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1 Introduction

This paper provides new evidence on the disruption brought by the coronavirus (COVID-
19) pandemic to local labour markets in the U.K.. While a lot of attention has been
devoted to understanding the overall impact of the pandemic, research into geographic
variations has been scarce. McCurdy (2020) provided evidence from early in the pandemic,
showing unemployment increases up to April 2020 to be greatest in areas that already had
above average unemployment. This reflected the sectoral composition of labour markets
with hardest-hit areas often being those most reliant on tourism. Cockett and Wilson
(2021) show sectoral differences also in advertised vacancies. London was particularly
affected as vacancies dried up in office work, hospitality, leisure, tourism and aviation.

The rebound in advertised vacancies was, initially at least, not sufficient to match
the growth in unemployment, with the consequence that there were more unemployed
people for each opening than before the crisis. Again, there was considerable geographic
variation. Slackness tended to be higher in former industrial areas, coastal areas and inner
cities. London, which had a relatively tight labour market pre-crisis, has not bounced back
as strongly in this regard.

In this paper, we combine individual-level data from the Labour Force Survey (LFS)
with local authority-level data on vacancies, claimant unemployment and employment to
examine local labour markets and the extent to which they were affected by and then
appeared to rebound from the economic shock of the pandemic. The data and definitions
used in the paper are presented in section 2. In section 3 we use the quarterly LFS to
show high-level trends for regions or for areas defined by their population density. These
statistics are structured around the following questions:

• How has labour market tightness changed over time and how has this varied geo-
graphically?

• Are the geographical variations in mismatch between labour demand and supply
different for those with and without a degree?

• Are these trends reflected in the size of the workforce and earnings?

To focus more directly on how these trends arise, two-quarter longitudinal LFS is used
to compare quarter-on-quarter changes in employment status in 2020 with changes over
the same quarter in 2019 to explore the further question:

• How have individuals’ employment exits and entries changed under COVID?

In section 4, we estimate a spatial matching function to characterise the pre-pandemic
relationship between unemployment and vacancies. We allow for area-specific effects
which we view as capturing the underlying efficiency of local labour markets. We then
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incorporate this measure of efficiency in an individual-level estimation of labour market
states, distinguishing between employment, unemployment and economic inactivity. By
doing this, we provide an insight into the question of whether the labour market effects of
COVID-19 have been felt differently for those living in areas with a more efficient labour
market compared to those living in areas with a less efficient labour market.

2 Data and definitions

The analysis uses data from several sources:

• Vacancy data from Adzuna, an online job search engine that collates information
from thousands of different sources in the UK. These range from direct employers’
websites to recruitment software providers to traditional job boards, providing a
comprehensive view of current online job adverts. The information provided by
Adzuna forms the basis of the experimental job advert indices produced by the
Office for National Statistics (ONS).

• Alternative claimant count data downloaded from Stat-Xplore provides an estimate
of the number of claimants who would be required to look for work under Universal
Credit rules. The number of people with a claim ending in a particular month is
interpreted as representing the number starting a job in that month.

• The Labour Force Survey (LFS) is a household survey, with members of each par-
ticipating household interviewed in five successive quarters. It is the primary data
source for the production of labour market statistics.

While the quarterly LFS has been running since 1992, Adzuna data are only available
from 2018. Since much of the analysis focuses on the demand for labour as captured by
Adzuna vacancies measures, we concentrate mainly on the period 2018-2021.

Some manipulation of the data was required prior to analysis:

• In view of the focus on local labour markets, the natural geographic unit of analysis
is the travel to work area (TTWA). The Adzuna data were provided at the level
of the local authority district (LAD). These geographies are not compatible in the
sense that it is not possible to straightforwardly convert between the two. The
approach adopted was to merge LADs that fall within the same TTWA. LADs in
large conurbations that overlap many TTWAs were assigned to the TTWA with
which there was the greatest overlap. For simplicity, the resulting geographies are
referred to as local labour markets in the remainder of the report, despite not
mapping exactly onto the true TTWAs. For consistency, this geographic unit of
analysis was used across data sources (even in the case of the LFS, where TTWA is
observed).
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• To be able to link the weekly Adzuna data with the quarterly LFS, the weekly
vacancies counts were averaged over the quarter, with missing weeks excluded from
the averaging.

