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Abstract

The paper examines the labour quality explanatibthe employer size—-wage gap:
larger firms pay higher wages because they emplayenskilled workers. Most
previous studies control for unobserved skills ofkers using longitudinal data and the
fixed effects estimator thus relying on a questm@aassumption of time-invariant
unobserved individual heterogeneity. This papeeasds this assumption by using a
sample of workers who simultaneously hold two jdisnce, identification is achieved
by differencing across two jobs held at the samme tiather than in different periods. A
caveat of this approach is possible heterogenéitlyeotwo jobs; this issue is discussed
in details in the paper. Based on data from theQilarterly Labour Force Survey, this
study finds little support for the labour qualityptanation: controlling for unobserved
skills in the sample of moonlighters does not redilhe estimate of the wage gap.
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1. Introduction

The effect of employer size on wages is a well-doented fact in the empirical literature on
wage determination. The empirical regularity treagér firms pay more relative to small ones
was discovered by Moore (1911) and has been suggportsubsequent studies (Oi and Idson,
1999). The magnitude of the effect is substanBabwn et al. (1990) reported for the US that
hourly wages in firms with 500 or more employeesen85 percent above wages in firms with
fewer than 25 workers — which is comparable togheder wage gap and exceeds the wage
differential associated with race or unionism. Redhly similar results hold for other
countries, regardless of differences in their laboarkets (e.g., Lallemaret al, 2005).

The fact that wages rise with employer size hasnbeéely interpreted in the
framework of the human capital theory. Developedbygker (1962) it states that differences in
observed wages reflect skill differentials betweenkers so that no worker gets above-market
wage, given his level of skills and experience. §haccording to this theory, larger firms can
pay higher wages if they employ more skilled woskerhis constitutes the so-called labour
quality explanation of the employer size—wage ptemi

The theoretical literature provides several reasmto why larger firms may employ
more skilled workers (see Oi and Idson, 1999 fauesey). Hamermesh (1980) suggests that
large firms hire more skilled labour due to theieajer capital intensity (stemming e.g., from
better availability and superior terms of creditfdahe complementarity of physical and human
capital in the production process. Dunne and Sch(i®92) argue that large firms are more
likely to employ more sophisticated capital equiptgnce they have larger amounts of output
over which to amortize the fixed costs associatétth wdopting such capital. If there is a
complementarity between the degree of sophisticatib physical capital and the skills of
workers, then large firms will employ more skillegbrkers. Oi (1983) suggests that higher
entrepreneurial ability (that generates larger $irrimcreases the quantity of decision-making

per hour, but does not affect the intensity of veorknonitoring. In this case more able



entrepreneurs, in order to save on monitoring qustffer to have the same quantity of labour
services supplied by fewer workers and thereforgleynmore skilled labour. According to
Kremer (1993), Kremer and Maskin (1996) and Trodld99), employers find it advantageous
to match workers of similar skills together; if ing of more skilled workers is associated with
large fixed costs (e.g., due to more-formal regrgiand training processes) which can be more
easily absorbed by large firms, these firms wowddrwore likely to match high skilled workers
together:

The labour quality explanation finds some suppaortempirical studies: there is
abundant evidence that more productive employadsyins of the usual proxies like education
and experience, are found in larger firms. Indellling observable characteristics of workers
into a simple regression relating wages and fize sonsiderably reduces the coefficient on the
firm size variable (Oi and Idson, 1999). Howevesjgnificant part of the employer size-wage
gap remains unexplained and this rationalizesdba that unobserved heterogeneity of workers
may account for the reminder of the wage gap.

Empirical evidence on the role of unobservablesxplaining the firm size-wage
differential is mixed. Some studies find that thege gap decreases after controlling for
unobservable characteristics of workers via fixdiats or estimating selectivity-corrected
models (e.g., the two-stage Heckman model in wihehfirst stage is intended to predict the
size category of the firm a worker would be empthyd-or example, by applying the fixed-
effects estimator to longitudinal data from US, Bnoand Medoff (1989) find that differences
in unobserved characteristics of workers accounbf@-half of the firm size—wage gap. Evans
and Leighton (1989) report even higher figures ftbeir study based on panel data: 60 to 100
percent of the differential disappear after cotitrglfor unobserved skills. Using information

on job changes and search behaviour of workersaMEbmer and Zweimueller (1999) find

! Explanations of the employer size-wage gap thatnat related to the quality of labour refer to the
efficiency wages, unionisation avoidance, compengatage differentials and the market power of the
firm, among others. For example, the efficiency avélgeory states that larger employers will choose t
pay higher wages to reduce the amount of monitoifirthe cost of detecting shirking rises with the
number of employees in the plant.



that worker heterogeneity can account for halfhef differential in Switzerland. Abowd and
Kramarz (2000) control for both individual unobsedvskills and firm fixed effects with
employer-worker matched data and find that firnesizage differentials are 70 percent a result
of firm heterogeneity and 30 percent a result dhildual heterogeneity. Using data from ltaly,
Brunello and Colussi (1998) estimate a Heckman gglectivity-corrected model and conclude
that the wage premium is almost entirely explaineg differences in the observed
characteristics and by non-random allocation ofkes to jobs.

Other studies report the opposite result: unobseneterogeneity does not matter or, if
it does, the non-random allocation of workers redu@ather than magnifies the firm size—wage
gap. For example, Idson and Feaster (1990) who ttieasize of the firm at which a worker is
employed as endogenous and correct for selectbidg, find evidence of negative/positive
selection in large/small firms: a random assignnoénworkers would have resulted in a larger
difference between wages paid by large and snrafisfi Using a similar methodology, Main
and Reilly (1993) found no evidence of non-randartisg of workers and hence no support
for the labour quality explanation of the firm simage gap. Using a continuous measure of
establishment size, Albae al. (1998) report large plant-size effects even aftentiolling for
individual and job characteristics as well as felestion effects (which they find unimportant).
Evidence of non-random selection — that smallenditire workers with higher unobserved
ability — is also found by Lluis (2003) and Sih2004).

Many recent papers in the field are based on ladiial data and eliminate unobserved
individual effects by using the first differencestimator. This requires the assumption of time-
invariant unobserved heterogeneity of workers, tireowords, that their unmeasured skills —
which may include innate ability, initiative, ambit and loyalty — do not change over time.
Clearly, this assumption is questionable, espgciler longer periods. It is possible to show
that assuming away the time-variation of unobseslélts may result in inconsistent estimates
in panel data studies. This study aims to extemrdatiailable evidence on the labour quality

explanation of the firms-size wage effect by relegshis assumption. Identification is achieved



by applying the fixed effects estimator to a sangflevorkers who simultaneously hold two
jobs, rather than to a longitudinal sample of iidlials observed during several periods, which
has been the standard approach in previous stuthesbvious cost of the proposed approach is
a non-random sample, by virtue of the fact that mligbters — people who hold several jobs at
the same time — do not represent a random draw tihenpopulation. Another issue is whether
the two jobs held at the same time can be treaeshalar in the same way as two consecutive
jobs are normally treated. These two issues aategklto the “external” and “internal” validity
of the study and are discussed below.

The chapter is organized as follows. Section 2 rifese the empirical strategies that
have been previously used to test the labour guajipothesis. Section 3 takes a closer look at
the assumption of time-invariant unobserved hetmegy that underlies the existing panel data
studies of the firm size wage gap; and the assomptiequired in a situation where the analysis
is based on dual job holders. An alternative apgrphased on dual job holding, is considered
in section 4. The sample and data are describedation 5. In section 6 we present empirical

results. Section 7 concludes.

2. Empirical strategies

The validity of the labour quality explanation Hasen examined in previous studies in three
principal ways: (1) by augmenting the standard weggression with various proxies for

unobserved skills; (2) by estimating Heckman-typadeis with selection equations predicting

the size category of the employer a worker woulcetmployed or instrumenting for employer

size if the respective variable is continuous (Bjreating unobserved skills as individual fixed-

effects in panel data models based on longitudiatd.



