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human systems facing weather
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Resilience curves have been widely used for conceptualizing and representing specific aspects of
resilience behavior during hazard events; however, their use has often remained conceptual with
limited data-driven characterization and empirical grounding. While broader community resilience
encompasses multiple social, economic, and infrastructure dimensions, targeted analyses of specific
systems can provide valuable insights into resilience patterns. Empirical characterizations of resilience
curves provide essential insights regarding the manner in which differently impacted systems of
communities absorb perturbations and recover from disruptions. To address this gap, this study
examines human mobility resilience patterns following multiple weather-related hazard events in

the United States by analyzing more than 2000 empirical resilience curves constructed from high-
resolution location-based mobility data. These empirical resilience curves are then classified into
archetypes using k-means clustering based on various features (e.g., residual performance, disruption
duration, and recovery duration). Three main archetypes of human mobility resilience are identified:
Type |, with rapid recovery after mild impact; Type Il, exhibiting bimodal recovery after moderate
impact; and Type lll, showing slower recovery after severe impact. The results also reveal critical
thresholds, such as the bimodal recovery breakpoint at a 20% impact extent (i.e., function loss), at
which the recovery rate decreases, and the critical functional threshold at a 60% impact extent, above
which recovery rate would be rather slow. The results show that a critical functional recovery rate of
2.5% per day is necessary to follow the bimodal resilience archetype when impact extent exceeds 20%.
These findings provide novel and important insights into different resilience curve archetypes and their
fundamental properties. Departing from using resilience curves as a mere concept and visual tool, the
data-driven specification of resilience curve archetypes and their properties improve our understanding
of the resilience patterns of human systems of communities and enable researchers and practitioners
to better anticipate and analyze ways communities bounce back in the aftermath of disruptive hazard
events.

Keywords Resilience curve archetypes, Human mobility, Disasters

The characterization of resilience in human systems is of primal importance when evaluating their performance
during and after disasters!-%. The key characteristics of system response to disturbance, such as the degree of
return to the original state, return time, rate of return, and efficiency, are crucial to understanding resilience.
Past research emphasizes that different characteristics can lead to varying conclusions about a system’s resilience,
highlighting the complexity of defining and measuring resilience in systems’. Studies conducted in recent years
have focused on characterizing resilience curves®~'°, which graphically represent the trajectory of a community’s
functionality or performance from the onset of a disaster to the eventual recovery!!~!>. Functionality-focused
resilience curves are a valuable approach for understanding and anticipating specific system responses to
perturbations induced by disasters. However, they represent only one dimension of the multifaceted concept
of community resilience. It is important to note that community resilience is a broader concept encompassing
social, economic, infrastructural, and ecological dimensions beyond the scope of this study. Researchers have
explored community resilience through various frameworks focusing on social capital, community competence,
economic development, and information communication. Our work focuses specifically on human mobility
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patterns as one measurable aspect of human systems within communities, rather than claiming to characterize
comprehensive community resilience. However, the use of resilience curves has remained a mere conceptual and
visual tool with limited data-driven characterization and empirical grounding. Empirical characterizations of
resilience curves provide essential insights regarding ways different systems of communities absorb perturbations
and recover from disruptions'®-!®, Resilience curves have also been primarily used in characterizing the
vulnerability and recovery of infrastructure systems of communities during hazard events. Previous studies
discussed the importance of understanding the recovery dimension in resilience!®. The use of a clustering
algorithm for classifying recovery curves offers a quantitative approach to assessing system responses during
disruptions, particularly in the context of water distribution systems?.

Limited studies have examined the characteristics of resilience curves in human systems of communities. In
recent years, a number of studies have examined fluctuations in human mobility patterns during hazard events as
a way to capture both the loss of functionality and subsequent recovery of human systems in communities®!~’.
Examining resilience curves associated with human mobility enables the capture of fluctuations in human
activities in response to disruptive events, such as floods, wildfires, storms, pandemics, or conflicts**~3, Human
mobility represents an important measurable aspect of human systems in communities, providing a window
into how people’s movement patterns adapt to disruptive events. Under normal circumstances, human mobility
would be at an equilibrium state, signifying routine movement patterns. When a disruptive event occurs, human
mobility usually decreases as people seek shelter or infrastructure is disrupted, reflected by a dip in the resilience
curve. Post-disaster, human mobility gradually recovers as people start to adapt, recover, and resume their
routines®. The fluctuations in human mobility patterns can be captured to construct the resilience curve of
human systems of communities. While the resilience curves in our study specifically focus on human mobility
patterns, this approach is distinct from other uses of the term ‘resilience curve’ in the literature. Despite the
growing number of studies examining resilience of human systems using human mobility patterns, limited
attention has been paid to the resilience curve archetypes and their fundamental properties using empirical
data. The specification of empirical resilience curve archetypes and their properties is essential to improve
our understanding of the resilience patterns of human systems of communities and to enable researchers and
practitioners to better anticipate and analyze ways communities bounce back in the aftermath of disruptive
hazard events*041.

