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Introduction

Economists frequently estimate models using large databases built by combining information
from a number of separate sources. Utilizing a variety of data sources can increase the
likelihood that a key independent variable in the econometric model suffers from missing
data. The decision on how to handle observations with missing data is critical for the
reliability of a model’s results.
Missing data can broadly be categorized into one of three cases (e.g. Little and Rubin
[2020]). If the data are Missing Completely at Random then a researcher can proceed with
a complete case analysis of observations that have no missing data. The complete case
sample is a random subsample and can provide consistent estimates for parameters in the
full sample.
If the data are Missing at Random then the missing observations are random conditional
on the other covariates. A model estimated on the complete case sample can provide consistent parameter estimates for the population of the selected subsample. However, these
model estimates will generally be inconsistent for the population in the full sample (e.g. Rubin [1976]). The typical Missing at Random approach for a researcher interested in testing
hypotheses about the entire sample population is to impute the missing information, run a
battery of diagnostic checks, and then to estimate the model of interest on the full sample
(e.g. Abayomi et al. [2008]). A critical step is for a researcher to specify the selection equation used to impute the missing values.1 It is not possible to know for certain whether the
selection equation is specified correctly, unless the researcher has access to external information regarding the true selection mechanism (e.g. Raghunathan [2016], p7). Economists are
often skeptical of imputation as an approach to correct for missing data due to concern over
misspecification of the selection equation (e.g. Hirsch and Schumacher [2004]; Bollinger and
Hirsch [2006]; DiNardo et al. [2006]).
Missing Not at Random is the third missing data case. The observations with complete
data are a selected subsample and the selection mechanism is unknown. Parametric and
semi-parametric models of the selection process are common approaches to address missing
data when the missing data mechanism is Missing Not at Random, or when the researcher
is not comfortable assuming a Missing at Random mechanism (e.g. Vella [1998] provides
a review). The popularity of these models follows from the fact that they can provide
consistent estimates for the entire sample, while only having complete data on a selected
subsample. The Heckman Selection Model, for example, is a standard approach to account
1

A pattern mixing model is an equivalent way to characterize the missing data (Carpenter and Kenwood
[2013], p17).
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for nonrandom selection when there is missing data for the dependent variable in the model
of interest (e.g. Heckman [1976]).2
This paper makes three main contributions. First, we follow the recent applied statistics
literature and show that a Heckman Selection Model can be used as part of a data imputation
procedure to estimate missing values for an independent variable under an unknown and
potentially nonrandom selection mechanism (e.g. Galimard et al. [2016]; Ogundimu and
Collins [2019]; Gomes et al. [2020]). Imputation using a Heckman Selection Model addresses
the concern that perfect knowledge of a fully specified selection equation may be unrealistic.
Instead, the model relies on an exclusion restriction, whereby a variable is included in the
selection equation, but excluded from the model of interest. Valid imputation depends on
correct specification of the exclusion restriction. To our knowledge, we are both the first
economics study to apply this imputation method, and the first to apply this method to a
panel data model with unit fixed effects. The challenge in estimating a Heckman Selection
Model with unit fixed effects is bias due to the incidental parameters problem. Fernandez-Val
and Vella [2011] provide a formula to correct for this bias. We demonstrate the imputation
approach via simulation and through the reanalysis of Gasper and Reeves [2011], a highly
cited study on retrospective voting.
The second contribution is that we show that the Spatial Hazard Events and Losses
Database for the United States (SHELDUS) suffers from a severe and poorly understood
missing data problem. SHELDUS is a popular data source for researchers examining questions related to natural disasters in a number of fields, including economics (e.g. Barrot and
Sauvanat [2016]), finance (e.g. Bernile et al. [2017]), and political science (e.g. Gasper and
Reeves [2011]). The widespread use of SHELDUS is likely due to the paucity of alternative
weather damage databases. We are not aware of another public database that combines the
spatial detail (county), observation frequency (monthly), and long time horizon (60 years).
We show that the missing SHELDUS observations are not Missing Completely at Random. Failure to account for the missing weather damage data will likely result in biased
model estimates. We demonstrate that a data imputation procedure using a Heckman Selection Model offers a flexible way to account for the SHELDUS missing data problem. We
leverage the organizational structure of the National Weather Service field office reporting
zones, and historical changes to this structure, as the basis for an exclusion restriction. Our
application shows how researchers studying any topic can continue to use the SHELDUS
database, while avoiding bias due to selective non-reporting.
Our third contribution is our reanalysis of Gasper and Reeves [2011], a seminal study on
2

We model the selection process following Heckman [1976], and for the ease of exposition refer to this
selection model as the Heckman Selection Model throughout the paper.
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voting behavior that relies on the weather damage information from SHELDUS. Models of
voting behavior often assume that the electorate is retrospective (e.g. Key [1966]; Kramer
[1971]; Persson et al. [1997]). A large empirical literature examines how voters evaluate
political performance and react to different types of information when considering an incumbent politician (Anderson [2007] and Healy and Malhotra [2013] provide reviews). Whether
voters hold incumbents responsible for random events outside of their control, or only for the
political response to these events, is a key topic in the literature. Gasper and Reeves [2011]
(hereafter GR) are among the first to use weather damage and the political response to the
damage as a quasi-experiment to examine retrospective voting. Random weather damage
allows for a causal interpretation for both the exogenous damage and the subsequent political actions on the reelection vote share. The appeal of using extreme weather events as
a quasi-experiment has spawned a sub-literature on retrospective voting (e.g. Healy and
Malhotra [2009]; Bechtel and Hainmueller [2011]; Cole et al. [2012]; Chen [2013]; Fair et al.
[2017]; Heersink et al. [2017]; Nyhan [2017]).
GR examine US gubernatorial and presidential elections from 1970-2006. The authors
find evidence of a “responsive” electorate, whereby greater weather damage in the months
before an election leads to larger reductions in the county vote share for incumbents. The
authors also find evidence of an “attentive” electorate. Voters appear attentive to the actions
of politicians, even when these actions do not change the outcome. The authors conclude
that, overall, the negative vote share impact of a natural disaster “is dwarfed by the response
of attentive electorates to the actions of their officials” (p1).
Critically, GR assume that all of the counties with missing SHELDUS weather damage
observations incurred no damage in those months. This assumption is not valid and in
sharp contrast to best practices on how to handle missing data. We allow for the nonrandom selection of the reported weather damage in SHELDUS in our reanalysis of GR. The
findings of GR are mostly reversed once accounting for the missing data. On balance, the
negative vote response of the electorate to weather damage either cancels out or outweighs
the positive, attentive influence attributed to the post-disaster actions of a politician.

