compensate insurers for establishing lower insurance
premiums, preventing a lack of coverage that leaves thousands of homeowners vulnerable.
2. Tax incentives for private insurers in high-risk markets. The IRS and state legislatures should offer
federal and state tax credits to private insurance companies that have coverage in counties with high hurricane
risk, which gives insurers a financial incentive to protect hurricane-prone areas. Federal intervention in catastrophe
insurance markets can stabilize coverage without requiring overbearing government intervention [52], which is especially
important in a market where social good often trades off with financial gain.
We do not conduct a cost-benefit analysis for insurance reform, since it’s impossible to get a model-driven estimate of
price changes. Our model measures housing price changes, rather than homeowner losses, which is what insurance
reform targets.

5.2 Modifying Outcomes

Although insurance reform can mitigate negative impacts, it cannot prevent the underlying property damage from
hurricanes; thus, it is important to consider increasing infrastructure investment. Every category increase causes
hurricane damage to quadruple, and a change in wind speed from 75 to 150 miles per hour can increase damage
potential by a factor of 256, indicating the importance of investing in infrastructure [66].
Accordingly, we recommend that federal and state governments fund the following infrastructure investments, with
priority given to counties identified by our SHAP analysis and the FEMA National Risk Index [46] as having the
highest hurricane price sensitivity.

1. Storm surge barriers and levee improvements. State agencies like the Texas General Land Office can build
storm surge barriers and make improvements to levees, which are manmade soil structures that control flooding.
Storm surge is the single largest driver of property damage in coastal Gulf counties [97], and post-Katrina levee
investments in New Orleans, completed at a cost of approximately $20 billion, prevented up to $165 billion
during Hurricane Isaac [69]. Although Louisiana already has some level of investments, other vulnerable states
found by our SHAP analysis, like Texas, should be prioritized for further investment.

2. Wind retrofit programs. We recommend states use FEMA hazard mitigation funds to subsidize local wind
retrofit programs, which make buildings more resistant to extreme hurricane winds [48]. FEMA’s Hazard
Mitigation Grant Program (HMGP) provides post-disaster funding for retrofits, but implementation is poorly
distributed across the Gulf Coast [44]. We instead recommend that state and federal governments enact
pre-disaster retrofits in the most vulnerable states as described above.

3. Natural infrastructure restoration. State legislatures can implement natural infrastructure restoration.
Wetlands, barrier islands, and mangrove forests serve as natural protection against storm surge. This is
specifically important as the Gulf Coast has lost approximately 2,000 square miles of coastal wetlands since
the 1930s [68] [73]. Restored wetlands reduced storm surge by 1–3 feet during Hurricane Ida in 2021, which
acts as a historical basis for our recommendation [68]. These initiatives should also target states with the most
vulnerability.

5.2.1 Cost-Benefit Analysis: Wind Retrofit Program, Orleans Parish

We conduct a cost-benefit analysis on a specific wind retrofit program in Orleans Parish, Louisiana, due to its high
social vulnerability [60], coastal location, and relatively large population. To quantify the return on infrastructure
investment, we apply the −1.02% same-quarter finding to measure the proposal’s hypothetical effectiveness.
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Baseline Expected Loss. Orleans Parish contains approximately 80,000 housing units with a median value of
$225,000 [18], yielding an estimated total housing market worth of $18.0 billion. Applying the Random Forest’s
same-quarter effect, we estimate that the Orleans Parish loses $183.6 million in housing value each hurricane. With
an annual hurricane probability of 83.7% as per Section 4.1, the expected annual property value loss is $153.7 million.
Over a 20-year timeline at a 3% real discount rate [56]:

PVAF = 1 − (1.03)−20

0.03 = 14.877 (6)

PV(baseline losses) = $153.7M × 14.877 = $2.287B (7)

Retrofit Program Parameters. The average cost of a wind-rated roof retrofit for a single-family home is
approximately $10,000–$15,000 [48]. Thus, we use a conservative mid-range retrofit cost of $12,500 per home to
evaluate the efficacy of our recommendation at three coverage levels.
Sensitivity Analysis. We conduct sensitivity analysis across three coverage scenarios (20,000, 40,000, and 60,000
homes) for Orleans Parish’s 80,000 housing units, using a 35% damage reduction documented from retrofit programs
during Hurricane Isaac [69] [70]:

Table 9: Wind Retrofit Cost-Benefit Analysis for Orleans Parish

Coverage Retrofit Cost Avoided/Event 20-yr PV (Avoided) Net Benefit
25% (20,000 homes) $250.0M $64.3M $800M +$550M
50% (40,000 homes) $500.0M $128.5M $1,600M +$1,100M
75% (60,000 homes) $750.0M $192.8M $2,400M +$1,650M
Avoided losses = covered homes × $225,000 × 1.02% × 35% damage reduction
× 0.837 annual hurricane probability, discounted at 3% over 20 years.
All values in 2023 dollars.

