
Appendix 

The classical HEV approach to climatic disasters (described in the main text) is useful to understand why some areas 

suffer greater damages than others, but it does not help to distinguish between pure climatic conditions and decisions 

that result from weighing the tradeoffs of investing in self-protection and allocating more resources in areas prone to 

flooding. Exposure and vulnerability arise from economic decisions of individuals, communities, and governments 

responding to hazard. These economic agents learn over time and invest time and resources in policies and 

infrastructure. They also invest in private and public goods to safe-guard against the repercussions of the weather. To 

clearly define the economic tradeoffs associated with flooding risk, we build upon two economic models that focus 

on the decisions made in the context of weather conditions. 

Kahn (2014) presents his perspective of urban economics regarding climate change adaptation. In his framework, 

households, firms, and local governments have strong incentives to make locational investments and self-protection 

choices to reduce their exposure to flooding. The individuals compare, for every available location, the potential 

earnings (wage level, benefits, profits), the cost of living (land rent), the amenities offered, the risk of flooding 

(associated to a probability of survival or damage to flooding events), and the costs of self-protecting. After comparing 

all their options, individuals choose to locate in the area that maximizes their expected utility or profit. 

In equilibrium, the income and rent are such that all individuals will be indifferent between living in any location 

(Kahn, 2014). The hedonic income and rents will adjust so that locations associated to higher flooding risk and lower 

amenities will pay higher wages and/or feature lower rents. Kahn calls this the “compensating differential”. The risk 

associated with any specific location affects the individual’s survival probability and/or their losses, therefore, rational 

individuals move depending upon their preferences. This behavior can be extended to the industrial sector, in a similar 

way to how new firms enter the market until profits are zero, firms relocate to new locations until expected profits are 

zero. 

Kousky, Luttnmer, and Zeckhauser (2006) take a producer approach regarding private investment in defensive 

measures towards natural disasters, and they add the role of the government as provider of public protection. First, the 

government observes the level of private assets in the local economy and decides the level of protection that minimizes 

the sum of expected losses and the costs of protection. In a second phase, firms (or investors) observe the government 

spending and choose the level of private capital and labor. They propose this setting because they want to focus on 

government spending on protection, such that this spending enters indirectly the private production function.  

The main difference between Kahn and Kousky, Luttnmer, and Zeckhauser models, is the source of self-protection 

against flooding. The former places the responsibility on households, while the latter assigns it to the Government. 

Although, it is also possible for firms to invest on their own protection against floods. An advantage of setting an 

economic model like this, is that we can infer the private and/or public spending on self-protection by carefully 

estimating the parameters in an econometric regression. 

The Theoretical Framework 

Here we propose the following modification to the model of Kousky, Luttnmer, and Zeckhauser (2006), where the 

investment in self-protection affects both, the value of human (labor) losses and the capital losses. The local 

Governments choose the self-protection investment to minimize the expected losses of physical and human capital, 

by accounting for the cost of the investment: 

min
𝑠𝑖𝑡

     𝑝𝐾(ℎ𝑖𝑡 , 𝑠𝑖𝑡) 𝐾𝑖𝑡 + 𝜆𝑝𝑈(ℎ𝑖𝑡 , 𝑠𝑖𝑡)𝐿𝑖𝑡 + 𝐺(𝑠𝑖𝑡)                                           (1) 

where 𝑖 indicates location and 𝑡 specifies the time period; 𝑠𝑖𝑡  is the level of self-protection chosen by local authorities; 

ℎ𝑖𝑡  is the level of hazard determined by the local weather; 𝐾𝑖𝑡 is the level of capital chosen by firms; 𝐿𝑖𝑡  is the number 

of working individuals that decide to live in the location; and the parameter 𝜆 measures the value in monetary terms 

of human lives. The functions 𝑝𝐾(… ) and 𝑝𝑈(… ) represent the proportion of physical and human capital, respectively, 

that is expected to be damaged by flooding. In this setting, the probability functions consider the intensity or magnitude 



of the flooding event that affects capital and human lives (labor). Finally, 𝐺(𝑠𝑖𝑡) is the level of government expenditure 

on flooding protection.  

Firms (or investors) observe the government spending on flood protection and choose the level of private capital and 

labor that maximizes the net profit: 

max
𝐾𝑖𝑡,𝐿𝑖𝑡

     𝜋𝑖 = 𝑓𝑖(𝐾𝑖𝑡 , 𝐿𝑖𝑡) − 𝑤𝑖𝑡𝐿𝑖𝑡 − 𝑝𝐾(ℎ𝑖𝑡 , 𝑠𝑖𝑡)𝐾𝑖𝑡                                        (2) 

where 𝑤𝑖𝑡 is the wage level; and 𝑓𝑖(… ) is the value of the produced goods. Therefore, 𝑤𝑖𝑡𝐿𝑖𝑡 represents the cost of 

labor and 𝑝𝐾(ℎ𝑖𝑡 , 𝑠𝑖𝑡)𝐾𝑖𝑡 is the cost of physical capital. The underlying assumption is that the cost of physical capital 

is given by the depreciation related to weather. 

