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Understanding the migratory response to 
hurricanes and tropical storms in the USA
 

A. Patrick Behrer    1,3   & Valentin Bolotnyy    2,3

The adverse effects of climate change will be worse in some locations than in 
others, raising the possibility that migration from more severely impacted 
areas to less impacted areas will reduce future damages. Assessing whether 
such migration is already occurring can inform our understanding of 
future responses to climate change. Using data on the paths of all Atlantic 
basin hurricanes and tropical storms from 1992 to 2017, we study whether 
outmigration from US counties increases after a storm. On average, storms 
are not followed by outmigration, and total population-weighted exposure 
to storms increases over the sample period. Very destructive storms 
are followed by outmigration, though often to other high-risk counties. 
Counties with high economic activity see net in-migration after a storm. 
Given existing policies and incentives, the economic and social benefits 
of high-risk areas currently appear to outweigh the incentive to reduce 
exposure to future storms by relocating across counties.

An increase in powerful storms will be one of the most pronounced 
consequences of climate change1. These disasters impose substantial 
costs on the communities that they impact through asset destruction, 
human capital losses and the loss of human life2–4. However, the inci-
dence of these storms varies over space, and while climate change will 
increase the frequency, severity and range of these storms, some areas 
will be more impacted than others1.

As a consequence of this variation in incidence over space, migra-
tion away from areas that will be more impacted by these disasters may 
be an important form of adaptation to climate change5–8. Calibrated 
theory-based modelling of the impacts of climate change suggests 
that as much as 5% of the world’s population will relocate because of 
climate change, including increased storm risk9.

The specific mechanisms that will motivate this migration remain 
unclear. It may be a long-run response to better understanding of which 
areas will be at risk from climate change. Or it may be a short-term 
response to experiencing climate disasters. Existing evidence on this 
question is limited and mixed. Evidence from Indonesia indicates 
storms have not led to outmigration that meaningfully reduces future 
risk, while evidence from the Philippines suggests that typhoons 
increase outmigration10,11.

We advance the literature by using data on the paths of all Atlantic  
basin hurricanes and tropical storms between 1992 and 2017 to study 

the migratory response to these storms in the USA. We focus on 
whether outmigration increases in response to a storm and whether 
migrants relocate to areas that are less exposed to disasters. Our analy-
sis provides evidence on the migratory responses of residents of a 
high-income country, with substantial insurance and disaster compen-
sation programmes, to storm exposure. Documenting this response 
is important to understand how people respond to climate-driven 
damages in similar locations, but it may be less useful in understand-
ing the response of residents of low- or middle-income countries. Our 
results are also unlikely to capture all the characteristics of adaptive 
responses via migration. For example, our aggregate measures of 
migration will not capture the fact that migration may be adaptive for 
some individuals or may be more adaptive for certain income, racial 
and ethnic groups than for others.

Experiencing a storm may lead to outmigration for a variety of rea-
sons. Storms can destroy assets and reduce an individual’s connection 
to a location, which may facilitate moving to a location less exposed 
to future storms. Experiencing a storm may also cause an individual to 
update expectations about risks of future storms and induce moves to 
a less risky location. This could occur for classically rational reasons—
learning new information about the personal costs of experiencing a 
disaster12—or because of a variety of behavioural biases. For example, 
the availability heuristic suggests that salient information, in this 
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than in non-storm years? Second, after a storm, do migrants move 
to counties that are less at risk than the counties migrants move to 
in non-storm years? As a corollary to the second point, we also ask 
whether people move to counties that are less at risk than the county 
they are moving from.

Changes in short-term migration rates after an individual storm 
are not the only relevant margin on which migration response might 
reduce risk from future storms. Long-run trends in migration may 
be reducing risk, even if the immediate response to a storm shows 
no evidence of risk-reducing migration. We therefore also examine 
whether the population living in at-risk areas has declined over the 
full 25-year period in our panel. This approach has limitations—migra-
tion that reduces risk may be occurring but may be too small to offset 
the organic population growth in at-risk areas. Nevertheless, we 
believe that understanding whether the total population exposed 
to these risks has grown or shrunk over this period is an important 
empirical question.

To perform our analyses, we assemble data from the Internal Reve-
nue Service Statistics of Income on aggregate county-to-county migra-
tion in the USA and data on the paths of every Atlantic basin storm from 
1992 to 2017. These data allow us to examine how migration patterns 
change in counties that are impacted by storms, relative to the normal 
patterns of migration from those counties. They also have the advan-
tage of capturing only individuals who file taxes in their new county and 
so do not include temporary migrants who might relocate briefly before 
returning. We use multiple definitions of exposure to storms based on 
the incidence of flood warnings, wind speeds and Federal Emergency 
Management Agency (FEMA) disaster damage determinations. We also 
collect data on county-level GDP from the Bureau of Economic Analysis 
to examine how another important determinant of migration—access 
to economic opportunity—interacts with storm exposure. We do not 
exclude any data points from our sample except for counties in states 
that do not experience a storm in our sample.

