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% Check for updates The health impact of floods has not been well characterized. This study eval-

uated long-term associations between cause-specific mortality rates and
county-level monthly flood days (excluding coastal floods caused by tropical
storms) in the post-flood year in the contiguous U.S., using a triply robust
approach incorporating propensity score, counterfactual estimation, and
confounder adjustment. Death records came from the CDC National Center
for Health Statistics (2001-2020) and floods came from the NOAA Storm
Events Database (2000-2020). We found that one flood day was associated
with 8.3 (95% CI: 2.5 to 14.1) excess all-cause deaths per 10 million individuals,
3.1due to myocardial infarction, 2.4 due to respiratory diseases, and 5.9 due to
external causes. From 2001 to 2020, 22,376 (95% Cl: 6,758 to 37,993) all-cause
deaths were attributable to floods. Our findings highlight the long-term health
risks after floods, and a need for measures to reduce these risks.

Flooding can lead to huge loss of life and properties. Floods due to
excessive rainfall were the third most common type of billion-dollar
natural disaster event in the U.S. from 1980 to 2023, following severe
storms and tropical cyclones and causing a total cost of about 200
billion dollars'. Moreover, the risk of floods is increasing, driven by the
dual challenges of climate change and population growth in areas with
flood risk®. As an example, the Missouri and Mississippi River flooding
in 2019 was severe, which cost $17 billion and was directly linked to
seven deaths*. However, this fatality count might not fully capture the
true health impact, as it overlooks floods” enduring direct and indirect
consequences’.

The health impact of floods (e.g., drownings and other injuries)
can be immediate, often occurring within days, and can extend over a
longer period. Longer-term health impacts can arise directly, such as
through infectious diseases, or more commonly, through indirect
pathways such as deteriorated health conditions following emotional
stress® or disruption to infrastructure, social services, and medical
supplies that impede access to or quality of medical care”®.

Despite these impacts, a comprehensive assessment of the pro-
longed effects of floods (e.g., during the post-flood year) is lacking. A
recent multi-country multi-city study found elevated risk for all-cause,
cardiovascular, and respiratory mortality, but the time window was up

'Department of Environmental Health Sciences, Yale School of Public Health, New Haven, CT 06520, USA. 2Yale Center on Climate Change and Health, Yale
School of Public Health, New Haven, CT 06520, USA. ®Department of Biostatistics, Yale School of Public Health, New Haven, CT 06520, USA. “Center for
Outcomes Research and Evaluation, Yale-New Haven Hospital, New Haven, CT 06510, USA. 5Section of Cardiovascular Medicine, Department of Internal
Medicine, Yale School of Medicine, New Haven, CT 06520, USA. ®Department of Social and Behavioral Sciences, Yale School of Public Health, New Haven, CT
06520, USA. "Department of Chronic Disease Epidemiology, Yale School of Public Health, New Haven, CT 06520, USA. 8Department of Biomedical Infor-
matics & Data Science, Yale School of Medicine, New Haven, CT 06510, USA. ®Yale Cancer Outcomes, Public Policy, and Effectiveness Research Center, New
Haven, CT 06520, USA. °Section of General Medicine and the National Clinician Scholars Program, Department of Internal Medicine, Yale School of Medicine,
New Haven, CT 06510, USA. "Department of Health Policy and Management, Yale School of Public Health, New Haven, CT 06520, USA.
e-mail: kai.chen@yale.edu

Nature Communications | (2025)16:2853 1


http://orcid.org/0000-0002-7613-2769
http://orcid.org/0000-0002-7613-2769
http://orcid.org/0000-0002-7613-2769
http://orcid.org/0000-0002-7613-2769
http://orcid.org/0000-0002-7613-2769
http://orcid.org/0000-0001-9544-4234
http://orcid.org/0000-0001-9544-4234
http://orcid.org/0000-0001-9544-4234
http://orcid.org/0000-0001-9544-4234
http://orcid.org/0000-0001-9544-4234
http://orcid.org/0000-0001-9472-8032
http://orcid.org/0000-0001-9472-8032
http://orcid.org/0000-0001-9472-8032
http://orcid.org/0000-0001-9472-8032
http://orcid.org/0000-0001-9472-8032
http://orcid.org/0000-0002-9218-3320
http://orcid.org/0000-0002-9218-3320
http://orcid.org/0000-0002-9218-3320
http://orcid.org/0000-0002-9218-3320
http://orcid.org/0000-0002-9218-3320
http://orcid.org/0000-0003-2046-127X
http://orcid.org/0000-0003-2046-127X
http://orcid.org/0000-0003-2046-127X
http://orcid.org/0000-0003-2046-127X
http://orcid.org/0000-0003-2046-127X
http://orcid.org/0000-0002-0164-1112
http://orcid.org/0000-0002-0164-1112
http://orcid.org/0000-0002-0164-1112
http://orcid.org/0000-0002-0164-1112
http://orcid.org/0000-0002-0164-1112
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-025-58236-0&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-025-58236-0&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-025-58236-0&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41467-025-58236-0&domain=pdf
mailto:kai.chen@yale.edu
www.nature.com/naturecommunications

