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Abstract

What contributed to the decline in employment-to-employment (EE) transition rate
in the UK in recent decades? This paper empirically examines potential channels that
caused the sluggish EE mobility from 2000-2019. First, I break down the observed fall
in EE mobility relative to unemployed-to-employment (UE) transition into changes in
relative search intensity and worker’s acceptance rate. I find the vast majority of the
persistent decline after 2010 was due to fall in job acceptance. Second, I estimate a
dynamic job ladder model using UK survey data to examine the relative importance of
changes in employment and job offer distribution in reducing job acceptance. Results
reveal that the falling job acceptance in the 2000s was attributed to workers moving up
the job ladder; while acceptance remained low in the 2010s as a result of deterioration
in offer qualities. Counterfactual exercise shows that if the “attractiveness” of poaching
offers did not deteriorate after 2010, the EE mobility would have returned to levels in
early 2000s. Finally, I test the contribution of composition changes to the fall in EE
rate by implementing a between-within decomposition using a structural framework,
which accounts for both worker heterogeneity and sectoral compositions. Results rule
out demographic changes or structural transformation as main drivers of the fall in EE

rates.
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1 Introduction

The employment-to-employment (EE) transition, a process in which employees switch to a
new job without go through a spell of unemployment, is a key component of labour market
dynamics in the UK. In terms of total counts, there are at least 50 percent more employed
workers switching jobs than people getting hired out of unemployment in a given quarter,
according to the UK Labour Force Survey (UKLFS) from 1997 to 2019. However, the UK EE
transition rate exhibited a persistent fall in level since 2000, as shown in figure[ll Specifically,
the quarterly rate declined from an average level of 3.2 percent in late 1990s to less than 2.5
percent in late 2010s. This represents an decline of 24 percent in the average level.

While EE transitions take up the largest share of reallocation of employment, the EE
rate is economically important because of the following reasons. First, frequent poaching and
hiring of workers across firms are essential for productivity-enhancing reallocation of human
resources (Davis and Haltiwanger, 1992). A slowdown of labour reallocation across firms
would potentially lead to slower firm growth, either in firm sizes or productivity. Second,
from individual worker’s perspective, EE transitions provide them with an opportunity to
renegotiate their contract and subsequently generate wage growth (Postel-Vinay and Robin,
2002)). A slowdown in such process could result in stagnant wages. From a macroeconomic
point of view, due to the strong associations between EE rate and wage growth — while
UE rate has comparatively less explanatory power for wage growth — understanding what
drives the EE rate can provide macroeconomic implications on inflation and monetary policy
(Moscarini and Postel-Vinay, 2017). Finally, persistent fall in EE transition is not a unique
phenomenon to the UK only. Similar falls are also observed in other developed countries,
such as the United States and Australia (Baggal, 2022; Deutscher| 2019).

This paper aims to shed lights on how changes in the labour market can lead to this
persistent decline in UK EE transition rates from 2000 to 2019. I first investigate the changes
in search behaviour of employed workers. To study this, we need a benchmark for comparison
and the unemployed workers evolve as a suitable candidate. While the EE rate exhibited
a persistent decline in past decades, the unemployment-to-employment (UE) transition rate
were fluctuating within a range without any persistent changes in levels, as shown in the
lower panel of figure [l Hence, understanding the decline in the EE-UE ratio, or the relative
EE rate, should be equivalent to understanding the decline in EE rate itself. Intuitively,
employed workers can switch jobs at a lower frequency relative to the unemployed along two
dimensions. First, employed workers might be reducing their search efforts over time relative
to the unemployed. For instance, they can submit less job applications or attending less job

fairs. Alternatively, employed workers might become increasingly picky on their job offers
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Figure 1: UK Labour Market Dynamics

Note: Series computed using the UK Labour Force Survey. A EE transition is counted when an worker
was employed at the beginning of the quarter as well as the at the end, but the current employment spell is
less than three months by the end of the quarter. EE rate displayed in the upper panel is the total number
of recorded EE transition over the average number of employment during the quarter. An UE transition
is recorded when a worker who was unemployed to start the quarter became employed by the end of that
quarter in the UKLFS. UE rate displayed in the lower panel is computed as the UE transition counts over
the number of initial unemployed workers. Shaded area indicates recession periods in the UK.

over this period. In other words, they could be sending the same number of job applications,
but either the job offers received were not attractive enough or the offer they were looking for
did not materialise. One can examine the relative contribution of “search” and “acceptance”
by decomposing the observed EE-UE ratio into these two components.

Since worker’s decision to search on the job is endogenous to their expected likelihood
to accept a job offer, one needs to control for worker’s search decision before inferring their
acceptance rate from the EE-UE ratio, or vice versa. To do this, I utilize the additional
information in UKLFS to identify active on-the-job searchers in the sample. By focusing on
workers who explicitly state that they are searching on the job, their decision to search —
the extensive margin — is predetermined. In addition, by further controlling the worker’s
search efforts with information from the UK time-use survey, I compute changes in the job
acceptance rate from variations in the ratio of transition rates between active searchers and
the unemployed. Subsequently, the contribution of relative search efficiency can be backed

out from the observed EE-UE ratio. Results show that worker’s job acceptance probability



exhibits a persistent fall from around 55 percent in late 1990s to only about 45 percent in late
2010s. Quantitatively, this explains roughly 80 percent of the difference in levels of relative
EE rate between 2000 and 2019. If one looks at the two components’ relative importance
over time, reduction in search and acceptance each contributes half of the decline in the
relative EE rates in 2000s, while continuous fall in job acceptance causes the EE rate to be
remained low after 2010.

Why are employees less likely to accept a job offer when they receive one? There can be
two possible reasons. It could be the case that workers were increasingly well-matched to jobs
at the top of the job ladder. In other words, it could be an enhancement in workers’ allocation
across jobs. Otherwise, acceptance could fall if workers were receiving less “attractive” offers
over time while they stay at the same position on the job ladder. Specifically, this would
imply the sampling probability of offers from higher-ranking jobs reduced in past decades. To
evaluate the relative importance of these two channels, I quantitatively estimate a dynamic
job ladder model of the UK labour market as in Moscarini and Postel-Vinay| (2016a)). This
framework allows me to infer the job offer distribution over time from the law of motion
of the employment (or wage) distribution. To generate a common job ladder for the whole
economy, [ specify the job ladder using residualised wages — residuals obtained through
running a Mincer-type regression on worker’s observed characteristics, industries, regions
and occupations. Results show that the fall in job acceptance should be examine in two
separated 10-year period. For the 10 years before 2010, the decline in job acceptance can
be attributed to the enhancement in worker’s employment distribution. However, from 2010
to 2019, acceptance remains low due to deterioration of the job offer distribution. As a
robustness check, I estimate job offer sampling distribution using residualised real wages
with different specifications in the Mincer regression. The results are robust and it indicates
that the“offer” channel has a major role in the persistent decline in job acceptance after
2010.

There can be other reasons that cause this phenomenon. One of the main alternative
explanations is composition changes. For example, an ageing labour force may reduce EE
rates as older workers are, on average, less likely to change jobs than younger workers.
It could also be a result of structural changes in the UK economy towards professional
services, where average recruitment process is longer than, say, hiring a catering worker in a
restaurant. Also, migration of job seekers towards geographical regions in which job openings
are relatively scarce would reduce EE mobility. In other words, EE rate can decline without
any changes in individual’s search behaviour, but only due to shifts in compositions of the
economy.

I conduct some quantitative exercises to evaluate empirical importance of composition



shifts. I investigate this using a structural framework inspired by Barnichon and Figura
(2015). This framework allows for a between-within decomposition of the residualised EE
rate — EE series after controlling for fluctuations associated with aggregate number of
vacancies —that jointly account for composition changes in multiple dimensions, including
various individual characteristics, migrations and sectoral structural changes. Specifically,
I examine the contribution of four main components on the decline in EE rate: 1) worker
composition effect, which accounts for changes in average characteristics of jobseekers; 2) job
composition effect, which measures shifts in relative importance of industrial sectors in the
economy; 3) dispersion effects, which measures how efficiently vacancies and search effort
are allocated across sectors; and 4) within-sector variations. I apply this framework to data
in the UK Labour Force Survey and Vacancy Survey using maximum likelihood estimation.
Results suggest that worker and job composition effects, as well as dispersion effects, play
only minimal roles in reducing EE transition rates. In other words, most of the fall occurs
within sectors, i.e. changes in individual search behaviour. This exercise provides us with
important negative results that rule out mechanisms associated with composition changes.
For instance, we now know that ageing labour force or structural change towards professional
services are not the main reasons for falling EE rates.

