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Abstract
The objective of this study is to examine spatial patterns of disaster impacts and recovery of
communities based on fluctuations in credit card transactions (CCTs). Such fluctuations could
capture the collective effects of household impacts, disrupted accesses, and business closures and
thus provide an integrative measure for examining disaster impacts and community recovery.
Existing studies depend mainly on survey and sociodemographic data for disaster impacts and
recovery effort evaluations, although such data has limitations, including large data collection efforts
and delayed timeliness results. Also, there are very few studies have concentrated on spatial
patterns of disaster impacts and short-term recovery of communities, although such investigation
can enhance situational awareness during disasters and support the identification of disparate spatial
patterns of disaster impacts and recovery in the impacted regions. This study examines CCTs data
Harris County (Texas, USA) during Hurricane Harvey in 2017 to explore spatial patterns of disaster
impacts and recovery duration from the perspective of community residents and businesses at ZIP-
code and county scales, respectively, and to further investigate their spatial disparities across ZIP
codes. The results indicate that individuals in ZIP codes with populations of higher income ex-
perienced more severe disaster impact and recovered more quickly than those located in lower
income ZIP codes for most business sectors. Our findings not only enhance the understanding of
spatial patterns and disparities in disaster impacts and recovery for better community resilience
assessment but also could benefit emergency managers, city planners, and public officials in en-
hanced situational awareness and resource allocation.
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Introduction

Examining community resilience, including disaster impacts and recovery duration (Vugrin et al.,
2010), from a systems perspective calls for the inclusion of interactions among system components
(Mostafavi et al., 2012). Community systems include businesses which provide the products and
services, residents who use the products and services, and infrastructure (e.g., roads) that provides
access to businesses (Dong et al., 2020). Perturbations caused by natural hazards (e.g., hurricanes
and flooding) could impact residents, businesses, and infrastructure systems. The collective effects
of these impacts could be captured using credit card transactions (CCTs) as a proxy for population
activity data.

Understanding the state of the community, including immediate disaster impacts and short-term
recovery duration, provides the basis for resource allocation and prioritization of recovery strategies
(Yuan and Liu. 2020; Zhai et al., 2020). Short-term recovery lasts from days to weeks and includes
assessment of the damages and needs, restoration of basic infrastructure, and mobilization of
recovery resources (FEMA 2016). Current approaches such as survey (Maquiling et al., 2021), for
assessing disaster impacts and recovery of communities, however, do not consider the dynamic
interactions among the systems and their components.

Understanding spatial patterns and disparities related to impacts and short-term recovery across
various regions not only enhances situational awareness but also supports identifications of regions
with more severe disaster impacts and slower recovery (Chen et al., 2020; Yuan et al., 2021b).
Different regions in a community may experience varying disturbance impacts (Esmalian et al.,
2020). The disparate impacts and recovery patterns from disasters are not limited to unequal
exposure of the areas to hazards (Coleman et al., 2019; Peacock and Ragsdale 1997). The in-
frastructure condition, business state, and demographic characteristics play a role in the extent to
which certain areas are impacted and recover from disturbances. With the growing availability of
population activity data, it is now possible to explore such spatiotemporal aspects and further
resolve the previous knowledge gap in quantifying community resilience in terms of disaster
impacts and short-term recovery duration (Knüsel et al., 2019; Yabe et al., 2020a). Population
activity data (e.g., mobility) provide researchers with fundamental human activity information
(Hasan et al., 2013). Current applications of population activity data in disaster studies include
examining evacuation patterns (Han et al., 2019), conducting rapid damage assessment (Yuan and
Liu 2018; Yuan and Liu 2020), understanding social impacts (Dong et al., 2018; Juhász and
Hochmair 2020), evaluating economic resilience (Alatrista-Salas et al., 2020; Martinez et al., 2016),
and assessing business recovery (Yabe et al., 2020c). Population activity data could effectively
capture interactions of residents with physical systems, such as businesses and infrastructures. Data
representativeness issue within social media data (Yuan et al., 2021a) and the concentration on
migration patterns with mobility data during disasters (Lu et al., 2016; Yabe et al., 2020b), however,
can only reflect limited awareness of community states, disaster impacts and recovery durations of
essential business sectors for community’s preparation, response, and recovery. Nevertheless,
limited studies using population activity data to comprehensively explore disaster impacts and
short-term recovery across various business and essential sectors (e.g., drugstores) exist.