2.1. Proxiesfor unobserved skills

This general approach, which may be traced badkeaostudy of the return to schooling by
Griliches and Mason (1972), involves the use oflieipmeasures of ability which are
considered as proxies for unobserved skills valiredhe labour market. Blackburn and
Neumark (1991) employ this strategy in their analyd inter-industry wage differentials by
augmenting a cross-section earnings function wigasares of 1Q and Knowledge of the World
of Work. An application of this approach to thedstwf the firm size—wage effect is a paper by
Gibson (2004) who uses data from the IALS, Intéamati Adult Literacy Survey, a dataset
containing information on literacy tests in whichkills variables are measured
contemporaneously with earnings. A fundamental lerobin these analyses is the insufficient
evidence that those additional variables, whilerattarizing some of the unobserved traits of
individuals, are necessarily correlated with theetpf unobserved skills that is rewarded in the
labour market. Another problem stems from the flaat test scores are error-ridden measures of

ability, and correction for measurement error regglidentifying assumptions.

2.2. Heckman-type selection models or instrumenting for employer size
These models were first used in the analysis ofithesize—wage effect by Idson and Feaster
(1990) who attempted to adjust for a selection biagstimating an ordered probit model that
predicted the size category of the employer. Sinsteategies were used by Main and Reilly
(1993), Albaeket al. (1998), Brunello and Colussi (1998) and Lluis (2P0rhe findings with
respect to non-random selection of workers acrdtreht size classes are mixed: while Idson
and Feaster (1990) and Lluis (2003) find evidentenan-random allocation, in particular
positive selection bias in small firms and negasietction bias in large firms, Main and Reilly
(1993) do not support the sorting hypothesis.

A major problem in this approach is the validityi$truments for the employer size if

the respective variable is continuous (as in Albaekal, 1998) or identification of the



coefficient associated with the inverse Mills raha situation where the variable is categorical.
In the latter case, identification is often achevifom ad hoc restrictions or through
nonlinearities implied by the use of the normatriisition (see, e.g., Main and Reilly, 1993 and

Lluis, 2003).

2.3. Panel data models
The use of longitudinal data and the fixed-effentéirst differences estimators has been by far
the most common approach in testing the labouritguaypothesis. The approach that dates
back to Dunn (1980) and Brown and Medoff (1989e latter is a reference paper for many
studies — involves estimating the following model:
In Wign= X8 + Ziey + 0 + Uiy, 1)
whereW;; — wage of worker who is employed by firmy at timet, X; — vector of worker’s
observable characteristics at tijeZ; — vector of (observable) characteristics of woker
employerj at timet, including sizef; — person-specific unobserved productivity effegl —
error ternt:

Then simple differencing eliminates the person-gjgeeffects:
Aln W =Wigie1 —Wige =4XB +4Zy + Au. (2)
Model (1) relies on two important assumptions conicgy the unobserved effeét first, it is
person-specific and unrelated to the identity e #mployer (in particular, employer size);
second, it is time-invariant (hencejs the only subscript on the parameter). Howetleeg,
unobserved individual productivity effeét may in theory vary across all three dimensions
(person, firm and time). Since the model with paetené having all three subscripts is
unidentified, additional assumptions are neededtiudy based on longitudinal data requires

time-invariance of unobserved heterogeneity.

2 Subscripf appears in parentheses to indicate that the pmirefact two- rather than three-dimensional
as long as each worker is employed by (matched witingle firm.



Model (1) has been extended in several ways toxréi@ assumption that the
unobserved productivity effects are not firm- do-gpecific. For example, Abowet al (1999)
and Abowd and Kramarz (2000) introduce unobsenetdrbgeneity of firms (as additive term)
in the model and estimate its parameters using ®@maplemployee matched data. Their model
can be written in the following way:

LnWige= X + Zyy + 0+ ¢ + Uigy 3
whereg is a firm specific effect. This extension allowscdmposition of worker compensation
into components related to observable employeeactexistics, personal heterogeneity, firm
heterogeneity, and residual variation. Importarttijs extension of the basic model (1) does not
alter the two assumptions regarding the unobseindd/idual effectsd (time- and firm-
invariance).

More recent studies attempt to release the assomiftat human capital attributes are
equally valued in large and small firms which leadsestimation by non-linear least squares
(e.g., Ferrer and Lluis, 2004, Silva, 2004). Impatly, this strand of literature continues to rely

on the supposition that individual heterogeneitijrige-invariant.

3. Traditional longitudinal studies: are unobserved skills constant over
time?

The assumption of time-invariant unobserved hetamedy is a standard identifying assumption
in the panel data models. Whether it is a realstie is questionable: if observable components
related to worker productivity change over time yvdannot the same be true for unobservable
ones, especially if they are widely understood mbracing such factors as ability to learn,
ambition and initiative? As noted by Angrist anduger (1999, p. 1296), “... perhaps the most

important problem with this approach [fixed-effe@stimators] is that the assumption that

omitted variables can be captured by an additimeg-tnvariant individual effect is arbitrary in



the sense that it usually does not come from ecané@meory or from information about the
relevant institutions”.

To illustrate the potential cost of assuming tmeetinvariance of unobserved skills in
the context of the firm size-wage gap studies, id@nghe following simplistic model. Suppose
that worker's wage depends on two variables: tke sif the firm she is employe&, and
unobserved person-specific productivity tefinffor simplicity we abstract from any observed
characteristics of workers). For individuathe relationship may be expressed in the following
way:

InW =45 +6 +u, (4)
whereW, stands for the hourly wage of workierandu; is a random disturbance uncorrelated

with both S, andé;: Covu,,S) =CoMu,,6 ) = 0. In addition, suppose that the allocation of
workers into firms of different size-classes defgead the unobserved individual efféct

S =af +v,. ®)
Assume further that random disturbangés uncorrelated with individual effeé&t as well as
random disturbance in the wage equatiorCovV,,&,) = Co\v,,u;) = 0. Finally, denote for
simplicity Var(g) = o, Var(u,) = o> andVar(v,) = g>. Were person-specific productivity
0 observable, a simple regression of log wages andtthe firm size variablé would produce
an unbiased and consistent estimates.oHowever, unobservability of results in biased
estimates ofs provided that there is a selection of workers vdiffierent skills into firms of

different sizesp # 0 (consistent with the labour quality hypothesis)a cross-sectional OLS

analysis the magnitude of the bias can be seentfierfollowing expression:

ConW;S) _ 5, COME:S) _ 5, ag;

Ep) = var(s) var(s) a’*o,+o?

(6)

Now suppose that each person is observed in twiodse(e.g., working for different firms),

population parametersandg are time-invariant but person-specific producyitgrmé is not.



Neverthelessd is (incorrectly) assumed to be constant over tioreeach individual and the

first-differences estimator is applied to the moddle true model can be written as follows:

InW, =@+ /5 +6, +u, 7
S =@+ab, +v,,

whereVar(6,) = o2, Var(u,) =o?, Var(v,) =’ and

CoV(8, ,U,) = COMU,, Uy,) = COWE, i) = COMY,,, V;,) = COMY, , Ug) =0,

Then differencing yields:

AInW, = BAS + A8 +Au, (8)
and estimating the model under the assumptionAfght=0 generates a biased result:

_ CoMAInW;AS) - B+ CoAG;AS)

E) Var(AS) Var(AS)

(9)

where the bias is equal:

Coub, - 8,;a6, +Vv,, —a6, —v,,) — O’[O’; —Cov4,;6,)]
Var(ag, +vi, —af, — V) a,z[ag —Cov8,;6,)] + J\f .

E(B-P) = (10)

Thus, if unobserved heterogeneity of workeis time-varying (6, # 6,) and there is selection
of workers into firms of different sizes based tweit unobserved productivitya # 0), the
first differences estimator is biased and incomsistFor givena the magnitude of the bias
depends oo, - Cové,;6,,) -

Assuming the time-invariance of unobserved skilis/rhe problematic in the context of
the firm size-wage gap studies based on longitlidiata. To see the reasons, first note that the
fixed-effects estimator requires within variationthe regressors, most importantly, in the firm
size variable. In longitudinal data this may comenf two sources: either workers move

between firms of different size-classes or the sizeérms changes while workers stay with the

same employers. Thus, the firm size effect cardéetified based on “movers” and “stayers”.

