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Abstract Studies on the relationship between temperature and local, small scale mobility are limited, and
sensitive to the region and time period of interest. We contribute to the growing mobility literature through

a detailed characterization of the observed temperature-mobility relationship in the San Francisco Bay Area

at fine spatial and temporal scale across two summers (2020-2021). We used anonymized cellphone data
from SafeGraph's neighborhood patterns data set and gridded temperature data from gridMET, and analyzed
the influence of incremental changes in temperature on mobility rate (i.e., visits per capita) using a panel
regression with fixed effects. This strategy enabled us to control for spatial and temporal variability across

the studied region. Our analysis suggested that all areas exhibited lower mobility rate in response to higher
summer temperatures. We then explored how several additional variables altered these results. Extremely hot
days resulted in faster mobility declines with increasing temperatures. Weekdays were often more resistant to
temperature changes when compared to the weekend. In addition, the rate of decrease in mobility in response to
high temperature was significantly greater among the wealthiest census block groups compared with the least
wealthy. Further, the least mobile locations experienced significant differences in mobility response compared
to the rest of the data set. Given the fundamental differences in the mobility response to temperature across
most of our additive variables, our results are relevant for future mobility studies in the region.

Plain Language Summary Studies on the relationship between temperature and local, small scale
mobility are limited, and sensitive to the region and time period of interest. We used anonymized cellphone
data and gridded daily temperature data to explore how mobility responded to temperature variations in

the San Francisco Bay Area during the summer months of 2020 and 2021. Employing a statistical causal
inference method that controlled for variability in time and space, we found that almost all areas exhibited
decreased mobility in response to higher summer temperatures. However, the rate of decrease was higher on hot
days, in wealthier areas, and on weekends. These differences among many groups make our results particularly
relevant for mobility studies in highly populated regions, both now and with rising temperatures in the future.

1. Introduction

There exist few studies that measure the influence of temperature variations on local, daily mobility (which
we refer to as “mobility” for the remainder of the text) at fine spatial and temporal scales. The existing liter-
ature investigating the relationship between mobility and weather has resulted in a range of results (Bocker
et al., 2013). Some studies generally assume that mobility increases during warmer seasons (Bocker et al., 2016;
Liu et al., 2014; Zacharias et al., 2004). However, the relationship extends beyond the annual cycle, and daily
weather patterns—including snow, rain, fog, and storms—can significantly affect mobility (Cools et al., 2010;
Creemers et al., 2015). The level of influence that these weather patterns are reported to have varies from study
to study. For example, studies in North America and Europe have found conflicting evidence of temperature
influence, potentially due to differences in popularity of open-air commutes (e.g., walking and biking) (Pucher &
Buehler, 2012). It is likely that much of this disagreement is due to variability in climate and social conditions of
the studied area (Bocker et al., 2013), and therefore further investigation into the relationships between mobility
and weather are likely to benefit from focusing on a specific region and time period.

In addition to the limited understanding of the current relationship between temperature and mobility, exposure
to extreme temperatures is increasing. In the US, incidents of extreme heat have increased in both intensity
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and duration since the 1960s (IPCC, 2021). This trend is anticipated to continue into the rest of the century
even in aggressive decarbonization scenarios (Collins et al., 2013; Diffenbaugh & Ashfaq, 2010; Diffenbaugh
et al., 2018), thereby increasing the exposure of the US population to these events (Batibeniz et al., 2020;
IPCC, 2021; Reidmiller et al., 2018).

These historical and projected changes are of particular interest when paired with the fact that addressing any
potential heat stress often includes daily mobility. Typically, heat stress is managed using air conditioning, public
cooling centers, and public awareness campaigns and warning systems (Bassil et al., 2009; Eisenman et al., 2016;
Palecki et al., 2001). Many of the interventions that combat the risks of intensifying heat events include some
amount of local travel. This includes traveling to cooling centers and conducting wellness checks on vulnera-
ble individuals who lack air conditioning (Widerynski et al., 2017). Characterizing typical mobility patterns in
response to increasing temperatures is thus critical for minimizing health risks associated with extreme heat expo-
sure by anticipating need for wellness services during heatwaves, supporting accessibility efforts, and limiting
strain on public health services.

The COVID-19 pandemic resulted in the release of a number of data products on mobility to aid in
disease-mitigation efforts. Our study period takes place during the pandemic and provides a unique context
through which to interpret our findings. After the declaration of a worldwide pandemic by the World Health
Organization in March 2020 (WHO, 2020), numerous countries began to implement travel and mobility restric-
tions as their main non-pharmaceutical intervention to reduce the number of COVID-19 infections within their
borders. By 20th April 2020, 100% of travel destinations had some form of travel restrictions in place, of which
45% partially or completely closed borders to tourists, 18% banned individuals traveling from select countries,
and 7% applied quarantine or self-isolation requirements (UNWTO, 2020).

In the US, individual states and counties implemented their own restrictions, with regulations often differing
between neighboring municipalities. Twenty-four states established travel restrictions that included periods of
isolation and testing requirements for those entering the state (Studdert et al., 2020). Government responses
were highly variable in space and time as individual states and municipalities instituted their own guidelines
and ordinances in the absence of blanket federal orders (Diffenbaugh et al., 2020). COVID-19 shelter in place
protocols did change mobility patterns across the country, and many regions saw an increase in the frequency of
visitations to public, outdoor spaces (Wu et al., 2021). California specifically implemented travel guidance and
allowed counties to impose additional restrictions as they saw fit (Aragén, 2021). Workplace and school closures
were calculated to be effective measures in avoiding COVID-19 deaths in the San Francisco (SF) Bay Area (Head
et al., 2020). As a result of this guidance and quantitative models supporting the efficacy of closures, schools and
“non-essential” businesses were closed and shifted to a virtual environment.