Even at the most conservative 25% coverage level, the retrofit program generates a net value of +$550M over 20
years, more than double the $250M investment. At 50% coverage, every $1 invested returns $3.20 in avoided property
value losses.
Although it is initially expensive to implement, our Gaussian GLM’s upward trend in hurricane frequency outlined in
Section 4.1 indicates that early investment is increasingly important, as hurricanes are only expected to increase in
the future.

5.3 Behaviour Change

The most cost-effective long-term strategy for reducing property losses is to prevent vulnerable construction from
being built in the first place, although citizen compliance is a concern. We propose two policy solutions to facilitate
effective behavior change.
1. Adoption of the International Building Code (IBC). State legislatures and county building departments
should compel the adoption of the latest International Building Code (IBC) [50]. After building codes were adopted
in Florida, homes suffered significantly less damage [62], mitigating a large cause of house price fluctuations. Our
SHAP analysis from Section 3.4.3 confirms this finding. Florida, which adopted the nation’s strongest statewide
building code after Hurricane Andrew in 1992 [50], displays the lowest hurricane price sensitivity (−0.00099) among
the five Gulf Coast states. Meanwhile, Louisiana, with weaker code adoption and enforcement, shows the highest
sensitivity (−0.00134). To incentivize citizens to align with building codes, we propose offering tax abatements to
qualifying homeowners.
2. Restrict new development in repetitive-loss flood zones. FEMA should restrict new residential development
in repetitive-loss flood zones, which include properties that have received two or more flood insurance claims of more
than $1,000 within any 10 years [51]. Because this is a more restrictive policy, it is better for a national entity like
FEMA to implement. Reducing new development would prevent future damage and prevent recovery costs. New
construction should only be approved when it meets a clear public need, such as replacement housing. We prescribe
that all new construction and rebuilding should follow strong standards for flood and wind protection. For smaller
repairs, we recommend allowing the work to proceed while still encouraging practical safety improvements where
possible.
To ensure the feasibility of our recommendations, states should provide financial assistance, low-interest loans, and
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phased compliance options for homeowners to streamline the process.

5.3.1 Cost-Benefit Analysis: Building Code Adoption, Orleans Parish

We analyze building code adoption, since it is likely more politically feasible due to the precedent of similar policies in
the past. To quantify the benefits, we apply the same county-level framework used in the infrastructure analysis
above.
Program Costs (three components).

• Enforcement and inspection costs. Florida’s FY 2024–2025 state budget allocates approximately $42.8 million
to the Department of Business and Professional Regulation (DBPR), to inspect 9.8 million housing units [96],
coming out to a per-unit enforcement cost of $4.37 per housing unit per year. For Orleans Parish’s 80,000
housing units, we estimate annual inspection costs of

Annual inspection = 80,000 × $4.37 ≈ $350,000/year

• Tax abatement revenue loss. To incentivize voluntary fortification, we propose a 10% property tax abatement
over five years for homeowners who complete verified wind and flood retrofits. Orleans Parish’s median property
tax bill is approximately $2,100 per year (computed from the median home value of $225,000 and Orleans
Parish’s effective property tax rate of 0.93% per the Louisiana Tax Commission [71]). Assuming 15% of
eligible homeowners participate in the abatement program in any given year, consistent with the percentage of
participants in Alabama’s Fortify Alabama Homes program [65], the annual revenue loss is:

Tax abatement cost = 80,000 × 0.15 × ($2,100 × 0.10) = 80,000 × 0.15 × $210 = $2.5M/year

• One-time setup costs. Establishing a new statewide building code program requires administrative oversight,
inspector training, public outreach, etc. We estimate costs of $8.0M based on the Florida Building Commission’s
2023 reported startup expenditures following Hurricane Andrew [62] [64].