All these empirical facts point to one main reason for the persistent decline in the EE
rate: a deterioration in the sampling probability of high-quality poaching offers after 2010.
But why did these better job offers disappear? Theoretically speaking, firms can make an
offer more attractive either when they are making higher profits or they are deferring a larger
share of the match surplus to workers. In other words, a deterioration in the average quality
of job offers can be due to two reasons: slowdown in productivity growth or growing labour
market power of the employers. The former could happen if poaching firms were constrained
in their ability to offer higher lifetime values — dictated by the marginal labour productivity
of the match — than the worker’s current employer. The latter occurred when workers were
given less share of their job match surplus when renegotiating new contracts. Coincidentally,
while EE mobility is persistently low after 2010, we see both declines in UK’s technological
growth and increases in firm’s average markup over labour costs started around the same
time. It is possible that the root causes of observed persistent decline in EE rate can be a
combined consequence of the slowdown in creative-destruction rate in the UK and the rise

of labour market power.

Related Literature. This paper contributes by examining empirical importance of differ-
ent mechanisms to the persistent drop in the job mobility. [Mercan| (2017)) and Baggal (2022)
studies the sluggish EE mobility in the US. This paper first presents new empirical facts



on worker’s job switching behaviour in the UK. Earlier studies utilises time-use surveys to
documents facts associated with on-the-job search (Aguiar et al., 2013; Mukoyama et al.|
2018)). Recently, Faberman et al|(2022) develops a comprehensive survey to collect detailed
information on on-the-job search in the US. With this new information, researchers find that
the elasticity of search effort is highly sensitive to current wages of the workers. In this paper,
I introduce a less data-demanding method to disentangle the relative importance of search
efficiency and job acceptance in driving the EE-UE ratio, under reasonable assumptions.

There is a large literature which examines the interaction between EE transition and
macroeconomic outcomes using job ladder models. |[Burdett and Mortensen| (1998) and
Postel-Vinay and Robin| (2002), among others, document the importance of EE transitions
to wage dispersions. In addition, various studies provide evidence on the close positive asso-
ciations between EE transitions and wage growth (e.g. Topel and Ward}, [1992; Postel-Vinay
and Robin, 2002} [Karahan et al.l 2017; Moscarini and Postel-Vinay, [2017; Faberman and
Justiniano, |2015). This paper builds on the literature of job ladder model (Burdett and
Mortensen, [1998; Moscarini and Postel-Vinay, 2016b), and provides new empirical evidence
on how job acceptance can be affected along two channels of employment and job offer
qualities.

Besides, a large literature delivers facts on how labour market dynamic changes over time.
Fallick and Fleischman| (2004)) uses the US survey data to estimate monthly EE transition
rate in recent decades. [Fujita et al.| (2020) builds on this method and adjusts for missing
answers in the survey. They find that the EE transition rate in the US did not exhibit a
downward trend after the Great Recession once researchers adjust for proxy respondents.
In the UK context, Gomes| (2012), Smith| (2011) and |Postel-Vinay et al| (2019) present
features of labour market dynamics using various datasets. Barnichon and Figura| (2015)
and Hall and Schulhofer-Wohl (2018) introduce structural frameworks to study how worker
heterogeneity and market segmentation can affect labour market dynamics, with the main
focus on transition out of unemployment. This paper builds on these frameworks to study
how worker characteristics and job compositions can affect EE transitions.

The rest of this paper proceeds as below. In section 2] I analyse the relative contribution
of search and job acceptance in reducing the EE-UE ratio. Section |3| studies what caused
changes in job acceptance in the UK. Section {f provides a discussion on the other potential
mechanisms, including vacancy creation and composition changes, in affect the EE rate.

Section [Al concludes.



2 Search versus Acceptance

Figure [I| shows that a persistent decline in the transition rate only occurred among the
employed workers but not with the unemployed. This enables us to investigate the search
behaviour of employees with the unemployed workers as a benchmark. Why do we see a
persistent decline in the probability of job switching but not in the job finding rate of the
unemployed? There are two potential reasons behind this observation. First, it could be the
case that employed workers were reducing their search efforts relative to the unemployed.
Second, it could be because employed workers were becoming more picky in accepting a
poaching offer relative to the unemployed.

To characterise these concepts, I write down a simple random search model with on-the-
job search. Suppose all workers sample offers from a common and exogenous offer distribution
F which ranks from zero to one. Without loss of generality, I normalise the search effort of
unemployed workers to one, and denote s; the relative search intensity of employed workers.
Employed and unemployed job seekers sample offers at rate A\{ and A} respectively, given
their search efforts.

To simplify notation, I assume unemployed workers accept all job offers with probability
one. Employed workers only move to another job that is ranked higher than their current
job on the job ladder. Hence the average job acceptance rate of employed workers can be
expressed as A; = fol(l — Fy(z))dN(z), where Ni(z) is the share of employed workers hired
in firms up to rank .

With this setting, the EE-UE ratio (or the relative EE rate) at time ¢ can be expressed

as
e 1 1
eer SN [y (1 — Fy(x))dN,(x) SN /
=t _ = 1-—F; dN, = ¢ A 1
uey AL AU ; ( H(2))dNy(z) = A (1)
Relative search efficiency Accept;I:ce Rate

To further simplify notations, denote ¢, = s;A¢/ A} the relative search efficiency. Equation
provides an analytical expression in which the EE-UE ratio can fall. First, it can decline
through the relative search efficiency ¢;. This happens either by a reduction in worker’s effort
to search on-the-job, or an increased duration to receive an offer given the search intensity.
Second, there can be a drop in job acceptance rate A;. To examine the relative contribution
to the decline in the EE-UE ratio, one needs to obtain an empirical counterpart for either
¢, or A; from data.

The EE and UE transition rates can be obtained from the UK Labour Force Survey. The
UKLFS is a quarterly survey which provides a representative sample of the whole UK working



population. The survey follows individuals in a household for five consecutive quarters while
one fifth of them are replaced every quarter. In the main analysis, the sample is restricted to
contain only working population with age between 16 and 65. An EE transition is recorded
when an individual is employed in both consecutive quarters, but her current employment
spell is shorter than three months. Quarterly EE rate is then the fraction of individuals
who recorded an EE transition in the average employed population in the quarter. As a
limitation to the quarterly LF'S, EE transitions also include those labour market transitions
where an employed individual has a short unemployment spell within the quarter. Similarly,
the UE transition is recorded when someone was unemployed to begin the quarter and
declared employed by the end of that quarter. The UE rate is computed as the ratio of UE
transitions to the number of unemployed workers at the beginning of the quarter.

Examining the EE-UE ratio instead of the raw EE rate allows one to control for aggregate
shocks that commonly affect both employed and unemployed job seekers. For instance, a
reduction in total number of vacancies in the market would reduce both EE rate and UE rate
separately, but it would not cause a fall in the EE-UE ratio in a random search framework.
In addition, if both employed and unemployed workers look for jobs with a common search
technology, an deterioration in the search technology will reduce each transition rate but not
the EE-UE ratio.

Although I assume in equation 1| that unemployed workers accept all offers drawn from
offer distributions F'(-), this is only to simplify the mathematical expression of A;. Equation
[6] can also include an additional integral in the denominator which represents the average
sampling probability for an offer to be above the reservation wage of unemployed workers.
In that case, A; would be interpreted as the relative job acceptance rate of the employed
to that of the unemployed upon receiving an offer. One can also think of this as the offer
endogenous adjusts such that job at rank zero always delivers the reservation wage to un-
employed workers, as in [Burdett and Mortensen| (1998)). Again, having this assumption is

mainly to simplify interpretation and is not critical to any of the main results.