• The Adzuna data showed the number of vacancies by category and local authority.
Roughly 7% of vacancies could not be matched to a geographic area. The total
number of vacancies for each area was scaled so that the national total aligned with
that from the ONS vacancies survey.

• Adzuna categories represent sectors of the economy but do not map directly onto
standard industry or occupation categories. The categories were converted to 2-digit
SIC07 codes where possible, based on the name of the categories and the frequency
with which an industry falls within an Adzuna category.

• The longitudinal LFS provides neither LAD nor TTWA identifiers. To observe
individuals’ transitions at this geographical level, we make use of questions included
in the spring quarter of the quarterly LFS about circumstances one year previously.
These restrospective data cover employment status, industry and occupation for
those in work at this point and local authority of residence.

We construct several summary measures of the local labour market:

• the labour force is the sum of the employed and unemployed (alternative claimant
count) populations

• the unemployment rate is the number of unemployed divided by the labour force

• the vacancy rate is the number of vacancies divided by the labour force

• tightness is the vacancy rate divided by the unemployment rate (or, equivalently,
the number of vacancies divided by the number of unemployed).

3 Labour market trends and the COVID crisis

3.1 Labour market tightness

Figure 1 shows regional trends between 2018 and mid 2021 in labour market tightness.
Over this period, there has been an overall reduction, resulting in a convergence across re-
gions. East of England, London and South had the tightest labour markets pre-pandemic
and it was also these regions that saw the biggest slackening under COVID, with little
subsequent re-tightening.
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Figure 1: Local market tightness in UK regions
Source: authors’ computation based on the Adzuna data and alternative claimant count (Stat-Xplore),
2018-2021.

Figure 2 shows this same trend by type of area, defined using the ONS classification of
population density.1 Note that Scotland, Wales and Northern Ireland are not included in
the numbers as either their rural classification is different from the English one or in the
case of Wales, local authorities are too large to be classified since they include both rural
and urban components. The overall impression is broadly similar to the regional pattern
described above, although there is a somewhat narrower range of tightness. ‘Urban with
significant rural’ as well as ‘Urban with city and towns’ have the tightest labour markets.
As before, the impression is of a slackening under COVID, although it appears that this
was underway even before that point. The hierarchy remains broadly unchanged over time
except that, under COVID, it is the large urban conurbations where the labour markets
become most slack.

A reduction in labour market tightness can arise from either fewer vacancies or more
unemployed. Figure 3 shows both contributed to the reduced tightness under COVID.
Proportionately, the increase in unemployment exceeds the reduction in vacancies. This
increase is particularly great in Eastern, London, South East and South West regions.2

1See https://www.gov.uk/government/statistics/2011-rural-urban-classification.
2Note that some workers made a claim before knowing they would be on furlough or receive SEISS.

This overstates the increase in unemployment at the beginning of the COVID crisis. See Brewer et al.
(2020) for a discussion of the difficulties of measuring unemployment during the COVID pandemic. The
ILO unemployment figures tend to understate the unemployment level as people were discouraged from
looking for work due to the lockdown restrictions.
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Figure 2: Local market tightness V/U in English rural-urban areas
Source: authors’ computation based on the Adzuna data and alternative claimant count (stat-xplore),
2018-2021.

The reductions in vacancies are more uniform across regions. By April-June 2021, vacan-
cies in local areas in most regions had on average exceeded pre-pandemic levels, except
in London and the South East and Scotland. The behaviour of the claimant counts also
varies across region, increasing in London up to January-March 2021 whereas it decreased
more rapidly in East Midlands and the South West.

Figure 4 shows this by type of area. Again, it is unemployment that shows the greatest
change, with rural areas displaying the strongest increase. In all types of area, by 2021
the number of vacancies being advertised had exceeded the level at the start of 2020. The
COVID hike in unemployment remained essentially unchanged in urban areas, whereas it
decreased more in rural areas. This suggests that while rural areas were most affected at
the onset of the crisis, they were also quicker to recover.

