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Abstract 

Sequential tropical cyclone hazards—two tropical cyclones (TCs) making landfall in the same 

region within a short time—are becoming increasingly likely. This study investigates situational 

preparedness dynamics for six sequential TC events that affected seven states in the United 

States from 2020 to 2024. We find a combined effect of forecast wind speed and landfall 

sequence of a TC. Stronger forecast wind is always associated with higher preparedness levels. 

People tend to show a higher preparedness level for the second TC but are more sensitive to the 

increasing forecast wind speed of the first TC. We also find that the counties showing high 

preparedness levels for the first TC consistently show high preparedness levels for the 

subsequent one. Power outages induced by the first TC significantly increase preparedness for 

the subsequent TC (e.g., approximately 13% for mobility needs preparedness and 24% for 

structural reinforcement preparedness when increasing one-unit customers out). We identified 

spatial dependency in preparedness across counties. Power outage experiences in first TCs show 

statistically significant spillover effects on neighboring counties’ preparedness levels for second 

TCs. Throughout sequential TCs, people with access and functional needs consistently show 

lower preparedness levels.  
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Introduction  

Driven by rising sea levels and increasing precipitation, destructive hurricanes and tropical 

storms are becoming increasingly likely to strike coastal areas in quick succession1. Sequential 

tropical cyclones (TCs) — two TCs making landfall in the same region within a short time — 

can cause compounded damage to affected areas2. Severe storms may repeatedly strike coastal 

communities while they are still suffering from the damages caused by a previous one1,2. A 

recent example is Hurricane Helene (2024) and Hurricane Milton (2024) which sequentially 

made landfall in Florida. Hurricane Helene struck Florida on September 26 as a Category 4 

hurricane with maximum sustained winds of 140 mph, the strongest hurricane on record to 

impact the Big Bend region. It caused 225 fatalities, making it the deadliest Atlantic hurricane 

since Hurricane Maria in 20173.  Less than two weeks later, on October 9, Hurricane Milton hit 

Florida as a Category 3 hurricane, inflicting repeated damage to homes, businesses, vehicles, and 

other infrastructure in coastal areas and claiming 24 lives3. The latest updated estimates indicate 

that the economic losses from this sequential TC event could reach up to $100 billion4,5. 

Preparedness for adverse events is critical for enhancing community resilience and enabling 

effective adaptation to emerging climate-related risks6,7. The National Academies define 

community resilience as “the capacity of human and infrastructure systems to anticipate, absorb, 

recover from, or more successfully adapt to actual or potential adverse events,” emphasizing the 

integral role of human systems in building resilience8. Communities act as the brain of the city, 

directing its activities, responding to its needs, and learning from its experience7, highlighting 

their adaptive and transformative capabilities in promoting resilience to adverse events9,10. 

Sequential TC hazards can pose additional challenges to population preparedness. Repeated 

events strain community resilience due to depleted resources and challenge individuals' mental 
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resilience, affecting their capacity and willingness to prepare for, respond to, and recover from 

consecutive hazards11. The probability of sequential TC hazards occurring is projected to 

increase steadily1. Under a high-emissions scenario, the annual occurrence probability of two 

consecutive category 4 or 5 hurricanes striking the same region could exceed 1% by the end of 

the century2. This emergence of sequential TC hazards highlights the importance of studying and 

investigating people's situational preparedness dynamics for such hazards. 

At the individual or household level, TC preparedness includes short-term (e.g., evacuation, 

storing food and drinks, and reinforcing structural safety) and long-term measures (e.g., 

purchasing insurance, stockpiling essentials, and setting mitigation funds)12–16. Existing research 

has identified factors affecting TC preparedness, including socioeconomic status, risk perception, 

hazard experiences, and access and functional needs (AFN). Findings consistently show that 

those with lower income, minority racial or ethnic backgrounds, and lower educational 

attainment are often less proactive in TC preparedness 17,18. Particularly, individuals with AFNs, 

including but not limited to those with disabilities, limited language proficiency, restricted 

mobility, and/or economic advantages as well as children and seniors, face additional challenges 

in preparing for TCs 19,20. However, those individuals have received limited attention in previous 

research and practice 21,22. Furthermore, studies also recognize that past hurricane experiences 

and perceived personal risk would increase the likelihood of adopting preparedness measures, 

such as purchasing home insurance and reinforcing structures23,24. However, existing studies do 

not investigate the temporal dependence of preparedness for sequential TCs, although our 

previous study on Hurricane Ida (2021) identified a potential association that a previous 

hurricane would affect the preparedness for the subsequent one13. 
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The existing literature has predominantly analyzed preparedness decisions using surveys in the 

absence of disasters or well after disasters had occurred25. Cross-sectional surveys only focus on 

a specific region and a single event. They often fail to capture local adaptation strategies and 

policies over time or across different regions26. A complementary strand of research utilizes big 

data to explore the dynamics of preparedness for individual hurricanes. For instance, Dargin et 

al. (2021) utilized GPS trajectory data to analyze preparedness behaviors for Hurricane Harvey, 

revealing a statistically significant increase in visits to specific points of interest (POIs) before 

