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Executive Summary 
North Carolina has been impacted by three “billion-dollar” flooding events since 2015, imposing 

financial burdens on many communities, particularly in the eastern part of the state.  As a result, 
developing new strategies for mitigating and managing these financial losses has become more urgent, 
especially as climate projections suggest that flood events will become even more common in the 
future. Traditionally, estimates of the flood-related risk, as measured by losses, are quantified as either 
insured or uninsured, information that is useful, but often too general to develop targeted actions as it 
provides little information as to whom these losses accrue. This research takes advantage of several 
unique, highly resolved datasets (e.g., parcel level information on flood insurance policies/claims, 
property values, outstanding mortgage balance) and a novel analytical method to quantify the fraction 
of flood-related financial risk distributed across four groups within 17 counties that lie within the Neuse 
River Basin: the federal government (through the National Flood insurance Program (NFIP)), property 
owners (in this case residential only), mortgage lenders, and local government (i.e. county and 
municipal).  

Using Hurricane Florence (2018) as a case study, residential property owners are determined to 
retain the largest fraction (44%) of the financial risk, followed by the federal and then local 
governments, each of which hold roughly 25% of the risk, with mortgage lenders retaining the remaining 
10%. It is important to note, however, that the relative fraction of risk accruing to each group varies 
considerably from county to county across the basin, information that will be important to targeting 
mitigation and management actions to increase community resilience. 
 Recommended resilience strategies include policy options that break the cycle of financial losses 
for flood-affected properties resulting in displacement, foreclosure, and abandonment. This may include 
subsidizing federal flood insurance premiums in vulnerable areas to shift risk away from local 
communities, identifying mortgage defaults risks for local lenders or offering mortgage relief directly to 
households after floods. Identifying communities that will benefit from these and other strategies is 
crucial for successful implementation, as the distribution of risk is largely dependent on specific 
vulnerability and flood hazard. Continued work should inform prioritization of these efforts. 

 

Figure ES- 1: Modeled financial risk (>$20,000) of modeled counties within the Neuse Basin resulting from Hurricane Florence 
flood impacts on residential properties. Basin-wide risk is inset. 
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Research questions: 

• When property damages due to flooding events occur, how is financial risk distributed between 
the federal government, local governments, mortgage lenders/banks, and property owners? 

• How does this distribution of risk differ by community in North Carolina? 
• How can analyses of these risks inform mitigation and management strategies that increase 

North Carolina’s resilience in the face of future flooding events? 

 

Introduction: 

Since 1980, flooding and hurricanes have collectively caused over $1 trillion in damages in the United 

States (NOAA 2020).  In North Carolina, three extreme events (Matthew (2016), Florence (2018), and 

Dorian (2019)) have occurred since 2015 and imposed enormous costs on communities, particularly in 

eastern parts of the state. Flood insurance provides an initial layer of financial protection for property 

owners to recover from flood losses, but residential insurance uptake rates are estimated to be only 

3.5% in North Carolina compared to the national average of 15% (Marlett, Medders, and Lattimore 

2020). Over 70% of the $24 billion in damages resulting from Hurricane Florence are estimated to be 

uninsured, a level consistent with similar storms, such as Hurricane Harvey (2017), that have made 

landfall in the United States in recent years (Guyton 2017; Howard 2019). Flood losses are expected to 

increase in North Carolina as a result of continued development, population growth, and projected 

increases in severe weather events due to anthropogenic climate change (Carter et al. 2018; 

Demographer 2021; Tippett 2020).  Consequently, quantifying the financial risk of these events by 

characterizing the cost and distribution of flood losses is an important tool for increasing resilience to 

future flood events.  

While attempts have been made to quantify flood losses at the regional or community scale, it is 

often less clear to whom the financial risk of these losses accrue, as well as how these risks could 

cascade through a community (Freni, La Loggia, and Notaro 2010; Wing et al. 2020).  Flood damages to 

residential properties expose property owners to significant financial risks arising from the direct costs 
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of repairing damages and home equity losses resulting from reductions in property values (McAlpine 

and Porter 2018).  It is often these property owners, and residential homeowners in particular, that are 

assumed to carry most of the risk of flood-related losses, but the actual distribution of losses across 

different groups within a community is more complex and largely unexplored.  Individual property 

owners can, and do, pass some of the risk of flood recovery costs along to the federal government by 

purchasing coverage through the National Flood Insurance Program (NFIP).  Nonetheless, most property 

owners do not buy flood insurance, even when their mortgage terms require coverage (Michel-Kerjan, 

Lemoyne de Forges, and Kunreuther 2012), and those that do can only recover losses up to the NFIP cap 

of $250,000 for structural damage (and another $100,000 for losses related to the contents of the 

home), which maybe insufficient to cover damages.  

Many uninsured or underinsured property owners seek to recover from flood events by 

borrowing funds against the equity they hold in their home, taking advantage of the relatively low 

interest rates, in order to repair and rebuild properties.  If damages are substantial enough such that 

they exceed the amount of a property owners’ equity, there is a tendency for property owners to walk 

away from their properties (Colman 2020).  For properties with a mortgage, this can lead to default and 

foreclosure, such that the financial burden of the home is then transferred to the lender, who in many 

cases will attempt to sell the home to an organization willing to repair and then “flip” (i.e. resell) the 

property (Keenan and Bradt 2020).  For example, mortgage payments for damaged properties in Texas 

after Hurricane Harvey were more likely than non-damaged properties to be delinquent at least 90 days 

after the storm, with the fraction of those properties that were uninsured being even more likely to be 

delinquent, need loan modifications, or default compared to their insured counterparts (Kousky, Palim, 

and Pan 2020).  The risk of default is further elevated after a flood because flooded properties often see 

a reduction in property value (Bin and Polasky 2004; Kousky 2010). If repair costs exceed the post-event 

market value of a home, lenders may be forced to take losses on any outstanding mortgage balance, as 
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they are unlikely to undertake any lengthy and expensive foreclosure proceedings intended to recover 

value from the home (Clowers 2010). This can result in the property being abandoned, at which point 

responsibility for its maintenance or demolition, as well as the associated costs, are transferred to local 

government at the municipal or county level (Clowers 2010).  In addition, the combined effects of home 

abandonment, community outmigration, and neighborhood blight can reduce a local government’s 

property tax base, exposing the entire community (flooded and non-flooded alike) to even greater levels 

of financial risk (Nofal and van de Lindt 2020)  as local governments are simultaneously trying to pay to 

repair damages to public buildings and infrastructure. 