3.2 Flows into and out of unemployment

To explore how the trends presented in the previous section arose, we use the alternative
claimant counts to display flows into and out of unemployment.

Figure 5 shows that London and the South East (East of England and the South
West to a lesser extent), which both had a large increase in claimant count at the onset
of the crisis and a smaller recovery in vacancies, display above-average flows into and
out of the claimant count. This high turnover is consistent with unemployment being of
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Figure 3: Vacancies and claimant counts per 1000 active inhabitants in UK regions,
indexed to 2020 quarter 1
Source: authors’ computation based on the Adzuna data and alternative claimant count (stat-xplore),
2018-2021.

Figure 4: Vacancies and claimant counts per 1000 active inhabitants in English
rural-urban areas, indexed to 2020 quarter 1
Source: authors’ computation based on the Adzuna data and alternative claimant count (stat-xplore),
2018-2021.
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shorter duration. By contrast, the North East and West Midlands have among the lowest
turnover in their claimant count, suggesting more longer-duration unemployment in those
regions.

Figure 6 shows that ‘Urban with Major Conurbations’ display comparatively smaller
increases in flows into and out of unemployment, despite the presence of London in this
group. Rural areas have the highest turnover in the claimant count with both high inflows
and outflows. Overall, large cities not located in the South of England might have faced
more persistent unemployment during the COVID crisis.

3.3 Variations in skill mismatch

The preceding results raise further questions. For instance, why have claimant counts
remained comparatively high in the North East, despite vacancies bouncing back well
above their pre-pandemic level? Why did claimant counts keep rising as vacancies were
bouncing back in London and large urban conurbations?

One possible explanation is skill mismatch, such that the skills required for the new
vacancies are not present among the unemployed looking for work. Unfortunately, the
available data do not provide information on which skills are in demand. To gain some
insight, we instead focus on the qualification level typically required by recruiting indus-
tries. We operationalise this by using the LFS to allocate 2-digit SIC industries as ‘degree
industries’ or ‘non-degree industries’ according to whether more than 50% of their work-
force has a degree. We use ILO unemployment from the LFS as the claimant count does
not provide information about previous industry. The resulting unemployment series are
based on fewer cases than those using the claimant count and because of this are more
volatile.

Figures 7 and 8 show a slight upward trend pre-pandemic in the proportion of vacancies
in non-degree industries. The onset of the pandemic was accompanied by a short-term
reduction in this share but the longer-term upward trend resumed after this. London and
‘Urban with Major Conurbations’ is an outlier in this respect as well as Eastern and the
South East, to a lesser extent, with a lower than average increase in the share of vacancies
in non-degree industries. The situation in respect of unemployment is less clear, with little
consistency in the share of unemployment accounted for by those who previously worked
in non-degree industries. Overall, the positive correlation between vacancies and claimant
counts in the aftermath of the crisis in London and ‘Urban with Major Conurbations’ is
consistent with higher mismatch there compared to other places.

3.4 Employment and earnings

Figure 9 shows the extent to which these trends in demand and supply of labour have
translated into a change in the composition of the employed population and the level of
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(a) On-flows

(b) Off-flows

Figure 5: Alternative claimant counts per 1000 active inhabitants in UK regions,
indexed to 2020 quarter 1
Source: authors’ computation based on the alternative claimant count, 2018-2021.
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(a) On-flows

(b) Off-flows

Figure 6: Alternative claimant counts per 1000 active inhabitants in English rural-urban
areas, indexed to 2020 quarter 1
Source: authors’ computation based on the alternative claimant count, 2018-2021.
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Figure 7: Average mismatch between industries’ types in UK regions, indexed to 2020
quarter 1
Source: authors’ computation based on the Adzuna data and QLFS, 2018-2021.

Figure 8: Average mismatch between industries’ types in English rural-urban areas,
indexed to 2020 quarter 1
Source: authors’ computation based on the Adzuna data and QLFS, 2018-2021.
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wages among those in work. With regard to employment (upper panel), the numbers of
full-time equivalents have clearly fallen more among those in non-degree industries com-
pared to those in degree industries. This is the case across most regions but is particularly
marked in London where the number of non-degree jobs reduced to match the number of
degree jobs and remained at that level thereafter.

