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Abstract

Large firms are subject to internal communication frictions. This paper develops a
theory to incorporate imperfect within-firm communication among input choices into
firm dynamics. Firms are modeled as teams of input managers who make decisions
based on segmented information. Using this framework, I provide a novel theory-based
test to identify communication friction from managerial expectation data. Applying
this methodology to managerial forecast data of US public firms yields strong evidence
consistent with the existence of imperfect communication between capital and labor
choices. Quantitatively, communication friction distorts capital-labor ratio and helps
match the low capital-labor correlation in the US data. Communication friction, along
with other information frictions, accounts for a substantial proportion of observed

dispersion in capital and labor, and generates a sizable 10% of aggregate TFP loss.
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1 Introduction

As the economy becomes more concentrated over time (Autor, Dorn, Katz, Patterson, and
Van Reenen (2020); De Loecker, Eeckhout, and Unger (2020)), frictions faced by large firms
become more important in aggregate (Gabaix (2011)). Yet imperfect within-firm commu-
nication is one of the large-firm frictions that has been abstracted from macroeconomics
studies. Despite strong evidence from micro organizational economics showing that com-
munication frictions abound within large organizations (e.g. Mian (2006); Giroud (2013);
Impink, Prat, and Sadun (2024)), macro firm dynamics models typically assume that (po-
tentially noisy) information is perfectly shared among the decision-makers within a firm. As
a result, little is known about whether and how communication friction should be modeled

in macro, and what aggregate consequences it could generate.

This paper studies the macroeconomic implications of imperfect within-firm communication,
leveraging the increasingly available managerial expectation data. Theoretically, I develop
a model that incorporates internal communication friction into firms’ dynamic choices of
capital and labor inputs. To capture communication friction, I model the firm as a team of
a capital manager and a labor manager, who are allowed to make their own decisions based
on different information sets. A key implication of the model is that the forecast error of a
manager’s decision (e.g. investment) can be predicted by the other manager’s past decision

(e.g. lag hiring) under communication frictions.

Motivated by this finding, I propose a novel methodology to identify communication fric-
tion between capital and labor decisions. The methodology relies on the sign pattern of
predictability of investment forecast error by past hiring (other manager’s decision) and by
past investment (the capital manager’s own decision). I show that communication friction is
necessary to match the pattern that the two predicatbilities are in opposite direction. In the
data of US public firms, I confirm the sign pattern of predictabilities is strongly consistent
with the existence of communication friction. In the quantitative exercise, I use this pre-
dictability pattern to discipline the parameters of information and communication frictions.
When the model is calibrated to match the data, my estimates suggest that information and
communication friction explains a larger proportion of capital and labor misallocation than

other firm-level frictions, and can generate a sizable aggregate TFP loss.

Theory I develop a model that embeds both imperfect information and imperfect commu-

nication into an otherwise standard problem of firms choosing capital and labor dynamically.



Motivated by Marschak and Radner (1972), I model the firm as a team of two managers, one
responsible for capital and the other for labor, both of whom choose their own input to jointly
maximize the firm’s lifetime profit. To capture communication friction, I allow the managers
to observe different private signals about the firm’s productivity, so that their information
sets are non-nested with each other. The capital and labor choices of the firm, together
with the belief dynamics of managers, are characterized by the Markov Perfect Bayesian

Equilibrium (MPBE) of this dynamic team production game with incomplete information.

Identifying Communication Friction from Expectation A key prediction of the the-
ory is that communication friction makes the capital manager’s investment forecast error
predictable by past decisions of both managers. Moreover, I show that communication
friction can make capital manager’s investment forecast error overreact to past investment
(which is the capital manager’s own decision) and underreact to past hiring (which is the
other manager’s decision) simultaneously. This unique opposite-sign pattern of forecast error
predictability cannot be easily matched by other behavioral and adjustment frictions, such
as extrapolative beliefs (Angeletos, Huo, and Sastry (2021)), cognitive discounting (Gabaix
(2020)), diagnostic expectation (Bordalo, Gennaioli, Ma, and Shleifer (2020)), and non-
convex adjustment costs. I show analytical and numerically that these frictions are much

more likely to produce same-sign pattern of forecast error predictability.

The intuition for this result is that under imperfect communication, the predictability by past
hiring and past investment convey different messages to the capital manager. Predictability
of investment forecast error by past investment reflects how the capital manager utilizes
his own past decision, a piece of information that he knows when he makes the forecast.
Absent communication friction, the labor manager’s past decision of hiring is based on same
information as investment and has similar information content. The predictability by past
investment and by past hiring reflect the common frictions or behavioral biases that both
managers face and therefore tend to be on the same direction. This symmetry is broken
under communication friction: the existence of labor manager’s private information makes
the capital manager interpret his own past decision and the labor manager’s past decision

differently, which can lead to opposite directions of predictability.

[ apply this test to the merged IBES/Compustat dataset, which contains both managerial
expectation and balance-sheet outcomes for US public firms. I document that the invest-
ment forecast systematically under-reacts to past hiring (i.e. high past hiring predicts large

investment forecast error) but over-reacts to past investment (i.e. high past investment pre-



dicts low investment forecast error), which is consistent with the existence of communication
friction. I show that this pattern cannot be matched by the models without communication

friction.

Quantification I then investigate whether or not communication friction is a quantita-
tively meaningful friction in aggregate. I first extend the framework to quantify the aggregate
effect of communication friction among adjustment costs and Hsieh-Klenow distortions. I
target a variety of moments to identify and discipline the sizes of each forces. In particu-
lar, the information friction parameters are disciplined by the predictability of investment

forecast errors by past hiring and by past investment, the key fact from the expectation test.

Our estimated model suggests that communication friction is a promising source of low
investment-hiring correlation in the US data. Under my parameterization, communication
friction alone can generate low, even negative investment-hiring correlation in the US data,
while none of the other frictions alone can break the perfect correlation between capital
and labor adjustments. This is because the existence of private information breaks the
perfect correlation between expectations of different managers. From the perspective of
Hsieh and Klenow (2009), these manager-level private signals should be regarded as a factor-
specific distortion that alters the capital-labor ratio and is a different type of distortion
from firm-level, common information, which affects all the inputs symmetrically. Ignoring
communication friction will likely overstate the importance of these factor-specific distortions

in firm dynamics.

A key difference between communication friction from other behavioral /information frictions
under common information is its ability to affect capital-labor ratio. I provide an analytical
decomposition of capital-labor ratio dispersion. I find that although communication fric-
tions generate large direct effect on capital-labor ratio dispersion, there is a large, negative
interaction between communication and adjustment friction that largely offsets the direct ef-
fect, making capital-labor ratio invariant to communication frictions. However, information
friction has large effects on capital and labor misallocation. Our decomposition shows that
information friction has a more significant contribution to MRPK and MPRN dispersion

than adjustment costs and distortions.

Related Literature This paper is related to four strands of literature. First, the theoret-
ical part of the paper is related to the literature that introduces incomplete information into

macroeconomic models (Woodford (2001), Angeletos and Lian (2016), Angeletos and Lian
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(2018), Angeletos and Huo (2021)). My paper makes two contributions to this literature.
First, the existing literature has been focusing on introducing information asymmetry across
households or firms,! while my paper applies this modeling technique to study within-firm
frictions. Second, this literature is largely theoretical and does not provide empirical evidence
for imperfect common knowledge. My paper provides a novel methodology to empirically
identify communication friction from the expectation data and shows evidence in support of

communication friction.

Second, the empirical methodology I develop to identify communication friction belongs
to the empirical literature that investigates the expectation formation process through the
lens of predictability of forecast errors (Coibion and Gorodnichenko (2012, 2015)). Most
works in this literature focuses on firm’s macroeconomic expectations. Some recent works,
notably Ma, Ropele, Sraer, and Thesmar (2020), Barrero (2022) and Asriyan and Kohlhas
(2024), study the distortions in the sales expectation of firms, while my paper focuses on
investment forecasts. My paper jointly tests the predictability of investment forecast error
by past investment and by past hiring and documents simultaneous under- and over-reaction
patterns in investment forecast. This is closely related to Kohlhas and Walther (2021), who

documents simultaneous over- and under-reaction of expectation in a different context.

Third, my work contributes to the organizational economics literature (Malenko (2022)) by
investigating how the communication friction affect the managerial expectations. Previous
works in this literature document evidence for imperfect communication in two ways. One
strand of literature (e.g. Dessein et al. (2022); Impink et al. (2024)) utilizes rich internal
datasets that involve highly confidential information such as meeting transcripts, emails and
hierarchical details, for a limited number of firms. Such evidence is hard to obtain at a
large enough scale for quantifying macroeconomic consequences. In contrast, my method-
ology relies on managerial expectation, which is increasingly available for a wider range of
firms.?2 Another strand of literature proxies communication friction by distance or travel
time and reports evidence for a wider range of firms (e.g. Mian (2006); Giroud (2013)). My
methodology does not rely on geographical variations and can be more flexibly applied to

same-location teams with multiple decision-makers.

Lastly, my paper is closely related to the literature that studies the linkage between infor-
mation friction/uncertainty and misallocation. Previous work, such as David, Hopenhayn,

and Venkateswaran (2016) and David and Venkateswaran (2019), quantifies the contribution

LAn exception is Lian (2021), who studies coordination frictions among multiple decisions of households.
2For a recent survey, see Bachmann, Tapa, and van der Klaauw (2023).



of information friction to misallocation under two types of internal information structure:
either there is a firm-level noisy signal that is commonly known by the managers, or the labor
decision is made ex post and only capital decisions are subject to information frictions. My
paper generalizes the analysis and can accommodate any given information structure within
the firm. Previous works on uncertainty-driven firm dynamics, such as Bloom, Floetotto,
Jaimovich, Saporta-Eksten, and Terry (2018), focus on firm-level uncertainty. My paper
shows the importance of subordinates’ uncertainty in explaining firm dynamics (which echoes
the large within-firm variation in management practices documented by Bloom, Brynjolfs-
son, Foster, Jarmin, Patnaik, Saporta-Eksten, and Van Reenen (2019)) and highlights the
difference between information and communication friction (Bloom, Garicano, Sadun, and

Van Reenen, 2014) in firm dynamics.

Layout The remainder of the paper is organized as follows. Section 2 presents the theory.
Section 3 describes the empirical test for within-firm communication friction and applies
it to U.S. public firms. Section 4 quantifies the aggregate implications of communication

frictions, discussing parameter identification and calibration results. Section 5 concludes.