2.1 Estimation of job acceptance rate

Direct measures of acceptance rate requires information on number of offers that workers
receives before accepting one. Unfortunately, this information is not readily available for the
20-year period in the UK. As an alternative, the UKLFS explicitly asks employed workers
whether they are currently searching for a new job to replace their current one. This provides
potentially two ways to control for ¢; and subsequently compute A; from the observed EE-UE

ratio.



A straightforward way to utilize this piece of information is to compute the proportion of
workers who declared that they are searching on-the-job among all employed workers. This
measures the extensive margin of on-the-job search effort. One can then assume that the
employed and unemployed share the same matching technology so they receive job offers at
the same rate, i.e. A{ = A}, given their search efforts. This allows one to compute ¢; and A,
as

¢t _ St)\? _ OJSt,1 N At _ % OJSt,1

)\}; Et,1 uey Et,1

(2)

correspondingly.

However, there are several issues with this approach other than the intensive margin of
job search is ignored. First, the decision to search on-the-job is endogenous to the expected
probability of offer acceptance. Employed workers would decide not to search if they expected
to only receive offers that they would reject. Since the search effort is positively associated
with job acceptance, contribution of A; would be underestimated if ¢; is measured using
equation [2l Second, this method suffers from time-aggregation bias in the survey data.
If one looks at the composition of realised EE transitions, only about half of all switches
were coming from workers who declared that they were searching in the previous quarter.
Hence, this approach would severely underestimate the level of search intensity and thus
overestimate the acceptance rate. Subsequently, the relative contribution of A; to the changes

in EE-UE ratio would be again underestimated.

2.1.1 Step 1: Job acceptance for active seekers

A more reliable approach to utilize this information is to estimate average job acceptance
rate in two steps. I first estimate job acceptance of active seekers A7 by comparing their
transition rates with the UE rate directly. After that, I estimate acceptance of non-active
employees A}° and obtain the average acceptance of all employed workers as a weighted
average.

I first focus on estimating A7 because active seekers’ decision to search is predetermined.
This mitigated the endogeneity issue of the search decision. To control for the intensive
margin of search, I compare the average daily hours that an active searcher spends on job
seeking activities relative to the unemployed using the UK Time-Use Survey in 2000-01 and
2014-15, as shown in table [T, The statistics shows that employed and unemployed workers
spent very similar duration in a day on job searching, given that they had spent time doing it
on the day. The difference in search duration in a given survey year is statistically indifferent.
In other words, the intensive margin of job search for active on-the-job seeker is similar to

that of unemployed workers. Essentially, this suggests that the relative search intensity of



Table 1: Average daily hours on job-seeking.

2000 2014
In employment 1.21 2.06
(.241) (.483)
Unemployed 1.02 2.28
(.182) (.351)
Difference -.034 0.22
(.232) (.422)

Note: Standard error in parenthesis. Values state the
mean number of daily hours on job seeking activities
in UK Time-Use Survey 2000-01 and 2014-15.

the active seekers s; is close to unity in the UK.
With search efforts accounted for, if job contact rate of active on-the-job seekers A is
homothetic to the offer rate of unemployed A}, the proportional changes in ratio between

their job transition rate will infer the movement in A across time:

S S S
ee; ﬁAS ee;
t

el e, = AA] if \} = ¢NY for some constant £ > 0 (3)

where ee;j is the EE rate for active job searchers. Intuitively, if active on-the-job searchers
received a constant fraction £ of offers relative to the unemployed over this twenty-year
period, the changes in their relative transition rates would be solely a result of changes in
Az

If one takes a step further and assumes active seekers and unemployed workers search
for jobs with the same technology, i.e. £ = 1 and thus ¢; = 1, then the ratio of ee] to ue;
will give the levels of A7. This assumption has some empirical support from Faberman et al.
(2022)), in which they find that ratio of offer arrival rate for active job seeker relative to the
unemployed, conditional on their search effort, is around 1.3[1_1 The estimated A7 is shown
in figure 2l The series demonstrates a clear secular fall since late 1990s. Specifically, active
seekers would accept around 55 to 60 percent of new offers when she received one in late
1990s. Yet, this probability fell to around 45 percent by late 2010s.

Tn table IV of [Faberman et al| (2022)), the mean offer received by an active searcher to replace current
job is 0.258 (standard error: 0.024) and the mean offer received by an unemployed worker in a given month
is 0.666 (0.286). Meanwhile in table II, average number of application sent for active seeker is 3.06 (0.29);
while unemployed submit 10.39 (1.37) number of job applications.
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Figure 2: Job acceptance rate of active seekers
Note: Series is estimated using the ratio in transition rates between active on-the-job seekers and unemployed
workers using the UKLFS. An active seeker is defined as an employee who declares to be searching for a job

to replace current position. Shaded area indicates recession periods in the UK.

2.1.2 Step 2: Average job acceptance of all employed workers

After obtaining a time series of A7, the next step is to compute A; as the weighted average

of job acceptance for active seekers A7 and the non-active employees A7*:

_0JS, ,, NS,

At Et At + Et 'At (4)

where OJS; and N.S; is the number of active seekers and non-active searchers in period t,
respectively. The next step now is to retrieve A}°.

Since we don’t have any information on the search behaviour of non-active employees
apart from their transition rate, we need to make further assumptions to retrieve their job

acceptance A7°. Specifically, since non-active to active transition ratio can be expressed as

EEtns B ?SA?S
EE; PiA;

we need two assumptions for ¢7* and A}"® correspondingly.

Since A7 is retrieved in step 1, I first check if the wages of active seekers evolves in a
different path as the non-active employees. As shown in figure |3| average wages of active
seekers are always lying below the level of the non-active employees. In addition, the differ-

ence in wages for active and non-active employees are quite stable over this 20-year period.
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Figure 3: Comparing wages of active seekers vs. non-active employees.
Note: The left panel shows the time series of mean real wages (at 2020 value) of active seekers vs. non-active
employees. The right panel presents the proportional difference in real wages between active seekers and

non-active employees. Shaded area indicates recession periods in the UK.

Since non-active workers earns more, they should be located at a higher position in the job
ladder and be more picky than active seekers. Hence, A7® should always be less than A; at
any given period ¢. In addition, since the earning gap between active seekers and non-active
is stable over time, one can estimate the unobserved A} to be scaling from Aj with a con-
stant coefficient k < 1. With this assumption, the ratio of EE transition rate of non-active
employees and active seekers is specified as

EEY oA ¢pf

= K

EE; ¢ A; o5

In addition to imposing structure on A}, we also need to discipline the unobserved ratio

1 /o7 before estimating the scaling parameter . Intuitively, this ratio can be interpreted as
relative fraction of non-active employees received an offer relative to active seekers. Denote v
the average of ¢} over time, i.e. v =T71 >, ¢1'*. With reference to the result in Faberman
et al. (2022), I set this ratio v equals 0.27!f|. This value implies for every active seeker who
received an offer, there are 0.275 of non-active employees receiving an job offer. Given v,

the value of xk can be obtained with the average ratio of EE transition rate between active

2In table IV of Faberman et al| (2022), there are 0.051 (standard error: 0.004) share of non-active
employees receiving job offers in a month; for active seekers, a proportion of 0.173 (0.013) receives a job offer
to replace their current job.

11
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Figure 4: Estimated job acceptance rate and its relative importance.
Note: The left panel presents the average offer acceptance rate for all employees computed using equation
The solid line in the right panel shows the EE-UE ratio observed in the UKLF'S; the dash line shows the
counterfactual EE-UE ratio computed from equation [I] in which the value of job acceptance is kept at the

1998 level. Shaded area indicates recession periods in the UK.

and non-active employees

EETLS ¢TLS
—1 t ) _ -1 t o,
T g (EEf)_T g —f/@—wf (5)
¢ ¢

Subsequently, acceptance rate of non-active employees A7 = kA7, with A7 estimated in

step 1.

