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Non-Technical Summary

While looking for a job, unemployed people have dompete not only with other
unemployed people, but also with employed job seeki#ob search theory suggests that
employed workers look for jobs that pay a highelg&ahan their current job, while the
unemployed look for jobs that offer acceptable vgadgat which the unemployed are
indifferent between accepting the job and contigumsearch). Most models assume that all
job seekers are the same, and they only diffeneir fabour force status and in the intensity
and effectiveness of their search. Neverthelessetls lack of empirical evidence that
employed and unemployed job seekers have simikmackeristics.

From previous research using the British Labouc&®&urvey (LFS) we know that employed
people who engage in on-the-job search tend ta bveorse jobs than employed individuals
who are not searching, and that there are signfficifferences in the characteristics of
employed and unemployed job seekers, for exampieteims of qualification levels.
However, it is possible that differences betweepleged and unemployed job seekers in job
preferences and search methods used are due eéoediffemployment experiences or other
unobserved differences, which may influence bo#hirtlabour market status and their job
preferences, search methods and other observendact

In this paper we go one step further and combinia d@m the LFS with the British
Household Panel Survey from 1993 to 2007 to ingas# whether differences between
employed and unemployed job seekers persist whem differences in (un)employment
histories and unobserved characteristics are takeraccount. Even after controlling for all
these factors we find substantial differences betwamployed and unemployed job seekers,
especially in terms of qualification levels and tpamployment histories. Our results are
consistent with workers becoming locked in a seqaesf unemployment and bad jobs — a
‘low-pay no-pay’ cycle. Some people leave unemplegtrinto a ‘bad’ job from which they
will look for a ‘good’ job, but they have a low grability of entering a good job and high
probability of losing the bad job and returning tmemployment. Others, who have
comparatively worse individual characteristics, Imigever find a job at all.
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Abstract

We use the British Household Panel Survey (BHPSaralyse whether employed and
unemployed job seekers are substitutes by comp#raigindividual characteristics and past
(un)employment and job histories. Since the BHB&schot directly collect information on
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1. Introduction

While looking for a job, unemployed people have dompete not only with other

unemployed people, but also with employed job seekeAccording to search theories
employed workers look for better paying jobs white unemployed seek jobs that offer
wages exceeding their reservation wage (Burdett Modensen 1998). In theoretical job
search models, employed and unemployed job sedéyeisally apply for the same jobs

(Burdett and Mortensen 1998; van den Berg and Rid868). As potential employers do
not observe the productivity of job applicants theyay use previous or current
unemployment as a signal of low productivity. THere all else equal employers prefer
applicants who are employed (Atkinson et al. 18tksson and Gottfries 2005).

Both the theoretical and empirical literaturesgagg that employed job seekers have a
negative impact on the probability of the unemptbyi@ding a suitable job (Burgess 1993;
Eckstein and van den Berg 2007). Despite thigetiwea lack of direct evidence on whether
employed and unemployed job seekers are similat,tla@refore substitutes for each other.
The recruiting literature, which focuses on emptsy@erceptions of their job applicants,
suggests that there might be important differerimsveen unemployed and employed job
applicants (e.g. Atkinson et al. 1996). From thbour supply side, Longhi and Taylor
(2010) use the British Labour Force Survey (LFSdmpare employed and unemployed job
seekers from a cross-sectional perspective and that there are substantial differences
between these two groups in terms of individuakatiristics, preferences over the type of
job sought, and job search methods used. Thisestgthat employed and unemployed job
seekers may not be competing for the same jobsveklder, this analysis was constrained by
the lack of information in the LFS on past employwndistories; it is possible that
differences between employed and unemployed jokesgean job preferences and search
methods used are due to different employment expess. Furthermore, the analysis was
unable to control for unobserved differences betnjee seekers which may be correlated
with both their labour market status and their mieferences, search methods and other
observables. Our contribution is to extend the kwof Longhi and Taylor (2010) by
investigating whether differences between emplogad unemployed job seekers persist
when also controlling for differences in (un)emptmnt histories and unobserved
heterogeneity.

The literature on unemployment persistence suggémtt current employment is

strongly related to past unemployment (e.g. Arulalam et al. 2000; Gregg 2001), even
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when allowing for observed and unobserved diffeesnbdetween individuals. Such
persistence in unemployment indicates that the pl®yad and employed will have very
different job and employment histories, which néade incorporated into any comparison
between employed and unemployed job seekers. dfortdre, employed and unemployed
job seekers may differ in other unobservable walyer example one might speculate that,
among job seekers, those who are more likely tortgenployed at any point in time are those
who are less flexible in terms of the jobs theydfiacceptable, either because they have
higher reservation wages, or because they are flegtble in terms of other job
characteristics (e.g. occupation, permanency,.eRy)using data from the British Household
Panel Survey (BHPS) we are able to identify diffiees in past (un)employment and job
histories of employed and unemployed job seek&id t@ account for unobserved individual
heterogeneity.