The SF Bay Area was one of the early epicenters of COVID-19 transmission in the US, and since then had consist-
ently maintained some of the country's most restrictive pandemic management policies (Studdert et al., 2020).
Beginning with a multi-county stay-at-home order in March 2020, these shelter in place policies heavily restricted
business operations and travel for the subsequent year. In addition, the SF Bay Area has the second lowest rates
of at-home cooling among major metropolitan areas in the US, with only 47% of households reporting at-home
air conditioning in 2019 (American Housing Survey, 2018; Jung, 2021). This means that most households rely on
cooling methods other than domestic air-conditioning during periods of extreme heat. Further, the region exhibits
a classic summer-dry “Mediterranean” climate (Ekstrom & Moser, 2012; Hobbs et al., 1995), enabling investiga-
tion of the temperature-mobility relationship in the absence of the potentially confounding effect of precipitation
variability during the hot season. For these reasons, the summer season in the SF Bay Area region is an ideal
testbed to further investigate the relationship between temperature and local, daily mobility in the context of the
pandemic.

Several studies have identified that differences in socio-economic status (O’Neill et al., 2005; Vant-Hull
et al., 2018) and the built environment (Eisenman et al., 2016; Gronlund & Berrocal., 2020) are associated with
varied vulnerability to heat exposure throughout the US. This heterogeneity in socio-demographics points to the
value of considering how these spatially defined characteristics may result in varied mobility responses to both
socio-political and climatic conditions. To that end, we used data from personal mobile devices to characterize the
small-scale, daily movement patterns across the SF Bay area throughout the pandemic period of 2020-2021. We
then used panel regressions with fixed effects to characterize the relationship between temperature and mobility
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during the summer months. We finally explored the influence of period of the week, extreme heat, income, and
how the most and least mobile locations responded to temperatures during this study period.

2. Materials and Methods
2.1. Data
2.1.1. gridMET Temperature Product

We utilized the gridMET 4-km gridded daily maximum temperature data (Abatzoglou, 2013) to calculate temper-
ature in the SF Bay Area region. The gridMET data set uses climatically aided interpolation to derive a product
combining Parameter-elevated Regressions on Independent Slopes Model gridded climate data and North Amer-
ican Land Data Assimilation System - 2 regional reanalysis. To quantify the impact of high temperatures on
mobility, we selected all data from May to September. See Section 2.2 “Selection of analysis period.”

2.1.2. US Census

Using the 2020 census block group boundaries from the US Census, we calculated the mean daily high tempera-
ture of all gridMET grid cells that fall within a given block group. We did this by extracting the gridMET raster
values within a US census block group polygon using the exactextractR library in R (Baston, 2022). This was used
to obtain a time series of the high temperature by block group each day from 1979 to 2021. We assigned a popu-
lation weighted income group to each block group using the 2019 US Census Bureau’s American Community
Survey's (ACS) 5-year estimates of population and median income (US Census Bureau, 2022). See Section 2.3
“Census block group analysis.”

2.1.3. SafeGraph Mobility Data

We analyzed local, daily mobility patterns using the SafeGraph Neighborhood Patterns data set (SafeGraph, 2022).
The SafeGraph data set is created by analyzing anonymized pings from mobile devices and contains footfall data
for each block group from January 2018 to the present day. For this analysis we only utilized data starting in 2020
due to notes from SafeGraph on methodology changes in early 2020 (SafeGraph, 2022). This change prevents
the comparison of data from 2018 to 2019 and any succeeding years. In the SafeGraph data, any devices that are
recorded in a block group for less than a minute are removed, and the remaining devices are counted as a “stop.”
Each stop data point includes information on the date, hour, and block group of the recorded stop. Due to data
constraints associated with SafeGraph's privacy policy (SafeGraph, 2022), the source information includes only
the number of devices that spent time in the block group and not information about whether a stop was made
by a home device or a non-resident device. An accompanying SafeGraph data set contains a monthly estimate
of the total number of home devices based on devices' nighttime activity. SafeGraph adds Laplacian noise as a
differential privacy technique to protect individual privacy, which adds slight, random noise to device estimates.
Although SafeGraph does not receive demographic data from their providers due to privacy concerns, they have
affirmed independently that the data are well-sampled among different demographics as noted in their documen-
tation (SafeGraph, 2022).

2.1.4. Air Quality Data

Wildfires in the Bay Area during the summer and autumn of 2020 and 2021 caused several poor air quality days
where residents were instructed to limit travel and remain indoors (Bay Area Air Quality Management District's
(BAAQMD), 2021). In order to exclude the influence of days where this additional public intervention was intro-
duced, we removed data points from all data sets for the 12 days where at least one county in the SF Bay Area
recorded a BAAQMD Air Quality Index value of >151 (for which the BAAQMD recommends all individuals
should limit prolonged outdoor exertion).

2.2. Selection of Analysis Period

Unless stated otherwise, all analyses were completed for data points falling between May and September in
2020 and 2021. As described above, we restricted our analysis to dates after 2020 due to inconsistencies in the
SafeGraph data. We also focused on dates between May and September, which we refer to as “summer” for the
remainder of the text. These summer months were selected since at least some block groups experienced temper-
atures at or above their historic 95th percentile during this time. In addition, the region typically experiences dry
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summers, and this allowed us to avoid introducing precipitation as a confounding variable. Rainfall in the region
for summer 2020 and 2021 was limited (Figure S1 in Supporting Information S1), and we further confirmed that
the inclusion of the minimal precipitation does not add value to our models (Table S1, Text S1, and Figure S5
in Supporting Information S1). Finally, these months align relatively well with early pandemic closures in 2020,
and reopenings in 2021 (Eby, 2023). While we do not draw any direct causal relationships between mobility and
pandemic-related social environments, closures, and non-pharmaceutical interventions in this study, the pandemic
offers valuable context through which the results may be interpreted, as further explored in our Section 4.