Recognizing this important knowledge gap, the primary objective of this study is to examine the presence
of universal archetypes in human mobility resilience curves and delineate their fundamental properties.
Specifically, we seek to address two specific research questions: (1) What are the primary archetypes of the
human system resilience curves? and (2) What fundamental characteristics explain the behavior of different
resilience curve archetypes? To assess the extent of functionality loss, we measure the degree of human mobility
change by computing the number of trips going in and out of a given area. For our analysis, we utilize high-
resolution location-based mobility data related to multiple extreme weather events in the United States. In total,
we constructed more than 2000 empirical resilience curves representing different regions and hazard events.
Accordingly, we examined and computed the main features of each resilience curve and subsequently classified
them based on their main features into a set of universal archetypes. The following sections discuss the study
data and methods.

Data description

This study collected and analyzed data from the following major hazard events in the United States: Hurricane
Ida, Hurricane Harvey, Hurricane Laura, and Winter Storm Uri. Hurricane Ida, a Category 4 storm, struck
in August 2021, causing its most profound devastation in Louisiana. Hurricane Ida later moved on to cause
significant flooding and damage in the northeastern U.S., particularly impacting New York and New Jersey.
Hurricane Harvey, also a Category 4 storm, made landfall near Rockport, Texas, in August 2017, then unleashed
catastrophic flooding on the Houston metropolitan region. The impact was so severe that it ranks among the
most damaging natural disasters in U.S. history. Category 4 storm Hurricane Laura in August 2020 majorly
affected the Gulf Coast of the U.S., impacting parts of Louisiana and Texas and leaving a trail of destruction in
its wake. In 2021, Winter Storm Uri swept across multiple states, with Texas being the most affected. Bringing
low temperatures, snow, and ice, Uri led to extensive power outages, immense property damage, and several
tragic fatalities. The storm’s severity was such that Texas’s power grid was overwhelmed, resulting in widespread
blackouts across the state. These four events were chosen due to significant disruptions across the impacted
regions. The data collection timeframes for each event were established according to the events start date.
Specifically, data collection commenced 9 days before the initiation of extreme weather events and spanned a
total 35 days for such occurrences. In the case of the winter storm event, the data collection timeframe was limited
to 24 days due to data availability constraints. The baseline periods—normal (steady-state) periods without
perturbations from natural phenomena disasters—are set in the first week of the data collection timeframes. The
mobility flow during this period is viewed as baseline performance.

Considering the variability in community sizes and to ensure a comparable assessment across diverse
population densities, we implemented a minimum threshold of daily visits. Each census tract included in the
study required a baseline of at least 50 daily visits before the event to be considered for analysis. This threshold
was established to reduce the potential bias that could arise from smaller communities where each individual’s
movements might disproportionately affect the observed mobility rates. The 50-visit threshold serves as an
inclusion criterion for census tracts in our analysis rather than a calculation parameter for baseline performance.
While the actual range of daily visits varies considerably across census tracts (from our minimum threshold
to several thousand visits in densely populated areas), this criterion ensures sufficient data volume to produce
statistically meaningful resilience curves while respecting privacy requirements from our data provider. Each
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included census tract’s baseline is then individually calculated from its own pre-disaster daily trip volume,
regardless of the absolute number of visits.

In establishing a baseline for daily trips during each event, we accounted for variations between weekdays and
weekends to ensure a robust assessment of normal mobility patterns. Specifically, we calculated the baseline for
weekday visits by averaging the number of trips from Monday to Friday and separately averaged the baseline for
weekend visits for Saturday and Sunday. This approach allows us to compare mobility on individual weekdays
to the average weekday baseline and similarly for the weekends. By using separate baselines for weekdays and
weekends, we mitigate the effect of day-to-day variability within these categories, ensuring that our analysis
more accurately reflects typical pre-event conditions. Deviations from these baselines are then utilized to assess
the impact and recovery patterns during the event periods.

Table 1 summarizes the data collection details for each event. 402, 786, 402 and 786 empirical resilience
curves are produced for affected areas during Hurricane Ida, Hurricane Harvey, Hurricane Laura and Winter
Storm Uri. Adding up to a total of over 2000 resilience curves.

To construct the empirical resilience curves, we used a location-based dataset obtained from Spectus, a
company that collects vast amounts of anonymous location information from approximately 70 million mobile
devices in the United States through a privacy-compliant framework. This data is gathered when users voluntarily
opt in tolocation services provided by partner apps. Spectus captures data from nearly 20% of the U.S. population,
representing around one in four smartphone users. The location-based data from Spectus has proven valuable in
previous research®3! to be representative in terms of capturing human mobility and travel mode detection due to
its high spatiotemporal resolution. To safeguard user privacy, Spectus de-identifies the collected data and applies
additional privacy measures, including obscuring home locations at the census-block group level and removing
sensitive points of interest. The device-level data encompasses anonymized individual location information, ID,
location coordinates, and timestamps. To ensure privacy preservation, Spectus offers access to its data, tools, and
location-based datasets from other providers through a data cleanroom environment. The locations visited by
each device are determined by identifying the census tract polygons each device resides in. The trajectory of a
device’s movement is then established based on the precedence relationship of their visit times. Daily trip counts
between census tracts are aggregated at a census-tract level. For further analysis, a human mobility network is
created using the daily trip counts among each census-tract pair. In this study, the focus lies on examining the
fluctuation of total mobility flow in each census tract. Inflows and outflows are aggregated (summation), as
their separation within the period of interest does not yield additional information for characterizing resilience
curves. This is because inflow and outflow are proportional to the total flow and share the same flow pattern
based on our preliminary investigation.