2 Model

In this section, I describe the model of dynamic input choices under communication friction.
Throughout the paper, there is no aggregate uncertainty, so that all the aggregate variables
are fixed at their steady-state values in equilibrium and are common knowledge to all the

agents in the economy.

Household There is a representative household in the economy, who has standard prefer-
ence on final-good consumption, discounts future consumption utility by a discount factor
B and supplies a fixed amount of labor N to the firms at a wage rate W,. He can save in a
risk-free bond at a real interest rate r in each period. The household chooses how much to
save and consume subject to a budget constraint. In a stationary equilibrium, consumption
is constant over time, and by the Euler equation, we have 3(1+r) = 1. The only role of the

household sector is to close the model, and it is not essential to the analysis.



Final-Good Producer There is a final good producer who combines intermediate goods
{Y};;} into final good Y; by a CES technology

Yy = (/Ol(AitYit)eel) - (1)

where A;; can be interpreted as an idiosyncratic productivity shock on intermediate-good

producer i or a demand shock on the product ¢, and € > 1 is the parameter for elasticity of

substitution.

The price of final good is normalized to one. Given price {P;}, the final good producers
choose how much intermediate goods to purchase from intermediate-good producers. This

yields a standard demand curve
Y, ‘ 1-1
= () A )

Intermediate-Good Producer There is a continuum ¢ € [0, 1] of intermediate-good pro-
ducers in the economy. Each producer ¢ has a constant-return-to-scale production function

to combine capital and labor inputs into intermediate goods:
Vi = KGN (3)

where a € (0,1) is the parameter for capital share. Each producer ¢ operates in a standard
monopolistic competition environment: it internalizes the demand function (2), so that
its revenue can be expressed as a decreasing-return-to-scale function of capital and labor,

denoted as R(K;;, Ny; Ai):
R(Kita Nig; Ait) = PuYy = YtEA;:EY;TE = YtEAiltigKglNgQ (4)
where &; = a(1 —1/¢) and do = (1 — a)(1 — 1/¢).

Producer i’s cost of production includes two parts. First, the firm pays the rental cost of

capital and hiring cost of labor. Additionally, the firm faces convex adjustment costs

& (I ’ & Hi
> -9 K d = N;
2 \ Kt -1 e Nit-1 -t

where Iy = Ky — (1 — 0)K; ;-1 is investment and H; = Ny — N;;—1 is hiring. &, and



&, are parameters that control the slope of marginal adjustment cost for capital and labor

respectively. Putting everything together, the cost function C(Kit, Nit; K1, Nit—1) is

C(Ki, Nit; Kiy—1, Niy_1) = R Ky + W,N, PN U 2K 4o (A 2N
ity Vgt Lhgt—1,LVet—1) — LU Ldqt tiVit 9 Ki,t—l i,t—1 2 Ni7t_1 i,t—1

where ¢ is the deprecation rate, and R; is the rental rate of capital, which is equal to r + ¢

in a stationary equilibrium.

Denote profit function IT(K;, Nig; I 41, Nig—1, Ai) = R(KGy, Nigy Air) —C(Kir, Nits Kip—1, Nig—1).

Under full information, the firm’s input choices are characterized by the Bellman equation

V(Kit—1, Nig—1;Ai) = nax (K, Nigy Kip—1, Nig—1, Ai) + T
itydVe

E[V(Kiu Nit; Ai,t—i—l) |Ait]
(5)

To facilitate my later discussions, it is useful to think of the firm as a team of two managers,
one in charge of capital decisions (I call him the Capital Manager) and the other in charge
of labor decisions (I call her the Labor Manager), who share the common objective of max-
imizing the firm’s lifetime profit. Hence, the capital and labor policy function that solves
the firm’s Bellman equation (5) are equivalent to a Markov Perfect Equilibrium (MPE) of a
dynamic team production game (Marschak and Radner (1972), Chapter 7), in which

e Given the labor manager’s policy Nj, the capital manager’s strategy K;; is the one

that solves the Bellman equation
1
Vk(Ki,t—l, Ni,tfl; Ait) = m}?X H<Kit> Ni; Ki,tq? Ni,tfla Ait)+1—+TE[Vk(K, Ni; Ai,t+l)’Ait]

(6)

e Given the capital manager’s policy Kj;, the capital manager’s strategy N;; is the one

that solves the Bellman equation

E[Vn(Kita N; Ai,t+1)|Ait]
(7)

VK1, Nig—1; Ay) = m]\z%x (K, Nigs Kip—1, Nig—1, Ait>+1 e

Equation (6) and (7) are the manager-level Bellman equations that characterize the firm’s in-
put decisions. This reformulation gives us more flexibility to accommodate incomplete/asymmetric
information between managers within the firm and makes it easier for us to analyze a richer

internal information structure within the firm.



Information The only source of uncertainty in this simple model is the idiosyncratic firm

fundamentals A;. I assume that the log of A;;, denoted as a;;, follows an AR(1) process
. iid
it = Paii—1 + i, With p, ~ N (0, UZ) (8)

The firm managers know the data generating process in (8) and treat the objective distribu-
tion of p; or a; as the prior. However, the true value of a; is never fully revealed to the firm
and its managers.® Hence, when making decisions, the capital and labor manager of firm 4
need to learn dynamically from the Gaussian noisy signals they receive to form expectations
about the “latent variable” a; over time using Kalman filters, which I will specify later in
detail.

The key friction is that I allow each manager’s decision to be dependent on different, non-
nested information sets. Formally, let Z% denote capital manager’s information set in period
t, and Z}; denote the labor manager’s information set in period ¢. In particular, I allow the
possibility that ZF # Z" and are not a subset to each other. This captures the notion of
imperfect communication within the organization: with imperfect information sharing, the

managers’ information sets do not perfectly overlap.

I now specify the elements in the managers’ information sets Z% and Z%. T assume that there
is a piece of firm-level information af,, which is a noisy signal of the firm’s fundamental a;

and is commonly known by the managers (i.e. al, € ZE UZ!):
ay = ay + €, with €, ~ N(0, Ue,p) (9)

For the non-nested part of the information set, I assume that each manager m € {k,n} is
endowed with a private, noisy signal a}} about a;:
al = ay + €y, with € %I N(0,0?,,) for m € {k,n}. (10)

(2

The signal noises €%, %, ¢” and the innovation in the firm fundamental p;; are independent

to each other. In each period, the realization of a¥ and al} are private to the capital and
labor manager respectively, but the data generating process of the signals, (9) and (10), are

commonly known by the managers.

The standard deviations of the signal noises, (0, 0k, 0c,), define the internal information

3This is different from the setup in David, Hopenhayn, and Venkateswaran (2016) and David and
Venkateswaran (2019), where the lagged firm fundamental a; ;1 is fully revealed to the firm in period
t.



structure of the firm and are the key parameters to pin down in the quantitative analysis.
This parametrization gives us a parsimonious way to model the degree of information seg-
mentation within the firm. For example, if we make the private signals to be extremely
noisy, i.e. 0., — oo for m € {k,n}, then the managers will put essentially zero weight on
private signals when they apply Bayes’s rule to update their beliefs, and the firm’s behavior
is as if the firm is endowed with a public information only and the managers’ information set
perfectly overlaps. On the other hand, if 0., — oo while o.,, > 0, then the managers will
not rely on the firm-level signal to update their beliefs, and it’s as if the firm is operating on

a non-nested information structure.

Since the realization of signal aj} is private to manager m and both managers choose their
decisions simultaneously, the action that manager m takes in period ¢ is not known by the
other manager m’, and vice versa. However, I assume that at the end of each period t,
the actions taken by the managers in period ¢, K; and N, are revealed to both managers
and become public information. This assumption allows the managers to use the observed
actions in the previous period to update their beliefs about the unknown fundamental a;
and the other manager’s action in the current period, which simplifies the characterization
of the equilibrium concept. Formally, putting everything together, we can express the law

of motion for the managers’ information sets Z and Z? as

Iilff = Iﬁt—l U {azz?b a?ta Ni,t—l} and T} = Iz??t—l U {aft’ ag, Ki,t—l} (11)

Equilibrium Under communication friction, the firm faces a dynamic team production
problem with incomplete information. The firm’s input decisions can therefore be interpreted
as a Markov Perfect Bayesian Equilibrium (MPBE), in which

e Given labor manager’s policy function Ny(-), capital manager’s policy function K :

Tt — R solves Bellman equation

Vk(Ki,t—la Ni,t—l;Iﬁ) = m}f{xxE [H(K7 Nz‘t(SZt)% K1, Ni,t—h Ait) + ka(Ku Nz‘t(sﬁ);zftﬂ)‘zﬂ
(12)

where s7; is the signal realization of the labor manager in period ¢, and

e Given capital manager’s policy function Ky (-), labor manager’s policy function Ny :

10



I — RT solves Bellman equation

Vn(Ki,tfly Ni,t—l;lﬁ) = m]\z%x E, [H(Kit(sft), N; Ki,tfla Nz’,t—l, Ait) + ﬁvn<Kit(3§t)a N;I;Ltﬂ

(13)

where sf is the signal realization of the capital manager in period ¢, and

e In period ¢, each manager updates his/her belief about a;; using his/her observed signals
and the past actions K; 1, IV;¢—1, consistent with the policy function Ky (-), N (-) and
the Bayes’s rule.

The advantage of using MPBE in (12) and (13) to characterize firm’s behavior lies in its
flexibility of accommodating essentially any possible internal information structure of the
firm. This flexibility makes it a more general model and nests two classes of extensively
studied models in the firm dynamics literature. One is the models based on full-information
rational expectation (FIRE), as in (5) or (6) and (7) above. They can be regarded as
a special case of (12) and (13), with ZF = II = {ay,a;4—1, - ,ai}, i.e. the true firm
fundamental is always revealed to both managers. Using our parameterization (9) and (10)
above, this full-information benchmark maps to the limit o, — 0 and o.,, — oo for
m € {k,n}. Another class of models are the ones based on common, noisy information, as
in David, Hopenhayn, and Venkateswaran (2016).* Although it is a useful benchmark to
analyze the effect of uncertainty and imperfect information on firm dynamics, it presumes
that that imperfectly observed information is frictionlessly shared and communicated within
the organization. From the above discussion, this is again a special case of the current
framework, with Zt = Z% = {af,,--- ,ak,}. Using our parameterization (9) and (10) above,
this noisy, common information benchmark maps to the limit o, € (0,00) and o, — 00
for m € {k,n}. Hence, the firm dynamics implied by noisy, common information models is
also contained in (12) and (13).