The lower panel of Figure 9 shows trends in median wages. As expected, these are
lower in non-degree industries than in degree industries. In both cases, a slight upward
trend is apparent in all regions. There is no evidence of a change to this trend following
the onset of COVID.

4 Econometric analysis

In this section we assess whether COVID has more lasting effects on some local labour
markets than others. We focus particularly on the pre-pandemic ability to match vacancies
to the unemployed. We assess the extent to which the initial impact of COVID and the
degree of rebound appears to vary with this historic characteristic even after controlling
for contemporaneous local employment opportunities. We exploit the area variation in
unemployment and vacancies to estimate the matching function of the labour market.
This function underlies the Beveridge curve; the relationship between unemployment and
vacancies. The matching function is usually estimated at a country-level using time series
data. We instead estimate a spatial matching function using monthly data from February
2018 to December 2019 on the number of vacancies, claimants and claimant off-flows
(matches) by local labour market.3 We allow for local variations in the matching function
and view these as reflecting pre-pandemic variations in the ability of the local labour
market to match jobs to unemployed workers.

We estimate the impact of pre-pandemic characteristics on the probability of indi-
viduals being in one of three possible states - employment (a shorthand term which
encompasses both paid employment and self-employment), unemployment and economic
inactivity. This is estimated using individual-level April-June quarter LFS data. As noted
earlier, retrospective data on employment one year earlier is asked in this LFS wave, along
with residential location at that time. Using this, it is possible to examine transitions over
the year while taking account of prevailing and pre-pandemic labour market conditions.

4.1 Estimating the matching function

Figure 10 plots the vacancy rate by the unemployment rate. This is shown for April-June
quarters from 2018 to 2021. The impression is of relative stability over the first two years,

3Wall and Zoega (2002) describe an earlier application of this approach to the British case.
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(a) Number of full-time equivalent (thousands)

(b) Average median weekly wage

Figure 9: Active workforce in UK regions: type of industry
Source: authors’ computation based on the QLFS, 2015-2021.
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a flattening in 2020 as vacancies reduce and unemployment increases and then a lift in
2021 as vacancies pick up but unemployment remains relatively rigid.

Figure 10: Vacancy-Unemployment, 2018-2019
Source: Claimant count date (downloaded from NOMIS) and Adzuna data, 2018-2021. Axis value labels
have been suppressed in line with reporting restrictions on Adzuna data.

Less visible is the trajectory of individuals areas. The year-on-year changes across
all local labour markets are depicted in Figure 11. This shows that the broad pattern
described above appears to hold also at the level of the individual area. The relative
stability across 2018 and 2019 is apparent, as is the marked slackening of the labour
market between 2019 and 2020 and the bounceback in 2021.

The relevance of the Beveridge curve is that it has theoretical foundations that are
useful in understanding the processes at work to generate the observed levels of unem-
ployment and vacancies. We make the standard assumption of a Cobb-Douglas matching
function

Mat = AaUγ
atV

1−γ
at (1)

where M is the number of matches, U is the number of unemployed workers and V is
the number of vacancies. These are allowed to vary by area, a, and over time, t. A

represents the ability of the local labour market to match jobs to unemployed workers.4

This is assumed to be fixed over time. To the extent that matching efficiency reflects
technology, this assumption is likely to hold over short periods of time. The parameter

4Since the available data do not allow us to observe job to job transitions, the matching function is
specific to those moving in and out of unemployment.
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Figure 11: Vacancy-Unemployment year-on year changes, 2018-2019
Source: Claimant count date (downloaded from NOMIS) and Adzuna data, 2018-2021. Axis value labels
have been suppressed in line with reporting restrictions on Adzuna data.