Annual operating cost = $350K + $2.5M = $2.85M/year
20-year total cost (discounted at 3%) = $8.0M + $2.85M × 14.877 = $50.4M

Damage Reduction. As mentioned above, property damage decreased by 53% after Florida adopted building code
standards [62]. Other independent estimates find that fortified-designated roofs reduce wind damage by 40–60%
during hurricanes [63]. We use a conservative 40% baseline estimate to account for imperfect compliance, and analyze
three effectiveness levels (20,000, 40,000, and 60,000 homes).
The total housing exposure in Orleans Parish is:

E = 80,000 units × $225,000 per unit = $18.0B

For each coverage level c and damage reduction d = 0.40, avoided losses per event are:

Avoided per event = c × $225,000 × 0.0102 × 0.40 (8)

Table 10: Building Code Cost-Benefit Analysis for Orleans Parish (40% Damage Reduction)

Coverage Avoided/Event Annual Avoided PV(Avoided) Total Cost NPV BCR
25% (20,000 homes) $18.4M $15.4M $229M $50.4M +$180M 4.54
50% (40,000 homes) $36.7M $30.7M $457M $50.4M +$408M 9.07
75% (60,000 homes) $55.1M $46.1M $686M $50.4M +$637M 13.61
Avoided losses per event = covered homes × $225,000 × 1.02% × 40% damage reduction.
Annual avoided = avoided per event × 0.837 annual hurricane probability.
PV(Avoided) = annual avoided × 14.877 (20-year annuity factor at 3%).
NPV = PV(Avoided) − $50.4M total cost. All values in 2023 dollars.

At the 50% coverage level, the benefit-cost ratio at enacting building codes (9.07) is significantly greater than that for
infrastructure investment (3.20). Thus, it is clear that building codes are superior to infrastructure investment in
terms of economic efficiency.
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6 Climate Resilience Award Addendum
Community Scope

We aim to focus on the Greens Bayou watershed in Northeastern Harris County, Texas, which includes
the Greenspoint and Aldine communities of north Houston. We chose to address Harris County because it recently
ranked as the county with the highest hurricane risk score in the nation, with a 100 on the FEMA index [85]. Harris
County is especially vulnerable to floods, with over 30% of homes designated as high flood risks [84]. The flood risk is
exacerbated by the flat topography and high clay content of the soils, making flood drainage difficult [75].
We specifically chose to focus on Northeast Harris County, with particular emphasis on the Greens Bayou watershed,
because of its high social and economic vulnerability to floods. The area contains predominantly working-class
populations with higher poverty rates, lower median household incomes [76], and lower rates of flood insurance
coverage compared with the western part of the Houston area [103]. A large percentage of the population is renters or
cost-burdened homeowners [77]. Economically, flooding and property damage result in housing losses, which translate
into wage losses and other economic challenges. This is especially disastrous since the community relies heavily on
service-oriented employment, logistics, and businesses, including those adjacent to the airport [105].
This addendum aims to target policymakers with the authority and financial ability to carry decisions, such as
the Harris County Commissioners Court or the Harris County Flood Control District, which manages stormwater
infrastructure, bond funding, and federal mitigation grants. By selecting a watershed as opposed to the entire
county, this project follows the traditional process of flood infrastructure development in the region, increasing its
feasibility [79].

Climate Hazard

We are modelling the impact hurricane-induced floods have on housing. While the primary flood risk in coastal counties
is associated with storm surges, the primary flood risk in Harris County is associated with extreme precipitation rates
generated by slow-moving tropical storms [78]. When heavy rain occurs, water can accumulate in homes, causing
structural damage and necessitating that residents evacuate, causing fluctuations in home prices.
The Greens Bayou watershed records 10–14 floods per decade [88], which comes to an average of just over 1 flood per
year, on average. Although our data finds that 86% of years have no notable flooding, the remaining 14% reach the
action stage or above. This is particularly devastating since the watershed is vulnerable even to small floods, due to
its social and economic vulnerability explained above. Historically, this risk has been salient. For example, during
Hurricane Harvey in 2017, parts of Harris County received over 40 inches of rain, and Greens Bayou experienced
significant structural flooding [12].
The future likelihood of floods is only set to increase. Using realistic and worst-case scenario climate change projections,
we estimate the frequency of future floods with the Log-Pearson Type III Flood Frequency Analysis, which is the
federally mandated approach for this type of analysis [87].

