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1. Introduction

Job matching models suggest that the quality ofntlaéch between a worker and a
firm can explain a number of stylised facts in ligour market, such as the positive
correlation between wages and job tenure and tkerse relationship between

separation rates and job tenure. However the nafurest datasets does not allow us
to directly identify or measure the value of matglality and tests of the predictions
of matching model and of the impacts of matchingeweral labour market outcomes

are still rare.

Our contribution in this paper is to examine whetkdata routinely collected in

household surveys and surveys of workers can bd teseonstruct a measure of
underlying match quality which helps test matchingdels and predict subsequent
labour market outcomes of workers. We use subjeatata from employees both on
reported levels of job satisfaction with variougpess of the current job and on
whether they would like a new job with a new emplotp construct a measure of the
underlying match quality. We then use this to &steral implications of matching

models relating to wage-tenure profiles, wages,sapdrations.

The basis of matching models is that workers anusfiare heterogeneous, which
implies that workers differ in their suitability thifferent firms and consequently their
productivity will vary across firms. The difficultyn workers identifying the
characteristics of the firm with precision (andevicersa) generates issues related to
selection, sorting, and turnover. Matching moddigréfore rely on imperfect
information and job mobility results as informatias revealed about the current

match or about possible alternative matches.

The quality of the match between a worker andra fg determined when the worker
enters the firm. If the match is an experience gdloeh its quality is revealed to both
worker and firm over time as the match continuesods(or productive) matches are
likely to continue and to receive higher wage affaithin the firm, while poor (or

unproductive) matches are likely to receive lowesges offers and to result in
separations from the firm. Because the qualityhef ihatch is likely to be identified

early, poor matches are dissolved earlier tharr,latich generates the negative

correlation between tenure and rates of separdfionnson 1978; Jovanovic 1979a;
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Viscusi 1980). However it also generates the pasiissociation between wages and
tenure. This correlation appears not because trerg@ayoffs to accumulated tenure
but because, as time goes by, bad matches (witbrlammges) are destroyed which
raises the average wage within a cohort. This giwerates, all else equal, lower
wages for a worker who experiences many job sdpasabecause the worker rarely
extracts the rents associated to the progressimgtifitation of the quality of the
match. If the match is a search good, and workegasnl of possible alternative
matches by searching on the job, then turnover psoaess by which worker-firm
matches are improved (Burdett 1978; Mortensen 19@8anovic 1979b). In this case
the inverse relationship between job tenure antabitity of separation results from

the growth in match-specific human capital.

Matching models also provide a framework for witfinm career progress as they
allow employers to establish individual contractghwtheir workers. Examples of
individual contracting include a system of promosmr delayed pay increases based
on the quality of the match. Promotions can algseafrom a system of counter-
offers, and are a means of eliciting cooperativieabmur between worker and firm

when alternative matches are found (Jovanovic 18784ortensen 1978).

The empirical implications of matching theory anattestimates of the determinants
of wages, job separations or promotions will beséth due to the presence of
unobserved match heterogeneity. Previous reseaash ftbcused on testing the
empirical importance of match quality in determmwages and job mobility. Early
studies attempted to do this using cross-sectidata, while the availability of panel
data sets of individuals allowed worker unobserheterogeneity to be explicitly
modelled (Topel 1986, 1991; Flinn 1986; Altonji aBtakotko 1987; Abraham and
Farber 1987; Mortensen 1988). Using a structuratleh@f wage dynamics, Flinn
(1986) reports that 38% of the variance in wagesef labour market entrants is
attributable to worker-firm-specific heterogeneiytonji and Shakotko (1987), using
an IV approach, find that match quality has a lamggative effect on the quit and
separation probability (and thus positively correthwith job tenure) and that the
cross-sectional relationship between tenure andesvag a consequence of

heterogeneity biases.



More recently the availability of longitudinal liekl employer-employee data (LEED)
allows for more direct estimation of match effedtgyether with unobserved worker
and firm heterogeneity (Abowd et al 1999; Ferré@09; Woodcock 2008). Using

LEED, some authors attempt to estimate the effécimatching and its relative

importance in explaining wages of workers. Ferr¢k@09) finds that unobserved
match effects account for 6% of wage dispersiowardkers that have entered a firm,
while Woodcock (2008) estimates that they expldiauh 16% of observed variation

in wages.

