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Extreme Weather Events and Rural-to-Urban Migration

1. Introduction

Climate change has the potential to change the pattern of extreme weather events. It is difficult to
predict the nature of future changes in the frequency, severity or geographical distribution of
extreme weather events, but it is instructive to consider some of the potential consequences of
extreme weather on household migration decisions, based on events in the recent past.

Of course, many developing countries are more vulnerable than the U.S. to physical and
economic damage from these types of shocks. For example, observation in some developing
countries (e.g. Bangladesh) suggests that increasing rates of weather-related disasters have the
effect of driving increasing numbers of rural dwellers off the land and into urbanized areas. This
type of displacement can put considerable strain on a society's resources. Unfortunately, detailed
migration data at a high level of spatial and temporal resolution (and conformable weather data)
for countries like Bangladesh are not readily available.

Instead, we examine six years of annual county-to-county migration decisions in the U.S.
between 2005 and 2010, treating various types of extreme weather events as random exogenous
shocks to the affected counties and their economies. We consider ten types of events: floods,
droughts, hailstorms, heat waves, hurricanes, severe storms, tornadoes, wildfires, wind storms,
and severe winter weather. We are particularly interested in whether rural-to-urban migration
flows are altered systematically in the wake of extreme weather events of different types. Our
data for the U.S. suggest that this can be the case, especially for some types of weather-related

natural hazards.



We explore a variety of specifications for a panel of roughly half a million significant
annual U.S. county-to-county flows. Our models demonstrate that the effects of a number of
different types of extreme weather events in the origin county on county-to-county migration
flows is statistically significantly greater when the destination county is relatively more
urbanized. In many cases, severe weather events increase rural-to-urban flows and decrease
urban-to-rural flows. In other cases, almost all flows are increased by severe weather events (i.e.
wildfires), but rural-to-urban flows are increased by more than urban-to-rural flows. Even in a
developed country like the U.S., therefore, some types of extreme weather events continue to

exacerbate net rural-to-urban migration flows.

a. Literature

An early survey of the literature on the determinants of gross migration between areas in the U.S.
is provided in Greenwood (1975). Much of the research on migration in economics has had to do
with the question of labor mobility. He notes that most such models are “gravity-type” models
where migration is hypothesized to be directly related to the size of the relevant origin and
destination populations and inversely related to distance (e.g. Schwartz (1973)). Other
determinants of migration can include differential rates of regional income growth from the
perspective of individual potential migrants, although income opportunities tend to provide better
explanations of in-migration than out-migration.

Concerning rural-urban migration, Greenwood (1975) describes some evidence that the
unemployment rate in the urban area can serve as an indicator of whether potential rural-urban
migrants will find employment within a given time-period, but notes that some studies have

found unanticipated signs or insignificant coefficients on an unemployment rate variable



(attributed to simultaneity bias).! At the individual level, Nakosteen and Zimmer (1980) consider
the selectivity-bias question in detail, as do Borjas et al. (1992).

The urban economics literature during the 1970’°s was also concerned with the
determinants of migration, for example Graves and Linneman (1979). In the urban economics
view of migration, market rents and wages are assumed to adjust continuously to leave utility
levels essentially constant across space so that any observed wage differentials are compensated
by differences in other amenities.? Climate is considered as a determinant of migration in Graves
(1979) and Graves (1980), although the influence of climate in general as a factor affecting
migration is different from the influence of specific extreme weather events addressed in the
current paper.

Greenwood (1985) emphasizes the effects of growing quantities of micro-data that
permit more refined models of the effects of life-cycle stages on migration for individual
households (e.g. Davanzo (1978), Davanzo (1983)). However, detailed information about place
is censored in most of these datasets (e.g. the PSID), precluding much study of the effects of
locational characteristics on migration. However, he also notes the growing focus on time-series
information about migration, although the decade-long census interval prevents much time-wise
resolution, and the notion that lags in the migration decision process may be important.
However, most of the cited data is inter-country, or at most between four regions of the U.S.

Stark and Bloom (1985) emphasize the potential for micro-data and improved econometric

! Muth (1971), for example, questions whether differential rates of migration are induced by differential growth in
job opportunities or employment, or whether differential changes in employment are induced by differential rates of
in-migration.

2 Greenwood et al. (1991) allow for both equilibrium and disequilibrium in their model of net migration, and find
only minor departures from equilibrium, lending support to the literature where the value of amenities is estimated
from compensating differentials in housing prices and wages.



methods to enhance economists’ understanding of the determinants of individual migration
decisions based on labor market opportunities.

In the regional science literature, Partridge et al. (2012) note that there has been a
significant downward shift in U.S. gross migration rates after 2000 and question whether this is
evidence of an approach to spatial equilibrium. Examining U.S. counties, they find “only slight
ebbing of natural amenity-based migration after 2000 and little slowing of population

redistribution from peripheral towards core urban areas.”

b. Climate, weather, and migration
The impact of climate and weather on migration has been considered for sub-Saharan Africa by
Barrios et al. (2006) and by Marchiori et al. (2012), based on annual cross-country data. The
latter paper estimates that temperature and rainfall anomalies caused a total net displacement of
five million people during 1960 through 2000, and projects that future weather anomalies could
lead to an addition 11.8 million displaced people by the end of the current century.

For Malawi, Lewin et al. (2012) examine whether rainfall conditions influence rural
workers’ decision to move to urban areas or other rural areas. They find that rainfall shocks are
negatively associated with rural out-migration, that migrants choose communities where rainfall
variability and the chances of a drought are lower.’

Concerning droughts, Gray and Mueller (2012) use a household panel dataset from
Ethiopia (1,500 households over 15 years) in a multinomial logit model to examine how different
types of mobility are influenced by proportion of households exposed to drought (where the
effects are heterogeneous by household characteristics). The poor are more severely affected, and

women’s marriage-related mobility is constrained by income losses due to drought. One

3 Still awaiting access to the full article.



important insight is that adverse conditions can reduce mobility by undermining the necessary
resources for mobility.* We find some evidence in our own study to support reductions in
mobility due to extreme weather events that damage assets for many households.