Thus, while property owners certainly retain a significant portion of the flood-related loss that 

impacts their property, these losses have cascading effects throughout a community.  As a result, 

determining the best path by which to make an entire community financially resilient in the face of 

extreme events is critically dependent on understanding what fraction of flood risk is held by different 

groups, primarily the federal government, property owners, lenders (local or national), and local 

government.  Quantifying the distribution of flood-related financial risk among these groups, and how 

this distribution changes across different at-risk regions of North Carolina, will aid in the development of 

targeted mitigation and relief strategies designed to promote greater resilience in the wake of future 

flood events.  

This work represents an advance through its rigorous parcel-level (i.e., individual property level) 

estimation of the fraction of flood-related risk that accrues to these four groups, with the focus limited 

to residential properties in this investigation (consideration of commercial properties will come later). 

Environmental, financial, and built-environment data are used to model specific flood events and their 

impact on residential parcels in terms of both damages and declining property values.  Flood hazard 

areas are described via hydrologic variables; the financial data includes residential property sales values, 

outstanding mortgage balances, and parcel level data on both insurance coverage and claims; and the 
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built environment is described using characteristics of the parcel and its building that influence both the 

flood exposure and the property value. Previous studies have adapted machine learning models for 

natural hazards, such as prediction of the footprint of historic floods, and the estimation of insured 

damages at specific parcels (Knighton et al. 2020; Mobley et al. 2019, 2020).  In this analysis, uninsured 

damages are also estimated over a broad spatial scale using sparse data on observed insured damages 

via a machine learning algorithm based on random forests. Property value changes are estimated over 

space and time using built environment variables and property sales data to interpolate property values 

for all parcels (Boyle and Kiel 2020; Pace, Barry, and Sirmans 1998; Smith and Huang 1995).  Combining 

estimates of flooding losses (i.e. uninsured damages and property value changes) with census tract level 

mortgage data (FFIEC 2020) allows estimation of a damage-adjusted “loan-to-value” ratio (LTV) and 

home equity at each parcel.  The relationships between the outstanding mortgage balances, the built 

equity, property values and damages provide a basis for characterizing parcel-level financial risk which 

can then be aggregated to the county and regional scale.  

 

Methods: 

This analysis benefits from access to several unique and highly resolved datasets that describe 

the environmental, financial, and built environment systems.  This includes parcel level information on 

flood insurance policies, flood insurance claims and property sales, as well as mortgage information at 

the census tract level. Built environment variables are used to estimate both uninsured flood damages 

and property values, and so include both flood-relevant and sales-relevant variables such as first-floor 

elevation and square footage, respectively. Environmental data are used to estimate total expected 

damage at the parcel scale, and include soil characteristics, height above nearest drainage site, and 

other elements that affect local flood wave routing.  
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A schematic of the modeling framework is laid out in Figure 1, below. The described variables 

are fed into three models focused on estimation of property values, estimation of uninsured damages, 

and estimation of outstanding mortgage balance. Methods and results are organized around these three 

distinct modeling efforts. The outputs from these models are then combined to estimate financial risk at 

the county and basin-scales.  This combination is described by the “LTV analysis” in Figure 1, where a 

pre-storm equity amount and post-storm adjusted “loan-to-value” ratio (LTV) are calculated and then 

used to assign fraction of risk to potential risk-holders. Insured damages are retained by the NFIP. 

Property owners are unlikely to borrow additional funds to repair a home with an LTV greater than 1 

(i.e. the outstanding loan on the home is greater than the home’s value), and lenders are unlikely to pay 

for repairs where flooding damages exceed the total value of the property, which can lead to 

abandonment (Clowers 2010; Gallagher and Hartley 2017). Local governments then assume the risk of 

properties abandoned by lenders through the costs of maintenance or demolition. This decision-making 

paradigm will be discussed in further detail later in this section.  

  

Figure 1: Process for estimation of systemic financial risk from flood events. Environmental/hydrologic components are in blue, 
built environment in green, and financial in orange. Parties holding financial risk in yellow. 
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 The modeling approach considers distinct but overlapping units of analysis. Variables used in the 

models are either available at the parcel scale or are assigned to the parcel scale (i.e., characteristics of a 

building within a specific parcel are tied to that parcel). The individual property parcel will be the 

primary unit of analysis for this work and will be inclusive of buildings contained within the parcel and 

with damages that occur directly to buildings tied to the corresponding parcel. However, other terms 

will be used when appropriate to promote clarity in interpretation. “Property” will be used when 

discussing property value changes that include the value of the parcel and the building together; this will 

avoid incorrectly labeling these amounts as “parcel values”, which implies a unique value exclusive of 

the building value. In discussion of mortgage balances, “property” is sufficiently synonymous with 

“home” for these purposes to justify its use, and “property owner” will substitute for “homeowner.” 

However, the included parcels (and properties) include single-family residences only, so many parcels 

should contain a single building used as a “home” as opposed to a commercial property. 

Analysis was primarily conducted for select counties in the Neuse River basin (Figure 2) 

impacted by Hurricane Florence, chosen as an initial case due to widespread flooding and the magnitude 

of damages. The Neuse basin was selected as it contains counties such as Craven (home to the city of 

New Bern) that were highly impacted by Hurricane Florence; as of March 2021, New Bern alone has 

received over $40 million to address infrastructure and other damages (FEMA 2020). Importantly, 

multiple counties within the Neuse basin qualified for Individual Assistance from FEMA (direct funds for 

affected individuals and households, such as to support property repairs) following Florence, indicating 

losses extended far beyond those covered by insurance.  
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Figure 2: A county map of North Carolina with the Neuse watershed shown in darker grey and major rivers and streams in teal.  
 Image credit: NC DEQ Water Resource Plans, 2010. 

 

 

Estimating Property Values 

A hedonic model is developed to predict residential parcel-level property values by property 

characteristics and property sales data, following the methods used in previous work that catalogued 

declining property values in the aftermath of flood events (Bin 2004; Kousky 2010). Property sales data 

from the First Street Foundation and parcel characteristics from NC OneMap are used. Parcels are 

filtered for single-family residential by use code before extracting relevant building attributes, including 

the year built, building square footage, land parcel square footage, distance to county population center 

(represented by the county courthouse location), and status as incorporated or unincorporated. 