A disadvantage of the BHPS, however, is that @sdaot directly identify people who
search on-the-job. Therefore we also make a metbgital contribution by using
information from the LFS to construct models of éoypd job search which we then use to
estimate the probability that employed respondentse BHPS engage in on-the-job search.
This allows us to identify a group of employed gdEekers in the BHPS whose employment
histories can be compared with those of the uneyedlo This approach maximises the
advantages of each data set.

Even after controlling for individual heterogeryegubstantial differences between
employed and unemployed job seekers remain, edlyaaiderms of qualification levels and
past employment histories. Our results are cardistith workers becoming locked in a
sequence of unemployment and bad jobs — a ‘lowspaypay’ cycle — consistent with
previous empirical research (Boheim and Taylor 2(®2wart 2007). Some people leave
unemployment into a ‘bad’ job from which they wiilok for a ‘good’ job, but they have a
low probability of entering a good job and high Ipability of losing the bad job and
returning to unemployment. Others, who have coatpaly worse individual
characteristics, might never find a job at all.

2. Data

Our main analysis is based on the BHPS, a pankboa$eholds living in the UK, in which
each member of the household is interviewed ampudihe data collection started in 1991;

the most recent wave available to date refers @y 20~or our purposes, the BHPS has two
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advantages over the LFS. The first is that itemi$i job and employment histories, allowing
us to identify differences in previous employmenpeariences between employed and
unemployed job seekers. The second is that itpareel dataset, allowing us to account for
unobserved differences across individuals in esioma Although it includes a large quantity

of information on individual and job characteristicas well as household contextual
information, like many datasets the BHPS colleasadon job search activity only from

people who are currently unemployed and not froas¢hwho are in employment. As we do
not directly observe on-the-job search in the BHRS use data from the LFS to predict the
probability that BHPS respondents engage in orjdghesearch.

The LFS is a nationally representative househaldey focussing on employment
status, education, and job characteristics. It aslseries of questions on job search to all
respondents, not only to the unemployed but alsanployed people and to those classified
as temporarily inactive. Following Longhi and Tayl(2010), we define job seekers —
whether employed or unemployed — as those who lsay &re looking for a job as an
employee; have been looking for work in the lasirfeveeks; and mention at least one
method of job search.As shown in Figure 1, the LFS indicates that leem1992 and 2009
the proportion of employed workers engaging in lbeqpbb search ranges from 5 to 7.5

percent.

Proportion employed searching job

T T T T T
1992q1 1996q3 2001q1 200503 2010q1
quarters

Figure 1: Proportion of employed workers engagingr-the-job search
Source: LFS 1992-2009.

! In contrast to Longhi and Taylor (2010), howewee, only focus on workers looking for a new job, lexing
the small proportion of workers looking for an adxhal job.
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We use this information, together with job chagastics, to construct a model of
engaging in on-the-job search which we then usepredict which employed BHPS
respondents are searching for a new?oklearly, this step of the analysis only uses job
characteristics that are available — and comparable both datasets. Current wages are
likely to be a key determinant of engaging in oa-jbb search (see Longhi and Taylor 2010),
and this is only available in the LFS from 1993 anés. Therefore our analysis is restricted
to the period 1993-2007.

The BHPS collects retrospective information on gotdl (un)employment spells that
individuals experience between two waves of datan(ahe previous 12 months). We use
this to identify the incidence and duration of umpdoyment and economic inactivity spells
that respondents have experienced in the previ@usnanths. By following the same
individuals over time, we can construct labour neaitkistories that cover the whole sample
period (or at least the periods in which resporglent interviewed). We also use this
information to identify recent changes in occupaticChanges in occupations are defined as
job changes which also involve a change in Stan@acupational Classification at the 2-
digit level, without an intervening spell of non-plmyment (see also Longhi and Brynin
2010).

We also use this information to identify workerovmoved between jobs without
intervening spells of non-employment, and can asstimat such workers were engaging in
on-the-job search at the time of the previous wi¢sv. This is an alternative way of
identifying on-the-job search, although it is arderestimate as it excludes all unsuccessful
job seekers. We use information on job-to-job nsote test the robustness of our main

results.