2.3. Creation and Interpretation of Mobility Index

Using the SafeGraph data set, we created a mobility index (MI) that allowed us to compare mobility across block
groups, and thereby characterize movement across the SF Bay Area. This MI was designed to address some of the
limitations of the SafeGraph data set, such as the ambiguity between stops by visitors and stops by home devices.
To address this limitation, we estimated the daily number of visits as the number of total stops minus home
devices in that block group (i.e., we removed the devices identified by SafeGraph as “home devices,” the remain-
ing number of devices estimated to be either “visitors™ to the location or a home device that left and returned that
day). We then divided the number of visits by the number of home devices in each block group to normalize the
value and calculate our final daily MI value.

Because we normalize by the number of home devices, MI should be interpreted as a measure of visitation rate for
any given block group on a given day, including both those visiting from alternate locations and those residents
of a block group who may leave and return within a 24-hr period. This allows for a general interpretation of how
“busy” a location might be compared to the alternative where there is no measured movement into a location.
When MI is equal to zero, it is estimated that no outside devices entered the location, and no home devices left
and returned that same day. When it is below zero, the number of recorded devices is fewer than the estimate of
home devices made by SafeGraph. This is an artifact of the random Laplacian noise added by SafeGraph, and
should not impact overall analysis (SafeGraph, 2022).

2.4. Census Block Group Analysis

To further understand how demographics may influence the relationship between a block group and mobility
during the hottest part of the year, we used American Community Survey's 5-year estimates of population and
median income by block group (US Census Bureau, 2022). We assigned each block group to an income group
between 1 (“Low” income) and 5 (“High” income). We weighted this grouping by population, so that the Low
income group represented the lowest earning 20% of the population in the SF Bay Area, the Medium Low income
group the lowest 20%-40% of earners, and so on. This weighting ensured that there were roughly the same
number of individuals represented in each income group. We also assigned each block group to an MI group, with
the least mobile block groups (<5th percentile) labeled as the “Low” MI group, block groups from the 5th-95th
percentile labeled as “Intermediate” groups, and the most mobile block groups (>95th percentile) labeled as the
“High” MI group.

We plotted the distribution of the MI for each income group. In addition, we tested whether the distributions
were different between income groups by comparing all pairings of income groups using two non-parametric
tests: a two-sample Kolmogorov-Smirnov (K-S) test, and a Wilcoxon Rank Sum Test. The K-S test is sensitive
to differences in both location and shape of the distributions, and the null hypothesis is that the two samples are
drawn from the same underlying distribution. The Wilcoxon test's null hypothesis is that the two distributions are
the same and have the same median.

2.5. Panel Regression With Fixed Effects

We completed several analyses using panel regressions with fixed effects. This is a causal inference technique
that enabled us to establish a relationship between mobility and daily maximum temperature. This method was
particularly valuable because it allowed us to control for invariant differences between block groups, subtract out
average differences in mobility between them, and account for any differences in shelter in place orders between
the different sub-regions of the SF Bay Area. The time fixed effects variable subtracted out month-to-month,
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week-of-year, and annual mobility variations (when applicable)—accounting for seasonal changes, as well as
shifts in mobility due to week-to-week variation driven by holidays and short-term shocks, and annual differ-
ences between 2020 and 2021. When compared to using a daily time fixed effects variable, the week, month,
and year fixed effect led to a smaller 95% confidence interval (Figure S2 in Supporting Information S1). With
these controls, this model allowed us to isolate the effect of temperature on mobility from spatial and temporal
confounding factors.

We used the daily high temperature at the block group level as the independent variable, and the daily MI at the
block group level as the dependent variable. For this analysis, we transformed the MI by taking the cube root of
MI values. To do so, we took the cube root of the absolute value of each MI, and multiplied the result by the sign
of the original MI. Unlike a log transformation, this strategy allows us to maintain zeros and negative MI values
while addressing the skewed MI values (Figure S3 in Supporting Information S1). In addition, we completed
supplementary calculations with log-transformed MI values (where 1.0001 was added to each MI value) and
compared those results to the cube-root-transformed data set (Figure S2 in Supporting Information S1).

We estimated the 95% confidence intervals of each model using a bootstrap resampling technique clustered by
county. We resampled the original data by county with replacement to obtain a new data set of the same length
as the original data set and re-ran the same regression on the new subset. We repeated this process 1,000 times
to obtain a range of model outputs. Of the resulting model coefficients, we used the 2.5 and 97.5th percentile
coefficient values as the minimum and maximum values for our 95% confidence interval range.

2.5.1. MI Response to Temperature

Our first two linear panel regressions with fixed effects tested the response of \3/ MI to temperature changes using
our summer data set. In addition, we also calculated the panel regression using a subset of the data that only
included days where at least 5% of block groups experience temperatures at or above their historic 95th percentile
(which we refer to as “hot days.” See Text S2, Figure S6 in Supporting Information S1 for details):

\/3 Yer) = fXet + 1e + 61 + €t (1a)

where Y, is the expected MI value in block group c on a given day f; § is the estimated coefficient; X is the aver-
age daily maximum high temperature of block group ¢ on day £; n_ is the block group fixed effect; §, is the year,
month, and week-of-year fixed effect created by concatenating the year, month, and number of complete 7 day
periods that have occurred between the date and 1st January of the year; and ¢, is an error term.