Residential parcels were extracted for compatibility with the datasets used for the hedonic and other 

models (i.e., property sales, insurance, and mortgage information), all of which included residential 

parcels only. Once property values are predicted, results are compared to observed property values 

from market sales data, yielding “hedonic residuals” that capture the difference between the market 

value of residential properties and the expected value predicted by the physical characteristics of the 
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property. Unlike tax assessment data, which can exhibit long delays between re-appraisals, market sales 

data quickly respond to changing conditions in space and time, allowing for a near-term analysis of the 

impact of discrete flooding events on property values. 

The hedonic residuals were interpolated quarterly (i.e., every three months) for each parcel 

from 2017 to 2020 via “krigging” to account for correlation in spatially and temporally proximate 

hedonic residuals. “Krigging” is a geospatial method that predicts values at unobserved locations by 

relating the variation and distance between observed locations and projecting estimated values to 

unobserved locations via these relationships. This method utilizes Tobler’s first law of geography (“near 

things are more related than distant things”) in both time and space (Le and Zidek 2006; Waller and 

Gotway 2004). Neighborhood characteristics that would raise or lower property values (e.g., a property 

sale within the same neighborhood will inflate or deflate a nearby sale) or changes over time (e.g., sales 

close in time will have more of an effect) are captured and distributed by this process to allot each 

residential property an appropriate hedonic residual. The interpolated residuals are then converted back 

into dollar values via the hedonic regression, yielding estimates of property values throughout the 

Neuse watershed counties from 2017 to 2020.  

 

Estimating Uninsured Damages 

Flood insurance uptake in the Neuse basin is below the national average (15%) at the time of 

Hurricane Florence (Insurance Information Institute 2020). Insurance uptake by county at the time of 

the event is approximated by comparing active residential policies to all residential parcels (Table 1).  

Residential parcels are filtered for by parcel use codes provided in the NC OneMap Buildings database 

and flood insurance policy data is limited to include only active policies at the time of the event (in this 

work, defined as September 10, 2018 to September 30, 2018). Most counties in the Neuse basin have 
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less than 1% of residential parcels insured, with the maximum rate of flood insurance uptake observed 

in Carteret County at 5.02% (Table 1).  The 17 counties listed below are the focus of this analysis. 

Table 1: Hurricane Florence Residential Insurance Coverage in Neuse basin counties* 
 

County 
Name 

% Residential Parcels Insured, 
Hurricane Florence 

Carteret 5.02% 
Craven 2.49% 
Durham 0.53% 
Franklin 0.10% 
Granville 0.05% 
Greene 0.28% 
Johnston 0.36% 
Jones 0.78% 
Lenoir 0.77% 
Nash 0.37% 
Orange 0.36% 
Pamlico 4.21% 
Person 0.02% 
Pitt 0.79% 
Wake 0.33% 
Wayne 0.40% 
Wilson 0.00% 

* Beaufort, Duplin, Edgecombe, Harnett, Onslow, and Sampson counties are excluded 
from this model, as they have negligible land area within the Neuse basin. 

 

Machine learning random forest models are algorithms that examine combinations of 

independent variables via detailed decision trees to predict the value or classification of dependent 

variables. The data are split into two groups, one where the dependent variable is known and one where 

prediction is needed. The set with known dependent variables is randomly split again into testing and 

training sets. The model learns which combinations of independent variables are likely to yield known 

values of the dependent variable within a training dataset, then validates its performance by practicing 

on the “testing” dataset and comparing its predictions to the known values. The model can then apply 

that learning to data with the same inputs to predict values or classifications for the unknown, 
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dependent variable. Random forest algorithms have been successfully used to generate flood hazard 

maps in Texas (Mobley et al. 2020), and to predict flood insurance claims at a census tract level in New 

York (Knighton et al. 2020). Other studies have used random forest to estimate the extent of flooding 

from particular rainfall events (Kim and Kim 2020) or the potential for flash floods based on 

environmental variables (Band et al. 2020). This work takes a somewhat new approach by using these 

methods to predict uninsured flood damages, given the locations of flood insurance policies-in-force and 

claims after a single flood event (Hurricane Florence).  

Parcel-level NFIP claims and policy data are used to train a random-forest model to predict flood 

damages from Hurricane Florence.  The testing and training datasets include parcels with either flood 

policies or claims, as information about damages can be inferred from these variables. Parcels with a 

flood insurance policy, but no claim, are treated as pseudo-null values and assumed to have no flood 

damage. Parcels with an insurance claim are assumed to have experienced flood damage. The trained 

random forest model is then used to predict presence of flooding and the magnitude of damages 

resulting from flooding at uninsured parcels (i.e., no policy or claim data).  The Hurricane Florence 

specific model includes insurance policies in force and claims made for damages occurring over the 

period of September 10, 2018 to September 30, 2018, as Florence made landfall in North Carolina on 

September 14, 2018, and over 95% claims were filed by the end of September.  

Independent variables used to build the random forest model (Table 2) describe the flood 

hazard (likelihood of a given location to flood during Hurricane Florence), the characteristics of the 

affected property, and the presence or absence of flooding as described by flood insurance data. The 

independent variables were extracted from the listed datasets only for the portion of each county 

located within the Neuse basin.  
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Table 2: Machine learning model input variables 

Variable Type Variable Name Source Geographic 
Resolution 

Description 

Financial Insurance Claims  
(Building Damages 
only) 

**FEMA (NFIP)i Parcel Paid claims towards 
building damages 

Financial Insurance Policies in 
force 

**FEMA (NFIP Parcel Policies covering the 
event period 
(9/10/2018 – 
9/30/2018) 

Built 
environment 

First floor elevation NC OneMapii Parcel Elevation of first floor 
above sea-level 

Built 
environment 

FEMA-designated flood 
zone 

NC OneMap Parcel Detailed flood zone 
designation for parcel 

Built 
environment 

Foundation type NC OneMap Parcel Building foundation 
(fill, slab, etc.) 

Built 
environment 

Building type NC OneMap Parcel Primary building 
material (stone, wood, 
etc.) 

