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Abstract

The empirical literature on the estimation of firm and worker heterogene-
ity using linked employer-employee data has thrown up a puzzle. Unobserved
worker quality appears to be negatively correlated with unobserved firm qual-
ity. Following a suggestion made by Barth & Dale-Olsen (2003), we investigate
the possibility that this is simply the result of the statistical model used, and
is caused by sampling error. We develop formulae that show that the es-

timated correlation is downwards biased if there is true positive assortative
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matching. These formulae can be used to sign the magnitude of the bias.
We also simulate a data generation process which exhibits positive assortative
matching, and we show that standard estimation methods do indeed yield

biased estimates of the correlation between worker and firm effects.



1 Introduction

There is a rapidly-growing empirical literature which uses linked employer-employee
data to estimate the contribution of worker and firm heterogeneity to outcomes in
the labour market. Much of this literature stems from Abowd, Kramarz & Margolis
(1999) (henceforth AKM) and related papers.! An important issue in the literature
is the relationship between the unobserved worker- and firm-components of wages.
Models of assignment imply positive assortative matching and therefore a positive
correlation between worker and firm productivities. In the words of AKM: “high-

wage workers and high-wage firms” go together.

However, a puzzle has emerged, in that the unobserved component of workers” wages
appears to be negatively correlated with the unobserved component of firms’ average
wages. Apart from AKM’s original study, which reported a positive correlation
between 6¢; and ;, all subsequent work has reported negative correlations. Abowd,
Creecy & Kramarz (2002) report that this is because the approximation used in their
earlier work gives different estimates when the models are re-estimated with the exact
solution developed subsequently. Abowd, Creecy & Kramarz report correlations of
—0.283 for French data and —0.025 for data from Washington State. Goux & Maurin
(1999) find a correlation ranging from +0.01 to —0.32 depending on the time period
chosen. Gruetter & Lalive (2003) find a correlation of —0.543 for Austrian data;
Barth & Dale-Olsen (2003) report a correlation of between —0.47 and —0.55. Our
own estimates from German data (Andrews, Schank & Upward 2004) suggest a

correlation of approximately zero.

In other words, when focussing on unobserved components, low wage workers work in
high wage firms, and vice versa. This seems counter-intuitive both in the light of the-
ories of assortative matching. Following a suggestion made by Barth & Dale-Olsen
(2003), we investigate the possibility that the observed negative correlation is simply
the result of the statistical method used. To do this, we simulate a data generation
process which creates an artificial linked employer-employee dataset which exhibits
positive assortative matching. We implement the standard method for estimating
the parameters of the model, including both unobserved components of wages. We
then demonstrate that for many reasonable parameter values and simulation designs
the estimated correlation between the worker and firm unobservables are severely

downwards biased. It is therefore possible that all the negative estimates obtained

1See also Abowd & Kramarz (1999) and Haltiwanger, Lane, Spletzer, Theeuwes & Troske (1999)
for early surveys of the wide range of issues covered in this literature.



thus far in the literature are consistent with positive assortative matching.?

The structure of the paper is as follows. In Section 2 we outline a generic model where
wages are a function of observed and unobserved worker and firm characteristics.
In Section 5 we describe the design of the simulation and in Section 3 we explain
the methods used to estimate the parameters of the underlying model. Section 6

presents our results and Section 7 concludes.

2 The generic model

Consider a model of wages with both employer and employee heterogeneity and

employer and employee covariates:
Yir = M+Xit,6+th7+uin+ij+()éi +¢j + &t (1)

There are + = 1,..., N individuals and 5 = 1,...,J firms. y;; is the dependent vari-
able (in this case wages); x;; and u; are vectors of observable i-level covariates; w;;
and q; are vectors of observable j-level covariates. a; and ¢; are (scalar) unobserved
heterogeneities. It is usual to assume that both are correlated with the observable
components of wages. Models of positive assortative matching would also imply
that they are positively correlated with each other. Note that both «; and u; are
variables that are time-invariant for individuals. Similarly, ¢; and q; are fixed over
time for firms. x;;, on the other hand, varies across ¢ and ¢, and wj; varies across j
and t.* Equation (1) therefore contains all four possible types of information which

a researcher might have about workers and firms.

