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ABSTRACT

In this appendix I present details of the model and the empirical analysis, and results of counterfac-
tual experiments omitted from the paper. In Section 1 I describe a simple example that illustrates
how, even in the absence of human capital acquisition, productivity shocks, or separation shocks,
the learning component of the model can naturally generate mobility between jobs within a firm
and turnover between firms. I also include the proofs of Propositions 1 and 2 in the paper. In Sec-
tion 2 I discuss model identification in detail, where, in particular, I prove that information in my
data on the performance ratings of managers allows me to identify the learning process separately
from the human capital process. In Section 3 I describe the original U.S. firm dataset of Baker,
Gibbs, and Holmstrom (1994a,b), on which my work is based. In Section 4 I provide details about
the estimation of the model, including the derivation of the likelihood function, a description of
the numerical solution of the model, and a discussion of the results from a Monte Carlo exercise
showing the identifiability of the model’s parameters in practice. There I also derive bounds on the
informativeness of the jobs of the competitors of the firm in my data, based on the estimates of the
parameters reported in the paper. Finally, in Section 5 I present estimation results based on a larger
sample that includes entrants into the firm at levels higher than Level 1. Results of counterfactual
experiments omitted from the paper are contained in Tables A.12-A.14.
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1 Omitted Model Details

1.1 An Example

I consider a simple example that illustrates how the model produces nontrivial transitions between jobs
within a firm as well as turnover between firms. Although this example implies less rich dynamics than
the model in the paper, it is sufficient to clarify several key features about equilibrium in my framework.
First, it makes clear that, even if the model does not feature any search frictions and all firms have the
same beliefs about a worker’s ability, the model implies a nondegenerate distribution of workers to jobs
and firms (aside from the limiting case in which all uncertainty about ability is resolved). Second, the
example makes clear that the model does not imply perfect short-term assortative matching (outside
of the limiting case). Third, it makes clear that the model naturally implies job-to-job mobility
between firms in equilibrium, as well as wage increases (and possibly promotion) in response to good
performance and wage decreases (and possibly demotion) in response to bad performance.

In this example, as in the paper, I assume that the market consists of one firm of type (that is,
technology) A and at least two firms of type B. Firm A has two jobs, simply referred to as Al and
A2. Each firm of type B has only one job, simply referred to as B1.

1.1.1 Simplest Case

I set up the example so that all of the interesting dynamics occurs for workers who are first assigned to
job A2. To this end, I assume that job Al is uninformative about worker ability (that is, a1 = B 4;),
job A2 is moderately informative (with ag9 = a, 849 = 5, and o, § € (0,1)), and job B1 is perfectly
informative (that is, ap; = 1 and Bp; = 0). I also assume that the model has only two time periods
and features no human capital acquisition, productivity shocks, or separation shocks. Also, all workers
are of the same skill type. Hence, I denote the prior belief that a worker is of high ability in the first
period simply by p. I assume that a > .
In this simple example, the expected output of the worker at firm f € {A, B} in job k is

yr(p k) = pgp(a, k) + (1= p)7,(8,k) =7,(8,k) + [T k) =G4 (B, k)| p = bpre + cerp, (1)

where Yy(a, k) = apryrae + (1 — apr)yrie, Up(Bs k) = Bppyrar + (1 — Bpe)yrrk, ber = Y5(6, k), and
crre =Tpla, k) —7¢(8,k). I assume that parameters are such that

yp(0,1) <y4(0,2) <ya(0,1) and ya(1,1) < ya(1,2) < yp(1,1). (2)

Notice that (2) implies a form of complementarity between ability and jobs: a worker known to be
of low ability is best suited to Al, next-best suited to A2, and least suited to B1, whereas a worker
known to be of high ability is best suited to B1, next-best suited to A2, and least suited to Al. Figure
1 illustrates the expected output functions in (1) (averaged over productivity shocks).

Trivially, under (2), if the economy starts with each worker’s ability known, so that some workers

are known to be of low ability (p = 0) whereas others are known to be of high ability (p = 1), then



the model implies that low ability workers work in job Al of firm A and high ability workers work
in job B1 of one of the two firms B. That is, the model implies a rather degenerate distribution of
workers to jobs and firms, with perfect assortative matching between workers and jobs, and no job
mobility within or between firms. The whole point of the learning component of my model, however,
is that a worker’s ability is imperfectly known. Thus, better matching takes place only over time as
information about ability is acquired. (And, as the paper documents, the data point to the existence
of substantial initial uncertainty about a worker’s ability.)

Consider now the more interesting case in which p € (0,1). The match surplus value problem of

firm A in the first period is

Vﬁ(p)ﬂax{ké“{?’é}{ (1= 6)ya(p, k) + 8 {rar®)V5" (Pane () + [L = rae@)Vs" (Par(p)) }}

(1=0)ys(p, 1) + 6 {re1()Vs (Per1(p)) + [1 — o1 (0)1V5 (Pera(p)} }

where r45(p) = aarp+ L4, (1—p) and rp1(p) = apip+LBp(1—p). In this value function, the subscript
denotes the time period, the superscript denotes the firm.

I solve for equilibrium starting from the last period, here, period 2. In the last period, the job
assignment decision of each firm is static. Clearly, from (2) the equilibrium job assignment policy
is to assign job Al at low enough priors, job A2 at intermediate priors, and job B1 at high enough
priors. More formally, define p%, as the static cutoff prior between jobs Al and A2, which satisfies
Ya(Po9: 1) = ya(ps, 2). Similarly, define p}, as the static cutoff prior between jobs A2 and B1, which
satisfies y4(p%y,2) = yB(pfy, 1). From (1) and (2), it follows that p%, = (ba1 — ba2)/(ca2 — ca1) and
Ph1 = (ba2 — bp1)/(cB1 — ca2). Hence, the match surplus value in period 2 is

ya(p, 1), if p < py
Vi (p) = ¢ ya(p,2), it p € [P, P1) 3)
yB(p7 1)7 lfp 2 psBl

The interesting period is period 1. Observe that the only nontrivial updating rules are for job A2.
I simplify the notation for them from P4p2(p) and Para(p) to

(1—a)p
(I—-a)p+(1-p)(1-p)

e
ap + (1 —p)

Py(p) = and Pp(p) =

The updating rule for job Al is simply Pam1(p) = Pari(p) = p. The updating rules for job B1 are
Ppri(p) =1 for p > 0 and Pgri(p) = 0 for p < 1. Thus, the probabilities of high output are given by
ra1(p) = aar = Bay, raz2(p) = ap+ B(1 —p), and 751(p) = p.

Now consider the first period allocation between jobs A1 and A2. Since job A2 has an informational
advantage over job Al, the cutoff prior pffm at which firm A is indifferent between assigning the worker
to jobs Al and A2 satisfies

d
Pas < Phg- (4)



Likewise, since job B1 has an informational advantage over job A2, the cutoff prior del at which firm
A is indifferent between assigning the worker to job A2 and having him employed at job Bl of a firm
of type B satisfies

d
PB1 < PB1- (5)

So, a worker with initial prior p < p%, starts in job A1, a worker with initial prior p € [p%,, p%,) starts
in job A2, and a worker with initial prior p > del starts in job Bl.

To say more than this, I need to determine the job a worker is assigned to after success and failure
in the first period. For concreteness, I focus on a region of the parameter space where three conditions
hold. First, the worker with the lowest initial prior who is assigned to job A2, namely, the worker

with prior pffu, stays in job A2 after a success; that is,

Py (p%h) < pih1- (6)

(Note Py (ph,) > p%, is already implied by (4); otherwise, p%, would equal p®,.) At p%, a worker who
fails is demoted to job Al, since PL(pffm) < p% if > f and pffm < P’y by (4). Thus, PL(pfl42) < Do
Second, the worker with the highest initial prior at job A2 is again assigned to job A2 after a failure;
that is,

Pr(p%1) = pio. (7)

which is to be interpreted as Pr(p%, —¢) > pS, with ¢ > 0 arbitrarily small. (Note that Pr(p%,) < pi,
follows from (5) since pk, < p%,.) Third, the worker with the lowest initial prior who is assigned to

job B1, p%l, stays in job Bl after a success; that is,

P (ph1) = pih1- (8)

Figure 2 illustrates these assumptions graphically.!
Next, I calculate the dynamic cutoff priors. Consider calculating pdAQ, the cutoff prior at which
firm A is indifferent between assigning the worker to jobs Al and A2 in the first period. This cutoff

prior solves

Ya(Phz, 1) = (1= 8)ya(pha. 2) + 6{raz(pha)ya(Pr (9h2), 2) + [1 = ra2(pho)lya(PL(ph). D} (9)

The left side of (9) is the value of assigning the worker to job Al in period 1 at prior pffm. Here I have
used the fact that job Al is uninformative about ability, so the prior is not updated to a different
value after either a success or a failure, and the worker stays in job Al in the second period. To see
this result, note that a worker assigned to job Al in the first period must have an initial prior p <

p%y. Since Pap1(p) = Par1(p) = p < pj5 by (4), the worker is assigned to job Al in period 2 as well.

!Observe that the following conditions—bp1 < baz < bai, bai + ca1 < baz + caz < bp1 + cp1, 0 < phy < phy < 1,
Pr(p%s) < ph1, Po(phi) > piie, and Pu(pS,) > phi1—are simultancously satisfied for the following set of parameters:
a=0.6, 3=045,0=0.1, ba1 =3, basc =2, b1 =0, ca1 =1, cas = 5, and cg1 = 7.5. Alternatively, these restrictions
are satisfied, for instance, for a € [0.5,0.95], 5 = 0.02, 6 = 0.95, ba1 = 3, baz = 2.9, bp1 = —10.164, ca1 = 1, caz = 1.2,
and cp1 = 14.414. By reducing £, the same parameter values would work for values of § higher than 0.95.



The right side of (9) is the value of assigning the worker to job A2 in period 1 at such a cutoff
prior. Under (6), the worker is assigned to job A2 after a success. In contrast, the worker is assigned
to job Al after a failure, since Py, (pfl42) < p%e, as argued above.

Consider next the calculation of del, the cutoff prior at which firm A is indifferent between having

the worker at jobs A2 and Bl in the first period. This cutoff prior solves
(1= 8)ya(ph1,2) + 6{raz(ph)ys(Pu(ph1), 1) + [1 — raz(ph)lya(PL(ph1), 2)}

=(1-8ys(h, 1) + dphys(1,1) + (1 — phy)ya(0,1)]. (10)

The left side of (10) is the value of assigning the worker to job A2 in period 1. By (8), the worker is
assigned to job B1 after a success whereas by (7) and Pp(pk,) < p%, by (5), the worker is assigned

to job A2 after a failure. Under these assumptions, the job assignment policy in the first period is

Job Al if p < p%,
Job A2 if p € [p‘ig,Pdm)
Job Bl if p > p%l.

I have set up the example so that the interesting dynamics is generated by workers who start in
job A2 of firm A in the first period. To see this, let Pgl and P, 1 denote the inverse functions of Py

and P, respectively. After a success, these workers move from job A2 to

{ Job A2 if p € [p%y, Py (1)) (11)

JOb B1 lfp € [Pﬁl(pSBl)ap%l)v

where T have used the facts that Py (p%y,) < p%; by (6), so the interval [pd,, P! (p%,)) is well-defined,
and Py (ph,) > p%,, and the fact that p%, < Pu(p%,) by (8), so the interval [Pyt (p%,),p%,) is

well-defined. After a failure, these workers move from job A2 to

Job Al if p € [p%Q,Pil(PZQ)) (12)
Job A2 if p € [PL_I(prQ),del),

where I have used the fact that Pr(p%,) < p%, as discussed above, so the interval [p%y, Py ' (p%y)) is
well-defined, and the facts that p%, < Pp, (pcllgl) by (7), so the interval [P, 1(p“"AQ), del) is well-defined,
and Py, (del) < pp;- Figure 3 illustrates these outcomes.

1.1.2 A More General Case

In the more general case, I place no restrictions on the distribution of output at different jobs except
that I assume that ay, > By at each job. So job Al has a1 and 84, job A2 has aaz and 345, and

job B1 has ap; and ;. Since several cases are possible, for concreteness only I continue to assume



(2), so that the static cutoffs continue to satisfy
(0 <phg <ppr(< 1)
and the job assignment policy in the second period is

job Al for p € [0,p%s), job A2 for p € [p%9,pB1), and job Bl for p € [pfy, 1].

Note that the relation between the static cutoffs p%, and p%, and the dynamic ones pffm and p%l
depends on the relative informativeness of the jobs. If job Al is more informative than job A2, then
job Al has an informational advantage over job Al, so p5, < pdA2 (abstracting from the trivial case of
equality between the two cutoffs). Thus, at p € [p%,, pﬁﬂ), even though job A2 statically dominates
job A1, assigning job Al in period 1 is still optimal for firm A because the informational advantage of
job Al over job A2 implies that job Al has a higher (dynamic) match surplus value. In contrast, if job
A2 is more informative than job Al, then the opposite relation holds: piQ < p%, (again abstracting
from the trivial case of equality between the two cutoffs). The same analysis applies to comparing job
A2 to job B1: if A2 is more informative than B1, then pj; < p%l, whereas if B1 is more informative
than A2, then p}, < p%,.

Observe also that for any given interval of priors at which a given job is assigned in period 1, this
interval typically splits into subintervals, which determine a worker’s assignment after a success or a
failure in the job. To be concrete, consider job A2, which is assigned at all initial priors p € [pfl42, p‘fgl).
To indicate what happens after a success, as before I divide this interval into two subintervals, a
left subinterval [p%y, Py (p%,)), well-defined since Pp(p%,) < p%, by (6), and a right subinterval
[Pgl(psgl),p%l), well-defined since Py (p‘fgl) > pgy by (8). In the left subinterval, a success in job A2
leads the worker to stay in that job, since even at the highest priors in that interval, which are just
below Pﬁl(psBl), a success leads to a posterior below p%;. In the right subinterval, instead, a success
in job A2 leads the worker to move to a firm of type B and work in job Bl, since even at the lowest
prior in that interval, P}}l(pSBl), a success leads to a posterior equal to p3;.

Likewise, to indicate what happens after a failure in job A2, I divide the interval into two other
subintervals: a left subinterval [pﬁz,PL_ l(pf42)), well-defined since Pr(p%,) < p%, as discussed, and
a right subinterval [P} '(p%s,), p%,), well-defined since Pr(p%,) > p%, by (7). In the left subinterval,
a failure in job A2 leads the worker to be demoted to job Al, since even at the highest priors in
that interval, which are just below P, 1(p8A2), a success leads to a posterior below p%,. In the right
subinterval, a failure in job A2 leads the worker to stay in that job, since even at the lowest prior in
that interval, P, 1(pf42), a failure leads to a posterior equal to p’,.

So far I have discussed what happens to workers who start in job A2. In this more general case, a
new possibility arises for workers who start in job Al, those with initial priors p € [0, pfl42). To deter-
mine job assignment after a success here, I split this interval into three subintervals: a left subinterval
[0, P (p%5)), a middle subinterval [Py (p%,), Py  (p%)), and a right subinterval [Py (p%,),p%s). In
the left subinterval, a success leads the worker to stay in job Al, in the middle subinterval, a success

leads the worker to move to job A2, and in the right subinterval, a success leads the worker to turn



over to job Bl of a firm of type B. Of course, for this to happen, job Al needs to be sufficiently
informative. Likewise, workers who start in job B1 have three possibilities after a failure: those in a
left subinterval turn over to job Al of firm A, those in a middle subinterval turn over to job A2 of
firm A, and those in a right subinterval stay in job Bl.

Throughout this example, I have assumed firm A has two jobs and firm B has one job. The more
general case, with three or more jobs for firm A and three or more jobs for each of the other firms B,
C, D, and so on, each of which faces competition from at least another firm with the same technology,
yields to many more cases. In this sense, even this very simple model can generate rich patterns of
job mobility within and across firms. When I incorporate into this model human capital acquisition,
productivity shocks, and separation shocks, as well as multiple initial priors, the model is flexible
enough to produce the rich patterns of mobility across jobs, which are nonlinear and nonmonotone in

a manager’s tenure, as well as the dynamics of wages observed in the data.

1.2 Equilibrium Characterization

I prove here the main characterization results in the paper in Propositions 1 and 2. I also derive the

conditions leading to the specializations of these results in the oligopoly version of the model.

1.2.1 Setup and Equilibrium

Suppose that the market is composed of firms that may all be operating exclusive technologies,
{B,C,...}, which may all imply different learning, human capital acquisition, and exogenous sep-
aration possibilities. The equilibrium notion I employ is a refinement of Markov perfect equilibrium,
which amounts to a strengthening of its perfection requirement. This notion of Markov perfect equi-
librium implies that a firm that does not employ the worker at a state is indifferent between employing
and not employing the worker at the offer it would have made if it had employed the worker. Formally,

I require that if in equilibrium firm f does not employ the worker at state (s¢,e¢), then

Zg# dgt {577gkgt(ht) E (sy11, 04151, kgt)dG}

Et+1

= makx {(1 — (5) [yf(st, k)+€fkt_w]+577fk<ht)/ EHf(St+1, Et-l—l’Sta k)dG} . (13)

W, Et4+1

This equilibrium notion is a natural generalization to an oligopoly game of wage and job competition
of the concept of cautious Markov perfect equilibrium introduced by Bergemann and Véliméki (1996).
Bergemann and Viliméki consider a dynamic oligopoly game of price competition in which firms are
uncertain about consumers’ taste for the quality of their products and learn about them over time by
observing consumers’ experiences. They assume, however, that prices are the only strategic dimension
of the competition among firms. In my framework firms compete in prices (wages) as well as jobs.
Observe that the notion of equilibrium I use, as well as Bergemann and Viliméki’s, is similar in spirit

to trembling hand perfection. See Pastorino and Kehoe (2012) for a micro-foundation of this notion.



1.2.2 Main Results

Here I derive three results. I first prove Propositions 1 and 2 in the paper. The third result provides
conditions under which these two results specialize to the corresponding ones in the simple version
of the model. Recall from the paper that I denote by ko = ko(st, &) the job offered by the best
competitor of firm A at state (s¢, &), firm fo; = fo(s¢,€¢), firm fo’s value of profits by 11 and match
surplus value by V9, and the worker’s expected output at this job by Yfo: (8¢, kot) +€or with associated
separation shock 1 —ng(he). Ilet ko = Ky, (s¢,€¢) = ko(s¢, &¢) by slight abuse of notation. Hence,

VA(s, e, for) = (1 — 8)wo(se, er) + 0mg(he) EVA(st11, €1415t, kot )dG.

Et+1

Proposition 1. Firm A’s match surplus value, VA (s;, ;) = max{VA(ss, &1, A), VA(st, €1, for)}, is

max {krg;a(ﬁ {(1 —0)[ya(se, k) + €art) + onax(he) /

€t+1

EVA(StH, Et4+1 |5t, k)dG} ) VA(St, €t, fOt) .
(14)

Proof. Consider equilibrium states at which firm A employs the worker. I first show that when firm

A employs the worker, the job offered by firm A solves

max {(1 — 5)[yA(St, /{7) + EAkt] + 577Ak(ht) / EVA(St+1, €t+1|3t7 k)dG} . (15)

A
keK €t+1

To see this, note that if the worker chooses firm A, it must be that

(1 = d)wa(st, €t) + nay,, (ht) EV(st41,€41]51, kar)dG

Et+1

> (1= )wp(sp,er) +onge,, () / BV (01, €011 |51, ko) dG (16)

€141
for any other firm f, where k¢ = kf(ss, &) is the job offered by firm f. Note that (16) must hold
with equality when firm f is the second-best firm fo; = fo(s¢,€). Otherwise, firm A could increase
its profits by modifying, even marginally, its offer.

Consider now the employing firm’s problem. Firm A realizes that the worker will accept its wage
and job offer only if the offer (wa¢, ka¢) is at least as attractive as any other firm’s offer. Thus, when

firm A employs the worker, it solves the problem

max {(1 —0)ya(se, k) + cart — w] + 0 g (he) /

w,k €41

ETI (s41, €41|5¢, k)dG} (17)

s.t. (1 — 5)10 + 577Ak<ht) va<8t+1, 5t+1’3t7 k)dG

€41

> (1 — 5)wf<8t, Et) + 577]%” (ht) va<8t+1, 5t+1’3t7 kft)dG (18)

Et+1



for all f # A, with (18) holding as an equality against firm f = fo;. I can then use (18), holding as
an equality against firm fo;, to substitute out the wage offer of firm A from (17). I can then rewrite
(17) as

max {(1 — 5) [yA(St, k) + EAkt] + 577Ak(ht) EHA(St+1, €t+l|5t7 ]{Z)dG

A
keK Et+1

+0m 41 (ht) / EV*Y(st41,€t41|51, k)dG

Et+1

—(1 — 5)1&10(5,5, Et) — 57}0(ht)/ va(5t+1, €t+1|5t7 kOt)dG} .
€t4+1
Dropping irrelevant constants independent of firm A’s choices, namely the terms dependent on firm

fot’s choices, I obtain that the job offered by firm A when it employs the worker, k4 (s, &), solves

max {(1 —0)[ya(se, k) + cant) + 577Alc(ht)/

A
keK E€t4+1

EVA(St+1, Et+1 ‘St, k‘)dG} s (19)

since, by definition, VA=II4 4+ V. Hence, at states at which firm A employs the worker, using (19)

and ka; = ka(st,et), the match surplus value of firm A can be expressed as

VA(st,st) = max {(1 —0)[ya(se, k) + eaxt]) + 0nag(he)

EVA , . k)dG
fpaiay (St41,€141|5¢, k) }

Et+1

= (1= 9)[ya(se, kat) + €Ak ppe] + 577AkAt(ht)/ EVA(st41, €151, kar)dG.