2

SHELDUS Weather Damage

SHELDUS is a loss and hazard database currently maintained by the Center for Emergency
Management and Homeland Security at Arizona State University. The database website
lists more than one hundred academic publications that use SHELDUS weather damage
information. These include studies published in top general interest economics, finance, and
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political science journals.3
The primary source for SHELDUS is the National Centers for Environmental Information
(formerly National Climatic Data Center) monthly Storm Data publications. A critical
feature of the Storm Data publications is that the weather damage information is voluntarily
reported by regional National Weather Service (NWS) offices. One consequence of the selfreporting is that the monthly Storm Data publications, and by extension SHELDUS, are
susceptible to unreported (i.e. “missing”) data. In fact, the Storm Data publications include
the following disclaimer: “due to difficulties inherent in the collection of this type of data,
it is not all-inclusive” (Storm Data 1995, p2). Gallagher [2014] was among the first to point
out the severity of the missing data problem.
Table 1 shows SHELDUS statistics for a sample of counties and months from 1972-2004.
The sample matches the panel months used in Gasper and Reeves [2011], and includes
observations from May-October for all US counties for the nine presidential election years
during this period. The table illustrates the magnitude of the missing data problem. Threequarters of the SHELDUS database in our sample contain missing observations. The only
thing we know for sure is that no regional NWS office reported damage information to the
National Climatic Data Center during these months for these counties. The second panel
in Table 1 considers “yearly” observations for each county, where each year is comprised of
the six sample months. GR sum the six months each year in their county by year panel.
Fewer than 1% of the counties have non-missing weather damage reported in SHELDUS for
each month during the year. Approximately, one-third of the counties contain only missing
weather damage during the year.
The table also provides initial evidence for why it is incorrect to assume that counties
with missing weather damage incurred zero dollars in damage. Zero dollars in damage is
reported in SHELDUS. Twelve percent of all non-missing observations in the sample report
zero dollars in damage. Moreover, 20% of the counties that have a mix of missing and nonmissing observations for the year report at least one month with zero dollars in damage.
Overall, more than two-thirds of the counties in the sample report at least one month with
zero dollars in damage.
Table 2 uses administrative data from the Federal Emergency Management Agency
(FEMA) to confirm that missing weather damage information in SHELDUS should not
be interpreted as zero dollars of damage. The FEMA damage information includes grants to
cities to repair public infrastructure caused by a natural disaster and grants to individuals
3

See for example, Barrot and Sauvanat [2016] in the Quarterly Journal of Economics, Bernile et al. [2017]
in the Journal of Finance, and Gasper and Reeves [2011] in the American Journal of Political Science. Refer
to the SHELDUS website for a complete list.
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with verified losses due to a disaster. The disaster grants are authorized by a Presidential
Disaster Declaration. The Presidential Disaster Declaration system is a formalized process
to request and receive federal assistance following large natural disasters. Disaster declarations occur at the county-level. A governor of a US state that experiences a natural disaster
requests a Presidential Disaster Declaration in a written letter to FEMA. The letter must
contain a list of proposed counties and preliminary damage estimates. FEMA then makes
an official recommendation to the US president, who decides whether or not to grant the
request. There is no damage threshold for a Presidential Disaster Declaration. However, the
aim is to assist with “acts of God” that are of “such severity and magnitude that effective
response is beyond the capacities of the state and the affected local governments” (Daniels
and Trebilcock [2006]).
We compare the county-specific FEMA disaster information to SHELDUS for counties
with a Presidential Disaster Declaration. We received the FEMA damage information via a
Freedom of Information Act Request and though the FEMA website. The appendix provides
further details. FEMA reports disaster damage and SHELDUS reports no information for
40% of the county-months in the FEMA-SHELDUS overlap sample. If we allow for the
possibility that the disaster damage was reported in either the month of the declaration
or the previous month (possible due to a lengthy delay in declaring a disaster), then there
is no information in SHELDUS for 25% of the county-months in the overlap sample. The
FEMA administrative data cover a subset of the Presidential Disaster Declaration sample
(1990-2004) and is heavily skewed towards more recent disasters. The missing SHELDUS
weather damage information during this time period is all the more striking as we might
expect recent SHELDUS reporting to be more reliable due to modernized computer systems
and improved NWS communication within the organization.4

2.1

SHELDUS Damage is Not Missing Completely at Random

Missing damage information in SHELDUS does not imply no damage. Still, the purpose
of Storm Data is to promulgate information related to weather events. The publication
typically includes several sections and follows a similar format each month. For example,
the first section in the May 1992 issue provides an overview of the national weather during
the month (Storm Data 1992). The second section highlights salient storm events. The
third section, “Storm Data and Unusual Weather Phenomena,” lists county-level damage,
4
The latter portion of our sample is after NWS “modernization” which NRC [2012] summarize as: “[Leading to] greater integration of science into weather service activities and improved outreach and coordination
with uses of weather information [...] The modernized NWS was achieved through the development and
deployment of new observational and computational systems and redefining the NWS field office structure
to best utilize the investment in the new technologies” (p.vii).
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the number of persons killed, and the number of persons injured, as reported by the regional
NWS offices to the National Climatic Data Center.5 The NWS offices may be more likely to
report damage information to the National Climatic Data Center when there is a larger storm
that causes damage to one or more counties in their reporting region. Table 1 suggests that
this is indeed the case, as 88% of non-missing damage observations report positive damage.
Table 3 shows estimation results from a linear probability model that investigates the
likelihood that a county is missing damage information in SHELDUS for a particular month.
We consider the same 1972-2004 sample of counties as in the Table 1 and estimate three model
specifications. Each specification includes four weather event variables and four demographic
variables. FEMA is the source of the weather information and the demographic data are
from the US Census.6 The first column estimates a model that includes year fixed effects
to control for common yearly factors that may impact reporting, and month fixed effects to
control for seasonality. The second column adds county fixed effects to control for county
characteristics that are constant over the panel (e.g. whether a county typically receives
a lot of rain, boarders the ocean, or is located in a high tornado risk region). The third
column adds NWS forecast zone fixed effects. We argue below that these NWS forecast
region indicators satisfy the Heckman model exclusion restriction and can be interpreted
as exogenous predictors for whether damage information is missing for a county during a
particular month. Standard errors in the model are clustered at the state by year level to
allow for spatial correlation in disaster declarations and damage.
Weather damage in SHELDUS is not missing completely at random. First, damage
information is less likely to be missing when there is a natural disaster. A county damage
observation is approximately 20 percentage points or 27% less likely to be missing during
the month of a Presidential Disaster Declaration (probability value less than 0.01 in all
specifications), and 10 percentage point or 13% less likely to be missing the month before
a Disaster Declaration (probability value less than 0.05 in all specifications). The latter
correlation is explained by the fact that there is sometimes a delay in declaring a disaster.
Second, damage is less likely to be missing in counties with larger populations and in counties
where residents have higher incomes. Third, the estimated coefficients on the year fixed
effects (not shown) imply that the weather damage is more likely to be missing in earlier
panel years. Fourth, weather damage is less likely to be missing in the summer months
(May-August) then during the fall months (September-October). Finally, as described in
the next section, the NWS forecast zone to which a county belongs strongly predicts the
likelihood that weather damage is missing.
5
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2.2