Built 
environment 

Building value NC OneMap Parcel Tax-assessed value 

Built 
environment 

Surrounding 
impervious surfaces 

National Land 
Cover Database, 
2016iii 

30mx30m 
raster 

Percent impervious 
surface with four 
circular areas of 
increasing radii, 
centered around parcel 

Built 
environment 

Distance to nearest 
stream 

National 
Hydrography 
Datasetiv 

Parcel Distance from parcel 
centroid to nearest 
stream (order > 2) 

Built 
environment 

Distance to coast National 
Hydrography 
Dataset 

Parcel Distance from parcel 
centroid to coast 

Environment/
Hydrologic 

Flow accumulation grid National 
Hydrography 
Dataset 

10m x 10m 
raster 

Area upstream flowing 
into each raster cell, 
averaged over the 
parcel area 

Environment/
Hydrologic 

Height above nearest 
drainage (HAND) 

Oak Ridge 
National 
Laboratoryv 

10m x 10m 
raster 

Height over each raster 
cell above the nearest 
drainage feature, 
averaged over the 
parcel area 

Environment/
Hydrologic 

Hydraulic soil 
conductivity (Ksat) 

USGS SSURGOvi -- Centimeters/hour 
infiltration by soil type 

**This study used an unredacted version of the cited dataset, obtained directly from FEMA. 
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 All variables were tied to individual parcels, then aggregated to the county and the basin scale 

(i.e., the 17-counties defined here as the Neuse basin). The parcel-level dataset is run through both a 

classification model, to determine flood hazard, and a regression model, to estimate the magnitude of 

uninsured damages in dollars. Each model utilizes 2000 decision trees, and a 75%/25% split between 

training and testing datasets. The classification model is trained and tested on 3,899 individual insurance 

claims and 4,581 policies, where addresses with claims were classified as ‘flooded’ and addresses with 

policies, but no claims, were classified as ‘not flooded’.  Of these data, 682 were defined as “not 

flooded” initially, as they had a policy but no claim. The training and testing sets are slightly smaller 

(<15%) for the regression model, as this model is only trained on parcels that were defined as flooded 

and damaged through filing of a flood insurance claim.  The trained classification model is used to 

estimate the likelihood of flooding in parcels with no insurance information (policies or claims), and the 

regression model predicts a damage amount for parcels classified as flooded.   

The likelihood threshold used to classify parcels as flooded or not flooded represents a tradeoff 

between capturing true positives and excluding false positives.  While methods exist that aim to best 

balance this tradeoff (He and Ma 2013), applied to this RF model they result in damage estimates that 

contain a smaller portion of uninsured damages than overall damage estimates made by industry 

leaders such as RMS and CoreLogic. Here, a classification threshold (0.69) is selected that results in 

uninsured damages comprising 70% of the overall damages across the study region, bringing model 

output in line with earlier estimates for Hurricane Florence in the Carolinas (CoreLogic 2018; RMS 2018).  

The performance of the random forest (RF) classification model can be described by an “area 

under the curve” (AUC) approach that describes the area underneath a “receiver operating 

characteristic” (ROC) curve relating true positives predicted by the model to false positives predicted by 

the model, with positives indicating the presence of flooding. An algorithm with no predictive power 

would exhibit an AUC equal to 0.5 whereas a model with high predictive power would exhibit an AUC 
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closer to 1. The regional Neuse model has an AUC of 0.91, which is consistent with accepted 

performance of these models in the (Knighton et al. 2020; Mobley et al. 2020). The ROC curve for this 

model is included in the Appendix. The most influential independent variables in determining the 

presence of flooding by the classification model are distance to the coast and first floor elevation; 

variable importance for all variables can be found in the Appendix. The RF regression model’s 

performance is evaluated in a similar way, with the degree of correlation (R2) between predicted and 

observed values of flood damages providing the performance. The RF model has an R2 of 0.36. Prior 

studies have discussed the difficulty of predicting damages from observed data, for example due to a 

lack of consistency between damage appraisals and derived depth-damage relationships (Freni, La 

Loggia, and Notaro 2010; Wing et al. 2020).  This can often result in damage estimates that can be highly 

uncertain at parcel scales (Merz et al. 2004). 

 Confidence in the performance of the RF model is supported by comparisons of the estimated 

damages to those modeled via a more time and resource intensive method by the state of North 

Carolina for the same event (Figure 3). After major flood events, the state of North Carolina follows a 

standard method of damage estimation using a combination of hydrodynamic models and depth-

damage curves. This analysis uses the statistical and analytical models described here. The damages 

estimated in this analysis include modeled uninsured damages and known insured damage, which do 

not distinguish between sources of flood waters; the state modeled estimates include riverine and 

coastal flood damages for residential parcels (both insured and uninsured) in the Neuse basin counties 

(North Carolina Department of Public Safety 2018). For most modeled counties, the project estimates 

closely reflect the state modeled estimates, as seen by the proximity of labeled counties to the 1:1 line 

shown in red. This demonstrates the potential utility of the RF method in estimating post-flood damages 

quickly and at low cost. 
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Figure 3: Comparison of Hurricane Florence modeled damages by the state of North Carolina (y-axis) and by the random forest 
regression model (x-axis). The 1:1 red line is included for reference, and is not a fitted trendline, but rather a way of visualizing 

the similarities in results across the two methods. 

 

Estimating Outstanding Mortgage Balance 

Outstanding property mortgage loan amounts and existing loan-to-value ratios identifiable by 

census tract are available for the year 2019. These data are publicly available from the Federal Financial 

Institution’s Examination Council (FFIEC) and include mortgage loans issued in the year 2019. As 

mortgage information is not available for all parcels in the census tract, the existing loan data is treated 

as a historic dataset that can be resampled to create synthetic mortgages that are characteristic for any 

specific tract. Mortgages from the FFIEC dataset were assigned to parcels randomly within census tracts 

to simulate property sales that would reset the terms of the loan. Mortgage balances are simulated over 

a thirty-year period assuming a constant annual repayment schedule, with new mortgages randomly 

assigned to parcels in every year. This random assignment does not assume that each parcel begins a 

new mortgage each year, but rather allows for repayment of different lengths to simulate the different 
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mortgage maturities and timescales of property ownership. At the end of the simulation, the remaining 

mortgage balance at each parcel yields a tract-specific distribution of LTV ratios at the time of the flood. 

