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Abstract 

Background: Since early March 2020, the COVID-19 epidemic across the United Kingdom has led to a range of social 
distancing policies, which resulted in changes to mobility across different regions. An understanding of how these 
policies impacted travel patterns over time and at different spatial scales is important for designing effective strate-
gies, future pandemic planning and in providing broader insights on the population geography of the country. Crowd 
level data on mobile phone usage can be used as a proxy for population mobility patterns and provide a way of 
quantifying in near-real time the impact of social distancing measures on changes in mobility.

Methods: Here we explore patterns of change in densities, domestic and international flows and co-location of Face-
book users in the UK from March 2020 to March 2021.

Results: We find substantial heterogeneities across time and region, with large changes observed compared to 
pre-pademic patterns. The impacts of periods of lockdown on distances travelled and flow volumes are evident, with 
each showing variations, but some significant reductions in co-location rates. Clear differences in multiple metrics 
of mobility are seen in central London compared to the rest of the UK, with each of Scotland, Wales and Northern 
Ireland showing significant deviations from England at times. Moreover, the impacts of rapid changes in rules on 
international travel to and from the UK are seen in substantial fluctuations in traveller volumes by destination.

Conclusions: While questions remain about the representativeness of the Facebook data, previous studies have 
shown strong correspondence with census-based data and alternative mobility measures, suggesting that findings 
here are valuable for guiding strategies.
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Background
The COVID-19 pandemic and measures to mitigate it 
have resulted in unprecedented changes to population 
dynamics around the World [1–6]. Most countries have 
implemented prevention policies such as regional lock-
downs and social distancing [7, 9] to slow the spread 

of the disease and limit impacts on health systems. 
The impact of these policies on population dynamics 
is unclear and likely varies significantly by geography, 
demographics and over time [10–12]. Understanding 
these impacts and relationships is important for guiding 
ongoing efforts to mitigate the effects of the COVID-19 
pandemic, as well as for future pandemic preparedness 
planning.

Over the 12  months from March 2020, the UK 
recorded more than 4 million cases of COVID-19, 
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resulting in around 120,000 deaths [13]. A wide variety 
of national and regional restrictions were put in place 
throughout the course of 2020 and into early 2021. This 
involved national stay at home ‘lockdown’ measures in 
March 2020, November 2020 and January 2021. Addi-
tionally, England, Scotland, Wales and Northern Ireland 
all implemented differing restrictions at different times, 
with regionally stratified ‘tiered’ systems. Moreover, 
international travel restrictions in and out of the UK were 
under constant review and change, as situations changed 
domestically and abroad. Many of these mitigation poli-
cies involved restrictions relating to social contact and 
travel, but the effects of these on changes in population 
densities, travel patterns and mixing at fine spatial and 
temporal scales have not been examined together across 
the course of the pandemic.

Multiple sources of digital data on proxies for popula-
tion mobility and behaviours have been put forward and 
used to examine changing dynamics and understand the 
impacts of disease mitigation measures [14–16]. Dur-
ing the course of the COVID-19 pandemic, many new 
sources of mobility data have been utilised and made 
available, principally deriving from mobile phones and 
their usage. These include mobility data and reports made 
available by technology giants such as Google [17], Apple 
[18] and Facebook [19, 20]. Many studies have examined 
social connectedness [4, 21–23] or human movement [5, 
12, 23–26] and their relation to the dynamics and spread 
of COVID-19.

Here we explore aggregated and anonymised data from 
Facebook on the movement patterns of active users in the 
UK using geolocation services during the period March 
2020—March 2021. These data are made available at 
fine temporal and spatial scales, in near-real time and in 
multiple forms, enabling insights not possible with many 
other sources of mobility data. These features resulted in 
our analyses of these data supporting UK government 
activities throughout the pandemic. Here we summa-
rise some of these insights through examination of the 
changes in domestic movement patterns and densities 
compared to a pre-pandemic baseline, the probability of 
two Facebook users from different home locations co-
occurring in the same location (co-location), as well as 
variations in international travel in and out of the UK.

