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A An approximate data-generating model

In this appendix, after describing the canonical Bils (1985) regression, we detail the ap-
proximate DGM introduced in Section 2 of the main text and use it to discuss inference of
the canonical Bils regressions, where all new hires are pooled together, and our preferred
regression specifications, where we distinguish between new hires from unemployment and
employment. We also discuss inference with staggered contracting, and we detail how the
DGM is consistent with the theoretical model of procyclical job upgrading that we develop
in Section 3 of the main text. Throughout this appendix, we develop testable predictions
that we employ in the main text of the paper that would allow us to reject the approxi-
mate DGM. As we discuss in the main text and mention here, however, the data are fully

consistent with the approximate model.

A.1 Bils (1985) regressions

Bils (1985) estimates the following regression in first differences:
Alogwit = Al‘;t C Ty Ty Aut —+ T - H{Nzt = 1} —+ T - H{Nzt = 1} . Aut + eit, (1)

which regresses individual wages at time ¢ on a cyclical indicator taken to be the unem-
ployment rate and allows for a different cyclicality for continuing workers and new hires.
The coefficient m,, gives the common wage semi-elasticity for new and continuing workers,
while the coefficient 7,, measures the excess semi-elasticity for new hires. We note that in
the original Bils specification, the indicator function is directly applied to first-differenced
unemployment (as opposed to being first-differenced itself).

An alternative way to control for unobserved permanent heterogeneity is to estimate a

regression in fixed effects. The fixed-effect version of (1) is
A™logwy = A™aly - mp + my - A up 4+ 7 I{Nig = 1} + T - N = 1} - Ay + i, (2)
where A™ indicates mean-differences.

A.2 An approximate DGM with a cyclical composition effect

The DGM relates individual wages to individual factors, the state of the cycle (measured
by unemployment) and to job match quality. There is no true excess wage flexibility for
new hires. We then model match quality as procyclical for workers making job-to-job
transitions (consistent with the structural model developed later in the paper). Accordingly,

we can then show that because job-changers drive cyclicality among new hires, the Bils’



regressions will generate upward biased estimates of new hire wage flexibility. Finally, we
can use the DGM to motivate a test of whether new hires wages are excessively flexible.
Under the assumption that match quality is on average acyclical for new hires coming from
unemployment, we get an unbiased estimate of new hire wage flexibility by conditioning
separately on this group of new hires.

Under the approximate DGM,

log wit = g + Tty + Uy - s + 0 + i + €5, (3)

where 1), is a constant, v, describes the relation of wages to observable characteristics x;,
1, gives the common wage semi-elasticity for new and continuing workers, «; is a time-
invariant person fixed effect, a;; is unobserved match quality for individual ¢ at a given job
at time ¢, and &4 is an 4id error term.

We assume average match quality a;; evolves as follows: Let [ { EE; = 1} be an indicator
that individual 7 is a new hire who has changed jobs and let [{ ENE;; = 1} be an indicator
that an individual is a new hire from unemployment. Then we assume that the average

match quality a;; evolves according to
Aay =I{EEy =1} - [0FF +EF . Aw] + I{ENE; = 1} - pFVE. (4)

Equation (4) describes a process for average match quality in which workers in continuing
matches experience no change in match quality, workers hired from non-employment incur
a level change in match quality independent of the cycle, and job changers incur a change
in match quality that depends on a level component and the change in unemployment. The
procyclical growth in match quality for job changers is consistent with the theoretical model
of procyclical job upgrading that we develop in the later sections of the main text. As the
unemployment rate falls, workers in existing jobs are more likely to move to better matches,
and vice versus when the rate falls. By contrast, workers coming from unemployment have
acyclical changes in match quality, as they are more likely to take the first job they find.
We elaborate on this mechanism for job changers below (see Section A.6). In Section 4
of the main text, we verify that a similar condition also holds for job-changers in the full

equilibrium model.

A.3 Inference with a first-difference estimator

To see how the typical regression of the literature may yield misleading evidence of new

hire wage flexibility, we first take first differences of the DGM (3), integrate over changes



in unobserved match quality Aa;; over new hires, and then combine with (4):

Alogwi = Az, +v, - Ay
+I{ENE; =1} - pENE 1 Agyy. (5)

We then note that we can rewrite the Bils equation (1) in first differences as

Alogw; = A.Z‘;tﬂ’x + Ty Ay
+1 {EElt = 1} . [ﬂ‘n —+ T - Aut]
—HI{ENEZt = 1} [7Tn—|—7rnu'AUt]—|—€Z't, (6)

distinguishing between the two types of new hires. Under our DGM, the Bils regression
is misspecified. In particular, it imposes that the wage semi-elasticities of job changers
and new hires from unemployment are equal and given by m,,. By contrast, the DGM
implies that the elasticity for job changers is wff < 0 and the elasticity for new hires from
unemployment is zero. Accordingly, taking the Bils equation to the data will lead to an

estimate T,, < 0, but this will be due to the composition bias captured by YEE  Indeed,

nu
EE

as we show next, Ty, o< ¥,

In particular, from equations (1), (5) and (6), we have

_— CovM™ (Alog wig, 1{ Ny = 1} - Auy)
i VarM™ (I{Ny; = 1} - Auy)
_ EE VarMX(]I {EEj; =1} - Awy) <
M VarM (1N = 1} - Awy)

where X = {Azy, Aug, [{Ny =1}}, MX =T - X (X’X)_1 X'’ is a linear operator that
residualizes a vector with respect to X, and the superscript MX denotes that we are com-
puting covariances and variances with respect to the residualized arguments. Note, the
literature takes the coefficient 7, as a measure of the excess contractual flexibility of new
hire wages; but under the approximate DGM, 7, is estimated to be non-zero solely through
its proportionality to wff .

We can then test whether the data is consistent with the simple DGM by estimating

equation (6) allowing for separate interaction terms for job changers versus new hires from



unemployment:

Alogwy = Azlme + 7y - Auy
+I{ENE; =1} - [aZNE 1 72BNE . Ay + ey, (7)

Under the null of our DGM,

EE EE
nu = ¢nu

ENE

nu = 0

implying that (7) the excess wage cyclicality for job changers reflects composition bias and
(i) there is no excess wage cyclicality for new hires from unemployment. Of course, the data
alone does not tell us the source of excess wage cyclicality for job changers. However, we can

test the null that there should be no excess cyclicality for new hires from unemployment,

ENE ENE

i.e., whether m ", o

= 0. Under our identifying assumptions 7 provides a composition-

free estimate of the excess wage flexibility of new hires (in contrast to 72F which reflects
cyclical composition). When we estimate equation (7) in Section 2.3 of the main text, we

ENE _

recover coefficients consistent with the null of 7,

A.4 Inference with a fixed-effects estimator

The fixed-effects estimator shares the same crucial properties: we can apply it to a subset
ENE ENE
nu N

of our sample and obtain 7, and 7},

as consistent estimators for ¢, and ¢
Similar to how we proceed in Section A.3, we first consider a fixed-effects estimator
applied to the approximate DGM. We first take mean differences of equation (3), integrate

over changes in unobserved match quality A™«;; and obtain
A™logwit = 1y, - A™uy + A @y + AMeqy, (8)

where A™a;; denotes average mean deviations in match quality. However, it requires more
algebra to express (8) in a form that is readily comparable to the canonical regression
equation, as we must generate expressions for mean deviations of unobserved match quality.

For ease of exposition, we assume in the following that individuals in the sample only
make at most one job-transition; i.e., individuals will experience either one FN F transition,
one EF transition, or will be continuing workers for the entire sample period. The length
of the sample is denoted as T'.

We first consider the mean-deviation of a worker who makes either a FE or a ENE



transition at period 7;. Match quality for such newly hired worker evolves as

Qi if t < 7;
Qi = ’ ' ) (9)
;.0 + AO&TZ. if ¢ > T;

where Ao, is the change in match quality experienced by the worker at time 7;. When we

average over 1', we obtain the fixed-effect af B where

T—1;+1
oft = a0+ #Z Aoy, (10)

Then, the associated mean-deviations of the average match quality of an EE or ENFE

worker who moves to a new job at period 7; is given by

~(5) - Aay, it <

() - Aa, itt>7;

m
A At —

Integrating over unobserved match quality by types of job transition, we obtain

- (55) - aay, it <

A" =
(%)'A@Ti ift>7;

(12)

where, analogously to equation (4), Aa,, is given by
Aa,, =I{ever EE; = 1} - [¢EF + 2P Au,, ] +T{ever ENE; = 1} - FVE (13)

and where I {ever FFE; = 1} is an indicator variable equal to one if the worker makes one
EFE transition over the sample period and zero otherwise, [ {ever ENE; = 1} is an indicator
variable equal to one if a worker makes an FNFE transition over the sample period and zero
otherwise, and 7; is the date of the job transition of a worker who makes either an FE or
ENFE transition.

Finally, we can rewrite (12) as

A™Gy = []1 {t<ri}- (—T_;H> FI{t> T} <T:; 1)} Aéy,. (14)

Equations (8), (13), and (14) describe the approximate DGM in fixed effects.

We next rewrite the analogue of our baseline regression equation for wage cyclicality (7)



in fixed effects,

A™logwy = AMalme 4+, ATy
+I{ENE; = 1} - [aENE 4 7ENE . Am,] 4 ey, (15)

While it was readily apparent that the preferred regression equation in first-differences

would allow consistent estimates of the parameters of the DGM, it is perhaps less clear

ENE

w18 a consistent

that this is true for our fixed effects estimator. Here, we show that =«

ENE

estimator of ¥,

, Ty 1S a consistent estimator for ¢, when we estimate equation (15) over

a subset of the full sample, but that 72F is a biased estimator for ¢ZF.

A.4.1 Consistent estimator for ¥V in fixed-effects

Let Xy = {A™xy, A™uy, 1{EE; = 1} ,1{EE;; =1} - A™u,,[{ENE; = 1}} and let MX
denote the linear operator that residualizes a vector with respect to X. Then, by the

Frisch-Waugh theorem,

~ENE _ Cov® (A™log wi, [{ENE;; = 1} - A™u)
e Var*(I1{ENE;; = 1} - Amu,)
_ Cov™ (AZap, + by - AMuy + AMay + AMeyy I{ENE; = 1} - A™u,)
B VarX (I{ENE;; = 1} - A™uy)
Cov™ (A&, 1{ENE; = 1} - A™uy)
VarX(I{ENE;; = 1} - A™uy)

Cov¥ (]I{ever ENE; =1} - 1{t < 1;} (—%) WENE I{ENE,; = 1} - Amut>
N VarX(I{ENEy; = 1} - Amuy)

Cov¥ (I{ever ENE; = 1} -I{t > 7;} - (Zr2) - pEVE I{ENE; = 1} - A™u;)
* VarX (I{ENE;; = 1} - A™uy)

(16)

—0+

=0

where first equality follows from equation (15) and residualization, the second equality from
equation (8), the third equality from residualization, the fourth equality from equations (13)
and (14), and the final equality follows from the zero covariance of 7; and I{ENE; = 1} -
A"y, The estimates we obtain in Section 2.3 of the main text are consistent with the null

of 7ENE )

! Note, Cov(7i, A™u;) = 0 obtains from the random initial condition for w;.



A.4.2 Consistent estimator for ¢, in fixed-effects

First, note that we cannot obtain consistent estimates of ¢, from a full sample that includes
workers who ever make an F'F transition. Asshown in equation (13), the mean deviations of
wages for ever-E E workers includes a term that is proportional to the change in the unem-
ployment rate of the period that they make a job-transition. As the fixed-effects regression
does not include this as an explanatory variable, estimates of v, will suffer from omitted
variable bias. We can, however, derive consistent estimates of 1, if we consider a restricted
sample that omits ever- EE workers. Let X;; = {A™xy, [{ENE;; =1} ,I{ENEy; = 1} - A"™u;}
and let MX denote the linear operator that residualizes a vector with respect to X.
Then,

~ CovX (A™ log wit, A™uy)
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i VarX (Amuy) (17)

_ Cov® (Azlap, + by, - A™uy + Ay + A™egy, A™uy)

VarX (Amuy)
_ ¢u 4 COVX (Axm@z‘t, Amut)
Var® (A™uy)
Cov™ (]I {ever ENE; =1} -1{t < 7;} - (—%) -wnENE,Amut)
=t +
u Var® (Amuy)
N Cov™ (I{ever ENE; =1} - I{t > 7;} - (T%l) : Q,Z)ENE,Amut)
Var™ (Amu,)
=1,

where first equality follows from equation (15) and residualization, the second equality from
equation (8), the fourth equality from equations (13) and (14), and the final equality follows

from the zero covariance of 7; and A™w;.