Equation (12) and (13) illustrate that the managers face two types of uncertainty when
they are making their own decisions. For the capital manager, apart from the fundamental
uncertainty about a; or A;, he faces a strategic uncertainty about the action of the labor
manager N;;, which is measurable to labor manager’s information set only. The source of

this strategic uncertainty is the fact that information is not perfectly shared within the firm,

4More precisely, David et al. (2016) studies two extreme cases, where (1) imperfectly observed information
is perfectly shared among capital and labor managers, and (2) labor decisions are made ex post and fric-
tionlessly, and only capital decisions are subject to information friction (which is also the main specification
of David and Venkateswaran (2019)). The latter case is also a special case of the current framework, with
the capital manager’s information set is a subset of the labor manager’s information set. My paper can be
regarded as providing a smooth version of information friction between these two extreme cases.
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so that there is labor-specific information that is only known to the labor manager and
not to the capital manager. This strategic uncertainty affects capital manager’s decision
because labor manager’s action affects both the marginal revenue product of capital and the
continuation value of the capital manager, and therefore capital manager has an incentive

to form expectation about N;; to guide his own decision about Kj;.

Log-Quadratic Approximation The third requirement of an MPBE requires that the
belief dynamics of both managers are consistent with the policy function and Bayes’s rule.
It is a difficult task to analytically characterize or compute the evolution of beliefs since it

is an infinite-dimensional object.

Here, I get around this technical challenge by doing a Woodford (2003)-type log-quadratic
approximation on the profit function with respect to (K, Ny, K 1—1, N; -1, Air) around their
frictionless steady-state values.” I can therefore express the log-quadratic approximated
profit function m; as a quadratic function in terms of the log deviations of capital, labor and
firm fundamental from their own frictionless steady-state value. Denote these log-deviation
values as k., n; and a; respectively, and define investment (rate) as v;; = ki — ki1 and

hiring (rate) as hy = ny — n; 1. The approximated profit function can be written as
T(Lit, hie; T3t) = T} Py + 04,Quig + 2 Rhyy + HoiZ, + Hoptghy + Hyh (14)
where z = [kit—1,ni-1, 0] is the state vector of the firm with a law of motion
Ty = Ax;y—1 + By + Chiyy + Dy (15)

and matrices A, B,C, D, P,Q, R, H,, H, and H,, are constants imputed from the frictionless

steady-state values and model parameters. The derivations of (14) are left to Appendix A.1.

Characterization of Linear MPBE The log-quadratic approximation of profit function

allows us to characterize a linear MPBE analytically.

Plugging (14) and (15) back into the manager-level Bellman equations (12) and (13) trans-
forms the original problem into a linear-quadratic (LQ) control problem, with investment ¢;

and hiring h;; as control variables and z;; as the state vector. An immediate implication of

5By frictionless, I mean the case where there is no information friction and adjustment friction, i.e. a; is
fully revealed to the firm, and & = &£, = 0.
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the LQ control is that the policy function is linear and certainty equivalence holds:

Lemma 1. With the log-quadratic-approzimated profit function (14) and the law of motion

for state (15), we have

1. The policy function for the full-information MPE in (6) and (7) takes the form

k n a
it = Fay=F"kiz1+F'ni+ Flagy

k n a
hie = Fpay = F)kiq + Fyng1 + Fyag

where the policy matrixz F,, Fj, can be solved by iterating forward a pair of Ricatti equa-
tions;
2. The policy function for (12) and (13) under communication friction takes the form

L

hit = FhE[xzt|IZ] = F,fk’i,t_l + F}?ni,t_l + F;:(AZZ/ (17)

Lig = FLE[xit‘Iikt] = Fkki,tfl + F'ngq + Ffdft (16)

where F,, Fy, are the same policy matriz as in the full-information MPE, and af, =
Elay|ZE] and a = Elay|Z?] are the posterior mean of capital and labor manager’s

first-order belief on a;.
Proof. See Appendix A.3. O]

The linearity of (16) and (17), together with the Gaussian structure of p;; and signal noises,
significantly simplifies the characterization of the belief updating process for two reasons.
First, the Gaussian shocks and noises imply that tracking the first and second moment is
sufficient for the characterization of belief dynamics, which significantly lowers the dimen-
sions needed for the computation. Moreover, the linearity of policy functions makes actions
jointly Gaussian with firm fundamentals and signals, and the managers can simply treat the
other manager’s lagged action as a noisy signal of the firm fundamentals and learn from it
in the same manner as from other signals. For instance, in period ¢, with (17), the capital

manager forms belief about the labor manager’s action h; by
1t = BlhalT8] = Fkip—y + Finie—y + FRE[as| 2] (18)

Equation (18) is an important equation. It sends us two important messages. First, it

tells us that the capital manager’s belief about the labor manager’s action is linear on his

13



high-order belief about labor manager’s nowcast on a;, and therefore it is necessary for him
to track the evolution of both first-order beliefs ax|Z} ~ N(ak, >F) and high-order beliefs
It ~ N (&Ef ’"),25’“’")) along the belief updating process. Second, it tells us that the

elasticity of hiring to firm fundamental, F}, directly enters the belief formation process by

~N
Qg

affecting the nowcast error h;; — ﬁft This channel of policy matrix affecting beliefs will be in
effect if and only if there is information asymmetry between the managers: if the information
is symmetric within the firm, the capital manager knows that the labor manager shares the
same information with him, which allows him to know the labor manager’s action exactly,
ie. hy = izft Similarly, the labor manager updates her beliefs using capital manager’s past
action and policy function (16) in a MPBE. For that purpose, she will need to track her first-
order belief ait‘Iﬁ ~ N(a%, ") and high-order belief ak|Zn ~ N (dz(-f k) f]l(tnk)) dynamically.

. . . . g Ak, s A(nk
The following lemma characterizes the evolution of the posterior mean a¥, agt ™ and agy, agf )

for a given pair of policy matrices (F,, Fy).

Lemma 2. For a given pair of policy matrices F, and F}, the posterior first-order and

' sk a(km) an s(nk)
high-order mean a3, a;,"", ay,a,, ~ evolves by

~ ~(kn Ak — Ak\—
al = " = (@) + G (o — H(@})") (19)
M ~(n,k AT\ — mn n AT\ —
Gy = az(t )= (@) + Gy (Zit — H(ag) ) (20)
where & = [ab,, k), 2 = [d%, al]', H = [1,1], with the Kalman gains being
. . -1 R . 1
Gl = (S5 H' [H(SH H + W] and G} = () H' [H(S) " H + W]

and the pre-estimates (%)=, (a%)~ are given by

@) = plat )" = plaky I (i = )| (21)
(dZt—1)+ = p [ai,t—l + Jf—l(bi,tfl - ZZt—l)] (22)

with the Kalman gain being

S s (k,m (k) ma -1 n S (ko X(k,n) a -1
th—l = (Ef—l - Ez(f—l)) [Ez(t—l)Fh} and Ji* | = (Et—l - El(f—l)) [Ez(t—l)F }

The evolution of the first-order and higher order uncertainty (f]f, f]?, EE"?”)) 15 defined by a
triplet of Riccati equations (AG), (A7) and (A8) in Appendiz A.2.

Proof. See Appendix A.2. O
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In Lemma 2, the belief updating from period ¢ — 1 to ¢ is done in two steps. In the first
step, the managers observe the other manager’s action in the previous period, h;;—; and
tit—1, and use them to form a pre-estimate (af)~ and (aZ)~, according to (21) and (22). In
the second step, the managers use the signal realization in period ¢t to update their beliefs
on top of these pre-estimates, following equation (19) and (20). Note that the first step of
belief updating exists if and only if the managers’ information sets are non-nested. Absent
asymmetric information, there would be no strategic uncertainty between managers, so that
hit—1 = h¥,_; and the equation (21) degenerates to (al;)~ = pal, ;. In that case, the
labor manager’s action h;,_; is already contained in the capital manager’s information set
in period ¢ — 1, and hence revealing h;;_; to the capital manager doesn’t give him additional

information about the unobserved firm fundamental.

Now we have all the ingredients to characterize a linear MPBE associated with (14) and

(15).

Lemma 3. A linear Markov Perfect Bayesian Equilibrium is a set of policy (F,, Fy) and
beliefs (ak, K, (a2, ,7), (a l(f ™ s and (dgf’k),iﬁn’k)) such that

e Beliefs are consistent with strategies: Given policy (F,, F), the capital and labor man-
agers’ update their beliefs (ak,SF), (an,Sm), ( ”),2§’“’”)), and (dz(f”“’,iﬁ"”“)) by the
Bayes rule, according to Equations (19) to (20) in Lemma 2;

e Strategies are consistent with beliefs: Given the beliefs (a%, ¥F), (a7, M), ( k), 2§’“’”)),
and (a ”’“),2,5”’“ ), the policy matrices (F,, Fy) solves the Bellman equations (6) and
(7), and the policy function for investment and hiring satisfy (16) and (17), as in

Lemma 1.

The linear MPBE in Lemma 3 implies a law of motion for the joint distribution of action,
expectation and state, namely, the vector = [ki, ny, ak,a%, ay)'. A stationary equilibrium
requires this distribution to be at its stationary distribution. The computation of this sta-
tionary distribution is essential to the quantitative analysis in Section 4 and the details of

computation are left to Appendix ?7.
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3 Identifying Communication Friction

In this section, I describe the empirical strategy of identifying communication friction from

managerial expectation data and implement the methodology to U.S. public firms.

3.1 Communication Frictions and Managerial Expectations

The key object that maps the theory to data is the investment forecast error, defined as the
difference between actual capital investment ¢;; and the capital manager’s one-period-ahead
forecast of capital investment, Ff’tfl[%]. Note that the expectation operator Fﬁtfl is allowed
to deviate from rational expectation, but for now let’s assume that Fﬁt_l is the same as
rational expectation Eﬁt_l = E[-|Ift_1], in the sense that the capital manager updates his
beliefs following the Bayes’s rule with correct perception of model parameters (such as the
persistence of productivity p). From the linear investment decision rule (16) and the belief
updating equation (19) and (21) for the capital manager, we have the following proposition

that characterize the structure of investment forecast error:

Proposition 1. In a MPBE defined in Lemma 3, the investment forecast error of firm i
takes the form

Lit — Eﬁt_dbit] = 51(@i,t—1 - &f,t—l) + 52(hi,t—1 - ﬁit—l) + 53([‘[/%5 + wﬁ) (23)

where B, B2 € R and B3 € RY™? are constants in terms of the policy matrices F,, F}, as in

Lemma 1 and Kalman gain matrices G, G", J*, J" in Lemma 2.
Proof. See Appendix A.4 m

Proposition 1 shows that the investment forecast error has three components. The first term
captures the fundamental uncertainty that the capital manager faces. It is the gap between
actual productivity a;;—; and the capital manager’s expectation in period ¢ — 1 about the
productivity in that period. As long as the capital manager is uncertain about the true
productivity in period ¢ — 1, this gap will not be zero. The third term Bs(H i +wk) collects
all the time-t productivity innovations and signal noise, which are orthogonal to information

on or before period t — 1.