Data and methods
Facebook data
Facebook disease prevention maps [19] provide infor-
mation on the location, movement and interactions of 
active Facebook users. The data is produced using Face-
book location history, which uses geolocation (GPS) ser-
vices and connection information (e.g. wifi) from mobile 
devices with the Facebook app installed to assign users a 

longitude and latitude at a given time. Users must have 
location services switched on and the data is only made 
available from the start of the pandemic (10th March 
2020). The location of Facebook users is then mapped 
using a Bing tile architecture [27], assigning users to indi-
vidual tiles. The minimum tile size available (level 16) is 
approximately 600 m x 600 m by the equator. However, 
due to the constraints in collating location data from a 
large number of Facebook users, mobility data is com-
monly supplied by Facebook at lower resolutions (greater 
tile sizes). The tile size provided is dependent on the data-
set with UK data ranging from Bing tile level 16 (highest 
resolution) down to Bing tile level 12 (lowest resolution, 
approximately 9.6 km × 9.6 km at the equator) (Table 1). 
For datasets that use administrative regions, mobility 
data is aggregated by Facebook using Pitney-Bowes poly-
gon boundaries [28, 29].

In this paper we include data from four available data-
sets: population density (tile level), movement between 
tiles, co-location and international travel, spanning the 
period from 10th March 2020 to 9th March 2021. This 
encompasses three periods of tight restrictions that 
included stay-at home orders and closure of many busi-
nesses by the UK government in England, which we here 
term ‘lockdowns’: 23rd March 2020—12th May 2020; 5th 
November 2020—1st December 2020; and 6th January 
2021—9th March 2021. These are from now on referred 
to as lockdown one, lockdown two and lockdown three, 
respectively. Similar restrictions were imposed at the 
same time (or at very similar times) in Wales, Scotland 
and Northern Ireland.

Facebook provides the data in a range of time periods. 
Population density and movement between tiles data-
sets are provided daily across three 8  h time periods: 
00:00—08:00, 08:00—16:00 and 16:00—00:00. These will 
be referred to as nighttime, daytime and evening respec-
tively. International travel data is provided daily and the 
co-location data is provided weekly (Table  1). All time 
periods are kept as Coordinated Universal Time (UTC). 
Therefore, between 29th March 2020 and 24th Octo-
ber 2020, the 8  h time periods represent 01:00—09:00, 
09:00—17:00 and 17:00—01:00 in the UK due to the shift 
from Greenwich mean time (GMT) into British sum-
mer time (BST). In addition to this data, Facebook also 
provides baseline values of mobility for certain datasets. 
They are calculated prior to the introduction of govern-
ment measures on population mobility in order to allow 
comparisons between pre-COVID and current move-
ments of Facebook users.

There are a number of measures applied to the data to 
ensure the privacy and anonymity of Facebook users that 
may also impact the interpretation of the mobility data. 
Firstly, only Facebook users with location services actively 
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enabled within the specified time period are included in 
each dataset. In addition, thresholds for the number of 
individuals recorded in each dataset are applied by Face-
book prior to sharing the data with external partners (i.e. 
university, non-profit organization researchers) in order 
to maintain the anonymity of Facebook users. In the pop-
ulation density, movement between tile and co-locations 
datasets, this is 10 users per tile, movement vector or 
administrative region respectively. In the international 
movement dataset, Facebook applies a minimum thresh-
old of 1000 users moving between two countries per day. 
Finally, absolute values of Facebook user mobility are 
not able to be shared publicly. Instead, values of relative 
change are calculated using the data, often comparing 
baseline values to current mobility of Facebook users. 
Together, this ensures the identity and security of Face-
book users is maintained.

Once all privacy measures have been applied by Face-
book to the mobility data, the datasets included in this 
study represented approximately 6–9% of the UK popu-
lation within each 8  h time period. The total coverage 
varies depending on the dataset with greater coverage 
observed in the population density dataset compared 
to the movement between tiles dataset. In addition, the 
number of Facebook users included was higher in the 
daytime and evening time periods. Finally, coverage did 
change throughout the pandemic, with a greater number 
of Facebook users observed throughout the first lock-
down than the rest of the study period.

Combining Facebook data into larger aggregations can 
provide human mobility data relevant to pre-established 

administrative boundaries. In this paper we aggregate 
Facebook data using two classified systems: Nomen-
clature of territorial units for statistics (NUTS) level 1 
regions (Fig.  1) (December 2020 boundaries; [30]) and 
UK Local Authority Districts (LAD) (April 2020 bound-
aries; [31]). NUTS level 1 regions range in size between 
1572 and 77,901  km2, with an estimated mid-2020 popu-
lation ranging between 1,895,510 and 9,217,265. UK local 
authorities range in size between 3 and 25,653  km2, with 
an estimated mid-2020 population ranging between 2,226 
and 1,140,525 [32]. When aggregating data, we took the 
centroid coordinate of each Bing tile and matched it with 
the LAD/NUTS region in which it fell. We then summed 
the data within each aggregation. It is important to note 
that aggregating data does not overcome disclosure 
issues as these are applied at tile level by Facebook before 
sharing with external partners. Additionally, due to the 
mismatch between the shape of Bing tiles and the bound-
aries of the aggregations, a marginal error is expected 
when using this method that is unavoidable given the 
structure of the data. To account for some of the mis-
match caused when aggregating tiles to LAD, we used a 
population weighted method of assigning tiles to large 
population centres when areas with expected high popu-
lation densities had no Bing tiles assigned to them. This 
occurred only in Bing level 12 tiles. In total there were 
16 LADs where this occurred (see list in Additional file 3: 
Methods S1). These generally fell in and around London 
where the size of local authorities is smaller than other 
areas of the UK. In these instances, we used a population 
weighted approach using the area of the LAD and the 