Both individuals and firms are assumed to enter and exit the panel, which means we
have unbalanced panel with T; observations per individual. There are N* = ZZN:1 T;
observations (worker-years) in total. Individuals also change firms. This is crucial,
as fixed-effects methods are identified by changers. In this paper, we assume ¢;; is
strictly exogenous, which implies that workers’ mobility decisions are independent of

e4. However, it is worth noting that mobility may be a function of the observables.

2Abowd, Kramarz, Lengermann & Perez-Duarte (2004) also investigate this issue, but focus
mainly on economic explanations.

3Wherever possible we use AKM’s notation, although we explicitly define firm-level and worker-
level time-varying covariates (wj; as well as X;;).

4The notation wj; and q; is possibly confusing, since both are defined over every row indexed
it. AKM use the notation J(i,t) to denote the mapping from worker ¢ at time ¢ to the firm j in
which they are employed. This means that the index j refers to the level of aggregation that wj;
actually varies over.



Indeed, positive assortative matching requires that worker mobility is non-random

with respect to o; and ¢;.

As shown by AKM, in the presence of any correlations across the two sides of the
market, that is correlations between unobserved /observed worker characteristics and
unobserved/observed firm characteristics, there will be obvious biases which arise
when estimating Equation (1) using data from only one side of the market. It is
usual to assume that the heterogeneity terms o; and ¢; are correlated with the
observables from the same side of the market. This means that random effects
methods are inconsistent, and so fixed effects methods are needed to estimate the
parameters of interest. This means that [p, n], the parameter vector associated with
the time-invariant variables, is not identified. Rather than dropping [u;,q,], it is

usual to define

0; = a; +wn (2)
and
V; = ¢ +q;p (3)
giving
Yit = b+ X8 + Wiy + 0; + 0 + €t (4)

Estimates of [n, p] can be recovered by making the additional random effects as-
sumptions Cov(u;, ;) = Cov(q;,¢;) = 0 (as AKM do). However, some may be
unhappy identifying time-varying effects using fixed-effects methods whilst identify-
ing non-time-varying effects using random-effects methods in the same regression (in
the spirit of Hausman & Taylor (1981)), so in everything that follows, we consider

the identification of [n, p] as an optional extra rather than part of the main story.

Equation (4) is the generic model that represents most of the existing literature.
The particular focus of this paper is on the estimation of the worker and firm fixed

effects, 6; and 1;, and their correlation with each other.

3 Estimation

If one is not interested in the estimates of 6; and 1; themselves, consistent estimates
of B and ~ from Equation (4) are straightforward to obtain by taking differences or
by time-demeaning within each unique worker-firm combination (or “spell”). This
is because for each spell of a worker within a firm neither 6; nor ¢; vary, and so

differences or deviations removes both terms. However, we are interested in the



estimates of ¢; and 1); themselves, so this solution is not useful because it allows us
to recover only the sum 0; +1); after estimation, and not the individual components
(see AKM). It is worth noting, however, that for many researchers this “spell fixed
effects” (Spell FE) method is a practical and simple solution which does not present

any computational difficulty.

As noted by AKM, the Least Squares Dummy Variable (LSDV) estimator of Equa-
tion (1) requires the estimation of N individual effects and (approximately) J firm
effects. N is often in the order of millions, and J is often in the order of thousands,
or tens of thousands. For most realistic values of N and J this is not a practical
solution. In standard linear panel data models the LSDV estimator gives identical
results to models where the heterogeneity is removed algebraically, by taking de-
viations from the mean of all variables in Equation (4). However, there appears
to be no algebraic transformation of the observables that sweeps away both terms,
nor which allows them to be recovered subsequently. This is because of the lack of

patterning between workers and the firms they work for.?

To circumvent this problem, AKM note that explicitly including dummy variables
for the firm heterogeneity, but sweeping out the worker heterogeneity algebraically,

gives exactly the same solution as the LSDV estimator.

More precisely, generate a dummy variable for each firm:
F)=10j(i,t)=34) j=1,...,J,

where 1( ) is the dummy variable indicator function and the function j(i,t) = j

maps individual ¢ at time ¢ to firm j. Now substitute
J .
Vi = > iFd
j=1

into Equation (4). The 6; are removed by time-demeaning (or differencing):

J
Yie — Ui = (Xit — X)) B + (Wi — W)y + Z Wy (Fj, — F}) + e, (5)

j=1
where z; = (37, zit)/T; for any variable 2.5 To distinguish this estimator from the
standard LSDV estimator, hereafter we label this estimator as “FEiLSDVj”. They

5More precisely, sort the data by individuals, and the firm dummies are unpatterned; sort the
data by firms, and the individual dummies are unpatterned.