3. Method

3.1. Identifying employed job seekersin the BHPS
Our first task is to identify employed job seekershe BHPS. As there is no question that
asks whether employed people are searching fomajoie we do this by predicting who,

among employed BHPS respondents, are most likebntgage in on-the-job search using

2 Although the LFS has a small rotating panel conembnwhere people are interviewed for up to five
successive quarters, for our analysis we use aatly flom the last (fifth) interview, when questi@rsearnings
are asked.
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information on job search collected in the LFS.indshe LFS, Longhi and Taylor (2010)
show that job characteristics, such as wages oth&hé¢he job is temporary, are important
determinants of on-the-job search. Given the ramdeationally representative nature of
both data sets, it seems reasonable to assumthéhedlationship between on-the-job search
and job characteristics estimated using the LFSkawan also be applied to respondents in
the BHPS sample. We therefore estimate a probitemfaad engaging in on-the-job search
using the LFS sample and then use the estimate#ssgn coefficients to predict the
probability that employed workers in the BHPS sam@hgage in on-the-job search. The
probit model is estimated separately for men anch&roand conditional on being employed,

where 0 = not searching and 1 = searching for ajobywia the latent variablg;:

Yij = X'1i Bj + &ij (1)

whereg;; are i.i.d. and follow a multivariate normal dibttion;i represents individuals amnd
represents choices. Hence, the probability of mfosg individual i in stateq is the
probability thaty,q > y; for eachj # q.

Explanatory variables include only characteristiésthe current job: dummies for
whether the job is temporary, part-time, in the lmubector, and for occupations, job tenure
and its square, gross weekly wages, and hours . withe model also includes one variable
aggregated at the regional level, the proportionobf seekers who are employed in each
guarter and region, which captures local labourketaconditions that are likely to influence
the decision to engage in on-the-job search (esgaRdes 1994; Longhi and Taylor 2010).
Dummies for Government Office Regions, year andtguare also included.

We use the estimated regression coefficients fravdel (1) to predict the probability
that each employed respondent in the BHPS engages-the-job search. Given that the
proportion of employed workers engaging in on-thie-gearch is around six percent and

varies little over the business cycle (Longhi amyldr 2010), for each year of the sample we

% The exclusion of individual characteristics frohetmodel does not reduce its predictive power, ted
descriptive statistics of employed job seekershim two data sets (LFS and BHPS) are more similaanwh
individual characteristics are excluded. In terofigob characteristics, it might be argued that fehure is
endogenous in this context as individuals who Heean in the job longer are in a better match arldssolikely
to search, while those in poor matches will haveea®ed and found better matches. However, forahiysis
endogeneity is not an issue since the purposeisfntibdel is to predict who in the BHPS is more lijkeo
engage in on-the-job search, rather than identifgimusality. Furthermore, excluding job tenure masmpact
on the results: models excluding job tenure leathéosame classification of workers between seagcand not
searching for a new job.



identify employed searchers in the BHPS as thospesicent of respondents with the highest

probability of engaging in on-the-job search.

3.2. The impact of employment histories on job search

Having identified the group of employed job seekeve use BHPS data to compare the
individual characteristics and past (un)employmant job histories of employed and
unemployed job seekers. We model the employmatisiof job seekers, and account for
individual heterogeneity by estimating a randoneet logit model. In doing so we relax the
typical (and restrictive) assumption of independebetween observed characteristics and
unobservables by including the within-individual ane of the time-varying covariates
among the explanatory variables (Mundlak 1978Jence, we model the probability that the
job seeker is either employgdH 0) or unemployed & 1) at timet via the latent variablg;:

Zig = X'oit 75 + 05 + &y (2)

whereq; are the individual-specific random effects, ane tandom errorsg; are i.i.d. and
follow a logistic distribution. The probability @bserving individual in statusg at timet is
the probability thatzy, > zy for eachj # g. Explanatory variables in xXinclude age,
household structure and education, dummies fororegind year, plus a set of variables
summarising the previous (un)employment and jobohysof the job seeker. Among these
we have dummies for whether the job seeker hadhemployment or an inactivity spell in
the previous 12 months (which we label ‘recent$tidiguishing between spells that were
shorter and longer than 3 months; dummies foreraulhemployment or inactivity spells that
lasted longer than three months; and dummies foenteand earlier occupational change.
These allow us to identify whether employed andmpleyed job seekers differ in terms of
their unemployment experiences and their occupatistability. The rationale behind the
choice of these variables is related to the perscst of unemployment. It is reasonable to
expect that shorter unemployment and inactivityllsp@ight have a smaller impact than
longer spells on the current probability of beingumnemployed rather than employed job

seeker, and that earlier spells have a smallerdttpan more recent spells. We also assume

* A fixed effects logit model produces results veimilar to those from the random effects model smobut
has the disadvantage of not directly estimatingitmgact of important time-invariant characteristmsch as
education. Hence, the results of the fixed effegit model are not shown, but are available oruesg
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that only earlier spells that lasted more thandahmonths have an impact on the current
situation.

