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Abstract
This paper provides an analysis of working from home patterns in England using
data from the 2021 Census to understand (1) how patterns of working from home
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provide a reliable proxy for WFH patterns recorded by the 2021 Census, providing
a formal evaluation of the reliability of such datasets, whose applications have
grown exponentially over the COVID-19 pandemic. We find that WFH patterns

recorded by the 2021 Census were unique compared with previous UK censuses,
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reflecting an unprecedented increase likely caused by persistent changes to
employment during the COVID-19 pandemic, with a clear social gradient
emerging across the country. We also find that Google mobility in ‘Residential’
and ‘Workplace’ settings provides a reliable measurement of the distribution of
WFH populations across Local Authorities, with varying uncertainties for mobility
indicators collected in different settings. These findings provide insights into the
utility of such datasets to support population research in intercensal periods,
where shifts may be occurring, but can be difficult to quantify empirically.
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1 | INTRODUCTION

1.1 | Context

The 2021 UK Census was collected on 21 March 2021 during a period of unprecedented societal disruption caused by
the COVID-19 pandemic and associated non-pharmaceutical interventions (Trasberg & Cheshire, 2021). These interven-
tions included stay at home orders, limits on travel, and social distancing guidelines for out-of-home contacts (Deole
et al., 2023; Institute for Government, 2022), as well as the closure of ‘non-essential’ businesses, and introduction of a
furlough scheme to support workers temporarily prevented from working due to government restrictions (Clark, 2021).
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For other employees, such as office workers, the UK government recommended working from home where possible,
which was facilitated by remote working technologies (Al-Maroof et al., 2020; Song et al., 2022), and widely adopted
by employers (Office for National Statistics, 2022). These changes to work from home (WFH hereafter) patterns are
likely to persist beyond the end of the COVID-19 pandemic. Although the degree of this persistence remains unknown
(Deole et al., 2023), previously published research has utilised a wide pool of novel data sources to quantify changes in
mobility as a result of COVID-19 disruptions (Ballantyne et al., 2022; Gibbs et al., 2022; Rowe et al., 2023; Trasberg &
Cheshire, 2021). This raises the question as to whether these mobility datasets can be an effective replacement for official
statistics in the intercensal period.

The way that WFH patterns have changed in response to the COVID-19 pandemic is likely to have implications for
the prosperity of cities and urban areas, requiring adaptations in planning and design to support their role in society. For
example, an increase in remote working may create urban transportation challenges through modifications to typical
commuting patterns, including expected declines in public transit ridership (Credit & Arnao, 2022). Furthermore, given
the large body of work that has cited a decline in the economic vitality of inner cities and lower occupancy of office space
during the pandemic (Rowe et al., 2023), there is further evidence to suggest their recovery is geographically uneven
(Blundell et al., 2020), with ensuing implications for increasing levels of WFH in terms of the planning of residences and
workplaces to provide suitable employment opportunities (Angel et al., 2022). Understanding these patterns, and how
the WFH patterns measured in the census compare to novel mobility datasets, will help to inform future approaches to
measuring WFH patterns and contribute to understanding of the economic and social impact of COVID-19.

1.2 | Measuring WFH behaviours—the decennial census

Conducted every ten years, the England and Wales Census provides a ‘gold standard’ for understanding the characteristics
and distribution of the population (Catney et al., 2023), to a level that is unrivalled in other datasets, particularly when
examining population migrations between decennial censuses (Lomax, 2022). The release of the latest 2021 Census
provides opportunities for researchers and policy analysts (UK Data Service, 2021), particularly those who seek to
understand how the population has changed over the last decade (Catney et al., 2023). However, the 2021 Census also
represents a unique opportunity to better understand the impact of COVID-19 on the UK population (Catney et al., 2023).
The need for granular insights about changing WFH behaviours remains particularly pertinent, as many argue that the
2021 Census provides a distorted snapshot of the population at an unrepresentative time (Savage, 2021). Scotland has
even postponed their census for a year to minimise these uncertainties (Dorling, 2021).