NWS Forecast Zones Predict Missing SHELDUS Damage

The National Weather Service is responsible for forecasting weather in the US. The NWS
relies on a decentralized organizational structure that includes regional NWS offices and
forecast zones. There were 52 Weather Service Forecast Offices during the first period (1972
- July 1984) of the sample (e.g. NWS [1978]). Each office was responsible for forecasting
weather and reporting on weather conditions in a specific “area of responsibility.” These
areas were often a single state, but sometimes included multiple states, or only a portion of
a state.
Two major NWS structural reorganizations impacted the reporting of weather damage
from 1972-2004. The first reorganization occurred in August 1984 (NWS [1985]). The 52
Weather Service Forecast Offices remained in place, but local forecasts and severe weather
information were now primarily the responsibility of a network of approximately 200 Weather
Service Offices (WSOs). Each WSO covered a single warning area that consisted of a group of
counties. The median number of counties in each warning area was 11. A WSO was responsible for “issuing special and severe weather statements,” warning counties of “impending
severe weather conditions which may cause the loss of life or property,” and “issuing local
statements to keep the public informed of the local hurricane effects” (NWS [1985], p27).
The second reorganization took effect in 1997. Referred to as “modernization and restructuring,” the 1997 reorganization eliminated the Weather Service Forecast Offices and
dramatically reduced the number of WSOs (National Research Council [2012]). Each remaining WSO now covered (on average) a larger county warning area. The median number
of counties in each WSO post-modernization is 23.
The decentralized and changing structure of the NWS offices from 1972-2004 is the basis
of our Heckman Selection Model exclusion restriction. We create indicator variables for the
NWS forecast areas. The indicators are identified in the model from the counties belonging
to each NWS forecast area in the cross section, and from the changes over time to the NWS
office forecast area geographical boundaries. Figure 1 provides an illustrative example. Each
of the three panels covers a different time period. The figure shows the county boundaries
for Indiana and Ohio and for counties in adjacent states that share a NWS forecast area
as a county in Indiana or Ohio. The forecast areas for Indiana and Ohio were essentially
statewide from 1972 - July 1984, with the exception of the northwestern-most county in
Indiana which was part of the Illinois forecast area. The number of forecast areas covering
Indiana and Ohio expanded to 15 from August 1984 - 1996, seven of which included counties
from multiple states. The number of forecast areas was reduced to nine in 1997 following
NWS modernization.
Table 3 column 3 includes the NWS forecast office indicator variables as explanatory
7

variables in the missing weather damage linear probability model. The NWS indicators
strongly predict whether damage information is missing in SHELDUS. The model specification that only includes the NWS indicators (not shown) has an R-squared statistic of 0.093.
This simple model can explain about 50% more of the variation in the missing weather data
than can the specification that includes the eight weather event and demographic variables,
along with year and month fixed effects (Table 3 column 1). Adding the NWS indicators
to a specification that already includes county fixed effects still explains substantially more
variation in the missing weather data (Table 3 column 3). The F-statistic from a hypothesis
test that each NWS indicator has an estimated coefficient equal to zero is 7.53.7
The second requirement is for the NWS indicators to satisfy the exclusion restriction.
The NWS indicators are based on geography. The inclusion of county fixed effects in the
model is potentially critical for the validity of the exclusion restriction as there is spatial
correlation in weather damage. For example, some counties have higher historical tornado
risk. The county fixed effects control for any constant geographic correlation in weather
damage at a finer geographic unit than the NWS indicators. The assumption is that there
is no correlation between weather damage and the NWS indicators beyond the geographic
correlation captured by the county fixed effects.
The exclusion restriction is similar to Barnighausen et al. [2011] who use interviewer
identity as a predictor for whether an individual will agree to a HIV test as part of a health
survey. Interviewers are randomly assigned geographically and some interviewers are more
persuasive at convincing individuals to complete the test. Interviewer characteristics such as
gender and charisma correlate with the likelihood that an interviewee agrees to a HIV test,
while having no direct impact on the test outcome. However, since some geographic regions
have higher underlying levels of HIV infection in the population it is important to control
for geographic fixed effects.

3

Imputation using a Heckman Selection Model

It is not possible to know for certain whether the selection equation is specified correctly, unless the researcher has access to external information regarding the true selection mechanism
(e.g. Raghunathan [2016], p7). Unknown factors that are omitted from the selection model
could invalidate the Missing at Random (MAR) assumption. The statistics literature emphasizes the critical role of imputation diagnostic checks (e.g. Abayomi et al. [2008]; Nguyen
7

A traditional F-test assumes that all observations are independent. The default in the statistical software
Stata is to use the number of clusters less the number of regressors as the denominator degrees of freedom.
When we assume that all observations are independent the F-statistic is 22.17.
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et al. [2017]). For example, if the MAR assumption is valid, then the distributions of the
non-missing observations and the imputed (missing) observations for a variable should be
similar, conditional on the other variables included in the selection equation. Still, diagnostic
checks can only provide evidence that a MAR selection mechanism is reasonable given the
observed data and can not rule out that the data are Missing Not at Random (MNAR).
Data imputation using a Heckman Selection Model has two attractive features. First, the
Heckman Selection Model, and the parametric and non-parametric selection model literature
more broadly, is already an established approach to account for non-random selection when
there is missing data for a dependent variable (e.g. Heckman [1976]; Vella [1998]). The recent
innovation in the applied statistics literature is to use the model as part of an imputation
procedure to address missing data for an independent variable (e.g. Galimard et al. [2016];
Ogundimu and Collins [2019]; Gomes et al. [2020]).8 This allows the model to be applied to
a wider range of settings involving missing data.
Second, provided the Heckman Selection Model assumptions are satisfied, then imputation is valid under both MAR and MNAR selection mechanisms. Correct specification of
a MAR selection equation is no longer the central challenge. Instead, the credibility of the
imputation procedure hinges on the validity of the exclusion restriction. In other words,
use of a Heckman Selection Model is a move towards a more “design-based” imputation approach that does not attempt to specify the “true” selection mechanism, but rather focuses
on credible modeling of a single causal relationship (Angrist and Pischke [2017]).
Researchers have highlighted the difficulty in finding an instrument for the probability of
missingness that satisfies a selection model exclusion restriction (e.g. Bushway et al. [2007];
DiNardo et al. [2006]; Lee [2009]; Kline and Santos [2013]). This difficulty is one motivation
for a literature that introduces approaches to bound how the missing values impact a model’s
estimates (e.g. Horowitz and Manski [2000]; Lee [2009]; Kline and Santos [2013]). For
example, Lee [2009] develops a method that does not require an exclusion restriction and
provides worst-case scenario bounds based on trimming the outcome distribution. However,
this bounding method is not directly applicable when the missing data are for an independent
variable in a model.

