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A B S T R A C T   

In this paper we analyze the average hourly temporal dynamics of human mobility in the United States from 
2019 to 2020. We discuss how large decreases in human mobility nonuniformly effect the daily temporal dy
namics of aggregate human behavior. The data used are weekly activity patterns for POIs from 2019 to 2020 in 
the United States, provided by SafeGraph and made openly available to academic and research institutions. We 
use clustering methods to create metrics describing how human activity changes throughout the day/week at the 
county and national levels. In response to significant mobility reductions starting March 2020, daily temporal 
patterns of human activity changed nonuniformly. Morning activity started later, and evening activity started 
earlier in 2020 compared to 2019, and temporal behavioral patterns on weekdays began to look more similar to 
weekends. The changes in daily temporal behavior persisted throughout the year even as total mobility levels 
recovered. The results provide insights on the changes in human behavior in response covid-19 policies and 
illustrate influences on social systems, health, and transportation networks.   

1. Introduction 

Over the past few decades a science of human mobility has been 
integral for multiple aspects of population modeling. How and when 
individuals move from place to place influences what the population 
distribution for a given area might be depending on the time of day or 
day of the week. More recently, understanding human mobility has 
become increasingly important during the outbreak of SaRS-CoV-2 
coronavirus, which causes covid-19. The pandemic continues to be a 
global crisis posing serious health, economic and social challenges. 
While there have been decades of human mobility research contributing 
to a variety of application areas (Eubank et al., 2004; Brockmann et al., 
2006; González et al., 2008; Deville et al., 2014), covid-19 has quickly 
become an important use case to model aggregate human mobility 
patterns in response to large scale behavioral change and mobility 
reduction. In the absence of vaccines, approaches to reduce viral 
transmission are behavioral, involving policies like regional shelter-in- 
place guidelines that reduce human mobility. Measurement of flows 
and changes in human mobility contributes to a better understanding of 
how infectious diseases spread to new places, and enables more accurate 
estimation of the impact of behavioral changes on viral transmission 
rates. 

A considerable amount of research has illustrated the effectiveness 
that decreasing human mobility has on decreasing transmission rates of 

covid-19 (Davies et al., 2020; Lai et al., 2020; Chinazzi et al., 2020; 
Askitas et al., 2020; Liu et al., 2020a; Yabe et al., 2020; Gao et al., 2020b; 
Tian et al., 2020; Jia et al., 2020; Gatto et al., 2020). Studies have been 
carried out across multiple spatial scales in several geographic regions, 
including China (Li et al., 2020; Jia et al., 2020), India (Saha et al., 
2020), multiple European countries (Cintia et al., 2020; Pullano et al., 
2020; Gatto et al., 2020; Giannotti et al., 2020; Galeazzi et al., 2020), 
and the United States (Gao et al., 2020a; Kang et al., 2020; Chen et al., 
2020). Overall decreases in mobility brought about by shifts towards 
remote work and virtual school are coupled with changes in when we 
become active over the course of a day. In the pre-pandemic era, much of 
the course of daily life was organized around getting to work or school 
on time. Remote work, virtual school, and other behavior changes have 
had a significant effect on the daily temporal dynamics of human 
mobility. 

Large scale mobility changes due to covid-19 have made measurable 
effects on various aspects of our lives. Decreases in human mobility have 
led to a significant decrease in global CO2 emissions in the first half of 
2020 (Liu et al., 2020b; Le Quéré et al., 2020; Tollefson, 2021) and has 
disrupted humans' physical activity, sleeping patterns, and mental 
health (Giuntella et al., 2021; Hawes et al., 2021). 

While modeling human mobility in response to covid-19 is extremely 
important, research in human mobility has additional applications. It 
informs research in social systems, health and environmental sciences, 

* Corresponding author. 
E-mail address: sparkska@ornl.gov (K. Sparks).  