Until the release of the 2021 Census, capturing reliable information on WFH during the COVID-19 pandemic was
difficult, if not impossible, with the available sources of data (i.e., employers were not asked to report, nor does such
granular employment data exist). The census records information about peoples’ work and commuting behaviours, in-
cluding small area statistics detailing the amount of people that work mainly at or from home. Historically, these em-
ployment statistics have been used to support transport planning and regional development (Coombes, 2002; Rae, 2017).
However, because the 2021 Census happened during the COVID-19 pandemic, the census collected unique and concrete
information about WFH behaviours in the English and Welsh populations. The census also allows an additional oppor-
tunity to validate much of the work concerning changes in mobility and WFH during the pandemic which were largely
undertaken using new forms of (proxy) data (e.g., GPS derived mobility data). Such data were often used to accurately
capture the mobility of populations during the pandemic by policy makers and researchers with little understanding of
how accurate they were.

1.3 | Estimating WFH behaviours—Google Community Mobility Reports

Prior to the 2021 Census and in the context of WFH, human mobility data collected from technology service providers
including Apple, Google, CityMapper, and Waze were used as a key resource for estimating travel activity, population
redistribution, and evaluating the success of government restrictions. Epidemiologists and human mobility research-
ers used publicly available mobility indicators from commercial service providers to estimate the spread of COVID-19
infections, and to monitor adherence to stay-at-home orders (Badr et al., 2020; Bergman & Fishman, 2020; Jacobsen
& Jacobsen, 2020; Trasberg & Cheshire, 2021). The national government and local governments in England also
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used these indicators to predict economic recovery following the lifting of pandemic restrictions (Greater London
Authority, 2022; Office for National Statistics, 2021; Open Data Bristol, 2020). While these data provided valuable
near-real-time measurements of behavioural changes, mobility data collected as a side effect of other commercial
services include uncertainties in the data generation process regarding the size and representativeness of the sample
of individuals from which these data were collected (Buckee et al., 2020; Grantz et al., 2020; Wesolowski et al., 2013).
Research has identified biases in aggregated measures of mobility, relating to the demographics of users of certain
applications which generate the data, as well as the negative biases for specific regions and locations where these data
do not remain stable over time (Ballantyne et al., 2022; Coston et al., 2021; Dodge & Nelson, 2023). There is also evi-
dence of variation in the relationship between aggregated human mobility indicators and the incidence of COVID-19
for data collected in urban and rural areas, likely reflecting varying qualities of data underlying aggregated measures
(Kishore et al., 2022).

Despite the limitations and uncertainties inherent in aggregated measurements of human mobility, these data served
as a crucial means of measuring responses to the COVID-19 pandemic, including adherence to social distancing mea-
sures and the transition to WFH. The timing of arrival and the rapid spread of infection meant that there was little offi-
cial information available to guide government policy responses, or to understand rapid behavioural changes caused by
successive government interventions (Grantz et al., 2020). To fill this informational gap, mobility data from technology
service providers were used to measure near-real-time changes in WFH and other social distancing behaviours. While
mobility data were a key source of information during the early pandemic, the degree to which such aggregated measure-
ments of mobility correspond to those behaviours driving longer-term patterns of WFH is debatable. The extent to which
these new forms of data can support research in the intercensal period remains unknown.

1.4 | Objectives and paper overview

We analysed geographical patterns of WFH recorded in the 2021 Census, and assess their relationship to the estimated
number of WFH individuals derived from indicators of human mobility, collected by Google in different environmental
settings. Additionally, we considered whether aggregated measures of human mobility can be used in the future to reli-
ably predict WFH patterns. To do so, we pursued the following four objectives:

1. Explore the geography of WFH as recorded by the 2021 Census.

2. Assess the suitability of mobility data for triangulating WFH patterns reported in the 2021 Census.

3. Compare WFH changes presented by mobility data and census statistics, specifically in relation to the characteristics
of Local Authority Districts (LADs).

4. Explore the potential to predict WFH patterns beyond the date of census data collection.

2 | METHODS
2.1 | Measuring WFH behaviours from the decennial census

Census data were obtained for England for three decennial censuses (2021, 2011 and 2001), at Local Authority District
level (LAD hereafter) to align with the geography of available mobility data (Google). In all years, the census has asked
about travel to work behaviours, with people, who have fixed workplaces, answering what their primary method of travel
to work is, from a range of options including ‘driving a car or van’, ‘on foot’, ‘train’ or ‘work mainly at or from home’.
For each year, the total number of people who answered ‘work mainly at or from home’ were extracted, and converted
to a proportion of the total population in that LAD. This measure assumes a constant denominator by accounting for
the number of people who reported this answer, relative to the total population in each LAD (Rae, 2017). However, a
major challenge when working with longitudinal data at LAD level is local government restructuring (Lomax, 2022),
which results in alterations to the size and boundaries of LADs. For example, prior to 2019, ‘Dorset’ comprised eight
geographical areas that were merged into two, similarly Northamptonshire went from seven to two areas in 2021 (Office
for National Statistics, 2023b). The effect of this was limited owing to unavoidable limitations in the aggregation of
Google Community Mobility Reports to LAD level.
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2.2 | Estimating WFH behaviours from Google Community Mobility Reports