Some authors are attempting new approaches regatden measurement of job-
match quality. These have focussed on the usebpéative job-satisfaction measures
collected at the individual level in longitudinabusehold surveys (Gielen, 2008;
Gesthuizen 2008). However, in these papers matettityus being inferred from

separate job satisfaction variables which are nredson a Likert scale. We find the
partitioned and discrete nature of such measurasfficient and adopt a different
approach to measuring match quality. We find theitpened and discrete nature of
such variables insufficient and unsatisfactory ientifying and quantifying the

impact of match quality. Also using integer scoofssubjective measures may be
inappropriate as they assume even spacing betveads goints, and the distribution
of scores may be skewed (Bradley et al 1962; St#4). Instead we use factor
analysis to derive a single measure to identifyogker's (unobserved) match quality.

Our model specification follows closely that of i (1986) who uses longitudinal
data on individuals to identify match quality. Hoxee, instead of using structural
econometric models, in our approach we use faatatyais to create an index of
match quality using subjective job satisfactionadadt/e then test this index against
some predictions of the matching model, relatingh® evolution of match quality

with seniority, individual contracting and sepaoatirates. Our measure of match
guality behaves as predicted by matching modelglpoas its effect on compensation

and job mobility.

2. Data
We use nine years of the British Household Paneleyu(BHPS), covering 1998—
2006. This is a nationally representative sample, 590 private households originally

recruited in 1991 containing approximately 10,060l interviewed each successive
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year. If anyone splits from their original househty form a new household, then all
adult members of the new household are also imerd. Children in original
households are interviewed when they reach theohd&. The core questionnaire
elicits information on income and earnings, labmarket status, housing tenure and
conditions, household composition, education analtheat each annual interview.
For the purpose of our analysis we will only coesithformation on men that are in
full-time employment. We do not consider women ur analysis because of issues
relating to sample selection, non-random partiaypatin the labour market, and
secondary earners. We focus on working age merb@1i full-time employment
who do not hold a second job or multiple jobs (tevent possible contamination of

responses across jobs).

There are several advantages to using the BHP&dee analyses. Firstly the data are
longitudinal, which allow us to follow the same gpoof workers over time and
identify job mobility. Secondly, the information leected is very rich, and include
information on labour income, time with employerdaa range of individual,
household and job-related characteristics. Finakgpondents in employment are
asked a range of questions relating to their stibgevaluation of the quality of the
match with their current employer. These includesgions about job satisfaction with
various aspects of their current (main) job. Intipatar at each date of interview,
employees are asked to rank on a scale of one (etehpdissatisfied) to seven
(completely satisfied) their current job satisfantoverall, their satisfaction with total
pay, with job security, with the work itself andtiwithe total hours worked in their
current job. Furthermore, from 1998 onwards, pedpleemployment are asked
whether or not they would like a new job with a nemwployer. As we wish to include
this variable in assessing match quality, we astricted to using BHPS data from
1998 onwards. This yields an unbalanced samplehykben excluding cases with
missing information on any variables of interesasha sample size 5,192 men

contributing 21,867 person-year observations.

3. Measuring match quality
We use subjective data from employees both on regpdevels of job satisfaction in
the current job and on whether they would like & neb with a new employer to

construct a measure of the underlying match qualitg expect workers who match
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better with their current employer will report heghlevels of satisfaction with the
various aspects of their job and be less likelyefmort wanting a new job with a new
employer. The main assumption in our approach & the underlying process
generating the answers to the questions relatgabteatisfaction is the latent quality
of the match between the worker and the firm. Tioeeg our objective is to derive
from a set of separate ordinal responses to assefriguestions, one single continuous
measure that reflects the variability observedase responses. To do so we use two
strategies: (i) Chronbach’s alpha and (ii) factoalgsis.

Cronbachs’ alpha is a coefficient of consistencyd ameasures how well a set of
variables or items measures a single, unidimenklatent construct, in our case the
quality of the match. It creates a summative ratstgle composed of a set of
variables — the scale is the sum of the individigah scores (reversing the scoring for
variables that have negative correlations with fietor being measured). It takes a
value between 0 and 1, with one indicating periigtetrnal consistency. The literature
suggests that a good summary indicator should havaue of alpha of at least 0.7
(Nunnally and Bernstein 1994). The internal comsisy of the principle underlying

factor reflected in responses to variables capguob satisfaction and the desire for a
new job with a new employer yields a Cronbach’alpf 0.79 and an average inter-
item correlation of 0.38. This suggests that théividual variables all contribute to

the underlying match quality component in the samag and empirically supports

combining them into a single indicator.