Property damaged by the flooding at location 𝑖 during 𝑡 can be defined by 

𝐷𝑖𝑡
∗ ≡ 𝑝𝐾(ℎ𝑖𝑡 , 𝑠𝑖𝑡)𝐾𝑖𝑡                                                                     (3) 

where the flooding damages are the result of multiplying the probability that a damaging flooding event occurs 

(function 𝑝𝐾(… ) also considers the damaging intensity of the event) and the size of all physical capital in the 

corresponding community. 

From the first-order conditions of (2), assuming a functional form for 𝑝𝐾(ℎ, 𝑠) = 𝜏0
ℎ

(𝑠+1)𝜏 and 𝑓𝑖(𝐾, 𝐿) = 𝛼𝑖𝐾
𝛼1𝐿𝛼2 , 

and substituting in (3) we obtain 

𝐷𝑖𝑡
∗ = (𝛼𝑖𝛼1)

1
1−𝛼1 (ℎ𝑖𝑡)

𝛼1
𝛼1−1(𝐿𝑖𝑡)

𝛼2
1−𝛼1 (𝑠𝑖𝑡 + 1)

𝛼1𝜏
1−𝛼1                                              (4) 

For convenience, we propose a Cobb-Douglas production function where the total factor productivity varies by 

location, but the output elasticities of capital and labor are fixed across all locations. Meanwhile, the probability 

function assumes a basic level of hazard that can be lowered by investing on self-protection. If the government or 

individuals do not invest in self-protection, the probability of flooding occurrence is 𝑝𝐾(ℎ𝑖𝑡 , 0) = 𝜏0ℎ𝑖𝑡 . The more 

investment on self-protection, the lower the probability of flooding occurrence. Yet, there is always a probability of 

flooding in the location ( lim
𝑠→∞ 

𝑝𝐾(ℎ, 𝑠) = 0). 

In a similar manner to (4) and assuming a functional form for 𝑝𝑈(ℎ, 𝑠) = 𝜓0
ℎ

(𝑠+1)𝜓, human lives damaged by floods, 

i.e. injuries (𝐼𝑖𝑡) and fatalities (𝐹𝑖𝑡), can be defined by 

𝐹𝑖𝑡 + 𝐼𝑖𝑡 ≡ 𝑝𝑈(ℎ𝑖𝑡 , 𝑠𝑖𝑡)𝐿𝑖𝑡 .                                                                      (5) 

By solving for 𝑠𝑖𝑡  from (5) and substituting it into (4), we get 

𝐷𝑖𝑡
∗ = 𝛽𝑖(ℎ𝑖𝑡)𝛽𝐻𝐴𝑍 (𝐿𝑖𝑡)𝛽𝐸𝑋𝑃𝑂(𝐹𝑖𝑡 + 𝐼𝑖𝑡)𝛽𝑉𝑈𝐿𝑁                                               (6) 

where 𝛽𝑖 = (𝜏0)
𝛼1

𝛼1−1(𝛼1𝛼𝑖)
1

1−𝛼1 , 𝛽𝐻𝐴𝑍 =
𝛼1(𝜏−𝜓)

𝜓(1−𝛼1)
, 𝛽𝐸𝑋𝑃𝑂 =

𝛼1𝜏+𝛼2𝜓

𝜓(1−𝛼1)
, and 𝛽𝑉𝑈𝐿𝑁 =

𝜓(1−𝛼1)

𝛼1𝜏
. 

The Econometric Model 

In practice, economic damages are only recorded when they are positive and readily observed/reported. The National 

Oceanic and Atmospheric Administration (NOAA) reports incidents related to storm events and many of them are 

registered with zero damages, even though many of these incidents also required the opening of shelters, helicopter 

watch, and transportation of injured people to hospitals, to name a few. The time loss and use of minimal resources, 

such as fuel, are usually not tracked; these resources are most likely overlooked because they are available to public 

officials regardless of the occurrence of a climatic event.  



In theory, we can define a threshold of minimum value required for economic damages to be reported. Also, there is 

the problem of flooding events with such low intensity that they do not cause any damage: there is an abundance of 

NOAA reports of flash floods that subside in a couple of hours without major concerns.  

So far, we implicitly considered flooding risk as the interaction of positive factors resulting in potential damages, but 

the risk could theoretically be negative. A community with negative flooding risk can be understood as a community 

with a high level of over-preparedness, safeguard, or shelter. This, too, will be important when it comes to specifying 

the econometric model. 

Flooding data is censored because the reports of economic damage are limited to be positive. Communities with no 

reports of economic damage do not necessarily face the same flooding risk. For example, one community located in a 

region where heavy rain is not common, and infrastructure is not constructed to withstand floods vs. another 

community during a rainy season that has systematically invested in technology that reduces the damages in case of 

flooding. Given the censored data, the statistical relationship between flooding damage and risk factors is estimated 

using a Tobit model because not every location suffered positive damage in every period (Wooldridge, 2010).  

The latent variable of property damage (and human damage) is a random variable that can take on negative values. 