Article

https://doi.org/10.1038/s41467-025-58236-0

to 60 days after floods, which captured better the short- to medium-
term associations’. In contrast, a Czechian study found no significant
excess deaths from cardiac diseases in the flood month™. Three other
studies found contradictory results based on comparisons of all-cause
death tolls between flooded versus non-flooded periods or areas in the
post-flood years, without in-depth consideration of other weather
variables or spatiotemporal confounding ™.

In this study, we explored long-term associations between floods
and cause-specific mortalities in the post-flood year in the U.S. using a
triply robust approach incorporating propensity score, counterfactual
estimation, and confounder adjustment (Fig. 1). We assessed the out-
come and exposure by county-level age-standardized monthly mor-
tality rates using the 2000 U.S. standard population' (Fig. S1) and
moving averages of county-level monthly flood days. We investigated
23 disease categories based on the International Statistical Classifica-
tion of Diseases and Related Health Problems, 10™ Revision (ICD-10)
codes (Table 1). We additionally compared such associations across
flood types (flash inland floods defined as rapidly rising water within
minutes to hours [generally less than six hours] versus non-flash inland
floods®) and sub-populations defined by age, sex, race, and ethnicity. It
should be noted that this study did not include coastal floods asso-
ciated with storms of tropical origin.

Results

Study characteristics

From 2000 to 2020, floods affected 99.6% of the contiguous U.S.
counties (Fig. 2), and over 70% of flood days were non-flash inland
floods (hereinafter referred as non-flash floods) (Table S1). There were

Calendar month

41,983,819 deaths from 2001 to 2020. Approximately one-third were
attributed to circulatory diseases (N=13,810,907 [32.9%]), and one-
quarter were neoplasms (N =9,749,778 [23.2%]) (Table 1). Respiratory
diseases (9.6%), external causes (7.1%), and nervous diseases (6.4%)
were also among the leading causes.

Individuals aged =65 years accounted for most all-cause deaths
(74.8%), non-external deaths (78.4%), deaths for neoplasms (71.6%),
and deaths for circulatory diseases (82.6%); while individuals below 64
years contributed to 73.3% of deaths from external causes (Table S2).
Females and males contributed approximately equally, except that
67.9% of deaths from external causes occurred in males. Approxi-
mately 72-80% of deaths (varied by causes) occurred in non-Hispanic
White populations (population share = 65.1% from 2000 to 2020),
11-14% in non-Hispanic Black populations (population share = 12.9%),
and 6%-10% in Hispanic White populations (population share = 14.6%).

Association between floods and mortality
In our preliminary analysis, cause-specific associations would not
extend over one year in general (Fig. S2). For example, the strongest
association with all-cause mortality appeared approximately at lag
0-10 months. And taking seasonality into additional consideration, we
thus selected 12 months (i.e., lag 0-11 months) as the main timespan
for associations between floods and mortality.

In the year following a flood day, the excess all-cause deaths were
8.3 (95% confidence interval [CI]: 2.5-14.1) per 10 million individuals
(Table 2).

There were 2.5 (95% Cl: 0.1-5.0) excess deaths due to ischemic
heart disease and 3.1 (95% CI: 1.4-4.8) due to its subcategory --
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Fig. 1| Triply robust approach applied in this study. We developed a triply robust
approach: (1) County-month observations were assigned into treatment/control,
and propensity scores of being treatment/control were estimated (named “pro-
pensity-score model”). (2) With inverse-probability weights based on propensity
scores, age-standardized death counts were regressed on covariates in the control

r< Fitted propensity scores >

Step 2: Counterfactual estimation

group (named “control-outcome model”). Using the fitted control-outcome model,
counterfactual outcomes in the treatment group were estimated had floods not
occurred. (3) In the treatment group, the residual mortality rates were regressed on
the flood exposure (named “treatment-outcome model”), weighted by the inverse-
probability weights calculated from propensity scores.
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myocardial infarction. The excess deaths due to cerebrovascular dis-
eases were 1.6 (95% Cl: 0.4-2.9). Regarding respiratory diseases (excess
deaths=2.4 [95% CI: 0.5-4.3]), the dominant contributor was chronic
obstructive pulmonary disease (COPD; 2.2 [95% Cl: 0.6-3.7]). The excess
deaths for external causes were 5.9 (95% CI: 3.6-8.2), and the major
subcategory -- unintentional injuries -- had 3.1 (95% Cl: 1.5-4.8), which
was mostly due to injuries in transport accidents (1.7 [95% CI: 0.3-3.0]).