2.2 Relative importance of the acceptance rate

Using the method illustrated in step 2, the estimated value of x is 0.527. In other words,
non-active seekers are about 52 percent less likely to accept an offer relative to an active
seeker. Average acceptance rate of all employed workers is computed using equation [4 and
shown in figure |4al Results show that A; declined from 32 percent in late 90s to around 24
percent in 2019. This represents a 25-percent fall in levels since late 90s.

In terms of the relative contributions of search and acceptance, this is displayed in figure[5
One can clearly separate the result into two periods, before and after 2010, for interpretation.
Before 2010, search and acceptance were almost equally important to the decline in EE-UE
ratio; while acceptance accounted for most of the decline in EE-UE ratio after 2010.

The explicit role of average acceptance rate in the decline in relative EE rate is shown in

figure which I compute a counterfactual EE-UE ratio if acceptance probability were held

12
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Figure 5: Relative contribution of search vs. acceptance.
Note: Blue (gray) area shows proportion of the decline in the EE-UE ratio since 1998 that is driven by the

fall in relative search efficiency (average job acceptance).

constant since 1998. Hence, variations in the counterfactual series were purely driven by
changes in ¢;. Despite some declines during 2000s, the counterfactual series would recover
in 2010s. Essentially, there would have been no persistent decline in the EE-UE ratio as
observed in the data if job acceptance was not falling. Quantitatively, as the aggregate EE-
UE ratio dropped by about 30 percent since 1998, fall in workers’ job acceptance accounted
for about 80 percent of the decline in average level.

To check the sensitivity of this result, I estimate the contribution of average acceptance
rate by categorizing workers into different groups by gender, age and education qualifications.
The results are robust as not only workers in all groups experience secular decline in the
EE-UE ratio, but the acceptance rate is also the main driver in all of them. Results by age
groups and qualifications are shown in figure This is consistent with the negative results
in section that changes in worker composition cannot explain the fall in EE rate.

The fact that the persistent fall in relative EE rate is predominantly due to a declining
offer acceptance rate instead of relative job offer rate is an important result. It rules out
a potential mechanism that there is an increase in employee’s search costs over time which
leads to a decline in the EE rate. Otherwise, this would have reflected in a decline in ¢;.

The discussion so far highlighted the role of job acceptance in keeping the EE rate

low after 2010. This is based on the assumption that relative job offer rate ¢; of active

seekers didn’t deteriorate over time. While [Faberman et al.| (2022) provides some evidence

3Age group is separated at age 38 because it is the median age of all EE transitions.
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Figure 6: Contribution of Acceptance Rate by Worker Characteristics.
Note: The left panel shows the observed EE-UE ratios and the counterfactual series in which variations in
job acceptance are shutdown, by age below and above 38 years old. 38 years old is used as a cut off because
it is median age of job switchers recorded in UKLFS. The right panel shows the observed EE-UE ratios and
the counterfactual series without variations in acceptance, by workers’ qualification attainments. Shaded

area indicates recession period in the UK.

that the average offer rate is statistically indifferent between active seekers and unemployed
workers in the US, there is no direct supporting evidence for the case in the UK. Hence, one
cannot completely rule out the possibility that the fall in EE mobility was due to reduced
job contact rate to the employed. For instance, there can be a deterioration in matching
technology that discriminate against employed workers. While this possibility still remains,
this do not undermine the result that the reduction in job acceptance is the main driving
force of reducing EE flows because of the following reasons. First, let’s consider an extreme
case. If job acceptance was kept constant and equalled to one, the fall in EE-UE ratio would
be solely driven by the reduction in job arrivals to employed workers. In other words, on-
the-job searchers would accept every offer that came their way and this is essentially the
setting of directed search in Menzio and Shi (2011)). Subsequently, based on the assumption
that workers only transit to higher ranking jobs, this implies employed workers would only
apply for jobs that were better than their current jobs. Yet, “a reduction in job arrivals
of these better job offers” in the directed search setting is equivalent as saying “employed
workers are less likely to receive a job offer that they would accept” in the random search
setting. Second, the fact that UE rate does not exhibit notable increases in this period implies
that a reduction in the relative offer rate would have to be a result of reduced job arrival
rate against employed workers. In reality, it is hard to imagine a change to the matching

technology that would not affect unemployed workers but only the employed. Even if such
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changes in matching technology existed, this effect would have to reduces employed workers’

offer arrival rate massively to eliminate the role of job acceptance.

3 Changes in Job Offer Distribution

Now we know that EE rate was persistently low in 2010s because employed workers were
being more picky against poaching offers. Yet, why were workers not accepting those offers?

Extracting the expression of A, in equation [I] and restate here:

A= / (1 - F(2))dN,(z) (6)

This expression of A; allows us to further decompose acceptance into two channels. First,
more workers turned down offers because more of them were positioned around the top of the
job ladder over time. Denote this the “employment” channel. Analytically, this would imply
an increase of employment distribution N;(x) of higher ranking jobs z. Second, it could also
be a deterioration in the sampling probability of better offers disregarding how workers were
allocated along the job ladder. I call this the “job offer” channel. This works through a
reduction in the probability of sampling better offers from the job offer distribution F;(x) in
equation [0}, for a given rank = on the job ladder.

It is important to highlight that these two channels carry drastically different economic
implications. If employment channel dominated, it would be indeed an enhancement of
worker’s labour market outcomes as more workers were matched with better jobs. Otherwise,
if offer channel were the main contributor, it would be a worrying sign of weakening labour
market. To quantitatively examine the relative importance of these two channels, I estimate
a dynamic job ladder model as in Moscarini and Postel-Vinay| (2016a) with the UK data.

3.1 Accounting framework of the dynamic job ladder model

While the employment distribution is observed in the data, the job offer distribution is not
directly observed. Moscarini and Postel-Vinay| (2016a) provides an accounting framework to
infer the job offer distribution using observed transitions in employment distribution using
a dynamic job ladder model. It starts with assuming workers agree on a common rank of
jobs from zero to one and all job seekers engage in random search. Unemployed workers
receive job offer at Poisson rate A ;. Employed workers have relative search efficiency ¢,
with respect to the unemployed. Hence, offer arrival rate to employed workers at time ¢t is

¢ Ay Same as in [Moscarini and Postel-Vinay| (2016a)), I allow an employed worker receives a
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reallocation shock at rate p; and transfers to a random job on the job ladder, independent of
her initial job rank x. Reallocation shock can be seen as incidents where a family reallocates
to another location due to personal reasons. This also accounts for any transition to jobs
that were paid less than the original job, including receiving a wage cut. Adopting the same
notations for employment and offer distribution as in equation [0, the net change in the total

employment up to rank z across two periods is

Niji(z) = Ny(x) = — [5t+1 + i1+ G A (1 — Ft+1(95))} Ny(x)

. (7)
+ PN (1) + Ny [1 = Ne(D)]} Figa (@)

where d;,1 is the exogenous separation rate in the labour market.

Note that since x = 1 indicates the top rank, N(1) measures the total employment.
Hence, U; = 1 — N(1) is the unemployment rate. The first line of equation m accounts for
outflows from employment in firms ranked up to x. These outflows include separations to
unemployment, reallocations and workers moving up to higher ranking firms. The second
line of the equation accounts for inflows into firms up to rank x. They are coming from real-
locations, and transitions out of unemployment and into firms with rank = or below. Under
some assumptions, there exists a rank-preserving equilibrium of this job-posting model, in
which initially top firms always offer better contracts to workers regardless of the realised
aggregate statesﬁ. This implies the existence of an ergodic employment distribution along
the job ladder. Hence, the corresponding equilibrium job offer distribution Fj,(-) can be
derive using equation [7]

A main data limitation in estimating the job offer distribution is that employment shares
on the whole continuous rank of firms are not completely observed. Instead of estimating the
entire distribution over a continuous support, I discretize the support and estimate densities
at K cut-off quantile points X plus zero, where k = 0, ..., K, with Xy = 0 and X = 1.
Denote Fy(X}) =1 — Fy(X}) the acceptance distribution at some cut-off rank X}, at time .