Nevertheless, 𝐷𝑖𝑡
∗  is only observed when its value is positive: 

𝐷𝑖𝑡 = {
𝐷𝑖𝑡

∗      𝑖𝑓 𝐷𝑖𝑡
∗ > 0

0       𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
                                                                         (7)  

The econometric model utilizes panel data wherein we observe events at the same location over several time periods. 

However, this can cause some estimation issues. First, a problem arises when many locations are observed with 

relatively few time periods and the dependent variable is censored. The estimation of fixed effects (𝛽𝑖  in equation 6) 

will generate inconsistent estimates as the number of locations increase but the number of observations per location 

remain fixed. If the number of time periods is high enough, this problem can be avoided. Second, the estimation of an 

extremely large set of fixed effects is computationally infeasible in this model.  

A solution to these issues is to estimate the model using the method of trimmed least absolute deviated and trimmed 

least square estimators that Honore (1992) proposes. The Honore method assures consistency of estimators, and it also 

allows to consider an extremely large number of fixed effects without directly estimating them. The downsides are 

that (a) forecasting becomes less precise without those fixed effects, and (b) it does not account for heteroskedasticity. 

The Honore method relies on the idea that flooding property damages in the same region but on different time periods 

are defined by the same local conditions. Therefore, if a region shows a difference in property damage across time, 

then that damage is the result of differences in time-variant explanatory variables, such as HEV (fixed effects do not 

vary by time). The Honore method is convenient because it does not estimate fixed effects for all regions (3,108 

counties in this application of the model) but it assumes a specific form of the stochastic version of equation (6) 

ln 𝐷𝑖𝑡
∗ = 𝛽𝑖 + 𝛽𝐻𝐴𝑍𝐴 ln(ℎ𝑖𝑡) + 𝛽𝐸𝑋𝑃𝑂 ln(𝐿𝑖𝑡) + 𝛽𝑉𝑈𝐿𝑁 ln(𝐹𝑖𝑡 + 𝐼𝑖𝑡) + ln 𝜂𝑖𝑡                    (8) 

where 𝜂𝑖𝑡 is an error factor with 𝐸[𝜂𝑖𝑡|ℎ𝑖𝑡 , 𝐿𝑖𝑡 , 𝐹𝑖𝑡 , 𝐼𝑖𝑡] = 1 such that 𝐸[𝐷𝑖𝑡
∗ |ℎ𝑖𝑡 , 𝐿𝑖𝑡 , 𝐹𝑖𝑡 , 𝐼𝑖𝑡] =

𝛽0𝛽𝑖(ℎ𝑖𝑡)𝛽𝐻𝐴𝑍 (𝐿𝑖𝑡)𝛽𝐸𝑋𝑃𝑂(𝐹𝑖𝑡 + 𝐼𝑖𝑡)𝛽𝑉𝑈𝐿𝑁. Similar to the case of the gravity equation of trade described in Santos Silva 

and Tenreyro (2006), the problem is that the parameters of the log-linearized version described in equation (8) lead to 

biased parameter estimates under heteroskedasticity. The authors point out that data observations describing high 

intensity trade among small and distant countries is not common and, as a result, the dispersion of trade around the 

mean of these type of observations is usually small. Something similar occurs with flooding damages: regions of low 

population and few buildings and households experiencing mild weather tend to have low dispersion around 

𝐸[𝐷𝑖𝑡
∗ |ℎ𝑖𝑡 , 𝐿𝑖𝑡 , 𝐹𝑖𝑡 , 𝐼𝑖𝑡] (such as Wyoming) but densely populated regions with high economic activity and facing 

extreme weather show larger dispersion around the mean (such as Florida and the north east coast). 

We also explored a Poisson Pseudo-Maximum Likelihood (PPML) estimator by assuming that the expected value of 

flooding damages 𝐸[𝐷𝑖𝑡
∗ |ℎ𝑖𝑡 , 𝐿𝑖𝑡 , 𝐹𝑖𝑡 , 𝐼𝑖𝑡] is proportional to the variance 𝑉𝑎𝑟[𝐷𝑖𝑡

∗ |ℎ𝑖𝑡 , 𝐿𝑖𝑡 , 𝐹𝑖𝑡 , 𝐼𝑖𝑡]: 

𝐷𝑖𝑡
∗ = exp(𝛽𝑖 + 𝛽𝐻𝐴𝑍𝐴 ln(ℎ𝑖𝑡) + 𝛽𝐸𝑋𝑃𝑂 ln(𝐿𝑖𝑡) + 𝛽𝑉𝑈𝐿𝑁 ln(𝐹𝑖𝑡 + 𝐼𝑖𝑡)) + 𝜀𝑖𝑡                    (9) 



which can be solved by the set of first-order conditions given by  

∑ ∑(𝐷𝑖𝑡
∗ − exp(𝛽𝑖 + 𝛽𝐻𝐴𝑍𝐴 ln(ℎ𝑖𝑡) + 𝛽𝐸𝑋𝑃𝑂 ln(𝐿𝑖𝑡) + 𝛽𝑉𝑈𝐿𝑁 ln(𝐹𝑖𝑡 + 𝐼𝑖𝑡))) ln ℎ𝑖𝑡 = 0