Contents lists available at ScienceDirect 

Journal of Transport Geography 

journal homepage: www.elsevier.com/locate/jtrangeo 

https://doi.org/10.1016/j.jtrangeo.2022.103295 
Received 2 September 2021; Received in revised form 14 January 2022; Accepted 20 January 2022   

mailto:sparkska@ornl.gov
www.sciencedirect.com/science/journal/09666923
https://www.elsevier.com/locate/jtrangeo
https://doi.org/10.1016/j.jtrangeo.2022.103295
https://doi.org/10.1016/j.jtrangeo.2022.103295
https://doi.org/10.1016/j.jtrangeo.2022.103295
http://creativecommons.org/licenses/by/4.0/


Journal of Transport Geography 99 (2022) 103295

2

transportation forecasting and population dynamics (Eubank et al., 
2004; González et al., 2008; Andris et al., 2019; Liu et al., 2020b; Le 
Quéré et al., 2020; Tollefson, 2021; Giuntella et al., 2021; Bhaduri et al., 
2007). Capturing behavioral changes and mobility patterns using mobile 
phone data helped to identify weakened family ties, influenced by 
partisanship and political advertising (Chen and Rohla, 2018). There is a 
need to expand our quantitative understanding of human behavior and 
mobility to more effectively support these areas of research. With the 
release of human mobility datasets from large tech companies in support 
of the response to covid-19 (Warren and Skillman, 2020; Aktay et al., 
2020; SafeGraph, 2020; Kuchler et al., 2020) there is an opportunity to 
further examine new dimensions and statistical properties of human 
mobility (Brockmann et al., 2006; Song et al., 2010; Barbosa et al., 
2018). 

Precise temporal dynamics of human mobility reflect and influence 
social norms, cultural processes, and behavioral processes across geog
raphies (Hawelka et al., 2014; McKenzie et al., 2015; Sparks et al., 2020; 
Kim and Kwan, 2021). The regional safer-at-home guidance in March 
2020 in the United States and general decreases in mobility throughout 
the year provide an opportunity to examine how hourly temporal dy
namics change during large scale decreases in mobility. The present 
work builds upon recent pandemic-related human mobility research, 
and addresses temporal patterns of human mobility in the United States 
for 2019 and 2020 at the county and national level. Our goal is to better 
understand how large changes in human behavior influence changes in 
hourly temporal dynamics of human mobility. We propose a method for 
defining semantic temporal zones of Morning, Day, Evening, and Night, 
describing temporal changes in activity throughout a 24-h period. Ex
amples in research often define these terms (Morning, Day, Evening, and 
Night) (Wu et al., 2014; Deville et al., 2014; Liu et al., 2017) subjec
tively, with some research offering more data driven approaches by 
identifying abrupt changes in temporal data (Soliman et al., 2017). 

In this study, we use SafeGraph (2020) activity patterns in 2019 and 
2020 from millions of Points of Interest (POIs), and unsupervised clus
tering to define four temporal zones for each day of the week. First, we 
analyze the averaged hourly temporal dynamics of human mobility in 
2019 at the national and county level. We then compare how the tem
poral dynamics have changed throughout the year 2020, as well as 
during the initial safer-at-home guidance in March and April 2020. We 
find that averaged hourly temporal patterns experience nonuniform 
changes across different hours of the day, and different days of the week, 
originating in March and April 2020 and persisting throughout 2020. 
Mornings started later in 2020 than 2019, and the temporal pattern of 
behavior on weekdays began to look more similar to weekends. The 
persistence we observed is notable because the changes in daily scale 
temporal dynamics remained even as overall mobility increased later on 
in 2020. 

2. Data and methods 

2.1. Data 

The data used in this work are weekly activity patterns for non- 
residential POIs from 2019 to 2020 in the United States, provided by 
SafeGraph (2020) and made openly available to academic and research 
institutions. SafeGraph collects anonymous location data (the latitude 
and longitude of a device at a given point in time) by partnering with 
mobile phone applications that obtain opt-in consent from users. Indi
vidual mobile phone patterns are not shared for privacy concerns. The 
number of mobile phone users detected by SafeGraph is about a 10–15% 
sample of the US population (Coston et al., 2021; Kang et al., 2020; 
SafeGraph, 2020). SafeGraph takes this anonymous location informa
tion and determines the number of visits to a non-residential POI for 
each of the 168 h of the week, and aggregates these anonymous visits to 
create weekly POI activity patterns. Weekly activity patterns are avail
able for approximately 4.4 million POIs in the United States. Users' visits 

to POIs are identified using several clustering methods, where GPS pings 
are grouped together in which each cluster contains a set of potential 
POIs. The best POI for a given cluster is classified by machine learning 
methods (Kang et al., 2020). The result is a 168 feature vector (168 h in a 
week), provided by SafeGraph to its users, that represents the temporal 
signature of the number of visits from Monday to Sunday for a given POI. 