In this study, we use Safegraph’s CCTs data as an aggregated measure to examine the community
in terms of disaster impacts and recovery duration (Supp Figure S3). The CCTs data include
information about ZIP codes where individual residents live and their CCTs history, which provides
information regarding business categories and transaction dates to enable determination of fluc-
tuations in CCTs prior to, during, and in the aftermath of disasters. This data is captured and
evaluated to find the spatiotemporal patterns. Perturbations caused by disasters could affect
households, infrastructure systems that provide access to business, as well as businesses themselves.
The collective effects of these disruptions could be captured in the CCT fluctuations. For example, if
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households are economically impacted by disasters, or if they could not access businesses because
of road inundation/closure, or if businesses are closed due to damage, effects of these perturbations
are reflected in the CCTs. Accordingly, we employ the CCT data to unveil the spatial patterns and
disparities of disaster impacts and recovery duration across the ZIP codes in the context of Hurricane
Harvey which made landfall in August 2017 in Harris County, Texas.

Materials and methods

This study started with collection, categorization, and processing of CCTs data. Then, we quantified
two indices of community state—disaster impact and recovery effort—as suggested by Vugrin et al.
(2010) across ZIP codes in Harris County. Since this research relied on the number of days to reveal
the recovery effort, we employed recovery duration to represent the recovery effort. We conducted
spatial autocorrelation analyses to reveal spatial patterns of disaster impacts and recovery duration
of communities. Subsequently, we utilized the stepwise regression model to examine spatial
disparities in disaster impacts and recovery duration with respect to demographic and flood claim
data across different ZIP code regions. Finally, we quantified the disaster impacts and recovery
duration of various business sectors at the county level in Harris County. Details for methods are
available at Supp Methods.

Case study

Harris County, home to Houston, Texas, the fourth largest city in the United States, has experienced
a rapid population growth over the past decades (Qian 2010). Harris County is among the most
flood-prone counties in the United States due to its location in a coastal area, burgeoning urban
development, and the lack of flood control infrastructure development in parallel with the de-
velopment and population growth. Accordingly, the county has experienced several severe flood
events such as Hurricane Harvey in 2017. Each event caused extensive flooding with losses ranging
from hundreds of millions to hundreds of billion dollars. Therefore, Harris County was selected as
the testbed for this study.

Data and categorization

Credit card transactions data was provided by Safegraph company. Each CCT record contains the
transaction date, cardholder’s residential ZIP code, the daily number of unique cards from the ZIP
code involved in transactions, the daily number of unique transactions on cards from the ZIP code,
and the daily total amount spent on cards from the ZIP code. In this study, we employed the
fluctuations of total spent for our analysis. Referring to VisaMerchant Data StandardsManual (Visa,
2021), we categorized 396 MCCs (merchant category codes) into 21 business sectors such as
drugstore sector with MCCs 5122 and 5912 (Supp Table S2).

Determining impact and recovery

Using CCT transactions from 01/08/2017 to 21/08/2017, we computed seven transaction baselines
fromMonday to Sunday and further calculated fluctuations of daily transactions from 01/08/2017 to
30/09/2017. We plotted the curve of daily fluctuations of CCT transactions based on the approach
proposed by Nan and Sansavini (2017) to obtain the resilience curve (please see Supp Figure S2).
Using the resilience curve, we determined disaster impact and recovery duration (Vugrin et al.,
2010). Disaster impact was determined based on the maximum drop of CCT fluctuations by each
sector post-Hurricane Harvey landfall (Supp equations (1)–(3)). Recovery duration was computed
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as number of days taken for the daily CCT fluctuations to return to zero post disruption (Supp
equation (4)).