 

Estimating Financial Risk 

In this analysis, the federal government is determined to hold the financial risk of flood events 

through the NFIP and the payouts this program makes of flood insurance claims to insured properties. 

Property owners are assumed to hold the risk if the reduction in property value after the storm, 

uninsured damages, or the sum of the two are less than the equity the property owner maintains in the 

property. Once the sum of property value reduction and uninsured damages exceeds the equity, the 

property owner is assumed to forfeit that equity, default on the mortgage, and walk away from the 

property. For properties holding a mortgage, this results in the property becoming the responsibility of 

the mortgage lender. For properties in a similar situation without a mortgage, financial responsibility for 

the property reverts to the local government, which may either demolish, maintain, or repurpose it.  

At the time of the flooding event ,the simulated loan-to-value ratio and the interpolated 

property value to provide an estimate of owner equity. As the mortgage balance remaining to pay is 

fixed post-storm, the property owner equity is effectively impacted with property depreciation and 

uninsured damages. This “decrease” in equity limits the capacity to borrow for repairs, as the low-

interest loans offered to property owners by the Small Business Administration (SBA), Federal Housing 

Administration (FHA), or private lenders are contingent on the value of the mortgage (i.e., equity). 

Lowered borrowing capacity increases the likelihood of default and eventual abandonment (Figure 4). 

The conceptual framework used to assign risk in this analysis is shown succinctly in the rightmost 

column of Figure 4, as increased flood damages relative to property value determines where financial 

risk is retained among the four parties.  
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Figure 4: The impact of flood events on property ownership decisions related to repairing or abandoning the property. As 
mortgage balance remains fixed, decreases in property value reduces owner equity, which in turn affects the availability of low 
interest borrowing to repair damages. In the right-most bar, risk accrues to the federal government (yellow), the property owner 
(blue), the mortgage lender (pink), or the local government (green) depending on magnitude of damages. 

 

The maturity of the mortgage is influential in determining which group holds the financial risk 

for flood-affected parcels.  As equity grows over time, the level of flood-related damages necessary to 

bring about default and abandonment increases, as property owners are more likely and more able to 

borrow sufficient low interest funding to repair uninsured damages (Figure 5). In this case, property 

owners retain a greater fraction of the risk of uninsured damages, but have greater capacity to borrow 

inexpensively, and absorb the potential resale implications of property depreciation, thereby avoiding 

mortgage default. 
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Figure 5: The impact of flood events on ability of property owners to retain financial risk. Property owners borrow against their 
equity to repair uninsured damages; as the mortgage matures, equity grows, increasing low interest borrowing capacity. 
Though risk of default is reduced, it is still possible depending on magnitude of damages. Financial risk is retained by the federal 
government (yellow), the property owner (blue), or the mortgage lender (pink). 

 

The outstanding mortgage is then combined with the estimated uninsured damages at the 

parcel, (which requires additional debt on the part of the property owner to address) to yield an 

adjusted loan amount. This adjusted loan (outstanding mortgage loan plus uninsured damages) can be 

compared to the estimated property values to result in an adjusted, post-flood LTV. An LTV value 

greater than 1 indicates that a mortgage is at risk of default, and in this analysis is assumed to default, 

passing the financial risk to the mortgage lender. For the mortgage lender, this financial risk amounts 

the difference between the outstanding mortgage balance and the level of the property owner’s equity, 

as this portion of the mortgage will not be repaid to the lender after property owner default. The 

mortgage lender may be able to resell the foreclosed property to recoup some of its losses; however, if 

storm damages exceed the post-flood property value, as becomes more likely if the post-flood property 

value also declines, there may be no buyers willing to pay the costs to return the property to a 

marketable state.  In this case, the lender is assumed to abandon the property, losing the remaining 
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property value, which also leads to it becoming the financial responsibility of the local government to 

demolish, maintain or repurpose. In this analysis, the financial risk for local governments has been 

limited to $20,000 per abandoned property (Sumell 2009), though this cost may vary by community. 

Other costs to the local government, not considered in this analysis, include long-term decreases in the 

tax base along with social and financial costs of neighborhood blight. While quantifying these costs is 

beyond the scope of this project, it would add to that portion of the risk assigned to local governments 

estimated in this work.  

To model the central research question of who holds flood-related financial risk, the relationship 

between the equity, uninsured damages, and changes in property value are determined by a series of 

decision-making thresholds which are then used to “assign” risk to a particular party (Figure 6 ). 

Financial risk is estimated for all parcels classified as damaged by the machine learning model; within 

this subset of residential parcels, the magnitude of equity, insured and uninsured damages, and 

property value determines the amount of risk accruing to the federal government, property owners, 

lenders, and local governments.   



21 
 

 

 

Figure 6: Estimation of financial risk through comparisons of equity, damages, and property values (PV). Comparisons in gray; 
property owner losses in blue; lender losses in orange; local government losses in yellow; federal government in green. 

  

 

Findings: 

Results detailed below, including model outputs and estimates of financial risk apportionment 

across the four groups, are specific to Hurricane Florence in the 17 counties of the Neuse Basin. The 

results indicate the utility of these detailed and location-dependent analyses in making more highly 

resolved estimates of the financial risk of North Carolina communities to flood events.  
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Property Values 

Property values are estimated at the parcel-level, both before and after Hurricane Florence, 

using the hedonic model and krigging method discussed above. The difference between these estimates 

yields a change in property value resulting from the flood event. An example of these changes among 

residential parcels in New Bern, North Carolina, which experienced high levels of flood damages in 

Hurricane Florence (FEMA 2020), is shown in Figure 7. In the figure, red shades indicate decreases in 

property value and blue shades indicate increases; white indicates no significant estimated change. 

Sharp boundaries between neighborhoods with increased and decreased property values illustrate the 

spatial distribution of property sales in the aftermath of Hurricane Florence; this reflects the market 

response to the flood event and underscores the advantage of using property sales over tax-assessed 

values, which would not be expected to respond as swiftly.  