We estimate the impact of experiencing a storm in a linear regres-
sion model that allows for separate intercepts for each county in our 
data. We also include year and state fixed effects to account for cor-
related shocks to migration with states or years (for example the 
Great Recession or the Bakken Shale boom) and state-year trends 
that account for long-term state-specific trends in migration. Our main 
model estimates the change in migration in the year of a storm relative 
to the migration in a non-storm year. We also apply a model with lags 
that estimates the change in migration in the years following a storm 
compared with non-post-storm years. We estimate similar models for 
the change in net migration and the average risk of the counties that 
receive migrants from a storm-impacted county in storm years versus 
non-storm years.

Results
Outmigration does not increase after storms
On average, we observed a −0.42% (t33 = −0.44; P = 0.659; β = −0.42; 
95% confidence interval (CI), −2.35, 1.51) change in outmigration in 
years in which a storm occurs. This is, in effect, a precise null effect of 
storms on outmigration (Fig. 1c and Supplementary Table 1). Equiva-
lence tests using the two-one-sided-test approach indicate that we can 
reject positive changes in outmigration of greater than 1.5% (t33 = 2.02, 
P = 0.026) and negative changes in outmigration of more than 2.5% 
(t33 = 2.19, P = 0.018)40. A 1.5% change in outmigration represents less 
than a tenth of the standard deviation in year-to-year outmigration 
in our sample.

The change in outmigration after a storm is both not statistically 
significant and not economically meaningful. Even the most positive 
numbers in the 95% CI do not represent a meaningful change in the out-
migration rate in storm years relative to non-storm years. Our effects 
are also substantially smaller than those found in the literature on the 
impact of storms on net mortality41,42.

case the cost of a disaster, is overemphasized when making decisions 
about the future13. Individuals may also move due to changes in the net 
benefits of a given location. Amenities destroyed by a storm may not 
be fully rebuilt, and insurance rates may be adjusted upwards after a 
storm, both of which could induce relocation14.

Despite theoretical reasons why experiencing a disaster might lead 
to outmigration, it is not clear that outmigration will actually increase 
after disasters. The drivers of migration are complex15–18. In a stylized 
model of migration, the choice to migrate is based on a comparison of 
the benefits of staying, the benefits of a new location and the costs of 
moving19. This view of migration implies that migrants jointly consider 
the choice to move and the location they will move to. The hypothesis 
that migration will respond to climate shocks gives primacy to reducing 
risk from climate change in this calculation over many other potential 
motivations—many of which may be countervailing—for migration. It 
also assumes that migrants have full information about the difference 
in risks between staying in place and the destinations they consider, an 
assumption that may not be correct.

Most migration is driven by existing social networks and takes 
place over relatively short distances20,21. Even long-distance migratory 
responses to storms are driven by existing social networks22. If social 
and family networks are geographically concentrated, and the risk 
from storms changes slowly over space, migration along these exist-
ing networks may offer little protection from future storms23. A clear 
example is migration after Hurricane Katrina, when the majority of 
migrants from New Orleans fled to Houston24, a city also highly exposed 
to storms25,26. Migration to reduce flood risk—encouraged by govern-
ment buy-outs—is highly local27. Whether these local moves reduce 
risk is unclear27,28 and depends on how quickly risk profiles change over 
space. But whether local migration reduces risk or not, its local nature 
suggests that local ties are important in migration decisions.

The process of migration is also expensive. Individuals impacted 
by disasters have often suffered a negative wealth shock and may not 
be able to incur the costs of a major relocation20,29,30. This is exacerbated 
if housing costs in less vulnerable areas are bid up because these areas 
are less vulnerable31.

In the USA there are also a variety of economic and policy condi-
tions that incentivize people to stay put or migrate in ways that may not 
reduce risk. While storms lead to the destruction of property, federal 
or state-subsidized insurance often reduces the costs of these losses. 
Take-up of these policies increases after the occurrence of disasters32,33. 
Yet, the way these policies are priced does not necessarily reflect true 
risk, and many policies are subsidized or paid for by taxpayers34. As a 
result, the lack of a migratory response to storms that leads to more 
take-up of these programmes has important public finance implica-
tions. Economic activity in the USA is also disproportionately concen-
trated along the coasts. More than 50% of gross domestic product (GDP) 
in 2014, the last year for which data are available from the National Oce-
anic and Atmospheric Administration (NOAA), was generated within 
50 miles of the coasts35. This is true in other parts of the world as well36. 
Because of this pattern of economic activity, moving to opportunity 
may require moving into at-risk areas.