Differencing is ignored hereafter. There are various reasons why it is easier to implement the
covariance transformation. Normally, the decision whether to estimate the model in first differences
or use the covariance transform depends on which give the more efficient estimates. Both estimators
are consistent under the assumptions of our model. See Wooldridge (2002, Section 10.6.3).



are identical estimators, but differ in how they are computed. The covariance matrix
for FEiLSDVj needs the standard degrees-of-freedom adjustment.

To obtain estimates of the heterogeneity, first compute

J
bin = > iFh (6)
=1
and then B
0i = 4i — 0, — X8 — Wiy (7)

where 1); averages ;) over t.

There are two potential computational problems with this estimator. The first is
the number of firms .J, because the software needs to invert a matrix of dimension
(K +J) x (K +J). For many applications, the number of firms is sufficiently small
that FEILSDV]j is computationally feasible. The second is the requirement that one
must create and store J mean-deviations for N* observations, meaning that the data
matrix is N* x (K +J). This may be prohibitively large for software packages which

store all data in memory, such as Stata. See Andrews et al. (2004) for fuller details.

An important issue is establishing how many unique unobserved firm effects can be
identified. First, effects cannot identified for firms which have no turnover; otherwise
F) — F/ = 0. Second, note that the firm dummies, when in mean-deviations, form

a collinear set of variables
J

> _(Fy—F))=0.
j=1
This is simply a consequence of having a collinear set of firm dummies, which sum to

the constant before forming mean-deviations, and therefore sum to zero afterwards.

In such a situation, one drops one of the firm dummies.

However, there is an additional identification issue, discussed by Abowd, Creecy
& Kramarz (2002). Identification of firm effects is only possible within a “group”,
where a group is defined by the movement of workers between firms. A group
contains all the workers who have ever worked for any of the firms in that group,
and all the firms at which any of the workers were employed. A second (unconnected)
group is defined only if no firm in the first group has ever employed any workers in
the second, and no firms in the second group have ever employed any workers in the
first. If there are G separate groups of firms, then it is not possible to identify one

firm per group for the reason above.

A second implication of the grouping of firms is that estimates of ﬁj cannot be

directly compared across groups. This is because it is arbitrary which 1; is set equal
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to zero for normalisation in each group. The same issue applies to the resulting
0;. Abowd, Creecy & Kramarz suggest making the additional assumption that the

average firm effect is the same across groups.

Equation (7) gives the intuition as to why there is an observed negative correlation
between 6 and ¢ (as noted by Barth & Dale-Olsen (2003) and Abowd et al. (2004)).
The ; are estimated by LSDV, and are subject to the usual sampling variation (the
firm dummies are no different from any other observed covariate). Once estimated,
each ?ﬁj generates a number of éi, via Equation (7). If ¢; is over-estimated, then,
on average, the corresponding 6; are under-estimated, and wvice versa. This implies
that the estimated correlation between 60; and v; is biased downwards. Since the
sampling variation is greater for plants with small numbers of movers, the bias is

worse for these plants. An expression for this bias is formulated in the next section.

4 The bias

Equation (4) is the generic model that characterises the literature which uses linked
employer-employee data. To keep the notation simple, in what follows, we also drop
the two vectors of observed covariates. It is also useful to write the model in matrix

notation:

y=DO0+F¢ +e (8)

where y and € are N* x 1 vectors, D is a N* x N matrix of individual dummies,
F is a N* x J matrix of firm dummies, 8 is a N x 1 parameter vector, and ) is a
J x 1 parameter vector. In this section, to keep things simple, we assume we have
a balanced panel, N* = NT.