Harvey, such as gasoline stations, grocery stores, and insurance carriers27. Deng et al. (2021) 

used high-resolution mobility data to explore disparate evacuation patterns among social groups 

before, during, and after Hurricane Harvey (2017)12. Li et al. leveraged SafeGraph mobility data 

to examine income and racial disparities in preparedness for Hurricane Ida (2021) across 

multiple affected states13. Nevertheless, no existing studies have investigated preparedness 

dynamics in sequential TC scenarios. To address this gap, we investigate individual- or 

household-level situational preparedness dynamics for sequential TC hazards using big mobility 

data. 

In this study, we focused on TCs that made landfall with at least tropical storm intensity. Since 

there is no official definition for a sequential TC event, we focused on cases where two TCs 

made landfall in the same state within the contiguous United States within 21 days, ensuring the 

sequential TC events occurred within a typical recovery period for a single TC hazard28. We 

identified six pairs of sequential TCs that affected seven U.S. states (i.e., Louisiana, Texas, New 

Jersey, New York, North and South Carolina, and Florida) between 2020 and 2024. Using big 

mobility data, we identified three situational TC preparedness types (i.e., preparedness for 

mobility needs, daily supplies, and structural reinforcement) by identifying statistically 
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significant increases in visits to POIs (e.g., gasoline stations, grocery stores, and building 

material dealers). We account for a comprehensive set of factors influencing preparedness 

behaviors, including forecast TC wind intensity, experienced TC wind intensity and 

infrastructure disruptions, access and functional needs, and socioeconomic variables. We 

designed a group of regression analyses to investigate (1) the combined effects of sequential 

TCs’ intensity and landfall sequence on people’s preparedness behaviors, (2) the role of 

individuals’ AFN in preparedness disparities, and (3) the impacts of first TCs on the preparedness 

for the second TCs. This study advances the understanding of the human dimensions of TC 

events, providing insights into disaster management policies for back-to-back natural hazards.  

Results 

Six pairs of sequential TCs landfalling in the US from 2020 to 2024 

We identified six pairs of sequential TC events between 2020 and 2024 that affected seven states 

(as shown in Fig. 1). These events met the criteria of landfall in the same state as at least a 

tropical storm characterized by maximum sustained wind speed ≥17.5 m/s (i.e., 34 knots) within 

21 days. Fig. 1 illustrates the forecast track and the forecast uncertainty of the identified 

sequential TCs.  
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Fig. 1 Six sequential TC events in the Contiguous United States from 2020 to 2024. Red areas are 

cones of uncertainty and dashed lines are the forecast paths of TCs. Data source: National Hurricane 

Center operational forecast data archive29. 

 

Disparate POI visit trends during sequential TC preparedness  

We analyzed people’s visits to POIs during sequential TC events. We identified three situational 

preparedness patterns, characterized by statistically significant increases in POI visits before TC 

landfall: visiting gasoline stations to prepare for mobility needs, visiting grocery stores to stock 

up on daily supplies, and visiting building material and supplies dealers to reinforce structural 

safety, consistent with the findings of our previous work13,27 and existing literature30–32. Fig. 2 

illustrates three types of POI visit trends during Hurricane Helene (2024) and Hurricane Milton 

(2024), which made sequential landfall in Brevard County, Florida.  
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Fig. 2 Visits to POIs during the Helene-Milton Sequential TC Landfall in Brevard County, Florida.  

 

We conducted analysis at the county level (i.e., all variables collected or mapped to a county-

level resolution) to capture the aggregated individual- or household-level preparedness 

behaviors. Counties within the same state also experience different intensities of TC due to 

variations in their distance from the TC path, providing a diverse set of observations. We defined 

a county-level aggregated preparedness pattern as a statistically significant increase in POI visits 

before TCs, where visits exceeded two standard deviations above the baseline (see Methods for 

details). Analyzing the six sequential TCs listed above and the 680 affected county cases, we 
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found disparate situational preparedness patterns across events and illustrated the patterns in Fig. 