𝑇

𝑡=1

𝑛

𝑖=1

 

∑ ∑(𝐷𝑖𝑡
∗ − exp(𝛽𝑖 + 𝛽𝐻𝐴𝑍𝐴 ln(ℎ𝑖𝑡) + 𝛽𝐸𝑋𝑃𝑂 ln(𝐿𝑖𝑡) + 𝛽𝑉𝑈𝐿𝑁 ln(𝐹𝑖𝑡 + 𝐼𝑖𝑡))) ln 𝐿𝑖𝑡 = 0

𝑇

𝑡=1

𝑛

𝑖=1

 

∑ ∑(𝐷𝑖𝑡
∗ − exp(𝛽𝑖 + 𝛽𝐻𝐴𝑍𝐴 ln(ℎ𝑖𝑡) + 𝛽𝐸𝑋𝑃𝑂 ln(𝐿𝑖𝑡) + 𝛽𝑉𝑈𝐿𝑁 ln(𝐹𝑖𝑡 + 𝐼𝑖𝑡))) ln(𝐹𝑖𝑡 + 𝐼𝑖𝑡) = 0

𝑇

𝑡=1

𝑛

𝑖=1

 

The problem with PPML is that it is computably infeasible to estimate all fixed effects in one regression. We ran some 

regressions using the PPML estimators by breaking the data observations into 11 contiguous regions across the 

continental US (future research will explore this in more depth). We have also considered using other regional 

breakdowns, such as the Hydrological Unit Maps presented by the U.S. Geological Survey. 

The HEV components of flooding risk are somewhat simplified in the econometric specification of (6), (8), and (9). 

First, the hazard and exposure elements are still in place with respect to the classic model, but they are naively 

represented in the economic model. Hazard is reduced to a measure probability of occurrence but the effect of the 

magnitude of the flooding events and its variance is not explicitly considered. Our exposure measure only accounts 

for the size of the work force, which offers a proxy for the physical property exposed to flooding. The heterogeneity 

of value from the exposed property is ignored in this setting. Finally, the econometric model avoids the direct use of 

a vulnerability variable by instead relying on the number of fatalities and injuries as a proxy. This is problematic 

because shocks explaining human damages (equation 5) may be correlated to shocks in property damages. For 

example, a random shock such as faulty construction that results in building collapse during flooding events would 

translate into both human fatalities as well as property damages. 

To account for these econometric issues, we propose the following corrections. First, we account for the number of 

days when weather was particularly extreme in each community. Capturing the heterogeneous distribution of physical 

capital and their relative location with respect to the areas prone to flooding is not easy either. One possibility is using 

the geo-databases of nightlight from satellite imagery but observing enough variation from year to year might not be 

feasible. Finally, instead of using current fatalities and injuries, we are using historical fatalities and injuries per 

location and the frequency of non-zero damage events. The idea is that previous human damages can serve as an 

instrumental variable because they are related to the current level of vulnerability, but not related to the current 

property damage. 

The issue of spatial autocorrelation remains in this econometric regression. Large flooding events often affect 

contiguous locations at the same time, therefore the error terms of all affected locations by a specific weather event at 

a given period time are correlated. In a somewhat related issue, political boundaries and ecosystem boundaries are 

imperfectly matched. Therefore, hazard varies within large political boundaries but may remain constant across small 

political boundaries; meanwhile, vulnerability and exposure changes drastically across ecosystem boundaries, such as 

watershed regions. If this mismatch of political and ecosystem boundaries does not lead to measurement error (for 

example, incorrectly assigning the hazard of one location to a neighbor location), then the estimators should remain 

unbiased, although not necessarily efficient. 

The first and second stage are inspired by equation (6) but based upon the following econometric specification, where 

the latent variable of the Tobit model in the first stage is given by 

𝑈𝑖𝑡
∗ = 𝛾𝑖 + 𝛾𝑡 𝑡 + 𝛾𝐻 𝐻𝑖𝑡 + 𝛾𝐸 𝐸𝑖𝑡 + 𝛾𝑉1

∑ 𝑈𝑖𝜏

𝑡−1

𝜏=𝑡−3 

+ 𝛾𝑉2

∑ �̃�𝑖𝜏
𝑡−1
𝜏=𝑡−3 

∑ 𝑉𝑖𝜏
𝑡−1
𝜏=𝑡−3 

+ 𝜖𝑖𝑡                                          (10) 

and the second stage by  



𝜑(𝐷𝑖𝑡
∗ ) = 𝛽𝑖 + 𝛽𝑡𝑡 + 𝛽𝐻 𝜑(𝐻𝑖𝑡) + 𝛽𝐸 𝑙𝑛(𝐸𝑖𝑡) + 𝛽𝑉 𝜑(𝑈𝑖𝑡) + 𝜀𝑖𝑡                                         (11) 

The 𝑖 and 𝑡 indicate county and year, respectively; 𝐷 and 𝑈 describe the flooding damages of property and human 

lives, respectively; 𝐻 is the number of extreme days when discharge exceed the highest 5%; 𝐸 refers to housing units; 