~

The second term, B5(his—1 — hf,_,), speaks directly to the communication friction. It is the
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gap between actual hiring in period t—1 and the capital manager’s expectation in period ¢t —1
about h;;_;. Absent communication friction, this term will always equal to 0, as the capital
manager knows that the labor manager’s decision is based on the same information as his,
so that he has no problem of knowing the labor manager’s decision in ¢ — 1. His expectation
l}f’tfl will therefore be exactly the same as h;;—;. In that case, the model degenerates to the
standard noisy-information environment, as in Angeletos and Lian (2016): the investment
forecast error can only be predicted by the productivity nowcast error, which reflects the
manager’s uncertainty in productivity. If communication is frictional within the organization,
the capital manager does not observe the exact h;,_; in period ¢ — 1 because of the labor
manager’s private information, and as a result, his belief about the labor manager’s action
in that period is generally not the same as what the labor manager’s actual decision, making

this strategic uncertainty contribute to the investment forecast error.

Equation (23) is the key equation that motivates the empirical strategy of identifying commu-
nication frictions. Before taking the model to the data, I make one additional manipulation
o (23). Since the productivity expectations are not available in the data, I use the capital
manager’s sales nowcast error y; 1 — gjéft_l to replace a;;—1 — dﬁt_l in (23). Following from

the Cobb-Douglas revenue function (4), the logged sales y; ;1 satisfy
Vi1 = (1= 1/€)ai—1 + ik 1 + Gonip—q
and therefore the capital manager’s sales nowcast error in period ¢ — 1 can be written as
N ~k A Tk
Yig—1 —Yiy1 = (1 —=1/e)(ait—1 — ai,t—l) + Qo (hir1 — hi,t—l)

i.e. it is a linear combination of the productivity nowcast error and the hiring nowcast error.
Plug it into (23), we get a model-implied relationship between investment forecast error, lag

sales nowcast error, lag hiring nowcast error, and time-¢ innovations/noise:
Lit — Eit—l[bit] = Br(hig—1 — hf,t—l) + By(Yi-1 — ?Jﬁtq) + Vit (24)

Equation (24) makes it possible for us to utilize the managerial expectations on capital

investment and sales to test the communication frictions within the firm.
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3.2 Identification Strategy

Equation (23) and (24) imply that, in presence of productivity uncertainty and communi-
cation frictions, investment forecast error can be predicted by past variables. I consider the

following two regressions:

bit — Eﬁtfl[bit] = thz’,tq + By (Yi—1 — g£t71> + Vit (25)
and
Lit — Ef’tfl[bit] = Babi,t—l + By (Yit—1 — ?)ﬁt,l) + vy (26)

The coefficients of interest are ), and f3,. The following result characterizes the relationship

between these regression coefficients and communication frictions within the firm.

Proposition 2. The regression coefficients Bh and BL have the following properties:

1. Without communication frictions, Bh = BL =0.
2. Under communication frictions, B, and B, need not be zero. In particular, communi-

cation frictions can generate an opposite-sign pattern: Bh >0 and BL < 0.

To prove and illustrate intuition for this result, following Frisch-Waugh-Lowell theorem and

equation (24), I express the regression coefficient Bh as

cov[My (i1 — ﬁfi‘it—l)a Myhi 1]
var(Myhi 1)

Br = B (27)

where M, is the residual matrix of sales nowcast error y; ;1 — sz,tq- The residualized hiring
surprise B M, (hit—1 — izﬁt_l) is the component of investment forecast error that cannot be
explained by the sales nowcast error and correlates with hiring in ¢ — 1. The coefficient
regression 8, therefore captures whether the revelation of lagged hiring provides additional
information to the capital manager beyond the firm-level news reflected in sales surprise.
Apparently, without communication friction, lagged hiring is contained in the capital man-
ager’s information set in period ¢ — 1, and the hiring surprise h; ;1 — ﬁfitfl is always 0,
making 8, = 0. Having a nonzero (3, distinguishes communication frictions from models
with common, noisy information, no matter whether the signal noise is exogenous (as in
David et al. (2016)) or endogenously generated from costly information acquisition (as in
Gabaix (2014)). It also distinguishes communication frictions from mechanisms that can

be nested in the current setup (with approximated profit function (14) and (15)), such as
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convex adjustment costs, time-to-build and Hsieh-Klenow-type distortions: none of them

can generate a nonzero [, by themselves without communication frictions.

Allowing for communication frictions makes it possible for 3, to be nonzero. Assuming pa-
rameter (3, > 0, a positive regression coefficient Bh means the capital manager’s expectation
in period t — 1 is underreacting to hiring. The intuition is in the same spirit of Coibion and
Gorodnichenko (2015): because of communication frictions, labor manager’s hiring decision
in period ¢t — 1 is not fully internalized by the capital manager in period ¢t — 1, and therefore
the investment forecast of the capital manager Ef’tfl[qt] does not fully incorporate hiring.
The labor information will only be available to the capital manager in period ¢t and will be
reflected in the actual investment ¢;;. This creates the positive predictability of investment

forecast error by past hiring.
Similarly, the regression coefficient 3, can be expressed as

~ CO'U[My(hi’t,1 — ﬁit—l)a Mybi,tfl]

/BL = Bh UCLT(MyLm_l) (28)

Without communication friction, the residualized hiring surprise is always 0, making 3, =
0. Communication frictions can lead S, to be nonzero. Furthermore, it is possible for
the regression coefficient B, to be negative under communication frictions if the correlation
between residualized hiring surprise and investment is negative. This negative correlation is
plausible when the firm-level public information is noisy: in that case, the capital manager’s
decision and expectation in period t—1 are mainly driven by his private information, which is
not fully internalized by the labor manager in her labor decision h;;—;. If a high investment
tit—1 is due to a high realization of capital manager’s private signal, it is likely to associate
with an optimistic hiring expectation }Azm,l by the capital manager and a low actual hiring
from the labor manager, generating a small or even negative hiring surprise. This mechanism
makes it possible for the correlation between hiring nowcast error and investment to be

negative.

The opposite sign pattern established in Proposition 2 is a unique property of communication
frictions that cannot be easily reproduced by other behavioral and adjustment frictions that
can generate a nonzero coefficient in 3, and Jor f,. To illustrate this, I mute communication
frictions between managers for now and analyze the sign pattern of regression coefficients
under two alternative mechanisms: non-rational behavioral expectations, and non-convex

adjustment costs.
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Sign Pattern under Behavioral Frictions I consider replacing the rational expectation

operator E;; by a “behavioral” expectation operator IF;; with an ad-hoc belief updating rule
Filair)| = pAFi1—1]aii—1] + G(sit — pAF;1—1]ai1—1]) (29)

where s;; = a;;+¢e; is a noisy signal of productivity. Following Kohlhas and Walther (2021), T
allow the Kalman gain G > 0 to deviate from the Bayesian Kalman gain, and the parameter
A € [0,1/p] to be different from unity so that it captures over- and under-extrapolation, i.e.
the perceived persistence of productivity shocks can be higher (A > 1) or lower (A < 1) than
the actual persistence. This behavioral expectation nests a number of behavioral distortions
considered in the literature, such as diagnostic expectation (Bordalo et al. (2022)) and belief
extrapolation (Barberis et al. (2015); Barrero (2022)).

Under belief updating rule (29), the investment forecast error can be written as
vit — Fig1[ta] = FpG (a1 — Figafai—1]) + F'Gp(1 — NFy_1]aie 1] + vit (30)

The following proposition characterizes the sign pattern of Bh and BL for non-Bayesian

Kalman gain G and extrapolation parameter \.

Proposition 3. The regression coefficients B, and f, have the following properties if both
capital and labor managers observe the same noisy signal s;; and form beliefs with the behav-

1oral expectation F;:
1. If X\ =1, then B, = B, = 0 for any Kalman gain G, signal noise o. and convex
adjustment cost parameters (§x,&n);

2. Without adjustment cost (& = &, = 0) nor communication friction, there exists G > 0
such that

(a) the signs of B, and B, are always the same as the sign of 1 — X for G > G.
(b) the signs of By and 3, are always the same as the sign of A — 1 for G < G.

Proof. See Appendix A.5. O]

The proof and intuition of Proposition 3 are straightforward. First, from equation (30), we
can see that the only reason why the regression coefficients Bh and BL are nonzero under

belief F;; is the second term on the right hand side of (30), which captures the gap between
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Figure 1: §, and /3, with Adjustment Cost, Common Noisy Info & Extrapolation
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Note: In the left panel, blue dots are plotted from 4,096 model simulations with parameters (§x,&n, 0e,p, A) € [0,1] X [0,1] X

[0.1,5] x [0.8,1.07], equally spaced on each dimension. In each simulation, I simulate a panel of 1,000 firms for 500 periods

and run the regressions (25) and (26). In the right panel, blue dots are plotted from 4.096 model simulations with parameters

(0e,ps Te k> Ten, A) € [0.1,5] x [0.1, 5] x [0.1,5] x [0.8,1.07], with adjustment cost parameters &, = &, = 0.1.

the perceived and actual persistence of productivity. If we mute this extrapolation channel
by setting A = 1, the residualized investment forecast error should not be predicted by any
t — 1 variables, including lagged hiring and investment. The non-Bayesian Kalman gain G

plays no role in this case.

When beliefs are extrapolative, the regression coefficients Bh and BL can be nonzero. How-
ever, extrapolative beliefs tend to give us a same-sign pattern for Bh and BL rather than
an opposite-sign pattern as under communication frictions. Under perfect communication,
both the investment ¢;,—; and hiring h;,_; are known by the capital manager in period ¢ —1;
additionally, since capital and labor are complements, the past investment and past hiring
convey similar message about the productivity to the capital manager by themselves. As a
result, the belief extrapolation of the capital manager, which generates the predictability by
past investment and hiring, will bias the capital manager’s interpretation of investment and

hiring towards the same direction.