Et+1
To prove the rest of the claim, compute now the match surplus value of firm A at states at which
firm A employs the worker if, instead of accepting firm A’s offer, the worker deviates and accepts firm

fot’s offer. Based on equilibrium strategies, the match surplus value of firm A in this case is equal to

(1 —9)wo(se, er) + 5770(ht)/ [EVY(st41, €115t kot) + ETIA (sg41, €141|5¢, kot )]dG

€t+1

— (1 = S)wo(st, 1) + dmo(he) / EVA(spa1, 11|51, kior)dG

Et+1

by definition of V4. To interpret this expression, note that firm A’s current payoff is zero, the worker’s
current payoff is the wage wo(s¢, €¢), and both firm A and the worker update beliefs and the worker’s
human capital based on the job the worker is assigned to at firm fg;. Now, at equilibrium states at
which firm A employs the worker, firm A must weakly prefer employing to not employing the worker
whereas the worker is indifferent between firm A’s and firm fy,’s offers. Hence, by summing firm A’s
and the worker’s values on and off the equilibrium path at states at which firm A employs the worker,
it follows
(1= 0)[yal(se, kar) + €arant] + 00 ap,, (he) EVA(si11, €415, kar)dG

Et+1



> (]. — 5)w0(5t, €t) + 57]0(’%) / EVA(StJrl, €t+1|5t7 k[)t)dG (20)

Et+1
Consider now equilibrium states at which firm fy; employs the worker. The match surplus value

of firm A in this case is given by

(1 — (S)U)()(St, Et) + 5770(ht) EVA(8t+1, €t+1|8t7 k()t)dG
Et+1
since firm A’s current payoff is zero and the worker’s current payoff is the wage wq(s¢, €¢), by a logic
similar to the above one. The match surplus value of firm A if the worker, instead of accepting firm

fot’s offer, deviates and accepts firm A’s offer is given by

(1 —0)[ya(se, kat) + €ar el + 0nag,, (he) / EVA(st41, €t4150, kar)dG
Et+1
where the choice of kas = ka(st, e:) satisfies (15) by (13). Now, at equilibrium states at which the
worker accepts firm fy;’s offer, the worker must weakly prefer firm fy;’s offer to firm A’s offer whereas
firm A, since it is one of the non-employing firms, must be indifferent between not employing and
employing the worker. Then, by summing firm A’s and the worker’s values on and off the equilibrium

path at states at which firm fo; employs the worker, I obtain

(1= B)wolse, 1) + Smo(he) / EVA(st11, e0s1]st, kor)dG

€t+1

> (1= 08)[ya(st, kat) + €arypt] + 0may,, (he) EVA(s41, 14181, kar)dG. (21)

€t+1
By combining (19), (20) at states at which firm A employs the worker, and (21) at states at which
firm fo; employs the worker, it follows that V4(s;, e;) equals (14). |

Proposition 2. The worker’s equilibrium wage when employed by firm A at job kaz is
wA(St, €t) = Yo, (¢, kot) + W(st, kat) + ot (22)

where

J

\I/(St,kAt) = m

/ [10(h) EVO ({51, Kor) — mag () EVO (s, kar)] dG. (23)

Proof. The worker’s indifference between the offers of firm A and firm fo; implies that

(1 —=0)wa(se,er) + 577AkAt(ht)/ EVY(st11,€t11]5¢, kag)dG

€t+1

— (1 = Sywo(se, &) + Omg(he) / BV (5041, €110, ko) dG. (24)

Et4+1
Now, by (13) in equilibrium firm fo; must be indifferent between its payoff on the equilibrium path,
obtained by not employing the worker, and off the equilibrium path, obtained by employing the worker.



Equivalently, with II° = I1/0¢ it follows that

0N Ak o, (ht) / ETI(sy41, €418, kar)dG

Et+1

= (1 - 5) [nyt(Su kOt) + cot — w0(3t7 Et)] + 5770(ht) EHO(StH, €t+1|5t7 kOt)dG-

Et4+1
By rearranging terms, I obtain
4 0
wo(se, &) = Ygo, (8¢5 kor) + €0t + T35 [n0(he) EXI (St41, €441 ¢, kot)
€41
N, () ETIO (5141, €04150, kae)| dG. (25)

Substituting this last expression into (24) yields that

(1= 8Ywase,ex) + 6nan, (he) / EVY(st11, rs1]st, k) dG

€41

—0mo(he) EVY (8111, 1415t kot )dG = (1 — 6) [y 1o, (51, ko) + €0t

Et+1

+0 [0 (he) ETI (s¢41, €141] 8¢, kor) — Nag,,, () ETI(se41, €441 ¢, kar)] dG

Et+1

or, equivalently, by collecting terms,

0
wa(st,€t) = Ygoq (s, kot) + ot + 77— {no(he)[EXI®(s¢11, €011 51, kor)
€t41

+EVY (s41, €150, kot)] — May, (he) [ETO (8141, €041|80, kar) + EVY(st41, €141 |50, kar) | } dG.

Since, by definition, V0 = II° + V%, the desired result follows. O
By (25) it follows that

'lUQ(St, Et) = nyt (5t7 kOt) + E0t
1)
15 / (10 (Re) EVO (-] s, kor) — mo(he) EV™ (-Is¢, kot) — Map ., (he) EXI(:|s¢, kar)] dG. (26)
Et+1

Suppose now that firm fyp; employs the worker and firm fy; is the best competitor of firm fo; (note
that it may or may not be A), with offered job ki; = ky,,(ss,€¢) = k1(st,€¢), associated productivity
shock €14, separation shock 1 — n;(h), value of profits II', and match surplus value V1. By the same

steps as in the proof of Proposition 2, it follows that

wo(se, &) = Y, (56, k1) + €1

)
T (11 (ha) EV (:|st, k1e) — no(he) EV® (-|st, kor) — no(he) ETT (-], kor)] dG, (27)
€t41

where the third term on the right side of (27) is simply (s, kot) by definition of fo; and f1;. Both
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(26) and (27) can be written more compactly as

w0<3t7 Et) =Y, (St7 kftt) + Efst

0 w
+ 1-4 {’r]ft (ht)EVft("Stv kftt) - UO(ht)EV ("Sl‘» kOt) - netkett(ht)EHft("Stv kett) dG
€141

where f; € {fot, fie} and e; € {A, for} denotes the employing firm at state (s¢, ;).

Now, note that by definition the worker’s value from accepting firm fo;’s offer is max .4 Vfw(st, €1).
By (13) and (14), when firm A employs the worker,

max V' (sy,e;) = max< max { (1 — 0 St, k) +erpt] +6 h / EVI(|s, k)dG S,
max 7 (st €t) #A{kem{( ) [ys (s k) + e pre] + 6mp1(Pe) - (|st, k) }

St (he) [

€t+1

ETL/ (s, k’At)dG} (28)

which, by the properties of type I extreme value distributions and the definition of V4, leads to

VA(st 0, for) =In Z#A vercr CXP {(1 —0)yy(se, k) + 57Ifk(ht)/ EV!(-|st, k)dG

t+1

St () [

€t+1

EHf('|St, k’At)dG} + 57]0t(ht) / EHA('|St, ki()t)dG + (1 — 5)60t. (29)

t+1
Here e¢; is the type I extreme value shock at the job of the firm offering the second-highest value of
wages, firm fg;. A similar logic implies that when firm fo; employs the worker, the worker’s value from

accepting firm fo;’s offer is maxyy,, Vfw(st, €t), which leads to

VA(3t7 g, for) =1n Zf;«éfOt s {(1 —0)yr(se, k) + 577fk(ht) EVf(.|st, k)dG

€t+1

oy (he) / EHf(-|st,k0t)dG} T 60, (he) / ETA(Jsy, kor)dG + (1 — 8)exy (30)
Et41 1>

t+1
by logic similar to the above one. Here €14 is the type I extreme value shock at the job of the firm
offering the second-highest value of wages, firm fi;.

In the oligopoly case in which firms different from A face no cost of technology adoption and their
jobs entail the same prospects for learning, human capital acquisition, and exogenous separation, it
follows that II/ = 0, and (29) and (30) reduce to

o A
f;égflggl(f {(1 O)yr(se, k)+esre] + 577fk(ht) /et+1 EV2(si41,&t41]8t, k)dG} (31)

as proved in Proposition 2. By the properties of type I extreme value distributions, V4 (s, e, for) in

11



(31) can also be expressed as

o nyéA kes P {(1 = 0)ys(se k) + 577fk(ht)/

€t+1

Evﬂﬁﬂﬁwﬂ%ka}+u—ﬁk%

where ¢ is the productivity shock at the job offered by firm fy;.

Lastly, note that, as argued in the proof of Proposition 1, w4 (s, €;) must be such that the worker

is indifferent between firm A’s and firm fq,’s offers. Therefore,

maxf-£A V}”(St»st) B 577Ak,4t(ht)
1-6 1-4¢

wa(se, ) =

/ BV (s, kae)dG,
Et+1

which, by using (28), the properties of type I extreme value distributions, and the definition of V7,

can be rewritten as

o (h
Xp {yf(st, k) + M / EVf(St+1, €t+1|5t7 k)dG
Et+1

U)A(St,Et) = IHZ 1— 5

€
fAAKEKS

A, (he)

1—3 EVf(8t+17 €1+1|5t k?At)dG} + cot

Et+1

or, equivalently,

wa(se, g) =1n Z#A’%Kf exp {yr(se, k) + Vi(se, kar)} + €ot, (32)
where
67 1, () 0 A, (R
U (s, hag) = —L 22 / EVY (st41, 01150, k)dG — Ok, (he) / EVY (st41, er01st, kar)dG.
-5 J.,, -5 J.,,
With workers of different skill types ¢ (see the paper) and
Yr(sits k) +€ppe = Vi + Yribt + By pmi + (Qpe — Bpe)Y priPit + € skt (33)

b(0t.i) (i)
derived in the paper in Section 4.2, it follows that (32) for workers continually employed by firm A

can be rewritten as

wait = WA(Sit; €1) = b(he, 1) + c(i)pir + 1IIZ exp { Vg, + Ur(sit, kar)} +eor,  (34)

g£AkEKY

which is the expression for w4; in Section 4.3 in the paper. I summarize this result in the following:

Corollary 1. Suppose that yrri(ht,i) = v, + vrihe and yrog(he,i) = yrok(he) + et — 1) at
each firm and job. Suppose that for firm A’s competitors, v sp;(t — 1) is independent of t — 1 and
that Bty rei and (ofp — 5fk:)’7in; respectively, are constant across firms and jobs. Then, a worker’s
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equilibrium wage when employed by firm A at job kas is
wai = wa(sit, &) = b(hy, i) + c(i)pir + In Z#Mem exp {Ygr + Wgr(sit, kae)} +eor. (35)

I turn now to characterize firm A’s match surplus value in the oligopoly case considered in the

paper.

Proposition 3. Under the assumption that for any technology used by a competitor of firm A, at
least one other firm has access to the same technology, the wage offered by any such firm f # A
is wy(st,€t) = Yy(St, kype) + Epkpots, where kyy = ky(se,€t) is the job offered by any firm f # A. If,
in addition, the technologies of all these firms entail the same prospects for learning, human capital

acquisition, and exogenous separation, then firm A’s match surplus value in (14) reduces to

VA(st,€1) = max { max {(1 —0)[ya(st, k) + cart) + 577Ak(ht)/ EVA(st41,€0115¢, k)dG} ,

A
keK €t41

o A
f;é?,l?é(}{f {(1 O)[yr (s, k)+egre] + mpp(he) /et+1 EV2(St41,€t41]8t, k)dG}} (36)

and Yo, (¢, kot) + €0t = maxXys 4 per 1Yf (5, k) e frt }-

Proof. Since, by assumption, any competitor of firm A faces competition, among others, from a firm
operating its same technology, any such firm makes zero profit, as argued in the paper. In particular,

the continuation profits of any such firm are zero, so
I/ (s4, ;) = max dy; {(1 = 6)[ys(si, k) +epm — wl} =0 (37)

where dy = dy(s¢, e, Wi, ky) is the acceptance decision of the worker with respect to firm f’s offer.
These observations imply that the wage offered by any such firm must equal its expected output
(including the realized productivity shock) at the offered job. In particular, this is true for firm fo,
whose job offer is kos. Thus, the wage offer of firm fo; is wo(s¢, €¢) = Yy, (¢, kot) + €0t and (14) can be

rewritten as

A
keK €t+1

max { max {(1 —0)[ya(se, k) + cart) + 0 g (he) EVA(sty1, €415t k)dG} ,

(1 — 5) [nyt (St, ]{70,5) + Eot] + (5770(ht)/ EVA(St+1, €t+1|3t7 kOt)dG} . (38)

Et+1

I now prove that if the technologies of all firms different from A entail the same prospects for

learning, human capital acquisition, and exogenous separation, the second branch of (38) reduces to

max {(1 —0)[yr(se, k)+epme) + 577fk(ht)/

€t+1

EVA(St+1, Et+1 |St, k’)dG} .
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To see this, note first that equilibrium, in particular (13), implies that the job choice of each firm
f # A, job kg, solves the relevant version of (15), that is,

max {(1 —0)ys(se, k) +ere] + 677fk(ht)/

Evf(stJrl, Et+1 |St, k’)dG} .
keKf €141

So, by (13), the match surplus value of any firm f # A is given by

V/(s1,e1) = max {(1 —0)[ys(st, k) +epre] + 57Ifk(ht)/

EV? € k)dG . 39
ekt - (5t+1 t+1|5t ) } ( )

Since no such firm f makes a profit, VS = V*. Hence, the competitor of firm A most preferred
by the worker, firm fo;, is the firm with the highest match surplus value, that is, the firm with
VO(st,er) = maxsza{V/(st,€;)} or, equivalently, the firm offering the worker the following (expected

present discounted) value of wages,

max {(1 = O)ys(se, k) +epme] + 577fk(ht)/

EV*(st41, €415, k)dG (40)
f#AAkeKS Et+1

given that V/ = V%, Since EII?(:|s;, k) is independent of ky; for any f # A, VA =V" 4114, when

the worker is not employed by firm A, can be equivalently expressed as

1-96 ,k‘ ) h EVv 7 ’de
f;e%;?é(f {( Myy (st k) + e pre] + 0 g1 (he) /Et+1 (st41,€t11]5t, k)

+6m 1, (he) /

€t+1

EHA(St+1, Et+1 |St, k‘)dG} .

Given that V4 = II4 + V%, this completes the proof of the first part of the claim.
As for the second part of the claim, note that, by assumption, EV"(-|ss, kf¢) is independent of kg

for any f # A. Hence, (40) can also be rewritten as

(=) mie a0k +<pied +omlh) | BV (ovia,alon kG

so the expected output vy, (st, kot) + €o¢ that the worker would produce at firm fo; is equal to

max se, k) +¢e = max sy, k)+e 7
FAAKEKS Ly (se, k) + 2 ek rAAkert 1Y (s, k) e}

which also equals the wage offered by firm fo; since, as argued above, wy(s¢, &) = Yfor (5t kot) + €ot-

This completes the proof of the claim. O
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2 Identification

The model is fit to a rich panel dataset on the sequence of yearly job assignments, paid wages, and
recorded performance ratings for more than 1,400 managers over eight years, in the case of the baseline
sample, and for more than 2,000 managers over eight years, in the case of the extended sample. (See
the estimation exercise described in Section 5.) In this Section I establish the (nonparametric and
parametric) identification of the model based on these data. The Monte Carlo results reported in
Section 4.3 provide additional evidence on the fact that the rich information in the data is sufficient

to pin down quite precisely the model’s parameters.

2.1 Discrete Choice Component of the Model: Employment and Job Assignment

Consider the employment and job assignment problem of my firm over the first eight years of tenure of
a manager, which constitutes the discrete choice component of my model. In the model, employment
and job assignment depend on the beliefs about a manager’s ability, a manager’s human capital, and
the realization of (type I extreme value) productivity shocks. Recall that initial prior beliefs, which
are unobserved by the econometrician, are modeled as a nonparametric finite mixture distribution.?
Hence, the discrete choice component of the model is a nonparametric mixture model of parametric
(type I extreme value) component distributions. The identification of the discrete choice component of
the model amounts to the identification of the process for the observed assignment k;, the unobserved
prior p;, and the observed human capital h;.

Now, by the law of conditional probability, we know that

Pr(kis1, Dig1, e |pe, by ki) = Pkt |pe, be, ks pett, i) Pr(hosa|pe, hes ke, Dee1) Pr(pee|pes has Be)
(41)

which, using the implications of the model, can be simplified to

Pr(kis1, Dig1, hes1|pe, bty ki) = Pkt |peats higr) Pr(higt|he, ke) Pr(pesa|pe, k). (42)

The equality of the first term on the right side of (41) with the first term on the right side of (42)
follows because the next period job assignment of a manager depends only on the next period prior and
human capital by the Markovian nature of the match surplus value problem of a firm. The equality
of the second terms in these expressions follows because the next period human capital depends only
on the current period human capital and job assignment by assumption (see the specification of the
process of human capital acquisition in the paper). The equality of the third terms follows because
the next period prior depends only on the current period prior and job assignment by Bayes’ rule.
Observe that the process Pr(psy1|pt, k) for the prior does not depend on either a manager’s unob-
served ability 6 or a manager’s skill type 7. That this law of motion does not depend on # is immediately

implied by the model, because € is unknown to all model agents. That the law of motion Pr(p;11|p¢, kt)

In the spirit of the test by Pakes and Ericson (1998) for Bayesian learning, the fact that the empirical process for
observed performance ratings, as well as the empirical process for job assignments and wages, does not appear to be
first-order Markov provides evidence for the presence of learning.
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does not depend on a manager’s skill type ¢ follows because the parameters {«y, Bk}%zl governing the
distribution of true performance signals about ability, and hence the law of motion for beliefs, are
assumed to be independent of a manager’s skill type. Technically, this feature of the discrete choice
component of the model rules out serially correlated individual-specific heterogeneity in employment
and job assignment conditional on p;. In particular, if the distribution of true performance is known,
then the only unknown component of Pr(p;t1|p¢, kt) is the distribution Pr(p1|po, ko) = Pr(p1) of ‘initial
conditions’. Thus, the identification problem for the law of motion for p; reduces to the problem of
identifying the distribution of initial priors, Pr(p;), which I specify as a finite mixture with known
components, i =1,...,1.3

Below I first establish the identification of the learning process determining the evolution of beliefs
based on information on managers’ performance ratings. I then establish the identification of the
output and human capital process, as well as of the job assignment process. For simplicity, I omit the

subscripts A for the firm and n for a manager whenever unambiguous.

2.1.1 Identification of the Learning Process

Here I argue the identification of the process for Pr(pi11|pt, ki) conditional on Pr(p;). Specifically, 1
show that the observed distribution of performance ratings provides a direct source of identification
for {ag, 5 k}zzl and the parameters governing classification error in reported ratings.

I divide the argument into two cases. In the first case, Case 1, I prove that repeated observations on
performance ratings allow me straightforwardly to identify {ay, 8 k}%zl in the absence of classification
error. In the second case, Case 2, I show that identification can be established also in the presence of
classification error by a simple extension of the argument in Case 1. This augmented argument proves

that {ou, B }5_, and the classification error parameters are identified.

Case 1: Argument without Classification Error. 1 will show here that three periods of observations
on performance at Level 1 allow me to identify a1, §;, and the initial prior (or the mean initial prior,
in the presence of multiple skill types). Suppose, first, for simplicity, that all managers are of the same
skill type. Consider managers retained at my firm, firm A, at Level 1 for at least three years. Let
m$,, denote the observed proportion of high ratings at Level k of my firm in period ¢. Assume that
m9,; > 0 at all k and ¢. By equating the sample proportion of individuals with one high rating at
the end of period 1, denoted by m%;;, with another high rating at the end of period 2, denoted by
m"Aw‘ 171> and with yet another high rating at the end of period 3, denoted by m"A13| 11> respectively,

to their theoretical counterparts, I obtain

B1 + (1 — B1)p1 = M9y,

2 2
a1p1 Bi(1 —p1) o 2 9 42
=m = B + (o — B p1 = me mo.
a1p1 + B1(L—p1)  aipr ;)i- B1(1—p1) Al2|H1 1+ (g 1) A12/H1 A1
aipy Bi(1—p1) 0

= s = B+ (03 = BIP = M1,
o2 T —p) Zp1 + B —p) Al13|HH1 A13|HH1" A12|H1TV A1

3Notice the usual lack of identification with respect to 4, because the type distribution is invariant to permutations of
the points in its support. See Buchinsky, Hahn, and Kim (2010) for caveats regarding the identifiability of finite mixtures
with known components in applied frameworks.
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by using the definition of Pagr1(p1) = c1p1/[capi+B1(1—p1)] and P2, (p1) = 2p1/[adp1+53(1—p1)).
I will now show that this system identifies o1, 57, and p;. To this purpose, note that the three equations

in the above system can also be expressed as

(a1 = Bi)p1 = m%yy — By
(a1 = B1)(en + Br)pr = M0 1 MA11 — 5

2 3
(1 = B1)(eF + 1By + B1)p1 = M3 g M arem Man — B
or, using the fact that (a; — 81)p1 = m%y; — B4 and @ + a1y + 55 = (a1 + B;1)? — a1 By,

(a1 = Br)pr =m%yy — Ba
(m%yy — B1)(ar + B1) = Mgy mans — Bt

(m?412|H1m?411 = B + By) — aaBy (M, — By) = M1 1M A2 1A 5
Rewriting the third equality in (44), I obtain
M9 1AL (a1 + B1) — miypcaBy = M3 5 M AL2| H1 VAT
or, equivalently, if m9%,; > 0,
moyamr (0 + B1) — caBr = moya g ™MAra m
whereas rewriting the second equality in (44), I obtain
mi(ea + B1) — 1By = mYyyo i Man -

By combining (45) and (46) into a system, it follows

{ m3112|H1(O‘1 +B1) —afpy = 1311 a1 A12)H1

mi (o + B1) — ea By =m0 M

and taking the difference between the two expressions in (47) side by side leads to

o o o
M A12|H1 <mA13\HH1 - mAll)

ap+ ;= P P
M A1911 — ™an

(44)

(45)

(46)

(48)

where Mgy = MYy = Mo i P31 (p1) > Pami(p1) > p1, which is implied by a; > ;.

Substituting the expression in (48) into the second expression in (47), I obtain

o o (0] o
M A1 A12|H1 <mA13|HH1 - mAll)

o o o (0]
M A1 A12|H1 (mA13|HH1 - mA12|H1>

— o o —
oy = — MaAr 1M AN =

o _ o o _ o
M a9 — Man M A1 — Man
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Now, using the fact that (a1 — ;)% = (o1 + f1)? — 4a1;, by (48) and (49) it follows

2 o o o o o
o o — —
> ([ o 2 (My13g1 — MAan . 4mi (7nA13|HH1 7”A12|H1> <mA12\H1 m,411>
(1=pB1)" = M A12|H1 -

me —mp° 2
ArziH1 — Man 0 0 —mo
| M A12|H1 (mA13\HH1 mA11>

Hence, the fact that a; > 3, leads to

o 0 o ) ) ) O
o M a3 g1 — Man 4ma <mA13\HH1 mA12|H1> <mA12\H1 mAll)
ar — By = M 19|11 me e 1= 2 )
Al2|H1 All 0 o -
| M A19H1 (mA13|HH1 mAll)
(50)

Summing (48) and (50), I obtain

o o o
M A12|H1 (mA13|HH1 - mAll)

20&1 =
o )
M 1911 — A

o o o o _ o o _ o
mA13HH1_mA11) . 4mi,, (mA13|HH1 mAlZ\Hl) (mA12|H1 mAll)

+m 191 m1
[ )
M A1 — ™an

2
o o 0
M A12|H1 (mAl?)\HHl mAn)

so « is identified. Then, 3, is also identified. Note that in this case p; is identified too by (a1 —f81)p1 =
m%;; — B1- By repeating this argument, with o1, 8, and p; known, for managers promoted from
Level 1 to Level 2, and continually assigned to Level 2 for at least two periods, and then for managers
promoted from Level 2 to Level 3, and continually assigned to Level 3 for at least two periods, it is
also possible to establish identification of g, 5, a3, and 5. If managers were of different skill types,
then an analogous argument would apply. Specifically, in the above expressions p; would be replaced
by the mean initial prior over the skill types of managers who are retained at Level 1 for at least three
years. So, this mean initial prior and the learning parameters would still be identified.