Despite these reasons to believe that migration may not substan-
tially reduce risk from future storms, both researchers and policymak-
ers assume that migration will reduce the future damages of climate 
change37,38. Recent estimates of the damage from climate-driven coastal 
flooding, to which storms contribute, argue that changes in investment 
and migration will reduce damage by 98% over the next 150 years39. If, 
however, individuals choose not to migrate, other forms of adaptation 
(for example, sea barriers) might instead be implemented. Understand-
ing the extent to which migration patterns have responded to storm 
events in the past is thus important for understanding the likely scope 
for future migration to reduce damages.

We examine two specific empirical questions. First, do more 
individuals migrate out of counties in the years following a storm 
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Fig. 1 | Migration and storms. a, County GDP in 2019 from the Bureau of 
Economic Affairs. b, Total number of storms by county over our sample period. 
c,d, Coefficients from a panel fixed-effects regression of outmigration (c) 
and net migration (d) on whether a county experienced a storm. The first bar 
plots the coefficient from a regression with only contemporaneous storms. 
The next six bars show coefficients from a separate regression that includes 

contemporaneous storms and five year lags (L1–L5). The final bar shows the sum 
of the coefficients from the lags regression. The light grey lines show the 95% CIs. 
The sample size for these regressions was 52,514 for the outmigration results and 
52,448 for the net migration results. e, Migrant-receiving counties in our sample 
period and the average number of migrants received in non-storm years. f, The 
same as e but in storm years.

http://www.nature.com/nathumbehav


Nature Human Behaviour | Volume 9 | December 2025 | 2589–2598 2592

Article https://doi.org/10.1038/s41562-025-02281-8

As Fig. 1c shows, when we allow for five years of lags in the impact of 
storms on outmigration, the effects are not different from our primary 
result. Changes in outmigration remain small and on average nega-
tive for the five years following a storm. The sum of lags indicates no 
meaningful change in migration in the year of and five years following 
a storm. We also did not find evidence that migratory responses are 
larger when a storm occurs after one or more recent storms (Supple-
mentary Table 16).

We found that net migration is positive on average in storm 
years and in the years following a storm. We define net migration as 
in-migration minus outmigration, so a positive number indicates 
more individuals moving into a county. In storm years, net migration 
increases by 10.28% (t33 = 3.28; P = 0.002; β = 10.28; 95% CI, 3.90, 16.67) 
(Fig. 1d and Supplementary Table 1). This effect persists for the year 
following a storm, before declining to near zero in years 2 through 5. 
In total, the sum of the lags in a five-lag model is not statistically differ-
ent from zero, but the point estimate indicates that net migration is 
on average 22.91% higher (t33 = 1.47; P = 0.150; β = 10.28; 95% CI, −8.73, 
54.55) over the year of and five years following a storm.

We found consistent effects of storms on migration using alter-
native definitions of exposure to storms. Defining exposure on the 
basis of wind speed (Supplementary Table 2) and flood warnings (Sup-
plementary Table 3), rather than just storm incidence, yields qualita-
tively and quantitatively similar estimates. We mapped the counties 
exposed to storms under each of these definitions in Supplemen-
tary Fig. 1. Our results are also robust to estimation using a stacked 
differences-in-differences approach (Supplementary Information 
section 2.10 and Supplementary Fig. 6).

Storm migration’s impact on exposure to storms
We found no evidence that migrants in storm years move to areas 
that are less exposed to storms than migrants in non-storm years. On 
average, migrants who leave in a storm year move to counties that 
experience −0.18% (t33 = −0.59; P = 0.560; β = −0.18; 95% CI, −0.80, 
0.44) fewer storms than counties migrants from the origin county 
move to in non-storm years (Supplementary Table 4). This difference 
is not statistically different from zero, and two-one-sided-test equiva-
lence tests indicate that we can reject increases in storm exposure  
of 0.45% (t33 = 2.07, P = 0.023) and decreases in storm exposure of 
−0.70% (t33 = 1.71, P = 0.048).

An alternative way of measuring whether moves after storm years 
reduce risk is to examine the average difference in exposure between 
the origin county and all destination counties in a given year and com-
pare changes in this measure between storm and non-storm years. We 
calculated this for each origin county as the average of origin county 
risk minus destination county risk for a given year. If migrants after 
storms reduced their risk, this difference should be larger and more 
positive in storm years. We found that it is not. In Supplementary 
Table 4, we show that the difference in this measure between storm 
and non-storm years is not statistically significant. When we consid-
ered exposure to only high-damage storms in the destination coun-
ties—rather than all storms—we found similar results (Supplementary 
Table 15).