3.1

Selection Model

Equation 1 is our model of interest and matches the GR model that we reanalyze in Section 4.
∗
Ycm is the dependent variable for county c during month m. Xcm
is a key independent variable
8

Little and Rubin [2020] discuss the Heckman Selection Model as a method to address MNAR missing
data for the dependent variable, but write that the approach “could also be used to model a predictor
variable with missing values” (p362).
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that is only partially observed in the panel. We refer to this variable as having missing
observations. In our reanalysis of GR, Ycm is the two-party (Democrat and Republican)
∗
is SHELDUS weather damage.
Presidential vote share and Xcm
∗
Ycm = θXcm
+ Wcm β + αc + γt + ηcm

(1)

Wcm are a vector of covariates. θ and (potentially) β are parameters of interest in the
model. αc are county fixed effects that control for county characteristics such as location and
topography. γt are year fixed effects that control for changes in county voting preferences
over time. ηcm is an error term.
Equations 2 and 3 follow the standard selection model setup (Heckman [1976]). Equa∗
is observed and equal to
tion 2 is a model for Xcm . Equation 3 is a selection model. Xcm
Xcm when Scm ≥ 0, and missing otherwise (if Scm < 0).
Xcm = Wcm β x + αc + γt + cm

(2)

Scm = ωYcm + Wcm β s + Zcm δ + αc + γt + υcm

(3)

Wcm , αc , and γt are included in both equations.9 Ycm is included in the selection
equation. If the coefficient on Ycm is zero (and the error terms cm and υcm are uncorrelated),
then a complete case analysis using Equation 1 will provide consistent model estimates for
the full sample (e.g. Little and Zang [2011]). We return to this point when interpreting the
results in Section 4.
As we describe in the next section, Equation 2 is the basis for a MAR imputation procedure. Imputation will lead to consistent parameter estimates provided the right hand side
variables account for all of the sources of selection (modeled in Equation 3) that also affect
the value of Ycm . Parameter estimates in Equation 1 will be inconsistent if the imputation
model is misspecified so that the correlation between cm and υcm is not equal to zero.
∗
A critical factor when imputing the missing Xcm
observations is to allow for the same
underlying variance-covariance structure from the economic model (Equation 1) in the imputation model (e.g. Raghunathan [2016], p101). When we impute using Equation 2 we also
include Ycm as a covariate on the right hand side.
The NWS forecast zone indicators, Zcm , are excluded from Equation 2 and allow for
identification in the selection model without relying on the functional form assumptions.
The exclusion restriction is valid if the NWS indicators are predictive of weather damage
9

For simplicity we use the same notation for the county and year fixed effects in Equations 1 - 4. The
estimated coefficients (which are not of primary interest) can vary between models.
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information being voluntarily reported to a national office for a county, and uncorrelated
with the actual level of damage (after controlling for fixed county characteristics).
Heckman [1979] shows that potential bias from estimating Equation 2 on the selected
sample can be reformulated as an omitted variable problem. The sample selection problem
can be solved using a 2-step estimation procedure. First, estimate the selection equation
on the full sample using a probit model and calculate the estimated Inverse Mills Ratio.10
Second, estimate a version of Equation 2 that also includes the estimated Inverse Mills Ratio.
Until recently, the incidental parameter problem precluded the inclusion of unit fixed effects
when running a Heckman Selection Model (e.g. Lancaster [2000]).11 We follow FernandezVal and Vella [2011] who provide a formula to correct for this bias.12
Xcm = Wcm β + ψIM Rcm + αc + γt + cm

(4)

Equation 4 is the same as Equation 2, except that it includes the Inverse Mills Ratio
(IM Rcm ) constructed from estimating the selection equation and applying the FernandezVal and Vella [2011] bias correction. As we discuss below, imputation using Equation 4
(again including Ycm on the right hand side) avoids concerns over misspecification of the
exact selection equation and can improve the credibility of study results that use SHELDUS
damage information. Finally, we also estimate Equation 1 using a lagged dependent variable
model. We replace the county fixed effects in Equations 1-4 with a twice lagged dependent
variable when we impute and estimate the lagged dependent variable model.
10

We make the standard selection model assumptions that (cm , υcm ) is independent of (Wcm , Zcm ) with
mean zero, υcm ∼ Normal(0,1), and linearity of the population regression of cm on υcm . Of note, we do not
need to assume that the error term in Equation 2 is distributed normally (e.g. Wooldridge [2002], p562).
The Inverse Mills Ratio is defined as the ratio of the pdf of the normal distribution to the cdf of the normal
distribution, evaluated using the estimated coefficients from Equation 3.
11
Lancaster [2000] summarizes a seminal paper on the incidental parameters problem by Neyman and Scott
[1948], writing: “A sequence of independent random variables whose probability laws involve parameters of
two types. The first type appears in the probability law of every random variable; the second type appears
in the law of only a finite number, possibly one. Parameters of the first type are ‘structural’; parameters of
the second type are ‘incidental’, in Neyman and Scott’s terminology. In so far as each observation provides
information about the parameters of its probability law, information about the incidental parameters stops
accumulating after a finite number have been taken” (p392). Lancaster [2000] further states that “the
incidental parameter problem is typically seen to arise (only) with panel data models when allowance is
made for agent specific intercepts in a regression model” (p395).
12
Fell and Kaffine [2018] estimate a Heckman Selection Model with unit fixed effects and apply the
Fernandez-Val and Vella [2011] bias correction to study the reduction in coal-fired electricity generation
in the US since 2007. We thank the authors for sharing their Stata script, which we use as a template for
the bias correction portion of our code. Fernandez-Val and Vella [2011] provide example code to implement
the bias correction in MatLab on the website of one of the authors.
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3.2

Imputation using a MAR model

Standard missing data imputation approaches typically assume that the missing data are
MAR (Abayomi et al. [2008]). In our setting, there is a single variable, SHELDUS damage,
with missing information. The observed SHELDUS distribution does not follow a normal
distribution (see Appendix Figure 1). There are no negative values, a discrete probability
mass at zero, and a roughly normal distribution to the right of zero. We use Predictive
Mean Matching (PMM) as part of our imputation procedure. PMM was developed, in
part, to better handle situations where the missing data are not thought to follow a normal
distribution. Our estimation results in Section 4 are similar if we use a regression-based
imputation process that does not involve PMM.
Imputation of the missing data and estimation of the model of interest can be divided into
five steps. First, estimate Equation 2 on the subsample with no missing data. Calculate the
estimated parameter distributions using the coefficient point estimates and the estimated
error variance. Second, create a new dataset by jointly drawing from the parameter distributions in step one, and then using Equation 2 to calculate an imputed value for each
observation. When imputing each observation, an error term is randomly drawn using the
estimated distribution from the first step. Xcm is calculated for each observation regardless
∗
∗
,
is missing. Third, we use PMM. For each observation with a missing Xcm
of whether Xcm
∗
we select the five observations with a non-missing Xcm that have the closest imputed values
∗
∗
to the observation with the missing Xcm
. We then randomly select the actual Xcm
from
one of the five matches to use for the missing observation. Fourth, we estimate the model
of interest (Equation 1). Fifth, we repeat steps 2-4 twenty times. We combine the twenty
estimates for each parameter from step four using Rubin’s rules (Rubin [1987]), which is
essentially an averaging of the coefficients across each imputation.13

3.3

Imputation using a MNAR model

The critical step in the MAR imputation process outlined above is setting the imputation
model. Imputation will (likely) lead to inconsistent parameter estimates in Equation 1 if
∗
Xcm
is MNAR. Estimating a Heckman Selection Model as part of an imputation procedure
relaxes the strong assumption that the researcher has complete knowledge of the selection
∗
equation, and can lead to consistent estimation of Equation 1 even when Xcm
is MNAR.
Specifically, imputation using a Heckman Selection Model replaces Equation 2 in steps one
and two (of the MAR imputation) with Equation 4.
13