Observe also that higher moments of the distribution of performance ratings provide additional
identifying restrictions. To see this, consider the variance of the first period ratings at Level 1, which

can be expressed as

aip1 + B1(1 = p1) = [aapr + B1(1 = p1)]? = m%y; — mixu\mm%n + (1 = B1)*p(1 = p1) (51)

since ,3% + (a% — 6%)]91 = milu\ 171M%11- Denoting the empirical variance of the first period ratings by

o from (51) it follows

o
TA11?

2
(a1 —B1)p1(1—p1) = Ug,m —myy + m?412\H1m?411-

As for the panel length required for the identification of the learning parameters {ay, 8 k}z:p note

18



that with p; known, the two conditions

Bl+(a1 _Bl)pl :miﬂl (52)
BT+ (of - 5%) P1 =My
where m9 5 = mf412| 111, already pin down ay and ;. To see this, observe that
Br = (Mm% —aip1) /(1 —p1) ]
m9,;—a1p
s+ (a% - 5%) p1=mYy = aip1 + % (I=p1) —mf5=0
so the second condition in the above system can be rewritten as
2
aip1 — 2m9yapr + (M) — (1= p1) my, =0
with solutions
2 2
2myp1 £ \/4 (M%) Pt — 4p1 {(m%n) — (1= p1) m9yy
a1 =
2p1
2
=mjy + \/(1 —p1) [m10412 — (m%y,) } /P21 (53)

where m9, > (m9;,)? given that m%,, — (m%q,)* = p1 (1 — p1) (a1 — B1)? > 0 (with strict inequality

0
for p; € (0,1) and oy > B). But, if oy = m9Yy; — \/(1 —p1) [m‘}‘m - (m‘iu)ﬂ /p1, then

o o o 2
ar < By =myyy + \/pl [mAlz - (mAn) } /(1 —p1),

which is inconsistent with the assumptions of the model. Plugging this expression for «; back into

By = (m,o411 —ayp1) /(1 —p1), I obtain

Br=mh — \/Pl {m(f-lm - (m,ozm)z} /(1 =p1).

Hence, given p; € (0,1) and ay > [, the system in (52) is sufficient to recover a; and ;. An
analogous argument can be used to show that just two periods of observation of performance at Levels

2 and 3 are sufficient to identify (aq, 85) and (as, 83), respectively.

Case 2: Argument with Classification Error. 1 will show here that repeated observations on the
performance ratings of managers continually assigned to a level allow me to pin down the parameters
of the classification error in recorded performance in addition to the learning parameters {ay, 3, }3_;.
To start, first ignore skill types for simplicity. Consider managers continually assigned to Level 1 up
to tenure t. Note that, in the presence of classification error as specified in the paper, the probability
of an observed high rating is Fo(L1,t) + [1 — E1(L1,t) — Eo(L1,t)][8; + (a1 — B1)p1]. Equating this
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probability to its sample counterpart, m%;,, I obtain
E0<L17t) + [1 - El(Llat) - E()(Ll?t)] [51 + (al - /Bl)pl] = m?‘llt?

which, letting v = 81 + (a1 — B1)p1, can be rewritten as

o exp{do + dQ(Ll)t} exp{do +di + dQ(Ll)t}
m9y = (1 —v) v .
1+ eXp{d() + dg(Ll)t} 1+ eXp{do +di + dg(Ll)t}J
Eo(L1,t) 1-E1(L1,t)

Hence, the population distribution of performance ratings can be thought as the nonparametric mixture
of two logistic models with the same coefficient on the explanatory variable, here tenure. So, v, dy,
di, and d2(L1) are identified. Now, if v = 81 + (a1 — B1)p1 is known, then 8, = (v — aap1) / (1 — p1)
is also known up to a; and p;. Observe, for later, that v is the first population moment of the true
distribution of performance, that is, v = m41;. (Moments of the form m 4z; and similar are moments
of the true rather than of the observed distribution of performance ratings.)

I now prove that «j is also identified (as well as pp). First, note that by the law of conditional

probability, we have
PI‘(R% == 1|R1 = 1) - PI“( g == 1|R1 == 1,R2 == 1) PT(RQ == 1|R1 == 1)

+Pr(Rg = 1|/R1 = 1, Ry = 0) Pr(Ry = 0| Ry = 1).

Now, using the fact that the error in the recording rating in a period, conditional on the true rating,
is independent of past true ratings, which implies Pr(R§ = 1|R; = 1,Ry = 1) =Pr(R§ =1|Re = 1), it
follows that

a2p1 + (1 —p1)
aipt + B1(1 —p1)

Pr(RS=1|R; =1) = Eyp(L1,2) + [1 — Ep(L1,2) — E1(L1,2)]
Observe that
Pr(Ry=1|R{ =1)=Pr(R§=1|R{ =1,Re = 1)Pr(Re = 1|R} = 1)

+Pr(R§=1|R = 1,Ry = 0) Pr(Ry = 0|RS = 1)
=Pr(RS = 1|R2 =0) 4+ [Pr(R§ = 1|R2 = 1) — Pr(R§ = 1|R2 = 0)] Pr(Re = 1|R] = 1)
= Eo(L1,2) + [1 — Eo(L1,2) — Ey(L1,2)] Pr(Ry = 1|R = 1), (54)

where I have used again the fact that the error in the recording rating in a period, conditional on the
true rating, is independent of past recorded ratings, so Pr(R§ = 1|R} =1, Ry =r) = Pr(Rj = 1|R2 =
r), r € {0,1}. Next, note that

Pr(Ro=1,R{=1) Pr(Ra=1/R{=1,R =1)Pr(R{=1|R;y =1)Pr(Ry1 =1)

Pr(fz = 1Ry =1) = Pr(Re=1) Pr(R; = 1)
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+Pr(R2 =1|R{ =1,R; =0)Pr(R} =1|R; =0)Pr(R; =0)
Pr(R? = 1)
so with Pr(R} = 1) = m%y;, Pr(Ry = 1) = v, Pr(R{ = 1|R; = 0) = Eo(L1,1), and Pr(R{ = 1|R; =
1) =1— E1(L1,1) by definition, we have

Pr(Ry = 1|RS = 1)

_ [edpi + 831 = py)] [L = By (L1 D] + [en (1 = an)pr + B2 (1 = B1)(1 = p1)] Bo(L1,1) 5
B M1 ' (55)
Also by definition, Pr(R§ = 1|R = 1) = Moy and Pr(Ry = 1|Ry = 1) = my9 1. Then, T can

rewrite (54) as

B m?412|H1 — Eg(Ll,Q)
-~ 1—Eo(L1,2) — E1(L1,2)

Pr(Ry =1|R{ =1)
or, equivalently, by using (55),

1 M1 M 12]H1 — my1 Eo(L1,2)
1— Eo(LL,1) — By (LL,1) | 1— Eo(L1,2) — E1(LL,2)

aipr+ A1 —p1) = — vEo(L1,1)| . (56)

Repeat now the same argument for the second year of tenure. Specifically, start from
Pr(R§=1R{=1,Ry=1)=Pr(R§=1R]=1,Ry=1,R3=1)Pr(R3 =1|R] =1,R5 = 1)
+Pr(Rs=1R}=1,R§=1,R3 =0)Pr(R3 =0|R{ =1,R§ = 1),
which can equivalently be expressed as

Pr(R§ = 1|R? = 1,RS = 1) = Pr(RS = 1|R3 = 0)

M3 HH1 Eo(L1,3)

+ |Pr(Rg = 1|Rs = 1) — Pr(R§ = 1|R3 = 0) | Pr(Rs = 1|RS = 1, RS = 1). (57)

1—Ey(L1,3) Eo(L1,3)

By repeating the above steps, observe that

Pr(Rs=1,R?=1,Rg=1)
Pr(R¢ =1,R3 =1)

Pr(R3=1|R{=1,Ry=1) =

1
- Pr(R{=1,Ry=1)

+Pr(R3=1,R{=1,R§=1|Ry =1, Ry = 0) Pr(R; = 1, Ry = 0)

[Pr(Rs=1,R{ =1,R}=1|Ry =1,Ry = 1)Pr(Ry = 1, Ry = 1)

+Pr(Ry=1,R}=1,R§=1|R; = 0,Ry = 1) Pr(R; = 0, Ry = 1)

+PF<R3 = 1,RT = 1,R(2) = 1‘R1 =0,Ry = 0) Pl“(Rl =0,Ry = 0)] . (58)
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Now, note that
PI‘<R3 = 1,RT = I,Rg = l‘Rl = l,RQ = 1) = PI‘(R3 = HRT = 1,Rg = 1,R1 = l,RQ = 1)

‘PI‘(R? = 1,Rg = 1’R1 = l,RQ = 1)
= PI‘(Rg = 1|R1 = 1,R2 = 1) Pl‘(Rg = 1‘R2 = 1) PI‘(R? = 1’R1 = 1)
since Pr(R3 =1|R{ =1,R$ =1,R; =1, Ry = 1) is independent of R{ and RS, and
1 2 1 2

Pr(Ry =1,R0=1,Ry=1,R}=1)

Pr(R{=1,R§=1Ri =1,R,=1) = Pr(Ry =1,Ry = 1)

Pr(R§=1|R1 =1,R¢ =1,Ry =1)Pr(Ry = 1|R; = 1, R} = 1) Pr(R; = 1, R} = 1)
2 1 1 1
PI‘(Rl = l,RQ = 1)

Pr(R$ = 1|Ry = 1) Pr(Ry = 1|R; = 1) Pr(R = 1|R; = 1) Pr(R; = 1)
2 1
PI‘(Rl == 1,R2 == 1)

= Pr(Ry = 1|Ry = 1) Pr(R? = 1|Ry = 1).

More generally,
PI"(Rg = T3,R(1) = 7“?, Rg = T%‘Rl =T, R2 = ’1“2) = Pl“(Rg = 7“3‘R1 = 7“1,R2 = 7“2)

. Pr(Rg = ’I“g|R2 = 7“2) PT(RT = 7“(1)|R1 = 7“1)

for r, € {0,1},t =1,2,3, and r{ € {0,1}, t = 1,2. Hence, I can rewrite (58) as

1o} o 1

[Pr(Rs=1|Ry =1,Ry = 1)Pr(R§ =1|Ry = 1) Pr(R¢ = 1|Ry = 1) Pr(Ry = 1, Ry = 1)

1)Pr(R; = 1,Ry = 0
)

+PT(R3 = 1‘R1 =1,Rs :O)PI‘ RS = 1‘R2 :O)PI' R(f = 1’
9 — 1|Ry = 0)Pr(R; = 0, Ry = 1

(B3 ( Ry = )
+Pr(Rs =1|R;1 =0,Ry =1)Pr(R§ =1|Ry = 1) Pr(R |R1 = )

+Pr(Rs = 1|R; =0, Ry = 0) Pr(RS = 1|R2 = 0) Pr(R} = 1|R; = 0) Pr(R; = 0, Ry = 0)]
or, equivalently,

Pr(Ry = 1R{ =1 B = 1) = o :1 =y [eder 830~ p0)] [~ BA(1,2)] L~ Bx (21, 1)

+ [afpr + BI(L = p1) — aip1 — BY(1 — p1)] Eo(L1,2) [1 — E1(L1,1)]
+ [adp1 + B1(1 — p1) — afpr — B3 (1 — p1)] [L — E1(L1,2)] Eo(L1,1)

+ [en (1 — 201 + ad)p1 + B1(1 — 28, + B3)(1 — p1)] Eo(L1,2)Eo(L1, 1)},
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which can be simplified to
Pr(Rs = 1|R{ =1,R5 =1)
[oﬁpl + 331 —pl)] [1— Eo(L1,1) — E1(L1,1)][1 — Eo(L1,2) — E1(L1,2)] + C

- Pr(RC =1,Rg=1) (59)

with
C =vEy(L1,1)Ey(L1,2)

+mara {Eo(L1,2) [1 — Eo(L1,1) — Ey(L1,1)] + Eo(L1,1) [1 — Eo(L1,2) — Ey(L1,2)]}

and m 419 given by (56), since aZp; + B2(1 — p1) = mayz by definition of m419. Finally, I can rewrite
(57) as
M3 HHL Eo(L1,3)

P =1lR? =1 o=1)=
(B =1lRy = 1,175 =1) 1 — Eo(L1,3) — B (LL,3)

or, equivalently, using (59) and the fact that Pr(R{ = 1, R§ = 1) = m%,, by definition, as

1
[1— Eo(LL, 1) — Ey(LL, 1)] [1 — Eo(L1,2) — Ey(L1, 2)]

alpr + B (1 —p1) =

. MA12M A3 HHL — Mo Eo(L1,3) B
1— Eo(L1,3) — By (L1, 3)

Lastly, with v = m 11, (56), and (60), I obtain the system

Bit+(a—B)p=v
2 2 2 _ 1 M1 MY 10 1~ a11 Fo(L1,2)

3 3 3 — 1 M1 3 51~ a2 Bo(L1,3)
Bi+ (af = BY) p1 = MT—Bo(L1,1)—E1(L1,1)|[1—Eo(L1,2)—F1(L1,2)] [ T—Eo(L1,3)—E1(L1,3)

which is identified by the same argument as the one used to establish identification in the absence
of classification error. Note that the right sides of the expressions in this system consist of known
objects or objects already identified. Therefore, three periods of observations on performance allow
me to recover aq, 81, and pj.

In the presence of multiple skill types, as before an analogous argument holds with p; in the above
expressions replaced by the mean initial prior over the skill types of managers who are retained at

Level 1 for at least three periods.

2.1.2 Identification of the Output and Human Capital Process

Consider now the problem of identification of Pr(k¢t1|pi+1, he+1), Pr(her1|he, k), and Pr(p;), and of the
parameters governing Pr(ki11|pi+1, het1) and Pr(hyy1)he, k). T will show here their identification in two
steps. In the first step, I will argue that the distribution of heterogeneity can be separately identified
from the state transitions and choice components based on the results of Kasahara and Shimotsu
(2009) and Hu and Shum (2012). The arguments of Kasahara and Shimotsu (2009) and Hu and
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Shum (2012) for the nonparametric identification of dynamic discrete choice models with unobserved
heterogeneity imply that a long enough panel dimension, as in my sample, can be sufficient to ensure
the nonparametric identification of the discrete choice component of my model. In the second step,
I will argue that reduced forms of economic interest of the parameters of output and human capital,
which determine the component probabilities identified in the first step, can be identified by standard
arguments based on the restrictions implied by the model.

Before proceeding, note that the role of the productivity shocks determining Pr(kii1|pi+1, het1)
is auxiliary to the main focus of the estimation exercise. To see why, note that the employment and
job assignment decisions on the part of firms, as well as the acceptance decision on the part of a
manager with respect to firms’ employment offers, are deterministic conditional on beliefs and the
manager’s acquired human capital. Hence, productivity shocks simply make employment and job
choices stochastic from the point of view of the econometrician, conditional on the current period
prior and the sequence of past level assignments and performance. Specifically, these shocks ensure
that all observed assignments have non-zero probability under the model. For instance, together with
the process for beliefs and the classification error in performance ratings, productivity shocks help the
model account for observations on managers with the same characteristics (age, education, and year
of entry) and history of level assignments and recorded performance ratings, who are assigned at some
point to different jobs.

Lastly, note that given {ou, B;}5_1, Pr(pit1]pe, ki) is known up to the initial prior distribution,
since the law of motion for p, (Bayesian updating) and its parameters ({oy, 81 }3_;) are known. Thus,
the problem of identifying Pr(pit1|pt, k¢) reduces to the problem of identifying the distribution of
initial priors, Pr(p;). I now turn to examine each step of the argument for the identification of
Pr(kis1|pes1, hes1)s Pr(hegi|he, ki), and Pr(p;), and of the parameters governing Pr(kii1|pi+1, het1)
and Pr(hyi1|he, kt).

First Step: Assignment and Human Capital Process and the Initial Prior This first step
of the argument for identification relies on the results of Hu and Shum (2012). Hu and Shum consider
a general class of dynamic discrete choice models with serially correlated and time-varying unobserved
state variables, and prove that conditional choice probabilities, the law of motion for the state, and the
distribution of initial conditions are nonparametrically identified. In particular, their result applies to
frameworks like mine in which the unobserved state variable (in my case, the prior) is time-varying and
can evolve depending on past values of the observed state and choice variables. Hu and Shum (2012)
generalize the framework of Kasahara and Shimotsu (2009) by allowing the permanent unobserved
heterogeneity component to be updated according to a Markov process.

I will first show that based on their results, Pr(kit1|pis1, he+1), Pr(his1|he, ki), and Pr(piya|pe, kt)
are identified. I will then discuss the applicability of the identification result of Kasahara and Shimotsu
(2009) to my case.

An Argument Based on Hu and Shum (2012). Here I first show how my problem can be cast into
the framework of Hu and Shum (2012). Next, I discuss the identification of the processes for the choice

variable, Pr(k;y1|pi+1,het1), for the observed state variable, Pr(hyy1|hs, ki), and for the unobserved
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state variable, Pr(pi11|pt, kt).

To see how my identification problem can be mapped into the framework of Hu and Shum (2012), I
borrow their notation and let W; = (Y}, M;) denote the vector of observable variables consisting of the
choice variable in period ¢, Y, and of the observed state variables in period ¢, M;. Let X} denote the
unobserved state variable. Hu and Shum (2012) consider the problem of nonparametric identification
of Pr(Wy, X |Wi—1, X} ) in the special case in which

Pr(We, X{ W1, Xi_y) = Pr(Ye, My, X[ Y1, My—1, X{" ) = Pr(Ya|Ye—1, My—1, My, X[)

Pr(My| Y1, My—1, X{) Pr(X{ Y1, My, X{4),

that is, when Pr(Y:|-) and Pr(M;|-) do not depend on X/ ;. To see how my problem is an instance
of theirs, let (Yi, My, X}) = (k¢, he,pe) = (Ke, (t — 1, ki—1), pt), where t denotes tenure at my firm. So,
from (42) it follows that

PI‘(}/}/, Mt; Xt*‘l/;‘/fla Mt,l, X:—l) - Pr(kta htvpt‘ktflv htfbptfl)

= Pr(k¢|he, pt) Pr(helki—1, hi—1) Pr(pe|ke—1, pe—1)
= Pr(Yi[ My, X7) Pr(ML|Y; 1, My ) Pr(XG Vi1, X7 ) (61)

Consider first the case in which the distribution of performance signals, governed by {ax, 5 k}izl,
is known, for instance based on the above identification argument. Thus, the problem of identifying
Pr(pey1|pt, kt) reduces to the problem of identifying the distribution of initial priors, Pr(p;). For this,
observe that the panel dimension of my sample (7" > 5) implies that the identification result of Hu
and Shum (2012) applies, which ensures the nonparametric identification of Pr(p;). (Suppose the
distribution of performance signals is not known. Since Bayesian updating provides the functional
form of the state dependence of the process for p;, the result of Hu and Shum (2012) can also be
invoked to establish the nonparametric identification of the distribution of true performance and of
the initial priors.)

Lastly, the identification result of Hu and Shum (2012) also implies that the conditional choice
probabilities, Pr(kiy1|pt+1, he+1), as well as the process for the observed state, Pr(hyyi|he, ki), are

nonparametrically identified.

An Argument Based on Kasahara and Shimotsu (2009). An alternative approach to identification
follows from Kasahara and Shimotsu (2009). These authors analyze the nonparametric identification
of the number of type components and component probabilities of finite mixture dynamic discrete
choice models. Their argument covers the case in which choice probabilities are nonstationary and
that in which choice probabilities are first-order state-dependent. Their results do not apply when
choice probabilities are simultaneously nonstationary and state-dependent. Nonetheless, given the
infinite horizon formulation of my model, the class of problems they consider nests mine.

Kasahara and Shimotsu consider models in which the unobserved state is time-invariant. Hence,

their results may seem not to apply to frameworks like mine in which the unobserved state (here,
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the prior) evolves over time. Suppose, however, that the distribution of true performance is known,
as implied by the above argument for the identification of the learning process. Bayesian updating,
as argued, implies that the state-dependent process for beliefs is known up to the initial prior and
the distribution of true performance. Based on these observations, the identification of the discrete
choice component of my model reduces to the identification of the distribution of initial priors, that
is, the unobserved distribution of types, and of the employment and job assignment probabilities
conditional on the type-specific initial priors, that is, the type-specific components. Note that the
process Pr(hi1|he, ki) for the observed state is directly identified from the data by standard arguments.
See, for instance, Rust (1987). Hence, by applying the argument in Kasahara and Shimotsu (2009)
with {ak,ﬁk}izl known, I can conclude that the distribution of the prior, Pr(p;), including the
number of support points and their probabilities, and the choice probabilities, Pr(kit1|pi+1, hi+1), are
nonparametrically identified.

Kasahara and Shimotsu (2009) also provide guidance as to when a certain completeness condition
for identification is satisfied. Intuitively, when the panel length of the sample is greater than three,
this condition amounts to requiring that observed covariates vary sufficiently over time in a way
that changes in the covariates induce heterogeneous changes in choice probabilities across types (see
Remark 2(i) after Corollary 1 in their paper). In essence, time-varying covariates help the identification
of unobserved heterogeneity. In my framework, in which the discrete choice component of the model
admits no covariates, the time-series variation in observed choices substitutes for the required time
variation of covariates. Specifically, sufficient conditions for identification are: (a) the panel dimension
of the sample is greater than twice the number of types minus one, (b) choice probabilities differ across
types, and (c) the probability of the first-period choice is strictly positive and different across types.
(See Remark 3 at p. 149 in their paper.) It can be shown that my model satisfies all three of these

conditions (counting tenure from the second period on). |

The analysis of Hu and Shum (2012) and Kasahara and Shimotsu (2009) neither requires nor
exploits the structural interpretation of the components of the mixture model.* I turn now to show
how in the second step of my argument for identification, these restrictions can be used to identify
reduced forms of interest of the model primitives governing the process of output and human capital

acquisition.