We also calculated the relationship between temperature and MI for each year. As before, we did this for the full
summer and for a data set that only included hot days. The data were separated into two subgroups based on the
year. We then used a similar equation that did not include a year fixed effect:

V(Xe) = fXct + ne + 10 + £t (1b)

where Y, is the expected MI value in block group c on a given day #; # is the estimated coefficient; X is the average
daily maximum high temperature of block group ¢ on day f; n_ is the block group fixed effect; y, is the month,
and week of year fixed effect; £, is an error term. This first panel regression analysis pooled all income groups.

2.5.2. Interaction Variables

We followed this analysis with further investigation into several variables that had the potential to influence
mobility. These analyses added an interaction term that assigned each data point with either Equations 2a and 2b:
weekday or weekend, Equations 3a and 3b: the population weighted income group, or Equations 4a and 4b:
mobility group. This structure allowed us to compare the relationship between MI and temperature with many
influences. First, we considered the difference in response for weekend and weekdays:

V(Yo) = BXa Wy + ne + 8, + €a (2a)

where Y, is the expected MI value in block group ¢ on a given day f; f3 is the estimated coefficient; X is the aver-
age daily maximum high temperature of block group ¢ on day #; W, is one of either “Weekend” (Saturday and
Sunday) or “Weekday” (all other days); n, is the block group fixed effect; &, is the month, week of year, and year
fixed effect; &, is an error term.
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We calculated the above relationships with annual subgroups that did not include a year fixed effect:
\/3 (ch) = ﬂXctI’Vg +ne+ Y+ Ect (2b)

where Y is the expected MI value in block group c on a given day #; B is the estimated coefficient; X is the average
daily maximum high temperature of block group ¢ on day #; W, is one of either “Weekend” (Saturday and Sunday)
or “Weekday” (all other days); n, is the block group fixed effect; y, is the month, and week of year fixed effect;
€, 1s an error term.

We then modeled the influence of wealth on the relationship between temperature and MI by assigning a
population-weighted income group to each data point and used that value as an interaction term. We utilized
median income as a proxy for other factors that may influence mobility and are correlated with income at the
block group (Downey, 1998; Reid et al., 2009). These include socio-economic status, population density, infra-
structure, and land use type. We characterized the relationship between temperature and mobility across five
income groups using a cube root specification:

V(Ye) = pXcle + ne + 6 + €q (3a)

where Y is the expected MI value in block group c on a given day #; B is the estimated coefficient; X is the average
daily maximum high temperature of block group ¢ on day #; I is the block group's assigned population-weighted
income group; n, is the block group fixed effect; §, is the month, week of year, and year fixed effect; ¢, is an
error term.

Then we completed a similar calculation with annual subgroups without the year fixed effect:
V(Ye) = fXele +ne + 71 + € (3b)

where Y, is the expected MI value in block group c on a given day £; f is the estimated coefficient; X is the average
daily maximum high temperature of block group ¢ on day ; I_ is the block group's assigned population-weighted

income group; 7, is the block group fixed effect; y, is the month, and week of year fixed effect; ¢, is an error

ct
term.

There was significant skew in the mobility data (Figure S3 in Supporting Information S1), prompting further
investigation into the block groups with uncommon mobility patterns at the extreme tails of the distribution. We
selected thresholds that separate block groups that exhibited extremely low or high mobility compared to the rest
of the data set. From there we calculated the influence of temperature on MI for the block groups that were on
the high and low extremes of average summer MI, and compared it to the rest of the data set. We assigned each
block group a percentile MI value compared to the rest of the SF Bay Area. Any block groups in the bottom 5%
were assigned the “Low” MI group, those in the top 5% were assigned the “High” MI group, and the rest were
marked as “Intermediate” MI. We characterized the relationship between temperature and mobility across the MI
groups, again using a cube root specification:

V(Ye) = pX M, + 1o + 6 + €at (4a)

where Y is the expected MI value in block group ¢ on a given day #; f§ is the estimated coefficient; X is the
average daily maximum high temperature of block group ¢ on day #; M_ is the block group's assigned MI
group; n, is the block group fixed effect; §, is the month, week of year, and year fixed effect; ¢ is an error
term.

We performed a similar calculation with annual subgroups without the year fixed effect:
\/3 Yor) = XM+ nc + yr + € (4b)

where Y is the expected MI value in block group c on a given day #; Bis the estimated coefficient; X is the average
daily maximum high temperature of block group c on day #; M, is the block group's assigned MI group; n, is the

block group fixed effect; y, is the month, and week of year fixed effect; ¢ is an error term.
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Figure 1. Overview of data included in analysis. (a) Daily high temperature was calculated by averaging the maximum daily temperature of all gridMET grid cells
within a census block group (block group) each day. (b) Mobility index change was calculated as the sign of the difference between 2020 and 2021. Block groups with
a higher value in 2020 are shown in orange; block groups with a higher value in 2021 are shown in purple. (c) Each block group was assigned an income group between
1 (Low income) and 5 (High income). Income groups were weighted by population (see Section 2). (d) Region-wide average daily temperature in 2020 and 2021 for
the San Francisco Bay Area. (e) A table with the maximum and minimum income of each assigned income group. Average summer temperature (a) and mobility (c)
only reflect data for days between May and September, which are delineated in red along the x-axis in (d). Temperature recordings from 28 October 2021 to 31 October
2021, were removed from the gridMET data set due to suspected record error. Panel regression analysis did not include data in this month, and therefore did not affect
results of the analysis.