Mobility data were obtained from Google Community Mobility Reports. These data were released between 15 February
2020 and 15 October 2022, describing changes in rates of mobility across different settings, and corresponding to
LADs in England (Google, 2021). The sub-national units of aggregation were proprietary and defined by Google.
However, researchers at the UK Office for National Statistics Data Science Campus created a lookup between the
proprietary areas and recognised LADs (Office for National Statistics, 2023a). Despite this alignment, there were
some unavoidable discrepancies between proprietary Google boundaries and 2019 LADs (Supporting Information
Section 1: Appendix S1).

Data were collected from Google Maps users who opted into sharing their Location History with Google and allo-
cated to six different settings: Residential, Workplaces, Transit Stations, Retail and Recreation, Grocery and Pharmacy,
and Parks. Given the proprietary nature of such data, there are no publicly available metadata on the specific features
of locations that comprised each setting. Also, the data comprised two different sets of human mobility measures. The
first measures aggregate changes in the quantity of time that individuals spend in a Residential setting. The second set of
indicators for other settings provide a count of the number of visitors to locations categorised as each setting. These two
sets of measurements are not directly comparable because duration is bounded by the maximum length of a day, while
the count of visitors is unbounded.

Mobility in each setting (e.g., Residential) and LAD (e.g., Camden) was reported as a relative change from baseline
calculated in the fourweeks prior to the release of the dataset, from 3 January to 6 February 2020 (Google, 2021).
This choice of aggregation methodology prevents the disclosure of personally identifiable information, by obscuring
information on the number of individuals contributing data to a specific measure. However, the use of a relative
change from baseline (represented as a percentage) also raises challenges when comparing trends to the census WFH
statistics, because Google mobility represents a change from a district- and setting-specific baseline which varies
across districts.

2.3 | Comparison of census and mobility data WFH estimates

We modelled the relationship between the proportion of the population WFH as measured in the 2021 Census and
the relative change in mobility measured by Google in individual LADs for different settings. Given that the census
WFH data is a collection of estimates that represent the proportion of WFH individuals in the week prior to the
census, we sought to extract a representative sample of the mobility data for comparison to the census. We therefore
calculated the average weekday mobility within each setting in the fourweeks prior to the date of the census, on
the heuristic assumption that individuals reporting WFH patterns are more likely to work on weekdays than on
weekends. This may introduce bias towards populations that regularly work on weekdays compared with those
with variable working schedules. We provide the results of a sensitivity analysis of this assumption in Supporting
Information Section 3: Appendix S1.

We then constructed a simple linear model (Equation 1) relating the proportion of WFH in each LAD as provided by
the 2021 Census to the average relative change in activity in each setting as provided by the Google mobility data (see
Equation 1). The purpose of this model is to provide an estimate of the change in the WFH proportion expected in indi-
vidual LADs based on an observed change in mobility in a particular setting.

y =Normal (a + f*x;,0) 1)

where y is the proportion of WFH individuals in each LAD, a is the model intercept, and Xx; is the relative change in
mobility in setting k. f describes the model slope and o is the standard deviation of the predictive distribution.

We fit each model in the Bayesian framework ‘Stan’ (Biirkner, 2022; Stan Development Team, 2023), specifying
prior distributions for coefficients as simple normal distributions, Normal (0, 1). The posterior predictive distribution
is specified as a simple normal distribution truncated between 0 and 100. We assessed model convergence using
the Gelman-Rubin statistic (IAQ) =1 and bulk and tail effective sample sizes > 10,000 for each coefficient (Gelman
& Rubin, 1992). Details of the model fitting and convergence diagnostics are provided in Supporting Information
Section 4: Appendix S1.
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2.4 | Comparison of WFH changes in mobility data and the census

To ascertain and confirm the nature of the relationship between census WFH statistics and Google mobility data, we
considered how this translates into trends between individual LADs across England (see Section 3.4). For each LAD
we calculated how WFH populations have changed from the 2001 Census to the 2021 Census, whilst for the Google
mobility estimates we extracted the total difference in mobility on census day when compared with the same date in
2020. To unpack whether differences in WFH can be attributed to differences in socioeconomic characteristics between
areas, additional ancillary datasets were used. Deprivation data for LADs (Ministry of Housing, Communities and Local
Government, 2019) and the 2011 Local Authority rural-urban classification (Department for Environment, Food, &
Rural Affairs, 2014) were joined onto the values of WFH for each LAD to enable exploration of differences in WFH
behaviours between LADs with different characteristics.