The analytical result in Part 2 of Proposition 3 assumes no adjustment costs. With adjust-
ment frictions, the regression coefficients can no longer be solved analytically. The left panel
of Figure 1 plots model predictions on (3, and f, by simulating the model with adjustment
cost, common noisy information and extrapolative beliefs. We can see that all of the 4,096
simulations lie in the first and third quadrant, with 3, and 8, having the same signs. This

reaffirms the point that opposite signs in 3, and §, are unlikely to be reconciled with models
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under perfect communication. For comparison, the right panel of Figure 1 evokes commu-
nication friction on top of extrapolative belief F;; and plots the model-implied regression
coefficients (3, and f3,. We can see that most of the simulated coefficients (Bh, BL) fall on the
fourth quadrant with B, > 0and f, <0, the quadrant where the US data lies at. It’s much

easier for models with communication frictions to match the opposite-sign pattern.

Sign Pattern under Non-convex Adjustment Cost Besides behavioral distortions,
non-convex adjustment costs in capital and labor can be another reason why Bh or BL is
nonzero under common information: since fixed adjustment cost creates lumpiness in ad-
justment, each nonzero investment picks up information since last adjustment, making it
possible for past hiring or investment to predict future forecast errors in investment. Can
non-convex cost indeed generate nonzero regression coefficients and reproduce the opposite-

sign pattern without the help of communication friction?

I answer these questions numerically by augmenting the baseline model with fixed adjustment
costs on both capital and labor: if the capital manager makes a nonzero investment, he needs
to pay a fixed fraction xy of total revenue as fixed costs; similarly, if the labor manager makes
a nonzero hiring, she needs to pay a fixed fraction y,, of total revenue as fixed costs. This
setup makes fixed cost scales with firm size, as in Cooper and Haltiwanger (2006) and Bloom
(2009). I solve the model numerically and simulate a panel of 1,000 firms for 500 periods
to obtain the model-implied regression coefficients, with 625 combinations of convex and

non-convex adjustment cost parameters. The results are scatter-plotted in Figure 2.

The numerical simulations give us two messages. First, the magnitude of 8, and 3, is small
under realistic inaction rates. In the simulations in Figure 2, the inaction rate of capital
and labor adjustments spans from 0 to 50 percent (in comparison, the inaction rate in the
data is about 10 percent for both capital and labor). However, the regression coefficients
are hardly above 0.01, falling short of the magnitude in the data. Figure 3 explains the
reason why the regression coefficients are not sensitive to non-convex costs. As we increase
the fixed adjustment cost in capital, two counteracting forces impede the /3, from increasing.
On the one hand, under larger fixed cost, capital investment becomes more lumpy, and
each adjustment picks up more past information, making the investment forecast error more
predictable by past hiring. On the other hand, the inaction rate increases as the fixed cost
increases, and regression coefficients for these non-adjustment are strongly negative, dragging
down the Bh or BL in the full sample. As a result, the regression coefficients are not sensitive

to the non-convex cost parameters.
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Second, it is unlikely for the nonconvex cost to present opposite signs for 8, and f, under
common information. We can see from Figure 2 that the regression coefficients B, and B, are
mostly in the first and third quadrant. None of the coefficients lie in the fourth quadrant,
where the data is at. The same pattern is true for the regression coefficients conditional
on adjustment in the right panel of Figure 2: all the Bh and BL are positive. The intuition
for this numerical result is similar: without communication frictions, observing the intensive
and extensive margin of investment and hiring convey similar messages about productivity
to the capital manager. Although the fixed adjustment costs generate inaction and lumpy
adjustment, they are not able to generate episodes with investment and hiring going in
opposite directions. Communication friction, on the other hand, can generate such patterns

much more easily.

Figure 2: (3, and /3, under Non-convex Adjustment Cost and Common Information
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Note: In the left panel, blue dots are plotted from 625 model simulations with parameters (£x,&n, Xk, Xn) € [0,2] X [0,2] X
[0,0.005] x [0,0.005], equally spaced on each dimension, with o¢,, = 0.3. In each simulation, I simulate a panel of 1,000 firms
for 500 periods and run the regressions (25) and (26). The inaction rate of these simulations spans from 0 to 50 percent for
both capital and labor. The dots in gray are those with p-value greater than 0.1 in the simulated panel. In the right panel, the

orange dots plot the regression coefficients conditional on adjustment under the same simulation panel.

Summary In order to identify communication friction, I propose to run both regression
(25) and regression (26) and test if the estimated coefficients 3, and §, have the same or
opposite sign. An opposite sign of predictability by past actions is difficult to be recon-
ciled by models without communication friction and indicative of the existence of imperfect

communication between capital and labor decisions.
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Figure 3: Reason for Small 8, under Non-convex Cost

0.1

0.0 +~-E===f=—==—==f=—==f=—=—f=——f=———=—=—==xp

W g1 A --- B=0

o i

% —&— Full Sample

E Adjustment Sample

8 -0.2 - —&— Inaction Sample
_0.3 <

04l & T oo o oo o

T T T T T T
0.000 0.001 0.002 0.003 0.004 0.005
Fixed Cost yx

3.3 Application to Data

I now apply the test (25) and (26) to a merged firm-level expectation-outcome dataset for
US public firms.

Dataset For the expectation data, I use the IBES Guidance dataset, which contains all
the guidance activities (i.e. the firm’s public announcement on its own expectations about
sales, capital expenditure, earnings per share, among many others, for the current fiscal
year) of US public firms since 1992. These guidances can be regarded as the self-reported
expectation of the firm on its own financial performances. Since all measurements in the
guidance are financial indicators, I assume that the expectations posted in IBES Guidance

mainly reflect the capital manager’s view about the firm’s performance.

According to (25), the firm-level expectation that we are interested in is (1) the forecast of
investment Ef, (] and (2) the nowcast of sales in period ¢t — 1, EF, [y;;—1]. These two
metrics can be proxied by the sales guidance and capital expenditure® guidance, both of which
are widely covered in the IBES dataset as they are the most frequently reported guidances
by the US public firms. However, since guidance activities are self-reported and can happen

in any time of the fiscal year, it is difficult to get a notion for the time horizon of the forecast

6Here, I regard capital expenditure (CPX) as a proxy for investment, although it is not exactly the same
as t;; in the model.
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from the announcement date. Here, I restrict my attention to the firms that have multiple
guidance activities within the same year, and in that given year, I take the first posted capital
expenditure guidance as a proxy for the one-period-ahead forecast of investment E?,t—l[bit]’
and I take the last posted sales guidance as a proxy for the nowcast of sales Eﬁt—l[yii—l]'
I then merge the IBES Guidance dataset to CRSP/Compustat Fundamental Annual and
get a firm-level dataset with both expectations and realized outcomes. The details of data

cleaning and sample construction are laid out in Appendix B.1.

CRSP-Compustat (2000-2024)
Variables Units Mean Median  No. Obs
Sales Millions USD  3512.01 366.11 81937
Capital Stock (PPEGT) Millions USD 2464.81  140.32 78478
Capital Expenditure Millions USD  210.11 11.59 81937

Employment Thousands 10.78 1.18 81937
IBES-Compustat (2000-2024)
Variables Units Mean Median  No. Obs
Sales Millions USD  6544.89 1811.80 8455
Capital Stock (PPEGT) Millions USD 3491.86 771.47 8450
Capital Expenditure Millions USD  281.56 64.29 8455
Employment Thousands 22.45 6.90 8455

Table 1: Summary Statistics (2000-2024)

The resulting IBES-Compustat merged dataset spans over 2000 and 2024 with 9,102 firm-
year observations. Table B1 shows that the IBES-Compustat merged dataset is a sample
for gigantic firms in the US economy: on average, firms in the merged sample is about two
times larger than those in the CRSP-Compustat dataset in terms of sales and employment.
Although the merged sample covers only 11% of total observations in the CRSP-Compustat
Fundamental Annual Dataset between 2000 and 2024, the total sales of firms in the merged
IBES-Compustat sample take up about 20% of US GDP in a sample year.

For each firm-year observation in the IBES-Compustat merged sample, I take the realized
sales and capital expenditure from Compustat and impute the forecast/nowcast error as the
arc-percent difference between the predicted value and the actual value, as in Davis and
Haltiwanger (1992) and Bloom, Codreanu, and Fletcher (2025):

CapEX Fi t E — CapEX;;, — Eﬁt—l[capEXit]
ap orecast Error;, = - /2(CapEX;, + Eﬁt_l[CapEXit])
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and
Sales;; — Ef,[Salesy]

1/2(Sales;, + EF,[Sales;])

Sales Nowcast Error;; =

The arc-difference definition of forecast/nowcast errors has two advantages over the log
difference. First, it is bounded between [—2,2], so that outliers in the realized values and
expectations would not affect the forecast/nowcast error and the regression results by much.
Additionally, it avoids the problems of taking logs when the actual values or expectations are
close to 0. This may not be a big issue for the large-firm samples like IBES or Compustat, and
[ verify that the regression results are robust to alternative definitions of forecast/nowcast

errors (e.g. the log difference between predicted values and actual values).

Regression Results Table 2 tabulates the regression result for the joint test of (25) and
(26). The first column shows the result for regression (25). We can see that 3, is positive
and statistically significant, which implies that the investment expectation of US public firms
systematically under-react to their own past hiring. The second column shows the result for
regression (26). We can see that B, is negative and statistically significant, which implies that
the investment expectation of US public firms systematically over-react to their own past
investment. This is consistent with the findings in Barrero (2022), which documents a similar
pattern of belief overreaction for sales expectations of US firms. The third column considers
including both lagged hiring and lagged investment in the regression, and these multivariate
estimates are similar to the separate estimates in the first two columns. It shows that the
correlation between past investment and past hiring does not bias the separate regression

results in the first two columns.

The sign pattern of B, > 0 and B, < 0 is consistent with an extended version of model in
Corollary 77, with the capital manager holding over-extrapolative beliefs about the produc-
tivity process (i.e. his perceived persistence of productivity shock is smaller than the actual
persistence) and imperfect communication between the capital and labor managers. Over-
extrapolative belief makes both Bh and BL negative, and communication friction is necessary

to flip the sign of 3, to positive.