Table 1| Counts of deaths by cause (with the corresponding
ICD-10 codes)® during the study period (2001-2020) in the
contiguous United States

Cause ICD-10 N (%)
All-cause Any 41,983,819
Non-external Any excluding 39,001,481 (92.90)
VOO-Y99
Certain infectious and parasitic A00-B99 964,396 (2.30)
diseases
Neoplasms C00-D49 9,749,778 (23.22)
Endocrine, nutritional and meta- EOO-E89 1,873,615 (4.46)
bolic diseases
Mental and behavioral disorders FO1-F99 1,891,520 (4.51)
Dementias® FO1-FO3 1,634,836 (3.89)
Diseases of the nervous system G00-G99 2,675,503 (6.37)
Alzheimer’s disease G30 1,551,986 (3.70)
Diseases of the circulatory 100-199 13,810,907 (32.90)
system
Hypertensive diseases 110-16 1,233,043 (2.94)
Hypertensive heart disease m 659,848 (1.57)
Ischemic heart diseases 120-125 6,734,482 (16.04)
Myocardial infarction 121-123 2,120,355 (5.05)
Cerebrovascular diseases 160-169 2,199,984 (5.24)
Diseases of the respiratory J00-J99 4,021,517 (9.58)
system
Chronic obstructive pulmonary J40-)44 2,282,878 (5.44)
disease
Diseases of the digestive system KOO-K95 1,440,853 (3.43)
Diseases of the genitourinary NOO-N99 1,007,482 (2.40)
system
External causes of morbidity and V0O0-Y99 2,982,338 (7.10)
mortality
Unintentional injuries VO1-X59 1,307,530 (3.11)
Injuries in transport accidents VO1-Vo9 485,465 (1.16)

Self-harm X60-X84, Y87.0 665,753 (1.59)

2All-cause deaths included non-external and external causes, and non-external deaths were
further classified into certain infectious and parasitic diseases, mental and behavioral disorders,
diseases of the circulatory system, etc.

®Only including non-Alzheimer’s dementias.

There were also some associations with decreased mortality. We
observed -1.5 (95% CI: -2.6 to -0.4) excess deaths due to dementia. As
for hypertensive diseases, a subcategory of circulatory diseases, the
excess deaths were -1.0 (95% CI: -2.0 to -0.1), and its subcategory,
hypertensive heart disease had -2.1 (95% Cl: -2.9 to -1.4) excess
deaths.

There were no significant associations between floods and other
causes of death in the post-flood year.

Association by flood type

The patterns associated with non-flash floods were similar to those
with all-type floods (Table 2). Excess deaths were due to all-cause,
ischemic heart diseases, cerebrovascular diseases, respiratory dis-
eases, and external causes, along with decreased deaths in hyperten-
sive heart disease.

For flash inland floods (hereinafter referred as flash floods), pat-
terns with circulatory diseases had the opposite direction from non-
flash floods. There were decreased deaths due to ischemic heart dis-
eases (-20.1 [95% CI: -37.6 to -2.6]) and cerebrovascular diseases
(-17.7 [95% CI: -26.6 to -8.8]), while adverse associations with hyper-
tensive diseases (12.1 [95% CI: 5.4-18.9]). Furthermore, there was no
association with all-cause deaths, respiratory diseases, and aggregated
external causes, which was different from non-flash floods.

We also observed excess deaths for genitourinary diseases (9.6
[95% Cl: 3.5-15.6]) and decreased deaths for neoplasms (-31.2 [95% CI:
-51.3 to -11.1]) and self-harm (-15.3 [95% CI: -23.9 to -6.7]) for flash
floods, which was not found for non-flash floods.

For other causes, flash floods generally showed stronger asso-
ciations in the same direction as non-flash floods.

Association by age, sex, race, and ethnicity

In the post-flood year, individuals aged >65 years had more excess all-
cause (48.2 versus -0.7 in younger individuals), non-external (33.3
versus -5.7), and external (13.3 versus 4.1) deaths (Fig. 3 and Table S3).

Females had more excess all-cause (12.8 versus -0.6 among
males) and non-external (9.1 versus -8.9) deaths, while males had
higher excess external deaths (9.8 versus 1.1 among females) (Fig. 3 and
Table S4).

Among different racial and ethnic groups, we found lower excess
deaths due to external causes among the non-Hispanic White popu-
lation (6.6 versus 164.5 and 76.5 in non-Hispanic Black and Hispanic
White populations, respectively) (Fig. 3 and Table S5).