We now assume that the model can be estimated by LSDV. This means that any
unidentified firm effects have been dropped, and J redefined accordingly. This avoids
use of generalised inverses for expressions involving F'F. After estimation, one com-
putes the sample variance over all N estimates of 6;, the sample variance over all J
estimates of 1; (where identified), and the covariance between these two unobserved

components:



EstVar(l/AJ) = N*l_ 1 Z(@g - TZ)2

it

EstCov(f,1) = N*l_ 1 Z(éz — 5)("@ - 12);

where 6; is the it-th row of D@ and ﬁj is the it-th row of F{p 7 averages 0;

over all of individual ¢’s observations and similarly z@ averages wAj over all of firm

A~ ~ ~

7’s observations. Notice that each of EstVar(f), EstVar(y)) and EstCov(6,1)) is
computed over N* observations, that is, a given 0; is summed over N times and
a given wAj is summed over for as many worker-periods the firm is observed in the
data. These could be computed over N individual-level observations or J firm-level
observations, with appropriate weighted averages being used, but we do not develop

these formulae here.

We write the three estimated components of interest as

EstVar(d) = 0'D'Ay-DO  EstVar()) = /'F'Ay-F¢p  EstCov(d, 1) = 0'D'Ay-Fap,
where Ay« = Iy« —iy+ily. and iy« is a N* x 1 vector of ones.

The vectors 6 and '{b suffer standard least-squares estimation error, and so we com-
pare the means of the sampling distributions of these three components with their

true values (algebra available on request)

E('D'Ax-D)  6'D'Ay.DO
N*—1 N+*-—1

o2 N —1
e tr [(FMpF) 'F'A\-F 2
e o7t (FMoF) NF] + e

E[EstVar(0)] =

_|_

v - BOTATY) _ ¥P APy

2
€

N*—1

+ tr [(F'MpF) 'F'An-F]

. . E(0D'Ar-F) ODA.F
E[EstCov(6,1))] = ( - _N1 ) _ N*fl“’

2
€

N*—1

tr [(F'MpF) 'F'AN-PpF]



where Pp = D/(D'D)™!'D and Mp =1 - Pp.

The bias in estimating these three components are given by the terms involving

o2/(N* —1). All three biases are unambiguously signed.

Two points are worth noting. First, as expected, (see the end of the last section),
both EstVar(d) and EstVar(i)) are overestimated whereas EstCov(0, ) is underes-
timated. This means that if the true covariance is positive, that is, there is positive
assortative matching, the estimated correlation will always be too small, and could
be negative. On the other hand, if the true covariance is negative, the estimated

correlation could either be more or less negative.

Second, the three biases, in absolute terms, are a (complicated) decreasing function
of the number of movers between firms. Intuitively, this is because tr(F'MpF)
increases as the number of movers increases, and the expression (FFMpF)~! is found
in each of the three biases. Similarly, as the number of movers increases, both
tr(F'An+F) and tr(F'An<PpF) decrease. However, this argument is only intuitive,
as tr(B71A) # tr(A)/ tr(B).

The usefulness of having expressions for the bias in the three components of the

estimated correlation between 1& and é,
0D’ An-Fep
VP Ay Fip\/0DA . DO

EstCorr(6, ) =

means that one can assess the extent to which the true correlation between the
estimated unobserved worker and firms effects differs, on average, from the corre-
sponding estimate. One does this by adjusting the estimates of the three components
by using estimates of the bias, and recomputing the correlation. The only potential
computational problem with this is that each trace involves inverting J x J matrices;
as the software has already computed (F'MpF)~! to produce LSDV estimates, the

number of firms presents no further computational problems.”

~

To conclude, any investigator who computes EstCorr(6, @Z) can also compute these
biases and therefore recompute the correlation to see how biased the original corre-

lation is. The size of the bias depends on the number of movers to and from each

firm, a property of the matrix F'D, and the variance of the idiosyncratic error, oZ.
In the next section, we use simulated data to show how large these biases can be

for datasets that are amenable to estimation by the estimation methods discussed

"Stata has commands for computing inner products of matrices that do not involve storing
matrices with N* rows or columns.
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here. In particular, we attempt to uncover the non-linear relationship that links
the bias in the correlation (or its components) to the number of movers and 2.
Investigators who have very large datasets, and therefore must use ACK’s genetic
algorithms, should also be able to compute these biases using the formula reported

in this section.®

5 The simulation design

The simulated data mimics the generic model outlined in Section 2. J firms are
created indexed j = 1,...,J, each with a random number of employees drawn from
a Uniform distribution. Each firm is given a realisation of w;; and 1);; each worker is
given a realisation of z;; and ;. These realisations are drawn from a joint Normal

distribution with the following means and covariance structure for any period ¢:

V; 0 oy

W; 0 o o?