We create aggregate temporal signatures for counties by summing all 
the temporal signatures of POIs in a given county. Each feature of this 
summed 168 feature vector describes how many visits occurred at all 
POIs in a county, in a given hour, where the nth feature describes the nth 

hour of the week. This county aggregated weekly temporal signature is 
then summed for each week of the year in 2019 and again in 2020, for a 
given county, between March 14th and November 7th (in 2019 and 
2020). The time between March and November 2020 in the US experi
enced two cycles of significant increases in covid cases, and subsequent 
decreases in cases (each increase and decrease cycle colloquially 
referred to as a wave). The second wave of cases had a graphically local 
minimum by November 2020 (which was the start of a third wave). Each 
wave represents a catalyst for behavioral change, and a decrease in cases 
represents an opportunity to return to pre-wave behavior. Focusing on 
this time-period allows for analysis of the initial behavioral shift in 
March 2020, and the two eventual cooling off periods that represent 
different behavioral change scenarios. This results in one aggregated 
temporal signature, per county, for 2019 and 2020 that represents the 
cumulative temporal activity patterns for all the POIs that exist within 
that county. 

Once we create aggregate temporal signatures, we take further 
processing steps to remove systematic outliers in the temporal signature. 
In the raw weekly activity patterns provided by SafeGraph (2020), there 
are known spikes at 20:00 ET, 17:00 PT. Prior to generating visits from 
GPS pings, SafeGraph groups the raw GPS inputs by the day (in UTC 
time) on which they occurred. This has the effect of “splitting” visits that 
cross the UTC day boundary (20:00 ET, 17:00 PT). Thus, we identify 
which time zone each county is in, remove the value where the spike in 
activity occurs, and interpolate the removed value using time-series 
specific interpolation methods. Once we addressed the 20:00 ET 
outlier, we sampled the data to check for other possible systematic 
outliers and found none. 

There are important limitations of smartphone based mobility data 
to consider, and there is an opportunity to better understand where 
biases may exist, particularly in the context of covid-19 response (Grantz 
et al., 2020). In general, large human mobility datasets were not custom- 
designed to answer specific research questions and have been heavily 
influenced by unsupervised algorithms that are required to process large 
amounts of data (Kwan, 2016). Existing work has illustrated the 
importance of better understanding demographic bias in smartphone 
usage when studying health interventions (Bommakanti et al., 2020) 
and human mobility (Williams et al., 2015). While SafeGraph has shared 
their internal report of sampling bias on their website, Coston et al. 
(2021) has recently conducted an independent assessment of Safe
Graph's data discussing important limitations to that report, and dis
cusses in great detail the limitations of the data. Coston et al. (2021) 
highlights that “POIs frequented by older (or minority) visitors have 
lower coverage than POIs frequented by younger (or whiter) pop
ulations.” This age and racial bias in the data is important to acknowl
edge when making conclusions about observed aggregate mobility 
changes. 

2.2. Methods 

We need ways to quantitatively describe and compare temporal 
signatures to assess how temporal dynamics have changed in response to 
large scale mobility reductions. These methods need to be sensitive 
enough to capture what might be perceived as slight differences in the 
data for two reasons: First, small yet systematic differences can have 
large impacts on behavioral patterns. Second, it can be challenging to 
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identify signal from noise given the nature of large scale mobility data, 
particularly in geographic regions with sparse data (i.e., it is important 
to consider temporal signatures with relatively high visitation counts so 
that we may see the entire picture rather than only a piece of it). 

We propose a method for defining temporal zones that illustrates 
when the rise and fall of mobility occurs throughout the day (in this 
work, mobility can be more specifically thought of as the use of public 
space). This allows us to define for how long and for which hours of the 
day low mobility (low use of public space) and high mobility (high use of 
public space) occur, as well as the transition zones in between hours of 
low and high mobility. The four temporal zones (semantically conceived 
as Morning, Day, Evening, Night) are created from clustering high, 
medium, and low values in the temporal signatures. Each day of the 
week is treated individually and the temporal dimension of the 24 h 
signature is removed. K-means unsupervised clustering is then applied 
to cluster these 24 values (each value is an hour of the day) into 3 
clusters that represents distinct activity periods. Semantically, these 
clusters can be thought of as Night (lowest values), Day (highest values) 
and Morning/Evening (transitional values). Once these clusters are 
established, the temporal dimension is reintroduced to separate Morning 
from Evening where Morning is a transition period occurring between 
Night (low activity) and Day (high activity), and Evening occurs be
tween Day and Night. This creates four temporal zones, each defined by 
a starting time, that capture the rise and fall of daily human mobility. As 
there is a random start in k-means clustering, clustering is repeated 50 
times for each day of a given temporal signature, producing an estimate 
of the transition between segments of the day (Morning, Day, Evening, 
Night) with arbitrarily fine precision (e.g., 10:07.43452 AM). However, 
the underlying SafeGraph data only provides information about visits 
binned within each hour. We thus round the results to quarter-hour (15 
min) intervals to minimize the perception of precision which is not 
supported by the underlying data. This repetition and averaging at
tempts to reduce the influence of the random start while also capturing 
subtle changes throughout the temporal signatures. For example, if k- 
means clustering resulted 25 times in a 06:00 Morning break, and 25 
times in a 07:00 Morning break, Morning would be defined at 06:30. 