10



Identification based on moverBhe group of job changers consists of workers wiange jobs
voluntarily; those who are laid off due to poorfpemance; and displaced workér§he bulk

of job transitions is voluntary — many people clarjgbs when it is profitable to do so;
therefore job changers largely represent a setfesstl group. Solon (1988) formally shows that
identification of wage gaps based on job changexg masult in inconsistency of conventional
longitudinal estimation. A similar argument thatsfidifferenced estimates may contain
important self-selection biases was made by GiblaosKatz (1992) in the context of inter-
industry wage differentials.

Some studies address the selection problem by udtg on displaced workers —
especially those fired due to plant closures —ntlag that a job change due to displacement is
exogenous (Gibbons and Katz, 1992; Silva, 2004)s Hpproach arguably mitigates the
selection problem pointed out by Solon (1988), may create others. In particular, the
unemployment scarring literature has long iderditestly spells of unemployment and decline
in earnings following displacements; cross-coumvidence is discussed in Gangl (2005). For
the UK, Gregory and Jukes (2001) report that egslosses for British men in the late 1980s
and early 1990s amounted to 15 percent and typigalsisted for several years after the
original spell of unemployment. One of the expl@ra for the phenomenon is offered by the
human capital theory: separations are typicallyoaggzanied by the loss of on-the-job
investment in firm-specific human capital; more am@ntly, a spell of unemployment may also
bring the deterioration of general human capitalu{@mpalamet al, 2001). The latter casts
serious doubt on the assumption that unobservdl$ slide time-invariant among displaced

workers.

Identification based on stayerBhe employer size—wage effect may be identifiednfu@orkers

who stay with the same firm while it is growing shrinking in size. This approach has an

% Displaced workers are usually defined as people lokt or left jobs because their plant or company
closed or moved, there was insufficient work farth or their position or shift was abolished.

11



obvious advantage that it does not require thenaggon that individual productivity is
constant across firms — during the period of olet@m the employee stays matched with the
same employer (Sdderbarhal, 2002).

An important issue related to identification onysta is a lack of variation in firm-size
variables, especially if the data come from labfmuce surveys where firm size is usually
reported in categorical variables. This magnifiesagurement error problem in fixed-effects
estimation and attenuates estimated coefficiertts ekample, Winter-Ebmer and Zweimueller
(1999, p. 90) write “We consider the measuremenbreto be more severe for size-class
changing workers who stayed with the same firmntfa job-changers as the former may
result from mere legal changes, mergers, plantisiinent measurement problems, etc.” This
viewpoint is consistent with some empirical evidenior example, Brown and Medoff (1989)
found a positive effect of firm size on wages fayv@rs and no effect for stayers.

A remedy from the measurement error problem inpteel data context was suggested
by Griliches and Hausman (1984), who argued thatasing the period spanned by two years
of data raises the amount of real change in thiet-fignd-side variables. Essentially, one
increases the probability of observing a real ckanghe firm-level variables, notably, size; the
problem is that observable and, importantly, unolzd#e characteristics of workers are also

more likely to change over longer periods.

4. |dentification based on moonlighters: are the two simultaneous jobs
similar?

A way to identify the firm size wage gap withousasiing the time-invariance of unobserved
skills is by using a sample of people employed Hfeiknt firms simultaneously rather than

sequentially and differencing out across jobs, aar time as in traditional studies based on
longitudinal data. In terms of model (8) this inggliA8 =0 and thus solves the problem of

potentially inconsistent estimates. The ideal comas for such analysis imply orthogonality

12



between the decision to moonlight and the firm simge effect, no systematic differences
between the primary and secondary jobs (e.g., thgyire the same skills and reward them
equally) as well as homogeneous employers (thderdify size and are otherwise similar).
However, the requirement of no systematic diffeesndetween the two jobs may be
problematic as evidenced in the moonlighting litiere.

The theoretical literature on moonlighting suggésts main reasons as to why people
hold second jobs. The first reason is hours coimésr@n the main job — a person who cannot
work in his main job as much as he wants to in iotd@chieve the utility maximizing hours of
work, might find a second job (a formal model waseloped by Shishko and Rostker, 1976).
The second reason is referred to as heterogenebasnjotive — a worker who is not hours
constrained on his primary job holds a second cesalbse of their complementary nature.
Examples include a university professor doing ctiaeay work (the first job provides
credentials to take on a second one) or a musieiao cannot make a living on his
performances and therefore has to hold anothefhet utility primarily comes from pecuniary
benefits on one job and non-pecuniary ones onfttier @ne). In addition, having two jobs may
allow workers to pursue activities which may othieevbe unavailable to them (e.g., women
who have small children may take two part-time fioss if they allow for better child care than
would be facilitated with one full-time job), to igaadditional experience or skills that are
needed in the forthcoming occupation or to insum@leyment if the main jobs have a high risk
of termination. The theory also predicts that heagsstrained workers earn on the second job
at most as much as they earn on the primary orerieise they would change employers);
moreover, they can be expected to moonlight omyptaarily until they find a job that better
satisfies their preferences. In contrast, in theeaa heterogeneous jobs there should not be any
particular relationship between the two wages dredténures in both jobs should be longer,
compared with the moonlighters who are hours caimstd.

Empirical studies tend to confirm the presenceasfous motives for moonlighting with

hours constraints being particularly common: Kimmuedl Conway (2001) provide evidence for

13



the US, Heineck and Schwarze (2004) for GermanytlaadK and Boheim and Taylor (2004)
for the UK. Less is known about the determinatibnvages. Based on data from the Current
Population Survey from 1991, Averett (2001) repcsisiilar wage rates in primary and
secondary jobs, but finds little connection betwaenndividuals’ human capital and their wage
on the second job (the sample retains self-emplgeaple). Conway and Kimmel (1998),
using SIPP data and excluding self-employed workesort that wages from the secondary
jobs are considerably lower than wages from thmany ones; they also estimate selectivity-
corrected wage equation for moonlighters and shiffgrdnces in the valuation of workers’
observables on the two jobs. Using BHPS, BoheimTemdor (2004) report that hourly wages
on the second job are more than twice the averfgeages earned on the first job and the
standard deviation is almost ten times higher (tisaimple excludes self-employed in the
primary jobs).

Thus, both theory and empirical studies suggest ttiea primary and secondary jobs
may be heterogeneous. In particular, the existitegature casts doubt on the assumption of
equal reward of workers’ skills on the primary aetondary jobs. Intuitively, any systematic
differences between the two jobs are undesirabldh® proposed approach; to see the cost
involved, consider the following variation of theodel (7) which takes into account important

results from the moonlighting literature:

INW, = BS, + )8 +Uy (11)

Sk =a6 +v,,

where index refers to first and second employers rather thae tindd has a single subscript
referring to individuals. In this model, the rewanfdskills is different across main and second
employers and so is the selection of workers. Bsairmptions about the error terms are similar

to those in model (7) and are not repeated. Apgl¥re first-differences estimator to a panel of

moonlighters yields:

14



_CoMAINW;AS) _ oo, COMEILS) _ 5, (1= 1)@, -a,)0,

=) Var(AS) Var(AS) (a,-a)’0;+20? (12)

In this simple model, the bias exists as long dsgny and secondary employers reward
workers’ skills differently(y, # ;) and select different types of workées, Z a;) . The sign

of the bias depends on the difference in skillsamging and selection: for example, if secondary
employers reward workers’ skills less than primamployers and selection of more able
workers into larger firms is less pronounced farselary employers, the bias is positive.

A straightforward comparison of the biases in thadet based on longitudinal data and
the one based on data on moonlighters is compticdspite the fact that each model is quite
simple. However, they show that the biases depeanth® correlation of unobserved individual
productivity over time on the one hand and systangitferences between the primary and
secondary jobs on the other; overall, if unobserability considerably vary over time, it is
plausible that the bias in the first model is largean in the second. Since the problem of
heterogeneity between the primary and secondarg jebcrucial for the validity of our
approach, the analysis here attempts to addrdsg itnposing additional restrictions on the
sample of moonlighters, e.g., by removing those widked on non-permanent basis in either

of the two jobs or who had two simultaneous jobdifferent occupational categories.