Boustan et al. (2012) examine net migration away from disaster-struck areas during the
1920’s and 1930’s in the U.S., using information on disasters from the American Red Cross and
migration activity using two new panel dataset from Census sources, one tracking individuals
from 1920 to 1930, and another between 1935 and 1940. Using 15,000 randomly selected men
who could be unambiguously matched across census years, they find that, “on net, young men
move away from areas hit by tornadoes but are attracted to areas experiencing floods.” These
authors do not emphasize their results for hurricanes or earthquakes, since there were so few
such events. Other controls indicate that migrants sought warmer winters and cooler summers.’
The main argument in their paper is that public efforts at disaster mitigation may counteract
individual migration decisions, making current residents less likely to move out and prospective
residents more likely to move in. This work reflects the issues examined in Charney (1993), who
reviews the relationships between migration flows and public policy decisions (national policies
such as defense spending, migration subsidies, and intergovernmental transfers, and regional
policies such as welfare and unemployment benefits, taxation, education and other public goods).

Hornbeck (2009) confirms the expected out-migration from Dust Bowl states in the mid-
1930’s but Deryugina (2011) finds no net population changes for U.S. counties struck by

hurricanes in the 1980s and 1990s. Transfer payments to victims of severe weather can cushion

4 See Laczko and Aghazarm (2009).

5 Boustan et al. (2012) also control for (but do not include coefficients for ) “the logarithm of total population and of
land area; the black population share; a quadratic in latitude and in longitude; a dummy variable equal to one for
SEAs with some coastal exposure; a proxy for employment growth in the SEA; total disaster count in the

previous or subsequent decade; and a quartic in distance between the SEA of origin and the current SEA.”



the impacts of these events, either directly, or indirectly through compensating for job losses and
other displacements.

Rappaport (2007) observes that U.S. residents have been moving to places with nicer
weather. They move towards places with warmer winters, but also to places with cooler and less-
humid summer seasons, despite the role of air-conditioning. Migration patterns cannot be
explained entirely by shifting industrial activities or by the residential location choices of the
elderly. Instead, it is argued that rising per-capita income has increased demand for nice weather
as an amenity. Earlier, however, Cragg and Kahn (1999) observed that between 1960 and 1990,
consumption of warmer winter climates rose for both working families and especially for
seniors. At the same time, the relative price of a desirable climate increased for seniors but fell
for working families.

Deschenes and Moretti (2009) consider extreme heat and extreme cold events and their
effects on mortality rates in the U.S. They note that mobility in the U.S. between the Northeast
and the Southwest over the past thirty years may account for as much as 4% to 7% of total tains
in life expectancy. However, their model does not explicitly track mobility as a consequence of
extreme weather. The return-versus-migrate decisions of evacuees in the wake of a single
extreme weather event—Hurricane Katrina—are considered by Landry et al. (2007).

Cragg and Kahn (1997) infer willingness to pay for a more moderate climate from

migration decisions based on Census data.

c. Interdisciplinary research
Piguet (2010) offers an interdisciplinary survey of approaches that have been used to

explore the connections between migration and environmental factors, and Black et al. (2011)



conceptualize five broad “families of drivers,” that influence migration decisions—economic,
political, social, demographic, and environmental.

Fielding (2011) considers the likely impact of climate change on internal migration in the
U.K. and concludes that climate change can be accommodated without any major redistribution
of its population. Minor exceptions are predicted to involve river and coastal flooding which will

make some areas hazardous to settlements and/or costly to protect from flooding.

2. Model

We design our model to explain county-to-county migration based on a traditional “gravity”
model for migration as described in the early survey by Greenwood (1975) and as used by many
subsequent researchers. The standard equation for gravitational attraction is 4= gmm, /d’,
where the arguments include the mass of each object and the distance between them, and the
parameter g is the gravitational constant. We adapt this equation to explain migration as a
function of the populations of the origin and destination counties, and this distance between the
county centroids. We convert the gravitational “constant” into a systematic varying parameter
that is allowed to depend upon the attributes of the origin and destination counties, as dictated by
the data. If we include a random error term &, our basic formula to explain migration between

county 7 and county jin year ¢ is given by:

(1)

B b
o (Pop,) (Popj)
migration,, = g [Xy:] 5, exp(a‘m)
(distanceij)
The parameters S, £, and f, are all equal to one in the standard gravitational formula, but we

will allow them to take on whatever values the data imply and test whether S, = 8, = 8, =1 can

be rejected statistically.



Taking logarithms to produce an expression that is linear in the unknown parameters
produces:

log(migrationw) = IOg(g[Xm])

(2)
+ /3, log(Pop,)+ j3, log (Popj ) -2 log (a’istanceij ) +&,

We will model the first term, log(g[X;,]), as a function of set of variables that measures

different types of weather hazards in origin county i in year ¢, weather,, , where k =floods,
droughts, hailstorms, heat waves, hurricanes, severe storms, tornadoes, wildfires, wind storms

and winter weather. We will also allow the derivatives of log(migrationl.jt) with respect to each

of these measures of weather hazards to depend upon the differences between destination and
origin counties in proportion of the population in urbanized areas. Finally, to account for
unobserved heterogeneity at the state level, we include fixed effects for each origin state and
fixed effects for each destination state, as well as year fixed effects:
. \ 10
log(ngratzonw) =B, + Zk:l B, weather,,
+8, [UrbanizationDiﬁ‘erenceU ]

+z;{0:1 Bsi (weatherk” X [UrbanizationDifferenceij ]) ()
+pBystateF’E; + f,stateFE , + 5 yearFE,