A.4.3 Biased estimator for ¢/2F in fixed-effects

Let Xit = {Aml’it, Amut,H{EEit = 1} ,H{ENEM = 1} ,H{ENEM = 1} . Amut} and let MX

denote the linear operator that residualizes a vector with respect to X. Without loss of



generality, assume that wa F =0 and wEE = 0. Then,

%\EE _ COVX(Am log Wit , I {EEzt = 1} . Amut)
e Var®X (I1{EE; = 1} - Amu)
B COVX(Al‘;ti/)x + 1, - AMup + AMay + A"ey, I{EE; = 1} - A™uy)
B VarX (I1{EE; = 1} - Amuy)
B COVX(Ade't,H{EEZ’t = 1} . Amut)
 VarX(I{EE; =1} - Amuy)
_ PE Cov¥ ((Tirt) - I{EEy = 1} - Auy, , I{EEy = 1} - A™uy)
e VarX (I{EE; = 1} - Amuy)
CovX (I{t < ;) - (—%) {ever EE; = 1} - vEE . Au,  1{EE; = 1} - A™,)
VarX (I{EE; = 1} - A™uy;)
N Cov®(I{t > 7} (Bx1) -I{ever EE; =1} - 9EE - Au, ,I{EE; = 1} - A™y,)
VarX (I{EE; = 1} - A™uy)

(18)

_l’_

#EE

where the first equality follows from equation (15) and residualization, the second equality
from (8), and the fourth equality follows from equations (13) and (14). At the fourth equal-
ity, however, we see two additional terms on the second and third line where a component
of demeaned average match quality is correlated with the demeaned unemployment rate in
the periods before and after the period a worker is an EE new hire, from equations (11)
and ( 12). Even if these terms summed to zero, (7; — 1)/7 < 1 and Cov(Au,,, A™u;) #

Var(A™u,), so we would obtain a biased estimate.

A.5 Robustness to staggered contracting

The structural model we develop in the paper allows for staggered wage contracting, where
the likelihood of renegotiation obeys a Poisson process. To introduce staggered contracting,
we slightly modify the approximate DGM:

log w; = log wf; + xgtq/)x + o + i+ Eq (19)

where wg; is the prevailing wage at a firm and is recontracted with probability (1 — A):

F Yoty w w/ prob. (1 —\)
it =

log w
log wz?;_l w/ prob. A

With a bit of algebra, one can then develop the analogue of equation (7), our baseline



relation for wage cyclicality which allows for separate interactions for job changers and new

hires from unemployment.

Alogwi = Azlymy +my - (1 = N) Z N Aup_r
7=0

+I{EE; =1} - [75F + 75F - Auy]
+I{ENE; =1} - [xENF 4 zBNE A, ] + ey, (20)

Note the difference with (7) is that the cyclical indicator is now a distributed lag of current
and past unemployment growth rates as opposed to just the current one. In the final section

of this appendix, we show that all our results are robust to this alternative formulation;

ENE

w7 is still zero, implying no excess wage flexibility for new hires.

that is, the estimate of m
The estimate of 72ZF remains negative, but this reflects cyclical composition bias under our

identifying assumptions.

A.6 Average match quality with constant wage premium and cyclical
shares

We detail here how the DGM is consistent with the theoretical model of procyclical job
upgrading that we develop in the paper. In particular, we show we can write the procyclical
growth in average match quality for job changers in equation (4) as generated by a constant
wage premium across types of jobs and cyclical changes in the probability of moving across
job types, as predicted by our full equilibrium model.

Suppose that there are two types of match quality, good and bad. Bad matches are
paid a fraction ¢ of good matches. We observe whether a worker makes a direct job-to-
job transition or one with an intervening spell of nonemployment, but nothing else about
the job transition. The probability of making a bad-to-good (or good-to-bad) transition
depends on the cycle for job-changers, but not for new hires from unemployment.

Then, conditional on a EE transition,

—log$p  w/ prob. dpat = Npco + Mg Aus
Aait = logqﬁ W/ pI‘Ob. 5GB,t = 77GB,O + 77GB,u : Aut (21)
0 otherwise

where dpg+ indicates the fraction of job-changers who make a bad-to-good transition and
where

d0pa,t + 0GBt + 0Bt + 0ca, = 1. (22)

10



Conditional on a ENE transition,

—log¢  w/ prob. dpnGt = NBNGo
Aoy = log ¢ w/ prob. daNBt = NGNBo (23)
0 otherwise

where dpna, is the fraction of new hires from unemployment who make a bad-to-good

transition (with an intervening spell of unemployment) and where

NGt +0aNBt +0BNBt +daNnG: = 1. (24)

If we integrate over the probability of different types of match transitions, we obtain

Ady =I1{EE; =1} - (—log¢) - (nga.o —1GB0)
+I{EEy =1} - (=108 ) - (1pg.u — NaBu) - Au
+I{ENEy =1} (—=log¢) - (npnc.o — NanBo) (25)

This is nested in (4), where

WEP = (=log ) - (npco — Nas.o)
vEY = (—logd) - (Npa.u — NaBw)
YINE = (—log ¢) - (npNco — NanBo)

A.7 Robustness to alternative approximate DGMs

Here, we consider three deviations to our preferred regression specification that are moti-
vated by three changes to the baseline approximate DGM. As in the text, we consider the
canonical regression, where all new hires are treated the same, and our preferred specifi-
cation, where new hires from employment and unemployment are permitted separate wage
cyclicalities. Results are given in Tables A.1 and A.2. First, we consider the case in which
the average change in match quality for workers making job-to-job transitions is propor-
tional to the level unemployment rate rather than the change in the unemployment rate.
Hence, whereas the common cyclical indicator is expressed in first differences and mean
deviations, the interaction term is expressed in the level HP-filtered unemployment rate.
Second, we consider the case of staggered contracting, where the relevant cyclical indicator
is the distributed lag of unemployment, as in Section A.5, where we set A\ = 11/12. The
third case we consider is a combination of the first two. As seen in Table A.1, we obtain
a new hire effect & la Bils (1985) across all three specifications. We confirm in Table A.2,

however, that the effect is entirely driven by new hires from employment, and there is no

11



evidence for excess wage cyclicality for new hires from non-employment.
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Table A.1: Alternative cyclical indicators: canonical regression

First differences Fixed-effects
UR —0.520%**  —1.090**  —1.125*** —0.192%**  —0.965***  —0.995***
(0.0992)  (0.1377)  (0.1401) (0.0602)  (0.0699)  (0.0700)
UR - I(new) —0.280*  —0.896*  —0.211* —0.183**  —1.196"*  —0.194***
Hew (0.1224)  (0.4583)  (0.1235) (0.0612)  (0.3246)  (0.0612)
Inew) 0.202**  0.010** 0.222* 0.172%*  —0.011%*  0.183***
Hew (0.1236)  (0.0040)  (0.1247) (0.0617)  (0.0017)  (0.0617)
o Level ) Level & Level . Level &
Change to cyclical indicators? Inter'n Distr. lag Distr. lag Inter'n Distr. lag Distr. lag
No. observations 321,396 321,396 321,396 378,661 378,661 378,661
No. individuals 57,265 57,265 57,265 57,265 57,265 57,265
No. new hires 14,674 321,396 321,396 18,096 18,096 18,096

* p < 0.10, ** p < 0.05, *** p < 0.01

Dependent variable: log hourly real wage. Controls for education, union coverage, marital status, a quadratic in tenure, and a linear time trend. Robust
standard errors in parenthesis, clustered by individual.
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Table A.2: Alternative cyclical indicators: preferred specification

A .2A. First differences

Level interactions &

Level interactions Distributed lag o
distributed lag
UR —0.482***  —0.487*** —1.060"** —1.051*** —1.088***  —1.091***
(0.0993) (0.0989) (0.1380) (0.1380) (0.1404) (0.1400)
UR - [(EE) —0.334** —0.355** —1.649** —1.452** —0.273* —0.294**
(0.1467) (0.1454) (0.6793) (0.6209) (0.1475) (0.1463)
—0.203 —0.090 —0.161 —0.257 —0.119 0.000
UR - (ENE) (0.2245) (0.2460) (0.6597) (0.7312) (0.2252) (0.2465)
Unemp. spell for ENE 0+ 1+ 0+ 1+ 0+ 1+
P(nEE = gENE) 0.627 0.356 0.112 0.209 0.564 0.305
A .2B. Fixed effects
Interaction of levels Distributed lag InteI‘é‘lCtl.OIl of levels &
distributed lag
UR —0.169***  —0.170*** —0.957"*  —0.957*** —0.972**  —0.972***
(0.0608) (0.0608) (0.0704) (0.0704) (0.0705) (0.0705)
UR - I(EE) —0.304***  —0.287*** —1.590™**  —1.547*** —0.318"*  —0.300***
(0.0822) (0.0805) (0.5028) (0.4726) (0.0823) (0.0806)
0.081 0.173 0.059 0.438 0.074 0.166
UR - I(ENE) (0.1059)  (0.1106)  (0.5388)  (0.5934)  (0.1057)  (0.1103)
Unemp. spell for ENE 0+ 1+ 0+ 1+ 0+ 1+
P(rEE = pENE) 0.004 0.001 0.023 0.008 0.003 0.001

Robust standard errors in parenthesis. * p < 0.10, ** p < 0.05, *** p < 0.01

Dependent variable: log hourly real wage. Controls for education, union coverage, marital status, a quadratic in tenure, and a linear time trend. Robust
standard errors in parenthesis, clustered by individual.



B Empirical appendix

B.1 More on robustness of empirical results

In this section, we discuss several issues related to the robustness of our empirical findings.

B.1.1 Non-employment versus unemployment

We interpret our findings for the wage cyclicality of workers from non-employment to be
relevant to understanding the wage cyclicality of workers from unemployment. The SIPP
offers monthly data on search activity, but many workers do not report active search for
each month of a given spell. Hence, there is no straightforward criteria by which to classify
a complete non-employment spell as one of “unemployment”, which would be necessary to
refine our measure of ENE transitions to one of EUE transitions.

We have explored one possibility, however, which is to classify a new hire as a new hire
from unemployment (EUE) if the worker reports searching for at least a single month of
her non-employment spell. Roughly 72% of new hires from non-employment in our sample
report searching for at least one month of non-employment. Of those workers, they search
for around 86% of the total duration of their non-employment spell. From this measure,
we can define three types of new hires: EE, EUE, and EOE (new hires from OLF). We
estimate a variation of our baseline specification with three interaction terms for each type
of new hire. The results are reported in Table B.1. Our findings are virtually unchanged. If
anything, the point estimates suggest that the wages of EUE workers are less cyclical than

the wages of ENE workers, but this difference is not statistically significant.

B.1.2 More findings on cyclical selection from non-employment

In Section 2.4 of the main paper, we discuss the robustness of our findings when isolate
groups of EN E workers who are less likely to be subject to some form of cyclical composition
bias. In Tables 4 and 5 of the main text, we isolate workers with shorter durations of non-
employment, where we alternatively do not control or control for occupation switchers.
Here, we do the same, but for with industry switchers. Results are given in Tables B.2 and

B.3 and entirely consistent with those presented in Tables 4 and 5.