γ is the unemployment elasticity of the matching function. The corresponding vacancies
elasticity is 1 − γ, implying constant returns to scale in U and V .5

Taking logs, we have

ln(Mat/Vat) = ln(Aa) + γ ln(Uat/Vat) (2)

or in simplified notation
ln(mat) = αa + γ ln(uat) (3)

where mat = Mat/Vat, αa = ln(Aa) and uat = Uat/Vat.
Estimation requires multiple observations for each area. Our approach uses monthly

data from February 2018 (the first month for which Adzuna data are available) to Decem-
ber 2019, during which time the relationship was relatively stable. The results of doing
this are shown in Table 1:6

5The empirical literature tends to support the assumption of constant returns to scale (Petrongolo
and Pissarides, 2001).

6Note that since we use a measure of matches, we avoid the assumption constant separation rates
required in Wall and Zoega (2002).
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Equation 3
ln(uat) 0.814∗∗∗

(0.0234)
σα .228
σϵ .167
σ2

α/(σ2
α + σ2

ϵ ) .652
R2 .965
Number of areas 299
Robust standard errors in parentheses
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Table 1: Estimating the matching function

The parameter αa captures the matching efficiency of the local labour market. It is
instructive to examine the nature of variation in this indicator. Table 2 shows how it
varies by region and (within England) by type of area. This shows considerable regional
variation and a tendency for greater efficiency in rural areas. Overall, areas with a high
matching efficiency for a given level of vacancies and unemployment tend to have been
less dynamic local labour markets, with often low levels of claimant count and vacancies
relative to the size of the active population, and few flows into and out of unemployment.

The finding of a lower matching efficiency for urban areas together with the constant
returns to scale assumption of the matching function with respect to U and V is consistent
with a more difficult matching process there. First of all, firms locating in large cities
to benefit from the larger pool of workers might need more time to hire new people and
face more uncertainty in their hiring needs (e.g. Strange et al. (2006)). For instance,
finding a job as a waiter in a cafe might be a quick process, whereas being hired in a
highly technical role might require several rounds of interviews. The South East as well
as the Eastern region to a lesser extent also host highly specialised jobs. This mechanism
is also consistent with more skill mismatch in large cities if hard-to-fill jobs locate there
rather than in more rural areas.7 Second, whereas unemployed and firms might be closer
together in dense areas (Coles and Smith (1996)), workers might also live further away
from jobs there, implying long or expensive commutes that can reduce job access and
decrease job search efforts (Patacchini and Zenou (2005), Bastiaanssen et al. (2022)).

7Note that spillover effects across local areas can also happen, whereby job posted in cities might for
instance be filled by unemployed from nearby rural areas.
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Rural Urban Unclassified All
East Midlands 0.062 -0.134 -0.016
East of England -0.073 -0.250 -0.132
London -0.279 -0.279
North East 0.046 0.040 0.042
North West 0.112 0.086 0.099
Northern Ireland 0.080 0.080
Scotland 0.256 0.256
South East -0.181 -0.202 -0.191
South West 0.135 -0.048 0.078
Wales 0.083 0.083
West Midlands 0.018 -0.108 -0.042
Yorkshire and The Humber 0.151 0.017 0.077
All -0.001 -0.101 0.166 0.000

Table 2: Local labour market efficiency by region and rural/urban classification

4.2 Estimation results

Table 3 presents results of estimating the transition model. This uses a pooled sample
of individuals observed in the April-June quarter of either 2020 or 2021. The outcome
variable is the contemporaneous employment state. This is allowed to be influenced by
a number of control variables that, for compactness, are not reported. These control
variables include age and initial status (employed, self-employed, unemployed, inactive)
in the previous year. In addition, dummy variables indicating the presence of dependent
children of various ages are included as well as highest qualification level.

The coefficients reported are those of main interest:

• year 2021 - dummy variable taking the value 1 when the outcome year is 2021

• ∆(vat/uat) - the change in local labour market tightness over the year

• αa - pre-pandemic efficiency of the local labour market, derived from estimation of
equation 3

• αa× year 2021 - interaction of αa with year 2021.