  

Figure 7: Changes in property values after Hurricane Florence in downtown New Bern, NC. 
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Uninsured Damages 

Parcel-level estimates of uninsured damages are aggregated by census tract to illustrate the 

distribution of damages throughout the Neuse watershed (Figure 8). Insured damages at the census 

tract level are included for comparison. The most uninsured damage occurs in census tracts within the 

southernmost region of the Neuse basin, with a maximum of roughly $46 million in a tract within Craven 

County. The average damage per census tract across all modeled counties is just over $1 million, but 

only 22% of Neuse basin tracts are estimated to have incurred any uninsured damages from Hurricane 

Florence. This pattern is reflected in Figure 8 below, as medium to dark red tracts indicate higher levels 

of damages, and are concentrated spatially, while the lightest beige indicates little to no damage. A 

similar pattern is observed in insured damages, which are also aggregated to the census tract level. 

Census tracts with insured damages have a maximum damage of $49 million, average damage of $1 

million, and roughly half (47%) of tracts experienced insured damages.  
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(a) 

 
(b) 

 

Figure 8: Hurricane Florence residential flooding damages at the census tract level for a) uninsured parcels estimated via the 
random forest model, and b) insured parcels identified via NFIP data. Gray areas in a) were not modeled due to lack of data, 
and in b) represent no insured parcels. Light beige areas include tracts with damages as low as $0.  
 

Aggregate damages are averaged over the number of uninsured, residential parcels included in the 

model within each census tract (Figure 9). Across all parcels, the mean parcel-averaged uninsured 

damage is $1,200 per residential parcel with a maximum of roughly $35,000 per parcel. For insured 

parcels, the parcel-averaged insured damage averages $9,000, and the maximum exceeds $130,000.  
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The highest uninsured damages, both aggregated at census-tract scale and parcel-averaged, are in the 

southernmost region of the Neuse basin. Aggregate insured damages are also concentrated in this area. 

Conversely, parcel-averaged insured damages are spread more evenly through the Neuse basin, most 

likely due to the small number of insured parcels used to generate the parcel-averaged estimate. 

(a) 

 
(b) 

 
Figure 9:  Average damage per residential parcel in each census tract, a) as estimated for uninsured parcels by the random 

forest model, and b) for known insured damages. Grey indicates lack of data; beige indicates $0 to little damage.  
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Select counties, such as Orange County in the far upland sections of the Neuse basin, have little or no 

uninsured damages predicted by the RF model, but were estimated by the state to have experienced 

substantial damage from Hurricane Florence. While state estimates are challenged by the same 

uncertainties in damage estimations, this may also present an opportunity for model improvement. The 

discrepancy between affected census tracts when comparing modeled uninsured damages (22%) and 

observed insured damages (47%) also presents an area for model improvement. Although insured 

damages were not large in magnitude across the basin, there may be low magnitude losses that are not 

currently being predicted accurately by the RF model. Future work aims to continue model 

improvement, including expanding the methods of validation in addition to the comparison to state 

modeled estimates shown in Figure 3. 

 

Outstanding Mortgage Balances 

Combining uninsured damages with property value changes and existing loan-to-value ratios 

(LTV) yields post-storm adjusted LTVs that are used to estimate financial risk accruing to the different 

groups. If the LTV exceeds 1, property owners are assumed to default on their mortgage, as investing 

time and resources to make repairs will be less financially attractive (refer to Figure 6). Mortgages 

assumed to default in New Bern, North Carolina after Hurricane Florence are shown in Figure 10. 
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.  

Figure 10: Residential parcels in New Bern, NC with a modeled adjusted LTV >1 shown in red. With the loans exceeding the value 
of the property, these mortgages are considered at risk of default. 

 

Financial Risk Estimates 

Following the decision-making criteria outlined in Figure 6, the fraction of flood loss risk in each county 

is assigned to the federal government, property owners, mortgage lenders, or local governments (Figure 

11). It is important to note, that the distribution of risk varies significantly from county to county across 

the Neuse basin. Identifying these differences is a critical part of this analysis as it should allow for more 

targeted risk mitigation and management actions related to future flooding events. The absolute size of 

the risk in several counties makes distinguishing the amounts and distributions of risk in the less 

populated counties more difficult to see in this figure, but a  table of the distribution of risk for each 

county can be found in the Appendix.  
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 Some of the 17 counties originally included in the Neuse basin are not listed in the risk profile 

analysis, as the RF model categorized these counties as “undamaged” with respect to residential parcels 

located in the Neuse. This includes Franklin, Granville, Nash, Orange, Person, and Wake counties. 

Therefore, all counties included in Figure 11 are estimated to have suffered nonzero losses, even if these 

losses are comparatively small relative to the most damaged counties (Craven and Pamlico). The results 

were only calculated for portions of the county that were included in the Neuse watershed random 

forest model. For counties that span multiple watersheds, these numbers may be an underestimate of 

total county-wide financial risk due to flooding from Hurricane Florence. 

 
Figure 11:  Fraction of risk accruing to groups within Neuse basin counties. All counties in figure have non-zero financial risk from 

Hurricane Florence flooding. Basin-wide risk is inset. 

Though the relation of the insurance coverage, property value, damage, and equity determines the 

“assigned” fraction of total financial risk accruing to each group, the risk itself is driven by the 

combination of uninsured damages and any reductions in property value. Addressing these two drivers 

of risk calls for different types of policy actions, so understanding their contributions is useful for 
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resilience planning. For example, as reductions in property values in flooded neighborhoods can have a 

negative impact on both flooded and unflooded properties alike, detailing where post-flood property 

value decreases are more prevalent could be predictive of neighborhood-wide or community-wide 

property value losses. These areas could benefit from policies or programs that counteract these effects 

of the flood.  

 

 

 
Figure 12: Modeled losses due to property depreciation and flood damages in (clockwise from upper left) Carteret, 
Craven, Jones, and Lenoir counties. Note the differing left-hand y-axis for each county to accommodate county 
specific levels of loss, and the consistent righthand y-axis indicating the fraction of risk to each risk holder, per county. 

 

The risk to each party is also summed across the 17 counties in the Neuse basin to yield 

estimates of basin-wide risk (Figure 13). Property owners carry the largest fraction of the basin-wide 
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financial risk (44%), while the mortgage lenders retain less than 10%, with the federal government (via 

the NFIP) and local governments each holding roughly 25% of the risk each.  

 
Figure 13: Hurricane Florence losses due to depreciation and damages across the Neuse watershed. Damages are only charted 

for counties classified as damaged by the random forest model. 

