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A common feature of large-scale extreme events, such as pandemics, wildfires, and major
storms is that, despite their differences in etiology and duration, they significantly change
routine human movement patterns. Such changes, which can be major or minor in size
and duration and which differ across contexts, affect both the consequences of the events
and the ability of governments to mount effective responses. Based on naturally tracked,
anonymized mobility behavior from over 90 million people in the United States, we doc-
ument these mobility differences in space and over time in six large-scale crises, including
wildfires, major tropical storms, winter freeze and pandemics. We introduce a model that
effectively captures the high-dimensional heterogeneity in human mobility changes fol-
lowing large-scale extreme events. Across five different metrics and regardless of spatial
resolution, the changes in human mobility behavior exhibit a consistent hyperbolic
decline, a pattern we characterize as “spatiotemporal decay.” When applied to the case of
COVID-19, our model also uncovers significant disparities in mobility changes—individ-
uals from wealthy areas not only reduce their mobility at higher rates at the start of the
pandemic but also maintain the change longer. Residents from lower-income regions
show a faster and greater hyperbolic decay, which we suggest may help account for differ-
ent COVID-19 rates. Our model represents a powerful tool to understand and forecast
mobility patterns post emergency, and thus to help produce more effective responses.

spatiotemporal decay j commitment hyperbolic model j human mobility j extreme events j social
disparities

A considerable amount of research has examined human mobility. The latter has been
shown to possess several fundamental and nearly universal patterns, such as high uniformity
(1, 2), ultraslow diffusion (3–8), periodicity (9, 10), high predictability (11, 12), and motif
composition (13, 14). However, large-scale, extreme events, such as hurricanes, wild fires,
and pandemics can disrupt these patterns (15–19). Mobility perturbation, the deviation of
human movements from their normal states, can be observed in the reduction of daily travel
distances, changes in regular routes, and even evacuations to temporary locations. Many
such changes impose major financial, medical, and quality of life costs (20–23), and as a
result, mobility patterns often eventually return to some version of their prior states. How-
ever, the nature, extent, and duration of such changes vary widely from event to event
(SI Appendix, Fig. S70), in large part because the events themselves differ so greatly. Wild-
fires and pandemics both alter human movement patterns, but they do so for different rea-
sons, in different ways, and for different time periods. In addition, the heterogeneity of
mobility change can vary at different geographies, manifested due to economy, demography,
and physical and social infrastructure (SI Appendix, Fig. S71). This heterogeneity would sug-
gest different responses with little connection across contexts.
We report a model that effectively captures the underlying spatiotemporal pattern across

what otherwise appear to be heterogeneous changes in mobility following different crises. Our
model allows us to uncover the underlying uniformity across those differences by incorporat-
ing heterogeneity across space and over time in the perturbations caused by extreme events.
We term the observed pattern the rate of spatiotemporal in mobility change. Our model
reveals the existence of strong regularities in the degree of change in mobility behavior follow-
ing extreme events and in the velocity of the return to normal, which provides the ability to
predict complex human behaviors during large-scale crises and capture the hidden disparity
between classes. We test the model against five metrics with datasets on human mobility
across multiple large-scale events. In addition, we apply the model specifically to COVID-19
and show that it also unearths deep disparities across economic groups in movement behavior.

Results

A Model for Complex Mobility Behavior. We first introduce the model. Fig. 1 summa-
rizes the assumptions behind our model, which aims to describe human mobility when
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perturbed by a large-scale crisis such as an epidemic, a tropical
storm, or a wild fire. Immediately after the crisis occurs (T0 in Fig.
1A), individuals affected reduce their mobility but to different
degrees. Individuals who live close to the nucleus of the crisis (i.e.,
the epicenter during COVID-19, the landfall location of a hurri-
cane, the origin of a wildfire, etc.) (dark red region in Fig. 1A) are
likely to limit their mobility substantially. Those living farther
from the nucleus (light red regions in Fig. 1A), in contrast, change
the mobility by a smaller degree, represented by the larger radius
of movement. Such a pattern, termed spatial decay in this study,
follows some version of the process represented abstractly in Fig.
1C. Over time, the mobility change starts to retreat, driven by the
need and desire to return to normalcy. Therefore, in the later stages
(i.e., T1), the model assumes that people in every geography
recover their mobility (Fig. 1B). Note that in Fig. 1 A–C, the
severity of the crisis does not change. In reality, over time the sever-
ity can either attenuate (e.g., the weakening of a hurricane) or
aggravate (e.g., more infection cases during a pandemic), compli-
cating the reaction. To capture this complexity, we hypothesize
that a similar decay function governs the temporal decay (Fig. 1D).
On this basis, we develop a hyperbolic model that accounts