Our regression results were confirmed by both visual inspection 
and simple t-tests of means. Figure 1e shows the average number of 
migrants to counties around the USA, including only those who moved 
during years in which their origin county did not experience a storm. 
Figure 1f displays the same average, but for those who moved during 
a storm year.

The differences between Fig. 1e and Fig. 1f are minor. The most 
noticeable is that slightly more individuals moved to large coastal 
cities (New York, Miami and Houston) after storms than in non-storm 
years. A t-test of the average number of storms experienced by origin 
counties and destination counties, restricting the sample to storm 
year migration, indicates no evidence of difference (Supplementary 

Table 5), with a (statistically insignificant) 0.04% (t11,296 = 0.460; P = 0.646;  
95% CI, −0.13, 0.21) increase in the average number of storms in destina-
tion counties relative to origin counties.

High-damage storms increase migration
Unlike average storms, the most damaging storms are followed by 
increased outmigration in the year of the storm. We used data from 
FEMA on total compensation paid to disaster victims to isolate the 
most damaging storms—those that resulted in at least US$10 million in 
compensation, roughly the top 10% of storms by damage in our sample. 
The least damaging storms in this category do not significantly increase 
outmigration, but storms that caused at least US$20 million in total 
compensated damages increase outmigration by 15.45% (t33 = 2.65; 
P = 0.012; β = 15.45; 95% CI, 3.60, 27.30) (Supplementary Table 6). The 
effects we measured on migration increase monotonically in the dam-
age threshold. The most damaging storms, representing fewer than 
1% of storm-county years in our data, have the largest impacts on out-
migration, increasing it by 66.10% (t33 = 3.91; P < 0.001; β = 66.10; 95% 
CI, 31.69, 100.52). For the most damaging storms, these effects persist 
in the year following a storm. Our lags model indicates that the year 
after a storm also sees elevated outmigration for storms that caused 
at least US$80 million in damages, but this impact declines to zero  
by year two (Fig. 2 and Supplementary Table 7). Net migration is  
consistently negative in the storm year after storms that caused at 
least US$80 million in damages. For storms that caused between  
US$10 million and US$40 million in damages, net migration is not sta-
tistically different from zero in the storm year and becomes positive in 
the year following a storm. For the most damaging storms, net migra-
tion generally remains close to zero and not statistically significant in 
all the years following a storm that we observed.

In our main analysis of high-damage storms, we used a threshold 
approach, counting all storms above certain damage levels. When we 
instead assigned storms to bins on the basis of the damage they caused 
(for example, storms that caused US$10–20 million in compensated 
damage), the effects on migration are even more strongly concentrated 
among the most damaging storms, with only the storms in the highest 
two categories resulting in statistically significant outmigration. We 
saw similar results using per capita, rather than total, compensation 
measures (Supplementary Table 18). We discuss the binned approach 
at length in Supplementary Information section 2.6.

We found no evidence that the migration that occurs after 
high-damage storms reduces the risk that migrants face from future 
storms. Migrants leaving counties impacted by high-damage storms 
move to counties that are at no lower risk than the counties they leave 
(Supplementary Table 8). Over our sample period, counties that 
received migrants from counties experiencing a high-damage storm 
experienced 7.72 storms on average, while origin counties experienced 
7.65 storms (difference, −0.06 (t8384 = −0.620; P = 0.535; 95% CI, −0.27, 
0.14)). We also found evidence suggesting that much of the outmigra-
tion that occurs after high-damage storms might be offset by migra-
tion from the destination counties back to the origin county in years 
following the storm. We discuss this return migration in Supplementary 
Information section 2.7.

Population-level exposure is growing
We found no evidence that storms increase county-to-county migra-
tion rates, unless those storms are particularly damaging. Even in the 
cases of highly damaging storms, it appears that initial outmigration 
is offset by substantial in-migration and, on average, involves migrants 
moving to counties that are no less at risk of future storms than the 
origin county.

However, a lack of migration after individual storms does not 
necessarily indicate that individuals are not moving away from storm 
risk. It is possible that average trends in migration result in movement 
away from at-risk areas. We therefore examined a second question: has 
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Fig. 2 | Counties impacted by high-damage storms. a–e, Coefficients from 
a panel fixed-effects regression of outmigration (blue bars) or net migration 
(orange bars) on whether a county experienced a storm. The first bar plots the 
coefficient from a regression with only contemporaneous storms. The next six 
show coefficients from a separate regression that includes contemporaneous 
storms and the five years after a storm. The final bar shows the sum of the 

coefficients from the lags regression. Starting from the top, the first panel shows 
the results from a sample with storms causing at least US$10 million in damages, 
then US$20 million, US$40 million, US$80 million and lastly only storms causing 
at least US$160 million in damages. The light grey lines show the 95% CIs. The 
sample size for these regressions was 52,514 for the outmigration results and 
52,448 for the net migration results.
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the total population exposed to storm risk changed over our sample 
period? This is a test of whether any long-term migration that has 
occurred has been large enough to offset other countervailing forces 
(for example, organic population growth in at-risk areas) such that it 
reduces the country’s total population-weighted storm risk over the 
long run (in our case, a 25-year period).