2.5 | Forward projection of WFH estimates

After modelling and exploring the nature of the relationship between WFH estimates from the census and Google mobility
data, we assessed whether the Google mobility data could be used to make viable predictions about future changes in
WFH populations after the census date. As in Section 2.2, data in the fourweeks prior to the census were used to fit the
model. We then applied the model of mobility in the Residential setting fit according to the procedure in Section 2.3 to
predict the WFH proportion in three time periods—three, six, and nine months after the census. We applied the model
to the four-week average weekday mobility in areas Google labelled ‘Residential’. There are no official data on WFH
patterns beyond the census date. Therefore, it is not possible to assess the predictive validity of the model on time periods
after the census. However, we highlighted areas where the model produces improbable estimates of WFH (such as LADs
where WFH was much higher than reported in the census), indicating areas of instability in the model predictions, likely
caused by variations in the quality of the Google mobility estimates.

3 | RESULTS
3.1 | Census 2021 WFH statistics

Figure 1 shows the proportion of people who identified as WFH in each census, where each dot corresponds to an
individual LAD. What is apparent is that WFH behaviours remained relatively stable between the 2001 and 2011
Census, with LADs reporting an average value of 4.5% (2001) and 5.3% (2011) of the total population. This is different
from those WFH behaviours reported in the 2021 Census, where an increase in the proportion of WFH is seen for
all LADs, for example, the average value for LADs in 2021 was 14.7% (Figure 1). WFH trends are however most
interesting when unpacking the geographical distribution of LADs. The majority of those LADs with the highest
numbers of WFH can be found in London (e.g., Islington, City of London). Office for National Statistics (2021)
described these differences as a result of differences in employment, specifically related to the types of occupations
and industries found within London.

We examined how the level of deprivation in each LAD related to WFH, as previous research has demonstrated social
inequalities in who could and could not WFH during (and after) the pandemic (Trasberg & Cheshire, 2021). The individual
dots in Figure 1 were coloured by deprivation quintile. There is a clear deprivation gradient in WFH behaviour with more
deprived LADs being more likely to experience lower prevalence of WFH, whilst WFH was more common in the least
deprived LADs. Whilst this pattern occurs across the three censuses, the latest 2021 Census sees a widening of the distribu-
tion of WFH with an average increase of 12.8% for the least deprived quintiles compared with 8.2% for the most deprived
quintiles. The exception to these patterns is London, where the links between deprivation and WFH become less clear. As
discussed earlier, WFH was much more prevalent in London during the pandemic (Office for National Statistics, 2021), thus
while some of the most deprived LADs in England can be found in London (e.g., Lambeth), these areas are still character-
ised by specific occupations and industries that were best suited to WFH during the pandemic, hence the high values in
the 2021 Census. However, these differences in WFH populations between areas with differing industrial offerings remains
difficult to empirically quantify, as suitable data at LAD level is absent, hindering efforts to explore the true nature of this
relationship. The degree to which these changes are influenced by populations which are traditionally difficult to measure
in the census (such as young men or students), those temporarily living in a secondary residence, is also unknown.
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FIGURE 1 Historical changes in working from home (WFH), as defined by the census. Local Authority District (LAD) WFH
populations across the previous three censuses and specifically in London for 2021, coloured by deprivation quintile to highlight the social
gradient of WFH.

Figure 2 displays the absolute change in WFH for each LAD across England, highlighting that all LADs have ex-
perienced an increase in the WFH proportion. However, this increasing trend is spatially heterogeneous (Figure S1).
Inner city London has seen the largest growth in WFH, with City of London LAD recording the highest increase in 2021
(33%). There are also higher values surrounding London, appearing to reflect commuting patterns into London (Office
for National Statistics, 2020). LADs adjacent to other major cities have also experienced larger increases in WFH, such
as South Cambridgeshire, St Albans, Trafford and Warwick. By contrast, many rural areas across Cornwall and Devon,
East of England and the North of England experienced smaller increases in their WFH population. Such trends are likely
related to the mix of employment types and occupations within these areas (e.g., farming, manufacturing), which could
not be easily modified to be suitable for WFH.