Deaths attributable to floods
All-cause deaths attributable to floods were 22,376 (95% Cl: 6758 to
37,993) (Table S6). Myocardial infarction (attributable deaths=8453
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Fig. 2 | Counts of flood days by county from 2000 to 2020 in the contiguous United States. We converted the event-level record from the Storm Events Database by

NOAA into county-level monthly count of flood days (indicated by color in the map).
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Table 2 | Estimated excess mortality rate (per 10,000,000 individuals) and 95% confidence intervals per additional monthly
flood day in the post-flood year (i.e., lag 0-11 months) by flood type

Cause

All-type flood

Non-flash inland flood

Flash inland flood

All-cause

8.3(25t014.1)

8.6(2.7t014.5)

-22.6 (-64.4 t019.1)

Non-external

2.8(-2.6t08.1)

2.8 (-2.7t0 8.2)

-23.2(-61.8 t0 15.3)

Certain infectious and parasitic diseases

-0.5(-1.2t0 0.1)

-0.6 (-1.2t0 0.1)

-3.2(-7.6t01.3)

Neoplasms

-11(-3.9t01.7)

-1.5(-4.4t0 1.3)

-31.2 (-51.3 to -11.1)

Endocrine, nutritional and metabolic diseases

-0.3(-1.7t0 1.1)

-0.3(-1.7to 1.)

3.1(-6.7t013.0)

Mental and behavioral disorders

-0.5(-1.7t0 0.7)

-0.2(-1.4t01.1)

-31.4(-40.0 to -22.8)

Dementias

-15(-2.6 t0 -0.4)

-1.0(-2.1t0 0.1)

-40.9 (-48.4 t0 -33.3)

Diseases of the nervous system

-0.5(-2.0t0 1.0)

-0.4(-1.9 to 1.1)

-2.5 (-13.0 to 8.1)

Alzheimer’s disease

-0.9(-21t0 0.3)

-0.9(-21t0 0.4)

-5.8 (-14.3 t0 2.7)

Diseases of the circulatory system

2.7(-0.6 t0 6.0)

3.3(0.0t0 6.7)

-24.0 (-47.8 to -0.3)

Hypertensive diseases

-1.0(-2.0 to -0.1)

-1.4(-2.3t0-0.4)

12.1(5.4 t0 18.9)

Hypertensive heart disease

-21(-2.9to-1.4)

-2.4(-3.2t0-1.7)

6.9 (1.9 to 11.9)

Ischemic heart diseases

2.5(0.1t0 5.0)

2.8(0.4t05.3)

-20.1(-37.6 to -2.6)

Myocardial infarction

31(1.4t04.8)

3.3(1.6t0 5.1)

-10.6 (-22.8 to 1.7)

Cerebrovascular diseases

1.6 (0.4 t0 2.9)

2.1(0.8t03.3)

-17.7 (-26.6 to -8.8)

Diseases of the respiratory system

2.4(0.5t0 4.3)

2.7 (0.7 to 4.6)

-8.7 (-22.2 t0 4.8)

Chronic obstructive pulmonary disease

22(0.6t03.7)

2.4 (0.8 t0 4.0)

-6.1(-17.3t0 5.1)

Diseases of the digestive system

-0.8(-1.8t0 0.2)

-1.0(-2.0t0 0.1)

-4.0 (-11.1t0 3.1)

Diseases of the genitourinary system

-02(-11t0 0.6)

~0.3(-1.2 t0 0.6)

9.6 (3.5t015.6)

External causes of morbidity and mortality

5.9(3.6t08.2)

6.4 (4110 8.8)

-3.5(-20.0 t0 13.1)

Unintentional injuries

3.1(1.5t0 4.8)

3.3(1.6t0 5.0)

5.7(-6.0t017.4)

Injuries in transport accidents

1.7 (0.3 t0 3.0)

1.7 (0.4 to 3.1)

4.4(-5.1t013.9)

Self-harm

0.6 (-0.6t0 1.8)

1.0(-0.3t02.2)

-15.3 (-23.9to -6.7)

[95% CI: 3863 to 13,044]) and respiratory diseases (6390 [95% CI:
1328-11,451]) contributed to approximately 38% and 29% of attribu-
table deaths, respectively; and around 71% were from external causes
(15,925 [95% CI: 9646-22,204]). However, dementia-related and
hypertension-related diseases had negative attributable deaths to
floods (i.e., floods averted deaths due to dementia and hypertensive
diseases).

Sensitivity analysis

When varying the time window, we observed significant increases in
all-cause mortality from lag 0-3 to lag 0-11 months (Fig. S2). The length
of time window related with the strongest association varied by out-
come, generally ranging from half a year to a year, except for neo-
plasms and Alzheimer’s disease, which were two to three months. In
the other sensitivity analyses varying the fixed-effect terms, truncating
the propensity scores, laying restrictions on the affected areas of
exposed counties (i.e., excluding counties with < 20%, 40%, 60%, or
80% of the county area being affected by zonal floods), or restricting
the time period, the point estimates and variances were similar to
those from the primary analyses (Figs S3-6).