 

 These results provide a more detailed analysis of how financial risk from floods cascade 

through local communities in North Carolina. Though specific to the scenario that was modeled -- 

historic flooding attributable to Hurricane Florence in the counties of the Neuse Basin—the results 

indicate that losses accrue to different groups in different proportions from county to county. Property 

owners bear the most risk at the basin-wide level, however, the risk held by other groups is substantial, 

in some counties exceeding 50% of the total, and the distribution varies greatly between counties. This 

analysis identifies such counties where property owners do not hold most of the risk, such as Carteret; 

these case studies raise questions that deserve continued effort to understand, including what factors 
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may lead to this difference in risk accruing to the different groups across North Carolina counties. Other 

counties, such as Lenoir, exhibit the protective nature of high levels of flood insurance uptake, as most 

damage losses accrue to the federal government through NFIP policies, and not to property owners, 

mortgage lenders, or the local government. Without additional analysis, these impacts cannot yet be 

extrapolated to other North Carolina counties for the same event, nor for the same counties 

experiencing other flood events, historic or in the future. Future work aims to explore additional flood 

events, expanded geographic areas, and the potential for these models to expand to provide predictive 

capacity related to future flood losses. These detailed, county-specific risk characterizations exhibit the 

complexity of flood impacts in North Carolina and can be used to inform future recovery and resiliency 

efforts.  

 

Recommendations: 

 Our results identify the distribution of flood-related financial risk of damages to residential 

properties across multiple groups in North Carolina’s Neuse River basin, a significant advance over 

traditional measures of this risk which are often limited to insured and uninsured damages. Typically, 

property owners  are assumed to directly bear all the risk of uninsured damage to their property, but 

the risk of these damage-related losses also accrue to mortgage lenders and local governments, while 

the risk of insured damages is borne by the federal government via the NFIP. Understanding the 

distribution of this risk provides more useful information for mitigating and managing the financial risk 

of floods and promoting resilience in the wake of these events. The recommendations described below 

are enabled by this more highly resolved information on who holds this risk.  

 Across the Neuse basin, property owners retained 44% of the flood-related financial risk, the 

majority due to directly to flood damages, with the remainder coming about as a result of reductions in 
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property value following a flood event.  Given the very low levels of flood insurance uptake across the 

basin, there is a significant opportunity to transfer some of this property owner risk to the federal 

government by encouraging more owners to purchase this insurance via the NFIP. This will require some 

effort from the state as flood insurance coverage is already required of properties purchased within a 

FEMA-designated Special Flood Hazard Area (SFHA) with the help of a federally insured mortgage (i.e., 

most mortgages). Even with these requirements, however, flood insurance policies only have an average 

tenure of 2-4 years, despite an average mortgage loan period of 30 years (Michel-Kerjan, Lemoyne de 

Forges, and Kunreuther 2012).  By both enforcing existing rules and providing additional incentives to 

increase flood insurance uptake by property owners most at risk (i.e. those in the SFHA) considerable 

risk could be transferred from property owners, as well as lenders and local governments, to the federal 

government  Even greater levels of risk transfer to the federal government could come by encouraging 

those most at risk of flooding, but outside of the designated SFHAs, from purchasing insurance via the 

NFIP,, as flood insurance uptake in these areas is even lower than in the SFHA. This would be particularly 

effective in urban and coastal areas that have a history of flooding, but are not within the mapped SFHA 

(Association of State Floodplain Managers 2020; Galloway et al. 2018; National Academies of Sciences, 

Engineering 2019).  

 Increased enforcement of policies that make purchasing flood insurance the default when 

deemed required, such as keeping flood insurance in escrow, would increase insurance coverage within 

the SFHA (Kousky et al. 2020). Multi-year insurance contracts are another proposed solution that are 

projected to increase coverage (Kunreuther and Michel-Kerjan 2010) and satisfy property owners by 

locking in coverage at an acceptable price for longer periods (Kleindorfer, Kunreuther, and Ou-Yang 

2012). Finally, subsidizing flood insurance premiums in at-risk areas would increase coverage for those 

unable to pay premiums out of pocket and would contribute to not only reducing the risk to property 

owners, but also to lenders and local governments. If calibrated properly, these incentives could provide 
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a positive return on investment to the state, as some financial risk would be shifted to the federal 

government via payouts of insurance claims and would provide more immediate relief to improve 

financial resilience in communities that have experienced flooding .  

 Mortgage lenders hold just under 10% of the basin’s flood-related financial risk. The distribution 

of this risk between national lenders and local lenders will clearly be of importance to efforts to 

promote financial resilience in the basin, as local banks are an important source of lending to property 

owners seeking the resources to repair damages.  Distinguishing between local and national lenders 

cannot, however, be determined with existing data, but will be the subject of future investigation.  

Nonetheless, understanding the potential losses accruing to lenders remains necessary to predict 

potential changes to community borrowing capacity and stability of local financial institutions.  

 To protect these parties, post-disaster relief could include policies that help to break the cycle of 

foreclosed properties, including state-administered individual assistance, mortgage relief packages, or 

post-disaster foreclosure moratoriums. For example, after Hurricane Sandy hit New York, FEMA and the 

Department of Housing and Urban Development (HUD) collaborated to provide rental assistance to 

households temporarily displaced by flood damages to their primary residences to ease short-term 

financial stress ((IOM) 2015); mortgage lenders also coordinated foreclosure moratorium policies and 

allowed loan modifications to reduce confusion and financial burden for affected property owners 

(Hurricane Sandy Rebuilding Task Force 2013). The coordination of these programs was facilitated by the 