This can be expressed as

[Nig1(1) = Nega (Xi)] = (1 = prys — 6p1) [Ne(1) — N (Xi)] (8)
pey1Ne(1) + e 1A Ny (Xk) + MUt '

Fii (X3) =

The numerator of equation [§| measures employment density between X = 1 and Xj, net of
stayers who were already employed in this range in last period; the denominator accounts for
the total number of workers at rank X}, or below (including all reallocating and unemployed

workers) who received a new job offer. Hence, the acceptance distribution FtH(Xk) has

4See Moscarini and Postel-Vinay| (2013) for a in-depth theoretical discussion on the rank-preserving
equilibrium.
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Figure 7: UK wage distribution from 1997-2019.
Notes: Character P in the legend refers the corresponding percentile of the wage distribution. For
instance, P50 corresponds to the median of the wage distribution. Shaded area indicates the Great
Recession.

a direct economic interpretation: the share of workers who are just hired by firms ranked
above X} out of all workers who wished to move to rank X} or above and received an new

job offer.

3.2 Estimation of the dynamic job ladder model

Job ladder are specified using real wages from the UKLF'S. I discretise the global range of real
wages in UKLFS from 1997-2019 into a 500-point grid. Under this specification, employment
distribution is essentially the observed wage distribution and the wage density at each grid
point can be directly observed in the survey data. I then estimate and track the changes in
the cross-sectional offer distribution over time. Figure [7] shows the evolution of real wage
distribution in the UK from 1997-2019. The general upward trend of the distribution is
consistent with the fact that real wages are growing as a result of economic growth, while
wage growth was notably slower after the Great Recession.

Other elements in equation |8 can either be directly taken from the UKLFS, or esti-
mates from previous section. Specifically, unemployment rate Uy, job offer rate A} of the
unemployed and the separation rate d; can be estimated from the UKLFS. In addition, re-

allocation rate p; is specified as the EE transition rates of non-active employees, normalised
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with their acceptance rate A}° in that period. This ensures the arrival rate of reallocation
shock does not take acceptance into accounts. For relative search efficiency ¢, I take the
series estimated in the section [2| and thus the job offer rate to employed workers is ¢\
The reliability of the estimated offer sampling distribution depends on a correct spec-
ification of the job ladder. Hence, the assumption that all workers agree on a single job
ladder is a strong one. For instance, Individuals can sort into different markets and for each
specific market there is a corresponding job ladder. To mitigate this, instead of specifying
a single job ladder using real wages, I compute residualised wages using a Mincer regres-
sion. The goal is to remove wage difference across different job ladders by controlling for
both worker and sectoral characteristics. Essentially, this allows me to collapse numerous
job ladders with different observed characteristics into a single one through residualisation.
In the regression model, I control for various individual characteristics, including gender,
age, education, and the indication of whether they are actively searching on the job. The
indicator of active on-the-job search acts as a proxy to whether the workers think they are
mismatched. Beside, I also control for 20 geographical regions, 20 industry sectors and 9
occupation categories. The offer distribution estimated using the residualised wages is the

preferred job ladder specification for this paper.

3.3 Results on job offer distribution

Results using wages. [ first specify the job ladder using real wages and estimate the
wage offer distribution using equation [§] The result is displayed in figure [§l A surprising
observation is that the wage offer distribution does not follow similar growth path as the
wage distribution in figure[7] In fact, the wage offer distribution appeared to be stable during
2000s and arguably regressed after 2010.

To have another look at how acceptance rate changes along the whole distribution, I
explicitly present A; of a given year estimated using the dynamic job ladder model in figure
[9l The acceptance probability 1 — Fy(-) is put on the y-axis; and wage distribution N;_q(-)
is on the x-axis. The area underneath each curve represents A; of that year. A downward
shift of the curve from 2000 to 2009 shows the decline in A;. Meanwhile, A; was kept
at a fairly stable level after 2010 and this is consistent with movement of A; estimated in
figure [dal For instance, the result shows that a worker at the 40th percentile of the wage
distribution was accepting around 50 percent of incoming job offers in 2000. This acceptance
rate fell to around 30 percent in 2009 and was remained to be around 25-30 percent by 2019.
This representation in figure [J] also allows us to examine the relative contribution of “offer”

and “employment” channel. As shown in figure [7] since the wage distribution was shifting
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the Great Recession.
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Figure 9: Changes in acceptance rate along offer and wage distribution
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upwards from 2000-2009 while the offer distribution was stable, it suggests the employment
channel contributed to the decline in A; from 2000 to 2009. While both the wage and offer
distribution were relative stable from 2010-2019, A; was then kept at a similar level as in
20009.

Results using residualised wages. As discussed above, the job ladder specified using
the residualised wages is the preferred setup since it collapses segregations in the labour
market on a single ranking. Job offer distribution estimated using residualised wages from
the Mincer regression is shown in figure [I0] While the entire offer distribution was stable
during the 2000s , there was a sharp downward shift in the offer distribution after 2010.
As shown in figure [T1] the residualised wages exhibited a growing trend from 2000-2009.
After that, there was a tumble in the residualised wage distribution followed by a period of
stagnant growth in the 2010s.

Given how the residualised wage and offer distribution changed over time, one can see the
decline in job acceptance from 2000-2010 was due to upward movement in the wage distribu-
tion of workers. Hence, the employment channel dominated the decline in job acceptance in
the first 10 years since 2000. Yet, there was a shape downward shift in the wage distribution
after 2010. By itself, this would have generated a positive employment effect which would
increase workers’ acceptance rate. However, such effect was offset almost entirely by the
downward shift in the offer distribution and the negative effect of the offer channel was the
reason for job acceptance to remain persistently low from 2010-2019.

To explicitly demonstrate the contribution of offer and employment channels over time,
I compute the sample analogue of A; using equation [6] with the estimated distribution and
examine its counterfactual variation by keeping the offer distribution constant as in 1999Q4.
This essentially shuts down the offer channel in driving 4;, and the resulting series is shown
in figure [12] Without changes in the offer distribution, .4; would have decreased greater
from 32 percent to 24 percent attributed as workers moved up the job ladder during 2000s.
However, it is also clear that A; would have recovered to about 30 percent during the 2010s
if the offer distribution were remained unchanged.

Overall, while acceptance declined in the 2000s was dominated by the “employment”
channel as workers climbed up the job ladder; the persistent decline in job acceptance rate of
employed workers since the Great Recession occurred mainly through the “job offer” channel.
In other words, the lack of recovery in the UK EE rates was a result of deteriorations in the

sampling probability of better offers.
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Figure 10: Residualised wage offer distribution
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Figure 12: Counterfactual job acceptance without employment channel.
Notes: The solid line shows the computed time series of job acceptance rate from estimated result of
the job ladder model. The counterfactual series is generated by holding the wage offer distribution
constant as in 1999Q4. Shaded area indicates the Great Recession.

3.4 Reconciling results on job acceptance

So far I introduce two different approaches in estimating job acceptance rate A;. The first
approach is through comparing transition rates between employed and unemployed, illus-
trated in section[2] The second approach in this section involves estimating offer distribution
using changes in wage distributions. This second approach allows us to further decompose
job acceptance along the two dimension of “offer” and “employment” channels.

To reconcile results from these two approaches, I compute 4; using equation [6] and
compare it with the series using transition rates from equation [ in section [2] As shown in
figure A; estimated from two different approaches are able to produce similar movement
in levels over the two decades. A; computed from the wage distribution method gives greater
fluctuations because of the noisiness in wage observations in the UKLFS.

Subsequently, I construct the EE-UE ratio with equation [1| and compare this model-
constructed series with the one observed in figure Again, while the constructed series
generates more quarter-to-quarter fluctuations, it is able to regenerate a similar path in
levels throughout the two decades. If one shut down the “offer” channel in job acceptance,
as shown in figure the counterfactual EE-UE ratio would exhibit a similar fall as in

the observed series between 2000 and 2010. This is because workers were cutting back on
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Figure 13: Reconciling job acceptance from two approaches.
Notes: Solid line represents 4-quarter moving average of A; estimated using ratios of job transition
rate. Dash line is the 8-quarter moving average of 4; estimated using changes in wage offer
distribution. Shaded area indicates the Great Recession.