B.2 The Survey of Income and Program Participation

Here, we discuss issues related to the Survey of Income and Program Participation as they

pertain to our analysis.
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B.2.1 Overview

The SIPP is administered by the U.S. Census Bureau and is designed to track a nationally
representative sample of U.S. households. The SIPP is organized by panel years, where
each panel year introduces a new sample of households. From 1990 to 1993, the Census
Bureau would introduce a new panel on an annual basis, where each panel is administered
for a period of 32 to 40 months. Hence for certain years in the early 1990s, data is available
from multiple panels, each consisting from around 15,000 to 24,000 households. Starting
in 1996, the Census changed the structure of the survey to follow contiguous panels. Since
the redesign, new panels have been introduced in 1996, 2001, 2004, and 2008. For each of
these panels, the Census has followed a larger sample of households (e.g. 40,188 in 1996)
over a longer period. There are two inter-panel periods for which we have no coverage:
April 2000 to February 2001, and February 2008 to August 2008. We use the SIPP sample
weights for all of our analysis. For the periods where there is panel overlap, we adjust the
weights according to the procedure recommended by Census (e.g., see SIPP User’s Guide,
2001, pages 8-9).

Survey respondents are interviewed every four months on activity since the previous
interview, a period referred to as a wave. However, some information (including for example,
employment) is available at different frequencies within a wave. For example, the SIPP
provides weekly measures of employment status, monthly measures of earnings, and job
identifiers are constant for the entire period of the wave. As described in the main text, we
combine monthly earnings records specific to each job to discern the pattern of job flows
and sources of earnings over the wave.

The SIPP has several advantages relative to other commonly used panel data sources
such as the PSID or the NLSY. Relative to the PSID, the SIPP follows a larger number
of households, is nationally representative, and has more frequent observations. For the
purposes of this paper, the PSID also suffers the disadvantage that it is difficult to identify
wage earnings with a particular job in years where multiple jobs are held. Relative to the
NLSY, the SIPP follows a larger number of households, but more importantly, multiple
cohorts. Relative to both surveys, the SIPP suffers the disadvantage that it follows any
particular individual for a shorter overall duration. But as mentioned before, the SIPP
collects rich retrospective information that gets around problems of left-censoring: in par-
ticular, we observe start dates for jobs held during the first wave but started prior to the
first interview (including the 1990 to 1993 panels). We then use our earnings-based mea-
sures of job transitions to determine the following sequence of jobs spells for the rest of the

sample.?

2 For each wave, the survey contains fields for up to two jobs. The survey maintains longitudinally
consistent job IDs for each individual and tracks certain job-specific characteristics at a monthly frequency,
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One frequently noted problem with the SIPP is the so-called “seam effect,” described

by the Census Bureau as follows:

This effect results from the respondent tendency to project current circumstances back
onto each of the 4 prior months that constitute the SIPP reference period. When that
happens, any changes in respondent circumstances that occurred during that 4-month period
appear to have happened in the first month of the reference period. A disproportionate
number of changes appear to occur between the fourth month of one wave and the first month
of the following wave, which is the “seam” between the two wave—hence the terminology.
(SIPP User’s Guide 2001, pages 1-7)

For our purposes, such an effect could potentially generate problems, for example, with
aligning job-changes with changes in the unemployment rate. This sort of measurement
error has the potential to bias coefficient estimates towards zero. Having experimented with
different measures of the unemployment rate that should not lead to such bias, e.g. average
unemployment rate over the wave, we believe the quantitative impact of such measurement
error is negligible. While a downward bias would make it harder to reject the null hypothesis
of no excess cyclicality of ENE wages, we recover both small negative and positive coeflicient
estimates for ENE workers, so we are not suspicious that such a bias could be driving our
results. Moreover, given there is no ex-ante reason to believe that such measurement error
should differentially effect ENE versus EE workers, the bias would not make it easier to
reject that excess wage cyclicality of EE and ENE workers are the same.

A second problem from the seam effect is discussed in Gottschalk (2005), which is the
presence of measurement error for the amount of earnings in non-interview months of a
wave. Thus, we follow Gottschalk (2005) and others in only using the fourth month wage
in our analysis.

Finally, we note that some sort of “seam bias” is present for any retrospective data. In
this sense, the SIPP provides an almost-ideal survey instrument, as it offers a representative
sample for multiple cohorts with a rich set of variables, but also allows the researcher to
follow workers over several years with relatively high frequency interviews, limiting the

duration over which the seam bias can influence survey responses.

including earnings. We follow the procedure detailed by Stinson (2003) to correct inconsistent job identifi-
cation variables for the 1990 to 1993 panels. We use monthly earnings data within waves to determine at
which job the individual is working and for what months the individual is working at each potential job.
From these data, we determine within a wave whether an individual made a job transition; and whether the
job transition was characterized by an intervening period of non-employment.
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B.2.2 Variables and sample selection

Following Bils (1985), we only consider males between the ages of 20 and 60. We drop
observations for individuals who are disabled, self-employed, serving in the armed forces,
or enrolled in school full-time. We use the monthly employment status recode variable to
identify and drop observations where an individual reports not working for the entire month.
We drop observations where an individual works less than 10 or greater than 100 hours a
week. We also drop observations where the wage is top-coded or below the minimum wage.
All observations are associated with a job-specific wage. As such, we drop observations
where a worker is working at multiple jobs. Such observation may either reflect a job-to-
job transition or multiple job-holding; but in either case, it is difficult to determine which
observation should be included in the estimation.

We use hourly wages as our measure of earnings. In some instances, SIPP includes hourly
wages and total monthly earnings. In cases where the hourly wage is directly available, we
use that as our measure of wages. In cases where the hourly wage is not available, we
construct a measure of implied hourly wages from monthly earnings divided by the product
of weeks worked and hours worked per week. For the 1990 to 1993 waves, all of these
variables are job-specific. Starting with the 1996 panel, the measure for weeks worked
is no longer job-specific. We instead construct a measure of weeks worked from weeks
with job minus weeks absent from work. Note that the implied hourly wage measure is
subject to greater measurement error at the beginning of a job, when an individual does
not necessarily spend a full month working at a job. In such cases, we use the second
observation as the “new hire” wage. There is no considerable change for the fixed effects
regression if we do not apply this correction, but many of the coefficients are not statistically
significant for the first-differences regression, including for new hires from employment. We
deflate wages using a four-month average of the PCE. Covariates include four indicators
for educational attainment, separate indicators for union coverage and marital status, a
quadratic in job tenure, and a time trend. We use combined weights across panels, applying
the method recommended by the SIPP User’s Guide (2001). We use monthly prime-aged

male unemployment.

B.2.3 Identifying recalls

The SIPP maintains job-specific longitudinally consistent employment information over
waves for which an individual reports non-zero employment. For such case, the SIPP
maintains the same job identifier for a given job, allowing users to distinguish new jobs
from “recalls” (to adopt the terminology of Fujita and Moscarini (2017). Table B.4 gives

an example employment history of an individual who works at a job, spends four months
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in non-employment, but returns to the same job. The SIPP correctly records that the
individual returned to the job that she left.

But starting in 1996, the SIPP resets employment records for individuals who are with-
out employment for an entire wave. If individuals return to a previously held job after
spending an entire wave in non-employment, the SIPP will incorrectly record the individual
as starting a new job. Hence, a single job can be given multiple job identifiers. Table B.5
gives a sample employment history of an individual who works at a job, spends an entire
wave out of work, and then returns to the same job. As in the previous example, the indi-
vidual spends four months not working; but because those four months happen to fall over
the entirety of a wave, the job is given a new identifier when the individual returns to work.
For such individuals, we could mistakenly label a recall to be a transition across separate
jobs.

We exploit an additional source of information recorded by the SIPP to identify potential
recalls. Every time that a distinct job identifier is associated with an individual, the survey
also adds a start date. This is indicated by the box around “start date” in the third row of
Table B.5. When we observe a start date that falls before the date that the SIPP purges
job identifiers, we have a good indication that the “new job” is in fact a recall.

To what extent do respondents report the date that they began the job, inclusive of
employment gaps, versus the date that they last began a contiguous employment spell?
We note that the survey question recording start dates is explicitly designed to identify the
start date to be the former of the two, as it is designed to distinguish jobs that began within
the wave from jobs that began before the wave.

For example, in the 1996 panel, respondents are asked “Did [FIRST AND LAST NAME]
begin [HIS HER] employment with [NAME OF EMPLOYER] at some time between [MONTH]]
1st and today?” (variable STRTJB). If individuals respond in the affirmative, they are asked
about the month and day within the wave that the job began (STRTREFP). Otherwise,
they are asked to give their “BEST estimate” of the year, month, and date that the job
began (variables STRTMONJB, STRTJYR, STRTJMTH).3

To identify potential recalls, we apply the following criterion: for individuals with an
incomplete employment record — e.g. respondents who have spent a complete wave in non-
employment — we consider any job with a start date prior to the period of non-employment
(the date at which the SIPP purges internal employment records) as a potential recall, and
we do not count the individual as a new hire.

We illustrate our criterion in Tables B.6 and B.7. In Table B.6, we observe an individual

work a wave at Job A, spend an entire wave in non-employment, and then start work at

3 See the 1996 Panel Wave 02 Questionnaire at http://www.census.gov/content /dam/Census/programs-
surveys/sipp/questionnaires/1996 /SIPP%201996 %20Panel %20Wave %2002%20-
%20Core%20Questionnaire.pdf
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Job B in wave 3. The start date of Job B is before the “gap date”, and hence, it is more
likely that Job B is the same as Job A. Hence, we do not consider the individual as a new
hire at Job B. In Table B.7, we similarly observe an individual work at Job A, spend a
wave in non-employment, and then work at Job B; however, the start date for job B in this
instance is after the gap date, and hence, we consider the worker to be a new hire in wave
3.

We apply the gap date criterion with two small additions: first, for a subset of job
dissolutions, workers report the cause of the dissolution. If the worker reports that he left
the pre-gap job to take another job, we do preclude the possibility that the post-gap job is
a recall to the first job. Second, if the start date at a post gap job is missing or statistically
imputed, we identify the job as a potential recall and do not count the worker as a new

hire.
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Table B.1: EE, EUE, & ENE

FD FE
(1) (2) (3) (4)
UR —0.424**  —0.420*** —0.144** —0.145**
(0.0966) (0.0966) (0.0609) (0.0609)
UR - I(EE) —1.866"**  —1.666"** —1.974**  —1.933***
(0.6794) (0.6218) (0.5027) (0.4724)
UR - I(EUE) —0.317 —0.479 —0.022 0.236
(0.7308) (0.7949) (0.5683) (0.6099)
UR - I(EOE) —0.950 —0.801 —1.348 —0.557
(1.6688) (2.0143) (1.0456) (1.2213)
I(EE) 0.045%* 0.038*** 0.004* 0.001
(0.0048) (0.0046) (0.0023) (0.0022)
I(EUFE) —0.057**  —0.075"** —0.034***  —0.039***
(0.0071) (0.0081) (0.0032) (0.0037)
I(EOE) —0.010 —0.015 —0.020"*  —0.013*
(0.0152) (0.0176) (0.0064) (0.0074)
P(rEE = gEUE) 0.117 0.235 0.009 0.004
Unemp. spell for ENE 0+ 1+ 0+ 1+
No. observations 318,763 318,763 375,642 375,642

* p < 0.10, ** p < 0.05, *** p < 0.01

Dependent variable: log hourly real wage. Controls for education, union coverage, marital
status, a quadratic in tenure, and a linear time trend. Robust standard errors in parenthesis,
clustered by individual.
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Table B.2: ENFE by unemployment duration, controls for industry switchers, first differences