Methodology

Our analysis framework consists of the following components: (1) constructing the resilience curves; (2)
extracting the key features of resilience curves; (3) finding the universal resilience curve archetypes and (4)
specifying the main properties of the archetypes. Figure 1 depicts the overview of the analysis framework.

Our initial step focused on constructing empirical resilience curves associated with human mobility of
census-tract populations across the four hazard events examined in the study. These empirical resilience curves
are constructed by comparing the number of trips each day within the 35-day data-collection timeframe with the
baseline (steady-state) number of trips for each census tract. The baseline number of trips serves as the baseline
functionality of each census tract. For example, if the number of trips observed on a particular day during
Hurricane Ida is 70% of the baseline value, then the remaining system functionality is 70%; the impact extent is
30%. Figure 2 shows a conceptual resilience curve, critical temporal points that signal transitions, and resilience
features characterizing the curve. Each resilience curve is composed of critical temporal points: t, (exposure
to hazard): the time when the system first experiences the disruptive event; t, (initial system disruption): the
time when the system experiences the maximum disruptive effects; t, (end of cascading failures): the time point
when disruption starts to diminish; t (beginning of system recovery): the onset of the system’s recovery period;
t; (completion of system recovery): the time point when the system is considered to have fully recovered and t_
(maximum recovery time): the complete end of the event, marking a return to normal conditions. t,is determined
by identifying the point at which the system’s performance stabilizes at a new state, regardless of whether it
matches the pre-event level. This approach aligns with the understanding that recovery may not necessarily
mean a return to original conditions but could represent a new stable state. Stability is assessed by observing if
the system’s performance levels off and regularly fluctuate around a consistent level for a significant duration. To
ensure consistent determination of t, (completion of system recovery), we applied specific quantitative criteria in
an automated procedure. A system is considered to have reached a new stable state when either: (1) performance
returns to 100% of the pre-disaster baseline, or (2) performance reaches at least 85% of baseline and maintains
stability (fluctuating within +10% range) for at least five consecutive days. These thresholds were established

Event | Type Affected areas | Number of census tracts | Event start date | Data collection time frame
Ida Hurricane Louisiana 402 2021/8/28 2021/8/19-2021/9/23
Harvey | Hurricane Texas 786 2017/8/24 2017/8/15-2017/9/30

Laura | Hurricane Louisiana 402 2020/8/27 2020/8/18-2020/9/22

Uri Winter Storm | Texas 786 2021/2/13 2021/2/4-2021/2/28

Table 1. Summary of the weather events selected for this study.
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Fig. 1. Overview of analysis framework: Location-based data are analyzed to estimate mobility flow as a proxy
for the functionality of human systems. Key resilience features, including the critical transition time points, are
extracted from the human mobility resilience curves for each census tract. Based on their features, resilience
curves were clustered to specify universal archetypes. The archetypes for human mobility resilience curves are
examined to delineate their fundamental properties.
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Fig. 2. Illustrative features for a conceptual resilience curve. Metrics may be derived with respect to
performance p(t). In this illustration, the system does not fully recover within the control interval, so
disruption duration may be undefined. The area above the resilience curve represents cumulative impact, while
the area under the resilience curve represents cumulative performance.
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based on empirical observations of typical pre-disaster fluctuation patterns and findings from our related studies
examining post-disaster recovery trajectories. In cases where a system’s performance does not meet these criteria
within our observation timeframe, we consider recovery incomplete, which is valuable information in itself for
characterizing the severity of impact and recovery challenges. These points encapsulate the timeline of the event
and the corresponding system performance. Note that there is a single recovery rate in this conceptual resilience
curve in Fig. 2. However, it is possible that we can observe bimodal recovery, which means we can find a turning
point during the recovery process that the recovery rates before and after it are significantly different.

The subsequent step involves extracting key features from the resilience curves. The selection of key features is
based on a review of the literature related to the characteristics of resilience curves (Table 2)*24. The key features
collected in the study can be grouped into multiple categories, including “magnitude”, “duration”, “integral”,
“rate” and “stability”. Note that residual performance and depth of impact are not used simultaneously in this
study because they are correlated and might cause problems in the implementation of the k-means algorithm.
Thus, we only kept residual performance in the analysis. Similarly, we only used cumulative impact and left out
cumulative performance. The temporal stability (d) is measured as inverse standard deviation of residual around
the slope (b) of regression of relative function over time. The calculation is detailed in Table 2.