+p3 log (Popl. )+ B, log (Pop]. ) -2, log (distancel.j ) +&,

For this paper, our main interest concerns the question of whether extreme weather events
in the origin county affect county-to-county migration flows. But in particular, we are curious to
know if these effects are greater for flows from more-rural to urbanized counties and less for
flows from urbanized to more-rural counties. The model in equation (3) implies that the

derivative of expected migration flows between county i and county ;j, with respect to extreme

weather events of type k£ in the origin county is given by:



6E[log (migrationl.jt )]
0 (weather,, )

=B + B, [UrbanizationDzﬁ’erenceg}, k=1,..,10 4)

We have explored a number of candidate functions for [UrbanizationDiﬁ‘erenceﬂ] the

difference between destination and origin urbanization levels. The measure we will discuss in the

body of this paper is a simple discrete indicator variable, I(Prop Urban,; > Prop Urban,.) for

whether the destination county is more urbanized than the origin county, based on the proportion
of the population in each county that is designated as “urban” in the 2000 Census (a measure that
is exogenous to extreme weather events in the period from 2005-2010). This option simply

separates all observed flows into two groups—those categorized as urban-to-rural (the base case,

for which the effect of the k" extreme weather event is just f3,, ) and those categorized as rural-
to-urban (for which a coefficient differential, f,, , is estimated). If £, >0, the extreme weather

event causes greater migration when the flow is towards a relatively more-urbanized county.
Extreme weather events may decrease flows from more-urbanized to less-urbanized counties, in

which case we would expect f,, <1. However, extreme weather could increase flows in both

directions (i.e. for both groups of counties). In that case, as long as the increase in rural-to-urban
flows exceeds the increase in urban-to-rural flows, there is an argument that urbanization, on net,
is increased by extreme weather events.

We estimate seven versions of the model in equation (3), each using a different measure of
the impact of the set of ten different types of extreme weather. Based on each version of the
model, we consider the ten different derivatives in equation (4), each evaluated for the baseline
urban-to-rural flows and then for alternative rural-to-urban flows. A given type of extreme

weather affects migration if the corresponding derivative for at least one of the two groups of
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migration flows is statistically significantly different from zero. This weather event favors rural-

to-urban migration of the estimated coefficient f, is positive and statistically significantly

different from zero.

3. Data

We combine two main sources of data for this study: (1) migration information from the U.S.
Internal Revenue Service, and (2) information on weather-related natural hazards from the
Spatial Hazard Events and Losses Database for the United States (SHELDUS) database. We
also make use of several other minor sources that permit us to connect these two data sets and/or

provide the necessary control variables.

a. Migration data (IRS)

We measure county-to-county migration using the Statistics of Income (SOI) Tax Stats files
provided by the U.S. Internal Revenue Service.® These data files include state and county codes
for each origin and destination county, the state abbreviation and county name, plus the number
of tax returns that were submitted by the same person from the origin county on their previous
return and the destination county on their current return. Also provided are the number of
exemptions claimed on that return (roughly the total number of household members associated
with all of those tax return), and the “adjusted gross income” aggregated across these returns.

The first salient feature of these data is their sheer volume. There are roughly 3100
counties in the U.S. and the potential number of migration flows to account for in any one year is
thus on the order of 10 million. We will build a panel of data for a span of six years, meaning

that the entire dataset involves on the order of 60 million observations.

¢ These files may be accessed via http://www.irs.gov/taxstats/article/0,,id=212695.00.html .
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There are a number of limitations to these data, however, described in detail in Gross
(unknown). For our purposes, the most significant limitation is that the flow of “households”
(which we will refer to as “migrants”) between any pair of counties is censored if the number of
tax returns is less than ten. In cases like this, the flows are aggregated with a total for a larger
origin or destination area. Censoring according to the absolute magnitude of the key dependent
variable in a study presents statistical problems. With a smaller dataset, it would be appropriate
to use maximum likelihood methods developed specifically for censored data, such as a
truncated Poisson or truncated negative binomial estimator, where we could explicitly
acknowledge the absence of information about pairs of counties characterized by low migration
flows. For the present study, we merely acknowledge that our models cannot explain minor
flows of migrants and we focus our attention on those county pairs that display “significant
flows” in each year of our dataset. This reduces the size of our (unbalanced) pane of county
pairs over six years to a more manageable sample on the order of 500,000 observations. Table 1
shows our data on annual county-to-county migration rates, per county pair (for flows>=10). The
two available measures of migration flows are the number of tax returns (roughly the number of
households) and the number of exemptions (roughly the number of individuals), keeping in mind
that households who do not submit tax returns are not reflected by these measures. Figure 1
Shows the marginal distribution of the dependent variable (the logarithm of exemptions) across
our panel data sample of 576,680 migration flow/years. Maps of origin and destination counties
represented in this sample are not included. All but a handful of counties produce migration flows of at

least ten tax-paying households to at least one other county in each year.
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b. Extreme Weather Events (SHELDUS)

The SHELDUS dataset is a county-level hazard data set for the United States.” The dataset
contains information about eighteen different types of hazards, but we use just ten of these
hazards, all related to weather. This includes information about events that involve flooding,
droughts, hail, heat, hurricanes or tropical storms, severe storms, tornadoes, wildfires, wind, and
winter weather.

The SHELDUS data record beginning dates and ending dates for each event. We use this
information to calculate a duration variable for each event. We also use the beginning date to
allocate each specific event to a particular tax year. We define a variable called taxdue year. If a
weather event occurs on or before April 15, it is assigned to the current taxdue year. If it occurs
after April 15, it is assigned to the next taxdue year. This is necessary because the migration data
hinge upon changes of address between tax filings.®

We then collapse the detailed data on individual weather events to produce counts or
totals during the relevant April-to-April years for our study. We produce a count of the number
of distinct events (events), a sum of the total number of days for each type of event during each
year (tdays), a sum of the total number of injuries attributed to each event (tinju) and the total
number of fatalities (tfata). The SHELDUS data also provides some information about property
damages, so we calculate the total amount of crop damage (tcrop) and the total amount of
property damage (tprop).