The estimates use a multinomial logit regression so the coefficients represent the extent
to which a variable appears to increase the probability of a particular outcome relative to
the base category (employment). Table 3 shows that males living in an area with a more
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efficient labour market – that is, where αa is higher – are less likely to be unemployed in
April-June 2021 than those living in areas with less efficient labour markets. For females,
these is no such relationship. Note that, overall, the likelihood to be either unemployed
and inactive decreases in 2021 compared to 2020 for men, whereas only inactivity decreases
for women.

Males Females
Unemp Inac Unemp Inac

year 2021 -0.276∗ -0.418∗∗∗ -0.0678 -0.302∗∗∗

(0.108) (0.0832) (0.120) (0.0712)
∆ (vat/uat) -0.0360 0.0860 0.0943 0.125∗

(0.0851) (0.0868) (0.108) (0.0616)
αa 0.514 0.204 -0.616 -0.481∗∗

(0.350) (0.220) (0.528) (0.179)
αa× year 2021 -1.143∗∗ 0.0662 -0.114 0.367

(0.434) (0.285) (0.469) (0.287)
Observations 28723 32776
∗ p < 0.05, ∗∗ p < 0.01, ∗∗∗ p < 0.001

Note: Estimates control for age, dependent children of different ages, qualification level and initial
status (employed, self-employed, unemployed, inactive).

Table 3: Multinomial logit estimation of the probability of employment, unemployment
or inactivity.

With a view to making the results more concrete, Table 4 shows how the implied
probabilities of being in each state vary with the pre-pandemic efficiency of the labour
market. This is shown for 2020 (top panel) and 2021 (bottom panel) and in either case
for: the 10th percentile (areas with the least efficient labour markets), the 50th percentile
(the median case) and the 90th percentile (areas with the most efficient labour markets).

In 2020, we see that male unemployment in the least efficient labour markets is pre-
dicted to stand at 2.4% and at 3.1% in the most efficient labour markets. For females, we
see a pattern perhaps more in line with expectations, with higher unemployment (2.3%)
in the least efficient areas and lower unemployment (1.8%) in the most efficient areas.
The corresponding predicted rates for 2021 capture the extent to which the labour mar-
ket bounces back. For males, unemployment is predicted to be lower in areas with the
most efficient labour markets (2.6%) than in areas with the least efficient labour markets
(3.7%). This is notably different from the pattern seen for 2020. For females, by contrast,
the pattern is similar to 2020, with unemployment predicted to range from 3.2% in the
least efficient labour markets to 2.2% in the most efficient.
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These numbers are consistent with claimant counts disproportionately increasing un-
der COVID in rural areas and then dropping more rapidly thereafter (Figure 4). This
pattern would then be mostly driven by men. Also, non-degree vacancies increase more
in rural areas in latter stage of the COVID crisis, especially compared with urban areas
with large conurbations, including London (Figures 8 and 7).

Males Females
Emp Unemp Inac Emp Unemp Inac

2020
percentile 10 0.843 0.024 0.132 0.752 0.023 0.225
percentile 50 0.839 0.027 0.134 0.761 0.020 0.218
percentile 90 0.833 0.031 0.136 0.772 0.018 0.210

2021
percentile 10 0.829 0.037 0.133 0.743 0.032 0.225
percentile 50 0.830 0.032 0.138 0.748 0.027 0.225
percentile 90 0.830 0.026 0.143 0.753 0.022 0.224

Table 4: Estimated probabilities of employment, employment, unemployment or
inactivity at the 10th, 50th and 90th percentiles of α.

5 Conclusion

The analysis in this paper provides new evidence on the change to local labour markets
under COVID. Combining information on vacancies with claimant count data has demon-
strated the slackening of labour markets in all parts of the country. This has persisted
beyond the rebound of hiring due to persistence in elevated claimant count rates, although
we note that defining tightness on the basis of ILO rather than claimant unemployment
would paint a different picture. The drop in employment appears greatest among those
without degrees.

Our individual-level regression analysis suggests that structural issues that existed
prior to COVID remain relevant to individuals’ employment chances. For males, living
in an area with an efficient local labour market was associated with lower unemployment
than living in an area with a less efficient labour market. That is, it appears that an
efficient labour market is associated with a stronger rebound from the effect of COVID
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on male unemployment. For females, there was no such association.
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