To mitigate noise and enhance the curves’ discernibility, we employed a Savitzky-Golay filter after comparing
the performance of multiple common smoothing techniques, such as rolling average and interpolators.
However, curve smoothing should be applied judiciously to avoid potential over-smoothing, which could
obscure important details. To reliably record the system resilience performance, we use the smoothed curve
only for computing features related to integral and rate features and compute the other features from the original
resilience curves. Upon completion of this step, the resilience curve for each census tract is represented by a
vector of multiple key resilience features. It is important to note how we handle mobility values that exceed the
baseline (>100%). Such values are treated as natural system fluctuations and incorporated into our analysis
without adjustment. In pre-disaster periods, these elevated values may represent evacuation activities or normal
day-to-day variations. In post-disaster periods, they may represent a new equilibrium state or temporary activity
surges during recovery. For calculation of metrics such as ‘cumulative impact, we specifically focus on the post-
disaster period, measuring the area between the 100% performance line and the resilience curve.

Next, we perform clustering algorithms to classify resilience curves based on the key features to examine
whether these clusters represent different universal archetypes. For testing different clustering algorithms, we
used the elbow method and silhouette scores. Based on these metrics, we chose k-means clustering, which is
a widely used technique due to its efficiency and simplicity. The k-means algorithm partitions the data into k
distinct, non-overlapping subsets (or clusters), with each data point belonging to the cluster with the closest
mean. After clustering, we proceed to compute an average resilience curve for each cluster. This step provides us
with a representative curve that encapsulates the typical behavior for each cluster.

In the last step, we aim to find out the fundamental properties of the resilience curve archetypes. While our
data resolution allows us to capture the daily fluctuation of recovery rates, we simplify these variations into
piecewise linear segments by applying multivariate adaptive regression splines (MARS) on the representative
curve of each cluster. MARS is a form of regression technique that automatically identifies the main turning
points (knots) and slopes (system performance change rates) in the data. Although MARS is nonparametric in
the sense that it doesn’t assume a specific functional form for the relationship between variables, we controlled the
model’s complexity by setting specific control parameters, particularly the maximum number of basis functions
(knots) allowed in the model. This approach enabled us to define the appropriate complexity of the piecewise
linear model, ensuring that it adequately captures the predominant recovery dynamics while avoiding overfitting
to minor daily fluctuations. The number of knots was carefully selected through cross-validation to balance
model fit and interpretability, resulting in models that effectively represent the essential features of the resilience
curves. Our analytical approach follows a systematic process to identify resilience patterns without arbitrary
parameter selection. The clustering of resilience curves based on objectively calculated features allows natural

Types Metrics Formula Definition
Residual performance p(t) System perfqrmance following the disruption, generally after
d cascading failures.
Magnitude Depth of impact 1-p(ty) Complement of residual performance.
Restored performance (p(ty) - p(t))/(p(t,) - p(ty) System’ s performance after recovery efforts are complete.
Disruption duration te-t, Entire period of degraded performance.
Duration
Recovery duration te-ty Period of the recovery phase, starting from the lowest performance.
Cumulative impact f 1 — p(t) dt Integrated difference between performance and its reference.
Integral
Cumulative performance f p(t)dt Complement of cumulative impact.
R Failure rate (p(ty - p(t)/(t, - t,) Resilience and adaptive capability at failure phases.
ate
Recovery rate (p(ty) - p(t))/ (£ - t) Restorative capability at recovery phases.
s - d=1/std(residual,) Performance fluctuations around the trend. No benchmark, a
Stability Temporal stability In(recovery rate / average recovery 1 d ds to 1 a .
rate)=i+b * t arger d corresponds to lower fluctuations.

Table 2. Key resilience features extracted from the resilience curve regarding human mobility. Recovery for
clustering.
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groupings to emerge directly from the data. For each cluster, the representative aggregate curve reflects the
collective recovery processes of all individual curves within that grouping. The MARS regression subsequently
identifies critical transition points and recovery rates that characterize these dynamics, functioning as a pattern
detection tool rather than imposing predetermined structures. This methodological approach enables us to
distill complex, variable recovery behaviors into generalizable archetypes with clear, practical thresholds and
transition points that characterize human mobility recovery following different levels of disruption. Common
structures among these simplified representative curves can be observed. This approach allows us to balance
data representativeness, model complexity and practical concerns. The common structures or characteristics
will serve as our criteria for classifying archetypes. By identifying the archetypes, we can anticipate system
performance effectively.

Results

We implemented the method described in the previous section on the data collected from Hurricane Ida,
Hurricane Harvey, Hurricane Laura and Winter Storm Uri. Evaluation metrics for k-means clustering, such as
the elbow method and silhouette score, suggest that the optimum number of clusters for the events is between
5 and 7 (see the Appendix). Among the clusters, one or two clusters can be viewed as outliers which we would
remove for the interpretation of results. After the clustering and cleaning, we performed MARS to identify the
critical turning points as the slope of line segments between these points. Figures 3, 4, 5 and 6 show the original
average resilience curve (empirical data), the average resilience curve through smoothing and MARS (piecewise
linear representation), critical turning points and slopes of the line segments between the turning points for
each cluster. They demonstrate how MARS accurately reflects the underlying data, with attention paid to ensure
that the structures captured are not artifacts of the modeling process but are reflective of the observed recovery
dynamics. Each figure represents the resilience pattern of a specific event and the same colors in different figures
do not indicate same types of clusters. We use clusters H1,2,3,... for Hurricane Harvey, clusters 11,2,3,... for
Hurricane Ida, clusters L1,2,3,... for Hurricane Ida and clusters U1,2,3,... for Winter Storm Uri.