𝑉 is the total number of flooding  events and �̃� ∈ 𝑉 is the subset of damaging events; 𝛽𝑖 , 𝛽𝑡 , 𝛾𝑖 , 𝛾𝑡  are the fixed effects 

associated to the county and year; and 𝜀 and 𝜖 are the error terms. The latent variables are marked by ∗ and can assume 

negative values but its value in the dataset can only be positive or zero: 𝑦 = 𝑦∗𝑖𝑓 𝑦∗ > 0; 𝑦 = 0 𝑖𝑓 𝑦∗ ≤ 0. We use 

the inverse hyperbolic sine transformation to avoid negative values on the second stage: 𝜑(𝑥) = 𝑙𝑛(𝑥 + √𝑥2 + 1). 

The E variable refers to the only exposure variable in our model and it measures the interpolated number of housing 

units using data from the American Community Survey (ACS); H refer to the Hazard variable and it measures the 

number of extreme days that a county experience in any given year. Finally, the U variable and the V term correspond 

to the vulnerability variables, and they measure historical accumulation during the previous 3 years of injuries and 

fatalities, and the proportion of damaging flooding events with respect to the total number of flooding events 

(damaging and non-damaging), respectively. We calculate the elasticities in the results section of the main text using 

the methodology proposed by Bellemare and Wichman (2019). 

We use an index of vulnerability in the last term of equation (11) because the simple historical count of human damages 

and damaging flooding events would not have been an ideal measure of current vulnerability. A region or county may 

have experienced no fatalities and injuries and a high number of zero-damage events, but this may have been the result 

of moderate weather and not due to investment in self-protection.  

The historical human damages and the incidence of damaging flooding events are used as instruments of current 

human damages. As mentioned before, the current human damages are correlated with the error term in equation (6) 

and using them directly in the Honore method or PPML would lead to biased estimates. Running the first stage of the 

instrumental variable method in which we control for the number of extreme days and housing units, generates an 

index of vulnerability that better captures true vulnerability. The historical human damages can be a valid instrument 

if the investment in self-protection in the past is correlated to current level of vulnerability but not correlated to the 

current error term. The idea is that self-protection investment is sluggish, and it takes time to change the vulnerability 

of a region. If this is the case, previous fatalities and injuries and the ability of governments to prevent any type of 

damages in the case of flooding are appropriate proxies of current vulnerability. The estimation of these two 

instrumental variables requires a two-stage Honore regression analysis. 

In the first stage, we run a regression where the total number of current fatalities and injuries is the dependent variable 

and the number of extreme days, housing, fatalities and injuries in the previous 3 years, and the incidence of damaging 

flooding events in the previous 3 years are the independent variables. Similar to the case of property damages, human 

damages are also truncated (negative numbers are not computed); also, human damages in different time periods are 

affected by the same local conditions. Therefore, the fixed effects are not estimated directly. In the second stage, we 

calculate an estimated number of human damages using the estimates that result from equation (10) such that the new 

human damages are not correlated with the error term in equation (6). Because the county fixed effects are not 

explicitly estimated in the Honoré method, we calculate the difference between observed and estimated human 

damages by using the HEV coefficients. The expected value of the error term should be zero after subtracting the fixed 

effects. The predicted fatalities and injuries from the first stage estimate some negative numbers, indicating that no 

human damages would occur in those counties. For a clearer approach and to avoid unrealistic interpretations, we 

shifted these predicted values to be only positive (𝑈 + 7.09). 

Exposure of human lives in the first stage (results table of the main text) does not seem to be related to the size of 

the communities, even after controlling for density (units divided by county area; those results are not presented 

here). The number of observations with fatalities and injuries is extremely low (around 2.03% of data entries). 

Therefore, the regression estimates might be capturing occurrence of human damages but not their magnitude. 



Construction of the Econometric Database 

In this section we describe the sources and methodology used to construct the variables described in (10). We start by 

describing the dependent variable, property damage, and then we proceed to describe the explanatory variables. We 

kept the classical classification of variables and describe each variable accordingly: hazard, exposure, and 

vulnerability. 

Property and Human Damages: Flooding damage and vulnerability 

We use the direct property losses (dollars adjusted to 2019 prices) reported by ASU in the Spatial Hazard Events and 

Losses Database for the United States (SHELDUS) to measure overall flooding damage in affected counties. The 

SHELDUS classifies a wide variety of climatic events: tides, avalanches, blizzards, wildfire, tornados, tropical storms, 

among others. We focus on coastal floods, flash floods, and plain floods. Also, SHELDUS distinguishes between crop 

and property damage. We focus only on the latter for several reasons. The first reason is that the exposed wealth of 

crops has a different nature when compared to properties. Second, the spatial distribution of agriculture does not match 

the distribution of the exposure variable used in this study: housing units (see exposure section below). Third, locations 

with an abundance of housing units are very likely to also have smaller areas dedicated to crops. Finally, our proxy 

variable for vulnerability (injuries and fatalities) may be less common in an agricultural environment. 