< 9 months < 8 months < 7 months < 6 months < 5 months
UR —0.409"** —0.408**  —0.408"** —0.407**  —0.407"* —0.406***  —0.406** —0.405***  —0.407** —0.407***
(0.0966) (0.0966)  (0.0966) (0.0966)  (0.0966) (0.0966)  (0.0966) (0.0966)  (0.0966) (0.0966)
UR . LEE) —1.855"F —2.225%  —1.853"* —2.224**  _1.853"* —2.223*  _1.852°* —2.222**  _1.854*" —2.223*
(0.6795) (0.8802)  (0.6796) (0.8801)  (0.6796) (0.8801)  (0.6796) (0.8801)  (0.6796) (0.8801)
UR . (ENE) ~0.460  0.238 ~0.698  0.207 ~0.896  0.445 ~0.619  0.265 ~0.673  0.758
(0.7499) (1.0419)  (0.7546) (1.0494)  (0.7085) (0.9709)  (0.7380) (1.0250)  (0.7595) (0.9825)
UR . L(ZTU) ~1.438  0.449 ~1.078 0219 ~0.600 —1.084 ~0.970  0.049 ~0.709  —0.977
(1.2929) (1.6967)  (1.2556) (1.6946)  (1.4762) (2.6394)  (1.3015) (2.1089)  (1.1779) (2.0159)
, 0.717 0.718 0.717 0.717 0.715
UR - I(EE & switcher) - (1.3352) - (1.3353) - (1.3353) - (1.3353) - (1.3353)
. —1.298 —1.640 —2.392* —1.616 —2.573*
UR-I(ENE & switcher))  — 50 (1.4772) T (1.3809) T (1.4435) T (1.4636)
. —2.616 —1.807 0.535 —1.550 0.214
UR - I(LTU) & switcher) o (2.3023) (2.2727) o (3.1624) o (2.6388) o (2.4669)
Ind. controls No Yes No Yes No Yes No Yes No Yes
P(nFE = gENE) 0.163  0.070 0.250  0.075 0.324  0.041 0.214  0.065 0.243  0.023
No. observations 375,642 375,641 375,642 375,641 375,642 375,641 375,642 375,641 375,642 375,641

*p < 0.10, ¥* p < 0.05, ¥** p < 0.01

Dependent variable: log hourly real wage. Controls for education, union coverage, marital status, a quadratic in tenure, and a linear time trend. Robust
standard errors in parenthesis, clustered by individual.
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Table B.3: ENFE by unemployment duration, controls for industry switchers, fixed-effects

< 9 months < 8 months < 7 months < 6 months < 5 months
UR —0.145** —0.145** —0.144** —0.145** —0.144** —0.144** —0.144** —0.144** —0.145*"  —0.144**
(0.0609) (0.0609) (0.0609) (0.0609) (0.0609) (0.0609) (0.0609) (0.0609) (0.0609) (0.0609)
UR - I(EE) —1.971%* —2.859*** —1.971** —2.859***  —1.971*** —2.859***  —1.971*** —2.859*** —1.971%* —2.859***
(0.5027)  (0.6025) (0.5027)  (0.6025) (0.5027)  (0.6025) (0.5027)  (0.6025) (0.5027)  (0.6025)
UR - [(ENE) —0.246 1.215* —0.333 1.155 —0.387 1.200 —0.387 1.243 —0.173 1.449*
(0.5816) (0.7285)  (0.5882) (0.7344)  (0.6040) (0.7446)  (0.6245) (0.7643)  (0.6485) (0.8089)
UR - (LTU) —0.162  —1.465 0.223 —-0.904 0.377 —1.064 0.298  —0.820 —0.448  —0.860
(1.3940) (1.5197) (1.3146) (1.4355) (1.2084) (1.3312) (1.0684) (1.2764) (0.9661) (1.1045)
. 1.690** 1.690** 1.690** 1.690** 1.690**
UR - I(EE & switcher) o (0.7457) - (0.7457) (0.7457) (0.7457) (0.7457)
. —3.030*** —3.105*** —3.367* —3.442*** —3.381***
UR - I(ENE & switcher) — — (0.9856) o (0.9996) o (1.0139) o (1.0431) o (1.0858)
. 1.776 1.487 1.933 1.527 0.505
UR - I(LTU & switcher) o (2.0951) o (1.9504) o (1.7847) o (1.6874) o (1.5259)
Ind. controls No Yes No Yes No Yes No Yes No Yes
P(rEE = pENE) 0.022 0.000 0.031 0.000 0.040 0.000 0.045 0.000 0.026 0.000
No. observations 375,642 375,641 375,642 375,641 375,642 375,641 375,642 375,641 375,642 375,641
* p < 0.10, ** p < 0.05, *** p < 0.01
Dependent variable: log hourly real wage. Controls for education, union coverage, marital status, a quadratic in tenure, and a linear time trend. Robust

standard errors in parenthesis, clustered by individual.



Table B.4: Two separate employment spells, one job, correct IDs. Job ID preserved across contiguous

employment spells because individual reports employment for each wave.

Wi Time Recorded  Recorded  Employment Actual
ave Period Job ID  Start Date within wave Job ID

1 01/96-04/96 A 09/95 M1-M4 A

2 05/96-08/96 A 09/95 M1 A

3 09/96-12/96 A 09/95 M2-M4 A

Table B.5: Two separate employment spells, one job, incorrect IDs. Job ID information is lost when
individual spends an entire wave without employment. At wave 3, the job is incorrectly coded as being a

new job and the start date is asked again.

Wi Time Recorded  Recorded  Employment Actual
ave Period Job ID  Start Date within wave Job ID

1 01/96-04/96 A 09/95 M1-M4 A

2 05/96-08/96 - - none -

3 09/96-12/96 B 09/95 M1-M4 A
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Table B.6: Two separate employment spells, “gap date” falls after reported job start date for job “B”.

Rule out wave 3 job as “new hire”.

Wi Time Recorded  Recorded Employment Actual Gap
ave Period Job ID Start Date  within wave Job ID  date

1 01/96-04/96 A 09/95 M1-M4 A —

2 05/96-08/96 - - none - 05/96

3 09/96-12/96 B 09/95 M1-M4 A 05/96

Table B.7: Two separate employment spells, “gap date” is prior to reported job start date for job “B”.
Count wave 3 job as “new hire”.

W Time Recorded  Recorded  Employment Actual Gap
ave Period Job ID Start Date  within wave Job ID  date

1 01,/96-04/96 A 09/95 M1-M4 A -

2 05/96-08/96 - - none - 05/96

3 09/96-12/96 B 08,/96 M1-M4 A 05/96
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C Model appendix

In this appendix we first close the model by describing firms’ capital renting decision and
the households’ consumption/saving decision (which in turn determine labor productivity
and the discount factor), and we define the recursive equilibrium. We then proceed to derive
the log-linear equations that describe the first-order dynamics of the model. Most of the
derivations are standard or are similar to those in Gertler and Trigari (GT, 2009). We thus
focus on non-standard or new derivations. In the second section, we discuss first order-
approximations related to the three key decisions in the model: hiring, search intensity
and bargaining. In the third section, we derive log-linear expressions for the wage growth
of job changers and the shares of job-to-job flows. In the fourth section, we describe the
steady state of the labor market and in the fifth section we show how our calibration strategy
permits to pin down the key labor market parameters associated with the composition effect.
In the sixth section, we derive the loglinear expression for the measured user cost of labor
that we discuss in Section 6 of the main text. In the seventh section, we consider lateral job
match movements: We show that up to a first order the gains from lateral movements are
negligible, which justifies our ruling out this possibility in analyzing the worker’s decision
problem. In the last section, we tie up a final loose end and define the operator mapping

the distribution function from period ¢ to period ¢ + 1.

C.1 Closing the model

C.1.1 Firms: capital renting and labor productivity

Firms produce output y; using capital and labor according to a Cobb-Douglas production
technology:
v = zikily ¢, (26)

where k; is capital, [; labor in efficiency units and z; is total factor productivity. Capital is
perfectly mobile. Firms rent capital on a period by period basis. As described in the main
text, firms add labor through a search and matching process.

The firm’s decision problem is to choose capital k; and the hiring rate s to maximize
the discounted stream of profits net recruiting costs, subject to the equations that govern
the laws of motion for labor in efficiency units /; and the quality mix of labor v,, and given
the expected paths of rental rates r; and wages w;. We express the value of each firm

Fy(lg, vy, we) = Fy as

— K
Ft = IkIla,X{Ztk‘gltl ¢ _ 5 t2lt — wtlt — T’tkt + Et{At,t+1Ft+1}}7

ty, 0t
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subject to dynamic equations for I; and +v;, and given the values of the firm level states
(It,7v4, we) and the aggregate state vector.

Given constant returns and perfectly mobile capital, the firm’s value F; is homogeneous
in l;. The net effect is that each firm’s choice of the capital/labor ratio and the hiring
rate is independent of its size. Let J; be the firm value per efficiency unit of labor and let
k= k¢ /1 be its capital labor ratio. Then

F, = J; -1y, (27)
with J; = Jy(v,, we) given by
. K .
Jt = ?&X{Ztkg — 5 252 — Wt — T'tkt + (pt + %t)Et{At,t+1Jt+1}}7 (28)
ty 2t

subject to the law of motion for -,.

The first order condition for capital renting is
re = Cztl%f_l. (29)

Given Cobb-Douglas production technology and perfect mobility of capital, k; does not vary
across firms.

Substituting yields the expression for J; that appears in the main text, given by
K
J, = m%atmx{at - 5%,52 —wy + (py + 24) Et{ At p11Ji41}}, (30)

where a; denotes the current marginal product of labor (i.e., a; = (1 — () /l;), which is

independent of the firm.

C.1.2 Households: consumption and saving

We adopt the representative family construct, following Merz (1995) and Andolfatto (1996),
allowing for perfect consumption insurance. There is a measure of families on the unit
interval, each with a measure one of workers. Before making allocating resources to per-
capita consumption and savings, the family pools all wage and unemployment income.
Additionally, the family owns diversified stakes in firms that pay out profits. The household
can then assign consumption ¢ to members and save in the form of capital k;, which is
rented to firms at rate r; and depreciates at the rate 4.

Let €; be the value of the representative household. Then,

Qt — Inax {log(ét) + ﬂEtQH_l} (31)

Ct,kt 41
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subject to

_ T S0 140, _ _1+n. 7
¢t +kep1 + o {I/Cn Ty + VS, ncbt}

1+ <
= Wiy + Pwiby + (1 — 7y — by)up + (1 — 6 + r)ky + Ty + 11, (32)
and
i1 = Py + Epedy (33)
b1 = ﬁ?l_)t + &V pi5e (34)

where II; are the profits from the household’s ownership holdings in firms and 7; are lump
sum transfers from the government.*

The first-order condition from the household’s savings problem gives
1= (1 — 5 + Tt)Et{At,t+1} (35)
where At,t+1 = ,Bét/ét—&-l'

C.1.3 Resource constraint, government policy, and equilibrium

The resource constraint states that the total resource allocation towards consumption, in-

vestment, vacancy posting costs, and search costs is equal to aggregate output:

Ur = ¢+ ey — (1 — 0)ky (36)
K 2 . So 1+n, _ _14+n 7
+3 /i%t Ldi+ 7 T (Vgn iy + VS, bt) (37)

The government funds unemployment benefits through lump-sum transfers:
Ty + (1 — iy — b)) up = 0. (38)

A recursive equilibrium is a solution for (i) a set of functions {J;, V;*, V2, U;}; (ii) the

contract wage wy; (iii) the hiring rate s¢; (iv) the subsequent period’s wage rate wyi1; (v)

* Chodorow-Reich and Karabarbounis (2016) show the introduction of utility from leisure can greatly
increase the difficulty of generating sufficient unemployment volatility when the model is calibrated to match
the estimated cyclicality of the opportunity cost of employment. For simplicity we do not include utility
from leisure, but in ongoing work we show that our model with staggered wage contracting is robust to this
critique. Further, we model the cost of search as pecuniary rather than utility. Having a utility cost of
search may dampen the procyclicality of search intensity because recessions are times when workers value
additional consumption relative to leisure. We leave the quantitative exploration of this mechanism for
future research.
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the search intensity of a worker in a bad match ¢u;(vi) the rental rate on capital r¢; (vii)
the average wage, the average contract wage, the average search intensity of workers in bad
matches and the average hiring rate, w;, @}, Sy and ; (viii) the capital labor ratio ky; (ix)
the average consumption and capital, & and k. 1; (x) the average employment in good and
bad matches, 72y and b;; (xi) the density function of composition and wages across workers
dGy (v, w); and (xii) a transition function Q;41. The solution is such that (i) wy satisfies
the Nash bargaining condition; (ii) s satisfies the hiring condition; (iii) w41 is given by
the Calvo process for wages; (iv) ¢p; satisfies the first-order condition for search intensity
of workers in bad matches; (v) r; satisfies the first-order condition for capital renting;
(vi) @y = [, wdGy (v, w), wy = [, wi(y)dGy(v,w), St = [, bt (v,w) dGy (v, w) and
= fw’7 54 (7, w) dGy (7, w); (vii) the rental market for capital clears, k; = ky/ (7 + ¢by);
(viii) ¢ and k41 solve the household problem; (ix) n; and b; evolve according to (33) and
(34); (x) the evolution of Gy is consistent with Qy¢41; (xi) Q¢441 is defined in section C.7
of the appendix.