Table 2 lists data for each type of event, by year, for the years 2005 through 2010

inclusive, which are the years covered by our migration data. In the Appendix, we provide maps

7 The SHELDUS files may be accessed via http://webra.cas.sc.edu/hvri/products/sheldus.aspx .

8 We acknowledge that some people will submit their taxes prior to April 15 and some weather events that begin
before April 15 will continue past that date. However, we adopt this benchmark date as the most practical
approximation.
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of the counties afflicted by each type of extreme weather event in each year to illustrate the

spatial patterns of these hazards.

c. Populations of Origin and Destination Counties

County populations are based on U.S. Census data from the American Community Survey
(ACS) provided as averages for the years 2006-2010.° Our dependent variable is the number of
tax returns (if greater than ten) for which the tax-filer moved between counties, so we choose the
household as the corresponding unit of measurement for population in the origin and destination

counties. These population measures thus vary across counties but not across time.

d. Distances Between Counties

For the distances between each pair of counties in the U.S., we use spherical distance data

prepared by Merryman (2005) and Pisati (2001). Great circle distances are measured in miles

. T . T
SlI‘l(X1 @J . SlI‘l(X2 @]

V4 Ve
d(x,y:x,, =6378| acos cos| x,— |[-cos| x,— | |+/1.609 5
( 15 V15X yz) ( 118()) [ 2180) Q)

: COS((yl _Y2)%j

The variables y and x denote latitude and longitude respectively.

and are calculated using:

% The data can be downloaded from the U.S. Census Bureau’s State & County Quickfacts database
http://quickfacts.census.gov/qfd/download data.html. Other available county-level variables include area,
population per square mile, population same house one year ago, foreign born, percent speaking language other than
English at home, educational attainment, average travel time to work, owner-occupied housing units, multi-dwelling
structures, median house values, average household size, per capita income, median household income, percent in
poverty.
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e. County Proportions Urbanized
Ideally, of course, one would like to know whether a specific state-to-state migrant moved from
a non-urban portion of his or her origin county to an urban portion of his or her destination
county, but this information is not publicly available. Presumably, the IRS knows this
information, since the raw data are based on origin and destination addresses for individual tax
filers. Unfortunately, confidentiality precludes access to this richer individual data.

Instead, we construct our crucial urbanization variable using U.S. Census data for the
year 2000 census. By county, we use the counts of persons living in areas within the county that
are designated as “urban” by the census. We calculate the share of the county population living
in urbanized areas for each origin and destination county as of the year 2000.'°

To capture whether a migration flow between counties can be considered as “rural-to-
urban” or “urban-to-rural,” we use the difference between the destination county’s urban
population share and the origin county’s urban population share and build an indicator for

whether this difference is positive or negative.'!

f. Other data sources

The weather events that we use in this paper to explain migration patterns are exogenous in the

sense that migration patterns in the current year can be assumed to have no effect on the weather.

10 Subsets of the urban population include counts of the population living in “urbanized areas” (densely settled
suburban developments in the vicinity of large cities) and “urban clusters” (areas containing at least 2,500 and less
than 50,000 people—the built-up territory around small towns and cities). In 2000, about 68% of the U.S.
population lived in 452 urbanized areas, and about 11% lived in 3,158 urban clusters. The rural population (anything
outside urban areas—open country and settlements with fewer than 2,500 residents) is simply the complement of
the urban population for each county.

' A more complex model is possible if the continuous difference variable is used. That variable ranges between -1
and +1, with positive values signifying rural-to-urban flows and negative values signifying urban-to-rural flows.
Zero values imply moves between counties with equal proportions of their populations in urbanized areas. This
constructed variable measures the degree to which county-to-county migration is rural-to-urban if we assume that
individual migrant households are drawn randomly from their origin counties and distributed randomly across their
destination counties. To the extent that this assumption is violated, there will be a degree of measurement error in
this variable. However, this constructed variable seems to be the best available candidate to capture this crucial
characteristic of each possible county-to-county migration flow.
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In a reduced form equation, we can expect little in the way of omitted variables bias if we leave
out other determinants of migration flows between counties. However, we can reduce the
variance in the estimates if we include other logical explanatory variables, and we can also assess
the fitted model for the plausibility of the estimated coefficients.

One factor to consider is that weather events may have both direct and indirect effects on
migration. People may move because their households have been directly affected by severe
weather, as with floods or hurricanes, for example. Alternatively, they may move because these
events affect the local economy and their livelihoods may be so adversely affected that they
move to a new county to seek new employment. If job losses or decreased earnings or a reduced
number of establishments is attributable to weather, then weather indirectly affects migration
decisions. In one case, we may wish to know the “reduced form” impact of weather on
migration, suggesting that county employment, county wages, or the number of establishments in
the county should be left out of the model. In other cases, we may wish to control for job
changes to learn how much of the migration between a pair of counties is not attributable to the
effects of current extreme weather events on local economic conditions in the origin or
destination counties. For this paper, we concentrate on reduced form estimates of the effects of

extreme weather events in origin counties on migration flows between counties.

County Business Patterns
The prior economic literature on migration suggests that employment opportunities in the

destination county may be a significant determinant of migration. We capture longer-term trends
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in employment by using the lagged percentage grow rate in total employment for both the origin
and destination counties. '?

We expect that recent positive growth rates in employment in destination counties will
result in greater migration flows into those counties. However, the prior literature suggests that
origin-county employment conditions typically do not have much effect on migration patterns.
Thus while the sign of the coefficient on origin-county employment growth should intuitively be

negative, we would not be surprised to find that this effect is small or statistically insignificant.

Other U.S. Census Data/American Community Survey Data

The IRS data includes counts of migrants between counties only if these migrating individuals
filed tax forms in each year. One would expect to see fewer migrants if there are larger numbers
of people in each county who do not file taxes in either of the adjacent years necessary for them
to be recorded as migrants in the IRS data set. People are more likely not to be required to file
taxes if they have very low incomes or if they are retired. Thus we include variables for the
percent of the resident population 65 years and over (available for 2010) and for the percent of
people of all ages in poverty, calculated across the period from 2006 t02010, for both the origin
and the destination counties associated with each flow. If there are more omitted migrants as any
of these four variables is greater, we would expect migration flows to be smaller when these
groups represent a larger proportion of either population. Thus the expected signs on these

variables are all negative.