Hurricane Sandy Rebuilding Task Force and is recommended for future disaster planning as well.  An 

analysis of mortgages at risk of default (those with an LTV > 1), as performed in this work, could aid in 

providing more targeted outreach for post-disaster policies. Further research into the ability of 

mortgage lenders (both local and national), to absorb losses from flood events is recommended to 

prepare these institutions to survive these events and continue to provide borrowing resources to their 

communities in the post-event environment. 
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Local governments hold 22.9% of the financial risk of flooding in the Neuse basin experienced as 

a result of  Hurricane Florence. First, any action that reduces the flood risk of property owners (e.g., 

increased uptake of flood insurance) will reduce the probability of local governments ultimately 

assuming this risk. Additionally, local governments may be able to prevent future flood impacts through 

alternative zoning rules. Requiring and supporting structural mitigation efforts, such as home elevations, 

should provide higher levels of protection for property owners already residing in the floodplain, 

reducing displacement, and encouraging safe neighborhood growth. If development continues in flood 

prone areas, those exposed to the related financial risk continues to grow; if flooded properties are 

repurposed and resold without both appropriate mitigation efforts made to the structure and disclosure 

of flood risk to the new property owner, the pool of property owners at risk is simply refreshed, and 

mortgage lenders and local governments do not gain any protection. Limiting development in current 

and future floodplains in North Carolina is one way to decrease the exposure to flood events and the 

potential of property owner financial risk being passed along to local government through abandoned 

properties. To assess total financial risk accruing to local governments, future consideration should also 

be given to the losses arising from  reductions in the property tax base due to lower post-event property 

values, damages to local infrastructure, business disruptions, and the potential long-term effects of 

blight. 

As the results presented from this analysis are specific in space and time, they should not be 

used as predictive of future impacts; continued work, however, may be able to diagnose appropriate 

areas for specific interventions. 
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Implementation Actions 

1. Flood insurance, essentially all of which is provided by the federal government via the NFIP, is the 

primary tool for managing financial risk of flood-related damages for property owners. Managing risk at 

this level also provides ancillary benefits to reduce risk for lenders and local governments, improving 

resilience of the entire community. Nonetheless, flood insurance uptake in North Carolina remains very 

low. The state should target communities at risk to encourage insurance uptake through both education 

and provision of incentives, such as funding to assist property owners in paying NFIP premiums to cover 

future damages. The analysis described in this work can inform which counties, neighborhoods, or even 

individual properties should be targeted to impact the areas most at risk, allowing for a more effective 

use of state funds. 

 (Priority: High, 1-2 years) 

 

2. Regardless of any achievable increase in flood insurance uptake, uninsured damages continue to be a 

reality in North Carolina. The state should initiate renewed efforts to develop pre-disaster mitigation 

plans via a “portfolio” approach that includes multiple strategies, including infrastructure (e.g., flood 

control, property elevation), buyouts of at-risk properties, zoning policy and financial instruments (e.g., 

flood insurance, disaster-based reinsurance). This planning process will benefit significantly from more 

highly resolved estimates of flood-related financial risk, including who bears the risk and where they are 

located.  

 (Priority: High, 1-2 years) 
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3. The impacts of severe flood events on property value and the ability of property owners to pay their 

mortgages represents a longstanding, but thus far unquantified source of risk to both lenders and local 

governments. The levels of home abandonment and neighborhood blight in New Orleans following 

Hurricane Katrina serve as a stark warning of the devastating and long-term community impacts that can 

result. Any flood-related uptick in mortgage defaults can reduce the ability of local lenders to provide 

capital for repairs to damaged properties, lowering community post-flood resilience. A rigorous and 

detailed assessment of neighborhoods at highest risk of flood-related mortgage default should be 

conducted to identify which areas and lenders are most threated, and to inform actions designed to 

mitigate this risk (e.g., property buyouts, lines of credit to vulnerable banks).  

 (Priority: Medium, 3-5 years) 

 

4. Development in floodplains and reselling of flood damaged properties continues to expose property 

owners, mortgage lenders, and local governments to financial risk from future flood events. Planning 

efforts that reduce development in areas most at risk of flooding (e.g., flood plains) that decrease the 

financial risk of these events should be pursued at the local, county, and state level. 

(Priority: Medium, 3-5 years) 

 

Accurately estimating damages post-disaster is difficult to quantify, and related data is often scattered 

and disorganized. Nonetheless, this information is critical to the development and execution of post-

disaster recovery efforts.  The more highly resolved these estimates are with respect to who has been 

impacted and how severely, the more targeted and effective recovery efforts will be. The state should 
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therefore increase efforts to identify areas and parties at greatest risk from flooding and set up systems 

to collect and rapidly disseminate post-flood damage information to inform targeted resiliency efforts. 

 (Priority: Medium, 3-5 years) 

 

6. Many parts of North Carolina including urban areas and communities in some western parts of the 

state are largely unfamiliar with flood events but may be at greater risk in the future. A more 

comprehensive assessment of statewide flood risk and the attendant financial risk would give state 

agencies a better understanding of risk and improved ability to assess the feasibility of a range of risk 

management actions. . Additionally, greater specificity with respect to who holds flood-related financial 

risk should be identified to inform preparation and mitigation strategies. 

 (Priority: Low, 5-10 years) 
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APPENDIX 

Table 3: Hurricane Florence flood risk profiles in counties contained by the Neuse watershed 

Area 
NFIP 

($MM) 

Property 
owners 
($MM) 

Lenders/Banks 
($MM) 

Local governments 
($MM) 

Total Risk 
($MM) 

Carteret 6.32 5.36 2.70 11.30 25.68 
Craven 205.93 343.36 80.42 91.02 720.72 

Durham 0.77 3.91 0.95 0.00 5.63 
Greene 0.00 0.02 0.00 0.00 0.02 

Johnston 0.07 0.40 0.04 0.58 1.08 
Jones 18.54 13.72 3.53 21.92 57.70 
Lenoir 25.58 16.08 5.18 1.34 48.18 

Pamlico 63.21 175.92 17.45 166.94 423.53 
Pitt 0.00 0.01 0.10 0.06 0.16 

Wayne 0.51 0.92 0.12 0.98 2.53 
Wilson 0.03 0.28 0.04 0.36 0.71 

Neuse (basin-wide) 320.95 559.98 110.52 294.50 1285.95 
 

 

 

 

 



39 
 

Random Forest classification model ROC Curve: 

 

Random Forest model variable importances:  
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Variable names key: 

FFE: First floor elevation 
Distance_to_coast, _stream: distances to coast/stream 
FLD_ZONE: NFIP-designated flood zone 
HAND_avg: parcel-averaged height above nearest drainage (HAND) 
IMP_SF (4): impervious surface coverage in areas surrounding parcel. 
Ksat(3; high, mid, low): hydraulic soil conductivity of parcel 
BLDG_VALUE: tax-assessed building value 
BUILD_TYPE: building materials. 
FOUND_TYPE: foundation materials/type. 
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