Discussion

All-cause deaths increased during the post-flood year, which
resulted in over twenty-two thousand attributable deaths in the con-
tiguous U.S. during 2001-2020, far exceeding the immediate deaths
reported by the U.S. Billion-Dollar Disasters database. Elevated mor-
tality was primarily due to respiratory diseases, external causes, and
specific subcategories of circulatory diseases (i.e., ischemic heart
diseases, cerebrovascular diseases). In contrast, there were
decreased deaths due to dementia and hypertensive diseases (con-
tributed by hypertensive heart disease). We found differential asso-
ciations by flood type and among sub-populations by age, sex, race,
and ethnicity.

This study adds to the current literature regarding the prolonged
and indirect health impacts from floods, covering diverse causes of
death. To date, few epidemiological studies have evaluated the long-
term associations between floods and mortality. We observed asso-
ciations in the same direction as the multi-country multi-city study
during the two months after floods for all-cause, cardiovascular, and
respiratory deaths, while that study did not evaluate other causes and
longer time windows for an in-depth comparison’. A recent difference-
in-differences analysis examined the association between seven
billion-dollar flood disasters or five billion-dollar flood/severe storm
disasters in the U.S. during 2011-2016 and mortality among Medicare
beneficiaries (a population predominantly aged 65 years and older),
finding no significant changes in the mortality rate in the weeks after
the disasters'®. This nonsignificant finding on mortality rate may be
due to the differences in their focus on billion-dollar weather disasters
(either floods or floods/severe storms) rather than all flood events,
examining Medicare fee-for-service beneficiaries rather than all age
groups, and the relatively short lag period (up to six weeks, compared
with 12 months in our study) after flood disasters.

Biologically in the long run, floods may cause emotional stress
(e.g., due to loss of relatives and friends and resettlement) and shifts in
lifestyle behaviors (e.g., sleep disorders and changes in exercise and
dietary patterns), which would cause body dysregulation and disturb
the human body’s homeostasis, increasing the risk for multiple dis-
eases, including circulatory diseases®”'®, Furthermore, the dampness
and mold growth in the flood-affected houses may last for months or
even over one year’, leading to increased risks for respiratory
diseases?®?, neurological disorders?*?, circulatory system diseases”**,
and liver and kidney damage®*”. Besides these direct pathways, floods
usually cause secondary disasters, including disruption of medical
services, power outages, disruption of transportation, and lack of daily
necessities (including food, clothes, shelters, and personal care sup-
plies) and other social supplies (including sanitation and hygiene
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Fig. 3 | Estimated excess mortality rate per additional monthly flood day in the
post-flood year (i.e., lag 0-11 months) by subgroup of age, sex, and race and
ethnicity. We performed stratified analyses by age (10,596,783 individuals aged
0-64 years; 31,387,036 individuals aged above 65 years) [Panel A], sex (21,249,942
females; 20,733,877 males) [Panel B], and race and ethnicity (33,032,160 non-

circulatory system

Hispanic White individuals; 5,037,864 non-Hispanic Black individuals; 2,690,009
Hispanic White individuals) [Panel C]. Center points indicated point estimates from
models, and error bars indicated 95% confidence intervals. P values were for
Q-statistics without consideration of multiple comparisons, and we considered
p<0.05 as statistically significant.

systems)>*, which would limit the accessibility to health care services,
decrease quality of life, and increase vulnerability, thereby indirectly
leading to hastened fatalities. In other words, floods add to the health
burden possibly due to exposure and increased vulnerability. How-
ever, these indirect pathways may not explain why certain diseases
(e.g., the circulation and respiratory systems) were more likely to be
associated with increased mortality risk after flood events. Further
research is warranted to advance our understanding of the underlying
biological, social, and behavioral mechanisms for different mortality
causes.

The decreased deaths due to specific causes of death may appear
puzzling, but several potential reasons may account for these findings.
First, these associations might be false by chance or due to shifts in
disease screening and diagnosis process. Emergencies like floods limit
access to routine medical services (e.g., blood pressure tests), post-
poning or canceling physical exams and preventive care, which in turn
delays or misses diagnoses after the onset of early symptoms,
Second, there could be mortality displacement across outcomes due
to competing risks**2. For example, an individual with undiagnosed
glioma may have severe brain hemorrhage and have their death
attributed to cerebrovascular diseases. Third, hypertension might
have been listed as a contributing cause, instead of a primary cause,
leading to underreporting and misclassification of hypertensive dis-
eases in death certificates, which might be exacerbated by floods due
to limited access to routine medical services®. Lastly, these associa-
tions could be real due to emergency actions after floods and more
attention paid to individuals in flooded areas (e.g., post-flood mobili-
zation of social support)*.