Spatial patterns and disparities

With the daily CCT fluctuations of sectors and adjacency of ZIP codes, we conducted global and
local spatial autocorrelation analyses with global (Supp equations (5)–(7)) and local Moran’s I
(Supp equations (5), (6), and (8)), respectively. Then, we used stepwise regression method to
explore the spatial disparities of disaster impact and recovery where flood damage and socio-
demographic characteristics were used as potential factors.

Results

Spatial pattern analysis

Geographic distribution of disaster impact and recovery duration. We computed disaster impacts and
recovery duration for business sectors for 142 ZIP codes in Harris County. Using ArcGIS, maps of
these two indices for the grocery sector as an example are presented in Figure 1. Figure 1(a) shows
disaster impacts; Figure 1(b) shows recovery duration. In both figures, oval 1 indicates clusters of
similar disaster impact and recovery duration levels; oval 2 indicates clusters of dissimilar disaster
impact and recovery duration levels. The clusters of either similar or dissimilar disaster impact
levels and recovery durations reveal their spatial patterns.

Global spatial pattern. For investigating spatial patterns across 142 ZIP codes, we included 12
business sectors (Supp Table S3), as their CCT fluctuation curves present continuity and are
consistent match with the transitions in the resilience curve (Supp Figure S2). Using the disaster
impacts and recovery duration for the 12 business sectors and their corresponding spatial lag values
at each ZIP code, we computed their global Moran’s I and p-values as summarized in Supp Table S3.
In Supp Table S3, we can see that global Moran’s I related the disaster impacts in eight business
sectors are significant (p-value < .1). Global Moran’s I values for disaster impacts in drugstore,
home supply, recreation, and restaurant are not significant. Global Moran’s I values for recovery
duration are significant (p-value < .1) for four business sectors: clothing, drugstore, internet and
telecommunication, and restaurant. For the eight remaining business sectors, global Moran’s I
values are not significant.

Figure 1. Geographic spatial distribution for the grocery sector: (a), disaster impact; (b), recovery duration.
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Specifically, we can see the disaster impacts for two business sectors—home supply and
restaurant—show negative values of global Moran’s I. Their global Moran’s I values, however, are
not significant, meaning these two sectors show no spatial cluster pattern for the disaster impacts.
For the other 10 business sectors, disaster impacts show positive values of global Moran’s I. The
global Moran’s I values of the disaster impacts for drugstore and recreation sectors are not sig-
nificant (p-value > .1). Positive values of global Moran’s I mean that similar values are likely to be
geographically clustered with each other. In our case, positive values of global Moran’s I for disaster
impacts of the remaining eight business sectors reveal that the overall trend is that neighboring ZIP
codes are more likely to have similar levels of disaster impact from Hurricane Harvey.

For recovery duration, five business sectors presenting negative global Moran’s I values (home
supply, market, recreation, retail and transportation) are not at significant levels (p-value > .1). For the
seven remaining business sectors, the global Moran’s I values for only four of them are significant and
positive. This reveals that for these four business sectors, including clothing, drugstore, internet and
telecommunication, and restaurant, ZIP codes with long (or short) recovery duration are more likely to
have neighboring ZIP codes with long (or short) recovery duration. There is no significant spatial
cluster trend for recovery durations of most business sectors such as auto and grocery.