Figure 12: Flood probability projections for Greens Bayou under moderate and high emissions scenarios (2025–2075).
Baseline: 13.2% (2025). Red and blue line represent flood projections for Greens Bayou for the high and moderate emissions

scenarios, respectively.
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Our projection suggests that flood likelihoods are set to increase precipitously, necessitating quick, decisive policy
actions. Unfortunately, most hurricane flood mitigation efforts focus on large-scale infrastructure projects [107]. The
Harris County Flood Control District has built detention basins, expanded channels, improved residential drainage,
and sold bonds to finance major projects [74]. These projects reduce peak flow and improve water movement, but
they require significant planning and funding [78]. Additionally, they do not directly reduce home vulnerability. After
Harvey hit Texas, assessments found that many flood-damaged homes lacked flood insurance, compounding financial
issues and complicating recovery [67].

Risk Mitigation Strategy

We recommend a micro-detention retrofit program for high-risk neighborhoods in the Greens Bayou watershed.
This would be a county-run infrastructure program, delivered through the Harris County Flood Control District
in partnership with local contractors and neighborhood groups. Instead of building more large flood channels, this
program installs many small water-slowing features spread across neighborhoods: permeable pavement in parking lots
and alleys [91], small underground detention cells in parks [93], and rainwater tanks on residential properties [89].
Implementation should start in the neighborhoods rated by FEMA’s National Risk Index [47] as most exposed to
hurricane flooding. Funding would come from the HUD Community Development Block Grants and Harris County’s
existing stormwater budget [59].
Because of the region’s poor bayou system [83], the micro-detention system aims to slow the water before it even
gets to the bayous. Research on urban stormwater retrofits shows this approach can reduce peak flooding flows by
10–25% and cut the total volume of water entering drainage channels by 10–20% at the neighborhood level [90]. In a
county where our Random Forest shows hurricanes cause an average 1.02% drop in home prices the quarter they
strike, reducing flood intensity directly reduces how much home values fall.
This program fills a gap that Harris County’s existing efforts do not cover. The $2.5 billion flood bond passed after
Harvey funds channel widening, large detention basins, and property buyouts, all of which are infrastructure that
moves water quickly once it is already in the system [74]. However, micro-detention works upstream of all that,
capturing and slowing water before it ever gets there, which reduces the burden on those larger projects and extends
their lifespan. Nothing like this currently exists in the Greens Bayou watershed, which makes it uniquely valuable to
implement.

Stakeholders

Dr. Christina Petersen, the Executive Director of the Harris County Flood Control District (HCFCD), is the ideal
individual to consider this proposal [81]. She is available at (713) 684-4000, or by going to hcfcd.org. Dr. Petersen
leads the agency responsible for overseeing stormwater infrastructure, bond funding, and federal mitigation grants
across all 22 watersheds in Harris County, including Greens Bayou [82]. This role grants her the authority and financial
control necessary to implement our micro-detention retrofit program. Her expertise in environmental engineering
and experience as the Deputy General Manager of the Harris-Galveston district makes her the ideal candidate to
advantage our proposal [81]. The most effective approach to present the program to Dr. Petersen would be to position
it as a means of reducing costs associated with the District’s substantial infrastructure investments. This strategy
would not only prolong the lifespan of those projects but also address a need that remains unfulfilled.
The second ideal stakeholder is Commissioner Adrian Garcia, who oversees Precinct 2 in Harris County, which includes
Greens Bayou [80]. He can be contacted at (713) 755-6220, or through scheduling on hcp2.com. Commissioner Garcia
is a member of the Harris County Commissioners Court [80], which ultimately decides how funds are allocated.
Garcia also has experience obtaining hundreds of millions of dollars for drainage initiatives, which would be massively
beneficial for our proposal.