Temporal zones are calculated for the yearly national temporal sig
natures, and for each county in 2019 and 2020. This results in each 
county, for 2019 and 2020, having start times for Morning, Day, Eve
ning, and Night, for each day of the week. 

Measuring the area under the curve (AUC) for these temporal sig
natures helps to capture cumulative activity as a single value. While 
others have explained changes in overall mobility in detail (Kim and 
Kwan, 2021), the focus of this work is on understanding changes in daily 
temporal dynamics of human activity. To control for expected mobility 
reductions from 2019 to 2020, we normalized county temporal signa
tures using z-score normalization, measuring how many standard de
viations away a value is to the mean. We refer to normalized AUC values 

as cumulative activity for the rest of this paper. Comparing counties' 
2019 and 2020 cumulative activity in effect explains a narrowing or 
widening of daily temporal activity, and offers another perspective on 
how uniform or nonuniform changes in temporal dynamics have been. 

Temporal zones and cumulative activity are the two methods we 
used to understand changes in daily temporal dynamics of human 
mobility. In the following section, we describe how temporal zones and 
cumulative activity have changed from 2019 to 2020 at the national and 
county level. We illustrate the geographic distribution of how these 
temporal dynamics changed. Lastly, we compare how the averaged 2020 
temporal dynamics of mobility compare with the changes observed at 
the beginning of the covid-19 pandemic (March and April 2020). 

3. Results 

3.1. National 

The average temporal signature for 2019 can be seen in Fig. 1. In 
2019, during weekdays (Mon-Fri), three distinct daily local maximums 
(peaks) in activity occurred at 09:00, 13:00, and 18:00. During week
ends (Sat-Sun), the early and late day peaks in activity disappeared and 
one daily peak in activity occurred at 13:00. The average temporal 
signature for 2020 can be seen in Fig. 2. In 2020, weekday daily local 
peaks change; The 18:00 peak in activity disappeared, and the 09:00 
peak in activity dropped. In 2019 and 2020 maximum activity during 
the week occurred Friday at 13:00, followed by Saturday at 13:00. 

Table 1 shows the clustering output of national temporal zones, 
defining the start times of Morning, Day, Evening, and Night for 2019 
and 2020. The start of Morning is defined by the rise in activity after 
Night. Morning start times stayed mostly the same in 2019 and 2020, 
with weekdays starting at 06:30, and weekends starting around 08:00. 
The start of Day, defined by a window of consistent high activity, was 
the most changed temporal zone in 2020. Day start times in 2020 were 
around 2 h later than Day start times in 2019 during the weekday (08:00 
to 10:00), with a 45 min delay on Sunday (10:30 to 11:15). The start of 
Evening is defined by the consistent drop in activity that leads to Night 
low activity. Evening occurred earlier in 2020 by around 30 min be
tween Thursday and Sunday. Night, like Evening, was slightly earlier in 
2020, particularly between Thursday and Sunday. 

The temporal zones that define when we initially become active 
(Morning) and when we stop becoming active (Night) were mostly un
changed in 2020. Day and Evening start times, the temporal zones that 
define the boundaries of when we are most active, changed in a nar
rowing effect in 2020. Day start times during the weekdays were delayed 
by 2 h, and Evening start times closer to the weekend were earlier by 30 
min. 