Regarding stronger associations with flash floods, suddenness,
intensity, timing, and locations could be the reasons based on hydro-
meteorological evidence®*. However, with no long-term epidemio-
logical evidence on flash floods, we are unable to confer a more
comprehensive discussion.

We observed vulnerability for all-cause or non-external deaths
among individuals >65 years and females, and vulnerability for exter-
nal causes among individuals >65 years, males and Hispanic White
populations. Using aggregated demographic information on the city-
level, Yang et al. did not observe any vulnerability among the older
population regarding all-cause and cardiovascular mortality during the
two months after floods’. Similarly, we did not observe heterogeneity
across age groups for circulatory mortality during the post-flood year
but found higher risk among older individuals for all-cause mortality.
On the opposite end, Milojevic et al. found no evidence for hetero-
geneous flood-related effects on all-cause mortality by age or sexin the
post-flood year in England and Wales or by age during the three years
after flooding in rural Bangladesh™". The vulnerability among older
populations may be due the relatively higher prevalence of chronic
conditions and more fragile body homeostasis. However, it is unclear
why females may be more vulnerable to non-external deaths when
compared to males, although they may be more likely to have more
severe psychological distress after disasters*** and to remain indoors
to take care of children and older dependents*’, whereas males may be
more vulnerable to external deaths due to a higher likelihood of being
outdoors or in occupational circumstances with higher risk for exter-
nal injuries*"*2, Preliminary U.S. flood fatality statistics showed that
64% of the direct flood fatalities were from male in the U.S. from 2010
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to 2020, which counted deaths like drowns due to floods flipping over
the vehicles™*. However, considering the scarce evidence, these
findings should be interpreted with caution and with consideration of
the study context, whereas they may alert targeted health manage-
ment in different populations after floods and call for further research
on potential disparities and mechanisms.

The findings of this study have important implications for
understanding the impact of floods on cause-specific mortality in the
U.S., offering critical insights for public health planning and disaster
preparedness. Even with a seemingly small magnitude of effect (i.e.,
approximately 8 excess deaths per 10 million individuals in the year
following one flood day), floods have caused considerable health
burden (more than twenty-two thousand attributable deaths; similar
to the number of unintentional injury deaths in 2022) in aggregate
across the contiguous U.S. over our study period. Such a number is
much greater than the direct deaths (n =266) due to floods from heavy
rainfall reported in the U.S. Billion-Dollar Disasters database, even if we
additionally counted all the deaths due to severe storms (n =1234) and
tropical cyclones (n=6096) by assuming 100% of their attribution to
accompanied inland floods (which is nearly impossible)'. However, the
U.S. Billion-Dollar Disasters database only included the most severe
events, overlooking the life loss in milder flood events. Furthermore,
the National Weather Service preliminarily reported a total of 1062
direct flood fatalities from 2010 to 2020, which does not count indirect
fatalities and is still considerably smaller than our estimate®. Our
flood-related attribution analysis underscores the prolonged and
indirect impacts of floods and the urgency of mitigation strategies
against floods, not only the most severe ones. The impacts will likely
become more substantial with more floods due to climate change. Our
findings across spectrum of causes and subpopulations may inform
the allocation of health care resources after floods. Beyond mortality,
which is a limited measure of health impact, further research on the
morbidity burden of floods is warranted.

Beyond above findings and implications, this study also adds to
the current literature from the aspect of methodology that we pro-
posed a triply robust approach to incorporate causal inference ideas.
Due to the “pulse” and relatively “rare” nature of extreme events like
floods, traditional methods were unstable and sensitive in our
exploratory analyses. In the context of climate change, more frequent
and more severe extreme events (e.g., tornado outbreak in Midwestern
and South-Central U.S. in April 2024) are raising the public concern
and interest. Our method is generalizable for further analysis of
extreme events.

There are limitations to our study. First, we do not have infor-
mation on the objective severity of the floods, which might influence
the magnitude of the association. The partially subjective nature of the
storm data may lead to confounding and exposure misclassification.
Both the local report of flood events and the death counts are affected
by the location and the timestamp of events, causing spatial and
temporal confounding. However, confounding was controlled by
including spatial and temporal fixed-effect terms in the propensity-
score and control-outcome models. On the other hand, the exposure
misclassification due to local subjective reports would make the con-
trol and treatment groups more similar, thus biasing the associations
towards the null. Second, we do not have information on population
displacement after floods. However, population mixing due to dis-
placement between flooded and non-flooded areas would bias the
associations towards the null. To reduce exposure misclassification,
we have restricted analyses to individuals whose county of death was
their residential county. Third, our analysis did not include coastal
floods associated with tropical storms. Therefore, our estimates of
flood-related health burdens should be interpreted with caution
regarding the definition of floods. Finally, we could not rule out the
possibility that our findings were positive or negative by chance. Fur-
ther research using different exposure assessment methods, based on

different locations, or utilizing different statistical approaches is
warranted.