We identify employed job seekers on the basishefgrobability that an employed
worker engages in on-the-job search at a certaint po time rather than on questions
regarding job search activities. Therefore onjtiesearch is measured with error. At the
extreme, none of the people we identify as emplggbdseekers may engage in on-the-job
search, and our models would simply compare empéoynhistories of employed and
unemployed people, and previous research has ¢ strong causal relationships
between past and current unemployment (e.g. Aruddenp et al. 2000). Therefore
differences between employed and unemployed jolkeseemay be overestimated if
employed job seekers are more similar than the @edlwho do not search to unemployed
people. We run some sensitivity analyses and ttestrobustness of our results against
different definitions of employed job seekers. @fi¢hese identifies job seekers within the
BHPS as people who will move from job to job withhe following 12 months without an
intervening employment interruption (and who therefmust have engaged in some form of

on-the-job search).

4. Reaults

4.1. Identifying employed people searching on-the-job

The impact of job characteristics on the probapilif engaging in on-the-job search,
estimated using the LFS, is shown in Table 1. fHide suggests that having a temporary
rather than a permanent job is one of the most itapbfactors motivating people to search
while employed, increasing the probability of engagin on-the-job search by 4.5
percentage points for women and 4.8 for men. Hpsaipart-time job seems to deter women
from engaging in on-the-job search, as suggestedobghi and Brynin (2010), although it
reduces the probability by less than one percergagg. For women, part-time employment
might be a choice more than a constraint, and mosten working part-time might not want
a full-time job (B6heim and Taylor 2004). This angent is supported by the finding that
working more hours per week has a small positivpaich on the probability of women
engaging in on-the-job search. Longer job tenume lEgher wages also deter people from
engaging in on-the-job search. Finally, a high@pprtion of job seekers in the region who
are employed — as opposed to unemployed — hasitav@aospact on on-the-job search. All

these results are consistent with those reportddhyghi and Taylor (2010).
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Table 1: Determinants of on-the-job search (LFS312907)

0 = employed not searching ) 2)
1 = employed searching Men Women
Coefficients Marginal  Coefficients Marginal
effects effects
Job temporary 0.437*** 0.048*** 0.416*** 0.045***
(0.025) (0.003) (0.024) (0.003)
Part-time 0.047 0.005 -0.075*** -0.008***
(0.039) (0.004) (0.024) (0.003)
Gross weekly pay (hundreds) -0.041%** -0.005%*** 0a8*** -0.005***
(0.004) (0.000) (0.006) (0.001)
Years of job tenure / 10 -0.277*** -0.031*** -0.319 -0.034x**
(0.026) (0.003) (0.030) (0.003)
Years of job tenure / 10 squared -0.017 -0.002 43.02 0.003*
(0.010) (0.001) (0.014) (0.001)
Public sector -0.006 -0.001 -0.024 -0.003
(0.018) (0.002) (0.016) (0.002)
Usual hours per week / 10 0.007 0.001 0.077*** 8100
(0.009) (0.001) (0.010) (0.001)
Proportion job seekers who are
employed (%) 0.008*** 0.001*** 0.006** 0.001**
(0.003) (0.000) (0.003) (0.000)
Pseudo R 0.052 0.034
Observations 119398 94053

Probit model. Standard errors in parenthesis lugtered by quarters x regions; other explanatanyables:
dummies for occupations (pre- and post- 2000)oregjiyear, and quarter. * Significant at 10%, trificant
at 5%, *** Significant at 1%

We now use these estimated regression coefficterpigedict who, among employed
BHPS respondents, is most likely to engage in eqidb search. The individual probability
of engaging in on-the-job search varies over tinw, only because of potential changes in
the characteristics of the job, but also becaug@efmacroeconomic climate captured in the
model by time dummies and the proportion of jobkees that are employed by quarter and
region. These capture differences over time agomns in the overall propensity to engage
in on-the-job search, which are related to exogemacroeconomic events.

The predicted probabilities of respondents engaginon-the-job search range from
almost zero to a maximum of 27%, with a median &% The distribution of these
probabilities is shown in Figure 2. Such low poteld probabilities are not surprising, given
that the LFS data indicates that only six percdnéroployed people engage in on-the-job
search. Therefore for each year of BHPS data wk m@en and women according to their
predicted probability of being an employed job sFelkand categorise as employed job

seekers the six percent of workers with the higlpesbability of engaging in on-the-job
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search. Hence, the threshold probability usedeatify those searching on-the-job varies by
year, and ranges from 8 percent to 11 percent. leTalshows how the threshold varies
between 1993 and 2007, together with the numbeBHPS respondents who are then
classified as employed workers engaging and nagng in on-the-job search.