3.2 | Human mobility and the timing of the 2021 Census

Figure 3 presents Google mobility data for different settings between February 2020 and October 2022. The data show
an abrupt response to the first national lockdown interventions, with an increase in the amount of time users spent in
Residential areas and a decrease in the number of visits to all other settings. This pattern is repeated in the two subse-
quent lockdowns (introduced in late 2020 and early 2021). While the second and third lockdowns were less stringent
than the first national lockdown, they resulted in clear behavioural responses that are reflected in the Google data. The
subnational trends in the Google mobility data mask variations in the level of activity across LADs (Figure S2). Broadly,
the national pattern of decreased activity during periods of lockdown interventions are reflected across LADs; however,
there are notable differences in the degree to which activity was reduced in Residential settings in the first lockdown
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FIGURE 2 Change in working from home (WFH) populations for Local Authority Districts (LADs) across England. The percentage
increase in population WFH in LADs between the 2011 and 2021 censuses.

period. For example, the increase in Residential activity varied between 23% and 42% during the height of the first na-
tional lockdown, and between —90% and —61% for Workplace activity. This heterogeneity, though reduced, also exists
around the census date, when the change in Residential activity varied from 6% to 11% and Workplace mobility varied
from —41% to —1% (Table S2).

3.3 | Modelling census WFH using Google mobility data
We modelled the relationship between the proportion of WFH individuals in each LAD and the average change in

weekday mobility activity in individual settings in the fourweeks preceding the census date. First, we explored the cor-
relation between the proportion of WFH individuals in LADs and change in mobility in each setting (Figure S3), finding
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interventions in England. The first and third lockdowns were ended in phases. The end of both shaded areas indicates the date of the
beginning of phased reopening of schools: first lockdown 1 June 2020, third lockdown 8 March 2021.

that activity in the Residential and Workplace settings was highly correlated with the proportion of WFH individuals
(R=0.93 for the Residential setting and R=0.86 for the Workplace setting). Mobility in other settings (Transit Stations,
Grocery and Pharmacy, and Retail and Recreation) had moderate association with the proportion of WFH individuals (R
between 0.35 and 0.53). Mobility changes in parks had no relationship with WFH (R=—0.07). We also found that certain
indicators had high covariance, meaning that they tended to be correlated with one another. Comparing the correlation
of mobility change in the Residential, Workplace, and Transit Stations settings with each other, we found that all com-
parisons had a minimum correlation of R=0.63.

We then modelled the relationship between the change in mobility activity in each setting and the proportion
of WFH individuals (Figure 4). We found clear relationships between the changes in activity in the Residential and
Workplace settings and the proportion of WFH individuals in LADs. Our model identified a model slope of 1.41
for Residential activity and —0.53 for Workplace activity (Figure S4, Table S3). These values indicate the amount of
change expected in the WFH proportion resulting from a 1% change in mobility in each setting. Our model predicted
relationships for all other settings between —0.32 and —0.23, except for the Parks setting, which was not able to pre-
dict any variation in WFH proportion based on changes in mobility. Mobility in the Grocery and Pharmacy setting
also appeared to have a predicted relationship similar to other settings (Retail and Recreation, Transit Stations)
largely due to a small number of outliers.

3.4 | Comparison of census and mobility change
In order to evaluate whether new forms of data can effectively capture underlying population changes between censuses,

we directly compared WFH behaviours, as recorded by the census and Google mobility data. From Section 3.3, Google
mobility data appear to align closely with census WFH estimates. However it is also important to consider whether
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FIGURE 4 Predictions of working from home (WFH) using mobility in different settings. The predicted relationship between the
proportion of individuals WFH in Local Authority Districts (LADs) and Google mobility in different settings. Shading indicates 99%, 95%,
80% and 50% credible intervals for regression models for each setting.