We found that with respect to both all storms and the set of the 
most damaging storms, overall population exposure to storms has 
increased over our sample period (Fig. 3a). We calculated the average 
exposure to each type of storm—high and low damage—across all the 
counties in our sample in each year of the sample, weighting each year 
individually on the basis of the population living in the county in that 
year. This holds exposure to storms constant at the county level and 
reallocates risk across years according to changes in county popula-
tions. Migration is not the only determinant of county population, 
but if there is systematic migration—that is, larger than population 
growth—to places that reduce population-level risk, the overall popula-
tion risk would be declining, holding storms constant. We observed the 
opposite. The blue and dashed orange lines in Fig. 3a are both increas-
ing relative to the solid grey and dashed grey lines, which represent the 
population-level risk had the distribution of population remained the 
same across counties.

We also found that the total number of storms a county experi-
enced over our 25-year sample and the total net migration it experi-
enced are positively correlated. In Fig. 3b, we show that the Z-score 
of total storms and the Z-score of total net migration are positively 
correlated (t2,382 = 5.70; P < 0.001; β = 0.12; 95% CI, 0.08, 0.16). Expe-
riencing one standard deviation more storms in our sample period is 
associated with a 0.12-standard-deviation increase in net migration. 
That is, counties that experienced more storms in our sample had on 
average more migrants moving in than moving out.

Moving to opportunity versus moving to adaptation
Migration is often driven by economic opportunity, with individuals 
choosing to relocate to locations with better economic prospects19. 
Even migration that occurs after weather shocks may be motivated 
by economic opportunity43. Using data on county-level GDP as a 

proxy for economic opportunity, we observed that higher county 
GDP is strongly positively correlated (t2,324 = 36.41; P < 0.001; β = 0.86; 
95% CI, 0.81, 0.91) with total net migration over our sample period 
(Fig. 4a). A one-standard-deviation increase in GDP in 2019 is associ-
ated with a 0.86-standard-deviation increase in net migration over 
our sample period.

Using the same data, we examined the extent to which there is a 
trade-off between moving to economic opportunity and moving to 
places that face lower storm risk. We observed that places with greater 
economic opportunity, proxied by higher county-level GDP in 2019, 
face greater storm risk. The correlation between economic activity and 
the number of storms that a county experienced in our sample is posi-
tive (Fig. 4b). The positive correlation between GDP and storms, which 
shows that a doubling of GDP is associated with experiencing 0.68 
more storms in our sample (a 27% increase from the mean) (t2,331 = 19.16; 
P < 0.001; β = 0.68; 95% CI, 0.61, 0.75), suggests that migrants do face a 
trade-off between moving to areas with greater economic activity and 
those with lower storm risk.

Combined with our finding that population-weighted exposure 
to storms has increased slightly over time, these results suggest that 
the benefits of economic opportunity currently outweigh the costs 
associated with the risk of greater storm exposure that people face. 
To test this directly, we ran a horse race where we allowed net migra-
tion to be a function of both a county’s storm risk and its GDP in 2019.

We found that GDP is substantially more predictive of net migra-
tion than storm risk (Supplementary Table 10). A standard-deviation 
change in GDP is associated with more than double the change in net 
migration associated with a standard-deviation change in storm expo-
sure. We discuss these results further in Supplementary Information 
section 2.8.

Discussion
Migration out of US counties after average storms did not increase 
between 1992 and 2017. Outmigration did increase after the most 
damaging storms in our sample. The migration that did occur after 
storms, even some of the most damaging ones, generally did not involve 
movement to counties that are at substantially lower risk of future 
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Fig. 3 | Trend in population-weighted exposure and correlation between net 
migration and total storms. a, Trend in population-weighted exposure. We 
plotted the weighted average number of storms across all 2,387 counties in our 
sample. Weights are the county population in each year. The number of storms in 
each county is the sum over the sample and so remains constant across years. The 
change in the trend line is due to changes in where people live. The flat grey lines 
show the weighted average if populations had not changed from 1990 levels—that 
is, if no one had moved. The solid lines show all storms. The dashed lines show 

storms with at least US$10 million in damages according to FEMA. b, Correlation 
between net migration and total storms. The Z-score of total net migration is 
the Z-score across all counties of the sum of net migration (in-migration minus 
outmigration) in the county across all years in the sample. The Z-score of total 
storms is the Z-score across all counties of all storms over our sample period. All 
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counties. The dashed line is the linear best fit line of the plotted data points.
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storms than the origin county. Rather, we found that the population 
of impacted counties may actually increase after storms, consistent 
with prior evidence that demand for homes in impacted counties 
exceeds supply in the years after storms44. We also found evidence 
that exposure to storm risk has increased between 1992 and 2017 at 
the population level due to changes in the geographic distribution of 
the US population.