3. Results
3.1. General Data Set Patterns

As expected, during the summer of 2020 and 2021, areas closer to the ocean tended to experience cooler temper-
atures (~20°C), while those further inland experienced much higher average summer temperatures (~30°C)
(Figure 1a). Likewise, inland block groups had more days with temperatures at or above the 95th percentile
(~34°C), as opposed to block groups closer to the coast or San Francisco Bay (Figure S4a in Supporting Infor-
mation S1). The average MI in all of 2020 and 2021 was 1.20 (median = 0.69), and 1.24 (median = 0.71) in the
summer. In 2020, our calculated MI was generally lower on hot days (mean = 0.86, median = 0.50) than in 2021
(mean = 1.60, median = 0.96) (Figure 1b). Of the 4,722 CBGs included in the calculation, 3,766 (80%) increased
in mobility from 2020 to 2021. Of those 3,766, 3,026 (80.3%) experienced at least a 50% increase in mobility.

We assigned block groups different income groups by population to investigate the variable responses to MI by
income (Figure le). Each group represented 20% of the population of the SF Bay Area. As reported by the ACS,
the median annual income of block groups in the SF Bay Area ranged from $11,406 to $250,001, with the average
value across all block groups in the SF Bay Area being ~$95,774 (median = $88,000) (Figures 1c and le). For
comparison, the national average income for the US was ~$68,461 (median = $60,000).

Our MI estimated the number of visits to a block group, normalized by the number of residents. The largest
decrease in MI took place from mid-March to early-April of 2020—coinciding with the shelter in place policies
that first began on 17 March 2020, in SF Bay Area counties (San Francisco Department of Health (SFDoH),
2020). The mean MI during the first 30 days of shelter in place policies was 0.15, with the lowest recorded MI
value of —0.47 on 31st March 2020. By definition, a negative MI value indicates fewer devices entering the block
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Figure 2. (a) Loess regression of all calculated Mobility Index (MI) values from January 2020 through December 2021, by income group. The shaded area represents
the 95% confidence interval of the loess regression. The first shelter in place policies began on 17th March 2020. The red vertical lines are a non-exhaustive list of
COVID-19 policy milestones for the reader's reference. (b) Density distribution displayed included values up to the 99.9th percentile (MI = 24.2). (c) All pairings

of income groups were compared using a two-sample Kolmogorov-Smirnov (K-S) test, and a Wilcoxon Rank Sum Test. Tests where the p-value was <0.05 were
considered significant are highlighted in purple; tests where the p-value was >0.05 are highlighted in orange.

group—including returning home devices—than the number of recorded home devices, and the minimum possi-
ble value is —1.0. The average Ml in all of 2020 and 2021 was 1.20 (median = 0.69), and 1.24 (median = 0.71) in
the summer. Of the 4,722 block groups included in the calculation, 3,766 (80%) increased in mobility from 2020
to 2021. Of those 3,766, 3,026 (80.3%) experienced at least a 50% increase in mobility.

In the first few months of 2020, prior to the start of shelter in place policies, the average MI values were similar
among most income groups (Figure 2a). The 95% confidence interval of the loess regression was indistinguish-
able for block groups with a median household income below $130,000/year (comprising the Low to Medium
High income groups). However, there was a noticeable shift in relative MI by all income groups as the start of
the COVID pandemic led to implementation of shelter in place policies and closures of many public spaces.
The mean MI value changed for all block groups over the course of the 2-year study period, increasing from
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their lowest points in early summer 2020. This coincided with the first adjustments to blanket stay at home
orders across the SF Bay Area from 18th to 20th May 2020, and the beginning of reopening phases across the
state of California on 19th June 2020 (Eby, 2023). MI continued to increase steadily throughout 2021, follow-
ing the introduction of the first COVID-19 vaccine in late 2020 and its increasing availability throughout 2021
(Eby, 2023). For the summer study period, we compared the MI distribution of each income group and confirmed
that the distribution of summer MI was different between the income groups (Figures 2b and 2c). The results
were statistically significant for all pairings using the K-S test, and nearly all pairings using the Wilcoxon test; the
only exceptions were in 2021 between the High and Medium income groups, High and Low income groups, and
Medium and Low income groups in 2021 (Figure 2c¢).

3.2. Temperature and Mobility Relationship

For all reported panel regression results, unless otherwise stated, all coefficient values (f) were rounded to 4 deci-
mal points, and the p-value for any result was <0.001. We first analyzed the relationship between temperature and
mobility using a linear regression with fixed effects (Figure 3). The calculated coefficient for the response of MI
to variations in temperature was —0.0024. Hence, for every 10°C increase in temperature, the “\/ MI was expected
to decrease by ~0.024 (Figure 3a). To aid in interpretation, we repeated this analysis using a log-transform of
MI rather than 3\/MI, which yielded a similar prediction of § = —0.0020. Log-transformed values are often
interpreted as the approximate percent change in the original value, therefore this translated to a ~2% decrease in
MI for every 10°C increase in temperature during the summer (Figure S2 in Supporting Information S1). When
we refer to the 3\/ MI response this change in Y is the expected change in the cube root of the mobility rate for
any given census block group as temperature diverges from 25°C, and—due to the similarity between the log
and cube root transformations—an approximate percent change in the mobility rate per degree increase within
~0.05% of the log-transformed value on average. We provide a table of all our model coefficients with both a
cube root and log transformation for reference (Table S2 in Supporting Information S1), a table of all 95% confi-
dence intervals calculated with bootstrap resampling (Table S3 in Supporting Information S1), and an example
table of the expected total change in visitors for a location with a median number of residing devices and stops
for every 10°C over 25°C (Table S4 in Supporting Information S1).