It is important to note that the system functional performance on the y-axis in Figs. 3, 4, 5 and 6 represent
percentages relative to the pre-disaster baseline (100%). Values naturally fluctuate around this baseline during
pre-disaster periods, with values above 100% representing normal day-to-day variations or potential evacuation
activities. The resilience curves will not necessarily return to exactly 100% after a disaster, as systems may: (1)
reach a new stable state at a different performance level, (2) gradually return to baseline beyond our observation
period, or (3) achieve full recovery to baseline within the observation period. In Figs. 3, 4, 5 and 6, dotted lines
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Fig. 3. Human mobility resilience curve clustering for Hurricane Ida. Each dashed curve represents the
original average resilience curve of each cluster. Each solid curve represents the MARS regression on the
average resilience curve of each cluster; the numbers represent failure rates and recovery rates. The extent of
impact ranges from 20-70%. The turning point of bimodal recovery rate can be seen in clusters I1, 12 and 14
when the system recovers to between 80-90% of performance. Cluster I3 represents areas with relatively low
impact and fast recovery. Cluster I5 represents areas with large impact and slow recovery.
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Fig. 4. Human mobility recovery clustering for Hurricane Harvey. Each dashed curve represents the original
average resilience curve of each cluster. Each solid curve represents the MARS regression on the average
resilience curve of each cluster; the numbers represent failure rates and recovery rates. The extent of impact
ranges from 55-70%. The turning point of bimodal recovery rate can be seen in clusters H1, H2, H4, and H5
when the system recovers to between 80-90% of performance. Cluster H3 represents areas with relatively low
impact and fast recovery.

represent the aggregated actual resilience curves for each cluster, while solid lines show the MARS regression
results based on these empirical curves. These regression lines help identify critical transition points and recovery
rates while filtering out minor fluctuations.

The shapes of resilience curves are all triangular instead of trapezoidal due to the more adaptive nature of
human systems than infrastructure systems. Human mobility starts to recover immediately after the shock, while
infrastructure systems may experience a sustained period of impact before their functionality starts recovering.
The areas with larger impact are either the ones with communities with larger populations or coastal areas
(specifically for hurricane events), which is intuitive.

Figure 3 shows the clustering results for Hurricane Ida in which the extent of impact varies, ranging from
20% to 70%. We can observe that except for cluster I5, all the other clusters fully recover at some point within our
data collection timeframe. Cluster I3 reaches full recovery before other clusters, which exhibit a rapid upward
trajectory after its relatively minor impact, contrasting with other clusters that show more gradual recovery
patterns. Based on this result, if the impact extent exceeds 70%, then a region may take much longer to fully
recover, which is not captured due to our data collection timeline. Except for cluster I3, we observe a significant
slow-down in the recovery rate after passing a certain level of system performance in all the other clusters, 20%
in this case.

Figure 4 shows the clustering results for Hurricane Harvey; the extent of impact ranges from 55 to 70%. We
can observe evidence that the system performance of clusters H2, H3, H4, and H5 tends to oscillate regularly
between a range of 90-100%, indicating full recovery within our data collection timeframe. The system
performance level for cluster HI after the disaster has reached 90% but does not have enough evidence to
conclude a full recovery. For all the clusters, we see a significant decrease in the recovery rate after achieving a
certain level of system functional performance, 80% in this case. This implies that after an initial recovery phase,
the segments of the piecewise curves, though flatter, are still considered part of the recovery process as the
system approaches a new stable state.

Figure 5 shows the clustering result for Hurricane Laura; the extent of impact ranges from 50 to 85%. We can
observe evidence that the system performance of clusters L2 and L4 has reached 100%, indicating full recovery
within our data collection timeframe. The system performance level for cluster L1 after the disaster has reached
80% and does not have enough evidence to conclude a full recovery. The system performance of Cluster L3
has reached almost 60%. Additionally, after reaching a specific threshold of system functionality, 80% in this
instance, there is a noticeable decline in the recovery speed across the other clusters.
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Fig. 5. Human mobility recovery clustering for Hurricane Laura. Each dashed curved represents the original
average resilience curve of each cluster. Each solid curve represents the MARS regression on the average
resilience curve of each cluster; the numbers represent failure rates and recovery rates. The extent of impact
ranges from 50-85%. The turning point of bimodal recovery rate can be seen in clusters L1, L2, and L4, when
the system recovers to between 80-90% of performance. Cluster L3 represents areas with large impact and slow
recovery.

Figure 6. Human mobility recovery clustering for Winter Storm Uri. Each dashed curved represents the
original average resilience curve of each cluster. Each solid curve represents the MARS regression on the average
resilience curve of each cluster; the numbers represent failure rates and recovery rates. The extent of impact
ranges from 40 to 60%. The turning point of bimodal recovery rate can be seen when the system recovers to
between 80 and 90% of performance.