We found evidence of a trade-off between moving to locations 
with more economic opportunity and moving to those that are at lower 
risk from future storms in the USA. Many of the most economically 
productive counties (for example, New York County, Harris County and 
Miami-Dade County) are also among the most exposed to storms. The 
agglomeration benefits offered by these cities may currently outweigh 
the incentives to reduce exposure to future storms by relocating. This is 
a consequence of the particular economic geography of the USA and of 
particular policies. More migration that reduces risk in the USA might 
happen in the future, but our results suggest that it will not happen 
without changes in the economic, social and policy landscape.

It is important to note that our analysis examines the aggregate 
migratory response to storms. There is likely to be substantial indi-
vidual heterogeneity in this response (Supplementary Information 
section 2.5). This heterogeneity will be driven in part by the aspiration 
and ability of individuals to move in response to storms17. It is possible 
that we found relatively low average migration responses after storms 
because those individuals who are most impacted by storms, and so 
would benefit the most from moving to avoid future storms, have the 
least ability to move. Conversely, those with the ability to move may 
also be able to self-insure against damages from storms and so have 
limited aspirations to move.

One response to our results is to point out that the gravity-type 
models that urban and trade economists use have long recognized the 
importance of agglomeration and economic opportunity as dominant 
forces driving migration. We acknowledge those models but highlight 
that this same class of models is often used to show that migration will 
occur in ways that reduce the risks of climate change, implying that 
individuals move away from at-risk areas9,39. In showing that those 
at-risk areas are often centres of economic opportunity—at least in the 
USA—and that these areas of opportunity attract migrants despite the 

higher risk of storms, our paper complicates these existing models. 
Specifically, our empirical results suggest that the relative weights 
given to economic opportunity and climate change in gravity model 
calibration may need to be revised. Some of these revisions appear to 
be occurring. Recent work using these models calibrated to US county 
data has found that high-damage storms lead to outmigration, similar 
to our results, but, in a calibrated model, overall migration may have 
a negligible impact on aggregate losses from climate change45. A rela-
tively small role for migration in reducing damages from future climate 
change, absent substantial changes to migration patterns, is consistent 
with the results we present here.

Our results are subject to several important caveats. First, it is 
difficult to prove a null effect. We have shown relatively precise zero 
effects across a variety of sensible specifications and ways of measur-
ing exposure to storms. However, it remains possible that particular 
sub-populations or geographies are in fact experiencing adaptive 
migration. This is particularly true given that our measure of migra-
tion relies on individuals filing tax returns. Very low-income or other 
vulnerable populations may not file returns and so may not appear in 
our data. The migratory responses of these individuals may therefore 
be different from what is documented here.

Second, we cannot measure within-county migration. This may 
be an important dimension of adaptation, as individuals move from 
more- to less-exposed areas within the same county. We cannot capture 
this form of adaptive migration. However, recent work using data from 
US Census tracts has found little to no evidence that migration within 
US counties has reduced a composite of climate change risk28. This 
result, using aggregate data examining all moves, is contrary to work 
that focuses on movement after targeted buy-out programmes27,46.

Third, there are many other natural disasters whose frequency will 
increase as a result of climate change. Our evidence does not indicate 
that adaptive migration in response to these other disasters is not 
occurring. Different kinds of disasters may lead to different kinds of 
migratory responses. Nor do our results preclude the possibility that 
migration has been adaptive for some sub-groups of the population. 
We show that on average individuals do not leave in response to storms. 
But it is possible that some sub-groups of the population have stronger 
adaptive migratory responses.
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county across all years in the sample. The Z-score of GDP is based on county GDP 
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that includes the outliers in Supplementary Fig. 3. b, Correlation between the 
number of storms and GDP. Total storms is the sum of storms hitting each county 
across all years in our sample. ln(2019 GDP) is the natural log of county GDP in 
2019, as measured by the Bureau of Economic Analysis. All points are shaded 
equally, with darker areas on the graph indicating a greater density of counties. 
The x-axis units are log points.
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Finally, we show that the population exposed to storm risk has 
increased over time. This suggests that migration away from at-risk 
areas is not large enough to offset the other drivers of population 
growth in these areas. But that does not necessarily mean that migra-
tion has not reduced risk in these areas at all. It is possible—relative 
to a counterfactual of no migration, for example—that migration has 
lowered the total population exposed to storms. Nonetheless, we 
believe our results are important because they indicate that, despite 
any adaptive migration that may be occurring, population in at-risk 
areas has grown relative to the population in lower-risk areas over our 
sample period.