When we modeled each year independently, we found that while the sign of the response variables remained
the same, the rate of decrease shifted from year to year. For each reported S value, the p-value was <0.001.
During the summer, the 3\/ MI decreased faster in 2020 than in 2021 (8,,, = —0.0015, $,,,; = —0.0011 in 2021)
(Figure 3b). The same analysis on just hot days resulted in f, 4, = —0.0062, indicating that 3\/ MI decreased
~2.6 times faster (and therefore the mobility rate MI about 17 times faster) per degree increase on hot days
compared to the full season (Figure 3c). Hot days resulted in steeper mobility decreases in 2021 compared to
2020 (Broudays, 2020 = —0-0019, B 1ays, 2001 = —0.0037) (Figure 3d). Notably, estimates that modeled years separately
resulted in more conservative estimates and higher 2 values, indicating a better model fit (Figure 3). There is
likely some amount of annual variability that cannot be captured solely through annual fixed effects.

We next considered the potential difference in mobility response on weekends and weekdays by using an
interaction variable. Each of the following § values had a p-value < 0.001. On weekends, 3\/MI decreased
1.5 times faster—and MI decreased 3.2 times faster—in response to increases in temperature, compared with
weekdays (B eexend = —0.0031; fyeerany =
day responses were not substantially different from each other (8. qay, 2000 = —0-0008; Bk ay, 2001 = —0.0010),
but weekend 3\/ MI decreases were about 1.6 times greater—and MI 4.4 times greater—in 2020 than 2021
Breekena, 2020 = —0-0023; B ena 2021 = —0.0014) (Figure 4b). When we further restricted the data set to only
model hot days, there was no difference in the response on weekends compared to weekdays (/3 —0.0062;
Pryeerday = —0-0062) (Figure 4¢). When modeling years separately, mobility was reduced at a slower rate in 2020
(Byeckend, 2020 = —0-0019; B, ey day 2020 = —0.0012) compared t0 2021 (Beekend, 2001 = —0-0029; By cercay, 2001 = —0-0035)
(Figure 4d).

—0.0021) (Figure 4a). When comparing between the 2 years, week-

weekend —

To explore how socio-economic differences may have influenced the relationship between mobility and temper-
ature, we added a median-income interaction term to the panel regression model (Figure 5). The coefficients
for all income groups were negative which implied decreased mobility in response to higher temperatures
(Brow = —0.0020, B gium 10w = —0.0025, = -0.0022, g = —0.0024, f;,, = —0.0031), all with
reported p-values < 0.001. There was substantial overlap in the confidence intervals for the three intermediate

medium medium high
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Figure 3. Effect of temperature on mobility index (MI) using fixed effects regression models. Shading of all models indicates 95% CI estimated by bootstrapping by
county with replacement (see Section 2). Response functions are all centered at the approximate mean summer temperature for 2020-2021 (25°C). (a) Relationship
between temperature and 3\/ MI across the San Francisco Bay Area. Median regression model shown with solid purple line. (b) Relationship between temperature and
mobility with each year modeled separately, 2020 shown in orange, and 2021 in purple. (c) Relationship between temperature and 3\/ MI on data that only includes days
where at least 5% of all block groups experienced temperatures above their historic 95th percentile (See Section 2). R? and projected (proj) r2 values are reported for
each model. Proj 2 refers to the r? value of the estimated model without including fixed effects.
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Figure 5. Resulting relationship between mobility index and temperature after the income group interaction variable is
integrated into the model. Points show median coefficient estimates and vertical bars show the 95% CI around each point
estimate. Solid purple line and shaded area are model results from models in Figure 3a for comparison.

income groups (Medium Low, Medium, and Medium High); however, the confidence intervals for the highest
and lowest income groups were entirely distinct from each other. Further, the confidence interval for the High
income group was significantly different from even the confidence interval for the pooled fixed effect model that
did not distinguish between income groups, with MI in the high income group decreasing 2.2 times faster than
the model including all block groups, and 3.72 times faster than the lowest income group.

Finally, we modeled the top and bottom 5% of block groups based on their average summer mobility to see how
areas with typically high or low mobility responded to changes in temperature (Figure 6). All presented f values
reported p-values < 0.001. When modeled together, the least visited block groups (Low MI) exhibited an increase
= 0.0074).
The most mobile block groups (High MI) decreased 3\/ MI at a slightly lower rate than block groups from
5th-95th percentile (Intermediate MI) (B, \y = —0.0023, j —0.0030). When split between the
2 years, there was again a distinct pattern (Figure 6b): in 2020, the least mobile block groups increased mobility

in mobility with increasing temperatures, in contrast to most of the results from this study (8, om

intermediate MI —

(Brow mp 2000 = 0-0014), and the most mobile block groups decreased at a rate close to that of our prior analyses
(Bhigh w1, 2000 = —0.0010). In 2021, there was a reversal and the least mobile block groups reduced 3\/MI ata
much faster rate than the rest of the locations studied (f,,,, yyy 202, = —0.0075), and the most mobile block groups
increased 3\/ ML in response to increasing temperatures (B, v, 2021 = 0.0011). In both years, block groups in the
5th-95th percentile maintained the negative response in 3\/ M1, with a slightly faster decline in 2020 than 2021
Bintermediare M1, 2020 = —0-0017, By nediare M, 2021 = —0-0008). The more conservative estimates made by the analysis