During the year after floods, there were excess all-cause deaths in
aggregate. From 2001 to 2020, over twenty-two thousand deaths in
the contiguous U.S. were attributable to floods, substantially surpass-
ing officially reported estimates. These findings highlight the health
risks of floods and underscore the need for prolonged efforts to sup-
port individuals impacted by floods beyond the initial emergency
management. As the totality of knowledge about the health impacts of
floods is still limited, more systemic research is needed to enable
effective adaptation strategies under the backdrop of climate change.

Methods

Study settings and main outcomes

This study covered all 3103 county-equivalent areas (hereinafter
referred to as counties) throughout the contiguous U.S.**. We har-
monized the county boundaries from 2000 to 2020, taking into
account the historical changes in cartographic boundaries. We
obtained monthly death records by county (with individual-level
demographic information) from the National Center for Health Sta-
tistics (2000-2020) and yearly county-level population data by age
group from the Surveillance, Epidemiology, and End Results Program,
National Cancer Institute®. We then calculated county-level age-stan-
dardized mortality rates using the 2000 U.S. standard population™.
Hereinafter, mortality rates are age-standardized and reported per 10
million individuals.

We focused on 23 disease categories (Table 1). All-cause deaths
included non-external and external causes, and non-external deaths
were further classified into certain infectious and parasitic diseases,
mental and behavioral disorders, diseases of the circulatory system,
etc. Specific subcategories were also evaluated, like dementia and
myocardial infarction. Other categories were not assessed considering
sample sizes. See the screening process in Figure S1.

The Institutional Review Board of Yale University determined that
this study does not involve human subjects (ID: 2000036520).

Exposure assessment

We extracted flood events during 2000-2020 defined by the National
Oceanic and Atmospheric Administration (NOAA) Storm Events
Database”, along with their occurrence county/zone and the starting
and end dates. The database included all the flood events (excluding
coastal floods associated with tropical storms [e.g., hurricane]) with
sufficient intensity to result in financial loss, property damage, injuries,
or fatalities, incorporating information from both objective measures
(e.g., overflow volume and duration information from monitors and
emergency management officials) and local media (e.g., newspaper).
More details on the definition of floods were in Text S1. For the floods
coded as county events, we directly converted the event-level data into
county-level monthly count of flood days. For the floods coded as
zonal events, we used the NOAA county-forecast zone correlation table
to locate the affected counties, calculated the percentage of the
county area being affected based on the zone boundaries defined by
NOAA, and then counted county-level monthly flood days. In the main
analysis, we had no restriction on the size of affected area for a county
to be considered as exposed; while in the sensitivity analysis, we only
included counties affected by county-level floods and counties with
>20%, 40%, 60%, or 80% of the county area being affected by zonal
floods. We also calculated county-level monthly temperature, pre-
cipitation, and snow from the Daymet dataset*’.

Statistical analysis

All statistical analyses were based on 2001 to 2020 (with year 2000
excluded due to incomplete exposure records). We applied a triply
robust approach (Fig. 1) using moving averages of monthly count of
flood days in the post-flood year: (1) We assigned county-month
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observations into treatment/control groups based on the presence/
absence of flood days in a 12-month timespan (i.e., 0-11 months prior
to the death record; in other words, we were assuming that the
affected counties had fully recovered from floods after one year)*, and
estimated propensity scores of being treatment/control (named
“propensity-score model”). The timespan of 12 months was selected
based on our preliminary results that cause-specific associations gen-
erally would not extend over 12 months (for example, the association
with all-cause mortality reached the highest magnitude approximately
at lag 0-10 months [Fig. S2]) and in consideration of seasonality.
Counties could switch between the treatment and control groups;
such a crossover ensures better information sharing between groups.
(2) With inverse-probability weights based on propensity scores, we
regressed age-standardized death counts on covariates (specified
below) in the control group using a quasi-Poisson regression (named
“control-outcome model”). Using the fitted control-outcome model,
we estimated counterfactual outcomes in the treatment group had
floods not occurred. (3) In the treatment group, we regressed the
residual mortality rate (i.e., the observed minus the counterfactual) on
the flood exposure (named “treatment-outcome model”), weighted by
the inverse-probability weights calculated from propensity scores. We
interpreted the flood coefficient as the excess mortality rate per
additional monthly flood day.

In all models, we controlled for meteorological factors including
monthly temperature, precipitation, and snow in that county and
averaged precipitation and flood days in the surrounding counties (i.e.,
the other counties in the same state)*®. Because heavy precipitation is a
main cause of flooding and can result in increased mortality risks
independent of flooding***°, precipitation is considered as a con-
founder in this analysis examining the association between flooding
and mortality. In the propensity-score and the control-outcome
models, we included fixed-effect terms for counties, combinations of
calendar year and month of year, and combinations of state and
calendar year to control for spatial, temporal, and spatial-temporal
confounding, respectively. More details on the selection of covariates
and confounding issues were in Text S1.