for the spatiotemporal decay in mobility changes. We first
define a hyperbolic model of a decay function:

riðtÞ =
riðtÞ

1 + kðtÞ∑L
j=1wijNjðtÞ

: [1]

In Eq. 1, wijNj(t) captures spatial decay, where wij is the spatial
weight between location i and location j, and Nj(t) is the

severity of a crisis (e.g., precipitation, infection cases, etc.) in j
at time t. For simplicity, we denote it as WN(t). k(t) measures
temporal decay; over time, the initial changes in mobility
behaviors gradually diminish and disappear eventually. There-
fore, k(t) is a time-dependent dynamic function.

We consider two decay functions for k(t) (see SI Appendix,
Fig. S1 for more details) and find that the exponential decay
function describes the spatiotemporal decay processes we
observe most accurately:

kðtÞ = k0e�αt : [2]

Here, α is the parameter that controls the decay. K(0) is the ini-
tial rate of change in mobility behaviors, which we assume to be
maximum at t = 0. When t is large enough, k(t) approaches 0.

Unifying Complex Mobility Behaviors. We test our model based
on five different indicators of human movement. The metrics are
time spent at home (R1), workers laboring in-person, which
includes both full-time and part-time jobs (R2), intramobility
flows within a county (R3), outward mobility flows on the county
level (R4), and inward mobility flows on the county level (R5).
Although the last three measures are related, they capture differ-
ent phenomena. Consider a network in which counties are nodes
and the visits are edges. R3 is the weight of the self-loops in the
networks or the alertness and safety of the county. R4 captures
self-initiated travels in which individuals voluntarily expose them-
selves to risks. R5 describes received mobility and the associated
risk involuntarily added to a county. See SI Appendix for details
on the collection and explanation of these and other variables.

Fig. 1. Spatiotemporal decay in mobility behavior during a large-scale crisis. (A) Mobility behaviors at the beginning of a crisis. Individuals across the country are
likely to reduce their mobility but to different degrees. The individuals who live close to the nucleus of the crisis (dark red region) limit their mobility significantly
while people who live far away (light red) reduce by a smaller degree. The severity of a crisis is measured differently in different crises. In health epidemics or pan-
demics, the number of infections is used to capture severity; in hurricanes, the amount of precipitation; in winter freeze, the temperature drop; etc. (B) The recov-
ery of mobility behaviors. Although the pattern observed in (A) still holds, people’s behaviors are assumed to ultimately begin to recover. The phenomenon of
spatiotemporal decay is the key focus the model. The hypothesized decay patterns manifest in both spatial dimension (C) and temporal dimension (D).
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We fit our model to several extreme events, involving a pan-
demic, a tropical storm, a hurricane, a winter freeze, and two
wildfires. The mobility data for these events is provided by Safe-
Graph (see Materials and Methods). We also test our model on
two additional data sets to assess the generality of our model
against different data sources (see SI Appendix, section 10). The
starting point in our data is the start date of the high-impact cri-
sis. For COVID-19, the start date is the date of emergency decla-
ration from each state run from February 29, 2020 to March 16,
2020. For 2019 Tropical Storm Imelda, Hurricane Dorian, and
the 2021 Winter Freeze, it is the landfall day. For the Saddleridge
and Kincade wildfires, it is the day it spread to local communi-
ties; we used the concentration of PM2.5 in local communities to
describe the severity of the impact of the wildfire. The results
based on the presence of the wildfire or not (i.e., a binary mea-
sure) can be found in SI Appendix, sections 8 and 9. We first
examined spatial decay by setting k(t) to a constant (see Materials
and Methods for details). Differences in perception lead to differ-
ent levels of changes in mobility behaviors. For COVID-19, the
dynamics of outward mobility flows on the county level (R4)
(Fig. 2A, red lines) reveal a consistent pattern across different
regions and crises. For example, outward mobility flows reduced