O R B 9)
97; 0 0¢9yp Ogw Oy

Tt 0 Oy 0 Ou 0926

The structure above focuses on the correlation between the unobservables and the
observables, and the correlation between the unobservables themselves.!® We assume
that the observed firm and worker effects (wj, and z;;) are uncorrelated with each
other, but we allow for non-zero covariance between the unobserved components
(0py # 0), as well as between the unobserved components and both firm and worker

time-varying effects.

The draw of [¢;, wji, 0;, z;] initially ensures that workers with certain characteristics
are matched with firms with certain characteristics. For example, if oy > 0 then
high wage workers tend, on average, to be matched with high wage firms. This gives

the distribution of workers across firms in period t = 1.

We now generate the movement of workers between firms. As noted, this is crucial

for the identification of the fixed effects. For each worker we draw a potential new

8Tis is work in progress: these formula need developing for covariates and unbalanced panels,
however.

9We use one variable of each type, hence wj; and x;; are scalars rather than vectors as in
Equation (4).

OFor clarity, we write out the correlation structure at time ¢. In addition, there are correlations
across periods. Both variables z;; and wj; are autocorrelated, with parameter 0.9. All x;; and wj;
pairs are uncorrelated.

11



firm j' from the list of currently existing firms. This new firm has its own set of

characteristics [¢);/, wjr].!*

The probability of movement from j to j’, denoted m},, is determined by one of

three rules.

mi =u (10)
mi, = a(t; — ¥;)* +u (11)
miyy = al(i —v;)* — (0 —¢y)*] +u (12)

where u is a realisation from U ~ N(0,1) and the parameter a is chosen to affect

the correlation structure of # and .
In (10) the probability of movement is a random draw from a Normal distribution.

In (11) the probability of movement is increasing in the distance between 6 and ).
This is intended to capture the notion of matches being pure “experience” goods
(Jovanovic 1979). The quality of the worker 6; is not observable to the firm until
the match is made. Similarly, 1/, is not observable to the worker until a match is
made. Once a match occurs, both are observable, and the worker and firm decide
whether or not to separate at the end of the period. If they do separate, the new

partner is once again entirely random.

In (12) the probability of movement depends on the quality of the potential new
firm, ¢, relative to the current match. This is intended to capture the notion of
matches being “search” goods. 1’ can be observed in potential new matches, and it

is the arrival of this new information which causes current matches to dissolve.

A move occurs if m* is greater than some critical percentile of the distribution of
m*. Altering this percentile allows us to alter the number of workers who move each
period. If a move occurs, the value of j' is copied to j in that period and for all
future periods, as are j/, ¢y and w;. The potential matching of workers and firms
occurs once per period t. The number of periods T' can be varied to mimic real data.
Typically T is small because linked data are recorded annually, and have become

available only recently.

Once the identity of each firm is established for every individual in all 7" rows of
the data, the dependent variable y;; is generated according to Equation (4). The

resulting dataset is balanced for individuals, unlike real data. All individuals appear

"Tn order to ensure that a new match is drawn with a probability proportional to firm size, the
list of new firms is weighted by the size of the firm.

12



T times. It is not however necessarily balanced in terms of firms, because small firms

who experience worker exits may disappear.

6 Results

6.1 Baseline simulation

We now repeatedly generate a synthetic dataset using the methods outlined in Sec-
tion 5. Table 1 reports the baseline values chosen for the synthetic data. Choices of

parameters were made with reference to the linked employer-employee data used in

Andrews et al. (2004).

Table 1: Baseline parameter values and realisations: random mobility
Population  Realisation (100 reps.)

Mean S.D.