C.2 Hiring, search intensity and staggered Nash bargaining

Relative to GT, where the only firm-specific state variable was wages, here we must also
keep track of composition. As might be expected, there is a non-trivial interplay between
composition and wages at the firm level. Composition is inherited from the previous period
and influences the wage through the Nash wage bargain; the wage influences next-period
composition through hiring and search intensity. We introduce the restriction that good
and bad matches have the same steady state job survival rates, which lends considerable
analytic and computational tractability to the analysis.

We first state a set of results that will simplify the derivation of the log-linear equations.
These include a set of steady state results and approximations of period-ahead firm and
worker surpluses at renegotiating firms. We establish how these properties are used to
show that the ”composition effect” in hiring — wherein firms vary the hiring rate to vary
next-period composition — is zero up to a first order. We also briefly discuss the absence
of a composition effect in search intensity. We then go over the relevant equations for
determining the Nash contract wage: the worker and firm surpluses and the Nash first
order condition. We then derive recursive log-linear expressions for the average firm and
worker surpluses making use of the surplus approximations previously stated. In doing
that, we also derive expressions for the average hiring rate, search intensity, and retention
rate at a renegotiating firm. Finally, we prove the steady-state results and the surplus
approximations that we invoke for deriving recursive log-linear expressions for the average

worker and firm surplus and for linearizing the composition term in hiring.
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C.2.1 Some useful results

Let Z denote the steady state of variable z;. Assume that ¢, = £, so that p, = p, = p
(i.e., retention rates of good and bad workers are the same in steady state). Then we obtain

the following steady state results:

V41 _
A 5= 0 (39)
owf ()
—QKa_ |ss— 0 40
5 | (40)
0Ji (v, we) _ OHy (v, wr) = w lss=0 (41)
ar)/t S8 B'Yt S8 8’)/15 )

Let zz = [ 2 (v,w)dGy (v, w) denote the time ¢ average of a firm-specific variable
zt (774, wy) and note that, up to a first order, z; = z (7, w;). Let z; denote the log de-
viation of a variable z; from its steady state value Z. The following approximations for the

period-ahead firms and worker surpluses hold:

ﬁt-i-l (Veprwi (i) = ﬁt“ (Vo1 WE41) (42)
Hiq (’Yt+1a wf) = Hin (’7t+17 wfﬂ) + N Hw (@: - "71;1)
jt+1 (%+17wf+1 (%H)) = jt+1 (’7t+1a wf+1) (43)
Jir1 (Ver 1 @W5) = Je1 (Vg1 Wig1) + Mg (@: - ZAD:H)
ﬁfﬂ (Ve wi (V1)) = ﬁfﬂ (Vig1, iy1) (44)
Hf—‘,—l (’YtJrl?U_];:) = Hf—&—l (r_YtJrla U_};;_l) + NHbw ({I\]: - &_\]:—i-l)

where 7,5 17w, a0d Nge,, are the steady state elasticities of the worker surplus in good
matches, H, the firm surplus, J, and the worker surplus in bad matches, H?, with respect
to the wage.

We use results (39)-(44) to prove that the “composition effect” of hiring is zero up to
a first order and to solve for the average contract wage up to a first order, which in turn
requires deriving recursive loglinear equations of the firm and worker surpluses. We will
invoke these results in the following subsections and then prove them at the end of the

section.
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C.2.2 Hiring

In the main text, we derive the first order condition for hiring, »;. Given that next pe-
riod wage equals this period wage w; with probability A and next period contract wage
Wy (’yt +1) with probability 1 — A\, we can write the hiring condition at a firm with com-

position ~, and wage w; as follows:
wag (Ve we) = E{ Mgt [Mosr (Y, we) + (1= A) i1 (vegns 0y (V) ]} + we (g, w0)
where the second term represents a composition term in hiring:

wi (v, we) = [pg (7¢) + 22 (74, we)] X

aJ, dJ, LW
Er < Apeyr [N b1 (Ve @) +(1-2)) 1 (Ve Wi (Veg))
Vi1 Mig1
H(1—\) 0Jer1 (Ve wips (Vern)) Owisy (Yeq) | 9
owy g (Yi41) My D

The firm cares about period-ahead composition for the implied period-ahead retention rate
of a unit of labor quality (represented by the first two terms in square brackets) and through
possible effects of period-ahead firm composition on future renegotiated wages (the third
term).

Since we will prove that 0.J/0vy, dw* (y) /0y, 07 /0 are all equal to 0 in the steady

state, it follows that up to a first order the composition term wy (7, wt) = 0.

C.2.3 Search intensity

In the main text, we also derive the first order condition for search intensity, ¢p. Similarly
to hiring, we can write the search intensity condition at a firm with composition v, and

wage wy as

Sosps (g we) = PPE; {At,t—i—l [ﬁt+1 — NP (Yo, we) — (1= N) HYy (Yepr, Wiy (’7t+1)):| }

One difference with respect to the hiring condition is that no composition term in search
intensity is present. A worker deciding on her own search intensity does not internalize the
effect her choice has on the average search intensity of workers employed in bad matches
and thus on period-ahead firm composition. This happens because the firm employs a

continuum of workers and each worker behaves atomistically.
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C.2.4 Staggered Nash bargaining

Consider the problem of a firm and its workers employed in good matches renegotiating a
new contract wage, wy (7y,) . For any composition 7;, we can write the surplus of workers

in good matches Hy (v, wf (7)) as

H (v wi (7)) = wi () —up —ve(sn) + By { Ay [vsnpeHE — prH ]}
+v (1= ¢upr) By {At,t—i-l [/\Ht+1 (7t+17w: ('Yt))
+ (1 —A) Hep (’Yt+1a wfﬂ (7t+1))]}

with

Hg = §Fft+(1_§)ﬁf

Ht = V;:n—Ut
Hf = f/;fb—Ut

Similarly, we can write firm surplus J; (7, wf (7)) as

T i (1) = ar—wj (1) = S3a (v, 0} (1)
+ o (7o) + 54 (v, wy (7)) x

Er {1 M1 (Vs wi (7)) + (1= X) Jepr (Ve wivs (vesn))] )
with
ke (Ve wi (7)) = By {At,t+1 [)\Jt+1 (’Yt+1:w;sk (’Yt)) + (1= A) Jepa (7t+17w:+1 (7t+1))]}

+wi (Ve wy (7¢))

and
at = (1 - C) Zt/vfta

In the main text, we write the Nash bargaining condition:
Xe (Ve wi (V) e (ves wit (7)) = (1 = X (ves wi (70))) He(vgs wi (74)

where
n

n+ (1 =m) (e wi (7)) /(v 0 (4))

Xe(Veswi (7)) =

with
* o OH, (’thw? (’Yt)) * . OJi (v, wi (7))
et(ve, 0y (7)) = dws (1) and iy (7, wy (7)) = w0t (1)
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As we discuss in the text, the Nash condition is a variation of the conventional sharing
rule, where the relative weight x depends not only on the worker’s bargaining power 7, but
also on the differential firm/worker horizon, reflected by the term p/e. While the horizon
effect is interesting from a theoretical perspective, GT shows that it is not quantitatively
important. Since this greatly enhances model tractability, in the quantitative analysis we
abstract from the horizon effect by having the relative weight x fixed at 7, thus effectively

working with the following simplified sharing rule:

nde (v, wi (7)) = (1 =) Hy (v, wy (7))

To solve for the average contract wage, w;, we now derive loglinear recursive expressions
for both the average surplus of workers in good matches, Hy (7,,w;), and the average firm
surplus, J; (34, w;), at a renegotiating firm. As it will become clear, we will also need ex-
pressions for renegotiating firms of the average hiring rate, s (7,, w;), the average retention
rate, p; (74, wy), the average search intensity, u (7, w; ), and the average worker surplus in
bad matches, HY (¥, ;).

C.2.4.1 Average surplus of workers in good matches at a renegotiating firm
We start deriving a loglinear recursive expression for the average surplus of workers in good
matches at a renegotiating firm.

The nonlinear expression for Hy (3, wy) is given by

Hy (g, wy) = wy (%) —up —velsn) + By { Ay [venpi Yy — peHE ] )
v (1 = snpt) AEL { At 1 Hir (Veg1, @) }
v (1= cnpe) (1= X) By {Ar i1 Herr (e, wipa (ve41)) }
where 7v,, 1 denotes next period composition at the firm and wy, 4 (% +1) next period contract

wage in case of renegotiation.

Loglinearizing and rearranging, we obtain:

By Goay) = (@f/H) @ + v~ p)8 (A°/H) B Koo + Hm}
—155< /H>Et{pt+Att+1+Ht+ } (1_(]}@/[}))@
+pBE; {Kt,t—l—l + AHy1 (Yern, @) + (1= X) Her (vig1, w5 (’Yt+1))}

Using now the approximation in equation (42) to substitute out terms in the last line
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and rearranging, we obtain a recursive loglinear expression for Hy (7,, W), as follows:

~

Hy (Y, wf) = (w/ﬁ> [w; + PABEE: {w; — Wy 41 }]
~ ~ ~ =a
+(v—p)B (Ha/H) E; {At,tJrl + Ht+1}
~ ~ ~ >~a

—pB <HG/H) E; {ﬁt + A1 + Ht+1}

~v—-pp (1- (A7) F

+pBE {At,t—i-l + Hit1 (Vg1 w?ﬂ)}
where & = 0H/Ow.
C.2.4.2 Average surplus of firms at a renegotiating firm Here we derive a log-
linear recursive expression for the average firm surplus at renegotiating firms.

The nonlinear expression for J; (y,, w;) is given by
e - R — —%\2
Je (Y wp) = ap—wyp + 9% (Ve 07)

+pp (T W) AB { At g1 T (Vo1 @) }

+pr (Y, Wy ) (1= A) By {At,t+1Jt+1 (’Yt+17 w;tk+1 (’Yt+1))}

where, as for Hy (7, w;), 7,41 denotes next period composition and wy, ('yt +1) next period
contract wage, and where we have dropped the term w; (7,, w;) that is zero up to a first

order.

Loglinearizing and rearranging, we obtain:

JGeay) = (afd)a— (/1)@ +(1-p) B3 (7, 7)
+pBAE, {ﬁt T @F) + A + Jra1 (Vegas @Z‘)}

+pB (1 - )\) Ey {ﬁt ('_th 71)2‘) + K1;,15—5—1 + jt+1 ('Yt-s—la w:-i-l (7t+1))}

Using now the approximation in equation (43) to substitute out terms in the last two

lines and rearranging, we obtain a recursive loglinear expression for J; (3,,w;), as follows:
ToGewr) = (a/d)a — (@/7) B (@] + pASE (@) — @)} + (1= 5) B (7, 57)
+pBE; {:Bt (e, 0) + Agey1 + J (’_Yt+1a w:—&—l)}
where 1 = 9J/0w.