Local spatial patterns. We computed the local Moran’s I for disaster impacts and recovery duration for
the 12 business sectors. Grocery sector plays a critical role for the communities to prepare and respond
to disasters so that situational awareness of disaster impacts and recovery duration of grocery are
necessary for emergency management agencies to design and implement response strategies (Spiegler
et al., 2016). Using grocery sector as an example, we present the geographic distributions of disaster
impacts and recovery duration across the 142 ZIP codes in Figure 2(a) and Figure 3(a). Considering
statistical significances, we also distinguished ZIP codes with localMoran’s I at high significance level
(p-value < .1) in Figures 2(b) and 3(b). Local Moran’s I is significant in the black-shaded ZIP codes
areas; areas shaded gray have local Moran’s I of low significance levels. To identify the locations of
clusters with similar and dissimilar values at high significance level (p-value < .1), we plotted ZIP
codes with clusters of similar values, including high-high and low-low for disaster impacts and
recovery duration, and those with dissimilar values (high-low and low-high) in Figures 2(c) and 3(c).
The ZIP codes shaded blue and red are clusters of similar values; those shaded pink and light blue are
clusters with dissimilar values. In Figures 2(c) and 3(c), we can examine the blue clusters to identify
ZIP codes with severe disaster impact, and red clusters to pinpoint regions with long recovery
durations, respectively. These insights can inform disaster managers and public officials in their
resource allocation and prioritization during response and recovery efforts.

For the 11 remaining business sectors, we present the Local Indicators of Spatial Association
(LISA) maps in Supp Figs 24 to 45. Supp Tables S4 and S5 summarize counts of clusters of ZIP
codes of similar and dissimilar values with high significance levels (p-value < .1) for disaster impact
and recovery duration for the 12 business sectors. For instance, for the grocery sector, among the 23

Figure 2. Local indicators of spatial association (LISA) cluster map for disaster impact of grocery sector.

Yuan et al. 5

https://journal.sagepub.com/doi/suppl/10.1177/23998083221090246
https://journal.sagepub.com/doi/suppl/10.1177/23998083221090246


ZIP codes with local Moran’s I at significant level (p-value < 0.1) for disaster impacts, 11 ZIP codes
are clusters of similarity. Seven of these 11 ZIP code regions are clusters of low disaster impact
values (blue-shaded areas, Figure 2(c)), and four are clusters with high disaster impact values (red-
shaded areas, Figure 2(c)). Since we used CCT fluctuations based on changes in total transactions to
quantify disaster impacts, their values are negative (indicating decline in transactions due to the
disaster). Low values of disaster impacts refer to severe hurricane impact; high values represent
slight hurricane impact (Figure 1(a)). From the clusters of similarly low (or high) values for disaster
impacts in the grocery sector, we can see that ZIP codes with severe (or slight) hurricane impacts are
more likely to have neighboring ZIP code regions having suffered similar hurricane impacts. As the
similarity cluster of low values accounts for 63.64%, we can say the dominant similarity cluster type
of disaster impacts in grocery sector is low-low. Hence, we can conclude that the dominant local
correlation trend in disaster impacts of grocery sector is that ZIP codes with severe disaster impacts
are more likely physically close to others with severe disaster impacts. Considering flood prop-
agation characteristics, this trend can be expected as flooded regions are more likely to be located
close to other flooded regions.

For LISA clusters of disaster impacts for other business sectors, we can use the same analysis
process to derive their cluster characters. According to Supp Table S4, the dominant cluster patterns
for the disaster impacts of various business sectors are as follows: (1) auto: low-low (ZIP codes with
severe hurricane impacts are more likely to have neighboring ZIP codes with severe hurricane
impacts); (2) clothing: low-low; (3) drugstore: low-low; (4) home supply: high-low (ZIP codes with
slight hurricane impacts are more likely to have neighboring ZIP codes with severe hurricane
impacts); (5) internet and telecommunication: low-low; (6) market: low-low; (7) recreation: low-
low; (8) restaurant: low-low; (9) retail: low-low; (10) service: high-high (ZIP codes with slight
hurricane impacts are more likely to have neighboring ZIP codes with slight hurricane impacts); and
(11) transportation: low-low. As a result, the dominant LISA cluster pattern is low-low for the
disaster impacts for 10 out of 12 business sectors.