12 Other candidate variables from the County Business Patterns dataset include first-quarter payroll and the total
number of establishments. Employment levels are somewhat correlated with these two variables, so we opt to use
just one of them to capture “push” and “pull” factors related to labor markets in the two jurisdictions.
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4. Estimation and Results

Our generalized gravity-type model stipulates a log-log specification for the main variables, so
we adhere to this restriction in the current paper. Alternative specifications are summarized in
the section on sensitivity analyses.

First, consider the basic variables in our generalized gravity model. We relegate the
estimated coefficients on these variables to Table Al in the included appendix, but we
summarize our findings here in the body of the paper. In general, the basic “gravity” portion of

the model, that is the three coefficient 3, f,, and f,, are hugely statistically significant and

bear the correct signs and relative magnitudes. We conduct tests of whether all three coefficients
are equal to one, however, and this joint test is soundly rejected. The common value of these
coefficients appears to be closer to 0.4. Not surprisingly, the logarithm of the distance between
counties has a very strongly significant negative effect on migration flows. The origin and
destination populations as of the year 2000 census (predetermined variables, independent of
migration during the 2005-2010 period of our study), have roughly symmetric and strongly
significant effects on migration flows.

The fact that the IRS migration data are conditioned on tax returns being submitted by
households, we expect to miss more migrants between counties that have larger proportions of
people in poverty and larger proportions of retired persons. Destination percent over 65 years of
age has an effect about twice the size as that of the origin percent over 65 and both effects are
negative and statistically significant. Origin and destination percent in poverty both have
negative effects on measured migration flows, although the effect of origin county poverty rates

is not statistically significant.
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The economic literature on labor mobility suggests strongly that people move if there are
job opportunities at the destination. We control for lagged employment growth in the origin and
destination counties. Our estimates confirm this earlier finding that employment opportunities
“pull” migrants to destinations, but that declining employment in the origin county does not have
a statistically significant effect on out-migration (although the sign on the much-smaller
coefficient is nonetheless negative).

Table A1 also shows that the baseline difference between rural-to-urban and urban-to-
rural migration is negative, but this does not include the differentials for counties that have
experience extreme weather events. This suggests that for origin counties where NO extreme
weather events occur, we expect to see less outmigration to more urbanized counties.

The generic generalized gravity model displayed in equation (3) leaves open the
definition of “weather” to be used to quantify the impacts of the ten types of extreme weather
events considered in this study. Any individual impact measure might miss some important
aspect of these events. To be thorough, therefore, we include seven alternative measures of the
impact of extreme weather: “Any events?,” “#Events,” “Total days,” “Crop damage ($M),”
“Property damage ($M),” “Total injuries,” and “Total fatalities.” We note that across types of
extreme weather, correlations are very low. Across measures of extreme weather within a type,
however, there is a high correlation between the number of events and the total days variable in
several cases.

The key derivatives in the version of the model described in the body of this paper
are given by:

OFE [log (migrationijt )]
0 (weather,, )

=By + B [1(PmpUrban . > PropUrban, )] k=1,..,10  (6)
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Another set of important hypothesis tests concerns whether the f,, coefficients on the incidence
variable alone, not interacted with I(PropUrban ;> PropUrban, ), are statistically significantly

different from zero. If these coefficients are statistically no different from zero, we cannot reject
the hypothesis that the specified measure of that type of extreme weather has no effect on urban-

to-rural migration flows. If B,, + B, =0 cannot be rejected, we infer that this type of extreme

weather has no effect on rural-to-urban migration flows. If S, =0 alone cannot be rejected, then
we infer that there is no difference between the urban-to-rural and rural-to-urban flows
attributable to this type of extreme weather.

Tables XX-XX [not yet included] give the numerical estimates produced by our models.

We include (a) the f;, slopes on the ten key interaction terms, (b) the f,, “intercepts” of each

derivative that determine whether the vertical intercept for the plot of the derivative is zero, (c)

the single-subscript S, coefficient on the urbanization differential variable, (d) the results of two

hypothesis tests concerning the three standard “gravity” terms, and (e) mutually exclusive counts
of the numbers of fixed effects that are significant at the 5% and at the 10% levels, for origin
states, destination states, and years.

Figures 3a through 3i provide succinct visual summaries of the key derivatives given by

equation (4). Each component graph in each of these multi-graph figures table depicts our key

derivative as a function of [PropUrbanj — Prop Urbani] . For each decile of the distribution of

[Prop Urban; — Prop Urbani] in our sample, we show the calculated confidence bounds for the

derivative. The background shading for each graph provides a quick visual indicator of a
preliminary type of hypothesis test: the background is white if the confidence bound for the key

derivative calculated at any decile of the distribution of the urbanization differential in a
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particular graph excludes zero (i.e. does not overlap the horizontal line drawn at zero on the

vertical axis). The background is grey if the estimated derivative is not statistically significantly

different from zero at any of the deciles of the distribution of [Prop Urban, - Prop Urbani] 13

In each figure, there are seven graphs per type of extreme weather. Each of these seven
graphs reflects the two key coefficients for the specified type of extreme weather, and for a given
type of weather, each graph is implied by a separate regression. Each regression uses the
specification in equation (3) including a/l ten weather types, but employing a different measure

of the weather,, variable: (1) an indicator for the occurrence of any weather events of that type,

(2) a count of the number of events, (3) total days, (4) crop damage, (5) property damage, (6)
human injuries, and (7) human fatalities.