drastically right after the emergency declarations and then slowly
recovered (Fig. 2A). However, for the other crises, the mobility
changes are less homogeneous (Fig. 2 B–D, red lines), most likely
due to more diverse mobility changes in a short period of time.
Take Tropical Storm Imelda as an example: while most people
changed their mobility by reducing their travel, a portion of the
population was forced to evacuate and seeks shelters. However,
the predicted results from our model (blue lines in Fig. 2 A–D)
align with the empirical data (red lines in Fig. 2 A–D). We
observed essentially identical patterns across all Ri. The results at
the county level can be found in SI Appendix, Figs. S4 and S5.
The predictability highlights the fundamental nature of spatial
decay in people’s social distancing behaviors.

The patterns observed in Fig. 2 in our mobility metrics also
make it clear that the temporal changes are dynamic, not cons-
tant. Thus, for the next analysis, we add k(t) and transform the
behavioral metrics (ri ðtÞri ð0Þ) by our model. Here, ri(t) is the value of
Ri at time t, and ri(0) is the value before the large-scale crisis. As
we show in Fig. 3, the metrics have a consistently inverse rela-
tionship with the spatiotemporal decay captured by 1 +
k(t)WN(t) (see Fig. 3 A–T). The empirical results (red lines in
Fig. 3 A–T) are predicted well by our models (blue lines).

Fig. 2. Change in human mobility behavior after start of the crisis. (A) Changes in outward mobility flows (R4) over time during COVID-19. Red lines
indicate data; blue lines, indicate results from the model. The flow decreased drastically at the beginning of COVID-19 and then slowly recovered. We
observed similar temporal patterns for four other COVID-19 metrics (see SI Appendix, Figs. S2–S5). Changes in outward mobility flows with time during
2019 Tropical Storm Imelda and 2019 Hurricane Dorian (B), the extreme events of 2019 Saddleridge and Kincade Wild Fires (C), and the 2021 Texas Winter
Freeze (D).
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The results demonstrate that our model accounts for complex
behavioral changes under a simple governing equation (Eq. 1).
During COVID-19, mobility metrics from each county (dots in
Fig. 3 A–E) in each state (different colors in Fig. 3 A–E) are
tightly distributed around our prediction (blue lines). Similarly,
our model (blue lines in Fig. 3 F–T) can predict mobility changes
in counties across extreme events (colored dots in Fig. 3 F–T).
The striking uniformity hidden in mobility behavior makes it pos-
sible to predict future changes.

Using the Model to Understand Disparities. The spatiotemporal
decay model does not only predict human mobility changes after
public crises; it also provides a tool to explore hidden patterns in
mobility changes across different population groups. Particularly,
two of the model’s key metrics, the initial reduction in mobility
(k0) and rate of temporal decay (α), can be used to compare
the magnitude and perseverance of mobility changes following

adversity. Here, we demonstrate the value of the metrics for
understanding COVID-19 and disparities among populations
from different income groups.

We classify counties into 10 classes of equal frequency based
on per capita income; each class includes 305 counties. We find
positive relationships between income and k0 among all five met-
rics (Fig. 4A), suggesting that populations from higher-income
counties are more likely to have a substantial reduction in their
mobility. We also find a negative relationship between income
and α (Fig. 4B), indicating that people from lower-income coun-
ties returned to their prior behavior faster.