15

Density
10

0 1 2 3
Probability on-the-job search

Figure 2: Distribution of the probability of engagiin on-the-job search (BHPS respondents)

Table 2: Threshold probability of engaging in or-jbb search (BHPS 1993-2007)

Threshold Employed not searching Employed searching  Unemployed
Year Probability (%) (observations) (observations) (observations)
1993 9.14 3838 246 546
1994 10.30 3919 251 508
1995 10.70 3878 248 392
1996 11.32 4081 261 393
1997 11.14 4654 298 408
1998 9.86 4650 297 365
1999 9.90 6388 408 588
2000 10.77 6362 407 568
2001 9.50 6352 406 514
2002 9.42 5637 360 424
2003 8.86 5514 353 458
2004 8.77 5343 342 371
2005 8.29 5284 338 407
2006 9.22 5379 344 409
2007 8.74 5130 328 322




Table 3a for men, and Table 3b for women, comfaeandividual characteristics of
employed people searching and not searching inL#® with those that we define as
employed and searching and non-searching withilBtheS. For comparison, the individual
characteristics of the unemployed in the BHPS @ iacluded. These descriptive statistics
refer to the samples only, and are therefore urtwedy The tables indicate that the average
characteristics of men and women identified as eygul job seekers and non-seekers in the
two surveys are similar. For example employed gebkers are on average younger than
non-seekers and are less likely to be married. siStent with Longhi and Taylor (2010), the
table also indicates that in the BHPS sample uneyepl people have lower levels of
education than employed people; this is especially for men. Almost all the differences

between BHPS groups are statistically significant.

Table 3a: Individual characteristics: BHPS and 11883-2007 (men)

Employed men  Employed men  Unemployed

not searching searching men

Dataset: LFS BHPS LFS BHPS BHPS

age 39.13 38.67 34.17 31.12 34.12
Married 0.605 0.749 0473 0471 0.486
Children 0-15 0.380 0401 0.377 0.299 0.391
Degree 0.190 0.173 0.244 0.189 0.088
Higher qualification 0.108 0.336 0.116 0.258 0.186
GCE, A levels and lower 0.608 0.382 0.578 0.472 0.431
Other or no qualification 0.095 0.109 0.063 0.082 0.296
Recent unemployment spell <= 3m 0.019 0.120 0.053
Recent unemployment spell > 3m 0.018 0.112 0.096
Recent inactivity spell <= 3m 0.005 0.026 0.023
Recent inactivity spell > 3m 0.016 0.115 0.092
Recent occupational change 0.055 0.183 0.086
Earlier unemployment spell > 3m 0.037 0.115 0.149
Earlier inactivity spell > 3m 0.032 0.181 0.131
Earlier occupational change 0.092 0.175 0.084
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Table 3b: Individual characteristics: BHPS and L1RS3-2007 (women)

Employed women Employed women Unemployed

not searching searching women

Dataset: LFS BHPS LFS BHPS BHPS
age 38.06 37.95 33.70 30.50 33.33
Married 0.579 0.718 0.404 0.505 0.419
Children 0-15 0.397 0.405 0.376 0.356 0.409
Degree 0.158 0.162 0.235 0.263 0.094
Higher qualification 0.138 0.298 0.136 0.228 0.181
GCE, A levels and lower 0.578 0.428 0.560 0.459 0.477
Other or no qualification 0.127 0.113 0.068 0.050 0.248
Recent unemployment spell <= 3m 0.019 0.147 0.053
Recent unemployment spell > 3m 0.016 0.090 0.058
Recent inactivity spell <= 3m 0.009 0.062 0.027
Recent inactivity spell > 3m 0.053 0.277 0.123
Recent occupational change 0.062 0.209 0.083
Earlier unemployment spell > 3m 0.027 0.064 0.084
Earlier inactivity spell > 3m 0.095 0.361 0.174
Earlier occupational change 0.095 0.129 0.081

In Tables 3a and 3b we also make an initial comparof previous experiences of
employment and economic inactivity between emplogad unemployed job seekers, and
employed people who do not engage in on-the-jobckeasing BHPS data. This indicates
that employed job seekers are most likely to haygerenced unemployment or inactivity
spells in the previous 12 months; these spells lads@ been slightly longer (note that this
table includes long term unemployed). Employed gebkers are also most likely to have
had occupational changes in the past perhaps titica less stable employment trajectory.
Unemployed people are most likely to have expegdnearlier unemployment spells, and
least likely to have experienced previous occupaliochanges. Unemployed people
generally seem to have experiences that lie betwesse of employed people not searching
and employed people searching for a new job. &rbxt section we supplement these

bivariate descriptive statistics with more completativariate econometric models.