5. Data and sample

This study is based on data from the UK Quartedpdur Force Survey (QLFS), a nationally
representative survey of the UK population thatvgies reasonably detailed data about both
primary and secondary jobs (employer size, job peency, type of contracts, etc.) which in
most other surveys are available for primary jobly.oThe QLFS is a quarterly rotating panel,

where each household (individual) participatesva €onsecutive quarters. Each wave contains
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information about 60000 individuals who had a ijolthe reference week (either as employed
or self-employed). Of these, about 2400 individwald percent had a second job.

The empirical analysis that follows is based oradadm 16 recent waves of the QLFS
covering period from March 2002 to February 2006ieSe waves of the QLFS contain
respondents’ estimates of the size of their empfoy@n primary and secondary jobs)
represented in seven categories [1-10], [11-19}72], [25-49], [50-249], [250-499] and [500,
»).> The mentioned 16 waves of the QLFS contain 36&p®nted moonlighting episodes of
which 59.5 percent correspond to femalé¢ote, however, that the questions on earnings are
only asked in the first and fifth (last) waves argo® participates in the survey; hence, a
maximum of two observations of wages per individara available instead of five. Taking that
into account, the number of relevant observatiaiis by 60 percent (max 14737). The time lag
between the two interviews that provide data oniegs for the same respondent is one year.

As discussed above, a potential problem in the geeg approach to controlling for
unobserved productivity of workers is the heteragigrbetween primary and secondary jobs of
which there is considerable evidence in the liteeatThe dimensions along which the two jobs
may be heterogeneous are numerous: employees \saifiesnployed, permanent versus non-
permanent jobs, full- versus part-time jobs, wadarf home or somewhere separate from home,
fringe benefits provided by the employer, etc. Example, self-employed people by definition
enjoy greater flexibility in choosing the numberhadurs of work; more important, in case of
self-employed it is generally impossible to separaturns to labour from returns to capital (e.qg.
Kimmel and Conway, 1998). There is also evidencsulifstantial differences in the working

conditions of permanent and temporary employeetydimg unpaid overtime work, wages and

* A natural question is which of the two jobs shoble considered as the main job and which as the
second one. The QLFS seems to leave this probldahetavorkers. Apparently, different criteria can be
used by people when considering their jobs as pyiroa secondary (the amount of earnings, hours of
work, sequence of obtaining the two jobs, statustipms and others).

® The reported figures refer to the establishmeihierathan firm size; in the literature the two effeare
considered as having similar effects on wages.

® Excluding individuals who had two jobs becausgobfchange in the reference week (236 observations
in total).
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working rights (OECD, 2002). For example, Engellamehd Riphahn (2003) report that

temporary workers’ “probability of working unpaidvertime exceeds that of permanently
employed workers by 60 percent”. Whether job id-fok part-time is one of the crucial
dimensions: a sizable part-time wage penalty iselyidlocumented in the labour economics
literature (e.g., Hirsch, 2004). Working from hommed somewhere separate from home imply
very different working environments; moreover, ®af work may be imprecisely estimated by
those working from home.

The primary and secondary jobs in the QLFS sangblanoonlighters are rather
different along the mentioned dimensions, for examine probability of being self-employed
on the second job is twice as large as on the pyiroae (31 percent versus 16 percent), the
second jobs are more likely to be non-permanentnaostly part-time, they are also more likely
to involve working from home.

In this study the problem of heterogeneity of the fobs is dealt with by imposing

restrictions on the sample of moonlighters. Fiastdiscussed above, it is important to focus on

people who work as _employees orily both jobs (another reason for this restrictisn

unavailability of earning data for self-employedtie QLFS). Already this reduces the sample
size to 8969 individuals. Second, the sample igicesd to employees having permanent jobs
only (as opposed to the other categories distinguigihelle survey: seasonal and occasional
jobs, agency temping or work done on a fixed-temiixaed-task contract, etc.). Third, since

most secondary jobs are part-time jobs, we onbiménhdividuals having part-time primary and

secondary johsThe questionnaire contains a direct question betker the main job is full- or
part-time; therefore all full-time primary jobs agesily filtered away. In addition, we exclude
all observations with weekly working hours equalgoeater than 35. Next, observations of

individuals working from homer using home as a base (at any of the two jalesjieleted.

" This restriction is in part motivated by the qimston establishment size asked in the QLFS — “How
many people worked for your employer at the plaberna you worked?” It calls for immediate exclusion
of home workers from the sample as it yields theaaar “one” in the overwhelming majority of cases.
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After these operations, the resulting sample endsrd2449 observations. Of these
workers 88.2 percent are females (the gender cdtipods most seriously affected by
restrictions on part-time work, but also on selfpdmgment and job permanency). We finally
restrict the sample to women in the working age33p°

The data on secondary jobs in the QLFS are muchdet®nsive and may be of lesser
quality than data on primary jobs. Firstly, the roemof questions asked in the QLFS about
secondary jobs is substantially smaller than theber of questions about primary ones. Some
potentially important information — such as empl@ymin the private or public sector, union
status of job, etc. — is not available for secaitkjat all. There seems to be a difference in the
accuracy of data collection/processing: the datgrass wages in secondary jobs are missing
for most observations in 2003 (though net wageseperted) and there is no information on
the location of jobs (home or somewhere else) enghmmer and autumn quarters of 2004.
Hourly wages are another important case. As nobeiveg for primary jobs this variable is
available in the dataset; it is derived from a n@sguestions referring to earnings, usual hours,
actual hours of work, paid and unpaid overtime, Btacontrast, what is available for second
jobs is just information about gross weekly earsiagd actual hours, including overtime. The
implication is that the earnings variable for setamy jobs contains a higher measurement error
compared with the earnings variable for primarysjoMore important, however, would be
potential differences in measurement error in thktthand-side variables, in particular, in the
employer size variables. There is some evidensaiggest that the size of the second employer
is measured in the survey with a larger error coeghavith the size of the first employer. This
can be seen from non-response rates as well astfr@mroportion of imprecise answers: the
non-response rates for the first and second jab®.8rpercent and 2.5 percent, and the shares of

imprecise answers (like “do not know but less tB@nemployees”) are 5.0 percent and 8.1

8 |deally, one would prefer to analyse a sample afkers whose choices to have two jobs are deterine
by factors other than firm size, wages, etc.: farmple, when two rather than one job are chosentaue
the need to combine work with family responsiteliti Unfortunately, the QLFS does not provide such
information. However, by focusing on women we am@spmably getting closer to such a scenario.
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percent respectively (5.8 percent versus 10.6 percamulatively, all differences are
statistically significant at the 1 percent levefds long as non-responses and approximate
answers indicate the quality of information the kess have about their employers, one can
expect a somewhat larger measurement error in #n@ble characterizing the size of the
secondary employers.

In order to reduce the number of parameters tosbmated, we reclassify information
on the employer size into the following five catdge: [1-10], [11-24], [25-49], [50-249] and
[250-0); this results in a more equal distribution of etstions across employer size
categories. Data on hourly earnings from the prymjab are available in the QLFS; the
corresponding variable for the second job is defiag the ratio of weekly pay to actual hours of
work in the reference week. All variables on eagsirare CPI deflated and correspond to
December 2000 prices. To deal with outliers, wepdrne percent of observations with highest
and lowest hourly earnings from each tail of thegevaistributiofl. Information on individual
education is provided in categorical variablesgca@avert them into years of schooling we rely
on the method used by Bonjoeir al. (2002). Potential experience is calculated asnaigeis 5
minus imputed years of schooling. The definitiorvafiables is provided in the Appendix.