The results for the selected events revealed multiple important insights regarding fundamental properties
of resilience curve archetypes of human mobility. Figure 7 shows the conceptual resilience curve resilience
archetypes found in our empirical study. The three archetypes are as follows: Type I: This archetype comprises
areas that experienced the least impact and exhibited relatively rapid recovery. Human mobility in these regions
resumed quickly, showcasing efficient recovery processes. Type II: Areas with resilience curves of this archetype
encountered moderate levels of impact. Notably, we observed a bimodal recovery rate, where the system’s
recovery speed significantly slowed down upon reaching a certain functional performance level. This bimodal
phase transition was distinct from the initial recovery and had a noticeable impact on the overall recovery
process. Type III: Representing the most affected areas, this group demonstrated considerably slower recovery
rates than the other archetypes. It took significantly longer for these regions to return to full system performance.
We acknowledge the potential for more complex recovery patterns, such as trimodal recoveries; however, our
dataset did not reveal clear evidence of such patterns within the scope of this study.

Further investigation into these three archetypes led to identification of significant critical thresholds and
distinguishing properties of the archetypes:

Bimodal recovery breakpoint (BRB)

The BRB is the point at which the recovery rate changes. The BRB was specified at the impact extent of 20%. If
the impact extent is less than the BRB, human mobility recovers swiftly after hazard perturbations. If the impact
extent is greater than the BRB, however, human mobility initially recovers to the BRB level with a faster recovery
rate; after the BRB is achieved, the recovery rate slows down. While the observation that recovery time correlates
with impact extent might seem intuitive, the identification of specific thresholds like the BRB where recovery
behavior fundamentally changes provides quantitative precision to what would otherwise remain a qualitative
understanding, enabling more accurate prediction and modeling of recovery trajectories.
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Fig. 6. Shows the clustering result for Winter Storm Uri; the extent of impact ranges from 40-60%. We notice
that every cluster achieves full recovery within the duration of our data collection; however, once they reach a
system functional performance threshold of 80%, there is a marked slowdown in their pace.
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Fig. 7. Conceptual representation of the archetypes of human mobility recovery behavior post weather events.
Each colored curve represents a cluster found in the analysis which is then further categorized into three
archetypes. Critical functional threshold, bimodal recovery breakpoint, and critical functional recovery rate are
the governing characteristics that separate the archetypes.
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Archetypes | Extent of impact | Recovery rate | Description

Least impact
Type I I<BRB RR,>CFRR Fastest recovery
Fully recovered

Moderate impact
Type I CFT>I1>BRB RR,>CFRR Bimodal recovery rates
Fully recovered

Largest impact

Type III I>CFT RR <CFRR Slowest recovery

Table 3. The three archetypes of human mobility recovery behavior following weather events, and the
governing characteristics that distinguish archetypes. I: Extent of impact, RR : Initial recovery rate right
after impact, BRB Bimodal recovery breakpoint, CFT Critical functional threshold, CFRR Critical functional
recovery rate.

Critical functional threshold (CFT)

The CFT is the impact extent beyond which the recovery of the system would proceed at a slow rate causing
long recovery durations. The CFT for human mobility was identified with an impact extent of 60%. An impact
extent greater than this threshold would lead to a significantly slower recovery speed. When the impact extent
is close to CFT, two different behaviors (Type II - Blue and Type III) may be observed. The initial recovery rate
(RR,) is the determining factor in whether full recovery can be reached within a shorter period. When RR, is
larger than the critical functional recovery rate (CFRR), which is 2.5% per day, we are likely to observe a Type
II - Blue behavior. When RR is less than CFRR, we are likely to observe a Type III behavior. Table 3 summarizes
properties of different resilience curve archetypes related to human mobility and their fundamental properties.
In summary, our examination of these distinct archetypes sheds light on resilience behavior of human mobility
in hazard events. The identification of the BRB and CFT provides valuable insights into the recovery patterns
of different areas, facilitating better anticipation and evaluations of ways different areas recover from hazard-
induced perturbations.

All thresholds are defined relative to the pre-disaster baseline, enabling us to establish static reference points
that allow for anticipation of future recovery states based on early post-disaster observations.

Regarding the recovery dynamics of Type II curves post-BRB, while the initial recovery rate is a critical
indicator of resilience, the subsequent recovery phase is equally important. Our findings suggest that Type II
curves generally exhibit a recovery pattern that leads to a complete recovery within a relatively short period, even
if the recovery rate slows down after the BRB. This observation is based on historical data trends and recovery
behaviors observed in past disaster events. However, the variability in recovery post-BRB highlighted in Figs. 4,
5, and 6 indicates that while these curves tend to recover, the exact trajectory can be influenced by various
factors, including the nature and severity of the impact, community system resilience capabilities, and external
aid. The historical recovery rate or the recovery rate observed in the aftermath of an actual disaster event can be
utilized to anticipate the possible recovery trajectory.