Fig. 1. National Normalized Temporal Signature for 2019 (March 11th to November 10th). From Mon-Fri, local maximums (peaks) in the temporal signature occur 
at 09:00, 13:00, and 18:00. On Sat-Sun, morning and evening peaks disappear leaving one daily peak at 13:00. Maximum activity occurred Friday afternoon, fol
lowed by Saturday afternoon. The shorter vertical dashed lines show daily temporal breaks between Morning, Day, Evening, and Night. The slightly taller vertical 
dashed lines show the midnight (24:00) transition from one day to the next. 
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3.2. County 

When examining individual counties, we see how the changes in 
temporal dynamics vary across space. In general, most counties followed 
the pattern of changes described at the national level (Table 1), i.e. 
minimal Morning and Night changes in 2020 with most changes 
occurring at Day and Evening start times. Many of the central U.S. 
counties were less affected by temporal changes than eastern and 

western U.S. counties. 
Fig. 3 examines the change in Day start times, averaged between 

Monday and Friday, from 2019 to 2020 for counties with population 
greater than 10,000. This removed 702 counties, or about 1% of U.S. 
population, from consideration. This was done to ensure we consider 
counties that have enough data to produce signal through noise. 97% of 
counties had later Day start times in 2020 than 2019. 

Variation in 2019 to 2020 Day start times for counties range from a 
few minutes up to 4 h. Some counties fall orderly on integer hour in
tervals (e.g. 08:00 in 2019). This effect is caused by the clustering al
gorithm repeatedly outputting the same Day start time for those 
counties, and indicates the level at which 08:00 represents a clear break 
in the signature for those counties. 

Cumulative activity results for counties with population greater than 
10,000 (Fig. 4) show that daily temporal patterns narrowed slightly at 
the start and end of days in 2020. This metric takes into account the full 
168 h in the 7 day week to measure changes in overall activity. We 
calculate this metric off of normalized temporal signatures to control for 
known mobility reduction from 2019 to 2020. This results in measuring 
a narrowing or widening of daily temporal activity (i.e. change in time 
transformations), not total mobility. Counties' cumulative activity 
further illustrate that humans were active during a shorter window of 
time in 2020 than 2019. 

Differences in temporal changes in 2020 varied across space (Fig. 5). 
In 2019 the average Day start time for counties with population greater 
than 10,000 was around 08:15. Only a few counties had Day start times 
later than 10:00, including the entirety of Hawaii, a collection of 
counties on the Tennessee and North Carolina border, and Clark County 
NV, home to Las Vegas. In 2020, Day start times increased for a majority 
of counties (97%), particularly in eastern and western regions of the U.S. 
In 2020 over 40% of counties had Day start times after 09:30, compared 
to just 5% in 2019. There are a few county patterns that deserve further 
discussion. Suburban counties of major cities such as Minneapolis, 
Austin, Kansas City, St. Louis, and Chicago show large changes to Day 

Fig. 2. National Normalized Temporal Signature for 2020 (March 9th to November 8th). In comparison to 2019, weekday local maximums (peaks) in the temporal 
signature still occur at 09:00 and 13:00, however normalized activity has significantly decreased in morning (hardly creating a morning peak) and has disappeared in 
the evening all together. Maximum normalized activity occurred Friday afternoon, followed by Saturday afternoon. The shorter vertical dashed lines show daily 
temporal breaks between Morning, Day, Evening, and Night. The slightly taller vertical dashed lines show the midnight (24:00) transition from one day to the next. 

Table 1 
Daily start times for Morning, Day, Evening, and Night during 2019 and 2020. Bold values indicate changes greater than an hour. The Day start time during weekdays 
(Monday–Friday) in 2020 occurred approximately 2 h later than its corresponding start time in 2020, showing comparatively less activity between the hours of 
08:00–10:00 in 2020. The Evening start time Thursday-Sunday in 2020 occurred approximately 30–60 min earlier than its corresponding start time in 2020, showing 
comparatively less activity in between the hours of 17:00–19:00 in 2020.   

Morning19 Morning20 Day19 Day20 Evening19 Evening20 Night19 Night20 

Mon 6:30 am 6:30 am 8:30 am 10:00 am 5:30 pm 6:30 pm 10:00 pm 10:00 pm 
Tue 6:30 am 6:30 am 8:00 am 10:00 am 6:30 pm 6:30 pm 10:00 pm 10:00 pm 
Wed 6:30 am 6:30 am 8:00 am 10:00 am 6:30 pm 6:30 pm 10:00 pm 10:00 pm 
Thu 6:00 am 6:30 am 8:00 am 10:00 am 7:00 pm 6:30 pm 11:00 pm 10:00 pm 
Fri 6:30 am 6:30 am 8:30 am 10:30 am 7:15 pm 6:30 pm 10:45 pm 10:30 pm 
Sat 8:00 am 7:30 am 11:00 am 11:00 am 7:00 pm 6:30 pm 11:00 pm 10:30 pm 
Sun 8:00 am 8:15 am 10:30 am 11:15 am 6:30 pm 5:30 pm 10:30 pm 9:45 pm  

Fig. 3. Start of Day for counties in 2019 (horizontal-axis) compared to 2020 
(vertical axis). Points above the dashed line show counties where Day started 
later in 2020. Points below the dashed line show counties where Day started 
later in 2019. 
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start time in 2020, yet the county that includes the central city area 
shows much less change. Counties in southern Texas experienced 
changes in Day start time up to 3 h in 2020. 