Second Step: Output and Human Capital Parameters Note first that the assumption that
productivity shocks are type I extreme value distributed implies that the probability of assignment to
job k =1,2,3 at state (pj, ht), where ¢t denotes tenure and (¢ — 1, k;—1) is a sufficient statistic for A,

can be expressed as

_rexp{v(pit,t — L, k1, k
Pr(k; = klpit,t — 1, k1) = M 1t-1 XP{V(Pit -1, k)}

o 62
Zk/e{o,1,2,3} exp{v(pit,t — 1, k—1,k")} (62)

*Kasahara and Shimotsu (2009) and Hu and Shum (2012) establish identification under high-level assumptions,
and neither exploits the restrictions on outcomes implied by the underlying economic model. In particular, when the
unobserved state variable is continuous, the nonparametric identification result by Hu and Shum (2012) relies on higher-
level assumptions, like the invertibility assumption and distinctive eigenvalues assumption, which are difficult to verify
explicitly for a specific model. (See the discussion in the Appendix of Hu and Shum (2012).)
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for 1 <k <3 and

Miey_1t—1 eXp{’U(pZ‘t, t— 17 kt—lu 0)}
Pr(k; = Olpist — 1, ky_1) = |
r(kt = Olpit, k1) S retor2) SPLO E— 1 k1, 1)} + 1 =Mkt

since, as discussed in the Appendix in the paper, the match surplus value of firm A satisfies
V(p’it>t - 17 ktflv st) = Orgl?%{SV(pit’t - 17 ktflv €t k) = O?ka%(g{v(pitat - 1, k:tfla k) + (1 - 6)614375})

here k£ = 0 corresponds to the reference alternative of separation between the firm and a manager.
As discussed below in Section 4, for convenience, I compute the match surplus value first by solving
for the match surplus value from the eighth tenure year of a manager on and, then, by solving by
backward induction for the match surplus value in the remaining first seven tenure years, using the
computed value from the eight tenure year on as the terminal value. I first argue identification in the
context of the example of Section 1 and then in the general case.

Ezxzample. Recall the example presented in Section 1 and in the paper. The identification of the
output and human capital processes at firm A can be established based on Corollary 3 of Magnac and
Thesmar (2002). Assume § is known—I fix it at 0.95 in estimation. Magnac and Thesmar consider
a class of dynamic discrete choice models involving the choice among 1,..., K alternatives. Under
standard assumptions, they show that the following difference between the expected values of two
sequences of choices is nonparametrically identified: first, choose alternative k < K now, alternative
K tomorrow, and behave optimally thereafter; second, choose K now and tomorrow, and behave
optimally thereafter. See Corollary 3 of Magnac and Thesmar (2002) for a formal statement of this
result.

To see how their result applies to my framework, consider the case in which firms of type B have
more than one job. Let now VtA (pt, B) denote the match surplus value of firm A in period ¢ when the
worker is employed by a firm of type B. Then, the match surplus value of firm A in period ¢ can be
thought of as the value of the choice among three alternatives: employing the worker at job Al, at
job A2, or having the worker employed by a firm of type B at its offered job in period ¢, denoted by
k%, = k5 (pe). That is, to apply the result of Magnac and Thesmar, I interpret their alternative K
as the alternative of firm A in which the worker is employed by a firm of type B. If so, then Magnac

and Thesmar’ result implies

(1 = 0)ya(p1, k) + SEVs (p2, Blp1, kax) — (1 — 8)ys(p1, k1) — SEVS (p2, Blp1, k1) (63)

is nonparametrically identified. (In (63), since human capital depends just on tenure and past level
assignment, the dependence on h; is subsumed in the tenure index.) To see the implications of this
result for the identification of the parameters of the output and human capital processes at firm

A, assume that VtA(pt,B) can be well approximated by, say, a second-degree polynomial in p;, for

Vit (pe, B) = 22

r=

instance,
L+ (1= 8) - (¢~ D)o,
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As explained in the Appendix in the paper, I follow this approach in estimation since I do not have
direct information on the competitors of the firm in my data. Using the expression for Vii(ps, B),
the law of motion for beliefs, and the fact that the expected value of the posterior is the prior,

EV3)(pa, Blp1, kax) equals

(@ar — Ba)’ ol
1Bar + (aar — Bar)p1] [1 — Bar — (@ar — Bag)pi) (1—-p1) }pl.

(2—5)v0+(2—5)v1p1+(2—5)v2 {1 +

The expression for EVi(pa, Blpi, k%) is analogous, with the only difference that the analogue of the
term in braces in EVy*(p2, Blp1, kax) is now {1 +v¥(p1) (1 — p1)®} with job k%, rather than job Ak
appearing in the relevant expressions, that is, EVy(ps, B|p1, k},) equals

(2= 0)vo + (2= d)uip

(aBry, — Bprs,)? 2| o
Bor + (@ne = Por P = Bor —(@nr —Bae o] PV (P
By, T @Bk, — DBy, )Pt By, — @Bk, — DBy, JP1

—|—(2 — (S)Ug {1 +

Suppose that v (p;) is well approximated by a polynomial with normalized term of degree zero. Then,
it follows that (63) reduces to

(1= 0)(bar — bry,) + (1 = 6)(car — cky, )1

(cvar — 5Ak)2 2
o { Bar + (aar — Bap)pr] [1 = Bag — (aar — Bap)m] WB(pl)} b=

which is a polynomial function of p;. Since ¢ is known, if p; is identified, as argued above, then it is
immediate to see that by — b’ffm and cax — cgy, are also identified. Moreover, with § known and p;
and {aa, Bax}ts_, identified, it follows that v (p;) is identified too.

Suppose that human capital acquisition takes the form by = by, + hpp(ki—1) - (t — 1) and cppr =
cek + hyp(ki—1) - (¢t — 1). In the second period, since the match surplus value problem of firm A is
static, it is immediate that the empirical job assignment frequencies identify ya(p2, k) — ys(p2, k51),

where

ya(p2, k) —yB(p2, kp1) = bak + hag(ki—1) — bis,, + [car + har(ke—1) — cks,, Ip2-

Thus, the parameters bax + hag(ki—1) — by, and cap + hag(ki—1) — Cy,, are also identified, for any
job ki1 assigned in period 1. Observe that bk%t and Cry,, cannot be separately identified from bz
and caw, respectively. Hence, in estimation I set the coefficients on terms of degree zero and one
of the polynomial for VtA(pl, B) at zero. I then interpret the estimated bag; and cap as differences
between the corresponding parameters of firm A and its competitors at time t. Hence, whenever any
such parameter is found to be not significantly different from zero, it follows that such a parameter is
the same across firm A and the second-best firm.

Note that an analogous argument would apply if V;4(p;, B) was approximated by a polynomial
of degree higher than two with f(d,¢)v, denoting the term of degree r, as long as f(4,t) is a known
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function of ¢ and t. The infinite horizon version of this example works analogously, either interpreted
as a finite horizon problem with a long enough horizon or as a truly infinite horizon problem in which
the polynomial approximation for VtA (pt, B) can be interpreted as a semiparametric estimator of an
unknown, rather than a known, smooth function of p;. Hence, even in the truly infinite horizon case,
standard results ensure identification and that the estimator of V;A(pt, B) has the usual properties.
(See Chen (2007).)

General Case. Consider then the match surplus value problem in the first seven years of tenure of
a manager, taking as given the match surplus value function from the eighth year of tenure on. First,
note that the law of motion for beliefs, human capital, and productivity shocks satisfies the conditional
independence assumption common in models of dynamic discrete choice. Specifically, the distribution
of future beliefs, human capital, and productivity shocks is independent over time conditional on their
current period values. Second, observe that the discount factor and the distribution of the (additive)
productivity shocks are known. (In estimation I fixed § = 0.95.) Finally, recall, as discussed in the
paper, that I treat a manager’s employment at the second-best competitor of my firm, corresponding
to the option of separation between my firm and a manager, as the reference alternative. Hence, the
result in Corollary 3 of Magnac and Thesmar (2002) on the nonparametric identification of models of

dynamic discrete choice ensures that the objects
(1 - 6) {bkt(kt—l) + thpit] + 577k;tE [U(pit-i-l? tu k? O)|plt7 t— 17 kt—la k]

_5E [U(pit-l-l? tu k? O)|plt7 t— 17 kt—la 0] <64)

for k = 1,2,3 and 1 < ¢t < 7 are nonparametrically identified. Recall that in (64) the parameters
bit(ki—1) and cg; are interpreted as differences between the corresponding parameters of my firm and
the second-best firm.

Recall also from the paper that I specified the match surplus value when & = 0 as a polynomial,
so v(pit, t — 1, ki—1,0) = ZX:Q vot(ki—1)py,, since the terms of degrees zero and one are, respectively,

subsumed in by (ki—1) and cx. As a consequence, (64) can also be rewritten as
(1 —=9) [brt(kt—1) + crapit) + OF [nktVQt(kt—l)pzzt+1 + oo v (k—1)pYa it t — 1, k1, k]

—ovay(k—1)ph — .. — Svvi(ki—1)ply - (65)

Given that Pr(p;) is identified by the argument in the first step and the parameters {ay, 3, }i_; are
identified as proved above, the process for p;; conditional on £ = 1,2, 3 is also identified. Therefore,
with § known, what is left to show is that the parameters by (ki—1), Ckt, Mg, and vyr(ki—1),2 < v <V,
are identified.

To see this, note that (65) is a polynomial: since choice probabilities are nonparametrically iden-
tified, its degree and all its coefficients are identified. In particular, the coefficients of degree zero
and one in (65), the parameters by (k:i—1) and cy, are straightforwardly identified based on (62) and
(65) by the proportions of managers who are assigned to Levels 1, 2, and 3, and the hazard rates

of managers’ transitions across these levels between tenure ¢ = 1 and ¢ = 7, as in standard (static)
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discrete choice models.”

Consider now the eighth year of tenure. (See the discussion in the Appendix of the paper for
details about model specification.) From this period on, as mentioned, the firm solves an infinite-
horizon match surplus maximization problem in which, however, only the parameter csg of static
expected output is unknown. The parameter c3g can easily be recovered from the empirical frequency
of separations in t = 8 of managers assigned to Level 3 in ¢ = 7. Similarly, the exogenous separation

rate parameters 7, are identified by the tenure profile of the hazard rate of separation at each level.’

2.2 An Example: Local Identification of the Static Discrete Choice Model

I present here a simple example illustrating how the combination of assumptions and implied restric-
tions of the model provide a source of identification of the mixture discrete choice component of my
model. Specifically, I determine here conditions under which a mixture model of static discrete choice
with type I extreme value components and fixed (two, for simplicity) number of components is locally
identified. The identification of the more general case with multiple components follows the same
logic.

Formally, I assume that there exist two unobserved types of individuals ¢ = 1,2 with utilities u
and ug, and denote by ¢ = Pr(I = 1) the probability that an individual is of type 1. For the following
argument not to be trivial, I assume that ¢ € (0,1). Denote by z € Z C R an observed individual
characteristic (in my case z amounts to age or experience at entry into the firm: it is just sufficient
to treat age or experience at entry as a continuous variable for this argument to hold) and by p(-) a
differentiable function of z. Let y € {0,1} be the observed discrete choice, which relates to the latent

variable y* as follows

() Lify*(z) = p(z) +wl(i=1)+ul(i=2)+e1 > 0+eo
Y\z) = . . .
0,if y*(2) =04+e€ > p(2) +url(i =1) +ul (i =2) + ¢

where €; and ey are identically and independently distributed type I extreme value disturbances.
Denote their cumulative distribution function by G and their probability density function by g. This

model implies

P(2) = Pr(y(z) = 1) = qPr(p(2) + w1 + e1 — €0 = 0) + (1 — ) Pr(p(2) + up + 1 — o > 0)

_ q n l1—q
L+exp{—p(z) —ur} 1+ exp{—p(z) — u2}

°In practice, as mentioned in the paper, the parameters Vot(kt—1), v > 2, which, as it can be seen from (65), are
separately identified from the parameters 7,,, proved not to be different from zero. In light of this result that vy (ki—1),
v > 2, proved insignificantly different from zero, by interpreting my setting as a case in which the continuation value
function of the reference alternative is given, by Magnac and Thesmar (2002) it also follows that the static differences
between the one-period expected output at my firm and at the second-best firm, net of the productivity shocks, are
nonparametrically identified.

®Note that in my framework exogenous separations differ from endogenous separations in that the incidence of exoge-
nous separations does not vary with beliefs about a manager’s ability or a manager’s performance. Indeed, in the data
the fraction of separations in each year at each level and tenure is very weakly or practically unrelated to performance or
wages. See also the discussion in Baker, Gibbs, and Holmstrém (1994b, p. 931) on this. This feature of the data suggests
that exogenous separations are a quantitatively important determinant of turnover, as estimation results confirm.

=qG(p(z) +w) + (1 - ¢)G(p(z) +uz).  (66)
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Observe that with G(z) = 1/(1 + exp{—z})

exp{—z}
1+ exp{—z})?

g(z) = (

and

J(z) = = exp{—a} (1 + exp{—2})” + 2exp{—x}(1 + exp{—2}) exp{—2}  exp{—a}(exp{-2} — 1)
(14 exp{—z})* (14 exp{—=x})3 ’
Note for later that

g(@) _exp{—a}(exp{-2}—1) (1+exp{-a})® exp{-z}—1
9(z) (1+exp{—a})? exp{—a} 1+ exp{—a}’

Proposition 4. Assume that ¢ € (0,1) and there exists an open set Z* C Z such that for z € Z*,
p'(z) #0. Then, the parameters 9 = (q,u1,u2) are locally identified.

Proof. The proof draws on the well-known equivalence of local identification with positive definiteness
of the information matrix. Therefore, in the following I will show the positive definiteness of the
information matrix for model (66). The argument builds on Meijer and Ypma (2008) and Fu (2011).

I will break the argument in two distinct claims.

Claim 1. The information matriz Y (9) is positive definite if, and only if, there exists no w # 0 such
that w'OP(2)/09 = 0 for all z.

Proof. Note that the loglikelihood of an observation (y, z) is
L) = yIn[P(2)] + (1 — y) In[l — P(z)]

and the score function is given by

OL(Y)  0P(2)/0v OP(2)/0v _ [ Yy 1—y } OP(z) y— P(z) OP(z)
7 :

A T R Sk Ol ey =T ) 1-Pk)| o  Pl[1-Pk)] ov

Hence, the information matrix Y (¢) is given by

) B [aLw) (OL() 4 e { y- PGP OP(z) OP(:) |Z} _ Ely- PP

00 o PEPIL-PEP 90 00 T P-PRP
0P(z) 0P(2) _ P(z)[1-P(z)] 0P(z) 0P(2) _ 1 _OP(z) 0P(z)
oV oY’ P2(z)[1—P(2)* OV o’ P(z)[1-P(z)] 9 o
Since P(z) € (0,1), if follows that the desired result holds. O

Claim 2. If w'0P(z)/09 =0 for all z, then w = 0.
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Proof. Observe that 0P (z)/09 is given by

8’5—('2) =G(p(z) +w1) — G(p(z) + u2) =0

Suppose that w'0P(z)/09 = 0 for all z for some w = (w1, wa,ws), that is,
wi[G(p(2) +u1) — G(p(z) + uz)] + waqg(p(z) + u1) + w31l — q)g(p(z) + uz) = 0.
The derivative of this expression with respect to z evaluated at some z € Z* is given by
wilg(p(2) + ur) — g(p(2) + u2)lp'(2) + waqg (p(2) + ur)p'(2)

+ws(1 = q)g'(p(2) + u2)p'(2) = 0. (67)

Let 7(z) = g(p(2)+u1)/g(p(z) +u2). By dividing the left side and the right side of (67) by g(p(2) +u2)
and p'(z), I obtain

w1

from which it follows

B w g'(p(2) +U1)r 2) + wal(l — "(p(2) +u2) _
e e ey T e G gy
or, equivalently, using the fact that ¢'(z)/g(x) = (exp{—z} — 1)G(z),
wr [r(z) = 1] + waq (exp{—p(z) — w1} = 1) G(p(2) + w1)r(2)
+ws(1 — q) (exp{—p(2) —ug} — 1) G(p(2) + ug) =0,
which can be rewritten as
o —wag (1~ exp{—p(z) —wi}) Glo(z) +w)]r()
A
(s +ws(1 — q) (1 — exp{—p(2) — ua}) G(p(2) + )] = 0, (63)
B

Since r(z) is a non-constant exponential function of z, (68) holds for all z € Z* only if both terms A
and B in (68) are zero for each z € Z*, that is, if

1 —exp{—p(z) —u1}
T+ exp{—p(z) —ur} (69

w1 — w2q
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and
L exp{=p(z) — w} _
1+ exp{—p(2) — uz}

Now, a necessary condition for (69) and (70) to be zero at all z € Z* is that their derivative with

wy +w3(l —q) 0. (70)

respect to z evaluated at any z € Z* is zero. Taking the derivative of (69) with respect to z, evaluated
at z € Z*, it follows

b Z2lp(2) —ubp () (1 + expi—plz) —wd) + (1 — exp{—p(z) — u}) exp{-p(z) —w}/'(2)

2 =0,
(1 +exp{—p(z) —u1})

which, since p/(z) is different from zero by assumption and 1+ exp{—p(z) — u1} is also different from

zero, can be simplified to
waq (exp{—p(z) —ur} +exp{—p(z) —w} exp{—p(z) —w1})

+waq (exp{—p(z) — ur} — exp{—p(z) —ur}exp{—p(z) —u1}) =0
or, equivalently, 2waqexp{—p(z) —u1} = 0. Given that ¢ € (0,1), it follows wy = 0. Hence, by (69) it
also follows that wy; = 0.

Similarly, taking the derivative of (70) with respect to z, evaluated at z € Z*, it follows

exp{—p(2) — u2}p'(2) (1 + exp{—p(z) — ua})

w3(1 —q) (1+ exp{—p(2) — ua})*

(1 — exp{—p(z) — ua}) exp{—p(2) — u2}p'(2)
(1 +exp{—p(2) — uz})’

which, since p'(z2) is different from zero by assumption and 1 4 exp{—p(z) — ug} is also different from

+ws(1 —q) =0,

zero, can be rewritten as

ws(1 — q) (exp{—p(2) — uz}t + exp{—2p(2) — 2uz} + exp{—p(z) — uz} — exp{—2p(2) — 2uz}) = 0

or, equivalently, 2ws(1 — q) exp{—p(z) — u2} = 0. Given that g € (0, 1), it follows w3 = 0. O

In principle this approach could be extended to a dynamic framework, under the assumption that
0p(z)/09 has a strictly positive derivative everywhere in Z*. Note, however, that this intuition is
merely suggestive. One reason is that p(z), u1, and ug would typically no longer be linearly separable
and would be related to each other through an unknown function, that is, the value function of the
problem. These two issues are the core of the well-known nonparametric underidentification of models

of dynamic discrete choice.

2.3 Continuous Choice Component of the Model: Wages

Consider now the identification of the wage parameters. Recall from the paper that in my specification

of the process for wages, I assume that the coefficients wiy, wag, and wsy on, respectively, age,, (age
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at entry of manager n), age2, and edu,, (education at entry of manager n), are equal at Levels 1 and 2,
and denote their common value by w1, w2, and ws. I denote by w3, w3, and wss the corresponding
coefficients at Level 3. T also restrict the coefficients on the dummies for the year of entry so that
Wym = 0,0 <m < 3, and wyy = wys.

As for the remaining parameters, recall from the Appendix in the paper that I allow for a tenure
effect only at Level 1, parameterized as w1, = wi2l(t < 5) + wisI(t > 5) with wis = —w19, to account
for the progressively greater proportion of managers at Level 1 who are paid relatively low wages from
the fifth tenure year on. Lastly, I assume that the variance of the lognormal error ug;,; does not vary
across skill types at Level 3. (Formally, o is the standard deviation of ug,s, which is the sum of
the productivity shock at the job offered by a firm with technology f to managers of type ¢ assigned
to Level k at my firm in ¢, €4y, and of measurement error, €} ,.) Hence, the estimated mean wage
parameters are {wo; ik, {wj,wjg}g?:l, w12, {@ym o5, and {wy;}1 |, whereas the estimated wage
variance parameters are ({o1;,02;}%1,03). (See the Appendix in the paper.)

To see how these parameters are identified, recall from the expressions in the paper for the estimated
wage equation that conditional on beliefs, (log) wages are determined by a linear semiparametric
regression model with a random intercept, w;(h1, k) + w1t - (t —1)I(k = 1), which is individual-specific,

3
j:17

time-varying, and parameterized by {wox}ik, {w;, @ 3} w12, and {wym}?n:5, and with a random
slope, {wa;}4 ;, on the type-specific prior p;;.

A large literature examines the nonparametric identification of the distribution of random coef-
ficients in the linear regression model; see, for instance, Hoderlein, Klemeld, and Mammen (2010).
Intuitively, the average (log) wage in the first year of tenure of managers with the same age, educa-
tion, and year of entry if they entered the firm after 1973, provides information about the parameters
{woin }, and {we;}% ;. By construction, these parameters flexibly capture the systematic variability
of mean log wages at Level 1 in the first year of employment among individuals with the same observed
characteristics. As in standard finite mixture models with lognormal components, here {wg;1 }7_; and
{w2i}1 ;| are identified not only by the characteristics of the observed distribution of wages, for instance,
the number and location of its modes and its skewness, but also by changes in this level distribution
of wages with tenure. Specifically, conditional on {pi}?_;, {ax, B }3_;, and the parameters of clas-
sification error, a source of identification for {ws;}%_; is the time variation in the average log wage
of managers at a same level of the same skill type (and, thus, initial prior), education, and age, who
entered the firm between 1970 and 1973, or in the same year if they entered after 1973, and experience
different realized performance leading to different posteriors. The level parameters {wg;2, wmg}f:l,
instead, are identified by the average log wage of managers of the same skill type, age, education, and
year of entry if they entered after 1973, who are assigned to Level 2 or Level 3, respectively, compared
to individuals with the same characteristics continually assigned to Level 1.

As for the parameters capturing the effect of observable manager characteristics on wages, note
that the parameter wis on the tenure term ¢ — 1 at Level 1 is identified by the variation with tenure
of the average log wage of managers of the same skill type, age, education, and year of entry if they
entered after 1973, and with the same history of performance ratings, continually assigned to Level 1.

The average log wage of managers entering the firm in the same year, or before 1974, of the same skill
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type and at a same level but with different age or years of completed education at entry identifies,
respectively, w1, we, and w;, for managers assigned to Levels 1 and 2, and w3, w3, and wss, for
managers assigned to Level 3. Similarly, the average log wage of individuals of the same skill type,
age, education, and level assignment, who entered the firm between 1974 and 1979, compared to those
who entered in earlier years, identifies @y,,, 5 < m < 9. Lastly, second moments of the distribution

of wages at each level pin down {o;, Uzi}le at Levels 1 and 2, and o3 at Level 3.

3 Data

The original BGH dataset includes 74,071 employee-year observations on 16,133 managers at one U.S.
firm over the twenty-year period between 1969 and 1988. BGH report that management constitutes
approximately 20 percent of total employment each year. Over the sample years, 12,439 managers
enter the firm. (In the sample of 74,071 individuals, 3,694 have missing tenure information when first
observed.) The average age of entrants into managerial positions is 33 years, with a standard deviation
of approximately 8 years, from a minimum of 20 to a maximum of 71. Their average number of years
of education is 15, with a standard deviation of approximately 2 years, from a minimum of 12 to a
maximum of 23. Of these 12,439 managers, 3,891 enter the firm between 1970 and 1979, for a total of
30,675 employee-years.