The imputation is run in Stata using mi impute.
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Galimard et al. [2016] demonstrate that imputation based on a two-step Heckman Selection Model can provide consistent estimates for the model of interest when the missing
variable is MNAR. We follow Galimard et al. [2016] and expand on their approach in three
ways. First, Galimard et al. [2016] examine a setting where there is missing data for two
variables in the model of interest. The dependent variable is MNAR, while the independent
variable is MAR. The authors use multiple imputation by chained equation, a standard approach to sequentially impute missing data when the data are missing for multiple variables
(e.g. Raghunathan et al. [2001]). We only impute a single variable, but the MNAR variable
is the independent variable in the model of interest. Second, we estimate a Heckman Selection Model that includes unit fixed effects and apply the Fernandez-Val and Vella [2011]
incidental parameter bias correction. Third, we use PMM due to the non-normality of the
∗
distribution.
observed Xcm
An alternative and closely related imputation model is a one-step maximum likelihood
Heckman Selection Model estimator (Galimard et al. [2018]). The one-step estimator is more
efficient (Vella [1998]). Ogundimu and Collins [2019] also show, via simulation, that the onestep model performs somewhat better when imputing than the two-step model, especially
when the variable with missing data is missing completely at random. We use the two-step
model in this study for two reasons. First, we show that the SHELDUS weather damage
variable is clearly not missing completely at random, so there is limited benefit to use he
one-step model for imputation. Second, our model of interest includes unit fixed effects.
Fernandez-Val and Vella [2011] provide a bias correction for the incidental parameter bias
problem when using a two-step model (and not a one-step model).
The appendix provides a simulation-based example of the two-step imputation procedure.
The simulation underscores several points. First, imputation using a Heckman Selection
Model can lead to valid imputations for missing observations when the missing variable is
MNAR. Second, the precision of the imputation is greater when we impute a dependent
variable in the model of interest, rather than when we impute an independent variable.
Third, the imputation procedure performs poorly when we impute on a month by county
panel and then estimate a year by county panel. This finding confirms that, at least in our
setting, it is important for the structure of the data panel used for imputation to match the
panel structure when we estimate our model of interest (e.g. Raghunathan [2016], p101).
Fourth, complete case estimation when there is a MNAR independent variable will provide
estimates that are consistent for the full sample, when the selection equation does not directly
or indirectly depend on the dependent variable (e.g. Little and Zang [2011]).
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4

Reanalysis of Gasper and Reeves (2011)

The early empirical literature on retrospective voting focuses on how the electorate responds
to economic conditions when voting for incumbent politicians or political parties. There
are several shortcomings of using information about economic conditions to test theories
of retrospective voting. These include the often tenuous link between political actions and
economic performance, and the challenge that economic conditions are not randomly assigned
(e.g. Alesina et al. [1993]; Carsey and Wright [1998]; Healy and Malhotra [2010]; Healy and
Malhotra [2013]).
GR use weather damage as the basis of a quasi-experimental research design to separately
test whether voters are (more) responsive or attentive. The causal question of interest is
whether voters reward elected politicians for their actions (attentive electorate), or only
punish politicians for the random state of the world (responsive electorate). That is, do
victims of a natural disaster vote more frequently for presidents and governors who provide
federal assistance?14
GR is frequently cited as compelling evidence for an attentive electorate. GR has been
cited at least 356 times (Google Scholar, July, 2021). A recent survey on retrospective voting
highlights GR as a prominent study on retrospective voting outside the “economic domain”
(Healy and Malhotra [2013], p295). Moreover, one of authors of Gasper and Reeves [2011]
summarizes the findings in an award-winning book, stating: “while voters punish presidents
for the mere occurrence of natural disaster damage, they reward them at much higher levels
when they respond with federal aid” (Kriner and Reeves [2015], p87).15
GR estimate a linear regression model using Equation 5 and a county-by-year panel
dataset.
14

We follow the terminology of GR in our analysis. A responsive electorate is less-likely to vote for
incumbent politicians or political parties following a disaster due to the personal costs of the disaster damage.
An attentive electorate evaluates politicians based on their response to the disaster and, for example, is more
likely to support politicians who help secure federal disaster assistance. Other studies emphasize a more
nuanced view of retrospective voting. For example, Woon [2012] and Healy and Malhotra [2013] distinguish
between two types of attentive voters: reward-punishment (electoral sanction) and electoral selection. Healy
and Malhotra [2010] emphasize that it can be rational for voters to respond to weather damage by voting
against incumbent politicians, for example, if voters are information-constrained and conclude that at least
some portion of the disaster damage is the consequence of political decisions.
15
Appendix Table 1 shows that GR continues to be cited by papers published in top, general interest
political science journals since 2014. For example, Heersink et al. [2017] write that “Gasper and Reeves
[2011] find voters punish incumbent presidents for damage from severe weather but that positive electoral
effects of disaster declarations overwhelm the negative effects of the disaster itself” (p261). The results
have also been widely covered in the popular media, including by CNN, FiveThirtyEight, Solon, and The
Washington Post, as recently as 2017.

14

yct = β1 Damagect + β2 Disasterct + β3 T urndownct + β4 P resV ote(Lag)ct
+β5 P resV ote(2Lag)ct + β5 Incomect + αc + γt + ct

(5)

yct is the dependent variable and measures the incumbent two-party (Democrat and
Republican) vote share in county c in election year t. Special elections are excluded from
the panel. Since elections are held in November, the year subscript t is the same for the
dependent and independent variables in the model even though the disaster damage occurs
before the election. The model is run separately for presidential elections from 1972-2004
and for gubernatorial elections from 1970-2006. The presidential vote share model considers
all presidential elections and does not distinguish between voting for an incumbent president
and the incumbent president’s political party. We focus on a reanalysis of the presidential
model in the paper.
The attentive and responsive electorate hypotheses are captured by three coefficients
in the model. β1 estimates the correlation between vote share and disaster damage, after
adjusting for the political response and the other control variables. A positive coefficient
estimate for β1 is support for the responsive electorate hypothesis. Damagect is defined as
the natural log of the county-level weather damage for the six months prior to the election
per 10,000 county residents.
Disasterct is the number of Presidential Disaster Declarations in the county during the
six months prior to the election. A Presidential Disaster Declaration provides federal assistance to repair public infrastructure, as well as, cash grants and subsidized loans directly
to individual residents. A positive coefficient estimate for β2 is support for the attentive
electorate hypothesis. The source of the Presidential Disaster Declaration information is
FEMA.
T urndownct is the number of denied disaster requests during the six months prior to
the election. A negative coefficient estimate for β3 in the presidential vote share model is
support the attentive electorate hypothesis. One important limitation of the disaster denial
information in Gasper and Reeves [2011] is that the exact counties considered in the denied
requests are unknown. All of the counties in a state have the same value for T urndownct if
there is one or more denied Presidential Disaster Declaration request for the state in the six
months prior to an election. The source of the T urndownct information is the Public Entity
Risk Institute.
The model includes several control variables. Incomect is the median household income
as reported in the last decennial US Census prior to the disaster. P resV ote(Lag)ct and
P resV ote(2Lag)ct are the lagged and twice lagged two-way vote share for the presidential
candidate of the governor’s party in the previous two presidential elections. αc are county
15

fixed effects and control for county-specific factors that are constant over the data panel
(e.g. geography). γt are time fixed effects and control for common yearly factors that
impact all counties (e.g. an economic recession). The model assumes that the classical OLS
assumptions regarding the distribution of the conditional variance of the error term are valid.
No adjustments are made to account for spatial correlation.