We derive a single continuous measure of matchitguhlat reflects the variability
observed in responses to these questions using fatalysis, and regression scoring
in particular. Factor analysis is a data reductisethod used to describe variability
among observed variables in terms of fewer unoleserfatent) variables called
factors. Therefore, it is used to uncover the lagtructure (dimensions) of a set of
variables. It reduces attribute space from a largenber of variables to a smaller
number of factors and as such is a “non-dependeotedure. Following Zinbarg et

al. (2005) and Zinbarg et al. (2006) we use higireler exploratory factor analysis



using the principal factor method of extraction.eTloadings on the highest order

rotated factor are then used as the estimated ryatmlity loadings-

Table 1 summarises levels and changes in our ntptahty indicator between two
consecutive BHPS dates of intervieha(idt+1) by type of job mobility. This shows
that on average match quality falls slightly fromeoyear to the next while workers
that remain with the same employer have higher tharage match quality (0.02).
Workers that subsequently separate from their eyepldvave significantly lower
match quality. Those that go on to quit a job harneaverage match quality of —0.30
compared with —0.17 for those that will be laid. dfhis is consistent with theory —
separations occur where the quality of the worken-match is low. As predicted by
matching theories, workers who separate and fivd e@ployment within the next
year on average increase their match quality, wisclargest (0.56) for those who

quit.

These descriptive patterns indicate that the cocstd measure of match quality
behaves as predicted by economic theory. In Figlremd 2 we document other
evidence that suggests the match quality variabt®nsistent with the predictions of
matching models. In Figure 1 we plot average matadlity by seniority, defined as
years with the current employer. Matching modelggest that the wage-seniority
profile arises because well-matched workers renvathh the firm while poorly
matched workers leave. If this is true, then therage match quality should be higher
for workers with more seniority than for those wiéiss seniority. Figure 1 indicates
that this relationship emerges clearly in our dAtgerage match quality initially falls
as workers learn about the qualities of the firrd #reir working environment. At this
time workers in poor matches leave the firm, eith@untarily or involuntarily, and
then average match quality improves as only weliehned workers remain with the
firm. Figure 2 instead plots the average variancenatch quality by seniority. If
match quality is an experience good, then matchingels suggest that the variance
in match quality should fall with seniority, as tflew of new information to the
worker on the quality of the match declines overetiwith the firm. Initially there will
be a large flow of new information to the worker thie quality of the match, and so

! Results presented are robust to constructingahérous match quality indicator using a number of
different methods such as principle component ambgnd Cronbach’s alpha.



reported match quality will vary as the worker leaand absorbs this information and
re-evaluates the match quality towards its ‘trualue, resulting in a high match
guality variance. Over time with the firm, this anfmation flow slows as the worker
becomes familiar with his working environment, drmehce the true match quality is
revealed. This pattern is exactly replicated inuFég2, which shows that the variance

in match quality falls with seniority.

Therefore descriptive statistics indicate that match quality indicator behaves in
ways that are consistent with the predictions ofcimag models. Workers in worse
matches separate from their employer, while thosgood matches are promoted.
Similarly, workers who separate on average find legipent in firms with whom

they match better. In the remainder of the papenese these descriptive findings

more robustly using multivariate analysis.

4. Estimation

To test our measure of match quality against tlegliptions of matching theory, we
estimate a series of three models. The first sefi@sodels examines the relationship
between match quality and wages. If the qualitghef match has a non-zero impact
on wages, and if it is correlated with observaltlaracteristics, then procedures that
do not allow for match quality can result in biagstimates. In a matching model, the

log of real wages of thigh worker at thgth firm at timet (y;;) is given by:

Yig =atx B+zym+ G+ + )+ &, [1]

where a is the general mearx;, is a vector of worker characteristicg, is a vector
of firm characteristics@ captures worker-specific time-invariant unobsereéécts
(such as motivation, ability and ambition), amgl captures firm-specific time-
invariant unobserved effects (such as firm-spec#imuneration policies)y; is the

unobserved match effect (which can be, for examtie, worker-firm specific
productivity, a production complementarities comginor performance on the job)
and measures the time-invariant heterogeneity &gsdcto the match of a worker

with a firm. g, is random error.