Exit from the firm is substantial in each year. For the sample of entrants into the firm between
1970 and 1979, 10.7 percent leave the firm after one year, 21.1 percent leave after two years, and 60.2
leave by the tenth year. Equivalently, only 39.8 percent of managers have careers lasting 10 years
or longer; see Table II in BGH. Overall, only 6,577 managers have missing level information over
the sample years, so the total number of observations on individuals at Levels 1-4, 65,851 overall,
accounts for 97.6 percent of managers who do not have missing level information, for a total of 67,494
(=74,071—6,577) observations. In the original sample, 45,673 individuals have recorded performance
ratings, of which 36,750 (80.46 percent) are either 1 or 2.

BGH aggregate job titles into levels according to the pattern and frequency of transitions of
managers across titles. Specifically, as explained in detail by BGH, the original data contain 276
different job titles, but 14 titles, each representing at least 0.5 percent of employee-years, comprise
about 90 percent of all observations and 93 percent of those with titles coded. In order to fill the
job ladder from the bottom to the top of the firm’s hierarchy, BGH add to these 14 titles the title of
Chairman-CEQO and the only two titles observed in transitions from the 14 major titles to the position
of Chairman-CEQ, leading to a total of 17 titles. Then, BGH construct transition matrices to analyze
movements of employees between these 17 titles, both for individual years and over the sample period.

Based on these transitions, BGH construct eight hierarchical levels. According to the procedure
that BGH follow, Level 1 consists of the three titles that employ almost only new hires. Most tran-
sitions from Level 1 within the firm are to six other titles, identified as Level 2. Transitions out of
Level 2 are almost exclusively to three other job titles, classified as Level 3. After major titles have
been assigned to levels, less common titles have been allocated to levels based on observed movements

between them and titles already assigned. This process is continued until all 17 titles are assigned to
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a level.

The literature on the internal economics of the firm commonly argues that higher-level jobs of a
firm’s hierarchy correspond more to general management, whereas lower-level jobs depend more on
specialized functional knowledge and require performing less complex tasks. This pattern of the task
content of jobs at different levels of a firm’s hierarchy is present in the BGH data. For instance,
as described by BGH, at Levels 1-4 about 60 percent of the jobs relate to specific ‘line’ (revenue-
generating) business units, positions that involve direct contact with customers or creating and selling
products. Approximately 35 percent are ‘staff’ or ‘overhead’ positions in areas such as Accounting,
Finance, or Human Resources. At Levels 5-6 these two percentages decrease to 45 and 25 percent,
respectively, whereas general management descriptions such as ‘General Administration’ or ‘Planning’
increase to about 30 percent. At Levels 7-8 all jobs are of this latter type, and they entail managing
large groups, coordinating across business units, and strategic planning.

The Firm. Over the twenty year sample period, the firm has been remarkably stable in the
composition of titles and levels of the job hierarchy. Even as firm size has tripled, the fraction of
managerial employees at each level has not significantly changed. After 1984 some new titles were
created, but only two are of significant size, representing only 0.6 percent and 0.9 percent of employees.
(See Table I in BGH.) Titles were not coded for some new hires in later years. Specifically, missing
data are significant in 1987 and 1988, when approximately 10 percent of employees and half of new
hires do not have title information.

Estimation Sample in the Paper. In estimation I restrict attention to individuals entering the firm
between 1970 and 1979 for two reasons. First, to avoid potential censoring problems for individuals
first observed in 1969, I consider individuals entering from 1970 on. In the data, in fact, it is not
possible to distinguish whether new entrants into managerial positions in any given year are also new
hires. For instance, a manager could be promoted from a clerical to a managerial position and still be
recorded as an entrant. Second, to allow for variability in managers’ year of entry and a sufficiently
long window of observation for each manager, I exclude entrants after 1979. The specific choice of
1979 is also motivated by reasons of comparability of my results with those of BGH, who primarily
focus on these years for their longitudinal analysis.

Note that the BGH data contain information on managers’ salary (or base pay, which I refer to
in the paper simply as wage) and bonus pay, all expressed in 1988 constant U.S. dollars. However,
data on bonuses before 1981 are not available. Overall bonuses are paid to 25 percent of employees
in these later years, mainly to managers at the highest levels. Also, for most managers, bonuses do
not significantly affect total compensation: the median bonus for those managers receiving one at
(the original) Levels 1-3 in the data is less than 10 percent of salary; for those at (the original) Level
4, it is less than 15 percent. (See Gibbs (1995) for an analysis of these data.) In addition, whereas
salary information over the first ten years of tenure at the firm is missing for fewer than 13 percent of
employed managers in each sample year, bonus information is missing for no fewer than 45.8 percent
of managers with much higher percentages in low tenures. Respectively, the percentages of missing
ratings are 100, 100, 85.1, 70.8, 63.0, 56.0, and 45.8 over the first seven years. (Including observations

with a recorded bonus of zero, these percentages between the third and seventh years of tenure increase
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to 96.0, 89.5, 85.9, 81.0, and 76.7, respectively.)

An additional reason for the exclusion of bonus data from the estimation sample is that the data
display evidence of a bonus list, in the sense that almost all managers who receive a bonus in one of the
first six tenure years also receive a bonus in each subsequent year, seemingly regardless of (recorded)
performance. Accordingly, the assumptions I maintain in estimation are that total compensation is
separable in base and bonus pay and that the expected bonus payment, at the time a manager accepts

an employment offer, is zero.

4 Baseline Estimation

I derive here the likelihood function, provide details about the numerical solution of the model, present
Monte Carlo evidence about the identifiability of the model’s parameters in practice, and, finally,
discuss the implications of the parameter estimates reported in the paper for the informativeness of

the jobs of competitors of my firm in the market for managers.

4.1 Likelihood Function

I estimate the vector of model parameters, 1, by full-information, full-solution, nonparametric maxi-
mum likelihood. The loglikelihood function for the sample is derived as follows.

Formally, let e, = (agen, edu,,year,) denote the vector of characteristics of manager n at entry
into the firm, which consists of the manager’s age (agey), years of completed education (eduy), and
year of entry into the firm (year,). Recall that, in light of the high separation rate in each year and
tenure in my data, I restrict attention to the first eight years of tenure of a manager at the firm.
Specifically, for each manager I compute the probability of the observed assignment and wage in each
tenure up to tenure ¢ = 8 (included) and the probability of the observed performance rating up to
tenure ¢ = 7 (included). Let then 7, = min{T',,, 8} be the length of the observation period for manager
n, corresponding to the minimum between the last year of tenure of the manager at the firm (7',,) and
the eighth year of tenure. By the same convention adopted by BGH, here the event in which level
assignment and performance rating are simultaneously first missing is interpreted as a separation.

Let Opt = (L, wiy, RY,) denote manager n’s outcome in period t and Ojny = (LS, w),,, RS.,)
the manager’s period ¢ outcome when of type i. Here L9, L? , € {0,1,2,3} represent the observed
level assignment in period ¢t for manager n and for manager n of type ¢, respectively. Recall that
the assignment to Level 0 corresponds to a separation. Similarly, wg,, w?,, € {0} U{R;} denote the
observed wage, possibly missing, and RY,, RS, € {0,0,1} the observed performance rating, possibly
missing, in period t for manager n and for manager n of type ¢, respectively. Recall from the paper that
R, denotes the performance realized in period ¢ for manager n (unobserved by the econometrician);

Rjny is similarly defined when the manager is of type ¢. Thus, the probability of manager n’s outcome
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history O,, = (Op1, . ..,Onr,) conditional on e, = (agen, edu,, year,) can be expressed as

I
Pr(On1, ..., Onrylen) =Y Pr(ilen) > Pr(Bli,en) Pr(Oina, - ., Oinr, 10,4, €n)
i=1 oe{a,5}

I

= 4i [pin1 Pr(Oin1, - .., Oin v, i, €0) + (1 = pin1) Pr(Oina, - .., Oinr, |8, 4, )] (71)
=1

where I = 4, as discussed in the paper, Pr(ile,,) = ¢;, Pr(a|i, e,) = pin1, and Pr(5]i, e,,) = 1—pin1. Note
that since a manager’s ability is unknown to the econometrician, a manager’s likelihood contribution
is obtained by integrating over the two possible unobserved ability levels of the manager. Similarly,
because the prior belief about a manager’s ability and a manager’s wage depend on the manager’s skill
type, also unobserved by the econometrician, computing the likelihood contribution of a manager’s
outcome history requires integration over the manager’s possible skill types.

The probability of an observed assignment is computed as follows. First, recall that I maintain that
level assignment is measured in the data without error, so the observed level assignment for a manager
in any given tenure corresponds to the firm’s preferred choice in that period. Second, note that
the assumed process for recorded performance ratings implies that, conditional on a manager’s true
performance, observed performance has no impact on level assignment. The reason is that conditional
on true performance, recorded performance is independent of a manager’s ability, beliefs about it, or
a manager’s human capital—except for tenure in the firm, already part of the observed part of the
state. Thus, recorded performance does not provide any additional information about a manager’s
ability (or skill type) besides the information provided by true performance. Third, according to the
model, because neither the firm nor a manager observe the manager’s ability 8, the firm’s assignment
policy and the manager’s job acceptance policy depends on only the current posterior that a manager
is of high ability (which is just a function of the initial prior and the sequence of past level assignments
and realized performance), on the accumulated human capital (which is just a function of tenure in
the firm and previous period level assignment), and on the current vector of productivity shocks.

Formally, let pint = ©(pin1|LS,1, Rints - -+, LS4, Rint—1) denote the updated or posterior belief in
period t that a manager of skill type i is of high ability, from the prior p;;,1 and the history of past level
assignments (LS ,,...,L? , ;) and realized performance (Rjp1,..., Rint—1). The above observations
then imply that

Pr(Liy|Liny, Rinys Rints - -+ Ling 1, Ry 15 Rint—1, 0,1, €n)

= Pr(L;?nt|(10(pin1|Lgnla Rinla ERE) Lfi)nt—l’ R’mtfl)’t - 17 L?nt—l)? (72)

where ©(pin1|Lf,1, Rint, - - L1, Rint—1) is given by

Rin1(1 _ 1=Rin1 ... o ffint-101 _ 1=Rint—1,,.
e (1 —arg,) ag T (1—arg, ) Pin1
Rin 1-R; Ring—1 1—Rint—14), Rin 1-R; ‘
aLézl (1 — OCLfLin) inl « .. OCL;’ o (1 — aLgnt71) int lpznl + BL;-Z)Zl (1 — ﬁL?nl) inl « .. (1 — pznl)

by Bayes’ rule, with aze € {a1,a2,a3} and B0 € {84, 85,83}, 7 = 1,...,t — 1. Note that the
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dependence of p;,: on the sequence of past level assignments is due to the fact that the distribution
of performance is allowed to vary in the job a manager performs—jobs are differentially informative
about ability. Also, recall that the parameters {ayg, 3 k}%zl governing the output signals about ability
are assumed to be independent of a manager’s skill type and invariant over time.

As for wages, according to the model a manager’s wage in a period only depends on the manager’s
current level assignment, prior, skill type, observed characteristics at entry into the firm as recorded
by en, and tenure in the firm. Thus, I denote the probability density function of the observed wage

wy,, in period ¢ for manager n of type i assigned to job L¢ , by f(w$,,|LS,;, Dint, 1, €n,t).

As for performance ratings, recall that realized performance is unobserved by the econometrician.
Also, for the econometrician, the joint likelihood of the observed and true performance ratings of
a manager in a period only depends on a manager’s current assignment, tenure, and ability. (In
particular, this likelihood does not depend on the prior about a manager’s ability, conditional on the

manager’s ability.) Therefore, for any t € {1,...,T,},
Pr(RfL?nt’ Rim‘/|L;‘)n1> anb Rinl» EEE) L;?nt—b ant—la Rim‘,fla L;;)nta 07 i, en)

(Rznt7Rmt|Lmt7 ’ ) Pr(Rmt|Rint> ;‘)nb ) ( mt|Lmt7 )

Based on these observations, the likelihood of the outcome history (Ojn1, ..., Oinr, ), conditional
on @, i, and ey, for manager n of type ¢ is given by
LO

. _ 0 o 0 o 0 .
PI“(Oml, SRR OinTn |‘97 Z en) - Pr(Lz‘nla Win1s R inTy s WinTy, Rz‘nTn |07 2, en)

nly

0 0 0 .
- Z Z Z PI‘ ml? m17Rzn17Rln17 "’LinTnawinTnaRinTnaRinTn|97'L’€n)7

znl Rzn2 RznTn

which can be also expressed as

Pr<0in17 ) Oinan; i; en Z Z Z PI‘ 1n1 |pm1) ( '?nllL?nlapinh i, €n, 1)

znl Rzn2 “lTn

-Pr (R R1n1|Lm17 17 9) o PI‘( ?nTn |30(pin1|L?n17 Rinla s 7L?nTn717 RinTnfl) -1 LGTn 1)

inlo
'f(wgnTn |L§nTn7 <P(pm1 |L;')n1a Rina, ..., L;,?nTn—b RinTn*I)a Uy eny 1, ) Pr(RznT ) Ran |LmT s Iy 9) (73)

Finally, the sample likelihood is the product of the probabilities in (71) over the N managers:

N I
E(ﬁ\el,...,eN):HZ (ilen) > Pr(6li,en) Pr(Oint, ..., Oinr, 0,1, €n).
n: :

0c{a,f}

To compute the estimated value of ¥, I employ a standard nested fixed-point algorithm that relies on
the repeated full solution of the employing firm’s match surplus value problem at each trial parameter
vector. The optimization algorithm I use to maximize the loglikelihood function is a straightforward

implementation of the downward simplex method. Finally, I compute asymptotic standard errors
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based on the outer product of the scores of the loglikelihood function. I performed all numerical
routines in FORTRANO90. At the estimated parameter vector, the loglikelihood for the sample is
752.871.7

4.2 Numerical Solution of the Model

My numerical approach to computing the match surplus value (of the firm in my data or the planner,
depending on the relevant market configuration) and the job-specific match surplus values determining
the probabilities of interest relies on the work of Rust (1987, 1988, 1994) on the solution and estimation
of stochastic dynamic discrete choice problems. Here I describe how I apply Rust’s method to the

equilibrium best-response employment and job assignment problem of my firm.

4.2.1 Match Surplus Value Problem

I formulate assumptions that ensure that this problem is stationary from tenure ¢ = 8 on. Given these
assumptions, I can break the problem into one stationary problem from tenure t = 8 on and seven
non-stationary problems, one for each of the tenures 1 through 7. Of course, the (expected present
discounted) continuation value at tenure 1 is the value at tenure 2, and so on. In particular, the
continuation value at tenure 7 is the stationary value at tenure 8.

To ensure the stationarity of the match surplus value problem from tenure 8 on, I make two
assumptions. First, I assume that from tenure ¢ = 8 on, the human capital acquired by a manager
has the same productive value, regardless of a manager’s employment history at the firm. (The reason
is that, due to the high rate of attrition, the sample contains only a small number of observations
on managers at high tenures and the employment outcomes of these managers from ¢ = 8 on display
little variation. So, the estimation of different human capital parameters from ¢ = 8 on for managers
with different outcome histories at the firm proved unfeasible.) Thus, y(pi,t — 1, ki—1,k) = y(pit, k)
at ¢ > 8. Second, I assume that from tenure 8 on, the separation shocks are independent of tenure at
each job, and I denote their common value across these tenures at job & by 7,,.

Consider now the stationary match surplus value problem from the eighth year of tenure on.
For simplicity, omit the firm and tenure subscripts, and the manager n subscript from the relevant
variables. Denote by € the current value of productivity shocks and by €’ their future value. Then,

the match surplus value of firm A at ¢ > 8 is

Va(pi, €) = Va(ps, e, k) = k) 4+ (1= 8)eg), 74
3(pis€) pelax 3(pi e, k) keglo’g’?)}{vs(p )+ ( )ex} (74)

where, for Level k € {1, 2,3},

s k) = (1= Oy(pis )+ Srn(p) | Va(Paa ). )G

S

"Note that, given the two-parameter lognormal assumption for the distribution of wages at each level, the actual wage
for each manager in each year is a constant that can be factored out in computing the likelihood. I follow this convention
in reporting the likelihood value.
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8L =1u(p)] [ Va(Pua(), <G, (75)

&
re(pi) = agpi + B(1 — p;), and the value of separation, vs(p;,0), is approximated by a polynomial
as discussed in the paper. For tenures t ranging from 1 through 7, instead, the match surplus value

problem of the firm has state s;; = (pit,t — 1, ki—1), as discussed in the paper, and value

V(pitat_lak:tflast) = max {V(pitat_laktflastak)} = max {U(pitat_1akt*1ak)+(1_5)€kt}>

ke{0,1,2,3} ke{0,1,2,3}
(76)
where
U(pih t— ]-7 kt—la k) = (1 - 5)y(p1ta t— ]-7 kt—la k) + 5nktrk}(pit) / V(PHk(pZt)a t7 ka Et+1)dG
Et+4+1
#0alt = o)) [ V(P )G (1)

Et+1

with V(ij(pzt)atv kaet-‘rl) = ‘/S(ij(pit)7€t+1)7 .7 = Ha L7 when t = 7.

4.2.2 Algorithm

I turn now to the numerical calculation of the match surplus value. Under the assumption that
the shocks e; = (eor, €14, €2, €3¢) have joint conditional (on p;;) multivariate type I extreme value

distribution, their density is given by

f(50t751t7 €9t 53t\pz’t) = Hi:o GXP(—Skt - 7) eXp[— eXp(—Ekt - ’Y)],

where v = 0.5772 is the Euler constant. Recall that the density function of a type I extreme value

distribution is f(z) = + exp(=42) exp[— exp(=52)], with mean E(z) = a + b and variance V (z) =

b272/6. For all shocks to have mean zero and variance 72/6, as assumed in the paper, the location
parameter of the distribution of each shock, a, must equal —v and the variance parameter, b, must
equal 1.

Under this distributional assumption, in any tenure the match surplus value problem is akin to
a standard dynamic multinomial logit problem. Hence, standard techniques can be applied to derive
the probabilities of observed job assignments, including separation. I solve for the probability of an
observed assignment in three steps, as follows. In the first step I solve for the match surplus value
function at tenure ¢t > 8. In the second step I use this computed value function as the terminal value
in a backward induction recursion that solves for the match surplus value function from tenure ¢ = 1
to t = 7. In the third step I derive the probabilities of interest.

First, I compute the match surplus value function in tenure ¢ > 8. Note that at any prior p,

/, Va(pl,€)dG = max  {vs(p}, k') + e} }dG = lnz Xp [’Ug(pé, k’)] , (78)

€
e o k'€{0,1,2,3} k'e{0,1,2,3}
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which implies that vg(p;, k) from (75) can be rewritten as

vs(pi k) = (1= 8)y(pi, k) + onyre(pi) In Y xp [vs(Prr(pi), k)]

, €
k'€{0,1,2,3}

+om,[1 — rx(pi)] lnz exp [vg(PLk(pi), k')] . (79)

To complete this step, given the approximation for vg(p;,0), I solve a three-dimensional contraction

k€{0,1,2,3}

mapping problem, with contraction

F(US)(piv k) = (1 - 6)y(p17 k) + 5771<:7°k(Pz) IDZ Xp [v8(PHk(pi)7 k/)]

, €
k'€{0,1,2,3}

+omi[1 = ri(pi)] In Y

k = 1,2,3, where I' is an operator on the function vg. Note that here I follow the formulation in
Rust (1988, 1994), in which the functional operator to be solved for is defined as a fixed point of

the (expected present discounted) value of choosing an action, rather than the related formulation of

. !
k'e{0,1,2,3} exp [US(PLk(pz), k )] ,

Rust (1987), in which that operator is defined as a fixed point of the (expected present discounted)
continuation value of choosing an action.

The second step in solving for the probability of an observed assignment relies on the numerical
solution of the match surplus value function at ¢ > 8 as input to the backward induction recursion
defining the match surplus value functions in the remaining tenure dates. Specifically, consider tenures

between t = 2 and t = 7. At these tenures, given (76)—(79), I can compute v(py,t — 1, ki—1, k) as

(1= 8)y(pit,t — 1, ke—1,k) + 0ngyrr(pi) In Z p [v(Pur(pit), t, k, k)]

ex
k'€{0,1,2,3}

+0npe[1 — r(pit)] In Zk’e{o 123 P [0(Pri(pi), t, k. K')]

where the continuation value at t = 7 is v(Pji(pit), ¢, k, k') = vs(Pjx(pit), k'), = H, L. Next, consider
the match surplus value functions at ¢t = 1. These value functions differ from the value functions just
derived because the state only consists of p;;.8
For the third step, I compute the probability of an observed assignment, including separation, using
the match surplus value functions at each tenure calculated as above. By Rust (1994), the probability
of the observed assignment k; = k for a manager of type ¢ in any tenure between ¢t = 2 and t = 7 is
given by
Pr(k; = klpit,t — 1, ki—1) = gt OB L~ L ke, k)},
Zk’e{0,172,3} exp{v(pit,t — 1, ki—1,K') }

(80)

for 1 <k <3, and

_rexp{v(pi,t —1,ki—1,0
Pr(k;t:[)‘piht_l’ktil) _ My _1t—1 p{ (pzt —1 )}

= +1— _ 81
Zk’€{0,1,2,3} exp{v(pit,t — 1, k-1, k') } Mes—1-1 (B

8Given the varying size of the output level parameters in estimation, continuation values in the relevant functional
equations are computed using the fact that log(e®™* + €*?) = log [e? ¥ (e + €"?)] =y + log(e™* ¥ + €™>7¥).
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for k = 0. The probability of assignment k, 0 < k < 3, at ¢t = 1 is given by

exp{v(pin, k) }

Pr(k1 = klpa) = - (82)
Zk’e{0,1,2,3} exp{v(pi1, k') }
The probability of assignment k, 1 < k < 3, at t > 8 is given by
My _1t—1 exp{vs(pit, k) }
Pr(k; = klpit) = ) (83)
2k’e{0,1,2,3} exp{vs(pit, k') }
and the probability of assignment £ = 0 at ¢t > 8 is given by
Ny _11—1 €XP{s(pit, 0) }
Pr(kt = 0‘plt) = i —+ 1-— nktflt—l‘ (84)

2 ke{o,2,3) exp{uvs(pit, k) }

I compute the job-specific match surplus value functions vg(p;, k) by value function iteration. I
discretize the support of p;, [0,1], to a uniform grid of 100 equidistant points. (I have also experi-
mented with finer grids, but results are virtually unaffected and the increase in computational cost is
substantial.) Observe that in my setup the process for beliefs is much richer than is often assumed in
(binary signal) learning models in which all actions (here, jobs) are equally informative and informa-
tion is symmetric across high and low states of nature (here, managers of high and low ability). These
models, in fact, feature only one learning parameter for all jobs, because jobs are equally informative,
that is, & = oy and 8 = 3, and, by symmetry, a = 1 — 3. Thus, starting with a prior p;; at tenure
t, the posterior belief reached after the experience of a success and a failure in a job, or after the
experience of a failure and a success, would be Pr(Pg(pit)) = Pu(Pr(pit)) = pit-

I assume neither that all jobs are equally informative about ability nor that information is sym-
metric across managers of high and low ability to allow for a flexible belief process. I rely on a
nearest-neighborhood procedure to ensure that the posterior p;+1 that a manager is of high ability,
computed for each possible prior p;; on the uniform grid for the interval [0, 1], is a point on the same

grid.