Table 1 Metrics used in this study, along with their definitions and resolutions provided by Facebook

*Distance travelled is not a metric directly calculated by Facebook

Metric Units Definition Spatial resolution provided by 
Facebook

Temporal resolution 
provided by 
Facebook

Population density Number of Facebook users Average number of Facebook 
users within a Bing tile during an 
8 h period

Bing tile level 13 and 16 8 h

Population flows Number of Facebook users Number of Facebook users that 
shared the same modal tile across 
two adjacent 8 h time periods

Bing tile level 12 8 h

Distance travelled* Kilometres Total distance between tile 
centroids ‘travelled’ by Facebook 
users across two adjacent 8 h time 
periods

Bing tile level 12 8 h

Co-location – Probability of two Facebook users 
from varying Pitney-Bowes admin-
istrative regions are present within 
the same level 16 Bing tile during 
a random 5-min bin

Pitney-Bowes administrative 
regions

Weekly

International movement Number of Facebook users Number of Facebook users mov-
ing between two countries within 
a single day

Country Daily
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mid-2020 population estimates [32] to assign Bing tiles 
to local authorities. For central London, where the num-
ber of LADs is greater than the number of Bing tiles, we 
used the existing Bing tile structure to split London into 
six evenly sized areas that we classified as individual local 
authorities. Tile to aggregation lookups are provided in 
the Additional file 1 and Additional file 2.

The data used in this study are proprietary data owned 
by Facebook. While the data are not publicly available, 
they are available to University and non-profit organiza-
tion staff by application to the Facebook Data for Good 
Partner Program (https:// dataf orgood. fb. com/, dis-
easeprevmaps@fb.com; [19]). The research was approved 
by the University of Southampton Ethics and Research 
Governance committee (Ref.48113).

Changes in densities
The population density (tile level) dataset represents the 
average number of Facebook users within a given Bing 
tile over an 8 h time period (Table 1). The tile resolution 
of the population density data provided varies between 
datasets. For Britain-wide population density, Bing tile 
level 13 data is provided. For smaller regions (e.g. indi-
vidual cities such as London), data can be provided by 
Facebook down to Bing tile level 16.

For each day, population density data is provided in the 
three 8  h time periods. Within each time period, active 
Facebook users are assigned to their modal Bing tile. Tiles 
that do not reach 10 users are removed from the dataset. 
For each tile that overcomes the user threshold, data is 
provided on the tile location and the average number of 
active Facebook users assigned to that tile. Additionally, 
for each tile within each day of the week and individual 
time period that is included, a single baseline value is 
provided. This is calculated from the average population 
density of Facebook users over a 90-day period up to and 
including the 9th March 2020. As there are 7 weekdays 
and 3 time periods per day, each tile has a total of 21 
baseline values.

In order to determine the impact of mobility measures 
on the population density of Facebook users across the 
UK we first extracted tile level 13 data for the entirety of 
the UK. This data was then aggregated to NUTS level 1 
regions to compare the impact of the measures across the 
UK. Then, to examine how these changes were reflected 
at smaller spatial scales, we extracted tile level 16 data 
for the entirety of London. For both regional and London 
analysis of Facebook user population density we calcu-
lated values of change relative to the pre-COVID baseline 
period. A workflow for data ingestion, aggregation and 

Fig. 1 Percentage changes in A distances travelled and B population movement (flows) of Facebook users in the UK and within C UK NUTS level 1 
regions. The black line in panels A and B is the UK average. Other line colours in panels A and B refer to the NUTS level 1 regions in panel C. Journeys 
included are those made that begin during 00:00–08:00 and end during 08:00–16:00 on weekdays between March 10th 2020 and March 9th 2021. 
See Additional file 3: Fig. S2 and S3 for alternative time periods and weekends. The change is relative to a pre-COVID baseline (see Methods for 
details). Regions follow NUTS level 1 ultra-generalised clipped boundaries in the UK [30]. In panel C we have highlighted the location of major cities 
within the UK

https://dataforgood.fb.com/
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analysis of the population density datasets is provided in 
Additional file 3: Methods S2 and S3.