[ now address two robustness concerns. The first one is regarding the timing of expectations.
Since firms post their guidance in a discrete manner, the first capital expenditure guidance
of a year may be posted in the second, third or even the fourth quarter and therefore may
not reflect the notion of “forecast”. Similarly, the last sales expenditure of a year may be

posted way earlier than the fourth quarter of the year and does not capture the notion of
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Table 2: Predictability of Investment Forecast Error by Past Hiring and Investment

Dependent variable:

b —Ef 4 [u]
(1) (2) (3)
hi—s 0.096** 0.104*
(0.021) (0.021)
Li—1 —0.033*  —0.037*

(0.008) (0.008)

Y1 — 9F 0.089***  0.113"**  0.095"*
(0.031)  (0.031) (0.031)

Firm Fixed Effect Yes Yes Yes
Sector-Year Fixed Effect Yes Yes Yes
Observations 8,455 8,455 8,455
R? 0.562 0.562 0.563
Note: *p<0.1; *p<0.05; **p<0.01

“nowcast”. To mitigate the concern, I re-run the regressions in Table 2 on a subsample that
contains only the first-quarter forecast of capital expenditure in year ¢t and the last-quarter
forecast of sales in year t — 1. I tabulates the result in Table 3. We can see that the main
takeaway remains the same as in the full sample: the estimates of B, and B, are similar
to those in the full sample, statistically significant, and have the same sign pattern as in
Table 2. This partially address the concern that the results are driven by not insufficient
controls of fundamental uncertainty or invalid proxies. That being said, I shall mention
that even in this restricted sample, the timing in data is not entirely the same as in the
model: the Q4-expectation of sales in year t — 1 and the Ql-expectation of forecasts in year
t are treated as if they are conditional on the same information set Ift_l, which implicitly
assumes that there is no new information flows between the Q4 of year ¢t — 1 and Q1 of year
t. This inconsistency will be better addressed using a firm sample that elicit forecast and

nowcast /backcast expectations under a fixed time frame.

Another concern is whether the results in Table 2 are driven by outliers. To address the
concern, I trim the 1 percent tails for investment forecast error and sales nowcast error in

the full sample and rerun the regression. The results are reported in Table 4. We can see
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Table 3: Predictability under Strict Timing

Dependent variable:

by — Efq[bt]
(1) (2) (3)
he_q 0.083*** 0.090***
(0.031) (0.031)
L1 —0.035"*  —0.038***

(0.012) (0.012)

Vi1 — I8, 0.193**  (.214*** 0.200***
(0.057) (0.057) (0.057)

Firm Fixed Effect Yes Yes Yes
Sector-Year Fixed Effect Yes Yes Yes
Observations 4,327 4,327 4,327
R? 0.656 0.656 0.657
Note: *p<0.1; *p<0.05; **p<0.01

that the estimated coefficients (3, and 3, are both statistically significant at 1% level and
have the same sign pattern as in Table 2. The magnitude of 3, in the trimmed sample is
almost identical to the estimates in the full sample, but the magnitude of B3, is about 25%
smaller than the full-sample estimates. Since the dropped observations are mostly from very
large companies, this is likely indicating that communication friction is weaker for smaller

companies.

In summary, in this section I describe the strategy of identifying communication friction
from the expectation data. The US public firm’s managerial expectation data shows that
the investment forecast simultaneously over-reacts to the firm’s past investment and under-
reacts to the firm’s past hiring. I show that this sign pattern cannot be easily reconciled by
models without communication friction and is consistent with a model with communication

friction and over-extrapolative beliefs.
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Table 4: Predictability with Trimmed Sample

Dependent variable:

by — Efq[bt]
(1) (2) (3)
he_q 0.067*** 0.076***
(0.021) (0.021)
L1 —0.034**  —0.036***

(0.007) (0.007)

Yir — OF 0.2417  0.287"*  (.246***
(0.063)  (0.062) (0.063)

Firm Fixed Effect Yes Yes Yes
Sector-Year Fixed Effect Yes Yes Yes
Observations 8,099 8,099 8,099
R? 0.517 0.518 0.519
Note: *p<0.1; *p<0.05; **p<0.01

4 Quantitative Analysis

In this section, I quantify the aggregate effect of communication friction. I will first extend
the model in Section 2 to incorporate other well-documented distortions and frictions in the
firm dynamics literature. Then, I will discuss the calibration strategy that allows me to
identify the parameters for each mechanism in the extended model. After estimating the
extended model, I will use the calibrated parameters to investigate the role communication

friction plays in accounting for the patterns in the data.

4.1 Calibration

An Extended Model for Quantification To obtain a credible quantification of aggre-

gate effect of communication friction, I extend our baseline model so that it incorporates
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Hsieh-Klenow type of reduced-form distortions. The firm’s profit function becomes

0y = (1 — 7)) R(K; 4—1, Nig; Ai) — (1 + TZ?;)RtKit — WiNy

K, ’ (N :
_ % (K’ttl _ 1) Kiyq— % <N-t o 1) Niy (31)

where R(K;;—1, Nit; Ai) is the revenue function with capital input in period ¢ being pre-
determined so as to capture the time-to-build friction, and 7 and 75 are reduced-form
firm-specific distortions as in Hsiech and Klenow (2009). 7} captures the mechanisms that
distort all factors symmetrically without changing the capital-labor ratio (such as price
markup), while 7% captures the capital-specific distortions (such as financial frictions) that
create variations the capital-labor ratio. I assume that the distortions follow the distribution
7 ~ N(0,02,) and 7}, ~ N(0,02,) and are i.i.d across firms and over time, uncorrelated
with each other and independent of other shocks.

Calibration In total, there are 7 parameters to be calibrated in the extended model:
convex adjustment costs & and &,, dispersion of uncorrelated distortions o, and o, ,, and

the behavioral/information parameters (o, Oc k, Ocn)-

The extended model will be estimated by a Simulated Method of Moments (SMM) ap-
proach. To pin down the information parameters, I include the regression coefficient 3, ad
f3, as targeted moments, since they jointly identify communication frictions from other mech-
anisms. To pin down the adjustment costs and dispersion of distortion, I follow David and
Venkateswaran (2019) and target serial correlation of investment and hiring, the variances
of investment and hiring, and the investment-hiring correlation in the calibration. Since
adjustments costs create an intertemporal smoothing motives for capital and labor adjust-
ment, high adjustment costs create large serial correlation and small volatility in investment
and hiring, while information frictions and distortions amplify the investment and hiring
volatility. The investment-hiring correlation helps us distinguish between the mechanisms

that affect inputs symmetrically (such as 7¢) and input-specific distortions (such as 7).

The Simulated Method of Moments estimation is done in the following steps:

1. For each parameter © = (&4, &, 0p, Oc ks Ten, Or ks Ory), Solve the MPBE according to

Lemma 1, 2 and 3;

2. Simulate a panel of 1,000 firms for 500 periods and compute the simulated moments
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m(©) from the panel;

3. Estimate the parameter by choosing the one that minimizes the sum of quadratic

deviations of simulated moments from the data moments m:

A

© = arg m@in(m(@) —m) (m(©) —m)

The targeted moments and estimated parameter values are summarized in Table 5.

Table 5: Estimated Parameter Values and Targets

Description Value Source/Target
Elasticity of substitution € 4 Standard Value
Capital share « 0.47 Cost share in IBES/Compustat
Persistence of Productivity p 0.94 .
Std.dev. of Productivity shock oy 0.24 Estimates of i = paii—1 + pi
Capital convex adj. cost &k 1.84 ) corr(t,t_1)
Labor convex adj. cost & 213 corr(h,h_y)
Noise on the common signal Oep 346 Reg. Coef. f3, from (26)
Noise on K manager’s signal oo 293 Reg. Coef. B, from (25)
Noise on N manager’s signal Ocm 143 corr(¢, h)
Dispersion of Capital Distortion 7% o,;  1.09 var(¢)
Dispersion of Revenue Distortion 7¢ o,,  0.37 } var(h)

Data The data moments are computed from a merged IBES/Compustat sample for US
public firms between 2000 to 2024. From the Compustat sample, I take the book value of
property, plant and equipment (PPE) as the measure for capital stock.” Investment rate ¢
and hiring rate h are obtained by first-differencing the logged capital and employment series
respectively. Value-added is constructed by sales minus the material expenditure.® I then
construct the total revenue factor productivity (TFPR) or sales Solow residual as the firm

fundamental a;; by

a; = log(Value-added) — (1 — 1/€) log(PPE) — (1 — «)(1 — 1/¢) log(Employment)

"The quantitative results are robust to alternative definitions of capital stock, e.g. the ones constructed
by the perpetual inventory method.

8Material expenditure is defined as Cost of Goods Sold (COGS) + Selling, General & Administrative
Expenses (XSGA) - Depreciation (DP) - Wage Bill (XLR), following the approach by Keller and Yeaple
(2009) and Flynn and Sastry (2020). Since wage bill is missing for about 90% of the firm, I use the two-digit
industry-level wages in the Census Bureau County Business Patterns dataset to impute the wage bill for the
firm. See Appendix for details.
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where the capital share « is chosen to match the cost share of labor in the sample, and
the elasticity of substitution € = 4 is taken from the literature (Hsich and Klenow (2009)).
As standard in the literature, the measure for capital and labor misallocation is the dis-
persion of the average/marginal revenue product of capital and labor (MRPK or MRPN). I
define MRPK as the difference between logged value-added and logged capital and MRPN
as the difference between logged value-added and logged employment. Following David and
Venkateswaran (2019), I regress the MPRK, MRPN, investment, hiring and firm funda-
mental series on a sector-year fixed effect and keep the residual to isolate the firm-specific
variation in each series.” I then merge the IBES Guidance, which contains firms’ self-reported
expectations, to the Compustat sample. Same as before, I use the first capital expenditure
guidance of the year as “investment forecasts” and the last sales guidance of the year as
“sales nowcast”. T trim 1% tail of each variable in the merged sample, and then keep the
observations that have investment, lagged investment, lagged hiring, lagged sales, capital
expenditure forecast and lagged sales nowcast. The resulting sample has 6,492 firm-year
observations, which I use to compute the data moments in the calibration. I relegate further

details of sample construction and production function estimation to Appendix B.3.