14

Contribution of job offer channel

12

EE-UE Ratio
A
L

.08
|

<
S

- 20qu1 200'5q1 201qu1 201 I5q1 202‘0q1 200I0q1 200'5q1 201'0q1 201 I5q1 202bq1
\ Observed series  ————- Constucted from model | \ Observed series  ————- WIO offer channel since 2000 |
(a) Reconciling the two series. (b) Counterfactual series without offer channel.

Figure 14: Comparison between observed and model-constructed EE-UE ratio.
Notes: Left panel reconciles the EE-UE ratio constructed from the model with the observed series
in the data. Solid line represents 4-quarter moving average of the observed EE-UE ratio. Dash line
is the 8-quarter moving average of ratio constructed using 4; estimated using wage distribution.
Right panel shows the counterfactual EE-UE ratio when offer channel in acceptance is shut down.
Shaded area indicates the Great Recession.
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search efforts and becoming more picky as they moved up the job ladder. However, without
changes in the offer distribution, the EE-UE ratio would have recovered most of its fall after
2010. This, again, indicates that the deterioration in job offers is the main driver for the

persistently low EE mobility in the past 10 years.

4 Additional Facts

There are other potential explanations to the declining EE transition rate in past decades.
First, I have a look at how much of this decline in mobility was simply due to the lack of
job openings over the business cycle. Besides, composition changes in the economy can also
play major roles in driving down the EE rate. For instance, EE mobility can be affected
by demographic changes in the labour force and structural transformation of the economy.
I examine the contribution of composition changes using a between-within decomposition

framework.

4.1 Declined EE rate is not due to poor market condition

How much of these decline in job mobility is due to cyclical fluctuations in vacancies? I exam-
ine this by specifying a standard matching function and fits it to the UK data. Specifically,
by adopting a Cobb-Douglas functional form for the matching function, total EE transitions

M¢ within a given period t is
Mf = pu(siE)7V, ™7 = BV, ™7 (9)

where p; measures the efficiency of the matching technology; s; is the search efficiency of
employed workers; and ¢ is the match elasticity with respect to number of employed workers.
Since aggregate search efficiency of the employed s; is not directly observed, I re-specify

fy = pe(s)7 as the residualised EE rates. Subsequently, the aggregate EE transition rate is

; ~ ! ~ el—o
' Ijt (i ( _t) = “tetl
Vi

where 6f = 7 Is the vacancy rate, a cyclical measure of labour market conditions. Hence,

given a value of matching elasticity o, one can obtain a log series of residualised EE rates i,

from this expression
Inf; =Inee; — (1 — o) Inb; (10)

Variations in fi; can either be a shift in workers’ search behaviour s§ or a change in the

24



Vacancy Rate (Vacancy-employment ratio)

o
2
PN
E ] \\ ——-...——’/ \'\
\~ P 4
xﬂ_\/ \_/ /
3 T /’l
' vy

= \ ..—-/\‘/_\'__'/f
E— L T T - T T T

2000qg1 2005g1 2010qg1 2015q1 2020g1

Labour Market Tightness (Vacancy-unemployment ratio)

T T T T T
2000q1 2006q1 2010qg1 2015q1 2020q1

Figure 15: UK vacancy rate and labour market tightness
Note: Quarterly series computed using UKLFS and Vacancy Survey. Vacancy rate defined as unfilled vacancy
over total number of employed workers in the quarter. Labour market tightness is defined the ratio between
unfilled vacancy and unemployed population.

matching technology p;. The former component can be further decomposed into 1) search
efficiency of employed workers and 2) their corresponding acceptance rate when they receive
an offer, which we discussed in section [2] The latter component is seen as a change in the
complexity of recruitment process. For instance, more rounds of interviews before delivering
an job offer would prolong the matching process and reduce the matching efficiency.

Equation shows that fi; can be computed using observed EE transition rates and
the vacancy rate. I take the quarterly EE rates and employment series from the UKLFS.
Vacancy information is obtained from the UK Vacancy Survey, which provides monthly
numbers of 3-month moving average of unfilled vacancies from 2002 to 2019. The Vacancy
Survey began in 2001 by conducting interviews with around 6,000 enterprises in the Great
Britain each month for their vacancy numbers. Figure [15] displays two measures of labour
market condition. In the upper panel, Although UKLFS provides workers information in
1990s, to match the availability of vacancy data, estimates of the residualised series only
cover period from 2002Q1 to 2019Q4.

Finally, one needs the elasticity parameter o to compute the series of ji; from observables.

A straightforward method of estimating o is to apply a linear regression of log EE rates on
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Figure 16: Residualised EE transition rates
Note: The left panel shows the residualised log EE series at different value of o. The red solid line displays
the series with o estimated using the variations during the Great Recession; the green dash line shows the
o estimated using OLS regression of the log EE rate on the log vacancy in the UK. The northeast panel
replicates the same residualised EE series with the value of o from OLS. The southeast panel provides a
residualised UE series obtained from the OLS regression of the quarterly log UE rate on log vacancy. Shaded
area indicates the recession period.

the log vacancy rate 05 and back out fi; as residuals. Another way is to consider that changes

in the EE rates during the global financial crisis from 2008Q3 to 2009Q2 was a pure result

. . . L. . o1 200942 Alnees .
of the deterioration in market conditions. Specifically, 1 — o >~ § > /70003 3 i Besides,

I also include two other reference values of o for sensitivity purpose.

The left panel of figure [16/shows the residualised EE series in the UK at different value of
o. It exhibits a persistent decline over the two decades and this is robust across different o
values. This shows that the sluggish performance in EE mobility since 2000 is not a cyclical
phenomenon driven by lack of job openings. Meanwhile, if one controls for the effect of
vacancies on UE rate similarly, the residualised UE transition rate doesn’t demonstrate any

secular trend despite some fluctuations, as shown in the right panel of figure |16,

4.2 Composition changes in labour market cannot explain the fall

in EE rates

Since the persistent fall in EE transition rate is a long-term phenomenon, a natural question
to ask is whether this is associated with composition shifts in the UK economy. A potential
explanation is changing demography. For instance, having an ageing labour force, in which
older workers are generally less likely to switch jobs, would implies a fall in aggregate EE
rate, even if general job search behaviour at different ages didn’t change over time. Another
potential cause is structural transformation towards professional services in the UK. The

growing importance of professional services could prolong the average recruitment process.
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For instance, since hiring a financial manager takes more rounds of interviews than recruiting
a construction worker, average EE rate falls. To jointly examine these potential channels,
I introduce a theoretical framework for a between-within decomposition of the residualised

EE rate that accounts for multiple dimensions of composition changes.

4.2.1 Theoretical Framework of Decomposition

As discussed when I introduce the residualised series fi; in section [4.1], composition shifts in
average worker characteristics and sector shares can contribute to changes in aggregate EE
rate. |Barnichon and Figura (2015) shows that fundamental changes in smaller sub-markets
can contribute to fluctuations of fi; and the authors illustrates it with the UE transitions.
Building on the framework as in [Barnichon and Figura| (2015)), I specify total EE transi-
tion M to be the sum of matches from J non-overlapping local markets. In addition, I allow
each individual job seeker 7 in each local market j to differ in search intensity s;;; based on
their individual characteristics. Hence, aggregate EE transition M is the sum of transitions

in all local markets:
My =" (s Ej) Vi~ (11)
J

where s;; is the weighted average search intensity across individuals ¢ within sector j, i.e.

Sit =Y. %fsijt, where E;; is individual weight in the survey and Ej; = Ziej E;ji; and pjy is
J

local-market-specific matching efficiency. One can manipulate equation [11] to take the form

of equation [9 and obtain the following expression

J

ME = Elcrvlfo Z Ejt ( )o H;t e
¢ = L&y vy < E, Hjt\S;jt o
where Fy, = i Ejt; V, = Zj Vie; and 0%, = }L% This implies that the residualised EE rate

[ can also be expressed as

3 E. , ge 17
TR (9—) (12)

To conduct a between-within decomposition in the residualised EE rate, I apply 2nd order
approximation to equation with s;;; around 1, pj; around p, and 6, around 6,. Here, I
normalise the average search intensity s;;; to unity without loss of generality. In Barnichon
and Figura (2015), it is the average search intensity of the unemployed which normalised to
one. While average search intensity of employed workers is usually considered less than the

unemployed in the literature, the objective here is to study the relative changes in search
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intensities among employed workers across time. Hence, changing the anchor point of the
normalization doesn’t change the qualitative results. As a robustness check, I extended this
framework by incorporating both employed and unemployed job seekers in the appendix. In
that extended framework, only average search intensity of unemployed workers is normalised
to one as in |Barnichon and Figural (2015)). Results remain robust in that setting.