Changes in domestic mobility
The UK movement between tiles (flows) data represents 
the movement of Facebook users between two UK Bing 
tiles across two adjacent 8 h time periods (Table 1). For 
each 8  h time period, the Bing tile where a Facebook 
user spends most of their time (modal tile) is recorded. 
On any occasion where a Facebook user splits their 
time equally between multiple tiles within one 8 h time 
period the tile they appear latest in is chosen. This is then 
repeated at the following 8  h time period to produce 
a vector between two Bing tiles. The number of Face-
book users that produce the same vector between two 
time periods is summed to give a total number of users 
that moved between two Bing tiles across the same two 
8 h time periods. The Euclidean distance between these 
tiles is also provided. If less than 10 Facebook users are 
recorded as travelling across an individual vector the data 
is withheld by Facebook. In addition to the number of 
people moving between two tiles, a baseline value is pro-
vided for each tile to tile vector that crosses the privacy 
threshold. This is the average number of Facebook users 
that moved between two tiles in the same two adjacent 
time periods per weekday in the 45-day period up to and 
including 9th March 2020.

In order to examine changes in the movement of Face-
book users within the UK, we extracted tile level 12 data 
for movement of Facebook users. We aggregated this 
data to LADs and separated journeys into those mov-
ing between two different tiles in the same LADs (within 
LAD) and between two different LADs (between LAD). 
In addition, we aggregated the number of Facebook users 
who were present in the same modal tile between two 
adjacent time periods. Maintaining the two LAD journey 
types, we then calculated the total distance travelled by 
Facebook users by multiplying each tile to tile vector vol-
ume (flows) by the length between the two tiles. Each dis-
tance was then summed to give a total distance travelled 
between or within LADs. We then calculated the relative 
change in flows/distance travelled relative to the baseline 
number of Facebook users. A workflow for data inges-
tion, aggregation and analysis of the movement between 
tiles dataset is provided in Additional file 3: Methods S4.

Co‑location
Facebook co-location is the probability that two Face-
book users from different Pitney-Bowes administrative 
regions are present within the same level 16 Bing tile dur-
ing a random 5-min time bin over the course of one week 
(Table 1). A detailed description of the methods used to 
calculate the co-location of Facebook users can be found 

in [28]. In brief, to calculate this metric Facebook assigns 
users to the administrative unit where they are consist-
ently observed overnight, assumed to be their ‘home 
location’. Users that do not have a consistent overnight 
location are removed from the dataset. Facebook then 
calculates the total number of occurrences where two 
Facebook users from two different administrative regions 
were located in the same level 16 Bing tile during each 
5-min bin within a given week. This therefore provides 
a measure of co-location probability between those two 
regions. This probability can be summarised as the num-
ber of observed co-location events divided by the num-
ber of potential co-location events, and is normalised 
between 0 and 1 before sharing [28]. When providing co-
location probability, Facebook does not indicate where or 
precisely when co-location events occur. For example, the 
co-location rate for Southampton and London sums over 
co-location events that happen in Southampton, in Lon-
don and in all other administrative units to give a single 
value of co-location between Southampton and London.

In order to calculate the co-location probability of 
Facebook users within different UK regions, we matched 
Pitney-Bowes administrative regions to their NUTS 1 
region (Fig. 1c). For each NUTS 1 region, we calculated 
the weekly mean of the log-value of all co-location prob-
abilities where at least one of the Facebook users home 
locations was within that region. For example, the weekly 
mean log co-location value of Northern Ireland is the 
average log co-location value of all weekly co-location 
probabilities where one user’s home location was within 
an administrative boundary in Northern Ireland. For 
each NUTS level 1 region, this provides the probability 
of a Facebook user whose home location is within that 
region is co-located within a level 16 Bing tile with a 
Facebook user from a different NUTS level 1 region. A 
workflow for data ingestion, aggregation and analysis of 
the co-location dataset is provided in Additional file  3: 
Methods S5.

Changes in international travel
International travel pattern data consists of the daily 
number of Facebook users moving between different 
countries. To produce this, Facebook calculates the num-
ber of unique Facebook users with location services ena-
bled travelling from the origin to the destination country 
each day (date defined by UTC time zone). For data to be 
provided by Facebook, a minimum of 1000 unique Face-
book users is required for each country pair.