We note that J; (3,,@;) depends on 3 (7;,w}) and p, (,,@;). The latter, in turn,
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depends on Sy (7, wy) since

o V=D o~
Pt(’Ytyw;;k):_T (Pt + St (%aw:))

We thus proceed to derive loglinear expressions for s (7;,w;) and g (74, w5 ).

C.2.4.3 Average hiring rate at a renegotiating firm The nonlinear expression for

7 (4, wy) is given by
ket (i, Wy ) = Ee{ At 11 [)\Jt-i-l (%va?) + (T =A) Jena (%Ha wiq (%H))n

where, as before, we have dropped the term w; (3, w;) that is zero up to a first order.

Loglinearizing and rearranging, we obtain:
# (Y, wy) = B {At,t+1 + M1 (Ve @) + (1= A) Tepr (V1> Wi (7t+1))}
Using again the approximation in equation (43), we obtain
~ _ % ~ 7 5F ~ (% ok N T o _ %
7 (Y Wi ) = — (w/J> M (wy — wyyq) + By {At7t+1 + i (7t+1awt+1)}

C.2.4.4 Average search intensity at a renegotiating firm The nonlinear expres-

sion for ¢u (74, w;) is given by

oSy (G @y) = PYE: {ArsprHia }
—Pi AE {At,t+1Hf+1(7t+17 U_ﬁf)}

—pi (1= A) B {At7t+1th+1(%+1a Wity (%+1))}
and the loglinear version is given by
NS (e, wi) = E {ﬁt + Agpr + (ﬁ/ (H — ﬁb)) I_{t—i—l}
— (87 (- 8%)) B AL (e @) + (1= X) B (s w0 (1) |
Using now the approximation in equation (44), we obtain
n§€bt (Wt?w;) = —A (’UNJ/ <E[ - I;[b)) EbEt {@: - @:Jrl}
+E; {ﬁt + Kt,t+1 + (1/ (ﬁ - ﬁb)) (]:IHtJrl - ﬁbﬁff (7t+17ﬂ)f+1)>}

where £* = 0H?/Ow.
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Since Syt (Y4, w;) depends on HY (Y41, w; ), we finally derive a recursive loglinear ex-
pression for HY (’_Yt+17 u‘;Z‘H).

C.2.4.5 Average surplus of workers in bad matches at a renegotiating firm
The nonlinear expression for H? (5,,w}) is given by
HY (3, wf) = ¢wi (3,) — up — ve(sp (34, @)
+E; {At,t+1 [V§bt (Ve W7) py Hegr — ptﬁg+1] }
+v (1 — ot (3¢, wy) py') AEy {At,t—s—leJrl (Ver1s w:)}

0 (1= o (s @) 9) (1= A) B { A BE (v wign (1)) }

Loglinearizing and rearranging, we obtain:

~

Y (5,;) = (@/H) 6; — (vsos, ™ /) S (3, 27)
+(v—p)p (ﬁ/ﬁb) By {Kt,tJrl + ﬁtﬂ}

58 (A/H) BB+ R + s |
~(v=p)8 (1= (A°/H") ) (Bi + %o (0, 7))
FPBAE, {KMH +H L (e w;)}

+pB (1 - >\) Eq {Kt,t—i-l + ﬁthrl (7t+1a wfﬂ (7t+1))}

Using again equation (44) and rearranging, we obtain a recursive loglinear expression

for HY (,,w}), as follows:

~

Y o) = (/8) B 0w + pAoe (@] — @71) )

— (vsod" 7 /) Gt (3,7

+(v —p)B (ﬁ/ﬁb) E, {Kt,t-i-l + ﬁt-ﬁ-l}

8 (H/H) B { P+ Regor + Hyp o )
—(v—p)B (1 - (FI“/FIb)) (Pt + ot (3¢, @7))
+HBE, {T\t,m + H (Y41, w;‘+1)}

where & = 0H /0w.
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C.2.5 Derivation of steady-state results

We now derive the steady-state results invoked at the beginning of the appendix. In partic-
ular, we show that dw;j (,) /07, equals zero in the steady state. In doing that, we also show
that 9y, 1/071, 0y (v, we) /Oy, OHy (4, we) /074, OHY (g5 we) /v, Osue (45 we) /Oy, and
Opy (774, wy) /0, are all equal to zero in the steady state.

More precisely, we solve a system of steady-state equations in the partial derivatives of
several variables with respect to the two firm-level state variables: current composition and
current wage. We show that in the steady state the outcome of the current wage bargain is
independent of the firm’s current composition, as long as the relevant parties believe that
the same is true of the outcome of future wage bargains.®
In what follows, we first derive the relevant equations belonging to the system; evaluate

them at steady state; and finally show that the solution is such that dwy (v,) /07, |ss= 0.

C.2.5.1 Effect of composition on contract wage Consider a renegotiating firm with

composition ~y, and contract wage wy (). Define

Ft(veswi (ve)) = nde(ve, wi (7)) — (1 =) He(ve, wy ()

Since F ¢ (74, wf (74)) = 0 by the surplus sharing condition, we have

owy () _ OF ¢ (v wi (7)) /O
0y OF ¢ (Ve wi (74)) /0wy ()
where
OF + (Ve wi (7)) _ naJt (Ve wi (7)) —(1-7) OHy (74, wi (7))
0y vy vy
OF ¢ (74, wi (7)) _ Uajt (ves wi (7)) —(1-n) OHy (v, wi (74))
owy () owf (1) owy ()

Evaluating at steady state:

ow*(y) _ ndJ/0y — (1 —n)O0H/Oy

oy  ndJ/ow— (1 —n)0H/ow

which gives us the first equation of the system.

C.2.5.2 Effect of composition and wages on worker surplus in good matches

We then obtain expressions for 0H /0~y and 0H/0w. For any given composition v, and wage

® While in principle there may be other self-fulfilling solutions in which firm’s composition matters to
current wages in the steady state simply because the parties believe it will matter in the future, we believe
that our fundamentals-based solution is most natural, given the environment.
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wy, the worker surplus in a good match is

Hi (v, w) = we—up —ve(sy)
+E; { A1 [vsnpeHE o — peHE |}
+v (1 = Gupt) By { At 1 [NHig1 (Vg1 we)
+ (1= X) Hepr (Vs wis (ve41))] )

We can write OHy (7, wy) /07, as follows

H.
M v(1—snpt) By § Av e )\8 t+1 (7t+1awt)
ar)/t 87t+1
H. *
+(1—X) O (%Jél’wtﬂ (Ve41))
Ye+1
H, * *
+(1-=X) OHii (thl’wtﬂ (Ve41)) awtgl (Ve41) « dZtH
owy, (7t+1) Vi1 vy

Evaluating at steady state gives

OH dy'\
5 <1—pﬁch> =pB(1—-2A)

OH Qur(y) dy'
ow 0y dy

We now turn to 0H/0w. We can write H; (v, wy) /Ow, as follows

i OH, ,
OH; (v, wi) - _ 1+ v (1= Gupt) By { Appst At Drvr, 1)
8wt ’ 810,5
0H W
+v (1 — sppr) Et{At,t—i—l A t+18§7t+1 )
t+1
OHr1 (Ve Wiy (Ves1))
+(1-=X)
M1

+(1-N)

d’YtH

owyy (Yi41) M1
Evaluating at steady state gives the third equation of the system:

ow* () dy'
0y dw

0H

%(1—pﬁk—pﬁ(1—A)

= 1‘*‘05771]
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C.2.5.3 Effect of composition and wages on firm surplus We now turn to 9.J/0~

and 0J/0w. For any given composition ~, and wage wy, the firm surplus is given by

K
Ji(vpwe) = ap —wy — 5% (g, wy)?

+ [pe (ve, we) + 54 (74, we)] X
Er { A1 [Mes1 (vigrwe)

+ (1= ) Jer1 (Vs wir ()]}
which gives 0J; (7, wt) /07, as follows

oJ: (v, d X
w = TZ X By { A1 [N (Ve we) + (1= X) e (Vg1 wigr (e1))]

+ oy (e we) + sa(yy, we)] X

Ey {At,t+1 )\ajt"'la(’;yt‘i'l’ wt)
t+1
+(1-=XN) 0J¢+1 (%37’:3:“ (Vez1))
-y 0Ji 11 (%;H,wtﬂ (Vet1)) 8wt51 (Vt1) y d;in_l
Owiy (Vi) Vi+1 Ve

where J; (74, w) is maximized with respect to s (v, w:), so that in taking the derivative
with respect to 7;, we can hold s (7, w;) fixed at its optimal value.
Evaluating at steady state gives

oJ 9J dw*(v) dy'

dy'\ _dp
7 <1 — Bd*y) = aﬁJ—l—B(l - ) o 0y (S4)

We can then write 0J; (74, we) /0wy as

a‘]t ("Yt ’ wt)
awt

OJrg1 (Vear, we) }

= =1+ [p (76, we) + 22 (74, we)] Ay {At,t—H 5
Wy

+oy (74, we)
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8 Jer1 (Ves1r we)

or (v we) = [y (Ve we) + 24 (v, we)] By {At,t+1 [)\

Vi1
0J, , Wy
+ (1 o /\) t+1 (7t+1 wt+1)
M1
Ny 01 (Vg1 W) Owiyy | dyp
owiyy Mey1 | dw
d
dpt By { A1 [N (Vg1 we)
+ (1 =N Jer1 (Vs win ()] }
where we have used the envelope condition.
Evaluating at steady state gives
a.J ow* () dy aJ d’y
1—A —+ —03J SH
go(1-a-pa-n 2T 1y s BT (55)

C.2.5.4 Effect of composition and wages on the retention rate Here we derive

expressions for dp/dvy and dp/dw. For any given composition v, and wage wy, the average
retention rate is
P+ &Y (7 we)

1+ oy,

pr (Ve wi) =

where
P? (Ve we) = v (1 — Spe (74, we) DY)

The derivative of p, with respect to 7, is

dp,  9py | Op, Op} Dsu

dryy 3% apt st 0y

and the derivative with respect to wy is

dpt _ 8Pt dp; Op}) Dy

dw, Owy Op? Ospy Owy

Let us consider each relevant term. We have

Apy _ ¢t L+ ¢ve) — & (of + dvueh) _ ¢ (o — })

97 (1+¢7,)° (149
% _ ol
opt 1+
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— = -V
OSpe Pi
Ot _

8wt

Evaluating terms at steady state, using p® = p", and substituting, we obtain

dp ¢y 0%
oF 2 S6
dy 1+ ¢y P oy (S6)
dpo ¢y 0%
dw 1+ qzwyp ow (87)

C.2.5.5 Effect of composition and wage on future composition We turn to ex-

pressions for dy'/dvy and dv'/dw. Composition evolves as

lee) (’Yu wt) ’Yt/ 1+ ¢’Yt) + 24 (V4 wt) '7?/ (1 + ‘W?)
Pt/ (L4 ¢vy) + 32 (v, we) [ (1 + 697)

Y41 ('Yta wt) =

where
P? (verwe) = v (1 — Spe (74, we) PY)

The derivative of v, ,; with respect to v, is

Ay Ovier | 0 0o 0vier Oph Due

dry, 0 0 O, Opb Ot 04

and the derivative with respect to w; is

dYitq . M1 n a’71t+1 0t 8’7t+1 802 OSpt

dw; owy O Owy Oplt’ OSpt Owy

Let us consider each relevant term at a time. We have

b n
Oy _ Trom? P2/ L+ 870) +oa/ (14 878)] + T2l [/ (1+ o) + a7t/ (14 691)]
0, 02/ (1+ &) + 2/ (1+ 671
Mip1 (1+ o) (1 + ¢’7?) <7th _ %pb>
- t Mt t
Ose o0 (14 ¢7) + 24 (1 + 67,)]
8%5+1 _ 1 Yt
opt P (L4 ¢vy) + s/ (14 ¢90) 1+ éyy
ol
Ospr t
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a’Yt-|-1

=0
awt

Evaluating terms at steady state, using p’ = p" and 4 = 3", we obtain

0 _ Ny e
87_p Or (‘)pb_’y o, P
Substituting, we obtain
dy' n0<
H =p—vp af,yb (S8)
d' 1 OSh
aw =" 5 (59)