4.2. Differences in (un)employment histories among job seekers

Table 4 presents results from models exploring ithpact of observed and unobserved
individual heterogeneity and employment histories leing an unemployed rather than
employed job seeker. The numbers presented ar®ratids, so an estimated effect of less
than (more than) one indicates that the charatitayiseduces (increases) the probability of a

job seeker being unemployed. We initially estimategit model pooling observations over
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the years, thus ignoring the panel nature of th&8Hata. The results, shown in column (i)
of Table 4, are consistent with previous researgtarried people are less likely than single
people to be unemployed rather than employed j@kess, while men with dependent
children are more likely to be unemployed rathemtlemployed job seekers. Furthermore,
we find that the probability of being an unemployather than employed job seeker is lower
for the more highly educated. This is consisteith wtudies of recruitment behaviour, who
find that one of the reasons why the unemployedatayet a particular job is that they do not
meet the job requirements in terms of qualificateomd experience levels (e.g. Gorter et al.
1993; Behrenz 2001). The question, however, resnaibout the extent to which these
differences are due to differences in unobservadadteristics across individuals.

The models in column (ii) of Table 4 present thsults of the random effect logit
models. Although some of the impacts of the indlnal characteristics (such as marital
status) lose their statistical significance, thathe level of education remains. Therefore
although time invariant unobserved individual cloggestics do seem to play a role in the
probability of being an unemployed rather than eyl job seeker, qualifications play a
role over and above such unobserved characterisi¢ghis point we could speculate that
the impact of education is related to the lowetbgitulity that highly qualified people have of
experiencing unemployment. We examine this in mwolu(iii) of Table 4, which also
includes information on employment histories. Hoarea comparison of the estimates in
columns (ii) and (iii) reveals that the impact afadjfications is generally robust to allowing
for differences in previous labour market trajeigsr

The impacts of previous labour market experiemcicate that past experiences of
unemployment reduce the probability that the jolekee is unemployed rather than
employed: those who had an unemployment spellenptst are more likely to currently be
an employed rather than unemployed job seekers ishionsistent with the idea that there is
some turnover in unemployment: the unemployed #&te & find a job, but then keep
searching while in the new job. Those with no upkrtyment experience are likely to be
employed people who are not searching (see alswbahd Table 3). Table 4 also shows
that the impact of longer unemployment spells iggda than the impact of shorter
unemployment spells, especially for women, and #datier spells have a smaller impact
than recent ones, as we might expect. A recewtivity spell increases the probability that
the job seeker is unemployed rather than emplogelgast for men. This may indicate that
men move from economic inactivity into unemploymant then from unemployment into a

(bad) job in which they keep searching for a neao( job. Once again, longer spells have
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larger impacts than shorter spells. However aasfpells of inactivity reduce the probability
of being unemployed for both men and women: jolkesesewho had an inactivity spell more
than one year ago are more likely to be employdterahan unemployed. At least for men,
recent occupational changes increase the prohathiht the job seeker is unemployed rather

than employed, thus suggesting an unstable caatier p

Table 4: Determinants of being an unemployed rétam employed job seeker: BHPS 1991-2007

(i) (ii) (iii)
Logit model Random effect Random effect
Logit model Logit model
Men Women Men Women Men Women

Age 1.027 0.968 0.724* 0.759 0.748 0.765

(0.019) (0.031) (0.137) (0.356) (0.145) (0.383)
Age square 1.000 1.001 1.000 0.998 0.999 0.997

(0.000) (0.000) (0.001) (0.002) (0.001) (0.002)
Married 0.665***  0.684*** 0.862 0.507 0.822 0.533

(0.057) (0.078) (0.191) (0.210) (0.184) (0.232)
Children 0-15 1.506*** 0.966 1.503** 1.226 1.526** 1.265

(0.107) (0.104) (0.261) (0.486) (0.270) (0.539)
First or higher degree 0.270** 0.157** 0.165*** .055*** 0.151** 0.057***

(0.033) (0.036) (0.033) (0.022) (0.030) (0.024)
Other higher qualification 0.377** 0.316*** 0.256* 0.157*** (0.258*** (.153***
(0.043) (0.068) (0.044) (0.054) (0.045) (0.057)

GCE, A levels and lower 0.434** 0.341** 0.306*** 0.188*** (0.318*** (0.168***
(0.045) (0.069) (0.049) (0.060) (0.051) (0.058)
Recent unemployment spell <=3m 0.439***  0.482**
(0.075) (0.171)
Recent unemployment spell >3m 0.451***  (.239***
(0.066) (0.102)
Recent inactivity spell <=3m 1.726* 2.604*
(0.485) (1.442)
Recent inactivity spell >3m 2.451**  2.094*
(0.561) (0.909)
Recent occupational change 1.394** 1.151
(0.201) (0.397)
Earlier unemployment spell >3m 0.621*** 0.903
(0.088) (0.378)
Earlier inactivity spell >3m 0.607**  0.343**
(0.132) (0.148)
Earlier occupational change 1.039 0.954
(0.159) (0.334)
Log likelihood -3735 -1388 -3512 -1335 -3411 -1292
Observations 6030 2256 6030 2256 6030 2256