Discussion and concluding remarks

The primary objective of this study is to explore the existence of universal archetypes in human mobility resilience
curves when communities face weather hazards. Over the past two decades, resilience curves have been widely
used to characterize the fluctuations in the functional performance of human and physical infrastructure
systems of communities during disruptions; however, the majority of existing characterizations of resilience
curves of communities do not consider variations in the types of resilience curve patterns a system might exhibit
depending on the extent of impact. Also, most existing resilience curve characterizations focus on physical
infrastructure; limited studies have empirically examined the characteristics of resilience curves in human
systems of communities. It is important to emphasize that our analysis focuses specifically on human mobility
resilience as one measurable aspect of community response to hazards, rather than claiming to characterize
comprehensive community resilience, which encompasses broader social, economic, and infrastructure
dimensions beyond the scope of this study.

Recognizing these important gaps, this study examined more than 2000 empirical resilience curves related
to human mobility behaviors across multiple geographic regions and various weather events. The analyses
examined datasets collected from Hurricanes Ida, Harvey, and Laura, and Winter Storm Uri in the United States.
The results show that the resilience curves can generally be divided into three universal archetypes with low,
medium, and high impact extent. The group with low impact exhibited the fastest recovery speed. In the second
archetype with moderate impact extent, the recovery follows a bimodal rate: the initial recovery to the bimodal
recovery breakpoint proceeds at a faster rate followed by a slower recovery rate after a breakpoint. This finding
suggests that if the impact extent is not severe, human systems of community would strive to recover to the
BRB as fast as possible. After the system functionality reaches BRB, the recovery rate slows. The existence of
the bimodal recovery pattern might be a combination of two different behaviors. In the first stage of recovery,
system functional performance quickly bounces back to around 80-90% of their normal functional performance
because a large proportion of their daily activities return to normal. When this level of functional performance
is achieved, the human system has a functional performance state; thus, the remaining recovery would follow
a slower rate. In the third resilience archetype, when the impact exceeds critical functional threshold (ie.,
70%), the recovery rate would follow a slow rate with a consistent slope. This finding suggests that the critical
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functionality threshold of 70% is the point beyond which the human system would struggle to recover. There
are differences between the clusters of resilience curves observed from different types of events and different
geographical areas; however, the three archetypes revealed in this study show good representativeness, covering
all possible post-event human mobility recovery behaviors.

Recent studies in the field of complex systems have revealed that resilience, defined as a system’s ability to
maintain its basic functionality in the face of disturbances, is a characteristic shared by both human and physical
systems. For instance, ecological networks, food webs, and even cyber-physical systems exhibit resilience
patterns that mirror those observed in human systems. One study highlights the presence of universal patterns
of resilience across different types of networks, including biological and technological systems**. This research
emphasizes the ubiquity of resilience archetypes, like rapid recovery after mild disturbances and slower recovery
following severe impacts, across a wide range of systems. Further exploration into the dynamics of physical
systems presents a deeper understanding of how these patterns manifest in ecological and biological networks*’.
Their findings suggest that the resilience patterns observed in human systems, such as the ones identified in our
study, have counterparts in the natural world, including population dynamics and mutualistic networks. These
studies underscore the fundamental nature of resilience patterns, transcending the specific characteristics of
human systems and extending to a broader array of complex systems.

While our study highlights the adaptive nature of human mobility in response to disasters, contrasting with
the often slower and more predictable recovery trajectories of infrastructure systems, this does not necessarily
imply that slower human return rates should directly translate into more proactive infrastructure restoration
efforts. The correlation between human mobility and infrastructure recovery is complex and influenced by
factors including the type of disaster, the resilience of the infrastructure itself, and the socio-economic dynamics
of the affected community. For instance, in some cases, robust infrastructure might facilitate quicker human
return, while in others, human mobility might recover independently of infrastructure due to adaptive behaviors
and alternative solutions adopted by the community. Therefore, while enhancing infrastructure resilience is
undoubtedly beneficial, the decision to escalate restoration efforts should be based on a comprehensive assessment
of both infrastructure and human mobility data post-disaster. This nuanced understanding underscores the
need for integrated recovery planning that considers the interdependencies between human behaviors and
infrastructure systems.

Besides echoing the key findings from previous literature, findings of this study provide multiple important
scientific and practical contributions. First, resilience curves have remained a mere conceptual and visual tool
for understanding fluctuations in behaviors of community systems during and after hazard events. The absence
of empirical grounding and specific characterization of resilience curves have hindered the ability to properly
analyze and understand recovery trajectories of community systems. The findings of this study reveal the
presence of universal resilience curve archetypes with specific properties (i.e., bimodal recovery breakpoint,
critical functional threshold, and bimodal recovery rates) that enable evaluation of the way community systems
behave in the aftermath of hazard-induced perturbations. Second, departing from the majority of the existing
studies that focus on characterizing resilience in physical infrastructure, this study examined the resilience of
human systems based on fluctuations in human mobility. By leveraging fine-grained location-based data from
multiple hazard events, this study evaluated the functional performance of human systems of communities
based on fluctuations in mobility flows to reveal universal resilience curve archetypes.