The decision of whether or not to migrate occurs in a specific eco-
nomic, social and policy context. Our results may be driven by existing 
policy supports and insurance markets that do not fully price in the 
effects of climate change, leading people to face lower-than-optimal 
costs of storm damage33,47. The USA is a wealthy country with robust 
insurance and other programmes to compensate those who suffer 
damages from storms. These programmes may dampen the migratory 
response to storms. Our results are not evidence that the migratory 
response to storms everywhere will be so limited, especially in places 
where similar insurance and compensation schemes do not exist. 
Similarly, high-risk areas could be lowering the costs of future storms 
to individuals by investing in more storm-resilient infrastructure and 
thus lowering incentives for adaptive migration. To the extent that 
all of these forces are at play, there is an important role for policy in 
encouraging adaptive responses2,48,49.

Non-policy changes in economic and social conditions in which 
the decision to migrate occurs may also change. The increasing preva-
lence of remote work in the aftermath of the COVID-19 pandemic is 
one example. If forces such as remote work reduce the agglomeration 
benefits of coastal cities, they may reduce the trade-off between mov-
ing to economic opportunity, staying socially connected and adapting 
to climate change. The increasing frequency and intensity of storms 
due to climate change may also make damages a more salient feature 
of the migration decision in the future.

Future research is needed to understand what factors currently 
lead to the limited migratory response to storms in the USA. Such 
research will be useful for informing discussions of managed retreat. 
The contrast between our results and those focusing on targeted 
buy-out programmes suggests these programmes may have substantial 
effects relative to a counterfactual of no policy intervention. Migration 
in the face of climate change will certainly occur in the future as some 
coastal areas become uninhabitable. Understanding why current pat-
terns of settlement appear to be leading to larger, rather than smaller, 
populations in these at-risk areas is critical to understanding how to 
minimize the costs of future climate change.

Methods
Data
We used data on the tracks of every Atlantic basin storm that has struck 
the continental USA from 1988 to 201850. These data are based on infor-
mation tracked by the NOAA Storm Events database and the National 
Hurricane Center. They provide us with information on the track, 
rainfall totals and wind speeds associated with the storms, as well as 
the counties that experienced a flood warning as a consequence of 
each storm. NOAA also provides data on the intensity of storms in the 
Atlantic basin that indicate that the strength and frequency of these 
storms have grown over time51.

We define counties as exposed to a storm in three ways. In our 
primary analysis, a county is considered exposed if it experienced a 
flood warning within one day of the track of the storm passing through 
it or if it experienced winds greater than 21 m s−1 in the same period. In 
alternative analyses, we used the flood warning definition and the wind 
speed definition individually to assign exposure. In Supplementary 
Fig. 1, we show the counties affected by storms under these alternative 

definitions in our sample. We chose 21 m s−1 as our wind threshold 
because this is (1) the wind speed at which NOAA indicates structural 
damage to buildings will begin to occur and (2) approximately the 
lower bound for wind speed for a storm to be considered a tropical 
storm. It is substantially below the minimum wind speed on the Saf-
fir–Simpson scale for a Category 1 hurricane. We note, however, that 
our results are robust to using higher wind speed thresholds and that, 
as one increases the wind speed threshold to the Category 1 threshold, 
the set of impacted counties collapses to those that would be included 
on the basis of the flooding definition. We show in the Supplementary 
Information that our results are robust to using only those counties 
that meet this flooding threshold.

We supplemented these data with data from FEMA on the total 
payments made to individuals for every disaster declared by FEMA 
since 1954.

Our migration data come from the Internal Revenue Service Sta-
tistics of Income’s county-to-county migration flows. The Internal 
Revenue Service publishes data on the number of migrants leaving 
each county and their destination based on aggregated tax return data 
for each year from 1991 to 2019.

From these datasets, we assembled a balanced panel that lists all 
migration to and from all counties in the USA and the number of storms 
each county experienced from 1992 to 2017.

Empirical approach
Our base specification is a two-way fixed-effects model of the form:

Yist = β1� [Stormist] +
5
∑
τ=1

βt� [Stormis,t+τ] + αis + χt + ηs + ϵit (1)

where, in our first analysis, Yist is the number of outmigrants (or net 
migration) from county i in state s and year t. We estimated models 
using the inverse hyperbolic sine transformation of these outcomes, 
as well as a Poisson specification. 1[Stormist] is an indicator of whether 
a county experienced a storm in a given year. We defined exposure in 
a variety of ways (for example, maximum wind speed, flood warnings 
or cost of damage), taking advantage of the range of data we have on 
each storm. In some specifications, we also allowed storms to have 
a five-year lag effect. We also examined the impact of five years of 
leads in the Supplementary Information. In specifications without 
leads or lags, we did not control for the occurrence of storms in years 
other than t. αis is a county fixed effect, χt is a year fixed effect and ηs is 
a state-by-year trend.