Odds ratios from (random effects) logit modelsarftard errors in parenthesis are clustered by ichals in
the logit model; other explanatory variables: dueenfor regions and year plus means of time-varying
covariates over time. * Significant at 10%, ** 8Sificant at 5%, *** Significant at 1%
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Given the role played by qualifications in shapihg probability that the job seeker is
unemployed rather than employed, we have re-estindhe models separately by
qualification level to verify whether differencegtiveen employment histories still play a
role when we compare workers with the same quatibo level. We do not show the results
here, as they confirm the main findings highlightedrable 4. For all qualification levels
previous unemployment significantly reduces thebphility of being an unemployed rather
than employed job seeker. Earlier economic inggti@lso reduces this probability while
recent inactivity increases it. Occupational cleanigave little impact.

4.3. Sengitivity of the results

The validity of our results relies crucially on tlability to accurately identify employed
people in the BHPS who engage in on-the-job seafetiure to do so would result in models
that simply compare the unemployed with the employAs robustness checks, we therefore
compare results using different strategies to iflenh-the-job search. The results are shown
in Table 5a for men and 5b for women. For comparishe first column of the table reports
the same models shown in the last two columns dileT&, i.e., those in which the
comparison group — employed job seekers — are etbfas the six percent of employed
people in the BHPS with the highest probabilityeafjaging in on-the-job search.

In column (ii) of the tables we present resultsrfrchanging the threshold separating
employed people not searching from those seardrmfe job from 6 to 15 percent. Hence,
we classify as employed job seekers those 15 peateemployed BHPS respondents with
the highest probability of engaging in on-the-jamich. We then show the results from
moving the threshold from 15 to 100 percent, thosygaring all employed people to the
unemployed (column (iii)).

A comparison of the estimates across these colunuisates that, in the most part,
the odds ratios on individual characteristics doet@mnge much from column (i) to column
(i), but change significantly from column (ii) fwolumn (iii). The impact of qualifications
changes only marginally when moving from columnt@)column (ii), but becomes much
smaller in column (iii), especially for men. Théferences between the coefficients of the
gualification dummies are all statistically sigondnt for men, while for women only the
difference between the coefficients of the ‘degici@hmy is statistically significant. Models
(i) and (iii) also produce statistically differerdoefficients on the dummies for recent
unemployment spells and recent occupational chésrgeen; and on the coefficients of the

earlier unemployment spells for women. Overakstnhresults support our way of predicting
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on-the-job search, as including in the analysis leygal people not engaging in on-the-job

search reduces the observed differences betweamplmyed and employed job seekers.

Table 5a: Determinants of being an unemployed rdttem employed job seeker; sensitivity analysis

(men)
(i) (ii) (iii) (iv)
6% with 15% with All employed Job-to-job
highest highest people moves
probability  probability (100%) (BHPS)
on-the-job  on-the-job
search search
Age 0.748 0.808 0.697*** 0.656***
(0.145) (0.110) (0.079) (0.026)
Age square 0.999 1.001* 1.003*** 1.001**
(0.001) (0.001) (0.000) (0.000)
Married 0.822 0.783 0.719*** 0.719*
(0.184) (0.124) (0.090) (0.107)
Children 0-15 1.526** 1.404*** 1.113 1.298**
(0.270) (0.182) (0.113) (0.158)
First or higher degree 0.151*** 0.144*** 0.248*** .D95***
(0.030) (0.023) (0.035) (0.042)
Other higher qualification 0.258*** 0.240*** 0.321* 0.382%**
(0.045) (0.032) (0.037) (0.046)
GCE, A levels and lower 0.318*** 0.326*** 0.413*** 0.461***
(0.051) (0.040) (0.044) (0.050)
Recent unemployment spell <=3m 0.439*** 0.531*** 781** 0.687**
(0.075) (0.073) (0.094) (0.100)
Recent unemployment spell >3m 0.451*** 0.479*** BB 0.692***
(0.066) (0.056) (0.068) (0.089)
Recent inactivity spell <=3m 1.726* 1.840%*** 2.358* 1.833**
(0.485) (0.421) (0.491) (0.463)
Recent inactivity spell >3m 2.451*** 2.746%** 3.08%* 4.714%**
(0.561) (0.498) (0.519) (2.003)
Recent occupational change 1.394** 1.332*** 1.692** 1.951***
(0.201) (0.148) (0.165) (0.222)
Earlier unemployment spell >3m 0.621*** 0.629*** @B 7*** 0.426***
(0.088) (0.068) (0.066) (0.055)
Earlier inactivity spell >3m 0.607** 0.741* 0.833 D1
(0.132) (0.130) (0.134) (0.179)
Earlier occupational change 1.039 0.975 0.923 ¥:347
(0.159) (0.110) (0.092) (0.162)
Log likelihood -3411 -5060 -6586 -4390
Observations 6030 14601 43653 11949