The resulting expansion indicates that fi; can be decomposed into the following compo-
nentsk

e

_ p . o(l—-0o 05
Mt%/,bo{l—i-iﬁt—f—ﬂ}i—% (Var <9—£

t

> + Var (Sijt)> + Covariance Terms (13)

with

(3 y E .
RS DR ISP N Sy ()
v <9¢;> =% <£ B 1) o Var (sip) = 345 B (si— 1)

Note that p is the weighted average of local-level matching efficiency across time. Specifi-

cally,

where the second equality follow from the assumption that p; is stationary around its mean
for each local market j.

Each component in equation [L3] carries economic implications as below}

1. ¢} measures the worker effect;

[\

. 1/1{ measures the job effect;

w

. Var < Z) measures the job dispersion effect across local markets; and

-

Var (s;j;) measures the worker dispersion effect in their search intensities.

The implications of first-order effects ¢! and @Di measures the direct effect of composition
changes on the residualised EE series, which shall be discussed extensively below. The
second-order terms also carry essential economic meanings. First, as illustrated in Herz
and Van Rens (2020), job dispersion Var <(ij> measures the level of misallocation between
vacancies and job seekers across submarkets. Intuitively, greater dispersion in the vacancy-

to-job seeker ratio hampers worker reallocation rates since some firms and workers are not

5The first-order terms in the expansion with respect to 0%, is dropped since it averages to zero.

6Covariance terms consist of three pair-wise associations between average search intensity, market tight-
ness and matching efficiency within local markets. Since their overall contributions is negligible, their
implication is abstracted from here.
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taking advantage of better opportunities in forming a match in other sectors. Second, worker
dispersion Var (s;j;) measures the degree of worker heterogeneity in their search intensities
across local markets. Conditional on the sector-level matching efficiency, greater dispersion
in search intensity would reduce job-to-job mobility because workers in some sectors are
exerting more efforts on job search than they efficiently needed in other sectors. In technical
terms, due to the concavity of the matching function, greater variations in market condi-
tions and workers’ search behaviour across local markets would reduce the number of overall
matches. Meanwhile, conditional on the level of dispersion, the overall labour market would
also be more efficient if workers exert greater search efforts in a local market with tighter
market conditions or higher local matching efficiency. Hence, positive covariance relation-
ships across sector-level matching efficiency p;;, search intensity sj;; and market condition 65,
would enhance transition rates. However, since these covariance effects are quantitatively

small, they have limited contributions to changes in EE rates.

Worker Effects. The worker effect ¢! reflects how composition changes in individual’s
characteristics on their search behaviour relative to the average search intensity. To explicitly
estimate this with observed worker characteristics, I specify individual search intensity to
take the form of

sijt = exp(BXije + €ijt)

where X;;; = [1,x}jt, ,xfj(t] is a vector of observed worker characteristics and ¢;;; is the
unobserved error term, which by construction has mean zero. Subsequently, a linearisation

of 9! in equation (13| gives the following expression

K
i Eije " Eije
Vi X opE E 15 E Br (xijt - ) + OEE E 15 Eijt
. t - t
,J k=0

1,J

where 2% =T 37 37, i EEf 2% is the weighted average of observed worker characteristics k
across time. By assuming the expected individual error in each period is identically and
independently drawn from a standard normal distribution in the cross section, the second
term in equation m should converge to zero as observations grow |Z|

In the estimation, I account for Individual characteristics including gender, age groups,

education qualifications, and job tenure at current employer in last quarter in X;;. The

"The specifications of s;j¢ also affects the estimation of second-order components in equation For
instance, the unobserved error term of individual search intensity would generate interaction terms with
local within deviations and local market tightness. Yet, if we believe individual are small relative to the size
of local markets, these covariance terms between unobserved individual components and local-sector-level
variables should be negligible.

29



incorporation of job tenure at current employer is key as it allows us to control for the
workers’ “growing attachment” with their current employer. This can either come from the
worker’s seniority as they climb up the ladder internally; or some unobserved attachment
with the company. These include some amenities or social attachments that workers gain

with tenure.

Job Effect. Without inserting any restrictive structure, job effect ¥{ can be further break

down into two components:

¢gzz%(ﬂ_1>+z%<@_ﬂ> (14)
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Pure Composition Shifts Within-sector Variations

where p; is the mean value of matching efficiency p;; in local sector j across time. The
first term of equation captures the pure composition shifts of jobs across local markets
at time t. For instance, increasing shares of jobs that require a shorter recruiting process in
general (i.e. higher ;) would result in more transitions over time. While the second term is
the weighted average deviations of pj; from their corresponding means p; at a given time ¢.
Without making any assumption on the evolution of local matching efficiency 1, one can
estimate p; with local-sector fixed effects. Within-sector variation of matching efficiency can
be back out from the residuals at sector levels.

Unlike error terms in estimating individual search intensity, within-sector variation do
not vanish in the cross-section without making very strong assumptions that local matching
efficiency is time-invariant. Since within-sector variation would also capture impacts of
sectoral shocks, assuming local matching efficiencies to be time-invariant would risk omitting

an important component of the decomposition.

4.2.2 Estimation of the decomposition framework

I now present the estimation process of the decomposition framework illustrated in section
[4.2.1] First, I specify a local market as an industry in a region of the UK. In total, there are
44 local sectors with four big industry group and eleven local regions in the UK. These four
industry classes are “professional”, “sales”, “production” and “services”; while the eleven
geographical areas include all nine official regions of England, together with Scotland and

Wale’] These regions are defined broadly due to two reasons. First, they are classified

8The composition of four main industry sectors: 1) Professional includes “Information and Communica-
tion”, “Financial and Insurance Activities”, “Real Estate Activities”, “Professional, Scientific and Technical
Activities”, “Administrative and Support Service Activities” and “Education”; 2) Sales includes “Wholesale
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to fulfil the requirement of being an “island”, where between-sector transition is limited.
With the current classification of local sectors, about 90 percent of all EE transitions are
within sectors. Second, sector definition needs to accommodate data availability. An ade-
quate number of recorded transitions in each period is needed to compute the EE series for
every sub-markets. Finer definition of sectors would demand for dramatically bigger data to
implement the framework.

Parameters to be estimated in this framework include 1) a vector 8 which measures the
semi-elasticity of individual search intensity s;;; of each worker type i in each sector j at time
t with respect to their characteristics Xj;;; 2) average sector-specific matching efficiency s,
for each local sector j across time; and 3) matching elasticity parameter o.