Perusal of each of the graphs for each type of extreme weather reveals whether there is
evidence of this type of weather, occurring between April 16" of one year and April 15 of the
following year in the origin county, leading to statistically significant changes in the migration
patterns captured by the significant flows (>10 households) in the IRS data. For graphs with grey
backgrounds, the derivative is not statistically significant at any decile of the distribution of the
urbanization differential. These cases may suggest increasing (or sometimes decreasing)
derivatives as the urbanization differential varies from -1 to +1, but we cannot reject a derivative
of zero. In other cases, however, the derivatives in question are statistically significantly
different from zero for at least some values of the urbanization differential.

In the color versions of these figures, a yellow-highlighted frame around a graph

indicates a statistically significant change in migration as a result of a change in the weather

13 The median of the distribution of the differential urbanization variable is zero, and we show a vertical line at zero
in each graph. Despite the loss of county pairs for which migration was less than 10, if the flow in one direction is
greater than 10, the flow in the other direction is likely to be at least 10 as well, so the distribution is approximately
symmetric.
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measure in question, for at least some decile of the urbanization differential, and positive

dependence of the derivative on the urbanization differential.'*

This implies a larger increase in
migration flows when the destination is relatively more urbanized (and correspondingly a smaller
increase, or even a decrease in flows when the destination is relatively less urbanized). Notice

that the vertical intercept of the derivative function, where the urbanization differential is zero,

conveys the size and confidence interval for the parameter f,, in equation (4). At this point in

the domain of the plotted function, the destination and origin counties have the same proportion
of their populations designated as urban.

The horizontal intercept in each graph also has a useful interpretation. For positively
sloped derivative functions, increases in the specified type of extreme weather event in the origin
county increase migration flows along pathways where the urbanization differential is greater
than the horizontal intercept of the plot. This illustrates that severe weather events can increase
urban-to-rural flows as well, but in this case, these effects will be smaller than the increases in

rural-to-urban flows. When the parameter f,, is (statistically) no different from zero, we can

state with greater certainty that “weather events of this type increase rural-to-urban migration
and decrease urban-to-rual migration.”

A gold highlighted frame around a graph indicates, again, a statistically significant change in
migration for at least some decile of the urbanization differential, but negative dependence of

this derivative on the urbanization differential, suggesting a decrease in flows.

14 In black and white versions, given our current color palette, the yellow borders show up only faintly, whereas the
gold borders are visible on most printers. Statistical significance and a positive slope fo the derivative as a function
of the urbanization differential are therefore conveyed by a white background to the plot and no dark frame.
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a. Robustness tests
We have estimated the models described here with a number of variations, including each of the
following:

1. The same basic specification, but without clustering of the errors on the origin state

2. The same basic specification, but with robust standard errors

3. The same specification, including the “gravity model” controls of origin population,
destination population, and distance between counties (but without the fixed effects for
origin state, destination state, and year)

4. The same specification, including fixed effects for origin state, destination state, and year,
but without the “gravity model” controls

5. A model with none of the fixed effects and none of the standard “gravity model” controls.
Given that weather events are purely exogenous over the six-year time horizon, there
should be no omitted variables bias from failure to control for other factors, just a loss of
precision.

6. The same specification featured in the paper, but with the log of the number of
exemptions claimed on the tax return, which converts the dependent variable from the log
of the number of migrating households to the log of the number of migrating persons (at
least those covered in the sample of tax returns for each county)

7. The same specification featured in the paper, but augmented by four additional controls:
the proportions of the origin and destination counties living in poverty and the
proportions over age 65. This specification is intended to reveal whether migration is
less than otherwise predicted when either county has a larger fraction of people who

would potentially be missed by the IRS counts of tax returns.
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The consequences of these robustness checks vary somewhat across these six variations.
However, the following themes emerge:

a.) Failure to control for the “gravity model” variables and failure to include fixed effects
tends to result in confidence bounds for the predicted derivatives that are more likely to
include zero. Thus these two classes of regressors are very important to our ability to
discern patterns of rural-to-urban migration in response to extreme weather events in
origin counties.

b.) Clustering the errors dramatically expands the confidence bounds for the key derivative.
Apparent estimator precision is much greater, either without clustering or with the use of
robust standard errors as opposed to the clustering employed in the paper.

c.) The qualitative results are in general not sensitive to the choice of log migration
(theoretically indicated) versus the level of migration as the dependent variable. This
finding is crucial to our upcoming step of re-integrating the “flows less than 10

households” into the data as aggregates.

5. Discussion and Extensions

We show results for various different measures of the impact of extreme weather
demonstrate the preponderance of the evidence across these alternative specifications. Overall,
we find the following. First, there is substantial evidence that when the derivative of migration
flows with respect to severe weather events are statistically significantly different from zero,
severe weather events tend to increase rural-to-urban migration flows (and/or decrease urban-to-
rural flows) in the cases of: hail storms, hurricanes, severe storms, wildfires (especially) and

severe winter weather.
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The evidence is mixed in the case of wind storms. For the most part, wind storms
decrease migration between equally urbanized counties, but there is relatively little significant
effect of windstorms at the extremes of the distribution of relative urbanization. There is some
evidence that “any windstorms” decrease urban-to-rural migration, but no strong evidence that
they increase rural-to-urban migration.

In four other cases, rural-to-urban migration is increased by severe weather (when
significant) for all but one measure of weather impact: floods (except for property damage),
droughts (except for injuries), heat waves (except for crop damage) and tornadoes (except for
crop damage). We speculate that these exceptions may reflect that damage to major assets for
numerous households that might otherwise prefer to move. This loss of assets may reduce
mobility. For example, property damage from flooding decreases rural-to-urban flows but does
not significantly increase urban-to-rural flows. Crop damage from heat waves reduces rural-to-
urban flows a lot, and urban-to-rural flows a little. Crop damage from tornadoes increases flows
between equally urbanized county pairs, or towards slightly more-urbanized counties, but does
not have a statistically significant effect on flows between counties with extreme differentials in

urbanization.