3.3. March–April 2020 compared with 2019, 2020 

The start of the pandemic caused drastic behavioral changes in 
mobility. The temporal patterns observed throughout 2020 began at the 
start of March, and persisted. In this subsection we analyze the time 
period during the initial safer-at-home guidance. The temporal signature 
for March 30th to April 5th 2020 can be seen in Fig. 6. The weekday 
Morning peak occurs at 09:00 and the midday peak occurs at 13:00, the 
same as the averaged 2019 and 2020 temporal signatures. While there 
still is a Morning peak at 09:00, when compared to Fig. 1 (the normal
ized temporal signature for 2019), it is comparatively almost non- 
existent. Evening peaks in activity are not present. Maximum weekly 

activity occurred Friday April 3rd at 13:00 (the same as 2019 and 2020). 
However, there was consistently more activity during the weekday 
(March 30th to April 3rd) than Saturday or Sunday (April 4th and 5th) 
which is different than 2019 or 2020. 

Table 2 shows the clustering output of temporal signatures for March 
9th–30th 2019 and March 9th–30th 2020, defining the temporal zones 
of Morning, Day, Evening, and Night. Morning start times stayed the 
same in 2019 and 2020, with weekdays starting at 06:30, and weekends 
starting around 07:30 and 08:00. The start of Day was the most changed 
temporal zone in March 2020, which is consistent with 2019 and 2020. 
Day start times in March 2020 were around 90 min later than Day start 
times in March 2019 during the weekday (08:00 to 09:30), with a 45 min 
delay on Sunday (11:15 to 12:00). Evening and Night occurred slightly 
earlier in March 2020 by 15 min between Monday and Friday. The 
temporal changes from March 2019 to March 2020, while consistent in 
pattern, were not as dramatic as the temporal changes from 2019 to 
2020. 

Fig. 7 examines the change in Day start times, Monday to Friday, 
from March 9th–30th 2019 to March 9th–30th 2020 for counties with 
population greater than 10,000. 93% of counties had delayed Day start 
times in March 2020 compared to March 2019. Variation in March 2019 
to March 2020 Day start times for counties range from a few minutes up 
to 4 h. Cumulative activity results for counties with population greater 
than 10,000 (Fig. 8) show that daily temporal patterns narrowed slightly 
at the start and end of days in March 2020. When considered along 
clustering outputs for temporal zones, counties' cumulative activity 
further illustrate that humans were active during a shorter window of 
time in March 2020 than March 2019. 

Clustering outputs and cumulative activity values both indicate a 
narrowing of temporal activity from 2019 to March 2020 and the 2020 
yearly average; Day start times have been delayed (up to 2 h), Evening 
start times have been earlier (up to an hour), and weekday and weekend 
temporal patterns have changed in different ways. Visually comparing 
temporal signatures helps to better understand what these quantitative 
measures indicate. Fig. 9 shows the Tuesday portion of 2019, 2020, and 
March 2020 temporal signatures. Clustering results suggest a minimal 
change in Night activity during weekdays. Examining Fig. 9, just before 
midnight (around 23:00) the three temporal signatures merge, showing 
unchanged behavior in 2019 and 2020 during the night, which con
tinues until around 07:00 in the morning. The three temporal signatures 
each have their early day peak at 09:00 and their midday peak at 13:00. 
2019 has a third peak in the day at 18:00, whereas the two 2020 tem
poral signatures have steady decreases in activity starting at 13:00. 
When examining the late day portion of the March 30th - April 5th 
temporal signature, the equivalent activity in 2020 exists approximately 

Fig. 4. Normalized AUC for counties in 2019 (horizontal-axis) compared to 
2020 (vertical axis). The solid line is a simple linear regression where the 
normalized AUC 2020 value is the dependent variable, and the normalized AUC 
2019 is the independent variable. 