In terms of the LISA clusters of recovery duration, Supp Table S5 illustrates the dominant cluster
patterns: (1) auto: none; (2) clothing: none; (3) drugstore: low-high (ZIP codes with short recovery
duration are more likely to have neighboring ZIP codes with long recovery duration); (4) grocery:
high-high (ZIP codes with long recovery duration are more likely to have neighboring ZIP codes
with long recovery duration); (5) home supply: low-high; (6) internet and telecommunication: low-
high; (7) market: low-high; (8) recreation: none; (9) restaurant: low-high; (10) retail: low-high; (11)
service: low-high; and (12) transportation: low-high. Therefore, the dominant LISA cluster pattern
is low-high for the recovery duration of eight out of 12 business sectors. The results indicate that ZIP
codes with sufficient recovery resources (i.e., short recovery duration) are surrounded by ZIP codes
with insufficient recovery resources (i.e., long recovery duration). This result indicates the spatial
heterogeneity of short-term recovery durations.

Figure 3. Local indicators of spatial association cluster map for recovery duration of grocery sector.
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Supp Tables S4 and S5 illustrate that LISA cluster counts for disaster impact range from 21 to 44,
and for recovery duration, 18 to 33, at significant level (p-value < .1). The spatial patterns of disaster
impacts and recovery obtained from recorded CCTs were verified in two ways. First, we compared the
LISAmaps with floodmaps of Hurricane Harvey provided by FEMA (Supp Figure. S4). Based on the
flood depth grid map during Hurricane Harvey from Federal EmergencyManagement Administration
(FEMA 2018), we identified the 46 flooded ZIP codes (flooded areas are larger than 10% of the ZIP
area). From the comparison, we found that most of the significant LISA clusters (Figures 2(b) and
3(b)) were exactly located in the flooded ZIP-code regions. This is consistent with the expectation that
ZIP codes outside flooded areas do not show significant LISA clusters. Second, spatial clusters of
disaster impact and recovery durations based on CCTs were compared with household survey data
collected from households affected by Hurricane Harvey in Harris County. The survey asked
households to rate the impact of Hurricane Harvey on their lives and respondents reflected their
household’s recovery duration (Esmalian et al., 2020). Patterns of household impact and recovery
from the survey agreed with spatial clusters based on CCTs. For example, regarding the spatial
patterns of drugstores, the high-high cluster in the northeast and north of the downtown area also have
a high reported recovery duration in the survey; a similar pattern is observed for the low-low clusters.
Similarly, the low-low cluster of the disaster impact for the grocery sector is consistent with the
reflected impact of Hurricane Harvey on households’ lives. The findings could also shed light on
identifying hotspots of impacts and recovery delays during floods by identifying significant LISA
clusters. Disaster management agencies can then conduct detailed investigations within these regions
and make their plans to allocate resource in a more efficient and data-driven manner.

Spatial disparities analysis results

Statistics of disaster impact and recovery duration. We first describe the spatial disparities of disaster
impact and recovery duration for the defined business sectors across the 142 ZIP codes. The
summary of statistical analysis—mean, median, and standard deviation—of disaster impact and
recovery duration is presented in Supp Table S6. According to the results related to disaster impact
in Supp Table S6, the home supply sector has the largest mean, median, and standard deviation (std
= 0.53), while the restaurant sector has the lowest standard deviation value (std = 0.12). This result
means that the home supply sector has seen the most significant spatial variations among the ZIP
codes, and the restaurant sector has shown the least significant spatial variations. For recovery
duration, the internet and telecommunication sector shows the largest mean and median values. In
addition, we can see clothing sector possesses the greatest standard deviation (std = 6.82), while
recovery duration for the grocery sector is the lowest (std = 3.49). This result reveals that the
recovery duration of clothing sector varies most significantly across ZIP codes, while the recovery
duration of grocery sector varies the least among the 12 business sectors in Harris County. As
business sectors such as clothing are not as essential as drugstore and grocery sectors, we do not
discuss their spatial patterns and disparities in details in the body of the manuscript. Related figures
and results are provided in the supplementary information.