Structurally estimating these parameters requires a measure of individual EE transition
probability. Yet, individual’s EE rates is not directly observed from the data. To overcome
this limitation, I assume individual workers to be small in their corresponding sector and
a person’s own search intensity have negligible effect on the sector-level EE rates. Given
this assumption, individual EE rate is the sector-level EE rate adjusted by the ratio between
individual search intensity and their average sectoral search intensity. Specifically, individual
EE transition rate has this expression ee;;; = %eeﬁ. As a general practice in the literature,
I also assume the instantaneous EE rate to be constant throughout each time period. Hence,

average EE transition probability within period is given by

EE;j;; =1—exp (—%eeﬁ) =1—exp (—%uﬁ;l_”) ) (15)
St 5t
Individual characteristics X,j; include duration of job at period ¢ — 1, gender, qualification
level, and age groups. These variables are available for each worker in the UKLFS.
Cross-sectional difference in worker characteristics and their corresponding search out-
comes shall help us identify 5. The second equality of equation [15]|also indicates that param-
eters pj; and o can be estimated altogether using maximum likelihood. However, since the
dynamics of pj; is unknown, I first estimate the average sector-specific matching efficiency
it; using a sector-level fixed effect. I then recover the deviation of pj; from its mean value
i; as a residual in the log linearised expression of sector-level EE rate given the estimated

parameters. Specifically, I exploit the log specification of average local EE transition rate:

Ineej; = Inp; + olnsj + (1 — o) In 65, +In(1 + Apyy)

and Retail Trade; Repair of Motor Vehicles and Motorcycles”, “Transportation and Storage” and “Ac-
commodation and Food Service Activities”; 3) Production includes “Utilities”, “Manufacturing” and “Con-
struction”; 4) Services includes “Human Health and Social Work Activities”, “Arts, Entertainment and
Recreation” and “Other Service Activities”
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where Ay is the percentage deviation from the sector mean j;. Using this expression and
the sets of estimated parameters from the maximum likelihood estimator, I can back out the
series of within-sector deviations Apj;. Subsequently, sector-level match efficiency g, can
be computed as f1;; = (1 + Apje).

The local-level market tightness 05, is defined as the ratio between numbers of vacancy
in the local industry and employed workers in local sector j at time ¢. Although the UK
Vacancy Survey provides the numbers of job openings at industry-level, regional breakdown
of vacancy counts is not available. To allocate vacancies to different regions, I turn to the
UK Jobcentre Plus vacancy data from 2004Q2 - 2012Q4 for regional information on job
openings. The Jobcentre Plus was an employment agency ran by the Department of Work
and Pensions of the UK government. It reports monthly numbers of active unfilled job
openings that were posted on this government platform at local-industry level. I compute
average shares of vacancy going into a region for each industry using this data from 2004Q2
- 2012Q4. Vacancy counts of each industry in the UK Vacancy Survey is then allocated
according to this average regional share obtained from Jobcentre Plus data. The reason that
Jobcentre Plus dataset is not a preferred source of vacancy data since it only contains a
fraction of all job openings in the economy and is not as representative as the UK Vacancy
Survey. In addition, Jobcentre Plus data does not cover period after 2012.

The set of parameters {3, 11,0} can then be calculated with maximum likelihood estima-
tor using the observed individual transition outcome. Specifically, the log likelihood function
is

InL = Yy In(EEy) + (1 — Vi) In(1 — EEy;) (16)
st

where Y;;; = 1 if a EE transition occur for individual i.

4.2.3 Result on composition changes

Implementing the decomposition framework illustrated above delivers insights on the relative
importance of each components. In short, composition shifts in worker and sector shares play
little role in explaining the fall in EE rates. Most declines in the residualised EE series occurs
within each local labour market. Since the main purpose of the exercise is to study what
drives or doesn’t drive the reduction in EE rates, discussions on the estimated coefficients of
each decomposition component are left in the appendix. Here, the discussion is focused on
each component’s impact on the EE rates.

Figure illustrates how the decomposition framework is able to recover the aggregate
EE rate. Overall, the framework provides a close fit to the observed aggregate EE rates, as

it only generates around 1% deviation from the observed series. The remaining deviation
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Figure 17: Fits of the Decomposition Framework
Note: The left panel compares the fit of constructed EE rate with the observed EE rate. The right panel
compares the fit of the residualised series with o equals the estimated value from the decomposition frame-
work.

exists because of the assumptions made in allocations of vacancies to different regions using
the Jobcentre Plus data. Since vacancies of an industry are allocated to a region by the
average vacancy share within the industry of that region in the Jobcentre Plus data, some
cross-sectional variations in the local market tightness are not accounted for. How this
limitation affects our estimated EE series depends on the covariance between the regional
vacancy share of an industry and the vacancy dynamics of that industry at a given time. If
the vacancy opening in a period is more concentrated in a region with already high average
vacancy share for an industry, this positive association will enlarge the dispersion of market
conditions. If this was the case, since a greater dispersion would hamper the EE rate, our
estimation would overestimate fi;. This appears to be the plausible reason that the fit is a
relatively off during the Great Recession, when vacancy allocation is generally found to be
more dispersed (Herz and Van Rens| 2020).

Figure presents the residualised EE rates computed using equation [12| and the same
series implied by summing up all components from equation (13 The main takeaway from
figure is that this approximation method does not leave out any essential component
of fi;. Hence, this enables us to conduct counterfactual exercises to test their corresponding
contribution of each component to falling EE rates in equation [13|

First, I test the importance of the job and worker composition effects. Surprisingly, I
find that shifts in neither worker characteristics nor sectoral shares in past decades explain
much of the decline in EE rates. This is illustrated in figure [I8] where variations associated

with worker and job composition shifts are shut down respectively. Muting the variations in
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Figure 18: Contribution of Composition Shifts
Note: The left panel compares the counterfactual EE rate with the observed EE rate (solid line). The dashed
line indicates the counterfactual series without variations associated with worker (red) and job (yellow)
composition shifts. The right panel compares the residualised series (solid line) with counterfactual series
(dash line) which shuts down the variation caused by composition shifts.

both components has only minimal effect in enhancing the EE rates. Hence, this allows us
to dismiss the idea of composition shifts, including ageing population, the influx of college
graduates, or structural transformation, to be the main cause of reduced job reallocation
rate.

Besides, second-order components in equation also have little to no contribution to
the fall in EE rates. This is because these components either exhibit no apparent trending
movement despite their fluctuation during the two decades; or the variation magnitude is
essentially too small to generate actual effects on the EE series. As a result, it shows that
job dispersion and heterogeneity in worker search efforts are not important contributors to
the reduction in EE flows.

As composition variations have limited explanatory power to the persistent decline in EE
rates, within-sector variations evolve to be the main force that drives down the EE rates in
the UK. Indeed, by shutting down within-sector variations, as shown in figure we would
not see a downward trending EE transition in past decades. This is consistent with the result
in section [3| that the persistent fall in EE mobility is due to reduction in job acceptance.
As both phenomena that workers climbing up the job ladder from 2000 to 2010 and the
subsequent deterioration of poaching offer quality after 2010 occur within sectors.

In other words, although the between-within decomposition exercise does not deliver
direct evidence on what drives within-sector changes, it delivers valuable negative results

that rule out some potential mechanisms to low EE mobility in the UK. For instance, ageing
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Counterfactual Exercise: without within variations Contribution of Within-sector Variation
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Figure 19: Contribution of Within-sector Variations
Note: The left panel compares the counterfactual EE rate with the observed EE rate (solid line). The
dashed line indicates the counterfactual series (dash line) without within-sector variations. The right panel
compares the residualised series (solid line) with counterfactual series (dash line) which shuts down within-
sector variations.

population and structural changes towards professional service sectors are not the main

drivers behind the phenomenon.

5 Conclusion

This paper tries to shed lights on the root cause of the falling EE transition rate in the
UK since 2000 with several empirical exercises. These analyses deliver a couple facts on
the sluggish EE rates. First, using the job finding behaviour of unemployed worker as a
benchmark, I find the persistent decline in the EE mobility is mainly due to the reduced
likelihood of employee accepting a poaching offer when they receive one. Second, I further
examine potential channels that may lead to decline in job acceptance rate using a dynamic
job ladder model. By fitting it to the UK data, I am able to further decompose of job
acceptance along the changes in employment and offer distributions. Result shows that
the former channel was responsible for the decline before 2010, while the later kept the
acceptance low in the 2010s. In other words, the fall in job acceptance from 2000 to before
the Great Recession was attributed to workers becoming more picky as they moved up the
job ladder. Meanwhile, acceptance was kept low after 2010 due to deterioration in job offer
distribution. Subsequently, I show that the EE-UE ratio would have recovered to average
level in early 2000s if not because of declining quality in poaching offers after the Great

Recession. Finally, I also show that fluctuations in vacancies and composition changes in
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the UK economy were not main drivers of the persistent fall in EE rate. Conducting a
between-within decomposition with a structural framework rules out composition changes
in the labour market as the main driver. This is true for both composition shifts in worker

characteristics and sectoral structural transformation.
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