4.3 Monte Carlo Analysis

The model relies on a multidimensional nonlinear maximization routine to implement the maximum
likelihood estimator. I now discuss evidence from a number of simulation-based experiments conducted
in order to investigate the practical identifiability of the model’s parameters. For these experiments,
I simulate 1,426 realizations of the shocks (the size of the estimation sample) 50 times with each
parameter in 9 set equal to its estimated value. Next, I reestimate the model on each simulated
dataset. Then, I compare the estimates obtained on these simulated data with the estimates obtained
on the actual data. Table A.1 displays statistics on the sample distribution of the parameter estimates
across the 50 simulated datasets.

Formally, denote by Epd the estimated value of the parameter ¥, 1 < p < 75, based on dataset
de {1,...,50}, by ﬁp its mean estimated value across the 50 datasets, by 73, the sample standard
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deviation of ﬁpd across the 50 datasets, and by E%d the asymptotic standard error of the parameter
¥pq estimated on the d-th dataset. In the second column of Table A.1, I report the estimate of each
parameter based on the original sample of 1,426 individuals and in the third column, the simulation
bias, that is, the average deviation of each estimated parameter from its true value (that is, the value

estimated based on the original data) across the 50 experiments. Namely, I compute this bias as

. ~ 1 50 ~
bias =y — ) = = > Upa—p.

In the fourth column of Table A.1, I report the ¢-statistic of this bias,
Gy — 0
t-statistic bias = v50 (u) ,
o~
1917

where the average or sample standard deviation 73, of the estimated parameter 51,(1 over the 50

experiments is computed as

1 50 [~ 1 «=50 ~ \?2
9, = @Zdzl <Q9pd T B0 Ld—1 ?%d) :

I report the values of 75, in the fifth column of Table A.1. Finally, in the sixth column of that table

I report the average estimated standard error of each parameter estimate, where the standard error
o5 ., of the parameter estimate 1A9pd is obtained from the outer product of the scores of the loglikelihood
P

function for the d-th simulated dataset. I compute this mean estimated standard error as

N 1 50
E(ngd) = % Zd:l O-ﬁpd'

Observe that biases overall seem quite small and mostly precisely estimated. The only parameters
for which the bias seems at all significant are cja, c23, c25, c26, b37(L3) — bs7(L2), and c35. But for all
of these parameters, the bias is negligible as a fraction of the parameter values.

Since the model features several dimensions of heterogeneity and I do not have direct information
about a manager’s output at the firm, estimating the output parameters governing job assignment
choices might be expected to be difficult. Yet, based on the empirical standard deviations of the
parameters across the 50 experiments, it is apparent that most of the model’s parameters are precisely
estimated (these estimated values equal the baseline estimates in the second column of Table A.1
plus the biases in the third column). Standard errors based on the Hessian matrix are only slightly
understated, with the exception of the parameters cj2, cos, and csg, which are significantly overstated.
Overall, I interpret the results of this Monte Carlo exercise as providing evidence in support of the

model being identified.
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4.4 Implications of Parameter Estimates: Information Bounds

In the paper I have focused on the implications of my estimates for the characteristics of the jobs of
the firm in my data. Here I argue that I can derive lower and upper bounds on the informativeness
of jobs at my firm’s (best) competitor for a manager, as measured by the likelihood ratio of high
output between a manager of low and high ability, 3,,/a,, based on the estimates of the parameters
of the wage process at my firm. Recall that, by the symmetry assumption, for a given manager n, the
probability of success of a manager assigned to a job of a competitor of my firm is «y,, if the manager
is of high ability, and f,,, if the manager is of low ability.

To derive these bounds, I exploit the model’s implication that the wages paid by my firm are
the sum of the one-period expected output of a manager at the best competitor of my firm and of
a compensating differential. In turn, the best competitor’s expected output embedded in paid wages
is informative about the distribution of true performance at its jobs. Recall the expression for paid
wages in the paper. For simplicity, let Yogins = 9 (hn1, ka) + ¥y, - (¢ — 1) and 9y; = ¢y;(kar). For
simplicity, let wig: = wie when the assigned job is Level 1 and wix: = 0 otherwise. The formal result

is contained in the following:
Proposition 5. If1y; <0 and ys, 1k (he) + Yogine > 0, then

B wilhu k)t (t=1) (85)
an = wilhp1, k) +wige - (£ = 1) + wo

Instead, if 1¥y; > 0 and ysy, 1k (he) + Vopint < 0, then

wi(hn1, k) +wige - (8 —1) < Pn

. 86
wi(hni, k) +wige - (t—1) +wo — oy (86)

Note that if «,, > f3,,, then the ratio ,,/a, ranges from zero to one. In practice, based on the
parameter estimates, the ratio (3, /a, on the left side of (85) and on the right side of (86) ranges
between 0.795 and 0.886 for managers assigned to Level 1, between 0.802 and 0.886 for managers
assigned to Level 2, and between 0.806 and 0.887 for managers assigned to Level 3. Observe that, by

Bayes’ rule,

Dint
Dint + (1 - pint)/gn/an

Pint
Dint + (1 - pint)(l - Bn)/(l - an)

Py b1k (Pint) = and Py, .k (Dint) =
so that updated probabilities after success depend on only the ratio 3,,/a,. Thus, based on (85) and
(86), I can compute lower and upper bounds on the number of years that the market would take in
order to learn about a manager’s ability, if a manager were employed at the best competitor of my
firm rather than at my firm. Starting from an average prior of 0.473 across the four manager skill
types (that is, >, ¢;pi1 = 0.473 based on the estimates in the paper), I estimate that it would take
between 11 and 20 consecutive years of high output at the best competitor of my firm for this prior to
converge to 0.90. At my firm, this number ranges between 20 years at Level 1 and 23 years at Level

2 or 3. Hence, analogously to the findings about the speed of learning at my firm discussed in the
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paper, learning at the best competitor of my firm also occurs slowly, albeit somewhat faster than at
my firm.
The proof of Proposition 5 is as follows. Recall that, by definition, firm fo;’s expected output at

state s;n+ and job kg, net of productivity shocks, is given by

Yfor (sint> kOt) = nyth(ht) +Bn [nytHk(ht) - nyth(ht)] + (Ozn - ﬁn) [nytHk(ht) - nyth(ht)] Pint- (87)
From the expressions for paid wages in the paper,
ln(w%im) = wi(hnl, k‘) + Wit (t — 1)[(/{7 = 1) + W25 Pint + Ukints (88)
9 9
wi(hn1, k) = woik + wikage, + wakage;, + wsreduy, + Zm:l wyml (year, =m).
Thus, we; = (o — By) [Yfer HE(Pt) — Yfo, Lk (he)] + 011;/(1 — §). Simple manipulations yield that
wi(hn1, k) +wige - (8 — 1) = Yo,k (he) + By, [Yfork(he) = Yfor Lk (Pe)] + Yoping (89)

and

wi(hn1, k) +wigs - (8= 1) +wai = ygo Lk (he) + on [Ygop ke (Pe) = Ypop Lk (he)] + Dopine + 1 (90)
From (89) and (90) it also follows that

an  Wilhn1, k) +wike - (= 1) + w2i =Yg,k (Pt) — (Yogine + ¥14)

I now use (91) to derive (85). Suppose that ¥;; < 0, so that the compensating wage differential is
decreasing in the prior, and suppose that yy,, . (ht) + Yopine > 0. Thus,
B wi(hn1, k) + wikt - (€ —1) = Ypo, 26 (Pt) — Yorine wi(hn1, k) + wige - (8 — 1)

on < , (92
an = wilhpi, k) +wige - (6= 1) + w2 — Ypo, ik (Re) — Yoping ~ wWilhni, k) +wige - (£ —1) +wo; (92)

where the first inequality follows from 1);; < 0 and the second follows from y¢,, & (ht) + Yopine > 0.
Next, I use (91) to derive (86). Suppose that 1);; > 0, so that the compensating wage differential
is increasing in the prior, and y ., Lk (ht) + Yopine < 0. By inverting (91), I obtain

an _ willn1, k) + i - (8= 1) + woi = Ypop k() = Dowine - wilhn, k) +wige - (8= 1) + woi
B wi(hn1, k) + wige - (8 = 1) = Yok (ht) = Yogine  —  wilhna, k) +wige - (8 — 1)

IN

, (93)

where the first inequality follows from ;; > 0 and the second follows from g, rx(ht) + Yopin: < 0.

This completes the proof of the claim.
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5 Extended Estimation: Including Entrants at Higher Levels

Note that the probability of selection into the sample, equal to the probability of the observed assign-
ment of a manager in the first year of employment at the firm, is determined by the model. Under
the model, this probability is a function of the initial prior belief about a manager’s ability, whose
distribution is estimated together with the rest of the model’s parameters. The assumption implicit in
this formulation, and implied by the equilibrium assignment policy of the model, is that unmeasured
determinants of the initial probability of assignment, and thus of entry into the sample, are pure noise
conditional on the distribution of the initial prior. (Specifically, these random factors reflect idiosyn-
cratic variation in match quality and are captured by the job-specific productivity shocks.) So, with
the estimation of the distribution of the initial prior, potential issues of sample selection due to the
non-randomness of the data are explicitly taken into account.

However, in order to address concerns about selection possibly induced by the filtering rules I
applied to the original data to obtain the estimation sample, here I report and discuss estimates of the
model’s parameters obtained from a sample that also contains information on managers entering the
firm at levels higher than Level 1. I begin by describing this extended sample. I then turn to present
the specification estimated on this sample, detailing the main differences between the specification
estimated on it and that estimated on the sample of managers entering at Level 1. Finally, I discuss
the estimation results based on this extended sample.

Note that in order to address selection I could have, alternatively, estimated the model on sepa-
rate samples, corresponding to entrants into the firm at different levels, and compared the resulting
estimates with those reported in the paper. An argument for such a choice is that all parameters
governing job assignment, performance evaluations, and wages may be specific to different groups of
managers as determined by their entry level. The reason I opted, instead, for one sample that includes
all entrants into the firm at Levels 1-4 is to perform a clearer comparison between the parameters
estimated on the sample of entrants at Level 1 and those estimated on the sample of entrants at Level 1
and higher, without relying on the added flexibility of allowing all parameters to vary across managers

depending on their entry level.

5.1 Estimation Sample

Here I first describe the construction of the extended sample and then discuss the main differences
between the original and extended samples in terms of job, performance, and wage patterns.

5.1.1 Sample Construction

The original BGH dataset contains 30,675 observations on entrants into one U.S. firm in a service
industry between 1970 and 1979, for a total of 3,891 managers. Restricting attention to entrants at
Level 1 over the period 1970-1979 leads to 21,905 observations (accounting for 71.4 percent of all

observations on entrants between 1970 and 1979) and a total of 2,714 individuals.

Observe that of all individuals entering the firm at managerial levels between 1970 and 1979,
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30 such entrants have missing level information, for a total of 187 employee-years. So of the 3,861
(= 3,891 — 30) individuals with recorded level entering into the firm between 1970 and 1979, 70.3
percent (that is, 2,714 of 3,861, corresponding to (2,714/3,861) - 100 = 70.3 percent of managers)
were assigned to Level 1; 29.3 percent of entrants, instead, were assigned at entry to Levels 24 (that is,
1,133 individuals of 3,861, corresponding to (579 + 365+ 189) /3,861 - 100 = 29.3 percent of managers).
Note that 14 managers (= 3,861 — 2,714 — 1,133) entered at Level 5 and higher, specifically 10 at
Level 5 and 4 at Level 6. Since positions at Levels 5 and 6 correspond to top management and involve
performing quite different tasks, I do not include observations on these managers in the larger sample.

Of the total 2,714 individuals entering the firm at Level 1 between 1970 and 1979, 129 managers
(for a total of 283 employee-years) have missing level information at least once over their first 10 years
at the firm. Deleting these individuals reduces the sample to 2,585 (= 2, 714 —129) managers or 20,630
employee-years. Instead, of the 1,133 individuals entering the firm at Levels 2, 3, and 4 between 1970
and 1979, overall 51 managers (for a total of 118 employee-years) have level information missing at
least once over their first 10 years at the firm. Deleting these individuals reduces the sample to 1,082
(= 1,133 — 51) managers or 8,032 employee-years.

Of the candidate sample of 2,585 managers entering the firm at Level 1, I further restrict attention
to individuals with at least 16 years of education at entry, for a total of 1,570 individuals and 10,790
employee-years. (Here 1,022 managers have between 16 and 18 years of education, and 548 managers
have more than 18 years.) Of the candidate sample of 1,082 managers entering the firm at Levels 2,
3, and 4, I also restrict attention to individuals with at least 16 years of education at entry, for a total
of 615 individuals and 4,236 employee-years. (Here 310 managers have between 16 and 18 years of
education, and 305 managers have more than 18 years.)

Of the 1,570 managers entering the firm at Level 1 with at least 16 years of education at entry,
further deleting those individuals whose recorded number of years of education changes over time
reduces the sample to 1,447 individuals for a total of 9,398 employee-years. No such individual has
either age or year-of-entry information missing. Of the 615 managers entering the firm at Levels 2, 3,
and 4 with at least 16 years of education at entry, further deleting those individuals whose recorded
number of years of education changes over time reduces the sample to 593 individuals for a total of
3,971 employee-years. Of these individuals, 319 enter at Level 2 whereas 274 enter at Levels 3 and 4.
One such individual has age information missing, but none has year information missing.

Of the 1,447 entrants at Level 1, dropping the 17 individuals promoted from Level 1 to Level 3
during the first six years at the firm reduces the sample to 1,430 individuals. Of the 593 entrants at
Levels 2, 3, and 4, dropping the three individuals demoted from Level 2 to Level 1 during the first
six years at the firm, and one individual demoted from Level 3 to Level 2 from tenure 8 to tenure 9,
reduces the sample to 589 individuals. Finally, deleting the individual with age information missing at
entry reduces this latter sample to 588 individuals. Of these 588 individuals, 314 individuals entered
the firm at Level 2, and 274 individuals entered at Levels 3 and 4. Finally, of the sample of 1,430
managers entering the firm at Level 1, I discard the 4 individuals with unusually high and low starting
salaries whose level assignment and wage histories appear markedly different from the histories of the

other managers entering at Level 1, leading to a total of 1,426 managers entering at Level 1. This is
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the sample I use to obtain the estimates reported in the paper. Applying a similar criterion to entrants
at Levels 2, 3, and 4 leads me to discard three more individuals from the sample of managers entering
the firm at Levels 2, 3, and 4, yielding a total of 585 managers entering at Levels 2, 3, and 4.

As a result, the extended estimation sample consists of 2,011 individuals corresponding to 1,426
managers entering the firm at Level 1 and 585 entering at Levels 2, 3, and 4 between 1970 and 1979
with at least 16 years of education at entry, with no level (over the first 10 years at the firm), age,
education, or year-of-entry information missing, and without any change in the recorded number of
years of education.

I maintain the same conventions as in the paper that observations on managers at Level 3 and
higher in the data are treated as observations at job A3 in the model and ratings of 2, 3, 4, and 5 in

the data are reclassified as ratings of zero, corresponding to low performance.

5.1.2 Differences Between Original and Extended Samples

I now discuss the salient differences between the original and extended samples. Consider the distrib-
ution of managers across levels and the associated hazard rates of separation, retention at a level, and
promotion at each level in Tables A.2 and A.3. (See the corresponding Tables 1 and 2 in the paper.)
Note that the proportion of managers separating from the firm at each tenure is very similar to the
one in the sample of entrants into the firm at Level 1. The pattern of assignment to the other levels is
also quite similar, with two main differences. First, the profile of assignment to Level 2 implies that
the proportion of managers allocated to that level peaks in the second rather than the third tenure
year and, past the second tenure year, the proportion of managers assigned to Level 2 is smaller than
in the sample of entrants at Level 1. Second, the pattern of assignment to Level 3 in the extended
sample mirrors these difference in the pattern of assignment to Level 2 across the two samples: a
greater fraction of managers is assigned to Level 3 at all tenures, with, naturally, most pronounced
differences at low tenures. For instance, the proportion of managers assigned to Level 3 in the original
sample in the first three years of tenure is 0.0 percent in the first year, 0.0 percent in the second year,
and 8.7 percent in the third year, whereas in the extended sample these proportions are 13.6, 15.6,
and 23.9, respectively.

As for the implied hazard rates of job transitions, note that the hazard rates of separation, retention
at a level, and promotion (to Level 2) at Level 1 in the extended sample are identical to those in the
original sample of entrants at Level 1. The hazard rates of separation at Levels 2 and 3 are also very
similar across the two samples. The hazard rates of retention at Level 2 and promotion from Level 2
to 3 are also strikingly similar across the two samples. The hazard rates of retention at Level 3 are
quite similar too. The distributions of recorded high ratings at Levels 1 and 2 in the extended sample
are also quite close to the ones in the original sample; see Table A.4.

Consider now the distribution of wages in Table A.5. By construction, the wage distribution at
Level 1 is identical in the two samples. As for the distributions of wages at Levels 2 and 3, the main
difference compared to the sample of entrants at Level 1 is that wages are on average higher at all

tenures. This feature of the extended sample implies that individuals entering into the firm at Level
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2 and higher receive on average higher wages, compared to entrants at Level 1, when assigned to the
same level in the same tenure year. This evidence suggests the existence of persistent differences in
productivity across managers entering into the firm at different levels. In estimation I capture these

differences by allowing for differences in initial priors across managers depending on their entry levels.

5.2 Empirical Specification

Here I present the empirical specification of the model, namely, the parameterization of the processes
governing initial prior beliefs, output and human capital, exogenous separations, performance ratings,
and wages, respectively, for a total of 99 parameters. For each set of parameters, I discuss the
differences between the specification estimated on the extended sample and that estimated on the

sample of entrants at Level 1.

Initial Prior Beliefs. In specifying the distribution of initial prior beliefs, I allow for differences in
this distribution across entrants into the firm at Level 1 and entrants into the firm at higher levels. I
allow for this flexibility in the specification of the initial prior for two reasons. First, it provides an
opportunity to validate the estimates of the parameters {pil}le obtained from the sample of entrants
at Level 1 and discussed in the paper. Second, this formulation allows the model to better fit the
larger dataset, in light of the fact that crucial parameters, like those governing the distribution of
performance ratings and exogenous separations, are not allowed to vary across entrants at different
levels.

Formally, I still assume that managers are one of four possible skill types, known to all model
agents but unknown to the econometrician. (Here, as in the paper, I use the transformation p;; =
exp{®;1 }/[1 + exp{®;; }], where ¢,;; is a parameter that ranges on the real line, to avoid boundary
problems in estimation.) However, I allow the value of each type’s initial prior that a manager of that
type is of high ability to depend on whether a manager at entry has been assigned to Level 1, resulting
in the four prior parameters {p;1}7_;; to Level 2, resulting in the four prior parameters {p;}5_-; or
to Levels 3 and 4, resulting in the four prior parameters {pil},}ig. Hence, the interaction between
unobserved characteristics and observed level outcomes at entry leads to twelve possible ‘effective’
types of managers. The prior parameters for entrants at Levels 3 and 4, however, did not significantly
differ from those for entrants at Level 2 across all relevant sets of parameters. For this reason, I set
them equal. (That is, pg1 = ps1, P101 = P61, P111 = P71, and pi21 = ps1.) To conserve on parameters,
I also maintain that p7; = ps; and ps; = p41, based on model diagnostics (the Akaike information
criterion) and fit. Thus, estimated prior parameters are pi1, p21, P31, P41, P51, Pel, 41, g2, and g3. (I
also allow for interaction terms between a manager’s unobserved skill type and observed entry level

among the parameters of the distribution of wages; see below.)

Output and Human Capital. Omit for simplicity the subscript A for the firm in my data and the
subscript n for a manager. I assume the same process for output and human capital as specified in
the paper, so the human capital acquired by a manager at the firm is just a function of the manager’s
human capital acquired before entry into the firm, h;, tenure at the firm, ¢ — 1, and previous period

level assignment, k;—1. As discussed above and in the paper, I normalize the parameters of expected
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output at the second-best firm at zero and, thus, interpret the parameters of expected output at my
firm as measuring the difference between the magnitude of each such parameter at my firm and of the
corresponding parameter at the second-best firm.

In light of the flexibility of the output and human capital process I specify, I conserve on para-
meters in several ways, following the same procedure I adopted in the paper. See the discussion in
the Appendix there. The main difference between the specification estimated in the paper and the
present one is as follows. Since managers entering into the firm at different levels may be differentially
productive due, for instance, to their human capital acquired prior to entry into the firm, I now dis-
tinguish managers by their entry level through the variable ¢ € {1, 2,3}, where £ = 1 denotes entrants
at Level 1 (in the data), £ = 2 denotes entrants at Level 2 (in the data), and £ = 3 denotes entrants at
Levels 3 and 4 (in the data). Thus, an individual’s state variable at the beginning of period ¢ is now
(pit, ¢, h1,1) at t = 1 and (pit, €, h1,t — 1,ki—1,1) at t > 2. I assume that ¢ captures the effect of h; on
the output and human capital process at my firm. As in the paper, for the purpose of accounting for
observed level assignment and separation, the only relevant dependence of expected output on ¢ has

proved to be through beliefs. Therefore, I denote the expected output at Level k at tenure ¢ by
Y(pits €t — 1, ki1, k) + e = by (ke—1) + Clypit + - (94)

Since none of the parameters b, (k;—1) significantly differed across entrants into the firm at different
levels at all relevant sets of parameters, I set them equal across entry levels and simply denote them
by bit(ki—1). Adopting the same parameterizations and normalizations as in the paper, I assume that
at each Level k,

bit(ke—1) = Y (ke—1)tI (¢ < 3) + Yy (he-1)I(3 < T < 7). (95)

(In the specification in the paper, the knot in (95) is at ¢t = 4.)
As a result, at Level 1 I set b13(L2) = b14(L2) and by5(L2) = big(L2) = b17(L2), and estimated
b13(L2) and by5(L2) (in differences from the corresponding by;(L1)). I specified the parameters c}, as

8
ciy=cipl(t=2)+clsl(t=3)+ciy )y It=7)

in light of the different patterns of promotions out of Level 1 from the fourth year of tenure on. Given
the small number of observations at Level 1 at high tenures, I only estimated ci, and c}5. Since in the
sample no individual is ever observed demoted, I did not estimate any slope parameter at Level 1 for
entrants at higher levels (¢ = 2,3). Thus, estimated parameters at Level 1 are bi3(L2) and b15(L2) (in
differences from the corresponding by;(L1)), and cly, and ci5.