4.1

Replication of Gasper and Reeves (2011)

There are three significant limitations to the model estimated by GR. Our focus is on the severe non-random missing data problem inherent in using the SHELDUS damage information.
We also address two other limitations in implementing our reanalysis.
First, there is spatial correlation in the level of disaster damage. Hurricanes, floods,
and other natural disasters can cause tremendous weather damage to personal property
and public infrastructure in counties impacted by the disaster. The correlation in weather
damage is greater between counties affected by the same natural disaster, than it is between
a disaster-affected county and a non-affected county.
There is also spatial correlation in the decision to approve or deny a Presidential Disaster Declaration request. A governor must submit a written letter to FEMA that lists the
proposed disaster counties in the state. The US president approves Presidential Disaster
Declaration requests state by state. Frequently, all of the proposed counties in the governor’s request will be approved or denied federal assistance. Further, due to data limitations
and a coding decision, GR assign all counties in a state a denied disaster request if there is
a denied request for any county in the state. T urndownct is perfectly correlated for counties
in the same state during the same year. Apart from exacerbating spatial correlation, this
coding decision also raises the question of how we should interpret the T urndownct variable.
Only approximately 9% of the counties in a state coded as having a turndown actually had
a denied disaster request during the year.16
The state-by-year spatial correlation in the approval of disaster requests will result in
overly precise estimates for the coefficients in Equation 5, unless the spatial correlation is
accounted for in the model (e.g. Moulton [1986]; Abadie et al. [2017]). We address spatial
correlation by clustering the standard errors at the state-by-year (or state-by-month) level
16

Denied disaster requests, on average, involve a less severe weather event, and generally include far fewer
proposed disaster counties than do approved disaster requests. We obtained the list of proposed disaster
counties from 102 turndowns via a series of Freedom of Information Act requests. The median number of
counties included in a request is two. The average turndown only includes 9% of the counties in a state.
The estimated turndown coefficient in GR is identified off of a group of counties where the vast majority
were never proposed by the governor for federal disaster assistance. More than 90% of the 4,698 turndown
observations in the GR replication (Table 4 column 1) are likely miscoded.
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in our reanalysis.
Second, the preferred model in GR includes lagged values of the county vote share and
county fixed effects. Coefficient estimates for the parameters of interest are inconsistent when
both the lagged dependent variable and unit fixed effects are included as control variables
(Nickell [1981]). The most straightforward solution is to estimate the model with either
lagged vote share or county fixed effects (Angrist and Pischke [2008]). The fixed effect
model is appropriate if we view the unobserved factors that affect voting as being mostly
constant across elections. The lagged vote share model is preferred if there are important
time-varying factors that affect voting preferences. We estimate both models throughout
most of our reanalysis.
In Table 4 column 1 we replicate the preferred presidential vote share model using the
datafile posted by the authors. A disaster declaration in the six months before an election
increases the vote share for the party of the incumbent president by 0.48 percentage points,
while a turndown decreases the vote share by 0.95 percentage points. The weather damage
coefficient is negative. The table reports standard errors (in parentheses) that are robust to
state-by-year spatial correlation. None of the coefficient estimates are statistically different
from zero at conventional significance levels. The standard errors are approximately three to
seven times smaller if we do not allow for the state-by-year spatial correlation (see Appendix
Table 4).17
We show estimation results from the lagged vote share and county fixed effect specifications in Table 4 columns 2 and 3, respectively. The weather damage and turndown
coefficients are somewhat smaller in magnitude in both specifications, relative to column 1.
The disaster declaration coefficient is more stable, but less precisely estimated in the fixed
effect model than in the lagged vote share model.
Table 4 columns 4-6 estimate the same models as columns 1-3, except that we use updated
weather damage information from SHELDUS. Specifically, we recreate the six month countylevel weather damage variable using monthly information from the 2018 SHELDUS (version
16). Using the updated SHELDUS information has little effect on the estimated coefficients
in the lagged vote share and county fixed effect regressions. The monthly damage estimates
from SHELDUS 2009 are (by user agreement) not posted by Gasper and Reeves [2011], and
are no longer available for purchase. We use the updated 2018 SHELDUS information to
17

The coefficient estimates are close to, but not identical to those in GR Table 2 column 3. The reason
is that we correct for two errors in the posted datafile. First, there are 1,852 repeated observations (i.e.
rows of data) in the panel. Each repeated county-year observation has identical information for all variables
as its duplicate. The panel includes 27,894 unique county-by-year observations after we drop the repeated
observations. Second, approximately 5% of the disaster observations are incorrectly coded. We recode these
observations. The Appendix provides more details.
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define the weather damage variable in our reanalysis.
The bottom panel in the table reports the number of disaster and denied disaster request
(turndown) observations. We also list the number of disaster and turndown observations
where the weather damage variable is zero. The weather damage variable is zero if there
is no positive damage information reported in SHELDUS during the six months before the
election. Notably, the weather damage variable is zero for nearly one-third of the disaster
observations and one half of the turndown observations in the Gasper and Reeves [2011]
replication panel (column 1).

4.2

Complete Case Reanalysis

GR estimate their model using a county-year panel. County vote share and income both vary
by year. Disaster damage, the number of Presidential Disaster Declarations, and the number
of denied disaster requests are all summed across the six months preceding the November
elections. The missing damage information is monthly. An important consideration when
imputing missing data is to maintain the same covariate structure in the data for both the
imputation model and the model of interest (e.g. Raghunathan [2016], p101). For example,
in the appendix we show that imputation using a monthly panel can lead to biased coefficient
estimates when the model of interest is estimated on an aggregated, yearly panel.
Table 5 columns 1 and 2 reestimate the GR model using the same data and a countymonth panel. Recall that GR assume that all missing values are equal to zero dollars in
damage. The point estimates are similar to those from the county-year models (Table 4
columns 5 and 6). We use the county-month panel in the rest of the paper, as it facilitates
both complete case and multiple imputation reanalyzes.
Table 5 columns 3 and 4 estimate the GR model using a complete case sample of observations with non-missing SHELDUS damage. The complete case sample is a selected sample
and not representative of the full GR panel. The weather damage estimates are negative,
and substantially larger in magnitude than the estimates in columns 1 and 2. The weather
damage coefficient in column 3 is statistically different from zero (probability value 0.001),
and implies a 1.5 percentage point reduction in the presidential vote share for the disaster
county with the median level of damage. The disaster declaration and turndown coefficients
are marginally statistically significant in the lagged vote share model (probability values
0.083 and 0.064, respectively). However, it is difficult to know how to interpret the turndown coefficient as it is identified at the state level. The vast majority of the counties with
T urndownct equal to one were not actually part of a potential disaster declaration. All three
estimated coefficients are smaller in magnitude and none are statistically different from zero
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in the county fixed effects model.