The demographic characteristics of the sampled everland basic characteristics of
jobs and employers corresponding to primary andrsggry jobs are shown in Table 1. For
comparative purposes Table 2 shows the charaateridfta sample of women aged 16-59 who
worked as employees, and who worked as employeespamt time basis; these data are from
the autumn 2003 wave of the survey. There arerdiffees between the sample of moonlighters
and the sample of working women in several dimarssi@.g., the selected moonlighters are
almost two years older, less educated and have dependent children. Moonlighters’ wages

in both jobs are about 25 percent lower than therame earnings in the sample of working

° This is done separately for each job allowing differences in the distributions of wages. However,
almost nothing changes in the results if outliers aeliminated under the assumption that the wage
distributions are the same. Also, the empiricaliitssstay virtually the same regardless of the gmtiage

of outliers eliminated (0.5 percent, 1 percent &rpercent in each tail of the wage distribution).
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women and more similar to wages in the sample ofafe employees working part-time.
Interestingly, moonlighters’ hourly earnings in lhgobs are fairly similar, the means differ only
by 1 percent. Figure 1 shows the distributions afj@s in the two job¥.There is a difference
in the weekly hours of work in the primary and setary jobs: in the reference week the
average is 15.1 hours for the primary jobs and 8myfor the secondary jobs. Both primary and
secondary jobs in the constructed sample of mootdig are more likely to be among low-
skilled occupations compared with the autumn 2G08de; the distribution of secondary jobs
is more skewed towards low-skilled occupations. Mighters are also less likely to work in
jobs that involve managerial or supervisory respmiites.

As regards employer size, the sampled moonliglatersnore likely to work in smaller
firms compared with the sample of female employ&é= distribution of second jobs across
firm size categories is more skewed towards sméilieis. An important feature of the sample
IS that there is no strong relation between the sizthe primary and secondary employers, as
shown in Table 3. Indeed, for any raw/column cqroesling to a particular employer size
category in the main/second job there is a subiatargtriation in the employer size in the other
job. The share of non-diagonal elements that cpores to the observations on which the firm-
size effect will be identified is close to two-ttii. The relationship between occupational
categories of the two jobs is shown in Table 4:csinhalf of the sampled people hold the two
jobs in the same occupations (broadly defined an libsis of the first digit in the ILO
classification).

To summarize, while the sample of moonlighters shdifferences from the population
of working women so that the external validity b&tstudy (i.e., ability to generalize to broader
population groups) does not necessarily hold, tieeless concerns about the internal validity of
the study. In particular, the distributions of wage primary and secondary jobs is a case in

point.

1% Two-sample Kolmogorov-Smirnov test for equality diftribution functions does not reject the null
that the two wage distributions are the same al thercent level, though not at the 5 percent level

20



6. Regression analysis
We start by presenting a simple correlation of vgafgem the primary and secondary jobs with
employer size dummies. Table 5 shows that both svaggease with employer size, the effect
is similar quantitatively between the two jobs (tliference in any pair of coefficients is not
statistically significant at the 10 percent leveldding basic demographic characteristics of
workers — years of schooling, potential experiempmential experience squared, race, marital
status and the number of dependent children — esdilne employer size-wage gap; the result is
consistent with the previous studies. Note thatetlaee no statistically significant differences in
the coefficients on schooling and experience inrdggessions for primary and secondary jobs,
which is consistent with the assumption that waskebservable characteristics are rewarded
similarly in the two jobs! Inclusion of additional controls, such as occupal, industry and
regional dummies, as well as a dummy for superyisesponsibilities (job status), reduces the
estimate of the employer size wage gap further {;ndsie to occupational dummies, though).
Again, the coefficients in the two equations arey\@milar. Note that the coefficients on the
firm size dummies are typically smaller in the exgions for second jobs; the result is probably
due to a higher measurement error in the size hMlasareferring to the second employers, as
discussed above. The coefficient of determinatgosnnaller in the regressions for second jobs
as well, which is also consistent with the previdiscussion about errors in measuring hourly
wages.

Table 6 shows estimation results from applying Qitfl FE to the pooled dataset
containing data for both jobs. Regressions 1-4ido®LS estimates while regressions 5-6 are
estimated using the fixed effects estimator. A emgadummy for primary jobs is included to

account for any differences in the intercept betwt#ee two jobs? Similar to the separate

Y This finding is different from the results obtaihin several other studies, such as previoushdcite
Averett (2001), Conway and Kimmel (1998) and Béhaimd Taylor (2004).
12t stays statistically insignificant at the10 pemtlevel in most regressions.
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regressions for primary and secondary jobs, the fize wage gap falls with the inclusion of
observable characteristics of workers (regressibrsd 2; the difference in the coefficients
corresponding to the largest size category is fogmit at the 1 percent level and for the second
largest size category — at the 10 percent levadditfonal controls such as occupational and
industry dummies do not reduce the firm size wag@ gignificantly, as follows from
regressions 3 and'3.

Individual fixed effects are introduced in regressi 5 and 6; the fixed effects are
statistically significant at the 1 percent leveltihe F-test. The equality of coefficients on firm
size variables in regressions 2 and 5 is not regeat the 10 percent level, for each coefficient
separately and jointly for all of them. The equatif the same coefficients in regressions 4 and
6 is also not rejected at the 10 percent level.sThhbe regressions show that individual
unobserved heterogeneity does not affect the fizmwage differential?

Next, we restrict the sample to people having fals in the same occupations
(distinguished by the first digit in the ILO clafsation code). The rationale is that such
restriction provides additional argument for tregtthe two jobs as similar — jobs are to a large
extent defined by occupations. This restrictiogu#e costly in terms of degrees of freedom as
it reduces the sample size by more than half t@difservations only (i.e., 554 observations
per each job, see Table 4). Results from runniegvwihge regressions on this sub-sample are
reported in Table 7 and are fairly similar to tlesults obtained with the non-restricted sample
of moonlighters. Regression results are reportethénsame format as before: columns 1-4
provide OLS estimates for the pooled data and ssgyes 5 and 6 are estimated using FE.
Again, adding observable characteristics of workared employers reduces the wage

differential; however, controlling for unobservebdacacteristics of workers via fixed effects

13 Only the difference in coefficients on the dumnay fhe largest size category in regression 2 and
regression 4 are statistically significant at thegebcent level.

4 Removing some of the restrictions imposed on thepde in order to avoid heterogeneity between the
primary and secondary jobs (for example, restmdicelated to the maximum working hours or
permanent versus non-permanent jobs) does notthlieneported results in any important way: there i
still a wage gap due to the firm size which is baedfected by introduction of individual fixed efts in

the regressions.
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does not affect the wage gap significantly. In ipafar, the coefficients on the firm size
variables in regressions 4 and 6 appear to betaidtically different across models.

Thus, the results for the sample of moonlightersviple little support for the labour
quality explanation of the employer size-wage dhp:observed wage differential changes little
when unobserved skills of workers are controlladvia fixed effects. This finding is in contrast
to most previous studies that applied the fixed# estimator to longitudinal data: as surveyed
in the introduction to this chapter, they typicdiigd that individual unobserved heterogeneity
explains a sizeable part of the wage differential.

This standard result from the previous panel datdiess can be easily replicated with
the QLFS data. We form a longitudinal sample bgldtey data from the 16 waves of the QLFS
(2002-2006) together and selecting working-age womleo worked as employees and reported
their earnings twice (e.g., in the first and fiftlaves of the survey; the time span between the
two waves is one year). Note that the sample irdumbth movers and stayers.

Results for the longitudinal sample are shown ibl@a. Up to the point when the
models are estimated using the fixed effects esimshe results are qualitatively similar to
those reported for the sample of moonlighters. dmtipular, regression 1 shows a highly
significant correlation between wages and emplsiar variables and regressions 2-4 show that
the wage gap falls after introducing observablerattaristics of workers as well as basic
characteristics of jobs and employers in the resgpes. However, in contrast to the results
obtained with the sample of moonlighters, addirgjvicdual fixed effects dramatically reduces
the coefficient on the employer size variabfes.

Finally, Table 9 shows regression results for ldmgitudinal sample of women who

moonlighted in at least one of the two periods spdrby the panel. The sample embraces only

'3 Since the last results can be attributed to tievariation in the employer size variables in thenple
that is dominated by stayers, we run regressionsvarkers who changed employers between the two
waves of the survey). However, even with the sangblenovers — with much higher variation of the
employer size — the main result stays the sametredincing fixed effects significantly reduces the
estimate of the firm size wage gap.
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those women who had a permanent secondary job anked as employees, part-time, and
separate from home in the second job (the sameriarias applied earlier). The dependent
variable captures hourly earnings in the primahsjo two different periods. Again, the results
show that introduction of fixed effects nearly speeaway the correlation between hourly

earnings and employer size.