Odds ratios from random effects logit models.
dummies for regions and year plus means of timghvgrcovariates over time.
Significant at 5%, *** Significant at 1%
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Table 5: Determinants of being an unemployed ratien employed job seeker; sensitivity analysis

(women)
(i) (ii) (iii) (iv)
6% with 15% with All employed  Job-to-job
highest highest people moves
probability  probability (100%) (BHPS)
on-the-job  on-the-job
search search
Age 0.765 1.068 0.657*** 0.655***
(0.383) (0.260) (0.090) (0.027)
Age square 0.997 1.000 1.003*** 1.002***
(0.002) (0.001) (0.001) (0.001)
Married 0.533 0.667* 0.704*** 0.694***
(0.232) (0.164) (0.090) (0.093)
Children 0-15 1.265 0.731 0.928 0.772**
(0.539) (0.175) (0.110) (0.094)
First or higher degree 0.057*** 0.142%** 0.334*** 023***
(0.024) (0.030) (0.049) (0.064)
Other higher qualification 0.153*** 0.333*** 0.424* 0.528***
(0.057) (0.062) (0.053) (0.069)
GCE, A levels and lower 0.168*** 0.494*** 0.517*** 0.639***
(0.058) (0.085) (0.059) (0.075)
Recent unemployment spell <=3m 0.482** 0.921 1.294* 1.011
(0.171) (0.216) (0.195) (0.163)
Recent unemployment spell >3m 0.239*** 0.439*** 06>+ 0.645**
(0.102) (0.104) (0.078) (0.110)
Recent inactivity spell <=3m 2.604* 1.563 2.079**  2.002*+*
(1.442) (0.558) (0.445) (0.457)
Recent inactivity spell >3m 2.094* 2.473*** 2.708** 3.778%*
(0.909) (0.680) (0.443) (0.704)
Recent occupational change 1.151 1.429* 1.564***  103***
(0.397) (0.302) (0.180) (0.259)
Earlier unemployment spell >3m 0.903 0.846 0.550***  0.438***
(0.378) (0.209) (0.079) (0.074)
Earlier inactivity spell >3m 0.343** 0.473*** 0.618" 0.598***
(0.148) (0.125) (0.099) (0.106)
Earlier occupational change 0.954 1.308 1.028 ¥*F57
(0.334) (0.273) (0.120) (0.230)
Log likelihood -1292 -2530 -4934 -3320
Observations 2256 5031 43866 10523

Odds ratios from random effects logit models.
dummies for regions and year plus means of timgivgrcovariates over time.

8tad errors in parenthesis; other explanatory bl
* Significant at 1098, *

Significant at 5%, *** Significant at 1%

Finally, it seems reasonable to assume that eraglpgople who move between jobs
without any intervening spell of non-employment gzgeearching while in their previous job.
Therefore an alternative way to identify employeld geekers is to use job-to-job moves with
no intervening non-employment spells. Although-johob moves can be identified from

the BHPS, this only identifies those who are susfcesn their search (i.e. people who
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subsequently experience a job-to-job move). Thighinbe a highly selected group of all
employed people who engage in on-the-job searcline models comparing successful
employed job seekers to unemployed people are showolumn (iv) of Tables 5a and 5b,
and the results are more consistent with thoseluman (iii) rather than those in columns (i)
and (ii)). The similarity of the estimates in colusn(iii) and (iv) suggests that job-to-job
moves might not be a good way to identify emplogedple engaging in on-the-job search;

at least when interviews are one year apart.

5. Conclusions

Our aim in this paper is to compare (un)employntestiories of employed and unemployed
job seekers in Great Britain. Although data onhshistories is available from the British
Household Panel Survey, this contains no infornmatio on-the-job search. Therefore we use
estimates from job search models based on LFStdadentify employed respondents in the
BHPS who are most likely to engage in job seardlviac We find substantial differences
between employed and unemployed job seekers. Orageveemployed job seekers have
higher levels of education than unemployed job segkand different past employment
histories. Overall results suggest that unemplqeaple transit into ‘bad’ jobs from which
they keep looking for a ‘good’ job to exit unemphognt. Job seekers who are employed
might have accepted job offers which were not idaatl are likely to engage in on-the-job
search when in the new job. However, job seekéis search for a new job also seem to be
in unstable jobs, with few chances to find a ‘gojmii and therefore to stop searching. Such
people might be locked in a sequence of unemployraed bad jobs (a low-pay no-pay
cycle), while others, with comparatively worse wdual characteristics, might never find a

job at all.
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