Empirical estimations of wage equations differheit treatment of the (unobserved)

worker (8 ), firm (z;;) and match effects) ). In particular, results based on cross-

sectional individual level data and estimated usfDS assume that each is
orthogonal to the covariates. However if the unolest effects are correlated with
covariates then OLS estimates are biased and iistens The availability of

individual-level panel data allows unobserved workigects to be controlled for, and
thus removing one source of potential bias. Moreemdy, longitudinal linked

employer-employee data (LEED) have become availablsome countries which
allow for more direct estimation of match effedisgether with unobserved worker
and firm heterogeneity (Abowd et al 1999; Ferre#@09; Woodcock 2008).

However, such data typically lack contextual infatman on workers and their
background, potentially introducing omitted vareblases.

By attempting to measure match quality indirectlgni data on workers, we fall
somewhere in between. Our data are rich enoughhdlude a large amount of
contextual information on observed worker charasties and the firms in which they
are employed, as well as unobserved worker effdotsaddition we include our
measure of match quality. However as our sampbased on workers, we are unable

to include firm-specific unobservables. Thus theleido be estimated becomes:
Vit =at X B+ 2@ + 6 + yi + & [2]

We estimate [2] using within-group fixed effectshieh relies on the assumption of
strict exogeneity but allow worker-specific unohssl effects to be arbitrarily
correlated with the covariates. Matching modelsljgtethat ;7 is positive — workers in
a better worker-firm match enjoy higher wages tliaose in a poor worker-firm

match.

As well as receiving higher wages, matching mod®isdict that well matched
workers are unlikely to separate. We test our nreastimatch quality against this
theoretical prediction by estimating a job separatmodel. Here the observed

dependent variables,, is binary, taking the value one if the worker agped from
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his employer betweenandt+1 and zero if he remained with the same emplder.
separation is defined as a quit or a layoff, aschmag models predict both are more

likely when there is a poor worker-firm match. Trhedel is specified as:
S:l = Xitlgs + HI + yij’?s + ‘g‘it [3]

where s; denotes the unobservable propensity for the wallkeseparate betwedn

andt+1, x,is a vector of observable characteristics thauerite s’; . @ denotes the

individual-specific time-invariant unobservable e=ff and &,is random error. By

treating thed as random, this can be estimated using a randcgotefprobit model

under the common assumption that~ |N(O,0'£2) and are orthogonal to the other

covariates.

This framework assumes that the time-invariant seoled individual-specific
effects are independent of the observable charsiitsr This is quite realistic here as
more able and highly motivated people are, for eglapmore likely to have higher
education levels, be more aware of alternative eympént opportunities, more likely
to be promoted, and less likely to be laid off.tlns case some of the estimated

coefficients of interestf and #7) will pick up some of the effects of the unobsdea
8. To avoid this problem we relax the assumptiort thais independent of the

observable time-varying covariates, following Chamidon (1984) and Mundlak

(1978). We model dependence betwe#nand observables by assuming that the

regression function off is linear in the mean values of the time-varyipgariates:
g =8 +Xxb+yn+u [4]

We assume that are independent of and y, X refers to the vector of mean values
of the time-varying covariates over time apdefers to the vector of mean values of

match quality for individual over time. The coefficients i that correspond to the

time-invariant variables are set equal to zero.dfqu [3] therefore becomes:
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S =XuBs* Vills + XD+ i + 14 + & [5]
This is equivalent to the random effects probitwatiditional regressorg and j; .

Our models take into account a wide range of oihdividual and job-related
characteristics that are likely to determine wageparations and promotions. These
include variables intended to capture labour maskietchment, job search intensity,
job offer arrival and job retention rates. All méglénclude controls for age and its
square, highest education qualification, maritakus and number of children, and
whether the worker experienced an employment unpéion in the previous year. Job
and employer characteristics include sector of egment, firm size, trade union
coverage, pension scheme membership, place of wenkgrity, occupation, whether
receive increments or bonus payments, and whetiene tare opportunities for
promotion in the current job. Region of residencel ayear dummies are also

included.