3. For mobility needs preparedness, 165 out of the 680 observations show county-level 

aggregated preparedness patterns for both TCs, 57 observations show patterns for the first TC 

only, 101 show patterns for the second TC only, and the remaining 357 show no significant 

preparedness pattern. For daily supplies (structural reinforcement) preparedness,163 (106) 

counties have situational preparedness patterns for both TCs, 44 (71) for the first TC only, 146 

(92) for the second TC only, and 327 (441) have no preparedness patterns. The level of 

preparedness efforts, measured by the percentage of increase in POI visits compared to baseline 

(see methods for details), also varies across TC events. For mobility needs preparedness, 241 of 

the 680 observations show higher preparedness levels for the first TC than for the second TC, 

and the other 439 observations show higher preparedness levels for the second TC. For daily 

supplies preparedness and structural reinforcement preparedness, the comparison is 272 versus 

408, and 246 versus 434, respectively. The disparate patterns within and across sequential TCs 

imply a combined effect of TC intensity and landfall sequence (i.e., the first or second 

landfalling TC in a sequential TC event) on people’s situational preparedness, as investigated 

below. 



 9 

 
Fig. 3 Disparate preparedness patterns and preparedness levels for sequential TCs across counties. 

We define preparedness level as the percentage of increase in POI visits compared with the baseline and 

preparedness pattern as the increase in visits exceeding two standard deviations above the baseline. 

Numbers in the figure are sequential TC cases corresponding to each flow. 
 

Combined effects of forecast wind and landfall sequence on mobility needs preparedness 

We performed linear spatial regression models (N=1360) to investigate the disparities in the 

levels of preparedness for the first and second landfall TCs. Each data sample represents a 

county affected by an individual TC, distinguishing its landfall sequence with a dummy variable, 

where a subsequent TC is labeled as 1 and the first TC as 0. Linear models capture the 

continuous changes in the level of preparedness efforts and quantify the variances. We used the 
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level of preparedness efforts, measured by the percentage of a county’s increase in POI visits 

compared to the baseline (see methods for details), as the dependent variable. Table 1 presents 

the regression results on mobility needs preparedness using Multiple Linear Regression (MLR, 

the baseline model) and Spatial Durbin Model (SDM). We presented the results of other 

supplementary models (Spatial Error Model and Spatial Lag Model) in supplementary Table S1. 

SDM includes controls for the spatial lag of both the dependent and selected independent 

variables to return an unbiased estimate of the impact of the covariates of interest. Among the 

models we tested, SDM has the highest log-likelihood value (1342.42), justifying it as the most 

suitable model to explain the factors influencing preparedness for sequential TCs. In the 

following sections, we will mainly explain our findings based on SDM (i.e., Model 2). 

Table 1 Linear spatial regression models on mobility needs preparedness levels 

 Preparedness level for mobility needs 

 Model 1(MLR) Model 2(SDM) 

Landfall sequence 0.0314(0.0086)*** 0.0202(0.0080)* 

Forecast Wind speed (m/s) 0.0053(0.0010)*** 0.0034(0.0009)*** 

Sequence × Forecast wind speed -0.0017(0.0006)*** -0.0012(0.0006)* 

Prop. Population. Under 5 -0.0262(0.0023)*** -0.0245(0.0021)*** 

Prop. Population. Over 65 -0.0037(0.0006)*** -0.0040(0.0006)*** 

Prop. Disabled Population -0.1960(0.0963)* -0.1664(0.0923) 

Prop. Population. LimEng  -0.1351(0.0854) -0.3465(0.0905)*** 

Prop. Household NoVeh -0.0895(0.0895) -0.1323(0.0883) 

Median Income (in 1,000) -0.0013(0.0003)*** -0.0012(0.0003)*** 

Prop. White Population  -0.0163(0.0229) -0.0413(0.0283) 

Point of interest density (m-2) 0.0050(0.0110) -0.0017(0.0145) 

Spatial lag 𝜌  0.4321(0.0325)*** 

LM lag  152.20***  

LM error  175.80***  

Log likelihood 1261.67 1342.42 

Observations 1360 1360 

Note: All regression contains fixed effects for state heterogeneity. See supplementary Table S1 for other 

state dummy variables and spatial lag variables.  
***p<0.001, **p<0.01, *p<0.05. 
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In model 2, forecast wind speed, landfall sequence, and their interaction term are statistically 

significantly correlated with the mobility needs preparedness level. Specifically, every unit 

increase (i.e., 1 m/s) in the forecasted wind speed corresponds to an average increase of 0.34% 

(95% CI: [0.16%, 0.52%]) in mobility needs preparedness. After controlling for other factors, 

second landfall TCs receive an average of 2.02% (95% CI: [0.45%, 3.59%]) more preparedness 

than the first landfall. However, the coefficient of the interaction term indicates that for each unit 

increase in forecast wind speed, the level of mobility needs preparedness for the first TC is 

0.12% (95% CI: [0.01%, 0.23%]) higher than the preparedness for the second one. The marginal 

effect of forecast wind speed on preparedness level diminishes for the second hurricane relative 

to the first TC. 

The combined effects of landfall sequence and forecast wind speed reveal that populations are 

more alert to the second landfall TCs but appear less sensitive to increasing forecast wind speed. 