Figure 4. Effect of period of the week on mobility index (MI) using fixed effects regression models. Shading of all models indicates 95% CI estimated by bootstrapping
by county with replacement (see Section 2). Response functions are all centered at the approximate mean summer temperature for 2020-2021 (25°C). (a) Relationship
between temperature and 3\/ MI across the San Francisco Bay Area interacted with period of the week. (b) Relationship between temperature and mobility with each
year modeled separately. Weekday and weekend relationships are plotted separately. (c) Relationship between temperature and 3\/ MI on data that only includes hot

days (See Section 2). (d) Relationship between temperature and mobility on hot days with each year modeled separately. Weekday and weekend relationships are plotted
separately. For panels (a) and (c) median weekday response is indicated with a solid purple line, and weekend with a solid green line. For panels (b) and (d), relationship
in 2020 shown in orange, and 2021 in purple. R? and projected (proj) r* values are reported for each model. Proj r? refers to the r? value of the estimated model without
including fixed effects.
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Figure 6. Resulting relationship between mobility index (MI) and temperature after the MI group interaction variable is integrated into the model. Points show median
coefficient estimates and vertical bars show the 95% CI around each point estimate. Solid purple line and shaded area are model results from models in Figure 3a for
comparison. Dotted black line indicates zero coefficient value.

with separate years (in particular with the “Low MI” group) are a result of differences in how week and month
fixed effects were calculated in the two analyses. In the “all summer” model, the month and week fixed effects
were included across both years, while the “separate year” models calculated the month and week fixed effects
only in that year. Therefore more variation was removed by the fixed effects in the “separate year” models, result-
ing in a more conservative estimate. Note that due to size of the effect of temperature on mobility for the Low
and High MI subgroups, values are not comparable to their log-transformations and should not be considered
approximations of the percent change in MI with temperature (Table S2 in Supporting Information S1).

4. Discussion

Understanding mobility trends requires careful attention to the environment, as variation in time and space can
lead to a wide range of relationships (Bocker et al., 2013). Hence, the mobility patterns uncovered by this study
are specific only to the study period (2020 and 2021 summer) and location (SF Bay Area), and should be inter-
preted through a pandemic-era lens. However, when coupled with additional context and prior studies, there are
several insights that can be gleaned from this analysis.

We are confident that our MI metric was able to capture variability in mobility through time within the region.
There was a clear decline in mobility in the SF Bay Area following" the establishment of shelter in place poli-
cies in spring of 2020 (Figure 2a). For the 2 years we analyzed, average mobility increased steadily throughout
2021, coinciding with vaccine introductions and a general relaxation of shelter in place restrictions. Our analysis
included periods of the pandemic with additional COVID-19 virus variants (Vasireddy et al., 2021) and a wide
range of shelter in place policies that included multiple closures and re-openings (Eby, 2023). It also focused on
a highly populated region that contains both metropolitan and rural areas, and high socio-demographic spatial
heterogeneity. In addition to socioeconomic heterogeneity, the SF Bay Area also encompasses substantial climatic
heterogeneity, including coastal and inland regions. The high variety of geographic features—including topog-
raphy (mountains, inland valleys), and coastal exposure (Ekstrom & Moser, 2012)—contributes to the numerous
distinct climatic zones. As expected, inland block groups have more days that reach extremely high temperatures
than block groups closer to the Pacific coast or San Francisco Bay (Figure S4 in Supporting Information S1).

Given this, we believe that there is considerable value in investigating MI using the location-based fixed effects
of our panel regression, which allowed us to better deduce and isolate the influence of temperature on mobility.
Overall, our models consistently predicted that incremental increases in temperature resulted in decreased MI
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during the study period. This result was nearly unanimous across all models (Figures 3—6) and would suggest
some fraction of mobility behavior during the pandemic era was influenced by temperature. However, the rate of
decrease in local, daily was impacted by multiple variables, including differences between hot days, weekends
and weekdays, median income of destination, and the baseline level of mobility.

Weekdays were generally more resistant to reductions in mobility when compared to weekends (Figure 4), likely
due to commute requirements. One potential interpretation of our results is that the weekend is more sensitive to
any increase in temperature due to the split between typical weekend leisure travel and weekday work-commute
travel. Although many individuals were able to shift to remote work, much of the population were “essential
workers” and continued to commute to work (Borkowski et al., 2021; Qian et al., 2023). A number of studies
have uncovered that commuter behavior tends to resist temperature-induced mobility changes when compared to
leisure trips (Aaheim & Hauge, 2005; Cools et al., 2010; Sabir et al., 2011).

The response of mobility to temperature was also accentuated on hot days. For example, when we isolated the
data set to only model days where at least 5% of block groups experienced extreme temperatures, we discov-
ered that 2\/ MI decreased in response to increasing temperatures at a rate 2.5 times faster than on regular days
(MI ~15 times faster) (Figure 3c). In addition, while there was typically a difference in weekend and week-
day responses during the summer (Figures 4a and 4b), on hot days the rate of mobility reduction more than
doubled compared to the full summer data set (Figure 3c), and the rate was the same for both periods of the week
(Figures 4c and 4d). Our results thus suggest that periods of hot days are enough to overcome the weekday resist-
ance to mobility changes due to temperature. Pandemic restrictions certainly reduced the number of individuals
with required commutes (Borkowski et al., 2021; Qian et al., 2023), and potentially allowed for more flexibility
in weather response during the weekdays. However, given that reductions in commute requirements were not
universal (Newsom, 2020) and many essential workers were still required to work throughout the pandemic, there
was potential for disparities in the ability to shelter on extremely hot days.