5. Results

Table 2 presents estimated coefficients on the Mmgtality variable from wage
equations, where we normalise match quality in seofnstandard deviations from the
mean. Our estimates are consistent with matchindeiso In the OLS regression,
having match quality of one standard deviation &bthe mean relates to earning
4.1% higher wages. However this is positively biass more motivated and able
workers are both more likely to earn higher wages @ search for suitable worker-
firm matches. Within-group fixed effects estimatebjch remove such bias, reveal a
smaller coefficient that remains statistically sfgant — having match quality of one
standard deviation above the sample mean relatesantng 3.2% higher wages.
Therefore we find the measure of match qualityasistically significantly associated
with wages, consistent with theory. Furthermordyuginess and specification tests
reveal that the match quality measure yields adrighodel R than including each of
the relevant component variables in separate mo@elults available from the

authors on request).
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Table 3 shows the importance of match quality negatto other observed
characteristics in explaining wages. Row 1 pres#msR from the fully specified
model and row 2 the error. Row 3 (5) presents thesfien just the covariates (match
quality) are included, and row 4 (6) allocates thf#erence between the fully
specified model to match quality (other covariatesycording to OLS estimates
match quality explains 1-2% of the total varianeewiages, while other observed
characteristics explain 45%. The fixed effects nhaatéributes 1.1% of the total
variance in wages to match quality. These estimafethe importance of match
quality in explaining wages are in line with thdeem LEED data (Ferreira 2009).

Table 4 shows marginal effects from pooled and eanéffects probit models of job

separation. A job separation is defined as eitheuih for a better job, a layoff

(redundancy) or a quit for other reasons (lookrd&imily or home, for example). It is

intended to capture between-firm mobility. Congistevith matching models, the

probability of separation is negatively relatednmatch quality and the sizes of the
effects are relatively large and statistically #igant. In the pooled probit having

match quality one standard deviation above the nrednces the probability of

separation by 3.2 percentage points. This is elamgpact, given that the average
separation probability was 0.2. In the random e$fespecification the size of the
effect is larger, reducing the probability of sepmm by 4.4 percentage points.
Therefore, consistent with matching models, we fimat workers in a better worker-
firm match have a lower probability of subsequesgagation than workers in poorer
matches. Again, specification tests reject modettuding each component variable
separately in favour of the model including the chajuality measure.

6. Conclusions

Our purpose is to show that combining several mtistindicators of employees’

subjective perceptions of match quality into a Engomposite measure yields a
variable that behaves according to matching modeld, which allows us to identify

and quantify the impact of match quality on waged trnover. We argue that using
a single ordinal measure of job satisfaction asnaicator of match quality is too

simplistic and unsatisfactory. Instead latent mafciality is better captured using
satisfaction across different dimensions of the golol other subjective information

reported by the employee. Our approach of constigich single ‘match quality’
12



measure from responses to a number of differergtmuns related to job satisfaction
and desire for a new job with a new employer allesdo identify the relationships
between match quality and various outcomes in gplsinand direct way.The
estimated latent match-quality behaves as prediayechatching models, as does its
effect on compensation and job mobility. Furtherep@pecification and robustness
tests indicate that this composite measure imprtweéit of wage and job separation
models relative to models in which each componeamtable is included separately.
We therefore suggest its inclusion in analysehe$e topics both in order to reduce
omitted variable bias in the estimates obtained, tandirectly identify the impact of

match quality on outcomes of interest.
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Table 1: Average match quality variable by job mobility

Mean Change tot+1 N
Total -0.004 -0.020 21867
Mobility between t and t+1
None 0.022 -0.028 15307
Will quit -0.301 0.558 1064
Will be laid off/dismissed -0.174 0.101 221
Will separate for other reasons -0.213 0.025 827

Notes: BHPS 1998-2006. See text for how match tyuadifined.

Table 2: Impact of match quality on wages

oLSs FE
Match quality 0.041 0.032
[11.18] [14.58]
R’ 0.460 0.163
N observations 21867
N individuals 5192

Notes: BHPS 1998-2006. Dependent variable is laf(re
hourly wage). See text for details of other contratiables
and for how match quality is defined.

Table 3: Contribution of match quality to total wage variation

Source of wage variation Share of TSS
OoLS FE
1 Covariates & match (A) 0.460 0.163
2 Error (1-A) 0.540 0.837
Covariates first
3 Covariates (B) 0.454 0.152
4 Match (A-B) 0.006 0.011
Match first
5 Match (C) 0.016 0.011
6 Covariates (A-C) 0.444 0.152
N observations 21867 21867
N covariates 63 63

Table 4: Impact of match quality at t on probability of job separation t to t+1
Pooled Random effects

Match quality -0.032 -0.044
[12.07] [13.28]

Rho 0.108

Log-likelihood -9671.1 -9365.6

N observations 21867

N individuals 5192

Notes: BHPS 1998-2006. Marginal effects from profmibdels.
Dependent variable is experiencing a job separdtietweent and
t+1. See text for details of other control variabled for how match
quality is defined.
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Figure 1: Average match quality by seniority
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