The faster temporal decay in populations from low-income
communities places them at a higher risk of exposure to the
deadly virus. We classify the weighted cumulative confirmed
cases WN(t) and the logarithmic decay rate lnk(t) into 10 classes,
respectively, and then calculate the conditional probabilities
PfWN(t) j k(t � l)g and Pfk(t � l) j WN(t)g as follows:

Fig. 3. Mobility metrics transformed by our unified model. ri(t) is the value of Ri at time t, ri(0) is the value before the pandemic, k(t) is the decay function of
social discounting behaviors, and WN(t) is the numbers of infections cases at t (see SI Appendix for details). Dots represent data from the counties of the
states and regions in the United States, the blue lines represent results from our theoretical model. We observe high consistency as the changes in social
distancing behaviors follow ri(t)/ri ∝ 1/(1 + k(t)WN) with high R2. In (A)–(E), different colors of the dots represents different states in the United States. In
(F)–(T), color represents different large-scale crises.
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P WN ðtÞ = Ci jkðt � l Þ = Cj
� �

=
PfWN ðtÞ = Ci , kðt � l Þ = Cjg

Pfkðt � l Þ = Cjg ,
[3]

P kðtÞ = Ci jWN ðt � l Þ = Cj
� �

=
PfkðtÞ = Ci , WN ðt � l Þ = Cjg

PfWN ðt � l Þ = Cjg ,
[4]

where l is the time lag, and Ci is the class. We use C1 to denote
the class with the lowest values, C10 the highest values, and set
l = 5 d to calculate the conditional probabilities. Fig. 5A shows
the conditional probability of weighted infection cases WN(t � l)
in causing the changes in k(t) for all populations, and Fig. 5 B
and C for the poorest and most wealthy populations, respectively.
We use the same trend line of the highest probabilities of the 10
classes obtained from Fig. 5A as a baseline for benchmarking pur-
poses in both Fig. 5 B and C. The conditional probability is sub-
stantially below the baseline in the poorest communities and
above it in the wealthiest neighborhoods The results show that
the increases in infection cases have a higher probability of caus-
ing mobility reduction in high-income neighborhoods than in
low-income neighborhoods. This finding suggests that people
from the latter are less likely to have the means or resources to
commit to social distancing during the pandemic.

Discussion

Our findings draw from extensive sample data and are robust to
several dimensions of human mobility behavior in multiple reso-
lutions (i.e., county, state, and country levels) across multiple
types of large-scale crises. We note that our study shares limita-
tions with other studies using similar data (24–27): the data
only cover a portion of the population and with incomplete
demographic information. Also, our dataset is on the census
block group level, and thus is not informative about patterns
among smaller geographical units.
In addition, our model has important limitations. Notably, it

may not perform well against crises with waves of worsening and
relief, where movement patterns may proceed more erratically
over the long run. Long-term stresses caused by these types of
crises can alter psychological and social conditions and thus
human responses. In addition, our model focuses on geographi-
cal distances without considering social networks. Mobility dur-
ing crises can also be driven by social connections, which operate

differently in different contexts and may undermine our model’s
predictive power in regions with social dynamics different from
those in the United States. Future studies should incorporate
these elements into the models.

Still, our analyses suggest a few important conclusions. First,
the changes in mobility after large-scale crises are consistently
hyperbolic across space and over time. The surprising uniformity
reveals that spatiotemporal decay governs how people react to
large-scale crises. It is notable that while prior research has dis-
covered some consistent properties in human mobility (12,
28–31), our study, to the best of our knowledge, is the first to
report an apparently fundamental pattern following severe per-
turbations caused by extreme events. The model could serve as a
powerful tool to predict human behaviors on different scales. As
governments assess and develop effective measures and policies
to cope with an increasing number of natural and human-made
crises, models such as ours will be necessary (29, 32, 33).

The model provides key metrics for mobility analyses post
large-scale crises: ki to understand the level of mobility changes,
and α represents the speed to return normalcy. We use COVID-
19 to demonstrate their powers to quantitatively measure these
values. The result reveals the disparity in the practice and mainte-
nance of mobility changes during COVID-19. Therefore, this
study adds another dimension to the evidence (24, 34) that
income inequality plays a damaging role in the consequences of
the pandemic, here through the mechanism of degree and dura-
tion of the commitment to limiting one’s mobility (i.e., social
distancing). Inequality can plague disadvantaged communities in
unusual ways during large-scale public crises such as COVID-19,
and our model provides a tool to examine one set of mechanisms
accounting for how.