4.3

Reanalysis after Imputing Missing SHELDUS Observations

Table 5 columns 5 and 6 estimate the model after first imputing the missing weather damage
observations using a MAR imputation model. The imputation model variables include those
in Table 3 column 2, as well as, presidential vote share. We replace the county fixed effects
with variables for the (twice) lagged vote share in the imputation model in column 5. The
weather damage point estimates are negative and of a similar magnitude as to the complete
case estimates, except that they are estimated with greater precision (statistically different
from zero with probability values 0.000 and 0.014, respectively). The disaster declaration
coefficient in the lagged model implies that there is an increase in the vote share for an
incumbent of just over 1 percentage point (probability value 0.008). The disaster declaration
coefficient in the fixed effects model and both turndown coefficients are imprecisely estimated.
Table 5 column 7 estimates a fixed effects model that first imputes the missing SHELDUS
weather damage observations using an imputation model that is robust to a MNAR selection
process.18 The weather damage coefficient estimate is negative, statistically significant from
zero (probability value 0.010), and approximately three times as large as in the GR fixed
effects model (column 2). The disaster declaration and turndown coefficients are imprecisely
estimated and similar to those in GR model.

4.4

Discussion

Recall that GR summarize their results as: “We find that electorates punish presidents and
governors for severe weather damage. However, we find that these effects are dwarfed by the
response of attentive electorates to the actions of their officials” (p1). None of the estimated
weather damage, disaster declaration, and turndown coefficients are statistically different
from zero when we replicate the GR model on the county-year panel, after allowing for the
documented spatial correlation in the disaster declaration process and in the location of
weather damage (Table 4). The GR model coefficients are of a similar magnitude, but more
precisely estimated, when we switch to the county-month panel (Table 5 columns 1-2). The
probability values for the weather damage and disaster declaration variables are 0.038 and
0.081 in the lagged vote share model.
Figure 2 shows the overall estimated vote share impact for disaster counties based on our
estimated weather damage and disaster declaration coefficient estimates in Table 5 columns
18

We do not estimate a lagged dependent variable model, as the Fernandez-Val and Vella [2011] bias
correction is only applicable for unit fixed effects.
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1-6. Each subfigure calculates the implied vote share effect and the 95% confidence interval
for a county with a Disaster Declaration at the 10th, 50th, and 90th points in the weather
damage distribution.19 The composite vote share impact is not different from zero across
the damage distribution in the GR replication (panel A), complete case (panel B), or MAR
imputation (panel C) fixed effects models.
The lagged vote share models tell a different story. The 95% confidence interval is
nearly above zero in the GR replication for those counties in the lower half of the weather
damage distribution. The subfigure in panel A offers weak support for the GR assertion that
attentiveness to the actions of a politician can outweigh knee-jerk voter reaction to random,
negative events. However, keep in mind that most of the weather damage distribution below
the median is comprised of counties that have missing weather damage that is imputed
as zero. There is no evidence in favor of the GR conclusion if we consider the subsample
with non-missing information, or use a model to impute plausible values for the missing
observations (instead of assuming zero). The complete case and MAR imputation lagged
vote share models suggest that the negative weather damage impact dominates for those
counties in the upper half of the weather damage distributions.
19

Specifically, we calculate a t-test for the following linear combination using the weather damage at each
of the damage percentiles after estimating the county-month version of Equation 5: (weather damage * βˆ1 )
+ βˆ2 = 0. The figure plots the coefficient estimates from the t-test along with the 95% confidence intervals.
In panel C, we test the linear combination using the average weather damage across the 20 imputed datasets.
We conduct the t-test for each of the 20 imputations and use Robin’s Rules to combine the estimates.
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Table 1: Missing Weather Damage Data in SHELDUS

I. SHELDUS Weather Damage Data
Total (Percent) Monthly Observations
Missing Observations
Observations Reporting Damage
Reporting Positive Damage
Reporting Zero Damage

167,364
125,680 (75%)
41,590 (25%)
36,604 (88%)
4,986 (12%)

II. SHELDUS Yearly Observations (6 Months May-Oct)
Total (Percent) Observations
Reporting Damage All 6 Months
Missing Damage All 6 Months
Missing and Non-Missing Damage
Zero Damage and Missing Damage
Exclussively Positive Damage and Missing Damage

27,894
241 (0.86%)
8,568 (31%)
19,085 (68%)
3,722 (20%)
15,356 (80%)

III. County SHELDUS Statistics
Total (Percent) Counties
Report Zero Monthly Damage
Never Report Zero Monthly Damage

3,102
2,137 (69%)
965 (31%)

Each weather damage observation in Gasper and Reeves (2011) is the sum of six underlying SHELDUS
monthly observations. Number of monthly SHELDUS observations are equal to the number of county-year
panel observations multiplied by six. We use as the number of county-year panel observations from the
corrected Gasper and Reeves (2011) panels that drop repeat observations (see Appendix Section 2.1). We
use the 2018 SHELDUS (version 16) to calculate the statistics in this table. Gasper and Reeves (2011) use
the 2009 SHELDUS. Appendix Section 1.1 discusses how SHELDUS updates the database over time. Data
sources: Special Hazards and Losses Database for the United States (SHELDUS).
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Table 2: FEMA Damage Information Contradicts Assumption that Missing
Weather Damage Data in SHELDUS Implies Zero Weather Damage
Total Monthly Disaster Observations

3,386

Observations (Percent) with FEMA County-Specific Damage Information:
SHELDUS Missing for Disaster Month & FEMA Reports Damage
SHELDUS Missing for Disaster Month and Previous Month & FEMA Reports Damage
Damage Statistics, Mean (Median):
Natural Log of FEMA Damage per 10,000 Residents
Natural log of SHELDUS Damage per 10,000 Residents

1573 (46%)
624 (40%)
392 (25%)
12.30 (12.25)
10.90 (11.81)

We use the 2018 SHELDUS (version 16) to calculate the statistics in this table. The FEMA damage is
for those disaster counties for which we have both Public Assistance and Individual Assistance data. The
SHELDUS mean and median are taken over all disaster observations with non-missing SHELDUS damage
data. We convert the damage to real 2005$ before taking the natural log per 10,000 county residents. We add
one to each SHELDUS damage observation before taking the natural log. Data sources: Federal Emergency
Management Agency (FEMA), Special Hazards and Losses Database for the United States (SHELDUS).
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Table 3: SHELDUS Weather Damage is Not Missing Completely at Random
Dependent Variable: Pr(Damage Variable Missing)
(1)

(2)

(3)

-0.220
(0.044)

-0.210
(0.047)

-0.204
(0.046)

Disaster Declaration Next Month

-0.134
(0.038)

-0.114
(0.038)

-0.097
(0.041)

Size of Disaster (No. Counties)

-0.001
(0.001)

-.001
(0.001)

-0.001
(0.001)

Turndown

0.032
(0.035)

0.039
(0.034)