C.2.5.6 Effect of composition and wages on search intensity From the expres-
sions in the previous sub-section, we need Js;,/dy and Jg,/0w. For any given composition

v, and wage w, search intensity is given by

sosot (Ve we)™ = Ey {At,t—&-lp? [Ht-',-l
—AHPyy (Vegr we) = (1= A) Heyq (Y41, Wi (’Yt+1))”

We can write dsy (4, we) /0, as follows

1—
M - _ Spt - Et At t—i-lp? AaHf-l-l (7t+1’ wt)
7, 1¢S0 ’ 0V
athH (’7t+17wf+1 (’7t+1))
+(1-=X)
8’)’t+1
+(1-=X) 8Hf+l (’Yt+1’wftk+1 ('Yt+1)) owy (7t+1) d’YtH}
owyyy (’7t+1) Myt dvy
Letting -~
_ s 8"
T =
N¢S0

and evaluating at the steady state, we obtain

(B oy OO0 Y iy 10

oy oy ow Oy dy
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We also have Oy (4, we) /Ow; as follows

L=n b
0 ° 0H, )
7;”’5 = — (g”t ) E, {At,tﬂp?/\ t“a(%“ w) }
Wt 150 Wi
L—=n b b *
° 0H , 0H, ,
| St By d A} |\ t+1 (%+1 wt) (=N t+1 (7t+1 wt+1)
1650 Vi1 Vi1

Y- OH 1 (Y1, wier) QWi v dvi
owiy M1 dwy

Evaluating at steady state gives

b b b * /
9 _ /\8H <8H 1- O0H’ Ow (7)) ' (s11)

ow ow oy +(1-4) ow  Ov dw

C.2.5.7 Effect of composition and wages on worker surplus in bad matches
Finally, we derive expressions for 9H®/9y and H®/dv. For any given composition v, and
wage wy, the worker surplus in a bad match is

H) (v, we) = ¢wy — up — ve(sp)
+E { A1 (oo} Her — peHi ] )
+v (1 = suepy’) B {At,tﬂ [/\Hfﬂ (Ver1s we)

+ (1= Hfﬂ (7t+17w;5k+1 (’Yt+1))”
We can write OH? (v, w;) /0, as follows

8th (’th U)t)
vy

OHP 1 (Y1, we)
8’Yt+1

= v(l—sup) Bt {At,t+1 [)\

+ (1 _ )\) 8H1?+1 (7t+17w;:+1 (f)/t—i-l))

3’)’t+1
+(1-2) OHP1 (Vs wies (V) Owin (Vian) | et
owiy (7t+1) Vi1 dyy

where H} (v;,w) is maximized with respect to ¢p:(y,, wy), so that in taking the derivative
with respect to v,, we can hold ¢u(7,, wy) fixed at its optimal value.

Evaluating at steady state gives

OH® d~' OH® ow* (v) dy'
T (1-p82 ) =pp1 -0 S &y 12
9 ( pﬁCh) pB(L=A) A (S12)
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We then have OHY (vy,, w;) /0wy as

aHL? (715 ) ’U)t)
6’wt

OHY ,
¢+ v (1 —supy) Et {At’tﬂ)\ t+18(;YUt+1 wy) }
t

)\aHf-i-l (’Yt+1a wt)

+v (1 —spepy) Ey {At,t+1

it
0y s G 1)
87t+1
+ (1= OHY 1 (Ve Wiy (Vo)) Owiyy (Vi) Al
Owfyy (Vegr) 0741 dwy

where we have used the envelope condition.

Evaluating at steady state gives the last equation of the system

OH"
w (1—/75)\—P5(1—/\)

Yy gy

oy dw P oy dw

C.2.5.8 System and solution We have a system of 13 equations, given by equations
(S1)-(S13), in 13 unknowns, given by

ow*(y) O0H 0H 9J 9J dp dp dy' 0y dsp sy OH® OH®
Oy Oy Ow Oy ow dy dw dy’ Ow’ Oy’ dw’ Oy Ow

It is easy to see that dw*(y)/0vy = 0 is a solution to the system. That is, in the steady
state, the outcome of the current wage bargain is independent of current composition, as

long as workers and firms believe that the same is true of the outcome of future wage
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bargains. The full solution to the system is as follows:

8w*(’y)_8H_8J_dp_8§b_8Hb_0
oy oy oy dy 9oy oy
37ny_ 17 8 2 Y Y
8w_17/305)\

9J 1= 5Bt

ow 1- X8

dp oy 0%

dw 1+<Z>’yp8w

&

dv_p

dv' ., OSh

qw = "

I . TA

ow  1—ppA

OH®* ¢

l ow  1—pBA

C.2.6 Derivation of surplus approximations

We now prove the first-order approximations for the period-ahead surpluses at renegotiating
firms stated in equations (42), (43) and (44) in the first sub-section. To do that, we will
use the steady state results just proved.

Specifically, we derive the approximation in equation (42 ), given by

fi\[t+1 (’)/t+1, w;f_,_l (7t+1)) = ﬁt+1 (f?t—‘rl? w;fk-i-l)
Hir (Vg1 @7) = Hipn (Veg1, i) + N (@: - @;1)

Similar derivations apply to equations (43) and (44).

Consider the worker surplus in good matches, H. It is a function of the two firm-specific
states, composition and wage, and the aggregate state. Note that the aggregate state not
appear explicitly as an argument of H as it is captured by our notation with the time index
on the function H.

Denoting the aggregate state at time ¢ with s;, we can then loglinearize the worker

surplus at time ¢ for any wage, w;, and any composition, v,, as follows:

~

Hy (7 we) = gy + Miw @t + NSt (45)

where 1., M., and 7y, are the steady state elasticities of H with respect to composition,

wage and aggregate state.
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Using the approximation in (45), we can then write:

ﬁt+1 (’Yt+1a Wy (’Yt+1)) = ﬁtﬂ (’7t+1a w;tk+1) + NHy (?tﬂ - $t+1) + NHw (@:H (’Yt+1) - ’E’:H)
Hiy (Ve w7) = Hipr (Y, 0741) + N H~ (Ferr = Vit1) + M5 (ﬁ): - 73);1) (46)

where the terms in the aggregate state s;11 cancel out.

We also have the following approximation:

@Zkﬂ (’7t+1) - @:H = Nwry (:Y\t—&-l - :V\t—i-l) (47)

where 7, is the steady state elasticity of the contract wage with respect to composition
and terms in the aggregate state S;y1 cancel out.
Substituting (47) in the first line of (46) we obtain:

Hia (Vernwis (V1)) = Hyp (Ves 1 W) + 0pry (Fig1 — Ver1) + Ny (Vi1 — Yii1)
Hir (verns ;) = Hipr (Y1, 051) + 05y (Fegr — Yer1) + N (ﬁ): - @;1) (48)

The final step to derive equation (42) is to use 9y, = 1, = 0, in turn resulting from
0H/0y = Ow*/0y = 0 in the steady state, a result we have just proved. Substituting
NHy = My = 0 in ( 48), we finally obtain equation (42).

Equations (43) and (44) are obtained with similar steps, using in this case 1,5, = nyv, =
Nwy = 0, in turn due to 9.J/0y = OHY /0y = Ow* /0y = 0 in the steady state.

C.3 Wage growth of job changers
In this section, we derive expressions for the flow shares of the various types of job-to-job
flows; and we derive an expression for the average wage growth of job changers.

C.3.1 Job-to-job flows

The model includes two types of job-to-job movers: those who search with variable search
intensity from bad matches and those in good matches who are forced to search for non
economic reasons, i.e., who are subject to a reallocation shock. Since workers in bad matches
searching on the job only accept good matches, the first type of job changers leads only to
bad-to-good flows. The second type of job changers instead leads to both good-to-bad and
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good-to-good flows. We have the following job-to-job flows:

Bad to good :  vSuEpsby
Good to bad :  ve, (1 — &) piig
Good to good : v, Epiny

Summing over the flows we obtain total job flows as:
v (Soelbr + <nite) pr

The shares of flows over total flows then are defined as:

dpat = —— Eb_t@t
’ Sot&Ve + Sn
daBt = ,gn(,li_é)
' SotéVe + Sn
daar = #
’ SotéV + sn

C.3.2 Average wage growth of job changers

Let g denote the average wage growth of continuing workers and gF” the average wage
growth of workers making and employment-to-employment transition.

Up to a first order, gF” can be written as:

w W w
97" = 6pa-1log < : ) +dGB,i-11og < ?5 : > + 0¢G—11og ( : )

PWi—1 Wi—1 We—1

Simplifying, we obtain:

a" =g’ + Aaf”
with
w
g; =log | —
We—1
and

AGFE = (—log¢) (0pcst—1 — OcBi-1)

Thus, average wage growth of new hires that are job changers equals average wage growth
of continuing workers plus a composition component measuring the change in match quality

among job changers. The composition component equals 0 if match quality is homogeneous

(¢=1).
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Loglinearizing the average gross wage growth of job changers, we obtain:

gEE — GFF 1 g + Aa"P GEF
¢ 1+ AGEE7Y 1 AaEET T

Loglinearizing the compositional effect, we obtain:

—FEFE 1 ~ o~ - o~
Ady ==——=— <5BG5BG,t71 - 5GB(5GB,t71)
dpa — 0GB
with )
Snay = N (1 _3 )f
BG,t T 7% + BG | Sbt
bane = ——L3, — Spctu
bl 1 + ,7

Rearranging, we find the expression relating the composition effect to variable search inten-

sity of workers in bad matches and firm average composition:

—BE Spa + %SGB~ s 1 _~<(~SBG - 503) 5oty
(1+7) (53(; - 5(;3) (5BG - 5GB)

Aat —

C.4 Steady state

Here we describe the steady state for the labor market, conditional on the steady-state
marginal product of labor, a, which is determined as in the conventional neoclassical growth
model and is independent of the labor market equilibrium. The key labor market variables
are the hiring rate, 3, the search intensity of workers in bad matches, ¢, the wage, w,
employment in good and bad matches, 7 and b, the retention rates for good and bad
matches, p" and p°, the retention rate per unit of labor quality, p, the job-finding probability,
P, searchers, s, unemployment, @, composition, 7, and vacancies, v. Further, relevant to
the composition effect described in the previous section, are the average wage growth of job
changers, §¥F, the average flow share of bad-to-good transitions, dBc, and the average flow
share of good-to-bad transitions, SG B.

Equations (49)-(58) below determine , ¢, w, 7, b, p", P, p, p, and §. First, there are
the three key behavioral relations: the hiring condition, the search intensity condition and

the condition for the wage bargain:

ki = BJ (49)
<oy = Bp¢ (H — ") (50)
nl = (1—n)J (51)
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where the firm and worker surpluses are given by

J:a—w+g%+bﬁj
~ g1+77< ~ R
sz—UB—WOlZ_ + 8 [p”H—ﬁH“—I—(V—p”)H“}
S
~1+n.

with
H*=¢H+(1-¢&H

Second, in the steady state, hiring equals separations for both good and bad matches:
BEs = (1— ") (52)

F(l—¢) (3 — uzbiy) - (1 - ;)b) b (53)

where the survival rates are given by

P =v(l—cup) (54)
P’ = v (1 —Gpe) (55)

and searchers are given by
5= (1 . B) uSh + venit (56)

Third, since firms employ labor quality units by hiring workers in both good and bad
matches, in the steady state the hiring rate in units of labor quality equals the separation

rate per unit of labor quality:

x=1—p (57)
where bs
. p'n+ ¢p’b
pP= '{75) (58)
n+ ¢b

Unemployment, 4, composition, 7, and vacancies, ¥, are then pinned down by equations
(59)-(61), given by:

l=a+n+b (59)
b
’Y—ﬁ (60)



P§ = 0, 37017 (61)

Finally, %7, 0, and dgp are determined by equations (62)-(64) as follows:

§"" = —log¢ (SBG - SGB) (62)
R (319
280 = et o (63)
e o Sn (1 - 5)
oan = b€ + S (64)

C.5 Calibration strategy

In this section we discuss how our calibration strategy leads to identification of the key
model parameters, in particular those driving the composition effect. The steady state for
the labor market described in the previous section includes 12 parameters: 8, oy, 0, 1, v,
Sny @, &, UB, So, N, K. As we discuss in the main text, the first 4 parameters are either
normalized or calibrated using external sources. The remaining 8 parameters are calibrated
to target model-relevant moments: the steady state wage change of workers making a direct
job-to-job transition, G¥¥; the steady state value of the share of bad-to-good flows out of
total job flows, dpc , and its cyclicality, 75, G’ the steady state probabilities of making an
unemployment to employment transition, pV#, an employment to unemployment transition,
pPU and an employment to employment transition, p¥; and the relative value of non-work
to work, up. Finally, as we discussed in the main text, we impose a steady state restriction,
whereby retention rates in good and bad matches are equal in the steady state, p" = pP.