From a psychological perspective, experiencing back-to-back hurricanes may lead to 

psychological fatigue, reducing responsiveness to risk signals such as forecast wind speed33–36. 

From a resource perspective, preparedness for the first TCs would consume essential but limited 

resources (e.g., money and supplies), leaving fewer means for subsequent preparedness for the 

second TCs15. These dynamics highlight that back-to-back hazards would result in compounded 

risks for communities, and we will further elaborate on it in the Discussion section. 

Spatial dependence and state fixed effects in mobility needs preparedness 

The spatial term in SDM (𝜌 = 0.4321, 95% CI: [0.3685,0.4958]) indicates the presence of spatial 

dependence. The spatial terms in the spatial error model and spatial lag model consistently 

demonstrate the spatial dependence of preparedness between counties. Throughout the linear 
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spatial regression models, we controlled for state-level fixed effects by including dummy 

variables for each state. We used Florida as the baseline category, so it does not appear as a 

variable in Model 2. The statistically significant negative coefficients (see supplementary Table 

S1) of Texas, New York, New Jersey, and South Carolina Indicate that counties In these states 

have an average of lower preparedness efforts compared to Florida, holding other factors 

constant. Louisiana and South Carolina show no statistical significance.  

Access and functional needs potentially restrict mobility needs preparedness 

AFN factors in Model 2 exhibit statistically significant associations with the mobility needs 

preparedness level. The percentage of people under 5 (coefficient -0.0245, 95% CI: [-0.0287,-

0.0203]), the percentage of people over 65 (coefficient -0.0040, 95% CI: [-0.0053,-0.0028]), 

limited language proficiency (coefficient -0.3465, 95% CI: [-0.5239,-0.1690]) are negatively 

correlated with preparedness level. It suggests that AFNs potentially constrain populations’ 

capability to visit gasoline stations for mobility needs. The proportion of disabled people and the 

lack of vehicle availability show no statistically significant evidence. We used POI density to 

estimate the resource availability for preparedness actions, which is also not statistically 

significant (coefficient-0.0017, 95% CI: [-0.0300,0.0267]). This lack of significance may 

indicate that simply having a higher density of resources, such as stores and service centers, does 

not necessarily translate to increased preparedness37. Factors such as accessibility, transportation 

options, and public risk awareness play a more critical role in shaping preparedness behavior.  

Effects of forecast wind speed and landfall sequence on other preparedness types 

The statistical evidence of the combined effects of forecast wind speed and landfall sequence is 

weaker on preparedness for daily supplies and structural reinforcement. We illustrated the effects 
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of forecast wind speed and landfall sequence in Fig. 4 and presented the full regression analysis 

in Supplementary Tables S2. The combined effects are not statistically significant for these two 

preparedness types at the 95% confidence interval. One possible explanation is that the count of 

visits to grocery stores and building material dealers does not capture the extent of preparedness 

as effectively as visits to gasoline stations. Factors such as the average one-time payment 

amount, daily sales, and the types of goods purchased are also meaningful indicators of 

situational preparedness, but these aspects cannot be reflected solely by visit counts.  

 
Fig. 4 Combined effects of forecast wind speed and landfall sequence on daily supplies and 

structural reinforcement preparedness. Numbers in the figure represent coefficients of variables, 

controlling for other variables. The 95% CI represents the confidence interval at a 95% confidence level.  

First landfall TCs influence the preparedness for the subsequent TCs 

We also developed SDMs (N=613) to investigate the first TCs’ impacts on the preparedness for a 

subsequent TC, setting the preparedness level for the second TC as the dependent variable and 

the preparedness level for the first TC as one of the independent variables. Each data sample 

describes a county affected by two TCs sequentially. Table 2 shows the variables and results of 

the three preparedness types. Notably, the county-level preparedness levels for the two sequential 

TCs are positively and statistically significantly correlated across three preparedness types, 

mobility needs preparedness with a coefficient 0.8688 (95% CI: [0.7912, 0.9464], daily supplies 
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preparedness with a coefficient 2.1030 (95% CI: [2.0019, 2.2041], and structural reinforcement 

preparedness with coefficient 0.9923 (95% CI: [0.9415, 1.0431]. This suggests that counties with 

high levels of preparedness for the first TCs also tend to have high levels of preparedness for the 

second TCs, potentially reflecting a learning or habitual effect developed after the first TC. This 

also reinforces our decision to account for county-level heterogeneity using spatial terms and 

fixed effects. Additionally, peak power outage from a previous TC potentially increases people’s 

preparedness for the subsequent TC. Every unit increase in previous peak power outage 

experience corresponds to an average increase of 12.62% (95% CI: [3.3%, 21.9%]) mobility 

needs preparedness and 25.05% (95% CI: [2.26%, 47.84%]) structural reinforcement 

preparedness. Maximum experienced wind from previous TC slightly decreases people’s 

mobility needs preparedness for the subsequent TC. Every unit increase in the first TC maximum 

experienced wind speed corresponds to an average decrease of 0.18% (95% CI: 0.06%,0.30%)). 