0.045
(0.033)

-0.069
(0.022)

-0.037
(0.036)

-0.095
(0.025)

Population Size (log per 1,000)

-0.040
(0.004)

-0.088
(0.031)

-0.055
(0.021)

African American Population (%)

0.001
(0.000)

0.002
(0.002)

0.001
(0.001)

Older Population (%)

-0.005
(0.002)

-0.001
(0.002)

-0.002
(0.001)

X
X

X
X
X

0.065
167,340

0.136
167,340

X
X
X
X
0.173
167,010

Weather Event Variables
Disaster Declaration

Demographic Variables
Median Income (log)

Year FE
Month FE
County FE
NWS Forecast Zone FE
R-squared
Observations

The table estimates
lineartoprobability
for whether
SHELDUS
weather
damage
variable
missing.
Note: Nota able
run a F-testmodel
for many
of thesethe
(either
all IndVars
or NWS
Vars),
as theisF-test
assume
The dependent
variable
equals
one
if
the
monthly
SHELDUS
damage
is
unreported
(missing)
for
a
county
When clustering the test uses the number of clusters in place of (N-k-1) for denominator degrees of fr
and zero otherwise. The 1972-2004 sample is the same as Table 2. Data sources: Federal Emergency
Management Agency, National Weather Service, Public Entity Risk Institute, Special Hazards and Losses
Database for the United States, US Decennial Census.
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Table 4: Effect of Severe Weather and Disaster Assistance on Incumbent
Presidential Vote Share
Replication of Gasper and Reeves (2011)
Damage Data:

SHELDUS 2009

SHELDUS 2018

GR
Replication

Lagged Vote
Share

County F.E.

GR
Replication

Lagged Vote
Share

County F.E.

(2)

(3)

(5)

(6)

Weather Damage

-0.028
(0.032)

-0.021
(0.034)

-0.013
(0.048)

-0.039
(0.030)

-0.028
(0.033)

-0.014
(0.046)

Disaster Declaration

0.483
(0.469)

0.548
(0.393)

0.415
(0.662)

0.503
(0.462)

0.564
(0.387)

0.415
(0.651)

Turndown

-0.949
(0.657)

-0.651
(0.566)

-0.799
(0.937)

-0.963
(0.657)

-0.662
(0.567)

-0.803
(0.938)

X
X
X
X

X

X
X
X

X

X
X

X
X
X
X

X
X

X
X
X

R2

0.816

0.793

0.415

0.816

0.793

0.415

Observations

27,894

27,894

27,894

27,894

27,894

27,894

Disaster

3,132

3,132

3,132

3,132

3,132

3,132

Disaster, No Damage

1,017

1,017

1,017

687

687

687

Turndown

4,698

4,698

4,698

4,698

4,698

4,698

Turndown, No Damage

2,343

2,343

2,343

1,765

1,765

1,765

Specification:

Lagged Vote Share
County Fixed Effects
Income
Year Fixed Effects

(1)

(4)

The bottom panel reports the number of Presidential Disaster Declaration observations and denied Presidential Disaster Declaration observations (Turndowns) where the six month weather damage variable is zero
(i.e. all six months have non-reported information or report zero damage). Standard errors that allow for
state-by-year spatial correlation are in parentheses. Data sources: Federal Emergency Management Agency,
Public Entity Risk Institute, Special Hazards and Losses Database for the United States, US Decennial
Census.
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Table 5: Effect of Severe Weather and Disaster Assistance on Incumbent
Presidential Vote Share
Reanalysis of Gasper and Reeves (2011)
Panel:

GR (Impute Zero)
Lagged Vote
Share

County F.E.

(1)

(2)

Weather Damage

-0.036
(0.017)

Disaster Declaration
Turndown

Specification:

Lagged Vote Share
County Fixed Effects
Income
Year Fixed Effects
Observations

Complete Case
Lagged Vote
Share

County F.E.

(3)

(4)

-0.020
(0.024)

-0.126
(0.040)

0.683
(0.392)

0.411
(0.559)

-0.714
(0.579)

-0.729
(0.854)

X
X
X
167,364

X
X
X
167,364

MAR Imputation

MNAR Imputation

Lagged Vote
Share

County F.E.

(5)

(6)

(7)

-0.047
(0.054)

-0.145
(0.015)

-0.053
(0.021)

-0.058
(0.022)

0.717
(0.414)

0.103
(0.588)

1.057
(0.395)

0.514
(0.414)

0.525
(0.557)

-1.526
(0.824)

-1.369
(1.111)

-0.742
(0.580)

-0.749
(0.856)

-0.750
(0.856)

X
X
X
167,364

X
X
X
167,364

X

X
X
X
41,684

X
X
41,684

X
X
X
167,364

County F.E.

All models use a county-month data panel and cluster the standard errors at the state-by-month level.
Notes:
Columns
1 and 2 estimate the same models as in Table 4 panels 5 and 6, and assume all missing damage
All regression runare
on the
county-month
SE's clustered
observations
equal
to zero.panel;
Columns
3 andat 4state-month
estimate the model on a complete case subsample. Columns
The MAR imputation run in the MI framework: sheldus_impute_fullpanel.do (previously outside of MI here: analytical_model_wImputedValues_mo
5 and 6 first impute the missing damage data using an imputation model that assumes the data are missing
Could update sheldus_impute_fullpanel.do to export the results to the table - should work on next run
at random. Column 7 first imputes the missing damage data using an imputation model that is robust to
GR (Impute Zero) and CC estimates currently calculated in replication_month.do
the
possibility
that the
are not missing at random. Data sources: Federal Emergency Management
MNAR
imputation currently
from:data
sheldus_imputation_heckman.do
Agency, National Weather Service, Public Entity Risk Institute, Special Hazards and Losses Database for
the United States, US Decennial Census.
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Figure 1: Historical NWS Forecast Zones for Indiana and Ohio

1972 - July 1984

August 1984 - 1996

1997 - 2004
The figure shows county boarders for Indiana and Ohio and for counties in adjacent states that share a NWS
forecast area as a county in Indiana or Ohio. The three panels correspond to three different time periods in
our sample. There are minor forecast area changes during the last time period (not shown), but the main
reconfigurations occur between periods. Data source: National Weather Service.
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Figure 2: Overall Estimated Voteshare Impact from Weather Damage and a
Disaster Declaration by Level of Weather Damage
Panel A: GR Replication (Impute Missing as Zero)
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Panel B: Complete Case Sample
Fixed Effects Model
Vote Share
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Vote Share
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Panel C: MAR Imputation
Fixed Effects Model

-2
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Vote Share
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Vote Share
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1

Lagged Dependent Variable Model
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90

10

50
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The figure shows the overall estimated vote share impact for disaster counties based on our estimated weather
damage and disaster declaration coefficient estimates in Table 5 columns 1-6. Each subfigure calculates
the implied vote share effect and the 95% confidence interval for a county with a Disaster Declaration at
the 10th, 50th, and 90th points in the weather damage distribution. Data sources: Federal Emergency
Management Agency, Public Entity Risk Institute, Special Hazards and Losses Database for the United
States, US Decennial Census.

32