SHELDUS also provides data regarding the number of fatalities and injuries in each county and year. We use these 

data to calculate the accumulation of human damages in the previous three years. As mentioned before, historical 

human damages seem to be a better measure of vulnerability than current human damages. Especially considering that 

accidents involving humans may contain a large number of unique situations. In this sense, we think that aggregating 

more years is more correlated to the level of preparedness of a county, their policies, and level of organization, and 

less to random unavoidable accidents. This hypothesis is hard to test given the available data. 

We estimated the basic correlation between number of fatalities, injuries, and flooding events (regardless of whether 

they caused damage or not) and flooding damage. The correlation between total number of injuries and fatalities per 

county and year since 1996 to 2020 and total damage (crop plus property damages) is 0.0283. By aggregating all years 

for each county, the correlation between fatalities and total damage is 0.1742; and the correlation between injuries and 

property damage is 0.028. By aggregating all years for each county, the correlation between fatalities and property 

damage is 0.179; and the correlation between fatalities and crop damage is 0.0062. Also, by aggregating all years for 

each county, the correlation between the number of flooding events and property damage is 0.1531 and with crop 

damage is 0.075. The correlations between the vulnerability variables and property damage are systematically higher 

than with crop damage, therefore, we decided to exclude crop damage from this study. 

Correlation All years aggregated by county Not aggregated 

Prop. Damage Crop Damage Total Damage Total Damage 

Injuries 0.0301 -0.0051 0.0281 0.0237 

Fatalities 0.1790 0.0062 0.1742 0.0903 

Injuries and Fatalities 0.0422 -0.0046 0.0399 0.0283 

Zero-Damage flooding events 0.1531 0.0750 0.1623 0.0498 

Table 1. Correlation between the property, crop, and total damages with the number of injuries, fatalities, and number 

of flooding events. 

Table 1 shows the average property damage, number of extreme days, injuries, fatalities, flooding events (including 

the ones that caused no property nor human damages), and the flooding events that caused any kind of damage. 

Compare the States of Arizona and Delaware: in the former State 6.86 flooding events occur on average per year but 

only 3.88 of those events caused human or property damage; meanwhile, in Delaware 5.32 flooding events occur and 

5.10 cause damage. The State that reports the least amount of flooding events is Washington, yet it is not the State 

with lowest property damages. 

 

 