We found statistically significant spillover effects of power outage experiences on the mobility 

needs preparedness (coefficient 0.2106, 95% CI: [0.0060%, 0.4152]) and daily supplies 

preparedness (coefficient 1.2568, 95% CI: [0.5610%, 1.9525%]) for the second TCs. The results 

indicate the spatial interdependency of infrastructures; power outages in neighboring counties 

will affect the preparedness of the focal county. 
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Table 2 SDMs on the second TC preparedness levels  

 Dependent variable: Second TC preparedness level 

 Mobility needs Daily supplies Struct. reinforcement 

First TC preparedness level 0.8707(0.0396)*** 2.0911(0.0517)*** 0.9919(0.0260)*** 

First TC Peak Prop. Power 

outage 0.1269(0.0473)** -0.1226(0.1622) 

 

0.2424(0.1162)* 

First TC Power outage duration 

(h) -0.0018(0.0015) 0.0018(0.0050) 

 

0.0010(0.0037) 

Experienced first TC max wind 

(m/s) -0.0018(0.0006)** -0.0019(0.0021) 

 

0.0009(0.0015) 

First TC max daily rainfall 

(mm) -0.0023(0.0579) 0.0698(0.1938) 

 

-0.0204(0.1423) 

Second TC forecast wind (m/s) 0.0014(0.0006)* 0.0037(0.0021) 0.0035(0.0015)* 

First TC Peak Prop. Power 

outage, Lagged 0.2106(0.1044)* 1.2568(0.3550)*** 

 

0.0731(0.2564) 

𝜌  0.1142(0.0488)* -0.0280(0.0420) -0.0133(0.0405) 

N 613 613 613 

Rsq 0.5747 0.7657 0.7314 

Note: See supplementary Table S3 for other covariate variables, including state dummy variables and 

spatial lag variables. We excluded sequential TCs Helene-Milton due to a lack of power outage data in 

2024. 
***p<0.001, ***p<0.01, *p<0.05. 

 

The county-level aggregated preparedness pattern 

In linear models, we measured the preparedness efforts by the increase in POI visits compared to 

a baseline. Considering that random fluctuations in POI visits could introduce bias into the 

assessment of POI visits, noise exists in linear models. To verify our findings, we used the 

occurrence of aggregated preparedness patterns as a complementary method to evaluate county-

level preparedness efforts and demonstrate the robustness of the results. A statistically significant 

increase in POI visits indicates that the preparedness efforts are sufficiently high to manifest at 

the county level. These increases surpass normal fluctuations and exceed the baseline mean by 

more than two standard deviations, thereby highlighting a robust preparedness pattern.  

We performed logistic spatial models (N=1360) with binary dependent variables (i.e., the 

presence or absence of county-level preparedness patterns) while keeping the same independent 
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variables as linear SDM in Table 1. Fig. 5 confirms the combined effects of TC forecast wind 

speed and landfall sequence. Consistent with linear models, higher forecast wind speeds are 

statistically significantly associated with greater mobility needs preparedness (coefficient 0.157, 

95% CI: [0.084, 0.230]). Still, its effect diminishes for the second TC compared with the first TC 

(coefficient -0.068, 95% CI: [-0.110, -0.027]). We find the statistically significant combined 

effect for daily supplies preparedness, while the results of the linear SDM are insignificant. 

Given that the two models measure preparedness efforts in different ways, we consider this slight 

discrepancy acceptable, especially as daily supplies preparedness is close to significance at the 

95% confidence level in the linear SDM. Structural reinforcement preparedness has no statistical 

significance in the combined effects. We consistently found spillover effects in preparedness 

efforts across counties. We presented the full regression results in supplementary Table S4. 



 17 

 
Fig. 5 Effects of forecast wind speed, landfall sequence, and spatial effects on the county-level 

aggregated preparedness pattern. Numbers in the figure represent coefficients of variables, controlling 

for other variables. The 95% CI represents the confidence interval at a 95% confidence level. 

 
 

We performed logistic spatial models (N=613) on the second landfall TCs to further verify the 

first TC’s influences on the preparedness for the subsequent one. We used the presence (or 

absence) of the preparedness pattern as the dependent variable and kept the same independent 

variables in Table 2. The results show a statistically significant correlation between preparedness 

for the previous TCs and preparedness for the subsequent ones (illustrated in Fig. 6), with a 

coefficient of 2.530 (95% CI:[1.964, 3.096]) for mobility needs preparedness,  2.084 (95% 

CI:[1.525, 2.643])  for daily supplies preparedness, and 1.418 (95% CI:[0.918, 1.918]) for 

mobility needs preparedness. The positive coefficients indicate that counties with higher 
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preparedness levels for the first TC also have higher preparedness levels for the subsequent one. 