7. Conclusion

The aim of this analysis was to assess the valiglitthe labour quality explanation for the
employer size—-wage effect without leaning on a m#y problematic assumption that
unobserved skills of workers do not change oveetiithe firm size wage effect is identified by
applying the standard fixed effects estimator tsaanple of workers who hold two jobs
simultaneously rather than sequentially. To the bésur knowledge, this is the first study of
the firm size wage effect that releases the assampof time invariant unobserved
heterogeneity with the help of a sample of moonégh

Empirical analysis finds no evidence to suggest differences in the quality of labour
employed by small and large firms fully explain tfien size—wage differential. Although
controlling for observable characteristics of wasksuch as education and experience lowers
the wage gap, the introduction of unobservableattaristics via fixed effects fails to reduce it
further significantly.

This result is different from the findings of mgsevious studies based on longitudinal
data — they tend to report that unobservable cleraitics of workers explain a significant
fraction of the firm size wage gap. However, owguteis in line with several papers that attempt
to explicitly model the process of workers’ sortiilgo firms of different sizes: many such
studies find insignificant selection or negativesitive selection of workers into large/small
firms. Importantly, these studies are not relyimgtbe assumption that unobserved individual

heterogeneity is time-invariant.
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Table 1. Descriptive statistics for the sampleamhéle moonlights, primary and secondary jobs

Primary jobs Secondary jobs
Std. Std

Variable Mean Dev. Min Max Variable Mean Dev. Min Max
age 40.12 11.23 16 59 age 40.12 11.23 16 59
white 0.97 0.17 0 1 white 0.97 0.17 0 1
marrd 0.68 0.47 0 1 marrd 0.68 0.47 0 1
child 1.16 1.10 0 6 child 1.16 1.10 0 6
school 12,22 2.06 10 17 school 12.22 2.06 10 17
exp_p 2295 11.64 0 44 exp_p 22,95 11.64 0 44
wage 592 2.92 1.85 26.62 wage 6.00 338 1.82 27.61
hours 15.07 8.15 0 34 hours 9.39 6.10 0 34
occupl 0.02 0.15 0 1 occupl 0.01 0.12 0 1
occup2 0.04 0.19 0 1 occup?2 0.04 0.18 0 1
occup3 0.08 0.27 0 1 occup3 0.08 0.28 0 1
occup4 0.15 0.36 0 1 occup4 0.13 0.33 0 1
occup5 0.02 0.13 0 1 occups 0.01 0.12 0 1
occup6 0.18 0.39 0 1 occup6 0.16 0.36 0 1
occup? 0.14 0.35 0 1 occup? 0.12 0.32 0 1
occup8 0.01 0.09 0 1 occup8 0.01 0.10 0 1
occup9 0.36 0.48 0 1 occup9 0.45 0.50 0 1
boss 0.18 0.38 0 1 boss 0.10 0.30 0 1
sizel 0.30 0.46 0 1 sizel 0.41 0.49 0 1
size2 0.22 0.41 0 1 size2 0.21 0.40 0 1
size3 0.18 0.38 0 1 size3 0.17 0.37 0 1
size4 0.18 0.38 0 1 size4 0.14 0.35 0 1
sizeb 0.12 0.33 0 1 sizeb 0.07 0.26 0 1
No obs: 1202 No obs: 1202
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Table 2. Descriptive statistics for the sample aimen aged 16-59 working as part-time
employees and full-time employees

Full-time employees Part-time employees

Variable Mearstd. Dev. Min Max Variable Mean Std. Dev. Min Max
age 38.29 11.66 16 59 age 39.30 11.80 16 59
white 0.95 0.23 0 1 white 0.96 0.19 0 1
marrd 0.66 0.47 0 1 marrd 0.73 0.45 0 1
child 0.80 1.01 0 7 child 1.18 1.07 0 6
school 13.08 2.47 10 17 school 12.46 215 10 17
exp_p 20.24 12.14 0 44 exp_p 2190 12.16 0 44
wage 8.06 4.70 1.45 3947 wage 6.69 3.88 145 36.60
hours 26.89 15.71 0 96 hours 16.40 9.40 0 34
occupl 0.10 0.30 0 1 occupl 0.03 0.17 0 1
occup2 0.11 0.31 0 1 occup2 0.05 0.22 0 1
occup3 0.14 0.35 0 1 occup3 0.10 0.30 0 1
occup4 0.23 042 0 1 occup4 0.21 0.41 0 1
occup5 0.02 0.13 0 1 occup5 0.02 0.13 0 1
occup6 0.14 0.34 0 1 occup6 0.15 0.36 0 1
occup? 0.13 0.33 0 1 occup? 0.22 0.41 0 1
occup8 0.03 0.16 0 1 occup8 0.02 0.12 0 1
occup9 0.12 0.32 0 1 occup9 0.21 0.41 0 1
boss 0.33 047 0 1 boss 0.19 0.39 0 1
sizel 0.21 041 0 1 sizel 0.26 0.44 0 1
size2 0.16 0.36 0 1 size2 0.18 0.39 0 1
size3 0.16 0.36 0 1 size3 0.16 0.37 0 1
size4 0.22 042 0 1 size4 0.19 0.40 0 1
sizeb 0.26 0.44 0 1 sizeb 0.21 0.41 0 1
No obs: 24501 No obs: 8755
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Figure 1. Distribution of hourly earnings: primagd secondary jobs
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Table 3. Size distribution of employers, primarg aecondary jobs

Employer size, 1st job

Employer size, 2nd job [1-10] [11-24] [25-49] [5a9 [250-0) Total
[1-10] 190 99 85 77 47 498

percent 15.81 8.24 7.97 6.41 3pP1 41.43
[11-24] 72 88 28 38 20 246

percent 5.94 7.3P 2.33 3.16 1.66 20.47
[25-49] 46 31 59 36 30 202

percent 3.83 2.58 491 3 2.5 16.81
[50-249] 37 30 25 51 24 167

percent 3.0 2.5 2.08 4.24 2 13.89
[250-0) 15 14 19 13 28 89

percent 1.25 1.16 1.58 1.08 2.33 7.4
Total 360 262 216 215 149 1,202

percent 29.95 21.8 17.97 17.89 12.4 100
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Table 4. Distribution of occupations in primary esetondary jobs

Occupation on the 1st job

Occupation on the 2nd job 1 2 3 4 5 6 7 9 Total
managers and senior officials 5 1 1 6 1 4 2 7 27

percent 0.42 0.08 0.08 0.5 0.0 0.33 0.L7 00 0.58 2.25
professional occupations 0 22 8 5 1 3 2 3 45

percent 0.00 1.83 0.67 0.41 0.0 0.25 0.L7 08 0.25 3.74
associate professional and technical 1 3 49 9 0 15 11 1 9 98

percent 0.08 0.25 4.08 0.75 0.0 1.25 0.92 08 0.75 8.15
administrative and secretarial 4 6 15 73 2 15 23 2 40 180

percent 0.33 0.50 1.25 6.0] 0.1 1.25 1.91 17 3.33 14.98
skilled trades occupations 0 2 0 0 2 6 2 10 22

percent 0.00 0.17 0.00 0.0 0.1 0.50 0.L7 00 0.83 1.83
personal service occupations 2 2 11 21 4 69 25 1 84 219

percent 0.17 0.17 0.92 1.7% 0.3 5.74 2.08 08 6.99 18.22
sales and customer 4 5 7 22 2 19 32 1 74 166

percent 0.33 0.42 0.58 1.8 0.1 1.58 2.66 08 6.16 13.81
sales and customer service occupations | O 0 0 0 1 1 1 6 9

percent 0.00 0.00 0.00 0.0 0.0 0.08 0.p8 00 0.50 0.75
elementary occupations 1 1 10 17 3 56 41 5 302 436

percent 0.08 0.08 0.83 1.4] 0.2 4.66 3.41 42 25.12 36.27
Total 17 42 101 153 16 188 139 11 535 1,202

percent 1.41 3.49 8.40 12.7 1.3 15.64 1156 .92 44.51 0 10




Table 5. The sample of moonlighters: OLS resultscfoss-sections corresponding to primary