Last, it is worth noting that our spatial weighting mechanism
is highly malleable and thus can be used to capture different
types of movement patterns. As we demonstrated above (see SI
Appendix, section 2.2), wijNj(t) is able to convert the mobility
variables R1 to R5 on both the county and state levels across the
50 states. As shown in Figs. 2 and 3, our model can predict
seemingly chaotic changes in mobility behavior after short-term
abrupt after natural disasters.

Materials and Methods

Datasets. We use data provided by SafeGraph, a company that generates
human mobility data sets using a panel of GPS pings from anonymous mobile

Fig. 4. Mobility behavior differs among class groups. (A) The relationship between income and social distancing behaviors (k(0)) at the beginning of the pan-
demic. We break the 3,050 counties into 10 equal groups based on the income per capita (see SI Appendix, Fig. S6). The increase in income leads to a higher
level of social distancing. (B) The relationship between income and the decay (α) of social distancing behaviors. The increase in income leads to a slower
decay, meaning people from high-income communities can stay at home longer or afford to delay in returning to work. In contrast, people from low-income
neighborhoods are forced to return to their pre-pandemic behaviors faster.
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devices. The data set reports key measures related to people’s mobility behaviors
on the census block group (CBG) level. We studied the following events:

• 2019 Hurricane Dorian: August 28, 2019–September 2, 2019;
• 2019 Tropical Storm Imelda: September 17, 2019–September 21, 2019;
• 2019 Saddleridge Wildfire: October 10, 2019–October 31, 2019;
• 2019 Kincade Wildfire: October 23, 2019–November 6, 2019;
• COVID-19: February 1 2020–May 2020; and
• 2021 Texas Winter Freeze: February 10, 2021–February 20, 2021.

In our study, five variables are used as r. These variables have positive ks for
the majority of counties, and thus their values have reduced during extreme
events. According to SafeGraph, a user’s home is the common nighttime
(6 PM–7 AM) location for the device over a 6-wk period. The number of devices
from on CBG is the users whose homes are in this same CBG. As for the work
behavior devices, we sum the numbers of part-time works with the full-time
workers from the data set. Therefore, the workers are the devices that spend
greater than 3 h outside their home during 8 AM– 6 PM. Last, the non-home
dwell time per day is 24 × 60 minus the median dwell time at home in
minutes. The data were aggregated to the county level for our analyses.

Modified Mobility Model. We considered three functions to describe the com-
mitment decay in human behaviors, including (1) the hyperbolic delay discount-
ing function (RH) (35), (2) hyperbolic delay discounting equation (GM) (36), and
(3) Exponential discounting function (ED) (37). In this study, we focus on the RH
model (discussions on other models can be found in the SI Appendix):

vi =
Vi

1 + kð∑L
j=1wijNjÞs

, [5]

where vi is the decay rate of the mobility of region i, i = 1, 2, … , L, and Vi is the
corresponding denotes the regular mobility value. Ni is the measure of hazard
level. W = (wij)LxL is a weight matrix with wij denoting the effect of region j on
region i. There are two free parameters, s and k. Parameter s determines the sen-
sitivity to hazard which causes changes in mobility behavior and is set to 1 in this
study. k measures the degree of the decay of mobility change. A larger k
describes a higher level of alertness and thus sustaining of the change in mobility
behavior. We also consider the decay process of reaction reduction, where k is set
as a time-dependent parameter. Finally, we get the model provided in Eq. 2.

Comparison of Model Performance. The error of the model is evaluated by
the symmetric mean absolute percentage error (SMAPE):

SMAPE =
100%
n

∑n
i=1

jr̂ i � rij
ðjr̂ ij + jrijÞ=2: [6]

The SMAPE of different models for different variables can be found in SI
Appendix, Fig. S2. The RH model with exponential decay is superior to other
models in most cases. Therefore, we use the RH model with exponential decay
(RHED, see Eqs. S7–S9).

Data, Materials, and Software Availability. Data are private and protected
by SafeGraph (https://docs.safegraph.com/docs/social-distancing-metrics). Python
code used to process the data and generate the results is made publicly avail-
able on the author’s GitHub page (https://github.com/he-h/Covid-Mobility-
Network-Analysis).
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