Spatial disparities. For spatial disparities of disaster impact and recovery duration, we conducted a
stepwise regression model selection. The modeling approach was implemented in our regression
analysis for disaster impact (absolute value) and recovery duration of the 12 business sectors. As
drugstore sector plays an essential role for the communities from the preparedness, response, and
recovery stages, understanding of which factors result in the geographic fluctuations in disaster
impacts and recovery duration for drugstore sector across various ZIPs can support the future design
of urban plan strategy to resolve the disparities and further enhance community resilience (Beatty
et al., 2019). Hence, the stepwise regression results for disaster impact and recovery duration of
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drugstores are presented in Table 1 and Table 2, respectively. The regression results for disaster
impact and recovery duration of other business sectors are presented in Supp Tables S7–28.

Regression results for disaster impact of the drugstores sector (Table 1) include reported loss of
the residents (Mobley et al., 2021), total population of the ZIP code, median age, and income level of
the residents. The model results suggest that a larger amount of reported loss is positively related to
the disaster impact (based on change in transactions in drugstores). This result means that ZIP codes
with larger amounts of total loss sustained a greater disaster impact for the drugstore sector. The
reported loss is an indicator of the extent of direct physical damage in the affected area. Since most
drugstores are visited by local residents, this result could be due to drugstores being flooded,
residents losing access to drugstores, or residents relocating to temporary housing. Total population
and median age within the ZIP codes are negatively associated with the disaster impact. Those ZIP
codes with a higher population and areas with a higher median age experienced less disaster impact
related to drugstores. The results show that areas with a higher population experienced less impact
during Hurricane Harvey. With a higher population, more drugstores may exist within the ZIP-code
area, providing redundancy and lower impact. Furthermore, ZIP Code areas with a higher per-
centage of the elderly experienced less disaster impact. Elderly populations may have a higher need
for the drugstores and make more drugstore-related purchases in other areas; therefore, the greater
transactions for this category could contribute to the less disaster impact upon the drugstore sector.
Finally, areas with higher income experienced a higher level of impact for the transactions related to
drugstores, as suggested by the positive relationship between income and disaster impact. This
result implies that wealthier residents could continue fulfilling their drugstore-related needs even if
they live in a flood-affected area.

Table 2 shows the Poisson regression results for the recovery duration related to drugstores. The
results suggest that those areas with a larger number of flood insurance claims required greater
recovery duration. Similar to the relationship between loss and disaster impact, this association
could be explained by the higher physical damage in areas with a higher reported claim in
comparison with other regions. In addition, Table 2 reveals that percentage of white population and

Table 2. Poisson regression analysis for recovery duration of the drugstore sector.

Variable Coefficient Std. error p-values VIF

Intercept 1.82 0.12 <.001 —

Number of claims 9.03 2.21 <.001 1.12
White (%) 0.28 0.19 .136 1.10
Income �5.45 e-06 1.83 e-06 .003 1.21

VIF: variance inflation factor.

Table 1. Gaussian regression analysis for disaster impact on the drugstore sector.

Variable Coefficient Std. error p-values VIF

Intercept 0.89 0.24 <.001 —

Reported loss 2.63 e-05 1.87 e-05 .16 1.13
Total population �3.32 e-06 1.16 e-06 .004 1.04
Age �1.51 e-02 7.71 e-0� .05 1.84
Income 5.09 e-06 1.35 e-06 <.001 1.67

VIF: variance inflation factor.
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income are main factors resulting in the varying recovery durations of ZIP codes with similar
disaster impact levels. When controlling the number of claims in the regression model, we can see
these two factors have either positive (percentage of white population) or negative (income) re-
lationship with recovery durations. Specifically, higher income residents recovered quicker as
indicated by their drugstore-related transactions. Considering the significant and positive rela-
tionship between the income and the disaster impact, we can see that although the communities with
higher incomes experienced a greater impact, they recovered more quickly than others. Such a
pattern is also observed in other business sectors, which highlights the influences of socioeconomic
factors in the resilience of residents in response to the similar-level disaster-induced perturbations.
The percentage of the white residents has a positive relationship with recovery duration level. This
indicates that ZIP codes with a higher white population percentage took longer to recover based on
drugstore transaction changes. ZIP codes with a higher percentage of white population (such as
neighborhoods near the reservoirs) were the most severely affected by flooding during Hurricane
Harvey. The more severe physical damage to the drugstore sector caused by flooding could explain
the slower recovery in ZIP codes with large white populations. The VIF (variance inflation factor)
values for all variables included in the model are less than 2 which suggests that the models are not
affected by the multicollinearity issue.