State 
Property 

Damage 

Extreme 

Days 
Housing Injuries Fatalities 

Flooding 

Events 

Damaging 

Flooding 

Events 

Alabama 1,173,368 14.81 30,684 0.01 0.01 1.64 1.12 

Arizona 612,517 10.26 178,998 0.11 0.20 6.86 3.88 

Arkansas 574,793 19.59 16,507 0.04 0.05 2.55 1.52 

California 2,020,197 14.25 230,829 0.08 0.04 2.59 1.48 

Colorado 793,490 15.29 33,821 0.02 0.01 0.96 0.65 

Connecticut 314,970 18.58 181,634 0.02 0.04 3.28 2.76 

DC 1,081,741 20.70 288,225 0.10 0.05 6.05 5.95 

Delaware 1,700,870 20.52 128,912 0.12 0.07 5.32 5.10 

Florida 3,079,102 19.13 127,256 0.01 0.02 1.02 0.63 

Georgia 180,117 15.23 24,191 0.01 0.01 0.52 0.21 

Idaho 117,853 13.18 14,649 0.00 0.00 0.59 0.29 

Illinois 850,622 19.06 49,539 0.01 0.02 2.08 1.67 

Indiana 736,951 20.83 29,318 0.01 0.03 2.17 1.23 

Iowa 1,065,260 20.08 13,115 0.07 0.01 2.56 0.90 

Kansas 212,401 18.82 11,328 0.01 0.01 1.51 1.11 

Kentucky 193,330 17.88 15,276 0.02 0.03 2.10 1.38 

Louisiana 42,300,000 18.79 29,181 0.01 0.02 1.42 0.78 

Maine 549,632 20.17 43,706 0.00 0.01 2.35 1.39 

Maryland 544,229 19.85 119,754 0.06 0.04 4.06 3.68 

Massachusetts 1,311,903 18.84 197,446 0.03 0.01 3.45 1.92 

Michigan 1,695,501 19.73 52,889 0.00 0.01 0.37 0.14 

Minnesota 735,036 20.76 26,030 0.02 0.01 1.00 0.69 

Mississippi 10,200,000 15.35 14,056 0.01 0.01 1.51 0.37 

Missouri 535,367 17.85 27,809 0.02 0.04 2.83 2.46 

Montana 39,973 15.73 8,316 0.00 0.00 0.73 0.65 

Nebraska 219,925 20.95 8,368 0.00 0.00 0.83 0.42 

Nevada 535,055 14.60 65,240 0.02 0.02 1.79 0.47 

New Hampshire 755,702 19.19 59,548 0.02 0.03 2.60 1.14 

New Jersey 62,500,000 19.89 162,903 0.45 0.07 4.33 3.90 

New Mexico 210,566 14.29 26,493 0.02 0.04 1.90 1.02 

New York 2,821,595 19.49 129,431 0.02 0.06 2.92 1.56 

North Carolina 1,017,437 17.64 41,458 0.01 0.04 1.58 1.14 

North Dakota 657,037 21.75 6,065 0.00 0.01 0.85 0.42 

Ohio 1,143,899 21.28 56,160 0.01 0.02 1.90 0.81 

Oklahoma 78,822 18.45 20,414 0.11 0.04 1.76 1.44 

Oregon 404,291 15.36 45,910 0.00 0.01 0.73 0.63 

Pennsylvania 1,834,820 20.09 81,219 0.11 0.04 3.02 1.91 

Rhode Island 1,266,765 19.62 91,344 0.00 0.00 1.62 0.82 

South Carolina 236,555 14.68 43,859 0.04 0.03 1.55 0.74 

South Dakota 67,996 18.93 5,391 0.00 0.00 1.26 1.09 

Tennessee 2,926,704 15.37 28,213 0.01 0.03 1.30 0.75 

Texas 11,900,000 20.30 37,260 0.07 0.07 2.08 1.47 

Utah 891,307 12.55 32,911 0.04 0.05 1.55 1.06 

Vermont 5,725,014 18.99 22,522 0.00 0.01 1.75 0.38 

Virginia 182,944 17.09 24,084 0.01 0.02 1.63 1.37 

Washington 405,363 17.42 72,785 0.00 0.01 0.63 0.34 

West Virginia 981,083 19.00 15,353 0.01 0.05 1.75 0.60 

Wisconsin 838,109 22.72 35,201 0.01 0.01 1.10 0.47 

Wyoming 95,654 18.23 11,027 0.01 0.01 0.82 0.54 

All States 3,286,847 18.25 40,933 0.03 0.03 1.71 1.09 

Table 2. Average 1996-2018 by State of main HEV variables related to flooding risk in the US. 



Gall, Borden, and Cutter (2009) expose some concerns related to the SHELDUS dataset. First, the monitoring and 

collection of data related to natural hazards in general, not only related to flooding, lacks standardized procedures, 

leadership, resources, and political commitment (Cutter et al., 2008; National Research Council, 1999). Second, prior 

work has identified six major concerns about the SHELDUS dataset (Gall, Borden, and Cutter, 2009):  

a. an overrepresentation of flood events due to data collection procedures by the National Weather Service; 

b. uneven coverage with better accounting of losses in recent years; 

c. use of a minimum threshold of what is considered a damaging flooding event and flooding event (as opposed 

of simply rain); 

d. variable criteria across counties to include indirect losses (such as losses related to time delays and traffic) 

e. changes in U.S. county boundaries; and 

f. discrepancies across loss sources and obscure methodology around the criteria used to collect and compile 

data (how losses are computed and the source of the information). 

We present the following arguments in defense of the use SHELDUS dataset. The overrepresentation of flooding 

events and the unclear distinction of what constitutes a flooding event and damaging event is not necessarily an issue 

in our analysis because we are interested in highlighting large damages (especially direct damages) to inform 

policymakers of areas that require special attention. Also, we mainly focus on the past two decades (after 1996) so 

that our database comprises observations with better accounting/measuring from recent years. Also, changes in county 

boundaries are less common during these decades. Finally, the methodology behind the criteria to solve discrepancies 

of loss sources and the associated measurement error is the main issue for our analysis. On the one hand, it is not clear 

how ASU splits damages when more than one county is involved. On the other hand, the accounting of damages might 

be driven by political interests such as when presidential decrees are involved. The validity of our analysis will rely 

on the following assumption: the splitting criteria, measurement error, and resolution of conflicting sources occurs 

randomly across time and space, such that upward (downward) biases of flooding loss in some locations are 

compensated by downward (upward) biases in other locations and within the same location but for different time 

periods. 

Hazard: Water River Discharge 

To measure the hazard of flooding, we use simulations from the gridded hydrology model, Water Balance Model 

(WBM), developed at the University of New Hampshire. The simulation considers the components of the hydrological 

cycle in a grid-based water balance and transport model that represents the vertical water exchange between the land 

surface and the atmosphere and the horizontal water transport along a prescribed river network (Wisser et al. 2010). 

This model is the result of a reconstruction of the 20th century global hydrography. The WBM framework allows for 

a high level of configurability and can capture spatial and temporal trends in hydrological cycle components. The goal 

of their creators was to estimate the impact of the expansion of irrigation and the construction of reservoirs and river 

basins. We use their estimations of water discharge as a proxy of flooding potential. 

Our measure of flooding hazard is based on the maximum daily discharges reported by the WBM model. Because the 

water discharge of the model is spatially distributed on a grid of 30 min resolution, we extracted the maximum daily 

discharge (m3/s) of all grid cells within each county. In practical terms, most of the maximum daily discharge is likely 

related to the biggest river within each county. Although, it is possible that different grid cells are chosen depending 

upon the water intensity during that particular year. Different large river systems within the same county may be in 

constant competition to be selected. Given this methodology, the impact of small rivers that are also prone to flooding 

is associated to the discharge of larger rivers within the same county. 