At Level 2, T assume that ¢}, = ¢3,, 2 <t < 4 and cls = ¢}, 35 = c3-, and estimated the
parameters ciy, cia, c3,, cds c3, kg, and c3g. All other parameters are normalized to zero by the
same logic as in the paper.

At Level 3, given that the hazard rates of promotion from Level 1 to 2 and from Level 2 to 3
display similar qualitative features, I allowed for common components across the parameters cos’s

and cs¢’s at Levels 2 and 3 in order to reduce the number of parameters to estimate. In particular,
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proceeding as in the paper, I allow for ci, = c5; + 3, from the fourth year of tenure on, which has
lead to ciy = cis = c,. Talso set cis = clg, 3, = 2, for 4 <t < 7, and ¢l = &g = c35. Differently
from the specification estimated in the paper, cgt, 1 <t < 3, did not prove significantly different
from zero at all trial parameter values, so I normalized them at their values at the second-best firm
to conserve on parameters. (Recall that for the sample of entrants at Level 1 analyzed in the paper,
at Level 3 I just estimated the slope parameters cs1, ¢34, c37, and csg where c31 = ¢32 = c33.) Hence,
estimated parameters at Level 3 are b33(L3), bss(L3), bss(L3), and bz7(L3) (estimated in differences
from the corresponding bs¢(L2)), and ci,, cie, 34, 3, 36, and c3;. (In the first of the two estimated
specifications, I restricted c3, = c3- since their difference proved insignificant.)

Note that expected output at each level in ¢t = 8 is specified in the same way as in the paper.”

Ezxogenous Separations. To conserve on parameters, I assume that at Level 1 the parameters
of the probabilities of exogenous separation satisfy 11, = 1m19 and 114 = 715 = Mg = N7 = Mg
So estimated separation rate parameters at Level 1 are 7y, 1773, and 74 just as for the sample of
entrants at Level 1. (More precisely, for the specification in the paper, 777 = 1719, 713 = M4 + &3, and
M4 = M5 = Mg = N7 = N1, and estimated parameters are 7,1, &3, and 774.) At Level 2, here I assume
that 791 = M99, N3 = Noa, Mo = Mg, and 197 = 19g. Then, estimated separation rate parameters at
Level 2 are 1,1, 723, 725, and 197, whereas for the sample of entrants at Level 1, I estimate 1751, 794,
TMas5s a6, and 797. (For the specification in the paper, 7o, = 7199, Nag = Moo + &3, and 1y, = 7yg.) At
Level 3, I assume that 77353 = 134 and they both equal 73, and 135 = 135 = 7737 = 135. Thus, estimated
separation rate parameters at Level 3 are 731, 1139, and 735, whereas for the sample of entrants at Level

1, I estimate only 75,. (For the specification in the paper, 13; = 139 = 133, N3; = Moy, 4 <t < 8.)

Performance Ratings. I model the process for performance ratings here in the same way as I do in
the paper. Thus, as before, estimated parameters for the true and recorded distribution of performance
ratings are {ay, 81, }3_, and (do, d2(L1),d2(L2)).

Wages. In analogy to the specification in the paper, I assume here that at tenure ¢ the (log) wage
of manager n of skill type 7, 1 < i < 12 (as mentioned, i denotes here the ‘effective type’ resulting

from the interaction between the unobserved skill type and the entry level of a manager), is given by
ln(wzoélint) = wi(hnb k) + w1t (t - 1)I(k = 1) + W2iPint + Ukint,
where the intercept term w;(hp1, k) is given by
9 9
wi(hn1, k) = woik + wikagen + waage;, + wsreduy, + Zm:l wyml (year, =m).

I allow the intercept term wg;; to vary across managers’ entry levels only when Level 3 is assigned.
(ThiS restriction amounts to wogr = Wose = Woik, W10k = Woek = W02k, Wollk = W0tk = W03k,
and woior = wosk = woak if kK = 1,2.) I also maintained that wos3 = wp13 and wgg3 = wo13 since

their differences proved insignificant. To avoid parameter proliferation, based on model diagnostics

9As in the paper, here too terms of degree higher than one in the polynomial for the match surplus value from
separation, v(pit,£,t — 1, ki—1,0), proved negligible.
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(the Akaike information criterion) and fit, I assume that the coefficient on the prior term differs only
across entrants at Level 1 and entrants at Levels 2, 3, and 4. (Equivalently, w9 = was, w219 = was,
wa11 = wa7, and wa12 = wag.)

I now discuss the two main differences between the specification of the process for wages estimated
here and that estimated in the paper. The first difference, as just mentioned, is that here I allow
the intercept term w;(hy,1,k) and the slope term wg; to vary across managers entering into the firm
at different levels. The second difference is that, in light of the additional observations on wages at
Level 3 in the extended sample, here I let the variance of the shock at Level 3 vary with a manager’s
skill type. To conserve on parameters, I assume that oy, is identical at Level k, 1 < k < 3, for
managers of the same skill type entering the firm at different levels. (Specifically, ogx = o5, = o1k,
010k = 06k = O2k, 011k = O7k = O3k, and ook = ogk = 04.) | also restrict oo3 = 013.

Here, as in the specification estimated in the paper, 1 set wyy, war, and wsy, respectively, the
coefficients on age,, age? and edu,, equal at Levels 1 and 2. I denote their common value by w1,
wag, and w3. I set wy,, = 0 for 0 < m < 3 and wys = w5, so the estimated year parameters are
{wym}?n:5, as for the specification in the paper. Here as in the paper, I assume that the coefficient
on tenure at Level 1 is wy; = wi2l(t < 5) + wisI(t > 5) with w5 = —w12. Therefore, the estimated
wage parameters are {won,wom,wom}?:l, w063, W073, W083; W0103, W0113, W0123, W1, W2, W3, W13,

w237 w337 {wym}?n:'f,; CL)12, {w2i}18:17 {O—ilyo—iQ}?:la 0—137 0337 and 0—43'

5.3 Estimation Results

I now discuss the results of the estimation of my model on the extended sample. I estimate two versions
of the model that differ only in the specification of the error in wages at Level 3 and in one parameter
normalization. Namely, in Specification 1, I assume that the error in wages at Level 3 is distributed
according to a standard two-parameter lognormal distribution, as I assume when estimating the model
on the original sample, and I maintain that ci; = c2,, since their difference has proved insignificant.
(Recall that cit denotes the slope of expected output at job k in tenure ¢, averaged over productivity
shocks, for managers entering into the firm at Level £.) In Specification 2, T assume that the error in
wages at Level 3 follows a more flexible three-parameter lognormal distribution.

Overall, both specifications are successful at fitting the data. (In assessing model fit for each
specification, I simulated 3,000 prior realizations per manager, drawn from the estimated nonpara-
metric distribution of initial priors.) One difference is that, being more flexible, Specification 2 fits the
distribution of wages at Levels 2 and 3 better than Specification 1 and the specification in the paper.

The estimates of the main parameters of interest, namely, those governing initial uncertainty about
ability, learning, and performance ratings, are remarkably similar to those reported in the paper, as
discussed below. This finding, then, provides evidence that the filtering rules applied to the original

data to obtain the estimation sample used in the paper have not induced appreciable selection.
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5.3.1 Specification 1

I start with the fit of Specification 1 to the data. I will then discuss the main parameter estimates.
Here, as in the paper, I evaluate the fit of the model by comparing observed and predicted outcomes
along three dimensions: (1) the distribution of managers across levels by tenure and the hazard rates
of separation, retention at a level, and promotion to the next level at each level by tenure, (2) the
distribution of performance ratings at Levels 1 and 2 by tenure, and (3) the distribution of wages at

each level by tenure.

Model Fit. Overall, as Tables A.2—A.5 make clear, the model estimated on the extended sample
successfully captures the tenure profile of separation and assignment of the managers to the levels of
the firm’s hierarchy, as well as the distribution of performance ratings at Levels 1 and 2 and the wage
distribution at each level and tenure. Specifically, as apparent from Table A.2, the model tracks the
observed distribution of managers across levels by tenure remarkably well. In terms of the hazard rates
reported in Table A.3, the model also fits well overall. Some discrepancies can be detected for the
hazard rate of separation at Level 1 between the fourth and sixth years of tenure and in the hazard rate
of promotion to Level 2 in the third and fifth years of tenure. The largest difference between observed
and predicted outcomes at Level 2 emerges for the hazard rate of promotion between the second and
third years of tenure; all other differences are modest. Instead, the hazard rates of separation and
retention at Level 3 are almost perfectly matched.

Table A.4 displays the distribution of performance ratings at Levels 1 and 2 by tenure for the
data and the model. The distribution of high ratings predicted by the model at each tenure tracks
very closely the observed one at both levels. The main discrepancy between observed and predicted
outcomes concerns the fraction of high ratings at Level 2 in the first year of tenure. One reason for
this discrepancy is the small number of observations at Level 2 in this tenure year: at entry only 15
percent of managers are assigned to Level 2 while more than 70 percent are assigned to Level 1.

Finally, consider the distribution of wages by level and tenure in Table A.5 for the data and the
model. Clearly, the model is quite successful at fitting these distributions, apart from Level 1 in the
seventh year of tenure and Level 3 at the highest tenures. These features of model fit are analogous
to those discussed in the paper.

The Pearson’s x? test for goodness of fit provides more favorable evidence in support of the
model, not surprisingly, given the larger sample size. Specifically, in terms of the distribution of level
assignments, the model is never rejected at conventional significance levels. In terms of the hazard
rates of separation, retention at level, and promotion, the model is only rejected between the second
and fourth years of tenure at Level 1 and between the second and third years of tenure at Level 2.
In terms of the distribution of performance, the model is only rejected in the first year of tenure at
Level 2. In terms of the distribution of wages, the model is only rejected at Level 1 in the first year

of tenure but it is still rejected at Level 3 at most tenures.

Parameter Estimates. The loglikelihood of the sample at the estimated parameter values is 900.979,

and all parameters prove significant at the 1 one percent level.'® Given the larger sample size, almost

0Given the two-parameter lognormal assumption for the distribution of wages at each level, the actual wage for each
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all parameters are more precisely estimated than when I estimate the model by using only observations
on entrants at Level 1.

From Table A.6 a few patterns emerge. I focus here on the parameters governing initial uncertainty
about ability, learning, and error in recorded performance ratings. Note that the estimated initial
priors that a manager is of high ability are, respectively, p11 = 0.382, po1 = 0.372, p31 = 0.466, and
p41 = 0.610 for entrants at Level 1, and by ps; = 0.360, pg1 = 0.400, p71 = p31, and pg1 = pg1 for
entrants at Levels 2, 3, and 4. (Recall that pg1 = ps1, p1o1 = P61, P111 = P71, and p121 = ps1.) The
proportions of managers of the first, second, third, and fourth skill types are given, respectively, by
g1 = 0.102, g2 = 0.290, ¢3 = 0.360, and g4 = 0.248. According to the estimates in the paper, instead,
the initial priors that a manager is of high ability for the first, second, third, and fourth skill types are
given, respectively, by p11 = 0.338, p2; = 0.381, p3; = 0.465, and pg; = 0.607. There, the proportions
of each such type are, respectively, ¢ = 0.155, g2 = 0.211, g3 = 0.313, and ¢4 = 0.321.

Observe that the proportion of each type is roughly comparable across the two samples. In terms
of the support of the initial priors, the main differences between the estimates obtained from the
extended sample and those from the original sample concern the initial prior for managers of the first
and second skill types. For the last two types, the estimates of the initial prior are almost identical
across samples. Specifically, entrants at Level 1 of the first skill type are now estimated to have a
higher initial prior than the one estimated on the sample of entrants at Level 1 (0.382 compared to
0.338), whereas entrants at Level 1 of the second skill type are now estimated to have a slightly lower
prior (0.372 compared to 0.381). Entrants into the firm at Levels 2, 3, and 4 of both the first and
second skill types are estimated to have higher initial priors than the priors for the first and second
skill types estimated on the sample of entrants at Level 1 (respectively, 0.360 compared to 0.338 for
the first skill type and 0.400 compared to 0.381 for the second). This finding accords with intuition:
if ability is more valuable at higher levels, then managers entering into the firm at Levels 2, 3, and 4
are perceived to be more likely to be of high ability than managers entering at Level 1. Indeed, the
average initial prior for entrants at Level 1 is 0.466 (from Zz] qipi1, compared to 0.473 estimated in
the paper) with a standard deviation of 0.092 (from [Zf qi(pi1 — ZZI qipin)?]Y?, compared to 0.102
estimated in the paper), whereas the average initial prior for entrants at Levels 2, 3, and 4 is 0.472
with a standard deviation of 0.087.

Note also that the estimates of the learning parameters are remarkably similar in magnitude and
patterns to those in the paper: the estimates from the extended sample are («, 5;) = (0.514,0.456)
at Level 1, (ag, 85) = (0.5432,0.491) at Level 2, and (as, 3) = (0.5429,0.490) at Level 3, whereas the
estimates from the sample of entrants at Level 1 are (aq,3;) = (0.514,0.456) at Level 1, (a2, y) =
(0.5437,0.491) at Level 2, and (as,33) = (0.5435,0.490) at Level 3. Analogously to the estimates
reported in the paper, these estimates imply that a manager of either high or low ability has the
highest success rate at Level 2, the second-highest at Level 3, and the lowest at Level 1. Also, as
for the estimates in the paper, here Level 1 is more informative than Level 3, which, in turn, is more
informative than Level 2, since a1 83 = 0.252 > a3 = 0.248 and (1—a1)(1—53) = 0.248 < (1—as)(1—

manager in each year is a constant that can be factored out in computing the likelihood. As in the paper, I follow this
convention in reporting the likelihood value at the estimated parameter vector.
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By) = 0.249, a3By = 0.267 > azBs = 0.266, and (1 —az)(1—By) = 0.2327 < (1 —as)(1 — B3) = 0.2330.
Finally, the fact that dy = 0.487, da(L1) = —0.668, and da(L2) = —0.525, compared to the
estimates of dg = 0.521, da(L1) = —0.703, and da(L2) = —0.544 for the sample of entrants at Level 1,

implies comparable estimates for the recording error in performance ratings across the two samples.

5.3.2 Specification 2

In the specification estimated in the paper and in Specification 1, wages at each level are assumed to
be distributed according to a standard two-parameter lognormal distribution. In both specifications,
the model does not fully capture the distribution of wages at Level 3 at high tenures. For this reason, 1
estimate a second, more flexible specification that allows wages at Level 3 to be distributed according
to a three-parameter lognormal distribution, which, compared to the two-parameter version, features
an additional location parameter.

In this new specification, Specification 2, I set the location parameter of the distribution of wages
at Level 3 equal to a lower bound on managers’ wages over the first eight years of tenure in the
original and extended samples. More precisely, I set this lower bound at $20,000 (1988 constant
U.S. dollars) since the lowest observed wage is $20,847. The reason for this normalization is the
known computational difficulty in estimating the location parameter of a three-parameter lognormal
distribution by maximum likelihood. I now turn to discuss model fit and the estimates of some of the

parameters of interest.

Model Fit. 1 compare observed and predicted outcomes in Tables A.7-A.10. Not surprisingly,
overall this specification of the model fits the data better than did Specification 1 and the one in the
paper. In terms of level assignments, predicted level assignments are almost indistinguishable from the
observed ones. Consider now the hazard rates of separation, retention at level, and promotion. Not
surprisingly, given the small fraction of managers retained at Level 1 over time, the largest discrepancy
between predicted and observed hazard rates emerges at Level 1 between the third and fourth years
of tenure. At Level 2 the largest difference between observed and predicted outcomes is for the hazard
rate of promotion between the second and third years of tenure. At Level 3, the predicted hazard
rates are very close to the observed ones. In terms of the distribution of observed ratings here, as in
the previous specification, the largest discrepancy is between the observed and predicted fraction of
high ratings at Level 2 in the first year of tenure. Yet, overall, Specification 2 seems to fit the observed
distribution of ratings better than Specification 1. Lastly, the model fits the distribution of wages at
each level and tenure remarkably well. In particular, the fit of the distribution of wages at Levels 2
and 3 is not only substantially better than for Specification 1 but overall quite successful.

Correspondingly, the Pearson’s x? test provides more favorable evidence in support of the model.
Specifically, in terms of the distribution of level assignments, the model is never rejected at conventional
significance levels. In terms of the hazard rates of separation, retention at level, and promotion, the
model is only rejected between the second and fourth years of tenure at Level 1 and between the
second and third years of tenure at Level 2. In terms of the distribution of performance, the model is

only rejected in the first year of tenure at Level 2. In terms of the distribution of wages, the model is
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only rejected at Level 1 in the first year of tenure and at Level 3 in low tenures.

Parameter Estimates. For Specification 2, the loglikelihood at the estimated parameter values
is 27,904.358, and all parameters prove significant at the 1 percent level. Consider the estimation
results reported in Table A.11. For this specification, too, I confine attention to the discussion of the
parameters governing initial uncertainty about ability, learning, and error in recorded performance
ratings. Note that the estimated initial priors that a manager is of high ability are, respectively,
p11 = 0.440, p2; = 0.381, p3; = 0.465, and pg; = 0.607 for entrants at Level 1, and by ps; = 0.350,
pe1 = 0.400, p71 = ps1, and pg1 = p41 for entrants at Levels 2, 3, and 4. (Recall also that pg; = ps1,
Pilo1 = P61, P111 = P71, and p1o1 = pg1.) The proportion of each type, from the first to the fourth,
is given, respectively, by q1 = 0.123, ¢o = 0.284, g3 = 0.317, and ¢4 = 0.276. Recall that the
corresponding estimates in the paper are p;; = 0.338, po; = 0.381, p3; = 0.465, and pg; = 0.607 with
proportions ¢ = 0.155, go = 0.211, g3 = 0.313, and ¢4 = 0.321.

In terms of the support of the initial priors, the only difference between the estimates obtained
from the extended sample and those obtained from the original sample concerns the initial prior for
entrants at Level 1 of the first skill type and the initial prior for entrants at higher levels of the first
and second skill types. Indeed, for the last two types of managers entering at any level, the estimates
of the initial prior are identical across samples. Specifically, as with Specification 1, entrants at Level 1
of the first type are now estimated to have a higher prior than that estimated on the sample of entrants
at Level 1 (0.440 compared to 0.338). Here, as with Specification 1, entrants at Levels 2, 3, and 4 of
both the first and second skill types are estimated to have higher priors than the priors estimated in
the paper (respectively, 0.350 compared to 0.338 for the first skill type and 0.400 compared to 0.381
for the second). The proportion of each such type is quite similar across the extended and the original
samples.

BGH suggest that one way to explain the difference in career paths between entrants at Level 1
and those at higher levels, typically more varied, is that unobserved abilities of new hires at higher
levels vary more than those of entrants at Level 1. My estimates for Specification 2 confirm their
intuition: the average initial prior for entrants at Level 1 is 0.477 (from ZZI q;pi1, compared to 0.473
estimated in the paper) with a standard deviation of 0.087 (from [ZZI qi(pi1 — ZZI qipin)?]Y?, compared
to 0.102 estimated in the paper), whereas the average initial prior for entrants at Levels 2, 3, and 4 is
slightly lower, 0.472, but with a larger standard deviation of 0.091.

Finally, the estimates of the learning parameters are very similar in magnitude and patterns to
those in the paper: the estimates on the extended sample are (a1,(;) = (0.514,0.457) at Level
1, (a2,B5) = (0.543,0.49059) at Level 2, and (as,f3) = (0.544,0.49058) at Level 3, whereas the
estimates on the original sample are (a1, ;) = (0.514,0.456) at Level 1, (a2, B5) = (0.5437,0.491) at
Level 2, and (as, 3) = (0.5435,0.490) at Level 3. Analogously to the results reported in the paper
and those for Specification 1, these estimates imply that a manager of either high or low ability has
the highest success rate at Level 2, the second-highest at Level 3, and the lowest at Level 1. Also,
as for the estimates in the paper and those for Specification 1, here Level 1 is more informative than
Level 3, which, in turn, is more informative than Level 2, since o185 = 0.252 > a3/, = 0.249 and
(1 —ag)(l —p3) = 024758 < (1 — a3)(1 — B;) = 0.24761, asfBy = 0.267 > azf; = 0.266, and
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(1—as)(1—By) = 0.232 < (1 — az)(1 — B3) = 0.233.
Finally, the fact that dyp = 0.507, da(L1) = —0.693, and d2(L2) = —0.539, whereas the estimates
based on the original sample are dg = 0.521, dy(L1) = —0.703, and d2(L2) = —0.544, implies similar

estimates for the classification error rates in performance ratings across the two samples.
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Figure 1. Static Expected Output and Statically Optimal Policies
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Figure 2. Bayesian Updating in Job A2
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Figure 3. Jobs Assigned in Period 2 After Job A2 in Period 1*
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TABLE Al

Results from Monte Carlo Simulations

St. Dev. of Mean of
Parameters Baseline t-Statistic Estimated Estimated
Estimates Bias of Bias Parameter St. Error
Prior Distribution
¢11 (p12=10.338) —0.672 -0.017 —3.428 0.035 0.069
d21 (p21=0.381) —0.484 0.002 0.416 0.042 0.003
031 (P31 = 0.465) -0.141 0.005 1.392 0.027 0.001
d41 (a1 = 0.607) 0.435 0.032 5.117 0.045 0.003
Q1 0.155 -0.021 -9.613 0.016 0.019
(o3 0.211 —-0.015 -7.200 0.015 0.001
O3 0.313 0.010 2.755 0.026 0.002
Probability of High Output
o 0.514 0.0001 0.443 0.002 0.026
B1 0.456 —0.0003 -1.249 0.002 0.008
o 0.5437 —-0.0002 -1.756 0.001 0.004
B, 0.491 0.00001 0.103 0.001 0.013
o3 0.5435 -0.0003 -2.205 0.001 0.001
Bs 0.490 0.0001 0.720 0.001 0.019
Ratings Error
do 0.521 -0.007 -0.645 0.079 0.007
dy(L1) -0.703 0.003 0.395 0.048 0.001
da(L2) —0.544 -0.001 -0.122 0.033 0.033
Output and Human Capital
b14(L2) - b1a(L1) -704.735 -0.837 -0.515 11.493 3.166
b1s(L2) - bys(L1) —479.607 -0.304 -0.609 3.535 2.823
C12 2,960.515 -3.752 -1.078 24.612 46.467
Coo 1,858.714 0.381 0.221 12.185 1.930
Co3 1,505.367 4.036 1.961 14.554 33.448
Cs 1,629.309 3.025 1.375 15.555 8.282
Cos 1,745.184 2.476 1.623 10.786 1.959
b34(L3) - bas(L2) 853.477 1.874 0.588 22.518 16.670
b3s(L3) - bas(L2) 202.791 1.115 1.200 6.570 0.693
b37(L3) - b3(L2) 228.069 2.124 1.325 11.334 2.620
Ca1 —399.955 -1.758 —-0.885 14.047 10.633
Cas 2,963.404 1.87 0.527 16.739 13.532
Cy7 2,190.704 0.541 0.326 11.724 1.112
Cag 2,003.340 4,183 2.769 10.681 232.904
Exogenous Separation
N 0.145 —-0.0001 -0.721 0.001 0.001
&3 0.033 —-0.0004 -2.597 0.001 0.0002
Nis 0.050 0.0001 1.830 0.0002 0.0001
Mot 0.136 0.0001 0.592 0.001 0.004
My 0.142 —0.0002 —2.796 0.001 0.0001
N2s 0.121 0.0001 1.253 0.001 0.027
Nas 0.115 —-0.0002 -1.596 0.001 0.007
No7 0.111 0.0002 1.808 0.001 0.0003
Nat 0.122 —0.0002 ~1.498 0.001 0.001