To determine weekly changes to international travel, 
we extracted all journeys originating from and ending 
in the UK. We then determined the ten countries with 
the highest travel volumes for travel to and from the UK 
respectively. Values of change in travel volumes were 
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calculated relative to the highest mean weekly movement 
observed across the study period. This was calculated 
separately for travel in and out of the UK (Highest mean 
weekly movement out: UK—Ireland, week commenc-
ing 10th August 2020; Highest mean weekly movement 
in: Spain—UK, week commencing 10th March 2020). A 
workflow for data ingestion and analysis of the interna-
tional travel pattern data is provided in Additional file 3: 
Methods S6.

Results
Analyses show substantial changes in mobility patterns 
over the course of the March 2020—March 2021 period, 
with strong regional and international differences. Here 
we present summary findings from the analysis of Face-
book user data, with additional outputs and analyses pre-
sented in Additional file 3.

Figure  1 shows percentage changes in flows and dis-
tances travelled by Facebook users over the study period, 
broken down by NUTS level 1 regions for journeys end-
ing between the 08:00–16:00 period. It highlights some of 
the substantial impacts that the pandemic and mitigation 
restrictions had on mobility across the country, with sub-
stantial changes seen relative to the baseline period (the 
45  days up to and including 9th March 2020). Figure  1 
suggests that the first national lockdown had the largest 
impact on population mobility, with both the percent-
age change in flows and distances travelled decreasing 
by about 75%. While the second and third lockdown had 
minimal impact on the percentage changes in flows and 
distances travelled, it slightly reduced the fluctuation in 
mobility patterns. The second lockdown appears to have 
had the smallest impact on population mobility as mobil-
ity during the period remained similar to the levels just 
prior to it. Little evidence is seen in Fig. 1 of changes to 
mobility patterns due to the regional restrictions put in 
place in the East Midlands and North West in England 
over the 2–3 months prior to the second lockdown, with 
both of those regions showing very similar patterns to 
those areas not put under such restrictions.

The patterns of percentage change in distances travelled 
and percentage change in flows for weekdays (Monday 
to Friday) during the daytime (08:00–16:00) are almost 
identical. Over the period of the first lockdown, as indi-
cated by the shaded region, a substantial drop in percent-
age changes for both flows and travel distance is seen. As 
restrictions for the first lockdown ease, a gradual increase 
is observed for both percentage changes in flows and dis-
tances travelled, with fluctuations in between. Unlike the 
first lockdown, there was not a significant decrease in 
percentage change in flows and distances travelled across 
the second lockdown. It is apparent that there was little 
change in distances travelled and population movement. 

In late December 2020, there was a sudden drop in per-
centage change in flows and distances travelled prior to 
the third lockdown; this may reflect the differing travel 
patterns over the Christmas holiday period, with a per-
centage drop of 87% on 25th December and above 75% 
for most of the 24–29th December period. Over the third 
lockdown, population movement was stable, similar to 
the second lockdown.

Figure  1 also shows that administrative units within 
the London region typically show the largest deviation 
from general patterns. While most regions have higher or 
similar flows and distance travelled to the baseline period 
(i.e. closer to a percentage change of zero), the London 
region has a much lower percentage change for most of 
the study period. As well as this, across the study period, 
Wales displays patterns in movement and travel similar 
to the other regions. However, over the second lockdown, 
Wales displays the greatest percentage change for both 
flows and distances travelled. Finally, Scotland does not 
follow the occasional dips in percentage change in flows 
and distances travelled with the other regions.

Panels A and B in Fig.  2 show that both percent-
age changes in flows and distance travelled within local 
authority districts (LAD) and between LAD over week-
days are very similar throughout the study period. 
Very much like Fig.  1, the largest decrease in percent-
age changes is observed over the first lockdown. Small 
changes over the second lockdown are seen and there 
were large decreases prior to the third lockdown. Over 
the second and third lockdown period, both percent-
age changes in flows and distances travelled were gener-
ally constant. Journeys that were between LAD showed 
slightly lower percentage changes compared to journeys 
within LAD.