4.2 Results

Communication Friction and Regression Coefficients Table 6 shows that our model
can match the data moments almost exactly. In particular, the model-implied regression
coefficients 3, and 5, match the data moments with a noisy firm-level common signal and
more precise manager-level signals. As a comparison, I re-calibrate a simplified version of
the model to the same set of targets, muting communication frictions by setting manager’s
private information to be extremely noisy (o, e, — 00), and allowing for extrapolative
expectation as in (29). The results are tabulated on the third column of Table 6. We can
see that the model without communication friction is not able to match the sign pattern
of the two regression coefficients. Under the common-information calibration, the model-
implied predictability by lag hiring and lag investment are both negative and statistically
insignificant from 0. Our baseline specification with communication friction can easily match
the opposite-sign pattern in the data. This is consistent with the takeaway in Proposition 3

and Figure 1.

9Here, sector or industry is defined as 2-digit NAICS code for non-manufacturing industries and 3-digit
NAICS code for manufacturing industries.
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Table 6: Targeted Moments: Data vs Model

Moment Data Model Model
(Baseline) (Common Info &
Behavioral Fy;)

corr(t,e—1)  0.294 0.293 0.293
corr(h,h_y) 0.178 0.178 0.178
corr(e, h) 0.526 0.526 0.653
B 0.086  0.086 -0.000
B, -0.034  -0.034 -0.000
var(t) 0.018 0.013 0.011
var(h) 0.020 0.023 0.022

Sources of Learning The estimated parameters shed light on the learning patterns of
the capital and labor managers. Table 7 shows how much the managers learn from multiple
information resources. In total, there is a massive reduction in uncertainty after learning
repeatedly from the noisy signals about the productivity for both managers. The posterior
uncertainty is below 50 percent for both capital and labor manager. Both managers put
much more weight on their private information than the public signal in decision-making.
Both managers put a substantial weight on their prior beliefs, which are heterogeneous across
managers because the true productivity is never fully revealed to the managers and they reach
their own priors using distinct signals. This is a subtle difference from the existing literature
on firm learning (e.g. David et al. (2016) and David et al. (2016)), which typically assumes
that productivity are fully revealed and becomes public information to the managers, so
that they start with the same prior in each period. In my model, the managers’ priors are
generally different. This explains why communication friction is able to generate strong

disconnect between capital and labor, which I will elaborate on shortly.

Table 7: Learning Patterns of the Managers

Uncertainty Source of Learning
Posterior  Posterior/Prior Public Private  Prior
Capital Manager  0.193 47.4% 1.60%  3.02%  95.38%
Labor Manager 0.181 44.5% 1.50% 8.91% 89.59%

Non-convex Cost So far, our calibration is based upon a linear-quadratic setup under
convex adjustment cost. Are these results robust to non-linear decision rules and non-convex

adjustment costs?
To answer this question, I incorporate non-convex costs in capital and labor adjustment
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into the model. Following Cooper and Haltiwanger (2006) and Bloom (2009), I assume
that the non-convex costs scale with revenue: when the capital manager decides to make an
investment, he needs to pay a fixed cost x,R(Ai, Kit, Nit), and similarly, the labor manager
needs to pay a fixed cost x,R(A;y, Ky, Ni) if she decides to adjust labor. To estimate the
non-convex cost parameter y; and x,, I add the inaction rate of capital and labor, which
are both about 9 percent in the US data, as two additional targets.!’ In the calibration, I
solve the manager’s nonlinear decision rule with the true profit function, simulate a panel
of 1000 firms for 500 periods, compute the simulated moments and minimize the quadratic

loss as before. The estimated parameters and model fit are shown in Table 8 and Table 9.

Table 8: Estimated Parameters: Baseline vs Non-Convex Cost

Parameter Model Model
(Baseline) (with Non-convex Cost)

Convex Cost, Capital & 1.84 1.71
Convex Cost, Labor &n 2.13 2.18
Noise on the common signal Tep 3.46 3.57
Noise on K manager’s signal Ock 2.53 1.81
Noise on N manager’s signal Oem 1.43 0.97
Dispersion of Capital Distortion o, 1.09 0.95
Dispersion of Revenue Distortion o, 0.37 0.39

Non-convex Cost, Capital Xk - 0.0003

Non-convex Cost, Labor Xk - 0.0002

Table 9: Targeted Moments: Baseline vs Non-convex Cost

Moment Data Model Model
(Baseline) (with Non-convex Cost)
corr(t,t_1) 0.294 0.293 0.293
corr(h, h_1) 0.178 0.178 0.178
corr(t, h) 0.526 0.526 0.526
Bn 0.086  0.086 0.086
B, -0.034  -0.034 -0.034
var(t) 0.018 0.013 0.012
var(h) 0.020 0.023 0.023
Inaction Rate: Investment 0.091 0.075 0.091
Inaction Rate: Hiring 0.091 0.057 0.091

Note: The numbers in Italic are untargeted.

10Tn Compustat Fundamentals Annual, very few observations report literally zero investment or hiring.
Here, I designate an observation as “inaction” in capital (labor) if the annual percentage change in capital
stock (labor) is below 1 percent.
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We can see from Table 8 and Table 9 that the model fits the targeted moments well with
small estimated parameters for non-convex costs. Each capital and labor adjustment costs
the firm 3 and 2 basis point of revenue respectively, which is significantly smaller than
the magnitude reported in the literature. There are two reasons for this small estimate.
First, the inaction rate in this Compustat sample is smaller than other samples (such as the
Census establishment-level data in Cooper and Haltiwanger (2006)). Second, as I will show
later, communication frictions provide a powerful mechanism to match the low investment-
hiring correlation in the data, which needs to be achieved by non-convex cost if we assume
perfect communication. In addition, we can see from Table 8 that the estimated information
parameters under non-convex costs are similar to those in the baseline calibration. This
indicates that the inferred within-firm communication pattern is robust to the specification

of adjustment costs.

Sources of Low Investment-hiring Correlation Low investment-hiring correlation is
an important feature in the US firm data. Which mechanisms are responsible for it, and
which one is the most prominent? In Table 10, I report the contribution of each friction
to the investment-hiring correlation. The numbers in the table are computed under the
assumption that only one friction of interest is active (i.e. the relevant parameters are fixed
at the estimated level) while all other frictions are muted (i.e. the relevant parameters are

set to the frictionless level).

From Table 10, we can see that the low investment-hiring correlation is primarily driven
by communication friction. Each of other frictions generate almost perfect correlation in
investment and hiring. Additionally, the information friction is a much more powerful force
in driving investment-hiring correlation down: with information friction only, we can even
generate a negative correlation between investment and hiring. This is not entirely absurd:
Hawkins, Michaels, and Oh (2015) documents that firms and plants have episodes when
capital and labor adjustments are in opposite directions. The leading explanation is that
the complementarity between capital and labor varies with tasks (Acemoglu and Restrepo
(2019)). Our result shows that communication friction may provide a complementary expla-
nation. The second column of Table 10 shows that the pattern is robust in the model with

non-convex cost.

Investment-hiring correlation highlights a crucial difference between firm-level public infor-
mation and manager-level private information. We can see that if we mute communication

friction and only allow for firm-level public information, the investment-hiring correlation is
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equal to 1. Manager-level private signals, on the other hand, lower the correlation signifi-
cantly. This can be seen from the expressions of capital and labor choices. Without other
frictions, capital and labor are both proportional to the managers’ posterior beliefs about
productivity, i.e. ki o< Ef[a;] and ny oc E%[ay]. Absent communication friction, managers
share the same information, so that E¥ = E = E;, and firm-level common noisy informa-
tion attenuates the responsiveness of both inputs by the same proportion, without breaking
the perfect correlation between them. The existence of private signals breaks this pattern
as the managers’ expectations are no longer perfectly correlated in general. Moreover, in
my model, since the true productivity is never fully revealed to the managers, the disagree-
ment between managers on productivity is preserved over time, and hence the prior beliefs
of the managers are different from each other. This largely amplifies the effect of imperfect

communication on the capital-labor correlation.

The distinction between firm-level public information and manager-level private information
is akin to the difference between revenue distortion 7¢ and capital distortion 7%. We can see
from the table that uncorrelated capital distortion 7% lowers the capital-investment correla-
tion, while the the uncorrelated revenue distortion 7¥ doesn’t. Common, noisy information
acts like the revenue distortion 7 as they both affect all the inputs symmetrically, while
the private information introduced by communication friction acts like the capital-specific
distortion 7%, as they both affect different inputs disproportionately and generate variations

in capital-labor ratio.

Sources of Variations in the Capital-labor Ratio All the three mechanisms (adjust-
ment costs, communication friction, and capital-specific distortion) can qualitatively distort
and generate dispersion in capital-labor ratio within and across firms. Is communication

friction an important source of variations in capital-labor ratio quantitatively?

To answer this question, it is useful to write the first-order conditions (12) and (13) in the

Markov Perfect Bayesian Equilibrium as
—r8 4+ ak (1 —1/€) + (&1 — kit + Gonl, + 0k = 7% (32)

—7Y A" (1—1/€) + akl 4+ (G — Dng +wl = 0 (33)

where n¥, = EF[n;] is the capital manager’s perceived employment in period ¢, /%3 is the labor

manager’s perceived capital stock in period ¢, and wk and w? are the marginal continuation

value net of marginal adjustment cost for capital and labor. Under the linear-quadratic setup,
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Table 10: Sources of Capital-labor Disconnect

corr(t, h)
Baseline with Non-Convex Costs
Convex Costs 0.997 0.949
- Capital Adjustment Cost & 0.875 0.684
- Labor Adjustment Cost &, 0.912 0.872
Information frictions -0.006 -0.074
- Public Signal o, 1.000 1.000
- Capital Manager’s Private Signal o -0.034 -0.026
- Labor Manager’s Private Signal o ,, -0.033 -0.029
Transitory, Uncorrelated Distortion 7 0.978 0.987
- Transitory, Uncorrelated Capital Distortion o j 0.976 0.929
- Transitory, Uncorrelated Revenue Distortion 0.,  1.000 1.000
Non-convex Costs x - 1.000
- Capital fixed cost xi - 1.000
- Labor fixed cost x, - 1.000
All mechanisms 0.526 0.526
Data 0.521 0.526
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these w’s are linear functions of capital, labor and productivity expectation, and they can
be interpreted as an endogenous wedge generated by adjustment costs: absent adjustment
costs, wF = w" = 0, and the FOCs degenerate to Hsieh and Klenow (2009). I relegate the
details to Appendix A.6.

As Kaymak and Schott (2023) pointed out, expressing the FOCs in this static-like form
significantly simplifies the decomposition of mechanisms in firm dynamics. For simplicity,
from now on I drop the time and firm subscript. The following proposition analytically
characterizes the contributions of adjustment costs, information frictions and reduced-form

distortions to the variations in capital-labor ratio.