Also, we found statistically significant spatial lag in preparedness for the second TCs, with a 

coefficient of 1.162, 95% CI: [0.221, 2.103] for mobility needs preparedness and 1.091, 95% CI: 

[0.134, 2.048] for daily supplies preparedness. The results indicate spatial spillover effects in 

preparedness efforts across counties—a county tends to have high preparedness levels while 

neighbors have high preparedness levels. These results are consistent with our findings in Table 

2. We presented the full regression results in supplementary Table S5. 

 
Fig. 6 Effects of preparedness for the first TC landfall and spatial effects on preparedness for the 

second TC landfall. Numbers in the figure represent coefficients of variables, controlling for other 

variables. The 95% CI represents the confidence interval at a 95% confidence level. 

Discussion 

Driven by rising sea levels and increasing precipitation, sequential TC hazards are becoming 

more likely to happen in the United States. To study situational preparedness dynamics during 

sequential TC hazards, we investigated three situational preparedness types, namely mobility 

needs preparedness, daily supplies preparedness, and structural reinforcement preparedness. We 

identified six sequential TC events that affected Louisiana, Texas, New Jersey, New York, North 
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and South Carolina, and Florida from 2020 to 2024, all landfalling with a higher intensity than a 

tropical storm (i.e., maximum wind speed over 34 knots). We found that forecast TC intensity 

and landfall sequence have a combined effect on preparedness. Stronger forecast wind is 

statistically significantly associated with a higher level of preparedness, indicating people can 

perceive higher risks from the forecast intensity. Controlling for TC intensity, people tend to 

have higher levels of preparedness for the second landfalling TC in a sequential TC event. 

Meanwhile, people are more sensitive to the forecast wind speed for the first TC than the 

subsequent one. Investigating the first TC’s impacts on preparedness for the second TCs, we 

found that experiencing a severe power outage from a previous TC would increase mobility 

needs preparedness and structural reinforcement preparedness for the subsequent TC. We did not 

see this pattern for daily supplies preparedness. We identified spatial dependency in mobility 

needs preparedness for TCs across counties. Power outage experiences in the first TC show 

spillover effects on mobility needs and daily supplies preparedness for the second TC. 

A higher level of preparedness for the second landfalling TC suggests that the first TC 

heightened people’s risk perception. Our findings support existing research showing that 

increasing risk perception can promote protective behavior in response to natural hazards, as 

reflected in a greater willingness to prepare and a stronger public response38–40. The consumption 

of household resources during the first TC may also drive higher preparedness levels for the 

second hurricane, as people need to replenish essential supplies. Another key finding is that the 

increasing forecast wind speed has a stronger effect on the increasing preparedness efforts for the 

first TC than the second TC. It aligns with existing research on the anchoring effects influencing 

decision-making for future hazards. People may rely on their previous experiences during the 

first TC to assess the risk of the upcoming second TC41,42. Lower sensitivity to the second TC 
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forecast wind speed can also be attributed to mental fatigue36. Natural hazards can induce 

psychological stress and mental health challenge33–35,43,44. People might also develop 

complacency or false sense of security after surviving the first TC. Empirical evidence shows 

that the government plays a critical role in managing public complacency, especially as an 

information provider and preparation facilitator45. Therefore, it is crucial for local governments 

to communicate the ongoing risks of sequential storms and emphasize the importance of 

maintaining sustained preparedness, particularly in coastal regions where the risk of sequential 

TCs is higher. From another perspective, preparedness efforts for the first TC can deplete 

essential resources, leaving fewer means for subsequent preparedness. Hence, it is also crucial 

for the government to strengthen infrastructure and logistics systems to pre-position resources in 

advance or allocate them during and after sequential TC events. This approach ensures that 

communities are well-equipped to respond, thereby minimizing the compounded impacts of 

back-to-back hazards. 

Our results suggest that power outage experiences in the first TCs would increase people’s 

preparedness for the subsequent TCs. It aligns with existing research findings that people 

worrying about power outages tend to have a higher preparedness for potential outages in the 

future46. We observed a weak but statistically significant correlation between peak power outage 

and experienced wind speed (Spearman correlation coefficient = –0.10, p < 0.05), and no 

statistically significant correlation between experienced wind speed and power outage duration. 

Power outage risks are not solely driven by wind speed but are closely linked to factors such as 

grid resilience, wind gusts, vegetation management, and land use47–52. We did not control for 

these factors influencing power outages as they fall outside the scope of this study’s focus on 

preparedness. Power outage experiences during the first TC exhibit spatial spillover effects on 
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neighboring counties’ preparedness for the second event, indicating that prior disruptions 

influence regional responses beyond county boundaries. We also found statistically significant 

spatial lag in neighboring counties’ preparedness levels, suggesting interconnection across 

neighboring counties’ preparedness. These results suggest that county-level preparedness for an 

approaching TC interacts with neighboring counties due to interdependent infrastructure, sharing 

ideology, and policy coordination53–55. Additionally, state fixed effects reveal variation in 

preparedness efforts across states, suggesting that differing government ideologies on TC hazards 

may influence state level TC preparedness56.  