6. Conclusions

Many countries are concerned about the prospect of increased rural-to-urban migration that may
be induced by changes in the pattern of extreme weather events associated with climate change.
Data are scarce for many jurisdictions, however, making it difficult to assess recent patterns in

rural-to-urban migration in response to extreme weather at a fine enough degree of geographic
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and temporal disaggregation. Thus we have focused our investigation on patterns in the United
States over a recent six-year period, utilizing detailed county-to-county migration information
from the Internal Revenue Service.

Patterns in a developed country, of course, will reflect the resilience afforded by
relatively high incomes, strict building standards, and access to insurance. The findings of this
paper are thus not quantitatively transferable to developing countries. However, the fact that we
can detect considerable evidence of rural-to-urban migration, even when relatively little might be
expected, is important because it suggests that the influence of extreme weather on migration
will be even greater where populations are less resilient.

There is still considerable censoring in the data we have explored in the current paper
(i.e. we use only flows greater than 10 households between any pair of counties). However, we
find considerable evidence that most types of extreme weather events tend to increase rural-to-
urban migration flows (and/or decrease urban-to-rural flows), except in cases where the loss of
major assets for a substantial number of affected households may prevent much mobility. More-
general models are still being explored, so the next revision of this paper may reveal even greater

detail.
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Figure 1 — Marginal distribution of the dependent variable used in the models in this paper
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Table 1: Annual county-to-county migration rates, per county pair (flows>=10)

(1) (2) 3) (4) ) (6)
VARIABLES 2005 2006 2007 2008 2009 2010
Tax returns 87.15 87.62 86.33 86.95 86.49 87.40
(~households) (323.5) (327.8) (314.9) (316.4) (316.4) (327.4)
Total exemptions 166.7 167.3 163.6 162.0 160.9 163.0
(~individuals) (636.9) (647.5) (611.4) (595.7) (597.4) (621.2)
Observations 94,814 98,401 96,759 98,861 96,426 91,419
Table 2: Measures of Extreme Weather Events (annual per origin county)
(1 2) 3) 4) ) (6) (7
VARIABLES Atleast # Events Total Crop Property  Injuries  Fatalities
one days Damage  Damage
(x $10%  (x$10%
Floods 0.312 0.694 1.847 0.120 1.119 0.0166 0.0214
(0.463) (1.685) (7.739) (2.859) (56.56) (0.732) (0.207)
Droughts 0.0268 0.103 3.270 0.186 0.030  0.000208 n.a.
(0.162) (0.795) (26.12) (2.352) (0.390)  (0.00408)
Hail 0.178 0.478 0.479 0.0486 0.262 0.0129 0.00103
(0.382) (1.688) (1.690) (0.905) (7.073) (0.669)  (0.0849)
Heat 0.0398 0.0533 0.269 0.0267 0.00039 0.103 0.0257
(0.196) (0.296) (1.946) (1.370) (0.014) (4.054) (0.458)
Hurricanes 0.0493 0.0725 0.141 0.175 3.932 0.0477 0.0500
(0.216) (0.356) (0.735) (2.894) (60.28) (2.571) (3.905)
Storms 0.226 0.696 0.708 0.00139 0.044 0.0262 0.00266
(0.418) (1.961) (2.001)  (0.0554) (1.402) (0.551)  (0.0608)
Tornadoes 0.165 0.249 0.250 0.00745 0.284 0.203 0.0196
(0.371) (0.682) (0.685) (0.526) (4.930) (3.006) (0.377)
Wildfires 0.0224 0.0312 0.132 0.0151 0.094 0.0257 0.00233
(0.148) (0.261) (1.776) (0.961) (4.563) (1.196) (0.110)
Wind 0.0583 0.114 0.139 0.0022 0.0082 0.00399  0.00206
(0.234) (0.684) (0.869) (0.099) (0.338) (0.100)  (0.0421)
Winter 0.260 0.496 0.977 0.186 0.030 0.0553 0.0142
(0.438) (1.408) (2.738) (2.352) (0.390) (1.077) (0.209)
Observations 18,445 18,445 18,445 18,445 18,445 18,445 18,445

28



Table 3 — Differential effects of severe weather events for logarithms of rural-to-urban flows. Interpretation: Coefficient times the
associated measure of the type of extreme weather impact, summed within a row, yields the magnitude of the difference in effects for rural-
to-urban flows relative to base case of urban-to-rural flows. See included Appendix Table A1 for other coefficients for this model.

Selected (key) coefficients only Any events? # Events Total days  Crop damage }:gflzgg Total injuries  Total deaths
1(rural to urban) x origin_floods 0.0326* 0.0107** -0.00293**  -0.00269*** 0 0.00495%** 0
(1.658) (2.039) (-2.189) (-2.798) (6.761)
1(rural to urban) x origin_drought 0 0.0164%**2 0? 0 0 0 0
(3.485)
1(rural to urban) x origin_hail 0 0 0.00976* -0.00738** 0.000887* 0 0
(1.805) (-2.028) (1.693)
1(rural to urban) x origin_heat 0 0.0280* 0 -0.00224*** 0 0 0.0307%#**
(1.838) (-3.654) (4.243)
I(rural to urban) x origin_hurricane 0.0535** 0 0 0 0 0.00152%** 0.00153%**
(2.438) (4.401) (2.789)
1(rural to urban) x origin_sev.storm 0 -0.0284#** 0.0311*** 0.0906** 0 0 0.0583*
(-3.936) (4.121) (2.210) (1.743)
1(rural to urban) x origin_tornadoes 0.0395%* 0 0 0 0.00257%** 0 -0.0183***
(2.571) (3.164) (-2.688)
1(rural to urban) x origin_wildfires 0 0 0 -0.0313*** 0.000475%* 0.0129%** 0
(-2.840) (1.945) (3.899)
1(rural to urban) x origin_winds 0 0.0709%*** -0.0588*** 0 0 0 0
(3.066) (-3.085)
1(rural to urban) x origin_winter 0 0 0 0.001000%** 0 0 0.0809%#**
(2.868) (6.818)

Zero restrictions are not rejected by the data.
 The correlation between #Events and Total days exceeds 0.95 for droughts, hail, hurricanes, severe storms, tornadoes, and wind storms, so it can be difficult to discern
individual statistically significant coefficients on this pair of variables in those cases. However, the sheer size of the sample permits identification in three cases. The

net effect of these two variables is positive if all such events last about one day (or a similar number of days, in the case of droughts).