(1,3,5) and secondary (2,4,6) jobs

Model 1 2 3 4 5 6
log wage OoLS OLS OLS OLS OLS OLS
size?2 0.031 -0.005 0.034 -0.016 0.027 0.014
(0.028) (0.032) (0.025) (0.028) (0.022) (0.025)
size3 0.082** 0.053 0.065* 0.048 0.066** 0.057*
(0.030) (0.034) (0.026) (0.031) (0.022) (0.029)
sized 0.071* 0.094* 0.057* 0.063 0.069** 0.047
(0.032) (0.037) (0.027) (0.033) (0.022) (0.032)
sizeb 0.243* 0.246** 0.170** 0.154** 0.130** 0.127
(0.037) (0.050) (0.029) (0.041) (0.025) (0.035)
school 0.090** 0.087** 0.030** 0.034**
(0.006) (0.007) (0.005) (0.007)
exp_p 0.021** 0.023** 0.012** 0.016**
(0.003) (0.003) (0.002) (0.003)
exp_p2 -0.033** -0.036** -0.018** -0.029**
(0.006) (0.007) (0.005) (0.007)
white -0.084 -0.097 -0.030 -0.057
(0.057) (0.061) (0.052) (0.055)
marrd 0.041 0.022 0.025 0.018
(0.021) (0.025) (0.018) (0.022)
child 0.013 0.025* 0.007 0.013
(0.010) (0.012) (0.008) (0.011)
occupl 0.274** 0.315*
(0.076) (0.137)
occup2 0.740** 0.742*
(0.065) (0.069)
occup3 0.474* 0.432*
(0.043) (0.053)
occup4 0.218** 0.201**
(0.028) (0.036)
occup5 0.020 -0.045
(0.042) (0.057)
occup6 0.084** 0.065*
(0.022) (0.032)
occup? 0.043 -0.055
(0.039) (0.038)
occup8 -0.066 -0.033
(0.048) (0.102)
boss 0.104** 0.147**
(0.022) (0.040)
Quart Yes Yes Yes Yes Yes Yes
Ind Yes Yes
Regs Yes Yes
intcpt 1.596** 1.632** 0.281* 0.336* 0.879** 1.35%*
(0.063) (0.085) (0.113) (0.134) (0.134) (0.184)
R-sq 0.05 0.04 0.324 0.243 0.563 0.434
No obs. 1202 1202 1202 1202 1202 1202

Models 1 and 2 are OLS regressions for the priraad/secondary jobs respectively. Models 3 and 4 are
the same as models 1 and 2 but with controls fsenlable characteristics of workers. Models 5 and 6
provide OLS estimates for the primary and secondabg controlling for occupations, supervisory
responsibilities at the workplace, industry andiorgl dummies. All regressions contain time dummies
(defined on the quarterly basis). Robust standardre are reported in parentheses with p<0.05 = *,
p<0.01 = **,



Table 6. The sample of moonlighters: OLS and FElte$or the pooled data

Model 1 2 3 4 5 6
log wage OoLS OLS OLS OLS FE FE
size2 0.013 0.009 0.014 0.020 -0.001 0.003
(0.021) (0.019) (0.017) (0.017) (0.023) (0.023)
size3 0.067** 0.057** 0.062** 0.064** 0.065** 0.069
(0.023) (0.020) (0.018) (0.018) (0.024) (0.024)
size4 0.080** 0.059** 0.066** 0.061** 0.085** 0.091
(0.024) (0.021) (0.018) (0.019) (0.027) (0.027)
sizeb 0.242** 0.161* 0.135** 0.128** 0.122** 0.120
(0.030) (0.024) (0.020) (0.020) (0.030) (0.029)
mjob -0.005 0.000 -0.018 -0.021 0.001 -0.012
(0.016) (0.014) (0.012) (0.012) (0.0112) (0.011)
school 0.088** 0.035** 0.032**
(0.004) (0.004) (0.004)
exp_p 0.022** 0.014** 0.014**
(0.002) (0.002) (0.002)
exp_p2 -0.035** -0.023** -0.023**
(0.004) (0.004) (0.004)
white -0.090* -0.10** -0.042
(0.041) (0.036) (0.037)
marrd 0.032* 0.028* 0.022
(0.016) (0.014) (0.014)
child 0.019* 0.012 0.010
(0.008) (0.007) (0.007)
occupl 0.288** 0.277** 0.102
(0.071) (0.072) (0.087)
occup2 0.754** 0.736** 0.458**
(0.049) (0.048) (0.081)
occup3 0.461** 0.451** 0.223**
(0.034) (0.034) (0.049)
occup4 0.245* 0.208** 0.118**
(0.022) (0.023) (0.040)
occups -0.001 -0.020 0.000
(0.033) (0.033) (0.043)
occup6 0.095** 0.075** 0.035
(0.018) (0.019) (0.028)
occup? -0.029 -0.011 -0.027
(0.016) (0.027) (0.034)
occup8 -0.021 -0.055 -0.070
(0.057) (0.064) (0.088)
boss 0.111* 0.118** 0.054*
(0.021) (0.021) (0.026)
Quart Yes Yes Yes Yes
Ind Yes Yes
Regs Yes Yes
intcpt 1.637* 0.332** 1.011* 0.995** 1.657* 1.28**
(0.052) (0.096) (0.088) (0.111) (0.013) (0.170)
R-sq 0.04 0.273 0.458 0.479 0.028 0.110
No obs. 2404 2404 2404 2404 2404 2404

Models 1 to 4 are OLS regressions for the pooldd dath different sets of controls. Models 5 and 6
provide fixed effects estimates (the sets of cdatame the same as in regressions 2 and 4 resplgytiv
All regressions contain time dummies (defined andharterly basis). Robust standard errors aretegpo
in parentheses with p<0.05 = *, p<0.01 = **, Foe fE models, the overall R-squared is shown.
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Table 7. The sample of moonlighters: OLS and FEltegor the pooled data, jobs in the same
occupation

Model 1 2 3 4 5 6
log wage OoLS OLS OLS OLS FE FE
sizeZ 0.03: 0.02( -0.00: 0.00z -0.00¢ -0.001
(0.034 (0.028 (0.022 (0.023 (0.029 (0.031
sizet 0.074° 0.076° 0.04¢ 0.04¢ 0.04¢ 0.047
(0.034 (0.030 (0.024 (0.025 (0.032 (0.034
sizes 0.092° 0.063’ 0.055’ 0.052° 0.04¢ 0.051
(0.037 (0.030 (0.023 (0.025 (0.036 (0.039
sizet 0.274** 0.196** 0.115** 0.117** 0.0971° 0.106°
(0.045 (0.034 (0.026 (0.026 (0.040 (0.041
miob -0.021 -0.01¢ -0.021 -0.01¢ -0.01¢ -0.01¢
(0.024 (0.C20) (0.016 (0.016 (0.014 (0.014
schoo 0.106** 0.012 0.011
(0.006 (0.006 (0.006
exp_p 0.020** 0.009** 0.010**
(0.003) (0.003) (0.003)
exp_p2 -0.027** -0.013* -0.016**
(0.007 (0.006 (0.006
white -0.05¢ -0.07¢ -0.04¢
(0.052 (0.039 (0.044
marrc 0.031 0.01¢ 0.00¢
(0.023 (0.018 (0.019
child 0.038** 0.022° 0.020°
(0.011 (0.009 (0.009
occupl 0.612** 0.580**
(0.132 (0.131
occup2 0.962** 0.945**
(0.060 (0.061
occup3 0.722** 0.728**
(0.046 (0.050
occup4 0.298** 0.262**
(0.031 (0.031
occup5 0.061 -0.007
(0.077 (0.080
occup6 0.141* 0.121**
(0.027 (0.029
occup? -0.030 -0.052
(0.034 (0.041
occup8 0.000** 0.000**
(0.000 (0.000
bos: 0.068’ 0.078** 0.04¢
(0.028 (0.028 (0.037
Quar Yes Yes Yes Yes
Ind Yes Yes
Regs Yes Yes
intcpt 1.553** -0.021 1.282* 1.398** 1.704* 0.9%2
(0.038 (0.120 (0.109 (0.156 (0.017 (0.458
R-sq 0.053 0.353 0.595 0.616 0.033 0.084
No obs 110¢ 110¢ 110¢ 110¢ 110¢ 110¢