Our analysis reveals statistically significant disparities in preparedness patterns among 

individuals with Access and Functional Needs (AFNs). Notably, mobility needs are the most 

severely impacted when TC occurs, showing a strong negative association with the percentage of 

children under 5, the elderly over 65, individuals with disabilities, households with language 

barriers, and households without vehicles. These findings underscore the importance of 

designing targeted, inclusive preparedness strategies that address the specific challenges faced by 

vulnerable groups, particularly in relation to mobility during disaster events. It is essential to 

invest in emergency infrastructure that supports accessible transportation options, such as ramps, 

accessible vehicles, and safe evacuation routes. Additionally, inclusive transportation planning is 

critical, ensuring that public transit and emergency evacuation systems are designed to 

accommodate the diverse mobility needs of these populations.   

The increasing frequency of sequential TC events presents a new challenge to community 

resilience. Previous research on compounded hazards mainly focused on simultaneous events, 

such as compound flooding, heatwaves, and storm-induced power outages 57–59. Sequential TC 
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hazards strike the same community in succession1,2. While a community could be resilient 

enough to absorb and recover from a single hurricane, the second hurricane might arrive during a 

vulnerable recovery period, overwhelming the community’s resilience capacity. Our study 

uncovered the disparities between preparedness efforts for the first and second TCs, the first TCs’ 

impacts on preparedness for the second TCs, spatial effects in preparedness across counties, 

spillover effects of infrastructure disruptions (e.g., power outages), and the role of AFN factors in 

TC preparedness. Our findings expanded the understanding of people’s preparedness for 

sequential TC hazards, providing insights for improving risk reduction strategies to address the 

sequentially compound hazards and highlighting the need for targeted outreach and support to 

assist people with AFNs preparing for sequential TC hazards.  

This study has limitations. According to the resilience lifecycle model, an extremely short 

interval implies that the second TC strikes while the community is still experiencing disruptions 

and has not yet begun the recovery process60. In such cases, situational preparedness may be low 

due to limited capacity but not a lack of willingness. Conversely, a relatively longer interval 

allows better conditions for preparedness efforts. We tried incorporating the interval between 

each pair of sequential TCs in our analysis. Given the availability of mobility data and power 

outage data, the limited cases provided limited distinct values of intervals for observations, 

failing to facilitate a robust analysis. We did not find a statistically significant correlation 

between the interval between two sequential TCs and the level of situational preparedness. Our 

future works aim to explore additional datasets and develop more robust methods to account for 

the effects of intervals, distinguishing the impacts of capacity constraints versus willingness on 

preparedness.   
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Methods 

Data pre-processing. The following sections introduce the data we used. We pre-processed all 

the data to county resolution according to the TCs affected regions and periods. 

Mobility data. We used the mobility data provided by Dewey Inc. to assess situational 

preparedness during sequential TC hazards61. The mobility data reports daily visits to POIs and 

their geographic locations. To account for a consistent weekly of POI visits (i.e. higher visits on 

weekends than weekdays), we calculated the 7-day rolling average of daily POI visits, 

representing the preparedness efforts in a continuous 7-day. We defined the preparedness period 

for a TC as the 7-day before a its landfall. Setting a baseline for each county, we used the average 

of the 7-day rolling average from four weeks to one week before the sequential TC events (i.e., 

21-day before the preparedness period). To estimate the preparedness efforts for each TC event, 

we calculated the ratio of the maximum 7-day rolling average during the preparedness period 

(representing peak visits to POIs in a continuous 7-day period) to the baseline value. A ratio 

value exceeding two standard deviations above the baseline represents a statistically significant 

increase in POI visits. We defined this threshold exceedance as the presence of a county-level 

preparedness pattern for the upcoming TC. We defined preparedness level as the percentage of 

increasing visits to POIs compared to the baseline, which is the ratio value minus 1. The 

presence (or absence) of a preparedness pattern is the dependent variable in logistic regression 

models. Preparedness level serves as the dependent variable in linear regression models.  

Using the POI locations provided by the mobility data, we calculated POI density for each 

county by dividing the total number of specific POIs (e.g., gasoline stations) in a county by the 

county's land area.  
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Historical wind. We utilized the Best Track Data (HURDAT2) from the National Hurricane 

Center (NHC) to extract the paths and associated wind radii of TCs29. HURDAT2 provides data 

at a 6-hour resolution, which we interpolated to a 1-hour resolution. We used a TC wind field 

model to produce the TC radial profile of the near-surface rotating wind62–64. We recorded the 

estimated maximum sustained wind speed for each county as the wind impacts from the first 

TCs.  