Number of firms J 100 100 —

Number of time periods T’ - 5 5 -

Average number of workers per firm N; 50 50.096 2.761
Total number of observations N* 25000 25029.800 1382.385
Probability of movement per period m* 0.1 0.100 0.002
Total number of groups G 1.74 0.848
Number of observations in largest group 25023.350 1385.184
I} 0.5 0.5 —

~ 0.3 0.3 —

Variance of worker effects O'g 0.3 0.309 0.008
Variance of firm effects ai 0.3 0.298 0.049
Variance of idiosyncratic error o2 1 0.999 0.008
Corr(0,) 0.3 0.239 0.024
Corr (6, x) 0.3 0.295 0.012
Corr(6,w) 0.2 0.160 0.026
Corr(¢), x) 0.1 0.082 0.014
Corr(y), w) 0.3 0.299 0.097

The number of workers per firm is drawn randomly from a Uniform distribution, and
so varies across simulations, as does the exact number of workers who change firm
each period. Each replication involves a completely new set of worker movements
from firm to firm, and so the number of groups G (and hence the number of estimable
effects) varies slightly between replications. In about half the replications there is

only one group (all workers and firms are connected). Note that the size of the
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largest group is only slightly smaller than the total sample size. This is the usual
finding in real linked data (Abowd et al. 2002).

The crucial parameter is the correlation between 6 and v, which is chosen to be
positive (0.3): unobservably high wage workers work for unobservably high wage
firms. We also assume positive correlation between each unobservable and both
time-varying observables. High wage workers work for firms with observably better
characteristics, and high wage firms employ workers with observably better char-
acteristics. The latter assumption is supported by much evidence from real linked

employer-employee data (see the Introduction).

Note that after generating the data and allowing movement of workers between
firms, the resulting average correlation between # and v is significantly lower than
the chosen correlation. This is because in the baseline simulation worker mobility is
random with respect to all the variables in the model, including 6 and . In other
words, good matches are just as likely to separate as bad matches, and good matches
are just as likely to be consummated as bad matches. In period ¢ = 1 the correlation
between 6 and 1 is approximately 0.3. This falls because workers who move have
a zero correlation. For the same reason, the resulting correlation between 6 and
w, and between 1 and x are also lower than their original period ¢ = 1 population

values. The average correlations reported are the averages across all T" periods.

For each dataset we estimate Equation (5), and then compute @/A) and 0 using Equa-
tions (6) and (7). In Table 2 we report the baseline estimation results. We note first
of all that the FEiLSDVj method produces consistent estimates of 5 and .

The most striking result is that the resulting estimate of the correlation of the
worker and firm effects is significantly downwards biased, with a mean estimate
of 0.115 compared to the true value of 0.239. The explanation for this bias was
discussed earlier: any sampling variation in the estimates of 1 lead to the reverse
variation in estimates of #. This sampling variation should be greater in firms
with less worker turnover, because, as with any fixed effects model, estimates of
the unobserved heterogeneity are functions only of the observed characteristics of

workers who change firms.

To investigate this we calculate, for each firm, the number of workers who change
firm. Call this M;. We then divide the data into quintiles ordered by M;, and
report the correlation of 7,& and 6 for each quintile. It is noticeable that the estimated
correlation increases with every quintile except the last. The estimated correlation

is particularly poor for those firms with the least amount of worker movement.
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Table 2: Baseline results, 100 reps., random mobility

Population Simulation

Mean s.d.
I6] 0.5 0.498 0.008
~ 0.3 0.302 0.007
Variance of worker effects 05 0.309  0.537 0.014
Variance of firm effects 012/) 0.298  0.327  0.053
Corr(0,v) 0.239 0.115  0.034
Corr(6), ) 0295 0.294  0.012
Corr (6, w 0.160 0.198 0.031
Corr (1, x) 0.082  0.098 0.016
Corr(¢, w) 0.299  0.307  0.091
Corr(z, 0) by M;:
Bottom quintile (few movers) 0.240  0.039  0.061
2nd 0.232 0.124 0.060
3rd 0.226  0.123  0.058
4th 0.229  0.143  0.076
Top quintile (many movers) 0.220 0.131  0.073

6.2 Departures from the baseline simulation

We now vary the simulation in single dimensions away from the baseline. This
provides more evidence that the bias in the estimated correlation of 6 and ¢ is
a result of sampling variation, but also helps to quantify the extent of the bias

conditional on the characteristics of particular data.

1. Varying overall error variance. In Figure 1 we illustrate the effect of increas-
ing the overall error variance of Equation (4). As ¢? increases the sampling
variability of 2& increases, which decreases the estimated correlation of v and
0. Note again that the true correlation of 6 and v is slightly less than the
original chosen value of 0.3 because of the assumption of random mobility of

workers between firms.