Implementation Plan

Implementation Budget. Meaningful flood reduction requires features distributed widely enough across enough
blocks to collectively slow runoff before it overwhelms the drainage system. Accordingly, implementing this program
would cost about $15M dollars.
The budget falls into four general categories. The biggest is construction and physical materials, covering the
permeable pavement, underground detention cells, and rainwater tanks themselves. Based on comparable cost data
for urban stormwater retrofits, a neighborhood-scale pilot of around 10 blocks would cost roughly $5 to $15 million
in construction alone [95]. The second category is engineering and design, which includes soil testing, technical
drawings, permitting, and the hydrologic analysis needed to figure out where features will actually reduce flooding
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the most. This historically costs 15–20% of the construction fees [94], representing $1.5M to $2M in cost. The third is
ongoing maintenance, covering annual inspections, and minor repairs. This is a yearly cost that continues long after
installation and must be built into any budget from the start. However, non-routine tasks are often much less than
$1k, which is negligible compared to the rest of the budget [92]. The fourth is program administration and outreach,
covering staff coordination, multilingual materials for the Spanish-speaking communities in Greenspoint and Aldine,
and the grant reporting that federal funders require. These costs are historically 15% of construction costs, which is
about $1.5M [54].
Harris County would not be expected to cover this cost alone. FEMA’s Hazard Mitigation Grant Program can cover
up to 75% of eligible project costs, and HUD Community Development Block Grants are also available for flood
mitigation in low-income communities. With these funding sources, the county’s actual share of the total budget
could be significantly lower than the projected figure.
Implementation Timeline. Full implementation would take roughly three to five years from the first planning
meeting to meaningful flood reduction on the ground [104]. Before anything is installed, the county needs to survey
the watershed, consult with residents, get an ordinance approved, apply for federal grants, hire engineers, and run a
contractor bidding process [106].
The first six to twelve months would focus on planning and approval. That includes mapping the most efficient
placement of micro-detention features, holding community meetings with residents in Greenspoint and Aldine to
get their input, drafting the program ordinance for the Commissioners Court, and submitting grant applications to
FEMA and HUD. Federal grant approvals under HMGP typically take six to twelve months on their own [58]. From
there, roughly six to eighteen months would go toward engineering and procurement, finalizing designs for each block,
pulling permits, and selecting contractors through a public bidding process [104]. Construction would run from year
two through year four, starting in the highest-risk blocks and expanding outward as funding comes in [45].
Once the installations are live, monitoring needs to follow. After every significant storm, the program should track
the amount of runoff reaching the bayou, the depth of street flooding, and the number of homes affected. Those
numbers should be reviewed after each notable rain event and reported to the Commissioners Court.
Residents in the areas where construction finishes first would start to experience noticeable changes within two to
three years, particularly during the moderate to heavy rainstorms that cause most of the day-to-day flooding in this
watershed [108]. Although the program is not designed to handle extremely catastrophic storms on its own, it would
meaningfully reduce the day-to-day flooding that slowly causes compounding losses.

Impact Goals

This program is built for working-class homeowners and renters in Greenspoint and Aldine, where flood exposure
is high and most households have no financial cushion to absorb a severe storm. Our model finds that hurricanes
suppress home prices by 1.02% in the quarter they strike. For the median home worth $158800 in Greens Bayou [98],
that is roughly $1,600 in lost value per event, and with the Greens Bayou watershed flooding more than once a year
on average, those losses become devastating for homeowners. Peer-reviewed stormwater research backs up the physical
side: distributed micro-detention can reduce peak flood flows by 10 to 30% and cut total runoff volume by 10 to
20% at the neighborhood level [99]. Similar initiatives in the past have caused 0.28% to 0.78% increases in house
prices [100], which, in the moderate scenario, roughly $840 in house value per event. That represents a substantial
improvement, reducing the initial hurricane price shock by about 50%.
After initial installation, we can anticipate this project to last for up to decades. When properly constructed,
permeable pavement can last up to 30 years [101], rainwater capture systems have a lifespan of 25 years [102], and
rainwater tanks can survive for up to 50 years, all at a reasonably efficient capacity.
Four metrics would tell us whether our installation is successful. First, by comparing the number of homes flooding per
storm compared to the historical average for storms of similar size. Second, hurricane-quarter home price changes in
the watershed tracked through FHFA House Price Index data, which should gradually decrease relative to unprotected
neighboring areas. Third, street flooding depth and duration recorded at fixed monitoring points after each significant
rain event. Fourth, flood insurance claims per storm, which gives an independent financial reading of whether
actual damage is going down. These four metrics are clear outcomes that can be used to report to funders and the
Commissioners Court.
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7 Appendix
Public link to code:
https://github.com/ArchithM/23874-Code
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