Historical rainfall. We used the NCEP/EMC 4KM Gridded (GRIB) Stage IV Data to estimate 

historical rainfall during a TC event65. We averaged the values of gridded data points within a 

county’s boundary to estimate the rainfall of the county. To assess the rainfall impacts from the 

first TCs, we calculated the maximum rainfall volume over any continuous 24-hour period66. 

Forecast wind. The forecast information was sourced from the NHC Tropical Cyclone Archive, 

which contains all hurricane forecasts produced since the center's establishment in 195429,67. 

These forecasts include track and intensity predictions generated every 6 hours throughout the 

life cycle of a TC. We used the forecast maximum wind speed to estimate the forecast intensity 

of the TCs. 

Power outage. The Environment for Analysis of Geo-Located Energy Information (EAGLE-

ITM) data, maintained by Oak Ridge National Laboratory, reports the number of customers 

experiencing electricity outages every 15 minutes at the county level68,69. To estimate the total 

number of customers in a county 𝑐𝑖, we used the following formula provided by the data 

publisher69: 

𝑐𝑖 = 𝑝𝑖 ∗
𝐶

𝑃
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where 𝐶 is the total number of customers in the state, 𝑃 is the population of the state, and 𝑝𝑖 is 

the population of county within the state. When 𝑐𝑖,𝑜𝑢𝑡 represent the customers without power in 

county 𝑖, the extent of power outages, estimated by the power outage rate in a county, follows: 

𝑃𝑜𝑤𝑒𝑟 𝑜𝑢𝑡𝑎𝑔𝑒 𝑟𝑎𝑡𝑒 =
𝑐𝑖,𝑜𝑢𝑡

𝑐𝑖
 

Factors of sociodemographic and access and functional needs. To control for the effects of 

sociodemographic factors on TC preparedness and explore the effects of access and functional 

needs, we involved the county level household median income, percentage of white population, 

percentage of people under 5 years old, the percentage of people over 65 years old, the 

percentage of disabled people aged 5 to 65, the percentage of households with limited English 

proficiency, and the percentage of households without vehicles in our study. We collected the 

data mentioned above from US Census Bureau70. 

Statistical analysis. We performed spatial regression models to explore: (1) the disparities in 

preparedness for first TCs and second TCs; (2) the role of AFN in preparedness for TCs; and (3) 

first TCs’ influences on the preparedness for the subsequent TCs. The spatial durbin model 

(SDM) assumes the spatial dependence exist in both the dependent variable and the independent 

variables, which follows the baseline specification models: 

𝑦𝑖,𝑗 = 𝜌𝑊𝑖𝑦𝑗 + 𝑋𝑖,𝑗𝛽 + 𝜃𝑊𝑖𝑍𝑖,𝑗 + 𝛼𝑠+ ∈ 

where 𝑦𝑖.𝑗 is county 𝑖’s preparedness level affected by TC 𝑗. 𝑊𝑖 is the spatial weight matrix 

associated with county 𝑖. We used Queen contiguity to define the spatial neighbors of county 𝑖. 

𝑊𝑖𝑦𝑗 thus represent the weighted average of preparedness pattern among county 𝑖’s neighbors 
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before TC 𝑗. 𝑋𝑖,𝑗 is the matrix of independent variables, including climatology, infrastructure, 

socioeconomic and AFN factors introduced above. 𝛽 is the coefficient associated with 𝑋𝑖,𝑗. 𝑍𝑖,𝑗 is 

a subset of 𝑋𝑖,𝑗, including factors affecting infrastructure connection between counties. 𝜌 and 𝜃 

characterize the strength of the spatial correlation for the dependent and independent variables, 

respectively. 𝛼𝑠 represents state-level fixed effects. ∈ is the residual error term. Alternative 

models include multiple linear regression (MLR), spatial error models (SEM), and spatial lag 

models (SLR). Each of these alternative approaches serves as a restricted version of the SDM, 

imposing certain parameter constraints. 

We employed spatial logistic models on the presence (or absence) of county-level aggregated 

preparedness pattern in sequential TC events to demonstrate the robustness of linear models. The 

spatial logistic model follows a specification baseline : 

𝑙𝑜𝑔𝑖𝑡 (𝑃(𝑦𝑖,𝑗 = 1)) = 𝜌𝑊𝑖𝑦𝑗 + 𝑋𝑖,𝑗𝛽 + 𝜃𝑊𝑖𝑍𝑖,𝑗 + 𝛼𝑠 

where 𝑦𝑖,𝑗 is the vector of binary variables (𝑦 = 1 for a presence of county-level preparedness 

pattern and 𝑦 = 0 for an absence). Other terms remain the same with linear models. 
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