The calibration strategy leads to a unique solution for the steady state values and the
internally calibrated parameters. Here we show how the key parameter values relate to the
targets.

First, the separation rate into unemployment, 1 — v, is simply given by:

1—v=plY
Second, to explain how ¢ is determined, we start by noting that, given the steady state
restriction, the average flow share of bad-to-good only depends on the relative number of

workers in bad and good matches, as follows:

dSpc =
BG =115

This pins down 7, given a target for 4 gg. Combining then equations (52)-(56) and (58)-(60
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), we derive a relation between £, 4, and the targets, pPF and pFU, given by:

(1-¢) (p®F + p"Y)
pEE+§pEU

’?:

This relation uniquely pins down £. The inverse productivity parameter, ¢, is then computed

using the expression for the average wage growth of job changers:
§"" = —log¢ <SBG - 503)

given the target for gZZ, the target for dpe and the average good-to-bad flow share d¢p,

in turn computed as:

The parameter ¢, is pinned down, for given targets for the transition probabilities, by the

relation:
pEE _ (1 _ pEU) pUEgn

where the probability that a worker in a good match makes an job-to-job transition, p©¥,
equals the probability of surviving within the match, (1 — pEU), times the job finding rate,
pUF . times the search intensity, ¢,. The parameters ug,so and k are computed solving a
subset of the steady state system, equations (49)-(51), given a target for @y and a value for
7. (and other computed parameters and steady state values). Finally, the key parameter 7,
driving the elasticity of search intensity for workers in bad matches to the gain of making

a bad-to-good transition, is set to implement the target ngg.

C.6 The measured user cost of labor

In this section, we derive the loglinear version of the measured user cost of labor, ucl}”,

introduced in Section 6, and given by:

o0
uel = wl + E {Z (Bp™)° (Wi — Wity 1) } : (65)
s=1
where wy'y, ; denotes the average measured wage of workers at ¢ + s who still occupy the
job that they were hired into at time ¢ and p™ the average measured retention rate, equal
in our model to p.
Let 7% ; denote the composition of new hires in ¢ and 7?—1,t ¢ the composition of workers

at t+ s who still occupy the job they were hired into at time ¢.% The latter can be expressed

6 Recall workers are hired at the end of the period and begin as new hires the subsequent period. Hence,
the ratio of bad-to-good matches among new hires at time ¢ is given by ’7?71-
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recursively as follows:

S ifts=0
h _ b
Vi = . ; 66
t—1,t+s 7?—1,t+s P::rs ifs>0 (66)
t+s

where p?,, and pf, ; are the retention rates at time ¢ + s of workers employed in bad and
good matches.

m o .
Then, wy'},; can be written as:

1+ ¢y, t+s
Wy, = ———— W, 67
t,t+s 1 +'71}5117t+5 t+s ( )

where wy s is the contract wage at time ¢ + s.

Substituting (67) in (65), loglinearizing and simplifying yields:
wel = @+, (68)

—m N
where the measure user cost, ucl, , is the sum of two terms: the true user cost of labor, wy,

and a compositional component, ¢, in turn given by:
~ PB (b~ h o~
Gt =~ <7?_1 + (A=) + (B - %‘_1)D : (69)
1—-pB
with N
1_ &5

(1+3") (1+7")

C.7 Lateral movements

A key maintained hypothesis in our analysis is that workers and firms can expect that
workers searching on-the-job will not want to voluntarily make lateral movements, that is,
to voluntarily move from a job of a given quality to another job of the same quality. As
we discuss shortly, this hypothesis simplifies how workers employed in bad matches form
expectations when choosing search intensity. At the same time, it also justifies our ruling
out in the model of variable search intensity by workers in good matches (since it eliminates
any motive for moving to improve the pecuniary gain).

Here we demonstrate that this condition holds to a reasonable approximation. Put
differently, under our parameterization, expected gains from making a lateral movement
are negligible. As a consequence, the introduction of a small moving cost would suffice to

rule them out. Intuitively, gains from moving to a same-quality job can only come from
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temporary dispersion in wages associated to infrequent bargaining. In particular, in presence
of a small moving cost, workers can expect to be willing to make a lateral movement only if
their wages are (i) substantially below the average and (ii) are not likely to be renegotiated
for sometime. However, the likelihood a worker is in this situation in our model is of trivial
quantitative importance, due to the transitory nature on average of wage differentials due
to staggered contracting.”

To start, consider a general framework where lateral movements are allowed for. Let
Vt‘rl be the value of on-the-job search at t 4 1, conditional on finding a job at ¢, for ¢ = n, b.

For a worker employed in bad match, the expected value of on-the-job search, conditional

on a match, can be written as the sum of three terms:
vt} =m i rer v vt ra-o L (71)

The first term is the expected value of continuing with the same job, E; {V;bﬂ}; the second
term is the expected gain if the new match is good, in which case the worker makes a
bad-to-good move; the third term is the expected gain from moving to another bad match,
i.e., the expected gain from a lateral move, with L? to be defined shortly. The problem
faced by workers in bad matches optimally choosing search intensity that we formulate in
the main text corresponds to setting L = 0. This greatly simplifies the solution to the
search intensity problem.

For a worker employed in a good match, the value of on-the-job search is the sum of

only two terms (since the worker will not voluntarily move to a bad match):
E{Vih) = B {Vi ) + &Ly (72)

The first term is the expected value of continuing with the same job, E; {‘/7511}a the second
term is the expected gain from moving to another good match, that is, the expected gain
from a lateral move. Clearly, with L} = 0, workers in good matches have no incentive to
search on-the-job as they cannot improve on their current status. Accordingly, we rule out
an optimal choice for variable search intensity for workers in good matches.
We now demonstrate that L = 0, for i = n, b, holds to a reasonable approximation.
Consider the lateral movement term, L}, that is, the expected gain from making a lateral

movement, conditional on finding a job of the same quality, for ¢ = n,b. This can be written

"Ranking firms by contract wage, our model implies a period 0.07 percent wage gain for workers making
a lateral movement from 10*® to 90" percentile firm. This calculation does not account for the transitory
nature of wage gains from lateral movements, implying a far lower permanent wage improvement associated
with such a job transition relative to a transition with improvement in match quality. We discuss this in
more detail below.
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as

L= [ e (Vi () - Vi 0} ) (73)
v, w
where dF; (y,w) = %ﬁ’w)th (v,w) and where the expression takes into account that a

worker will make a lateral move only if the value at the new match, ‘/tz+1 (', w'), exceeds
the value at the current match, Vt’_|r1

Through an involved series of derivations®, it can be shown that a first-order approxi-
mation of the lateral movement term around the steady state is given by

,ovt _
Ly = A% /w>m (w— ) dFy (v, w) (74)

where @ is the steady state wage and dV* /0w is the steady state gain from a higher wage.
Intuitively, up to a first order, L! equals the average gain at time ¢ of moving from a match
of a given quality to a match of the same quality but higher wage than the average, given
the distribution of wages (per unit of labor quality) at time t. The wage dispersion term,
Juwsg (W — @) dF; (v, w), is weighted by the likelihood next period that the wage at the new
match is not renegotiated, A, and by the steady state lifetime utility gain, OV° /ow.?
Using expression (74), we then compute the lateral movement term. The difficult object
to construct is a counterpart for dF; (y,w). We proceed as follows. First, we simulate a
time series for the average contract wage from the model. Second, we pick an integer T’
large enough so that the probability that a firm has not renegotiated its wage for T" period is
approximately 0. We treat T as a truncation point, that is, we assume that the probability
at t that wy = w;_,_, for h > 0 is zero. Once the truncation point is determined, the

probability that a firm has a wage wy = w;_;, is given by 'Y

. M@a—-x ifh<T
Pr (w = wy_p) = { AP ith="T (75)

After computing the approximate wage distribution, we calculate L: as follows
T

Z max {w;_, — @, 0} Pr (wy = w;_y,) (76)
h=0

oV

)\8111

8 The derivations are available upon request.

% The utility gain V" /8w equals ¢/(1 — pBA) for i = b and 1/(1 — pB\) for i = n and accounts for the
expected duration of a matchxcontract.

10 We note that in constructing the relevant distribution, we ignore the fact that firm hiring rates will
vary in the cross section with wages. However, given that (i) hiring rates are decreasing in the wage and (ii)
the gain from a lateral movement is increasing in the wage at the new firm, we are constructing an upper
bound for the average gain from a lateral move.
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We then take the average over time and express it as a percentage of the steady state
lifetime value V¢. We obtain the following result: the expected percent gain from a lateral
movement is tiny. Precisely, it equals 0.032 percent for workers in bad matches and 0.040
percent for workers in good matches.

Importantly, wage dispersion generated by staggered bargaining is negligible not only in
absolute terms, but also relative to the dispersion generated by differences in match quality.
To see this, we compare the expected percent wage gain from an improvement in match

quality, given by (1 — ¢)/¢, to the expected percent wage gain from a lateral movement,

() [, (M5 ameow (77)

where the latter is corrected by an adjustment term, (1 — B\)/ (1 — pSA), capturing the

given by

fact that while gains from lateral movements last over the employment duration as long
as the wage is not recontracted, gains from improved match quality last over the entire
employment duration. Taking averages over time, the first equals 0.2836, while the second
equals 0.0100.

Finally, we note that while we assume that workers searching on-the-job from bad
matches expect they will not want to make a lateral move, they will still run into other
matches of the same quality but with higher wages. We similarly rule out the possibil-
ity that they move to those new matches. To address this point, we compute measures
of the distribution of ex-post potential wage gains at time ¢. Given random search, the
probability that a worker with wage w = w;_, finds a firm with wage v’ = wy_; equals
Pr(w = wy_;)-Pr(w’ = w;_;). We compute the 75th, 90th, 95th and 99th percentiles wage
gains from lateral moves at each ¢, expressed as a percent wage gain corrected as above by
the adjustment term, and take averages over time. We obtain the following numbers: the
75th percentile is 0.0051; the 90th percentile is 0.0110; the 95th percentile is 0.0145 and the
99th percentile is 0.0196. Compared to the gains from moving to a better quality match,

these are small numbers.

C.8 Transition function

We now define the law of motion for the distribution function, G;. Let C' and W be the
sets of possible compositions and wages. Define the Cartesian product of the worker/firm
state space to be S = C x W with o-algebra ¥ with typical subset S = (C x W). Define
the transition function Qs ¢ ((v,w),C x W) as the probability that an individual retained
or hired by a firm characterized by (v, w) transits to the set C x W next period when the

95



aggregate state transits from s to s’. Then Qg satisfies

Qtt+1 (v we), C X W) = I(vp1 (7, we) € C)
(Ve wi) + pe(ye, wi)

X {(1 = NI (w] (Vg1 (v, we)) €W) &

e+ py
A (wy € W) %t(’yt’wf) + /jt('ytawt)
Ve + Py
where I(+) is the indicator function. Then,
Gi1(Cx W) = / Qta+1((ve, we), C x W))dGy (74, wy).

(74, we)ECXxW
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