Example: For a one-day flood with no crop damage but three injuries and one death, outmigration for rural-to-urban flows will be greater than that for urban-to-rural
flows by 0.0138 — 0.00222(1) — 0 + 0.0522(3) + 0.0635(1) = 0.2117, or about 21% greater.
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Table 4 — Results for a model analogous to that in Table 3, but with key
interactions limited to just those between simple extreme weather event
indicators and an indicator for rural-to-urban flows

Any events?

1(rural to urban) x origin_floods 0.0637%**
(2.988)

I (rural to urban) x origin drought 0.0359
(0.898)

1 (rural to urban) x origin_hail 0.0520*
(1.780)

I (rural to urban) x origin heat 0.112%**
(3.816)

1(rural to urban) x origin_hurricane 0.0670%***
(3.203)

1(rural to urban) x origin_sev.storm 0.0456**
(2.152)

1(rural to urban) x origin_tornadoes 0.0528***
(2.853)

1 (rural to urban) x origin wildfires 0.0326
(0.571)

1(rural to urban) x origin_winds 0.0364
(1.183)

I(rural to urban) x origin winter 0.0340%**
(3.379)

Other variables (not reported due to similarity with Table Al

Generalized gravity model terms Yes

Origin county fixed effects Yes

Destination county fixed effects Yes

Time fixed effects Yes

Baseline severe weather effects, all seven measures Yes

Baseline severe weather effects for urban-to-rural flows do include variables for
Any events?, # Events, Total days, Crop damage, Property damage, Total
injuries, and Total deaths. Note positive point estimates, many statistically
significantly different from zero—if anything severe weather events seem to
increase net rural-to-urban migration flows
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Table A1 — Complete results for a model that drops statistically insignificant extreme weather effects variables; truncated regression model
estimated by maximum likelihood, using errors clustered on the origin state

VARIABLES eql
Log(distance between counties) -0.869***
(-34.53)
Log(origin population, 2000) 0.419%**
(38.43)
Log(dest. Population, 2000) 0.411%**
(21.91)
Origin pop % 65+ (2010) -0.0163%**
(-5.703)
Origin % poverty (2005-10) -0.000970
(-0.460)
Dest. pop % 65+ (2010) -0.00796***
(-2.983)
Dest. % poverty (2005-10) -0.00721%%**
(-6.709)
Origin: lagged employment growth -0.0551
(-0.740)
Dest.: lagged employment growth 0.346%**
(4.010)
1(rural to urban) -0.0903***
(-3.032)

Baseline effects for urban-to-rural
migration flows:

origin_floods

origin_drought

Any events?

-0.0139
(-0.629)
0.0260
(0.706)

# Events

0.00114
(0.305)
-0.00998
(-1.043)

Crop damage
Total days ($M)
0.000564 0.000393
(0.844) (0.444)
7.35e-05 0.00340*
(0.293) (1.849)

Property
damage ($M)

2.73e-05%
(-1.880)

-0.0380%*
(-2.563)

Total injuries

Total deaths

0.0250*
(1.848)
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origin_hail
origin_heat
origin_hurricane
origin_sev.storm
origin_tornadoes
origin_wildfires
origin_winds

origin_winter

Interactions between extreme
weather and 1(vural-to-urban):

Year fixed effects:
1(Year=2006)

1(Year=2007)
1(Year=2008)
1(Year=2009)
1(Year=2010)

Origin state fixed effects
Destination state fixed effects

-0.00224
(-0.125)
-0.0537%*
(-1.996)
-0.0216
(-0.549)
0.0267
(1.330)
-0.0101
(-0.483)
0.0729
(1.013)
-0.0181
(-0.782)
-0.0242
(-1.329)

See Table 4

0.00956
(1.402)
-0.00397
(-0.363)
0.0184
(-1.437)

-0.0289%#**

(-2.716)

-0.0399%#**

(-2.776)
Yes
Yes

0.0172
(0.303)
0.0244
(1.057)
0.0530
(1.224)
0.00227
(0.264)
0.0328
(0.604)
0.0184
(1.097)
-0.0231
(-1.105)
0.00536
(0.451)

-0.0216
(-0.376)
-0.00229
(-0.305)
-0.0305*
(-1.754)
-0.00647
(-0.730)
-0.0326
(-0.617)
0.00743%%*
(4.092)
0.0171
(0.972)
-0.00106
(-0.324)

-0.000570
(-0.314)
-0.00410%**
(-2.754)
0.000610
(0.417)
0.0126
(0.194)
0.00968***
(3.398)
0.0152
(1.588)
-0.0291
(-0.973)
0.00104
(1.510)

-0.000447
(-1.431)
0.178%**
(2.533)

0.000110
(1.335)
0.00193
(1.066)

-0.00170
(-1.529)

-0.00173%%*

(-6.958)
-0.0163%**
(-3.203)
-0.000457
(-0.389)

0.00640
(0.881)
-0.00141%%*
(-3.266)
-0.00195%%**
(-5.792)
0.000189
(0.130)
-0.000711
(-0.570)
-0.00338
(-1.047)
0.0171
(1.213)
-0.00190
(-1.192)

-0.0226%*
(-1.992)
0.00299
(1.219)

0.00168%**
(12.22)

-0.0808**
(-2.271)
0.00566
(0.950)
0.0429
(1.057)
0.0585*
(1.757)

-0.00708
(-1.125)
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Constant -1.302%*

(-2.385)
Sigma 0.8 &%

(76.73)
Observations 487,594
max LogL -526463

Robust t-statistics in parentheses; *** p<(0.01, ** p<0.05, * p<0.1
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