From a practical perspective, the outcomes of this study provide important insights for emergency managers
and city officials. Based on the understanding of which areas are likely to belong to a certain archetype in an
extreme weather event, we can anticipate the functional performance and recovery patterns. With the insights
about the extent of impact and recovery trajectory for a short period after impact, decision-makers can take
proactive actions to restore infrastructure and allocate resources to areas that are expected to follow a slow
recovery rate. By assessing the extent of impact and recovery trajectory during the immediate post-event period,
decision-makers can gain insights into an area’s future performance. These contributions move us closer to a
deeper understanding and a greater predictive insight regarding the resilience behaviors of community systems
in hazard events. Future studies can build upon the findings of this study to examine empirical resilience curves
and their characteristics in other community systems (such as infrastructure systems) to depart from using
resilience curves as a mere conceptual and visual tool and reveal data-driven and empirical characteristics of
resilience curves in different systems. For example, future studies can examine empirical data from other systems
to evaluate whether similar universal resilience curve archetypes exist in other systems and if they exhibit
properties such as critical functionality threshold and bimodal recovery rate. Such insights would move the field
of community system resilience forward with empirical evidence needed to have a deeper and more predictive
understanding of how different community systems behave during hazard-induced perturbations.

It is important to acknowledge the methodological challenges in determining precisely when a system reaches
a steady state following disruption. While our study applied uniform criteria for this determination (>85%
performance with +10% stability for 5 days), future research should explore more nuanced, context-specific
approaches to defining recovery completion. Factors such as disaster type, pre-disaster system characteristics,
and regional variations might necessitate adaptive thresholds. Additionally, longer observation periods would
enable better characterization of long-term recovery trajectories, particularly for severely impacted systems that
may require months or years to stabilize. These considerations highlight the importance of developing more
sophisticated methods for monitoring and analyzing post-disaster system behavior across varied temporal
scales. Recognizing the complexities in interpreting human mobility data during hurricane events, this study’s
findings serve as a preliminary step toward a more detailed understanding of community system resilience. It is
clear that human mobility patterns are influenced by a multitude of factors, including the immediate response
to the hurricane and the subsequent recovery phase. To elucidate the specific impact of hurricane intensity on
community system resilience, we propose further research that extends beyond the immediate effects of the
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hurricane. The correlation between human mobility recovery rates and the extent of physical damage from hazard
events, along with the role of connectivity in affected locations, presents a valuable direction for future research.
A detailed comparative analysis that examines the severity of such events against mobility pattern changes
could yield insights into the influence of physical damage on community system resilience. Further exploration
might also involve integrating connectivity metrics, like transportation network density and communication
infrastructure robustness, to understand their impact on human mobility resilience. Multivariate analyses
could be employed to unravel the complex interactions among these factors and their collective effect on the
resilience of communities. High-resolution, location-based mobility data would be instrumental in advancing
the empirical characterization of resilience curve archetypes and their defining properties, ultimately guiding
predictive and responsive community recovery strategies.

While our findings reveal consistent resilience archetypes across different hazard types and geographical
locations, we acknowledge that the generalizability of these archetypes requires further validation. Whether a
specific area consistently exhibits the same archetype across different hazard events is particularly relevant for
predictive applications. Our current evidence suggests that impact extent and initial recovery rate are stronger
determinants of the resilience archetype than specific location characteristics or hazard types, which is promising
for generalizability. The practical value of our approach lies in its potential for near-real-time assessment and
prediction. By monitoring the early post-impact recovery trajectory and impact extent, decision-makers could
classify an affected area into one of our identified archetypes and make informed resource allocation decisions
based on the expected recovery pattern. For example, areas exhibiting characteristics of Type III resilience
(severe impact with slow recovery rates) could be prioritized for additional support and intervention. Future
research should focus on three key directions to enhance the predictive power and applicability of these
archetypes: (1) expanding the empirical foundation by analyzing more diverse hazard types, intensities, and
geographical contexts; (2) developing validation frameworks to test how consistently specific areas exhibit
particular archetypes across multiple events; (3) creating predictive models that can classify areas into resilience
archetypes based on early post-disaster signals and pre-existing community characteristics; and (4) model that
can be applied on multiple disasters in effect simultaneously. Additionally, simulation studies could explore how
various intervention strategies might alter the recovery trajectory of different archetypes, potentially enabling
the transformation of a Type III recovery pattern into a more favorable Type II or even Type I pattern through
targeted resource allocation.

This paper sheds light on the resilience of human mobility networks following disasters, offering insights
that contrast with traditional infrastructure recovery models. However, the generalization of our results is
subject to certain limitations, such as the scope of disaster events analyzed and the regional specificity of the
data. Future research should aim to include a broader array of disaster types and geographies to enhance the
robustness and applicability of our findings. Additionally, further studies could explore the causal relationships
between infrastructure recovery and human mobility, potentially employing multi-layered network analyses to
better understand and predict the dynamics at play. By addressing these limitations and expanding the scope of
research, we can better inform disaster recovery strategies that are sensitive to both human and infrastructure
resilience factors.

Data availability

All data were collected through a CCPA- and GDPR-compliant framework and utilized for research purposes.
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