Throughout the 2-year period from 2020 to 2021, we found a link between our mobility metric and the median
income of a block group (Figure 5). The fixed effects model with income interaction predicted a decrease in
mobility in response to increasing temperature for all income groups. However, the highest earning block groups
exhibited a more rapid decrease in 3\/ MI value in response to increasing temperatures. This means either that
wealthier residents of these neighborhoods traveled in and out of their block group less frequently, and/or that
fewer outside visitors entered these neighborhoods. Wealthy block groups exhibited a pattern of lower mobility
that aligned with the intended effects of shelter in place policies (i.e., reduction or cessation of non-essential
travel, shifting to remote work when possible, and limits on gatherings in an attempt to reduce virus transmis-
sion) (Newsom, 2020). Conversely, the Low income group had a significantly smaller rate of mobility reduction
than the High income group (Figure 5). This aligns with prior studies that considered the impacts of COVID-19
policies on low-income individuals and found disparities in their ability to reduce daily travel (Chen et al., 2020;
Dadashzadeh et al., 2022; Ruiz-Euler et al., 2020). For lower income groups, these results could potentially indi-
cate fewer options to reduce mobility due to work or personal obligations. Lower income block groups showed
a pattern of movement that was less aligned with the intended effects of shelter in place policies, with limited
reductions when compared to other subsets of the population (Figure 5). Notably, any medically necessary travel
was considered “essential” and therefore travel completed to reduce exposure to extreme heat and protect personal
health was allowable under shelter in place (Newsom, 2020; SFDoH, 2020). However, such travel potentially
required individuals to choose between continued heat exposure at home and the risk of exposure to COVID-19
outside the home. Since the median income value in our analysis was attributed to the visited block group, we
cannot draw conclusions about the income status of those visiting the block groups. One possible interpretation
is that as temperatures increased, areas that were wealthy (and thus more likely to have access to air conditioning
or other heat abatement at home) could continue to comply with shelter in place orders.

It is important to emphasize that income alone cannot fully explain all the socio-demographic disparity in envi-
ronmental (Banzhaf et al., 2019) and health (Zimmerman & Anderson, 2019) outcomes. The population of the SF
Bay Area has variable sensitivities to extreme heat due to known risk factors such as prevalence of at-home cooling
access (O’Neill et al., 2003), median age (Luber & McGeehin, 2008), racial background (Basu & Ostro, 2008),
and ethnic background (Hansen et al., 2013). We stratified our data by income, which is known to itself influence
health and wellbeing and is also correlated with other risk factors (Downey, 1998; Reid et al., 2009). However,
while our study offers additional insight into mobility responses to temperature within a highly populated region
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with severe income inequality, it does not offer a fully exhaustive directory of block groups most likely to see a
more dramatic change in MI on a hot day. There are additional measures that may have had an influence on mobil-
ity that have yet to be tested, including air conditioning prevalence, race, and land use. However, data limitations
make these analyses not feasible in the context of this study. More details on these limitations can be found in
Supporting Information S1 (Text S3).

Finally, we investigated the mobility response of the most and least mobile block groups (based on their aver-
age summer MI) independently from the rest of the data set. We found that block groups with MI values that
fell above the 95th percentile or below the Sth percentile often responded differently than the rest of the data
(5th—95th percentile) and were sensitive to the differences between the 2 years studied (Figure 6). Areas with the
lowest baseline mobility typically experienced increasing visits with increasing temperature in 2020, and those
with the highest baseline mobility experienced decreases at a slower rate than the rest of the data set. In 2021, this
relationship was reversed, and the least mobile locations saw the largest rate of decrease in MI of all models, while
the highly mobile locations experienced increases in response to increasing temperature. This high sensitivity to
year and temperature is yet another example of the significant variability in baseline mobility across the region,
and the importance of context in understanding mobility trends. The distribution of average MI values were right
skewed and there were many block groups with MI values that were an order of magnitude higher than the aver-
age (Figure S3 in Supporting Information S1). These locations represented areas that are highly trafficked, and
often included points of interest (e.g., retail centers, tourist attractions, and downtown areas), and those that were
least trafficked were often residential areas with few attractions (Table S5 in Supporting Information S1). Areas
that enabled activities aligned with shelter in place guidelines were likely outdoors (e.g., parks, nature preserves),
and thus could have been highly mobile in general but less appealing with hot temperatures. In 2021, a trend of
reopenings and the availability of vaccines might have encouraged further travel into tourist locations or indoor
air-conditioned spaces that may have had more limited availability during 2020.

5. Conclusions

We built upon prior studies of the relationship between heat and mobility using causal inference methods to
explore how a unit change in temperature may change local, daily mobility. In particular, using panel regressions
with fixed effects enabled us to control for unobserved variability between block groups and counties (e.g.,
common behavior patterns, infrastructure), and changes that occur over time that are common across the block
groups or counties (e.g., federal, state, and municipal regulations). The results of the regression models with
interaction variables allowed us to investigate how the period of the week, median income, and the most and the
baseline mobility may influence the expected mobility in the summer, and during the hottest days of the year.

The patterns we uncovered add clarity to the previous understanding of the relationship between temperature and
mobility (Badr et al., 2020; Bocker et al., 2016; Liu et al., 2014; Zhu et al., 2020) during a period when typical mobil-
ity patterns were already disrupted by COVID-19 policies. We show that during this pandemic period, increasing
temperature generally resulted in decreased mobility, and the rate of decrease more than doubled when temperatures
were extremely hot. Weekdays were generally more robust to changes than weekends. Our results also suggest that
there is a fundamental difference in the temperature-mobility relationship between High and Low income block
groups, with High income block groups further decreasing mobility in response to high temperatures, and Low
income block groups decreasing at a slower rate (Figure 5). Thus, even in the presence of highly restrictive public
health policies, high temperatures can lead to a range of mobility responses. Given the key role that local, daily mobil-
ity plays in public health interventions during periods of extreme heat, our results highlight a number of variables
that influence that mobility in the SF Bay Area. These results are worthy of consideration for future mobility studies,
transit planning, and heat mitigation efforts in highly populated regions, both in the current climate and in the future.
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