Panels C and D of Fig. 2 show how changes in flows 
and distances vary by period of the day. Changes in 
both human mobility and distances travelled for the 
GMT time periods 08:00–16:00 and 16:00–00:00 
showed similar patterns with 08:00–16:00 having a 
slightly lower percentage change in both flows and dis-
tances travelled. The 00:00–08:00 period shows some 
strong variations, which converge with the patterns 
of the other two time periods for the rest of the study 
period after the second lockdown period. The Figure is 
impacted strongly by the shift to British Summer Time 
(BST) between 29th March 2020 and 24th October 
2020, where the 8 h time periods changed to represent 
01:00–09:00, 09:00–17:00 and 17:00–01:00. This meant 
that the 00:00–08:00 GMT period switched to repre-
sent 01:00–09:00 BST, and therefore captured a greater 
amount of commuting/school-related travel, diverging 
from the other two periods during BST and producing 
a more pronounced ‘zig-zag’ fluctuation pattern, when 
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compared against GMT baseline periods. Nevertheless, 
the fluctuations for weekends and national holidays 
remain apparent throughout, with stronger impacts 
during the nighttime/early morning period apparent, 
due to the lack of commuting and school-related travel.

Figure  3 examines trends in co-location probabili-
ties by NUTS level 1 regions over the study period. The 
general pattern here shows similarities to Figs. 1 and 2, 
but also with notable differences. Unsurprisingly, co-
location probabilities were substantially lower through-
out most of the study period than those in early March 
prior to restrictions. Each lockdown was associated 
with drops in probabilities, though generally the drops 

for lockdowns two and three were not as substantial or 
low. However, the impact of the lockdown restrictions, 
especially for periods two and three, are more evident 
in co-location than mobility measures. Except for early 
March 2020, the summer and Christmas holiday peri-
ods consistently had the highest probabilities.

While for most of the observed dates, all the NUTS 
level 1 regions of the UK exhibit similar co-location 
trends, Northern Ireland showed the lowest probabili-
ties compared to the other regions, whereas the region 
consistently highest was London. Similar to the obser-
vations from Figs. 1 and 2 above, during the lockdown 
periods changes tended to be minimal, but with gradual 
increases seen.

Fig. 2 Percentage changes in A, C daily movement (flows) of Facebook users and B, D total distance travelled on weekdays between March 10th 
2020 and March 9th 2021. A, B show the changes corresponding to different journey types (between and within UK local authority districts). C, D 
show the changes corresponding to all journeys across adjacent 8 h time periods. Time period shown represents the second time period, where the 
journey ends. The change is relative to a pre-COVID baseline (see Methods for details). See Additional file 3: Fig. S4 for changes to weekend flows 
and distances
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Figures  1, 2, 3 highlight changes that occurred over 
time and regionally in relation to the mobility and co-
locations of Facebook users. In particular, the London 
region was highlighted as an outlier and Figs.  1 and 2 
emphasise the switch that occurred across the country in 
terms of increasing local movements over long distance 
travel. Figure 4 shows patterns of Facebook user densities 
at fine spatial scales for London and its surrounding area 
for four time periods.

Regional population density for all regions excluding 
London generally increased or remained similar to the 
pre-COVID baseline during the first lockdown (Addi-
tional file 3: Fig. S1). However, increases in population 
density were not observed during lockdown two and 
three (Additional file 3: Fig. S1) where regional popula-
tion density was generally lower than the pre-COVID 
baseline. London however showed large decreases in 
population density during lockdown one, and remained 
consistently lower than other regions (Additional 
file  3: Fig.  1). Within London, there were notable dif-
ferences in the tile densities of Facebook users. Dur-
ing the first lockdown, central London showed large 
decreases, of the order of 80–90% in the population 
of Facebook users relative to the pre-COVID baseline 
period. In the more residential areas outside central 
London, increases in the relative number of Facebook 
users were observed (Fig.  4A). During summer 2020 
and throughout lockdown two and three the relative 
population density of Facebook users in central London 

remained lower than the pre-COVID baseline, however 
the increase in areas outside of central London was not 
as large.

The pandemic and mitigation measures extended 
beyond local restrictions to international travel as 
well, with a set of recommendations and restrictions 
implemented by the UK and destination countries. Fig-
ure 5 shows the major effects that these domestic and 
international travel guidelines and restrictions had on 
movements of Facebook users into and out of the UK. 
Changing restrictions across the study period lead to 
major fluctuations in travel patterns, with some coun-
tries showing substantial increases in traveller num-
bers followed by rapid decreases as restrictions were 
imposed.

Across the first lockdown in March 2020, travel to and 
from all observed countries was greatly reduced. Fol-
lowing a relaxation of restrictions across the UK sum-
mer period (June–August 2020), travel to common 
holiday destinations such as Spain, France and Greece 
increased. In late July and August 2020, an increase in 
travel back into the UK from Spain, France and Greece 
can be observed from the top panel of Fig. 5, potentially 
indicating holiday-makers returning in a hurry before 
restrictions are implemented. However, relative travel to 
and from many countries such as Germany and the Neth-
erlands remained low across the study period. Over the 
study period, travel to and from Ireland was consistently 
higher than the other countries.