In our second analysis, we estimated the following model:

ΔEist = β1� [Stormist] + αis + χt + ηs + ϵit (2)

where our outcome, ΔEist, is the weighted average difference in expo-
sure to storms between the counties receiving migrants from county 
i over our full sample and county i. We weighted by the number of 
migrants heading to each receiving county in a given year. In other 
words, if county i sent migrants to five other counties over our sam-
ple, we took a weighted average of the number of storms experienced 
by those five counties during the sample, where the weights are the 
number of migrants sent by county i, and then took the difference 
between the storms experienced by county i and this weighted average. 
In this specification, exposure is defined as the sum of the storms each 
county experienced in our sample period. We also estimated a version 
of this model where the outcome is the weighted average exposure of 
counties receiving migrants from county i, where the weights are the 
number of migrants in year t.

The purpose of this analysis is to measure whether migrants move 
to counties with lower storm risk when they move after a storm. We 
also examined whether the migrants who move after a storm move 
to counties with different levels of storm risk, regardless of how that 
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risk level relates to their home county, and whether such patterns are 
different for migrants who move in a non-storm year.

No statistical methods were used to predetermine sample sizes, 
but our sample size includes all available data in our sample period. The 
length of the sample period is determined by the availability of data on 
storm tracks. In our t-tests, we did not test for normality formally, as our 
sample size is large and t-tests are generally robust to deviations from 
normality. We did not assume equal variances in our t-tests.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
All raw data used in the study are publicly available, and descriptions 
of the original data sources are provided in the main text, Methods or 
Supplementary Information. The data to replicate the findings of the 
study are available via Harvard Dataverse at https://doi.org/10.7910/
DVN/FNFYUG.

Code availability
The code to replicate the results is available via Harvard Dataverse at 
https://doi.org/10.7910/DVN/FNFYUG. The results are generated using 
Stata v.17, ArcGIS v.10 and R v.4.2.3.
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A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient) 
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted 
Give P values as exact values whenever suitable.

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code
Policy information about availability of computer code

Data collection Data collection is fully described in the manuscript.

Data analysis Data analysis and software used are fully described in the manuscript. Data was analyzed using Stata17 and RStudio (2021.09.2)

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and 
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.

Data
Policy information about availability of data

All manuscripts must include a data availability statement. This statement should provide the following information, where applicable: 
- Accession codes, unique identifiers, or web links for publicly available datasets 
- A description of any restrictions on data availability 
- For clinical datasets or third party data, please ensure that the statement adheres to our policy 

 

All raw data used in the study is publicly available with descriptions of the original data sources provided in the text, methods, or SI. Data to replicate the findings of 
the study is available here: https://doi.org/10.7910/DVN/FNFYUG. Code to replicate the results is available here: https://doi.org/10.7910/DVN/FNFYUG.
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Research involving human participants, their data, or biological material
Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation), 
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender N/A

Reporting on race, ethnicity, or 
other socially relevant 
groupings

N/A

Population characteristics N/A

Recruitment N/A

Ethics oversight N/A

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Field-specific reporting
Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

Life sciences Behavioural & social sciences  Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Behavioural & social sciences study design
All studies must disclose on these points even when the disclosure is negative.

Study description Data is quantitative. Study uses secondary data to analyze the impact of storms on migration in the U.S.

Research sample The sample is all counties impacted by storms in the Eastern U.S. from 1992-2017. All available data is included in the sample. The 
sample is representative of the population of U.S. counties that are impacted by storms in the U.S. This sample was selected because 
it is all of the counties in the U.S. that are impacted by Atlantic basin storms. 

Sampling strategy The sample is the full set of available data. No other method of selecting sample size was used.  

Data collection Data was collected from existing data sources. The researcher collecting the data was not blinded to experimental condition and the 
study hypothesis.

Timing Data was downloaded from existing sources starting in January 2022 and continued until July 2022.

Data exclusions No data was excluded

Non-participation No participants were included in the study.

Randomization There was no randomization of treatment in the study by the authors. It is not possible to randomize the occurrence of storms. 

Reporting for specific materials, systems and methods
We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material, 
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response. 
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Materials & experimental systems
n/a Involved in the study

Antibodies

Eukaryotic cell lines

Palaeontology and archaeology

Animals and other organisms

Clinical data

Dual use research of concern

Plants

Methods
n/a Involved in the study

ChIP-seq

Flow cytometry

MRI-based neuroimaging

Novel plant genotypes N/A

Seed stocks N/A

Authentication N/A
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