changes in WFH in both mobility data and the census were closely associated with the social and demographic char-
acteristics of LADs, to highlight possible explanations for differences in WFH across LADs. Figure 5 demonstrates that
increases in WFH as derived from the 2021 Census and Google mobility data (see Section 2.4 for calculation of change)
followed a linear pattern as in Figure 4; the LADs in England that experienced the greatest uplifts in WFH from the 2011
Census were also those to experience the greatest uplifts in time spent in residential areas when compared with pre-
pandemic levels. However, there are interesting differences when relating such changes to patterns of material depriva-
tion and rurality. For example, it appears that the least deprived and most urbanised LADs across England were those to
experience the greatest uplift in WFH, whilst those more deprived and mainly rural LADs were those that experienced
the smallest. There remains a question about the recording of Residential activity in rural areas and its impacts on these
trends, given existing literature illustrating the urban bias of mobility datasets (e.g., Ballantyne et al., 2022). However, by
presenting the change this way, accounting for both the 2021 Census and Google mobility estimates, the impact of such
bias appears to be minimal, as WFH changes in mobility data are closely associated with census changes. Furthermore,
this also provides support for the use of mobility data as a proxy for population mobility (Rowe et al., 2023), as we have
been able to evidence a strong relationship between the 2021 Census and Google Community Mobility Reports for exam-
ining the geographies of WFH. Our findings therefore suggest that new forms of data have the potential to generate new
insights in the intercensal period.
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FIGURE 5 Comparing working from home (WFH) changes between the 2021 Census and Google Community Mobility Reports.
Change in WFH is calculated for each Local Authority District (LAD), with change from 2011 to 2021 used for census estimates (top), and
change from census date and same date in 2020 used for Google mobility (bottom). LADs are coloured by deprivation decile and rural urban
classification to highlight area characteristics associated with greater increases.

3.5 | Forward projection of WFH patterns

Using the model from Section 3.3 of the relationship between WFH proportion and change in time spent in residential
areas, we predicted the WFH proportion in each LAD three, six and nine months after the census date (Figure 6). In the
first prediction, three months after the census, the model predicted far higher WFH proportions than measured in the
census. Many predictions were >5% compared with 10-20% in the census WFH data (Figure 1). Over time, the model
predictions decreased, likely reflecting a relative decrease in the proportion of WFH. However, considering the data
recorded in the census and the magnitude of changes in WFH patterns over the decades between 2001, 2011 and 2021,
we consider that, while the predicted direction of change in WFH may be accurate, the magnitude of these changes was
likely erroneous. The model used for prediction was fit for a specific period (coinciding with the date of the census) and
does not account for seasonal and random variations in the mobility data. These findings show that, while at a single time
point, Google mobility may be indicative of the relative differences in the WFH proportion across LADs, the data include
temporal variations that do not consistently reflect WFH behaviours over time. These variations must be accounted for
before these data can be used to reliably project WFH patterns beyond the census, suggesting that the potential of mobil-
ity data to supplement official statistics in the intercensal period might not be so certain.
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FIGURE 6 Prediction of working from home (WFH) proportion beyond the census. Predicted WFH proportion in individual Local
Authority Districts (LADs) 3, 6 and 9 months after the 2021 Census.

4 | DISCUSSION

This paper has provided an overview of how WFH patterns in England have changed relative to previous censuses,
how WFH patterns were influenced by the COVID-19 pandemic, and how novel forms of data can be used to estimate
WFH patterns. These insights have contributed new knowledge about the potential of new forms of data to capture
changes in the characteristics and behaviours of the population between censuses. First, we presented an overview of the
geography of WFH in England, noting the significant growth of WFH in the 2021 Census compared with 2001 and 2011.
We also highlighted interesting variations in the change in WFH, particularly in London. Second, we considered whether
Google mobility data could be used to triangulate trends observed with the 2021 Census, finding a clear correspondence
between census WFH data and activity in Residential and Workplaces reported by Google Community Mobility Reports.
Third, we examined the changes in WFH in relation to the socio-demographic characteristics of LADs, identifying
significant growth in WFH for the least deprived LADs across England, a trend that is less clear for London, where WFH
populations remained high. Finally, we considered the predictive potential of Google mobility data, finding that the data
were sufficient to predict the direction of change in WFH after the census, but that estimates of the magnitude of these
changes were likely not credible. This reflects the limitations of the modelling framework used in this paper, and invites
further research to account for seasonal variations in mobility data while predicting WFH patterns.