Disaster impact and recovery duration for various business sectors

Drugstore and health care. The drugstore sector refers mainly to drugstores and pharmacies, while
the health care sector represents hospitals, medical service centers, and doctors and physicians. Both
sectors provide community residents with medical resources to cope with disasters. CCT fluctu-
ations based on the total transaction values for drugstores and health care are illustrated in Figures
4(a) and (b). Figure 4(a) documents a significant increase in the total transactions in the drugstore
sector before Hurricane Harvey made landfall in Harris County (red vertical line). Immediately after
landfall, a sharp decrease occurs. This phenomenon may reflect the possibility that community
residents in Harris County used their credit cards to purchase necessary medicines from the
drugstores for preparing to Hurricane Harvey. Transactions for the purchase of medications show an
immediate drop after the landfall; recovery took about one and a half weeks to the new steady level.
Also, the new steady level is higher than the previous baseline level. This phenomenon indicates that
community residents made more transactions in the drugstore sector in the recovery period, starting
9 September 2017. Compared with the drugstore sector, no discernible increase of health care
transactions occurred before Hurricane Harvey’s landfall (Figure 4(b)). This situation is reasonable
as medical services from either hospitals or medical centers cannot be stockpiled to prepare for a
hurricane. Figure 4(b) indicates sharp decreases in total transactions after landfall of the hurricane,
with overall recovery to baseline level occurring over the course of 2 weeks.

In addition, the disruption (orange line segment) and recovery (green line segment) periods of
drugstore and health care sectors are marked in Figures 4(a) and (b). Using the maximum drop of
total transactions from their baseline levels illustrated in their 7-days moving average curves, we
quantify the disaster impacts on drugstore and health care sectors. We added the periods of the
orange and green line segments to calculate the recovery duration (Supp Methods) for total
transactions to return to their baseline levels.

In both figures, the cyan curve represents the daily CCT fluctuation from rough data, while the
blue curve shows the CCTV by the 7-day moving average. Specifically, the golden part of the blue
curve reveals the perturbed stage (i.e., disruption stage), while the green part reflects the recovery
stage. The red vertical line marks the date when Hurricane Harvey made landfall in Harris County.
The gray horizontal line highlights where the total transactions equal to their corresponding baseline
values. These descriptions apply to Supp Figure 5–23. Using the CCTcurves for all defined business
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sectors, we computed their disaster impacts and recovery duration and summary is available in Supp
Figure S46.

Discussions and conclusion

Credit card transaction fluctuation data can reveal the spatial patterns of disaster impacts on
community residents, business, and infrastructure systems.With the adapted resilience curves (daily
fluctuation curve of CCTs) for our defined business sectors, we examined changes in community
state in terms of disaster impacts and recovery duration with CCT fluctuations from both community
residents’ perspective at ZIP-code scale and businesses’ perspective at county scale. At the ZIP-code
scale, we also inspected the spatial patterns and disparities of these community state indices. The
results show the value of using human activity data (such as CCTs) for capturing the combined
effects of household impacts, infrastructure disruptions, and business impacts as part of community
resilience evaluations.

Results of spatial analytics reveal that the overall pattern of disaster impacts for the auto,
clothing, grocery, internet and telecommunication, market, retail, service, and transportation sectors
is a cluster of similar disaster impact levels, while no significant spatial cluster trend was found for
recovery durations of most business sectors. With LISA cluster maps, our results identify clusters
with severe disaster impacts or long recovery duration. For instance, the blue-shaded areas rep-
resenting ZIP code areas in Figure 2(c) refer to the locations of clusters with severe disaster impact
of the grocery sector, while red-shaded areas in Figure 3(c) mark locations of clusters with long
recovery duration. With maps illustrated in Figure 2(c) and 3(c), disaster managers can monitor and
evaluate the spatial and temporal patterns of disaster impact and recovery across different areas, and
further prioritize resource allocation in more impacted areas in the blue (severe disaster impact) and
red (long recovery duration) cluster regions. The insights obtained from CCT fluctuation analysis
can complement the other on the ground data, as well as crowdsourced data to inform disaster
response and recovery decisions.