TABLE A.1 (Continued)

Results from Monte Carlo Simulations

St. Dev. of Mean of
Parameters Baseline t-Statistic Estimated Estimated
Estimates Bias of Bias Parameter St. Error
Parameters of wj(age,edu,year)
Wo11 8.805 —-0.025 —-7.553 0.024 0.145
Wo21 9.288 0.042 13.374 0.022 0.003
Wo31 9.213 0.019 8.559 0.015 0.005
Woa1 8.865 0.007 3.328 0.015 0.009
Wo12 8.969 —-0.026 —7.148 0.026 0.061
Wo22 9.359 0.044 14.110 0.022 0.002
Wo32 9.281 0.022 11.035 0.014 0.004
Woa2 8.945 0.010 4,855 0.015 0.006
Wo13 9.534 —-0.019 -3.785 0.035 0.002
Wo23 9.813 0.050 11.745 0.030 0.002
Wo33 9.738 0.030 7.684 0.028 0.004
Wo43 9.418 0.003 0.711 0.026 0.006
w1 0.028 0.0003 4,928 0.0004 0.001
W5 —-0.0003 —0.000004 -3.800 0.00001 0.000001
W3 0.022 0.0003 2.533 0.001 0.00001
W13 0.010 0.0003 3.855 0.001 0.0001
W3 -0.0001 —0.000004 -2.630 0.00001 0.000002
Wa3 0.021 0.0003 1.600 0.001 0.0002
oy ~0.063 0.009 5.509 0.011 0.0003
Dy6 -0.107 0.002 1.167 0.012 0.002
@7 -0.140 -0.003 -1.303 0.014 0.002
Dys -0.208 —-0.005 -3.244 0.011 0.002
Dyo —-0.169 0.002 1.128 0.012 0.001
Coefficient on Tenure
™12 0.007 —-0.0004 -2.942 0.001 0.0001
Coefficients on Prior by Type
W71 2.371 0.006 0.644 0.068 0.010
22 1.833 —-0.098 -13.330 0.052 0.007
23 1.316 -0.054 -11.105 0.034 0.005
W4 1.364 -0.042 -9.473 0.031 0.003
Wage Standard Deviations
by Type and Level
cu 0.076 -0.017 -29.924 0.004 0.00002
Co1 0.070 —0.009 -17.459 0.004 0.001
O31 0.057 —-0.008 -17.998 0.003 0.001
Omn 0.044 —-0.006 -23.703 0.002 0.0004
o12 0.063 -0.021 —41.064 0.004 0.00001
22 0.047 -0.014 —-41.553 0.002 0.0004
O3 0.0302 —-0.008 -38.472 0.002 0.0002
G2 0.0303 —0.008 -34.107 0.002 0.0002
O3 0.047 -0.021 -146.134 0.001 0.00004




TABLE A.2
Percentage Distribution of Managers Across Levels by Tenure
(Extended Sample Specification 1)

Separation Level 1 Level 2 Level 3
Tenure Data Model Data Model Data Model Data Model
1 0.0 0.0 70.9 70.8 15.5 15.6 13.6 13.6
2 14.4 14.9 32.4 32.1 37.6 37.7 15.6 15.3
3 27.3 28.8 11.9 11.7 36.9 36.4 23.9 23.2
4 375 385 55 5.2 225 22.4 34.6 33.8
5 46.1 46.4 3.3 3.3 13.9 14.2 36.7 36.2
6 52.1 52.8 2.0 2.2 9.4 9.5 36.4 355
7 57.6 58.5 1.5 1.6 6.0 6.3 34.9 33.6
TABLE A.3
Hazard Rates of Separation, Retention at Level, and Promotion (Percentages)
(Extended Sample Specification 1)
Separated Retained Promoted
Level Tenure Data Model Data Model Data Model
Levell 1to2 14.4 14.4 45.7 45.3 39.9 40.3
2t03 14.6 14.4 36.9 36.4 48.5 41.8
3to4 12.1 13.6 45.8 447 42.1 26.2
4t05 11.8 5.4 60.0 62.2 28.2 21.7
5t0 6 9.1 5.4 62.1 66.5 28.8 20.1
6t07 12.2 5.4 73.2 74.0 14.6 14.7
Level2 1t02 16.3 19.0 60.3 59.2 234 21.8
2t03 16.1 19.0 56.3 60.9 27.6 20.1
3to4 15.8 14.4 47.3 53.2 36.9 324
4t05 15.9 14.4 54.9 58.0 29.2 27.6
5t0 6 13.3 13.0 60.9 62.4 25.8 24.6
6to7 14.3 12.9 60.8 62.8 24.9 24.3
Level3 1to2 12.1 12.7 87.9 87.3
2t03 13.1 13.9 86.9 86.1
3to4 12.5 12.7 87.5 87.3
4t05 12.7 12.7 87.3 87.1
5t0 6 10.6 12.2 89.4 87.7
6to7 10.6 12.2 89.4 87.8




TABLE A4

Percentage of High Ratings at Levels 1 and 2
(Extended Sample Specification 1)

Level 1 Level 2
Tenure Data Model Data Model
1 52.7 51.3 58.8 67.3
2 349 35.3 56.1 55.2
3 20.0 22.1 42.8 42.4
4 11.8 12.7 26.0 30.5
5 2.4 7.1 17.7 20.6
6 3.7 3.7 11.3 13.3
7 0.0 1.9 12.9 8.4
TABLE A5

Percentage Wage Distributions by Level and Tenure
(Extended Sample Specification 1)

Between Between Between
$20K and $40K $40K and $60K $60K and $80K
Level Tenure Data Model Data Model Data Model
Level 1 1 59.1 55.6 40.5 43.7 0.4 0.7
2 54.5 55.6 44.7 435 0.8 0.9
3 55.8 56.6 44.2 42.2 0.0 1.3
4 54.2 55.7 45.8 42.7 0.0 1.5
5 64.1 65.9 35.9 33.1 0.0 0.9
6 69.2 66.7 30.8 32.1 0.0 1.0
7 75.0 68.0 25.0 30.7 0.0 1.1
Level 2 1 13.3 12.5 67.7 69.5 18.7 17.7
2 29.0 28.5 65.6 65.5 5.4 5.9
3 29.4 33.0 66.3 63.4 4.3 3.6
4 347 35.4 60.5 61.1 4.8 35
5 35.6 36.7 60.6 59.7 3.8 35
6 40.7 37.6 54.8 58.6 45 3.7
7 38.9 38.2 58.4 57.9 2.7 3.8
Level 3 1 6.9 3.7 36.8 31.5 48.9 35.1
2 5.3 4.7 45.7 40.7 43.1 34.1
3 4.1 6.0 64.2 59.7 30.2 25.4
4 4.5 8.3 72.4 68.2 22.4 18.8
5 4.2 94 74.9 69.6 20.1 17.1
6 5.5 10.4 77.7 69.3 16.5 16.9
7 3.7 11.3 775 68.7 18.8 16.7




TABLE A6
Estimates of Model Parameters (Extended Sample Specification 1)

Asymptotic
Parameters Value Standard Error
Prior Distribution
¢11 (p22=0.382) —0.480 0.033
21 (P21 =0.372) -0.525 0.027
31 (P31 = 0.466) -0.138 0.018
51 (Ps1 = 0.360) -0.575 0.048
61 (Per = 0.400) —0.405 0.036
ol 0.102 0.009
02 0.290 0.045
Us 0.360 0.092
Probability of High Output
oy 0.514 0.032
B1 0.456 0.012
ol 0.5432 0.003
B2 0.491 0.068
o3 0.5429 0.007
B3 0.490 0.010
Ratings Error
do 0.487 0.037
da(L1) -0.668 0.037
da(L2) -0.525 0.028
Output and Human Capital
Ciz 2,476.092 16.758
bya(L2) - bys(L1) ~705.921 5.452
cl, 2,419.015 8.489
b1s(L2) - b1s(L1) —1,092.881 1.880
cl, 2,692.672 8.209
cl, 1,800.283 2.316
ck 1,860.990 1.612
c§5 1,275.078 2.297
cZ 8,145.406 1.493
cl, 1,546.718 1.536
c2, 2,664.069 1.015
bas(L3) - bas(L2) 1,267.237 1.660
c 1,789.365 2.008
bas(L3) - bas(L2) 153.565 3.018
C 7,631.714 2.325
bas(L3) - bas(L2) 180.222 2.053
C 1,879.019 3.449
bar(L3) - by(L2) 327.530 2.195
ck, 2,615.709 36.094

Ciq 2,054.190 0.292



TABLE A.6 (Continued)
Estimates of Model Parameters (Extended Sample Specification 1)

Asymptotic
Parameters Value Standard Error
Exogenous Separation
N1 0.144 0.004
N13 0.136 0.002
N1 0.054 0.0001
No1 0.190 0.003
MNys 0.144 0.001
Nas 0.129 0.0003
Moz 0.123 0.0003
Nat 0.127 0.001
Na2 0.139 0.001
Nas 0.122 0.0003
Parameters of wi(age,edu,year)
Wo11 8.431 0.007
Woo1 9.217 0.004
Woa1 9.055 0.006
Do 8.758 0.010
o1z 8.589 0.006
o2 9.283 0.004
D32 9.143 0.005
Doar 8.845 0.007
Wo13 9.168 0.006
Woz3 9.773 0.006
Woas 9.647 0.007
Dous 9.377 0.013
Dos3 9.735 0.010
Do73 9.627 0.009
Dos3 9.404 0.019
o103 9.852 0.004
o113 9.692 0.005
Wo123 10.095 0.007
(] 0.037 0.0001
W3 —0.0004 0.000002
W3 0.018 0.0005
W13 0.017 0.0003
W23 -0.0002 0.000005
a3 0.016 0.001
Wys —-0.062 0.003
Dy6 -0.147 0.004
Wy7 —-0.151 0.003
Wys -0.215 0.003

Wyg —0.152 0.003



TABLE A.6 (Continued)
Estimates of Model Parameters (Extended Sample Specification 1)

Asymptotic
Parameters Value Standard Error
Coefficient on Tenure
®12 0.007 0.0003
Coefficients on Prior by Type
®1 2.674 0.060
®22 1.758 0.038
®23 1.359 0.018
o 1.335 0.015
®5 2.604 0.091
26 2.001 0.049
®27 1.598 0.020
28 1.486 0.016
Wage Standard Deviations by Type and Level
on 0.077 0.001
o 0.070 0.001
o3 0.056 0.001
on 0.041 0.001
G2 0.079 0.001
o 0.057 0.001
o3 0.044 0.0004
o13 0.081 0.0005
o33 0.048 0.0005

O3 0.091 0.001




TABLE A.7
Percentage Distribution of Managers Across Levels by Tenure
(Extended Sample Specification 2)

Separation Level 1 Level 2 Level 3
Tenure Data Model Data Model Data Model Data Model
1 0.0 0.0 70.9 70.8 15.5 15.6 13.6 13.6
2 14.4 14.3 32.4 324 37.6 38.1 15.6 15.2
3 27.3 27.8 11.9 12.0 36.9 36.9 23.9 23.4
4 375 38.0 55 54 225 22.4 34.6 34.2
5 46.1 46.2 3.3 3.3 13.9 14.1 36.7 36.4
6 52.1 525 2.0 2.2 9.4 9.5 36.4 35.7
7 57.6 58.1 1.5 1.7 6.0 6.2 34.9 33.9
TABLE A.8
Hazard Rates of Separation, Retention at Level, and Promotion (Percentages)
(Extended Sample Specification 2)
Separated Retained Promoted
Level Tenure Data Model Data Model Data Model
Levell 1to2 14.4 13.6 45.7 45.8 39.9 40.3
2t03 14.6 13.6 36.9 36.9 48.5 41.0
3to4 12.1 13.2 45.8 44.9 42.1 26.5
4t05 11.8 5.3 60.0 62.3 28.2 21.8
5t0 6 9.1 5.3 62.1 66.4 28.8 20.4
6t07 12.2 5.2 73.2 77.1 14.6 12.7
Level2 1to2 16.3 18.1 60.3 61.4 234 204
2t03 16.1 18.1 56.3 61.8 27.6 20.0
3to4 15.8 14.7 47.3 52.2 36.9 33.0
4t05 15.9 14.7 54.9 57.6 29.2 27.6
5t0 6 13.3 13.2 60.9 62.6 25.8 24.1
6to7 14.3 13.1 60.8 62.5 24.9 24.3
Level3 1to2 12.1 134 87.9 86.6
2t03 13.1 14.6 86.9 85.4
3to4 12.5 13.5 87.5 86.5
4t05 12.7 13.4 87.3 86.6
5t0 6 10.6 11.8 89.4 88.1
6to7 10.6 11.8 89.4 88.2




(Extended Sample Specification 2)

TABLE A.9
Percentage of High Ratings at Levels 1 and 2

Level 1 Level 2
Tenure Data Model Data Model
1 52.7 51.5 58.8 67.9
2 349 349 56.1 55.6
3 20.0 21.4 42.8 42.5
4 11.8 12.0 26.0 30.3
5 2.4 6.5 17.7 20.3
6 3.7 3.4 11.3 13.0
7 0.0 1.7 12.9 8.0
TABLE A.10

Percentage Wage Distributions by Level and Tenure

(Extended Sample Specification 2)

Between Between Between
$20K and $40K $40K and $60K $60K and $80K
Level Tenure Data Model Data Model Data Model
Level 1 1 59.1 55.2 40.5 44.2 0.4 0.6
2 54.5 55.2 44.7 43.9 0.8 0.9
3 55.8 57.2 44.2 414 0.0 1.4
4 54.2 56.8 45.8 415 0.0 1.7
5 64.1 67.4 35.9 31.6 0.0 0.9
6 69.2 68.7 30.8 30.1 0.0 1.0
7 75.0 69.6 25.0 29.0 0.0 1.0
Level 2 1 13.3 13.6 67.7 68.9 18.7 17.3
2 29.0 27.5 65.6 66.6 5.4 5.8
3 29.4 32.4 66.3 63.8 4.3 3.8
4 34.7 35.0 60.5 61.2 4.8 3.8
5 35.6 35.8 60.6 60.3 3.8 3.8
6 40.7 36.4 54.8 59.2 4.5 4.3
7 38.9 37.0 58.4 58.5 2.7 4.4
Level 3 1 6.9 0.8 36.8 32.7 48.9 35.8
2 5.3 1.6 45.7 43.1 43.1 34.1
3 4.1 2.3 64.2 64.8 30.2 24.6
4 45 3.7 72.4 75.1 22.4 17.0
5 4.2 4.3 74.9 76.9 20.1 15.5
6 55 4.9 77.7 77.5 16.5 14.7
7 3.7 5.4 775 77.1 18.8 14.7




TABLE A.11

Estimates of Model Parameters (Extended Sample Specification 2)

Asymptotic
Parameters Value Standard Error
Prior Distribution
11 (P11 = 0.440) -0.242 0.026
21 (P21 = 0.381) -0.486 0.034
a1 (Pa1 = 0.465) -0.140 0.018
51 (Ps1 = 0.350) -0.618 0.036
61 (Pe1 = 0.400) -0.407 0.032
o 0.123 0.011
02 0.284 0.041
03 0.317 0.058
Probability of High Output
o4 0.514 0.065
B1 0.457 0.011
o 0.543 0.006
B, 0.49059 0.013
o3 0.544 0.007
Bs 0.49058 0.010
Ratings Error
do 0.507 0.037
da(L1) -0.693 0.037
da(L2) -0.539 0.028
Output and Human Capital
cl, 2,546.379 60.027
b13(L2) - baa(L1) -921.611 44.749
Cl, 2,654.591 39.086
b15(L2) - bis(L1) ~1,222.480 42.863
C3, 2,528.019 47.190
Chs 1,981.858 118.413
Chs 1,749.285 5.412
Che 1,228.735 7.245
cZ 4,315.857 29.517
Che 1,511.991 20.117
¢z, 5,074.299 71.326
ba3(L3) - bas(L2) 1,586.090 22.701
c, 1,713.867 14.304
b3s(L3) - bas(L2) 352.196 50.346
cZ 3,544.000 645.993
bas(L3) - bas(L2) 182.064 0.047
cZ, 4,046.057 30.651
bs7(L3) - b(L2) 322.609 1.695
(oo 2,463.459 9.025
cs 4,727.139 7.344
1 2,025.335 108.838

C38



TABLE A.11 (Continued)
Estimates of Model Parameters (Extended Sample Specification 2)

Asymptotic
Parameters Value Standard Error
Exogenous Separation
N 0.136 0.003
N13 0.133 0.002
Nis 0.053 0.0001
Mot 0.181 0.002
My 0.148 0.001
Nas 0.132 0.0003
Na7 0.126 0.0003
Nat 0.134 0.001
Na2 0.146 0.001
Nas 0.118 0.0004
Parameters of wi(age,edu,year)
Wo11 8.398 0.006
oot 9.275 0.005
Wos1 9.140 0.008
Doar 8.904 0.010
Wo12 8.559 0.007
Doz 9.340 0.004
Wo32 9.217 0.006
o4z 8.990 0.008
Wo13 8.511 0.008
W03 9.317 0.008
o33 9.136 0.009
Doa3 8.849 0.013
D063 9.333 0.013
Bo73 9.172 0.011
Bos3 9.041 0.024
o103 9.508 0.008
o113 9.275 0.006
o123 9.904 0.009
w1 0.036 0.0001
2 —-0.0004 0.000002
W3 0.012 0.0005
D13 0.010 0.001
W23 —-0.0001 0.00002
D33 0.018 0.001
Wys5 —-0.062 0.003
Dys -0.114 0.004
©y7 -0.151 0.004
Dyg -0.222 0.003

Wyg -0.162 0.003



TABLE A.11 (Continued)
Estimates of Model Parameters (Extended Sample Specification 2)

Asymptotic
Parameters Value Standard Error
Coefficient on Tenure
®12 0.008 0.0003
Coefficients on Prior by Type
®1 2.767 0.040
®22 1.917 0.044
O3 1.487 0.018
®24 1.324 0.014
®25 3.228 0.083
26 2.196 0.046
®7 1.747 0.020
o 1.507 0.015
Wage Standard Deviations by Type and Level
on 0.087 0.001
on 0.069 0.001
o3 0.057 0.001
O41 0.043 0.001
O 0.081 0.001
o 0.057 0.001
o3 0.038 0.0005
Gar 0.036 0.0004
G13 0.112 0.001
G313 0.098 0.001

a3 0.135 0.002




TABLE A.12
Counterfactual Experiments: Importance of Experimentation for Wages
Baseline, Equal Informativeness as Levels 1, 2, and 3*

Wages in Each Case

Equal Informativeness as

Statistic Baseline Level 1 Level 2 Level 3
Means by Level
Level 1 $39,584 $39,763 $39,785 $39,791
Level 2 43,179 42,600 43,031 43,027
Level 3 48,963 48,818 48,874 48,881
Standard Deviations by Level
Level 1 $6,936 $6,902 $6,942 $6,945
Level 2 7,077 6,831 7,094 7,106
Level 3 8,046 7,971 7,890 7,914
Cumulative Growth Rates
Tenure 2 4.6% 0.9% 0.9% 0.9%
Tenure 3 8.9 17.6 9.3 9.3
Tenure 4 13.8 20.5 14.3 14.3
Tenure 5 15.9 21.6 16.6 16.6
Tenure 6 175 22.1 18.3 18.2
Tenure 7 18.5 22.2 19.2 19.2
Tenure 7 (Balanced Panel) 19.4 23.3 20.2 20.1

*Equal Info as Level: 1, o, =&, B, =B, k=2,3; 2, o, =Gy, B, =P,, k=13; 3, o, =Gy, B, =Ps, k=1,2



TABLE A.13
Counterfactual Experiment: Importance of Experimentation for Level Assignments
Baseline and Equal Informativeness as Level 2*

Separation Level 1 Level 2 Level 3
Equal Info. Equal Info. Equal Info. Equal Info.
Tenure Base. As L2 Base. As L2 Base. As L2 Base. As L2
1 0.0 0.0 100.0 100.0 0.0 0.0 0.0 0.0
2 14.5 14.5 45.7 84.8 39.8 0.6 0.0 0.0
3 26.5 26.9 17.2 14.6 47.3 49.1 8.9 9.3
4 37.1 37.6 8.1 6.0 29.2 29.7 25.6 26.7
5 45.3 45.9 5.3 3.6 18.3 18.1 31.2 324
6 515 52.2 34 2.2 12.6 12.2 325 334
7 56.9 575 2.7 1.7 8.3 7.9 321 32.9

*Equal Informativeness as Level 2: o, = Q.,, B, = [32, k=13

TABLE A.14
Counterfactual Experiment: Importance of Experimentation for Level Assignments
Baseline and Equal Informativeness as Level 3*

Separation Level 1 Level 2 Level 3
Equal Info. Equal Info. Equal Info. Equal Info.
Tenure Base. As L3 Base. As L3 Base. As L3 Base. As L3
1 0.0 0.0 100.0 100.0 0.0 0.0 0.0 0.0
2 145 145 45.7 84.8 39.8 0.6 0.0 0.0
3 26.5 26.9 17.2 15.3 47.3 48.1 8.9 9.7
4 37.1 375 8.1 6.5 29.2 29.1 25.6 26.9
5 45.3 45.8 5.3 4.0 18.3 17.8 31.2 324
6 51.5 52.1 3.4 25 12.6 12.0 32.5 334
7 56.9 57.4 2.7 1.9 8.3 7.8 32.1 32.8

*Equal Informativeness as Level 3: o, = a,, B, = [33, k=12

TABLE A.15
Percentage of High Ratings at Level and Conditional on Retention at Level or Promotion
Managers at At Level 1 At Level 2
Tenure Level 1 Level 2 Level 3 Retained  Promoted Retained  Promoted

1 52.7 - - 52.8 55.2 - -
2 34.8 58.4 - 30.3 37.4 54.1 4.7
3 19.6 43.9 84.1 16.9 235 40.9 51.5
4 11.8 26.2 54.3 10.3 19.0 24.8 35.7
5 2.4 18.7 50.0 3.6 0.0 16.2 21.7
6 3.7 12.5 43.4 0.0 25.0 11.9 16.1
7 0.0 13.0 37.1 0.0 0.0 121 9.1