The thresholds defining extreme days are calculated with respect to the maximum daily discharge. Using all days of 

every year between 1981 and 2018, we estimated the cut in the distribution of maximum daily discharge that would 

separate the 1% highest flows for each county. Then, we proceeded to count the number of days per year when the 

recorded flows exceed this threshold in each county. 

We also gathered readings of daily streamflow from monitoring sites from the United States Geological Survey 

(USGS). In a similar manner to the methodology with the WBM model, we extracted the maximum daily streamflow 



(ft3/s) and calculated the number of days per year when the recorded flows exceed a predefined threshold (highest 1% 

flows in each site). Unfortunately, the USGS information contains a large portion of missing data; as a result we 

decided to not use these data.1 

 

Figure 1. (Left) Estimation of number of extreme days according to records of monitoring sites from the USGS and 

(right) average of number of extreme days associated to each county given the USGS monitoring sites within the 

county borders. 

In the future, we plan to compare these findings to those obtained using data from USGS monitoring sites. 

Unfortunately, there are many gaps in the USGS monitoring database, which prevented us from using it. To account 

for heteroskedasticity and to produce precise value predictions, we would also like to improve the econometric 

estimation by testing alternative specifications and theoretical models and improving the measurement of 

vulnerability. 

Exposure: Housing Units 

To control for exposure of assets to floods, we collected the estimates of total housing units from the United States 

Census Bureau in the American Community Survey (ACS). The number of housing units is assumed to be a proxy for 

work force if we consider the basic theoretical model, but it is also a proxy for physical property exposed to flooding 

damage in the classical model. As a proxy of pure exposure, it does not account for other structures prone to damage, 

such as highways and parks (public goods), as well as business and factories (private goods). As a proxy of work 

force, it does not distinguish households where more than one family member works, nor the distinction between 

skilled and unskilled labor. 

The variation of housing units across years is estimated using the estimation of construction year from the ACS. The 

ACS reports the proportion of housing units that were constructed before 1939 and in every decade since 1939 all the 

way to 2019. Using all the information since 1939 we fitted a curve reflecting the construction rate and interpolated 

the number of housing units in every year between 2001 and 2018 for each county. 

The estimates of housing units are aggregated by voting districts and we split or aggregated them by county. When 

more than one voting district is assigned to the same county (for example, Denver), we merge the housing units 

estimates. When several counties correspond to the same voting district (for example, counties in Wyoming), we split 

the housing units by land area. 

 
1 There are several reasons for the missing data: some missing readings correspond to the winter season when 
many of the rivers are frozen; also, some monitoring sites may be temporarily down for maintenance; it is also the 
case that whenever the USGS considers that the quality of the data is compromised, they may decide to remove 
the readings from their website if quality standards are low. An interesting implication of this missing data is 
related to dry or low flow rivers. Monitoring water scarcity is important for other types of research, but in the 
scope of this study endogeneity concerns arise. Finally, and most importantly, insufficient funding for the USGS 
might be responsible for the missing reports and/or monitoring sites. 



 

Figure 2. (Left) Estimation of total number of housing units per years within CONUS according to the ACS data and 

(right) housing density (units/km2) during 2019 in each county calculated by redistributing the voting districts of the 

ACS dataset into counties. 

Vulnerability: Damaging Events 

Finally, we analyzed the reports in the Storm Events Database from the National Centers for Environmental 

Information at the National Oceanic and Atmospheric Administration (NOAA) and accounted for the total number of 

flooding events and the subset of these events that caused damage during the previous three years in each county. 

Even though all damages reported in SHELDUS are originally reported by NOAA, the SHELDUS dataset ignores 

flooding events that cause no human and property damage. We believe that this information is relevant to our study 

and we added it to the econometric regressions. 

The underlying assumption is that counties are less vulnerable if they were exposed to several flooding events in the 

past but suffered little or no major losses, in economic and human terms. Local governments that have invested in 

defensive measures in the past, experience low human losses and are able to face a high number of events without 

damage. Accordingly, we associate the number of damaging events to the vulnerability of a county. Although, we 

would like to use this information with a different econometric model where the occurrence of damaging events is 

relevant.2 

As a proxy of vulnerability, we use the historic accumulation of damaging events. For the same reason that we are 

hesitant to use the current number of fatalities and injuries as a proxy of vulnerability, we are also using the number 

of damaging events during the previous 3 years. As mentioned before, the underlying assumption is that the number 

of fatalities, injuries, and damaging events in the previous three years reflect how well prepared is a county to confront 

flooding events. If these variables are indeed good proxies of vulnerability, their impact in the past is more useful. 

 

 
2 The main argument is that the number of damaging events has a Poisson distribution because it is very likely to 
observe zero or just one damaging event and less and less likely to observe several damaging events. Is it better to 
assume that the latent variable is the number events that cause positive property damage? This would change the 
econometric specification because we observe both, the number of damaging events and the associated damage 
in dollars. Another estimation option would be to further disaggregate the unit of time into months, instead of 
years. We would like to test these alternative models in the future. 
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