Specifically, we used logistic regression for the propensity-score
model as shown below,

treatment/control status, , ., ~ Bernoulli(p) @
logit(p) = a, + ag , + &ty , +f(covariates, , ) )

wheretreatment/control status. , ., is the treatment/control status of
county ¢, on month m of year a,p is the probability of being in the
treatment group,a, is the fixed-effect term for counties,a; , is the
fixed-effect term for the combinations of state and calendar year,a,, ,,
is the fixed-effect term for the combinations of calendar year and
month of year,and f(covariates, , .,) controls for covariates, including
monthly temperature, precipitation, and snow in the county itself and
averaged precipitation and flood days in the surrounding counties
(defined as the other counties in the same state).

We fitted the control-outcome model using a quasi-Poisson
regression in the control group weighted by the inverse-probability
weights based on propensity scores calculated from the propensity-
score model.

log(E (Y q mlcovariates, , 1)) =, +a; ; +Q, , +f(covariates, , )
+ offset (log(population, ,))
3)
Where Y , , is the age-adjusted monthly death count in county ¢, on

month m of year a, and population_ , is the total population in county
cinyear a.

We fitted the treatment-outcome model in the treatment group
weighted by the inverse-probability weights based on propensity
scores calculated from the propensity-score model.

rate. , m, =g +piflood, , o, +f (covariatescla,m) +€ am 4)

whererate_ , ,, is the age-adjusted monthly residual mortality rate
in county ¢, on month m of year a (e, (¥ - f’ocam)/
population, , ,),Yo_ is the predicted counterfactual death count
had floods not happened by plugging values of covariates in the
treatment group into the control-outcome model,a, is the intercept,f3;
is the coefficient for the moving averages of monthly counts of
flooding days in county ¢, on month m of year a (flood, , ,,),and
f(covariates, , ) controls for other covariates (same as those in the
propensity-score model excluding the fixed-effect terms).

Stratified analyses by potential effect modifiers

To account for differences in flood severity, we conducted a stratified
analysis by flood type (flash floods versus non-flash floods). Other
flood types (i.e., coastal floods, lakeshore floods, and debris flows)
were not evaluated due to small sample sizes (Table S1).

We also assessed different subgroups by age (0-64 years,
>65 years; no finer categorization considering the sample distribu-
tion by age), sex (male, female), race, and ethnicity (non-Hispanic
White, non-Hispanic Black, Hispanic White populations [others were
excluded considering sample sizes]) for all-cause, non-external,
neoplasms, circulatory diseases, and external causes (Table S2).
Other causes were not assessed due to sample sizes. We used the
Q-statistic and the corresponding p-value to describe inter-group
heterogeneities.

Considering the large number of flood events and of affected
populations and assuming causality on our estimates, we calculated
deaths attributable to floods by summing the county-month-specific
attributable deaths (i.e., the excess mortality rate per flood day x
average monthly flood days x population) over counties in the con-
tiguous U.S. and months from 2001-2020.

Sensitivity analyses

We conducted several sensitivity analyses to evaluate the robustness of
our primary results: (1) varying the time window: in the main analysis, lag
0-11 months were used (e.g., the exposure for a death occurring on May
2024 would be the flood exposure from June 2023 to May 2024); (2)
varying the fixed-effect terms to evaluate the potential location-
dependent seasonality; (3) addressing outliers in inverse-probability
weights; (4) for zonal floods, only including counties with > 20%, 40%,
60%, or 80% of the county area being affected; and (5) excluding 2020
data which was like influenced by the COVID-19.

All statistical analyses were conducted in R-4.2.0. The fixed-effect
regression in the propensity-score models and the control-outcome
models was fitted using R package “fixest” (version 0.11.1). We interpreted
p < 0.05 as statistically significant and reported findings according to the
STROBE guidelines. Codes are available at https://github.com/CHENIab-
Yale/Flood_mortality US (https://doi.org/10.5281/zenodo.14888416).

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

Data availability

The monthly county-level cause-specific mortality data are protected
and are not publicly available due to data privacy laws, but can be
requested from the National Center for Health Statistics (https://www.
cdc.gov/nchs/index.htm). The raw flood data are available in the NOAA
Storm Events Database (https://www.ncdc.noaa.gov/stormevents/).
The population data are available from the Surveillance, Epidemiology,
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and End Results (SEER) Program, National Cancer Institute (https://
seer.cancer.gov/data-software/uspopulations.html).

Code availability
R code for this analysis will be available at: https://github.com/

CHENIab-Yale/Flood_mortality US

(https://doi.org/10.5281/zenodo.

14888416).
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