Our analysis shows that WFH has increased with the spread of WFH technologies during the COVID-19 pandemic as
well as the adoption of flexible working schedules by many employers (Office for National Statistics, 2021). While our results
show that the increase in WFH persisted into 2021, beyond the severe disruption of the first national lockdown, there remain
significant questions about how this trend will develop in the future. Our modelling results indicate that WFH is likely to have
decreased after the census date, but without validation data we cannot be certain of the accuracy of this prediction. If the rate
of WFH in England remains elevated, this will likely influence how local communities will adapt to lower levels of commut-
ing, which may limit the economic activity brought by office workers in central business locations, while increasing economic
activity in more residential areas. The increased quantity of WFH may also have impacts that vary by socio-demographic
characteristics such as deprivation. As we show in this paper, higher levels of WFH outside of London are associated with
lower socioeconomic deprivation. If WFH remains elevated in low deprivation areas, this may reinforce regional inequalities.
In contrast, UK national government planning is currently focused on decreasing such persistent regional disparities and it is
plausible that the new geography of WFH may complicate efforts to respond to longer-term structural inequalities (Blundell
et al., 2020; Department for Levelling Up, Housing and Communities, 2022).
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Whilst our paper has demonstrated the interesting associations between new forms of data and the census in exam-
ining the geographies of WFH in England, this analysis has limitations that must be considered. First, for new sources
of data to directly replace the census, reliable sources of mobility data are needed at high geographical resolutions for
comparison with census estimates on a range of different topics (e.g., population distribution, housing, ethnicity). This
is particularly necessary as in Section 3.1 we suggested that differences in WFH populations between LADs are likely to
be related to the types of industries and employment available in those areas, something we cannot empirically assess
without more granular mobility data. Also, exclusion of some English LADs due to discrepancies between Google and
census LAD boundaries meant that we were unable to ascertain the nature of these relationships for missing LADs (e.g.,
Northamptonshire), and for other countries such as Wales and Scotland, due to a lack of suitable mobility and/or cen-
sus data. It is also important to note that use of census data describing the ‘method of travel to work’ might not capture
movement of specific workers who do not have a fixed workplace (e.g., construction workers), thereby affecting direct
comparability with Google mobility reports, something which could be investigated by future research.

There are also limits to the Google mobility data, including the calculation of mobility change relative to a baseline which
removes information on the different quantities of activity across districts, and obscures information on the sample size con-
tributing to each indicator. Additionally, the mobility data contain variations which may represent changes in user behaviour,
rather than changes in activity (such as a lack of device usage around the holiday period in 2022). There is also an absence of
public information on the social and demographic characteristics of Google maps users, or the types of individual behaviours
represented by the Location Histories used to calculate aggregated measures of mobility. Our choice to calculate the average
change in weekday mobility may further bias our estimates of mobility towards individuals with regular work on weekdays,
which may bias mobility estimates towards certain socio-demographic groups. Finally, given the inclusion of two types of
mobility measures in Google Community Mobility Reports, each measure cannot be compared across all settings. A valid
comparison of each measure would require that both measures were captured in the same settings. Intuitively, we expect
that time spent in residential areas will be more predictive of WFH patterns, making it impossible to assess whether duration
spent in residences is a better measure of WFH behaviours compared with the number of visits to residences.

Perhaps the most important question this paper answers is whether new forms of data, such as mobility data from
providers like Google, can offer robust statistics in the intercensal period. As we have shown, through examination of
the spatial and temporal trends of increasing WFH behaviours during the pandemic, and over the last three censuses,
Google mobility data appears to provide a meaningful proxy measurement of WFH behaviours at the time of the census.
This is an important finding since it suggests that these new forms of data can capture underlying population changes.
At a time when the future of the UK census is being reviewed, these data may offer valuable population insights at a
significantly lower cost compared with the census (Lansley & Cheshire, 2018). With sufficient validation, aggregated
measures of human mobility could supplement, augment or even replace official statistics (especially if combined with
other administrative and survey data), and support research at a greater temporal resolution, instead of every 10years.
However, as demonstrated in Section 3.5, this is not yet feasible as forecasts of WFH behaviours beyond the census period
proved unsuccessful. More work is needed to better understand the implicit uncertainties within these novel datasets,
such as the lack of transparency regarding the characteristics of the individuals represented by the data, and how this
sample changes over time (Buckee et al., 2020). Whilst our research demonstrates that new forms of data are not yet
ready to replace the census, it provides evidence that these data still have a role to play, especially in intercensal periods
where changing trends are not known or visible. This invites future research which can more accurately characterise and
resolve the limitations of mobility data, thereby allowing their use to measure a range of social behaviours traditionally
measured by the decennial census (Rowe et al., 2023).
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