In addition, our findings in spatial disparities reflect that factors of reported loss, total population,
age, and household income may explain the spatial disparities of disaster impact for the drugstore
sector. Meanwhile, variables such as number of insurance claims, percentage of the white pop-
ulation, and household income can explain the spatial disparities of the recovery duration for
drugstore sector. Integrating regression analysis results of spatial disparities of disaster impact and

Figure 4. Credit card transactions fluctuation curves for drug store (4a) and health care (4b) sectors.
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recovery durations, we found that socioeconomic factors (income) play an essential role in resi-
dents’ resilience. Furthermore, when controlling the number of claims, we find that the increase of
percentage of white can increase the recovery durations (positive relationship) while the increase of
income will decrease the recovery durations of drugstores (negative relationship).

The findings of this study highlight the value of the proposed approach in analyzing fluctuations
in credit card transactions to inform disaster response and recovery. Identification of hotspots with
severe disaster impacts can help rapid evaluation of disaster impact on households and businesses
and their recovery to inform resource allocation and prioritization decisions. For instance, Table 1
shows that disaster impact on drugstores were more severe in areas with older adults and lower
income households. This finding can inform public health agencies in their disaster response efforts.
In addition, investigation of patterns of recovery durations in different regions can help disaster
managers and public officials to design strategies for better recovery in future hazards.

The study and findings contribute to the emerging field of smart flood resilience focusing on
harnessing community-scale big data to enhance disaster resilience capabilities including predictive
flood risk monitoring, rapid impact assessment, and situational awareness (Yuan et al., 2021c; Yuan
et al., 2021d, Yuan et al., 2021e), as smart situational awareness in response and recovery stages is
one of its essential components (Podesta et al., 2020). This research demonstrates that using CCTs
can enhance situational awareness of spatial patterns of disaster impacts and recovery of com-
munities across flood stages. Although the findings of spatial patterns and disparities cannot be
directly applied to regions beyond Harris County, the analytical framework for harnessing CCTs to
enhance situational awareness of disaster impacts and recovery can be generally applied to other
regions.

A limitation in this study falls in the lack of proper explanations for the observed CCT fluc-
tuations across the hurricane period, as CCTs could be impacted by various additional factors, such
as major community events or holidays (e.g., Labor Day on 4 September 2017). Future research will
investigate the local news and holiday/festival calendars across communities and make the cor-
responding adjustments on the CCT to normalize the impacts from the hurricane on the state of
community. Also, future research can explore the CCT in the same period of 2016 to use as a
baseline to compute the CCT fluctuations. Another limitation in this study is the representativeness
of the CCT data for the general population. Existing data shows that seven in 10 Americans possess
at least one credit card which indicates a good representativeness of CCTs data (Gonzalez-Garcia
and Johnson, 2020). SafeGraph collected the CCT data from a panel of ∼40 MMmobile devices in
the United States and Canada and this process can result in biases and outliers in the CCT data
(Utrera 2021). Our future research will design and conduct a survey among the affected residents in
Harris County during Hurricane Harvey to learn about their purchase activities through credit cards
and which business sectors they have spent their money. The survey results will be used to build the
CCT fluctuation curve and further evaluate our curve based on the SafeGraph CCT data.

Despite limitations, this research contributes to the body of knowledge related to community
resilience evaluation through two main aspects: first, the study and results demonstrate the potential
for utilizing human activity data for more integrative evaluation of the spatial and temporal patterns
of impacts and recovery in community resilience assessments. Second, the approach could be
utilized for enhancing situational awareness to better inform resource allocation and recovery
strategy prioritization efforts by disaster managers and public agencies.
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