Models 1 to 4 are OLS regressions for the pooldd dath different sets of controls. Models 5 and 6
provide fixed effects estimates (the sets of cdatane the same as in regressions 2 and 4 resplgytiv
The dummy occup8 is dropped as there is only orgerehtion in this occupational category. All
regressions contain time dummies (defined on tteetqry basis). Robust standard errors are repanted
parentheses with p<0.05 = *, p<0.01 = **. For tHemodels, the overall R-squared is shown.
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Table 8. Longitudinal sample from the QLFS embrgcimovers and stayers: OLS and FE
results for the pooled data

Model 1 2 3 4 5 6
log wagt OLS OLS OLS OLS FE FE
size: 0.090** 0.C52** 0.046** 0.048** 0.00¢ 0.00¢
(0.007) (0.006) (0.006) (0.005) (0.009) (0.009)
size3 0.159** 0.087** 0.078** 0.079** 0.008 0.007
(0.007) (0.006) (0.005) (0.005) (0.010) (0.010)
size4 0.217* 0.126** 0.104** 0.093** 0.019 0.019
(0.007) (0.006) (0.005) (0.005) (0.011) (0.011)
sizeb 0.306** 0.198** 0.171* 0.144** 0.034** 0.03t
(0.006) (0.006) (0.005) (0.005) (0.012) (0.011)
school 0.106** 0.047* 0.046** 0.007 0.007
(0.001) (0.001) (0.001) (0.007) (0.007)
exp_p 0.032* 0.020** 0.019** 0.018* 0.017*
(0.001) (0.001) (0.001) (0.008) (0.008)
exp_p2 -0.061** -0.038** -0.035** -0.030** -0.027*
(-0.001) (-0.001) (-0.001) (-0.007) (-0.007)
white -0.068** -0.059** 0.029** -0.03 -0.036
(-0.010) (-0.008) (0.008) (-0.077) (-0.076)
marrd 0.027** 0.008* 0.013** -0.007 -0.011
(0.004) (0.003) (0.003) (-0.012) (-0.012)
child -0.045** -0.016** -0.009** -0.034** -0.032**
(-0.002) (-0.002) (-0.002) (-0.007) (-0.007)
occupl 0.536** 0.472** 0.073*
(0.008) (0.008) (0.019)
occup2 0.662** 0.632* 0.087*
(0.008) (0.008) (0.022)
occup3 0.448* 0.392** 0.066**
(0.007) (0.007) (0.019)
occup4 0.270** 0.197** 0.033
(0.005) (0.006) (0.019)
occup5 0.048** 0.042* 0.001
(0.012) (0.011) (0.028)
occupb 0.111* 0.086** -0.005
(0.006) (0.006( (-0.019)
occup? 0.036** 0.080** 0.018
(0.006) (0.007) (0.020)
occup8 0.064** 0.004 0.013
(0.009) (0.010) (0.023)
boss 0.108** 0.115* 0.020**
(0.004) (0.004) (0.005)
Quart Yes Yes Yes Yes Yes Yes
Ind Yes Yes
Regs Yes Yes
intcpt 1.912* 0.297* 0.859** 0.835* 1.794** 1.88**
(0.014) (0.020) (0.019) (0.025) (0.282) (0.290)
R-sc 0.05¢ 0.37¢ 0.54¢ 0.587 0.06¢ 0.21¢
No obs. 44792 44792 44792 44792 44792 44792

Models 1 to 4 are OLS regressions for the pooled dath different sets of controls. Models 5 and 6
provide fixed effects estimates (the sets of cdatane the same as in regressions 2 and 4 resplgytiv
All regressions contain time dummies (defined andharterly basis). Robust standard errors aretegho
in parentheses with p<0.05 = *, p<0.01 = **, Foe fE models, the overall R-squared is shown.
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Table 9. Longitudinal sample from the QLFS: mooiniars

Model 1 2 3 4 5 6
log wage OLS OLS OLS OLS FE FE
sizez 0.098** 0.079** 0.071* 0.084** -0.01¢ 0.02:2
(0.028) (0.025) (0.023) (0.022) (-0.037) (0.039)
size3 0.112** 0.120** 0.113* 0.136** -0.020) 0.011
(0.030) (0.027) (0.024) (0.024) (-0.044) (0.042)
size4 0.143* 0.120** 0.109** 0.120** 0.013 0.018
(0.031) (0.027) (0.024) (0.024) (0.047) (0.048)
sizeb 0.332* 0.242** 0.180** 0.153* 0.079 0.075
(0.032) (0.029) (0.026) (0.026) (0.050) (0.053)
school 0.088** 0.033** 0.029** -0.004 0.001
(0.005) (0.005) (0.005) (-0.021) (0.022)
exp_p 0.023* 0.013** 0.013** -0.003 0.008
(0.003) (0.003) (0.003) (-0.032) (0.032)
exp_p2 -0.040** -0.020** -0.021** -0.025 -0.036
(-0.007) (-0.007) (-0.006) (-0.045) (-0.045)
white -0.085 -0.041 0.040
(-0.061) (-0.047) (0.049)
marrd -0.008 -0.002 0.009 0.083 0.090
(-0.020) (-0.017) (0.017) (0.045) (0.053)
child -0.006 0.009 0.010 -0.020 -0.019
(-0.010) (0.009) (0.009) (-0.042) (-0.040)
occupl 0.445** 0.383** -0.004
(0.069) (0.061) (-0.103)
occup2 0.688** 0.665** 0.072
(0.047) (0.047) (0.087)
occup3 0.489** 0.414** 0.078
(0.032) (0.033) (0.081)
occup4 0.245** 0.182** 0.055
(0.022) (0.024) (0.102)
occup5 -0.005 -0.010 -0.048
(0.056) (-0.054) (-0.181)
occupb 0.133** 0.084** -0.007
(0.022) (0.023) (-0.064)
occup? 0.054 0.086* -0.036
(0.030) (0.036) (-0.090)
occup8 0.089 0.043 -0.085
(0.057) (0.061) (-0.122)
boss 0.126** 0.113** 0.013
(0.021) (0.020) (0.030)
Quart Yes Yes Yes Yes Yes Yes
Ind Yes Yes
Regs Yes Yes
intcpt 1.587** 0.317* 0.869** 1.007** 1.954** 1.62*
(0.072) (0.116) (0.107) (0.156) (0.727) (0.750)
R-sc 0.07¢ 0.2¢ 0.461 0.507 0.01z 0.06%
No obs. 1816 1816 1816 1816 1816 1816

Models 1 to 4 are OLS regressions for the pooldd dath different sets of controls. Models 5 and 6
provide fixed effects estimates (the sets of cdatane the same as in regressions 2 and 4 resplgytiv
All regressions contain time dummies (defined andharterly basis). Robust standard errors aretegho
in parentheses with p<0.05 = *, p<0.01 = **, Foe fE models, the overall R-squared is shown.
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9. Appendix: Definition of variables

wage — hourly earnings of workers

hours — hours of work in the reference week

age — worker age

white — dummy for the worker’s ethnic backgrounds{énds for white as opposed to Mixed,
Asian or Asian British, Black or Black British, Clase, Other group)

marrd — dummy for the worker’s marital status @nsis for married/cohabiting)

child — number of dependent children below 19 yeéds

school — years of schooling (imputed on the batighe categorical variables describing the
highest degree attained)

exp_p — potential experience, calculated as agasiears of schooling minus five

occupl — dummy for managers and senior officials

occup2 — dummy for professional occupations

occup3 — dummy for associate professional and teahoccupations

occup4 — dummy for administrative and secretarial

occup5 — dummy for skilled trades occupations

occup6 — dummy for personal service occupations

occup? — dummy for sales and customer service aticurp

occup8 — dummy for process, plant and machine tipesa

occup9 — dummy for elementary occupations

boss — dummy for managerial/supervisory resporitdsilat the workplace

mjob — dummy for the primary (main) job

sizel — dummy for [1-10] employees in a firm

size2 — dummy for [11-24] employees in a firm

size3 — dummy for [25-49] employees in a firm

size4 — dummy for [50-249] employees in a firm

size5 — dummy for [256:) employees in a firm

Inds — industry dummies (based on the one-diggsifi@ation)

Regs — regional dummies

Quart — time dummies (quarters)
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