Fig. 3 Weekly average log co-location probabilities for Facebook users whose home location is within different UK NUTS level 1 regions and an 
average across all UK regions. Data included between March 10th 2020 and March 9th 2021. Summary statistics for each region are provided in 
Additional file 3: Table S1
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Discussion
The COVID-19 pandemic has altered population mobil-
ity patterns globally since March 2020, and has likely 
resulted in some permanent shifts in commuting and 
international travel. Understanding these will be impor-
tant for designing future pandemic preparedness and 
mitigation strategies, and the past year has highlighted 
the wide range of digital data sources that exist to aid this 
[17–19]. Here we have explored what one of those data 
sources can tell us about changes that occurred across 
the UK in response to the pandemic and the policies 
implemented to mitigate its impacts.

The analyses presented here reveal heterogeneities 
across time and space in terms of changes to the travel 
patterns of Facebook users over the March 2020—2021 
period, as well as some of the heterogeneities that exist 
within the UK in terms of population geography and 
behaviours. Compared to the 45-day period prior to 10th 
March 2020, it is clear that travel over relatively long dis-
tances between regions dropped substantially, particu-
larly in the week prior to the implementation of the first 
lockdown, and during the first lockdown where travel 
flows were as much as 80% lower. This was not matched 
by movements over shorter distances, which, while 
reduced from normal levels, became more dominant as 
people remained within their local areas. Interestingly, 

flows and distance travelled appeared to be strongly 
related in Fig. 1 throughout the study period. This could 
be due to the disclosure limits applied by Facebook 
that reduces the inclusion of longer journeys as they do 
not meet the user threshold. This reduces the variation 
in journey lengths within the study and therefore any 
increase in flows would result in a similar increase in dis-
tance travelled. However, as the UK opens up and there 
is an increase in the number of Facebook users taking 
longer journeys, it is possible that these metrics become 
increasingly decoupled. Flows, distances travelled and co-
location probabilities remained remarkably stable within 
each of the three ‘lockdown’ periods defined here, though 
clear increases in mobility patterns are seen in March 
2021. The impact that each lockdown had on differences 
relative to the baseline period however were very dif-
ferent, with the second period resulting in only around 
20–30% reduction in travel flows and distances generally 
compared to those of 60–70% in the first period. Figure 3 
is revealing though, with each lockdown period exhibit-
ing a more marked drop in co-location, and thus showing 
the desired impact of such interventions in reducing con-
tacts. Co-location probabilities showed a peak for many 
regions over the Christmas period, and was likely a con-
tributing factor to the growth of the major wave of infec-
tions seen from January 2021.

Fig. 4 Relative changes in the average population density of daytime Facebook users within London under different mobility restrictions. A 
Lockdown one (05/04/2020–12/05/2020). B Summer 2020 (05/07/2020–31/08/2020). C Lockdown two (05/11/2020—01/12/2020). D Lockdown 
three (05/01/2021–08/03/2021). Time period is between 08:00—16:00 UTC. Data does not coincide with the beginning of lockdown one as data 
collection did not commence until 05/04/2020. The change is relative to a pre-COVID baseline (see Methods for details)



Page 10 of 13Shepherd et al. International Journal of Health Geographics           (2021) 20:46 

Local and regional differences were evident through-
out the analyses. Though partially a function of where 
borders between regions were drawn and assumptions 
of heterogeneity within these regions, London remained 
an outlier throughout, with the largest reductions in 
travel flows and distances, but smallest reductions in co-
location probabilities. Figure  4 highlights the extremes 
experienced in the region, with central London showing 
consistently lower densities throughout as workers, shop-
pers and tourists stayed away. In contrast, outer London 
showed substantially higher daytime densities, as work-
ing from home and local travel took over. While little evi-
dence was seen for differing mobility patterns in regions 
of England under local restrictions, the other nations 
of the UK where types and timings of restrictions often 
differed to a degree, exhibited some strong variations 
compared to English regions. Scotland and in particular 
Northern Ireland maintained lower co-location prob-
abilities throughout much of the study period, suggesting 

that the restrictions put in place in these nations poten-
tially were more successful in reducing contact rates. 
Internationally, Fig. 5 paints a picture of unprecedented 
fluctuations over short time periods, as the UK govern-
ment and those overseas wrestled with balancing the 
reopening of international tourism and business with the 
clear risks of infection importation [5, 33, 34].