Fig. 5. When Day started in 2019 and 2020 for counties over 10,000 population. Scale ranges from 07:00 (yellow) to 12:00 noon (red). Variation is present in all 
regions of the country, however counties in the Northeast and West generally show the most change from 2019 to 2020, while counties in the Midwest generally show 
the least amount of change. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.) 
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an hour later. 
While large scale mobility reduction initially occurred March 2020 

and slowly rebounded throughout the year, the changes to temporal 
patterns in mobility started in March, but persisted throughout the year. 
The 2020 Morning peak ended up proportionally less than the March 
2020 Morning peak. The Evening temporal shift for 2020 was more 
similar to 2019 than March 2020. 

Fig. 10 shows the Saturday portion of 2019, 2020, and March 2020 
temporal signatures. When comparing these normalized signatures 

Fig. 6. Normalized Temporal Signature for March 30th - April 5th 2020. There is significant decrease in activity throughout March, minimal activity occurring at the 
beginning of April. Weekday local peaks in the temporal signature occur at 09:00 and 13:00 with a non-existent peak in the evening. The shorter vertical dashed lines 
show daily temporal breaks between Morning, Day, Evening, and Night. The slightly taller vertical dashed lines show the midnight (24:00) transition from one day to 
the next. 

Table 2 
Daily start times for Morning, Day, Evening, and Night during March 9th–30th 2019 and March 9th–30th 2020. Bold values indicate changes greater than an hour. The 
Day start time during weekdays (Monday-Friday) in 2020 occurred approximately 90 min later than its corresponding start time in 2020, showing comparatively less 
activity between the hours of 08:00–10:00 in 2020. The Evening and Night start time Monday-Saturday in 2020 occurred slightly earlier (approximately 15 min) than 
its corresponding start times in 2019, with more significant changes on Saturday Evening and Night.   

Morning19 Morning20 Day19 Day20 Evening19 Evening20 Night19 Night20 

Mon 6:30 am 6:30 am 8:00 am 9:30 am 5:30 pm 5:15 pm 9:30 pm 9:15 pm 
Tue 6:30 am 6:30 am 8:00 am 9:30 am 5:30 pm 5:15 pm 9:30 pm 9:15 pm 
Wed 6:30 am 6:30 am 8:00 am 9:30 am 5:45 pm 5:15 pm 9:30 pm 9:15 pm 
Thu 6:30 am 6:30 am 8:00 am 9:45 am 5:30 pm 5:15 pm 9:30 pm 9:15 pm 
Fri 6:30 am 6:30 am 8:00 am 10:00 am 6:30 pm 6:00 pm 10:30 pm 9:30 pm 
Sat 7:30 am 7:15 am 10:30 am 10:15 am 7:00 pm 5:45 pm 11:00 pm 9:45 pm 
Sun 8:15 am 8:00 am 11:15 am 12:00 am 5:30 pm 6:00 pm 9:30 pm 10:00 pm  

Fig. 7. Start of Day for counties in March 9th–30th 2019 (horizontal-axis) 
compared to March 9th–30th 2020 (vertical axis). Points above the dashed line 
show counties where Day started later in March 9th–30th 2020. Points below 
the dashed line show counties where Day started later in March 9th–30th 2019. 

Fig. 8. Cumulative activity (normalized AUC) values for counties in March 
9th–30th 2019 (horizontal-axis) compared to March 9th–30th 2020 (vertical 
axis). Points above the dashed line show counties where cumulative activity 
was higher in March 2020, points below the dashed line were higher in 
March 2019. 
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isolated on a specific day, it's important to note the vertical axis 
(normalized activity) represents the proportional level of activity for 
that temporal signature compared to the rest of the week. This means 
that while the 2020 signature in Fig. 10 reached a higher maximum for 
Saturday, that is only meaningful as it relates proportionally to its own 
temporal signature for the rest of the week. For example, the weekly 
share of activity on Saturday 2020 was higher than the weekly share of 
activity on Saturday in 2019. The three temporal signatures converge 
after midnight (around 03:00) and stay congruent until 10:00. A midday 
peak occurs from 13:00 to 14:00 for all three temporal signatures. Late 
day activity varies in 2019 and 2020; March 2020 late day activity is 
generally shifted 2 h earlier than 2019 late day activity. 2020 activity, as 
suggested by clustering outputs, is generally shifted 30 min earlier than 
2019. 