2. Varying the probability of movement. As noted earlier, the precision of the
estimates of 1& is determined by the extent of movement between firms. For
this reason the probability of a match dissolving (m*) and the size of firms are
important determinants of the estimated correlation. In Figure 2 we plot the
estimated correlation of ¢ and 6 as the probability of movement increases. Note
that as m* increases the “true” correlation decreases because more workers are
being separated from their initial match. As predicted, the accuracy of the

estimated correlation improves greatly as the amount of mobility increases.
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3. Varying average firm size. Larger firms tend to have more workers joining and
leaving them, and therefore provide more accurate estimates of ¢, leading to
more accurate estimates of #. This was consistent with the results shown in
Table 2. In Figure 3 we show that as the size of firms increases in the simulated

data the estimated correlation of # and v approaches the true value.
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Figure 3: Varying Nj

4. Varying the number of time periods. The third dimension over which the
number of movers per firm can be increased is simply the length of the panel.
The longer the panel, the more accurately 1) can be identified because, once

again, each firm has on average more movers. This is confirmed in Figure 4.

5. Varying the number of firms. In contrast, varying the number of firms has
no effect on the bias of the estimated correlation. This is because every new
firm requires a new estimated parameter v, and no improvement in sampling

variability. Figure 5 illustrates this result.

6.3 Non-random mobility

A drawback with the simulation presented thus far is that it is actually logically
inconsistent with the notion of positive assortative matching. Because workers and
firms match and separate randomly, any positive association between worker and
firm characteristics originally imposed by the covariance matrix (9) reduces over

time. A better simulation design would allow for non-random mobility determined

17



-3 -2 -1

-4

-3 -2 -1

-4

o
o ° o o
° ° e ° °
°
o
o
T T T T T T T T T
2 3 4 5 6 7 8 9 10
Number of time periods
O True Corr(theta,psi)
® Estimated correlation 95% CI
Figure 4: Varying T
o o o o o o o o
o ° e ° ° ° e °
T T T T T T T
50 100 150 200 250 300 350
Number of firms
O True Corr(theta,psi)
® Estimated correlation 95% CI

Figure 5: Varying J

18




either by Equation (11) or (12). In Table 3 we report the baseline results in the case
where mobility is determined by Equation (11). That is, where a match is modelled

as a pure experience good.

Table 3: Baseline results, 100 reps., non-random (experience) mobility

Population Simulation

Mean s.d.
I} 0.5 0.500 0.008
o 0.3 0.300 0.008
Variance of worker effects O'g 0.310 0.537 0.014
Variance of firm effects ai 0.274 0.303 0.050
Corr (0, ) 0.360 0.196 0.037
Corr(0, x) 0.297  0.225 0.022
Corr(0, w) 0.183 0.139 0.033
Corr(¢, ) 0.117  0.112 0.015
Corr(y, w) 0.298 0.285 0.092
Corr(1,0) by M;:
Bottom quintile (few movers) 0.346  0.088  0.076
2nd 0.343 0.185 0.071
3rd 0.334 0.201 0.066
4th 0.349 0.221 0.083
Top quintile (many movers) 0.362  0.245  0.091

Because worker mobility is now non-random w.r.t # and v, the resulting correlation
between them does not now decrease over time. In fact, setting a = 1 in (11) actually
causes Corr(f,1) to increase over time, resulting in a average correlation of 0.360
over 5 periods. For the same reasons, Corr(f, w) and Corr(v, z) are also now higher

than in the original simulation.

Note that although worker mobility is “non-random”, consistent estimates of 3 and
v are still achieved, because mobility is still random w.r.t. the idiosyncratic error,

E.

As with the baseline simulation, however, estimates of Corr(,) are significantly
downwards biased, and in fact in absolute terms the bias is larger (0.196 — 0.360
compared to 0.115—0.239. As before, we split the sample according to the amount of
turnover which firms experience, and again the extent of the bias decreases sharply

for low turnover firms.2

12Gimilar results (not reported here) are also obtained if matches are modelled as search goods
as in Equation (12).
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7 Conclusion

Even in the presence of true positive assortative matching between workers and
firms, estimates of the correlation between firm- and worker-effects may actually be
negative, or at least strongly downwards biased. The extent of the bias depends
on how much worker mobility each firm experiences. We develop formulae for the
biases for the components of the estimated correlation. Users of real linked employer-
employee data should be able to use these formulae to assess the actual magnitude

of this downwards bias.
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