A major source of uncertainty in translating the find-
ings of the analyses presented here to population-wide 
inferences is the limited data on potential biases. While 
Facebook usage, smartphone ownership and use of loca-
tion-enabled services has grown over the past few years, 
privacy restrictions mean that biases remain challeng-
ing to quantify, with the data potentially skewed towards 
younger and middle-aged groups, and not capturing the 
movements of children or the elderly. While there are 
likely biases in the data analysed that prevent conclusive 
inferences on population level insights, recent analyses 
have highlighted strong correlations with demographic 

Fig. 5 Weekly relative movement of Facebook users travelling A out of, and B into the UK for the 10 countries with the largest travel volumes 
across the study period. Gaps in the data represent periods where less than 1000 Facebook users travelled between the UK and another country. 
Movement is relative to the highest weekly movement in and out of the UK observed during the study period
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variables from census-based data [12], giving confi-
dence in its representativeness within the UK. Moreover, 
the patterns observed match those seen in alternative 
data sources [15], and an ongoing area of future work is 
focussed on measuring these biases and extending data-
set inter-comparisons. This will include the integration 
and comparison of data from call detail records with 
smartphone location history (e.g. [5]), as well as examin-
ing associations with mobility data derived from surveys, 
census and other more traditional sources (e.g. [35, 36]).

Another source of uncertainty arises from the lack of 
matching 2019 comparison data. UK population mobil-
ity patterns change significantly throughout a typical year 
(e.g. [37]), and therefore, comparisons to a 45 or 90-day 
baseline period prior to March 10th 2020 do not pro-
vide a full picture of the extent of deviations from ‘nor-
mal’ patterns at each time of year. Moreover, changing 
Facebook usage throughout the study period may have 
impacted findings. The lockdown periods when people 
were often confined to their homes lead to a greater use 
of the internet, and social media in particular [22, 38]. 
This may have led to different segments of the population 
being recorded in the data more often during different 
periods, and more movements captured in the lockdown 
periods. The differential privacy algorithms implemented 
by Facebook [19] meant that varying levels of detail could 
be captured, which was a function of population and 
Facebook user densities. For example, Fig.  4 showing 
detailed changes for London was not possible to produce 
for much of the UK where population densities were low, 
and subjective decisions were required on the scales of 
analyses undertaken and presented. The impacts of these 
aggregations are difficult to assess without alternative 
datasets to compare against, or breakdowns by demo-
graphics. Such aggregations mean assumptions about 
homogeneity of populations within areas are unavoid-
able. Ideally, breakdowns by factors such as age, income 
and ethnicity would provide valuable insights into the 
impacts of aggregations and how patterns vary by group. 
This is the focus of future work where sample and sur-
vey data are available and the demographic breakdowns 
of phone derived mobility data exist. Finally, the regional 
insights are subject to the modifiable areal unit prob-
lem [39], whereby results are likely to be sensitive to the 
boundaries used.

Despite inherent uncertainties in the data and limita-
tions of the analyses outlined above, the value of the 
data and insights generated from them has been evi-
dent through the interest, collaborations and use by the 
UK Office for National Statistics (ONS), Cabinet Office, 
Department for Transport and Joint Biosecurity Centre 
(JBC) throughout the pandemic. Relative change met-
rics from the movement patterns and densities, as well 

as co-location metrics are provided weekly to the ONS 
to feed into regular reports requested by government 
ministries, as well as modelling coordinated by the JBC. 
Further, the unique, detailed and timely insights that 
the data and analyses provided led to their use by ONS 
in comparing behaviours and economic activity during 
lockdown [40], monitoring population density changes 
in coastal towns [41], and a range of other internal appli-
cations in the provision of evidence to support decision 
making (42). Finally, delays in processing and assembly of 
inbound and outbound international traveller statistics at 
a time when rapid decisions on travel restrictions were 
needed, meant that the Facebook derived international 
travel metrics, which could be produced daily, were pro-
vided to the Cabinet Office and used as part of internal 
briefing reports.

Conclusions
The COVID-19 pandemic continues to be an unprec-
edented event in terms of numbers of people impacted 
around the World and changes to lifestyles. It is also 
unprecedented in terms of our abilities to observe and 
quantify many of those impacts through new ‘big’ digi-
tal datasets. Here we have shown what can be obtained 
through one of these data sources. While the data from 
Facebook are imperfect, valuable insights into how UK 
populations reacted to different interventions have been 
uncovered and used to inform government decision mak-
ing. These emphasise the potential of such sources in 
providing evidence to guide strategies in near-real time 
and support future pandemic planning, and the value of 
data sharing by tech companies.
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