4. Conclusion 

Temporally precise human mobility modeling is crucial for 
advancing population distribution efforts as historical means are bound 
in that they consider collective population at primary residences. 
Therefore a detailed understanding of how mobility changes temporally 
in response to large scale mobility reduction is needed. In response to 
significant mobility reductions starting March 2020, daily temporal 
patterns of human behavior changed nonuniformly. Mornings started 
later and evenings started earlier in 2020 compared to 2019, and tem
poral behavioral patterns on weekdays began to look more similar to 
weekends. As previously discussed in other works, we know overall 
mobility reduced from 2019 to 2020. If that is all that changed, then 
when normalizing temporal signatures, we would expect to see the same 
shape in the rise and fall of activity from 2019 to 2020. However, our 
results illustrate in which ways this is not the case. This includes a 
somewhat trimodal weekday temporal signature in 2019 (each 24-h 

Fig. 9. The Tuesday portion of the normalized temporal signatures for 2019, 2020, and March 30th–April 5th 2020. In greater detail we see the drop in activity in the 
early part of the day and at the end of the day. Just before midnight (around 23:00) the three temporal signatures merge illustrating unchanged behavior during the 
night, and continues up until around 07:00 in the morning. The three temporal signatures each have their midday peak at 13:00. 2019 has a third local peak in the 
day at 18:00, whereas the two 2020 temporal signatures have steady decreases in activity starting at 13:00. When looking at the evening portion of the March 30th to 
April 5th temporal signature, the equivalent activity in 2020 exists an hour later. 

Fig. 10. The Saturday portion of the normalized temporal signatures for 2019, 2020, and March 30th to April 5th 2020. The share of Saturday activity is pro
portionally higher in 2020 than 2019 and March 30th 2020. 
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period during the weekday showing a localized morning, afternoon, 
evening peak, see Fig. 1) to a more unimodal weekday temporal signa
ture in 2020 (reduced morning and evening activity, see Figs. 2, 6). The 
changes in daily temporal behavior persisted throughout the year even 
as total mobility levels recovered. The Day start time in 2020 and the 
proportional decrease in early day activity is consistent with research 
analyzing sleep behavior and wake up times during March 2020 
(Giuntella et al., 2021). 

The degree to which daily temporal dynamics changed across space 
varied (see Fig. 5); Eastern and Western region counties had larger 
changes in daily temporal behavior than Central region counties. There 
are a number of potential factors that might influence this outcome. The 
composition of industries within a region or county likely have impli
cations for the shift in temporal behavior. If a county is heavily 
concentrated with an industry that is not capable of virtual work, this 
would impact the degree to which possible temporal change can occur. 
Even in industries that are cable of virtual work, in regions with low 
internet access, virtual work may not be a possibility. Geographic dif
ferences may also be influenced by regional political ideologies or per
ceptions of seriousness of the pandemic. External data would be needed 
to help validate this speculation. 

Potential economic implications are suggested in that commercial 
industries with historically high traffic during the morning (09:00) (e.g. 
limited-service restaurants serving breakfast and coffee) and evening 
(18:00) (e.g. bars, pubs, taverns) may experience a decrease in visita
tions/revenue (see Fig. 9) if 2020 temporal mobility patterns persist in 
post-pandemic recovery towards a hybrid/remote work/school model. 
Whereas commercial industries that historically experience high traffic 
during the afternoon (13:00) are likely to continue to experience that 
same visitation frequency even in the presence of hybrid/remote work/ 
school models. This may have an impact on when peak residential en
ergy consumption changes throughout specific times of the day indi
cating more home activities in the morning and evening. Furthermore, 
employers in certain industries may consider how later wake up times 
(Giuntella et al., 2021) and later activity times influence employees 
desire for altered working hour policies in future. 

There are important limitations to consider regarding demographic 
biases in SafeGraph's data and general smartphone ownership in the US. 
Coston et al. (2021) finds that SafeGraph's POIs that are frequented by 
older or minority populations are less covered than POIs frequented by 
younger or white populations. Our results need to be contextualized by 
this bias, specifically, that our findings of nonuniform changes in daily 
temporal patterns of human behavior in 2020 are likely to be more 
representative of younger populations and white populations, and less 
representative of older populations and minority populations. 

Future work will investigate associations with temporal dynamics 
and sociodemographic characteristics. We also plan to assess the degree 
to which temporal behavior either reverts back to pre-pandemic pat
terns, stays somewhat as is in 2020 during the pandemic, or changes into 
new temporal behavior in a post-pandemic model of human mobility. 

This work builds upon recent pandemic-related human mobility 
research, and addresses temporal patterns of human mobility and the 
use of public space in the United States. Our goal was to better under
stand how large changes in human behavior influence changes in hourly 
temporal dynamics of human mobility. Overall decreases in mobility in 
2020 brought about by shifts towards remote work and virtual school 
have been coupled with changes in when we become active and use 
public space over the course of a day in nonuniform ways. 
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