Proposition 4. The reformulated FOCs (32) and (33) implies that capital-labor ratio k —n

can be written as
k—n=—"+[(c— 1) + G2eA™ + a1 A®M] (&" — a") + wF — w" (34)

and the variation in capital-labor ratio can be decomposed as

var(k —n) = o2y + 055+ 00, — 2cov(w”,w") + 2cov(*, w") — 2cov(TF, w*) (35)
~— ~ —~ N ~
Capital Distortion Direct Effect of Adjustment Cost Adj Cost x Distortion
+ (e = 1) + GoeATH 4 ayeA®m] 50 (36)

TV
Direct Effect of Imperfect Communication

+2 [(e - 1)+ Goe AR 4 dleA(k’")] cov(a® —a", w* — w") (37)

TV
Adj Cost x Imperfect Communication

where 2k, n) = E[(aF — a")?] = SF + 3 — 25E" s in Lemma 3, and AFE™ | AR gre

constants.
Proof. See Appendix A.6. O]

Equation (34) shows that capital-labor ratio is a linear combination of capital-specific distor-

k

tion 7%, the difference between capital and labor manager’s posterior a* —a", and adjustment-

F wm. We can see that apart from adjustment costs and capital distortions,

cost wedges w
communication friction contributes directly to the capital-labor ratio, by breaking the con-
sensus of capital and labor manager on productivity, i.e. a* # a". Without communication
frictions, capital and labor manager share the common information and hold the same be-

lief, and adding noise to this common information will not affect capital-labor ratio as a*
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and a” are always the same. It is also worth noting that the second and third term in the
coefficient of a¥ — @™ come from the fact that, under communication friction, the capital and
labor manager do not know the other manager’s adjustment wedge perfectly. This makes
the way for the adjustment cost parameters to directly affect the contribution of this channel

to capital-labor ratio (by changing the constants A%*™ and A(™*)),

The expression from (35) to (37) allows us to quantitatively decompose the source of capital-
labor ratio. Line (35) collects the components independent of communication frictions.
Line (36) summarizes the direct effect of imperfect communication on capital-labor ratio
dispersion, and line (37) collects the interaction between adjustment cost and communication
frictions. Our parameterization in Table 5 allows us to compute each of the components using

analytical or simulated moments:

0.046 = 1.204 + 1.117 + —2.273 + 0.027 + —0.027
N —~ — ——
var(k—n)  Distortion ~ Adj Cost  Adj Cost x Distortion =~ Communication Friction — Communication Friction x Adj Cost

(38)

Interestingly, under the current parameterization, communication friction is not a major
source of dispersion in capital-labor ratio. Although the direction effect of imperfect com-
munication explains more than half of the capital-labor ratio dispersion, its interaction with
adjustment frictions completely offsets the direct effect. Moreover, the interaction between
adjustment cost and communication friction is not sensitive to the change in adjustment
cost parameters. In Table 11, I consider down-scaling the adjustment cost paramters to 60%
and to 20% of their estimated values and report the resulting quantification in the second
and third column. We can see that as adjustment costs decrease, the net contribution of
communication friction to the capital-labor ratio variability goes up from 0 to around 20%
of total capital-labor ratio dispersion. And this is fully driven by the fact that lower ad-
justment costs amplify the direct effect of communication friction, as the interaction term
between communication friction and adjustment cost remains unchanged at around -0.027.
This interaction term largely impedes the communication friction to play a quantitatively

significant role in the dispersion of capital-labor ratio.

Sources of Misallocation Lastly, I investigate the role of communication frictions in
capital and labor misallocation. Using the same method, I characterize the decomposition
of MRPK and MRPN into adjustment costs, information frictions, distortions and the in-

teraction terms in the following proposition:
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Table 11: Interaction Term and Adjustment Cost Parameters

Adj. Cost Parameters =184 & =110 & =0.37
& =213 &, =128 ¢&,=043
var(k —n) 0.046 0.060 0.130
Communication Friction -0.001 0.004 0.024
Direct 0.027 0.032 0.051
Interaction with Adj Cost ~ -0.027 -0.028 -0.027

Proposition 5. The reformulated FOCs (32) and (33) implies that the dispersion in MRPK
and MRPN can be decomposed as

var(mrpk) = o2, + 0'72_7y + o —2cov (7%, Wk) — 2cov(7Y, WF) (39)
—— ~—~ : ~— : -~
Ezo. Distortions  Direct Effect of Adj Cost Adj Cost x Distortion
+ (AF 4 A (AFSF 4 ATy — AR AR R0 (40)
Direct Effect of [r?fgrmation Frictions
—2A%cov(a* — a,w®) — 24" cov(a™ — a,w") (41)

~
Info Friction x Adj Cost

and
var(mrpn) = crzﬂ + Ufm —2cov(TY,W") (42)
Exo. Distortion  Adj Cost Distortion x Adj Costs
+ (B¥ + B")(B¥xF + B"S") — BF Byt (43)
Info E“?ctions
— 2B%cov(a* — a,w™) — 2B"cov(a™ — a,w™) (44)

—~
Info Friction x Adj Cost

where A*¥, A", B¥ B"™ are constants, and f)k, S gnd Sk follows from Lemma 3.
Proof. See Appendix A.6. O

The proposition helps us understand how the three mechanisms directly and indirectly con-
tribute to the capital and labor misallocation. The effects of information frictions are sum-

marized in the second and third line of the expressions. Using the baseline parameterization,
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we can decompose the MPRK dispersion as

0.179 = 1.348 + 1.321 + —2.618 + 0.115 + 0.014 (45)
~—— —— —— ~——

—— ——
var(mrpk) Distortion Adj Cost Adj Cost x Distortion Info Friction Info Friction x Adj Cost

and the MPRN dispersion as

0.119 = 0.144 + 0.119 + —0.250 + 0.103 + 0.002 (46)
~—~— —— ~—~— —— —— ~——
var(mrpn) Distortion Adj Cost Adj Cost x Distortion Info Friction Info Friction x Adj Cost
In contrast to the capital-labor ratio dispersion, here we find that information friction is
the major source of capital and labor misallocation. The total effect of information friction
accounts for more than 60 percent of capital misallocation and almost 100 percent of labor
misallocation. This is due to two reasons. First, the interaction between information friction
and adjustment cost is weak and in the same direction as the direct effect. Second, the

strong, negative correlation between adjustment wedge and distortion largely offsets the

direct contribution of distortions and adjustment costs.

Table 12: Misallocation decompositions

Capital misalloc. Labor misalloc. Aggregate TFP loss

Data 0.415 0.197 -
Model, All Mechanisms 0.179 0.119 -27.57%
Convex costs only 0.098 0.020 -10.02%
Information frictions only 0.171 0.137 -22.82%
o, only 0.180 0.180 -35.76%
oy only 0.149 0.045 -5.48%
oy, only 0.055 0.130 -5.63%
Convex Cost + Uncorrelated distortions 0.104 0.025 -10.46%

Lastly, in Table 12, I tabulate the contribution of each friction on the capital and labor
misallocation and quantify the aggregate TFP loss generated by each friction. These numbers
are computed under the assumption that only one friction is active each time. We can see
that information friction alone can generate about 40 percent of observed MRPK dispersion
and more than 60% of MRPN dispersion. The MPRK and MPRN dispersion resulting from
information friction generate a sizable 22.82% of aggregate TFP loss, making it the most

prominent source of misallocation among these within-firm frictions.

My quantification of information-driven misallocation is comparable to the efficiency loss

suggested by the literature. David et al. (2016) estimate the US aggregate TFP loss from
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information friction to be between 4% (in the case of frictionless labor) and 40% (when la-
bor is subject to the same noisy information as capital). David and Venkateswaran (2019)’s
estimate is around 7%. Their quantification is based on two benchmarks: either capital and
labor managers share information frictionlessly, or the labor manager has full information
while the capital manager has noisy information. In other words, either the managers per-
fectly communicate their information with each other, or the managers do not communicate
at all. My model explicitly incorporates communication friction and allows for a more so-
phisticated internal information structure. Hence, it can be regarded as a smooth version
of the two benchmark cases, and the quantification is indeed within the range and closer
to the no-communication benchmark. Another important paper by Ma et al. (2020) claims
that removing imperfect expectations in sales improves the aggregate TFP by less than 1%.
My quantification is significantly larger than theirs. Apart from the fact that we are using
different expectational moments to discipline our models, my model differs from theirs in
a crucial way: in their model, past productivity is fully revealed to the firm in the periods
that follow, while in my setup it is never fully revealed and needs to be gradually learned
by managers. This slow learning by Kalman filters amplifies the aggregate implication of
information friction because the signal noise in earlier periods persists in future period’s

expectations.

5 Conclusion

This paper develops a parsimonious framework to incorporate within-firm communication
friction into the analysis of firm’s dynamic input choices. The framework makes it possible
for us to provide a direct test on whether multiple input decisions of the firm is made under
same information. Using a merged expectation-outcome dataset for the US public firms,
I reject the null hypothesis and conclude that the investment decisions are not based on
the same information as the hiring decisions in the firm. In the quantitative exercise, I
discipline the information friction parameters using the expectation evidence and confirm
that communication friction is quantitatively important. Modeling the information friction
as a combination of noisy firm-level and manager-level information is the key to match
both the low action-fundamental correlations and the low investment-hiring correlation in
the data. Hence, information friction should not only be considered as distorting capital
and labor jointly but also an input-specific distortion that alters the capital-labor ratio.
Controlling for convex adjustment costs, I find that communication friction generates strong

aggregate effects, explaining about a substantial portion of MRPK and MRPN dispersion in
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the data, and implying a significant aggregate TFP loss.
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A Theory Appendix

A.1 Second-order Approximation of the Profit Function

Denote the frictionless steady state value of variable X; as X, and denote the log deviation

of X; from X as z;.

Frictionless Steady State Fix A = 1. The profit maximization problem without infor-

mation and adjustment frictions is to choose K and N to maximize
H(K, N) — Yl/eAlfl/e(Kalea)lfl/e — RK —WN

FOC:
YeAl—l/eKa(l—l/ﬁ)—lN(1_0‘)(1_1/6)a(l — 1/6) =R

YEAl—l/eKa(l—l/e)N(l—a)(l—l/e)—l(1 _ a)(l _ 1/6) =W

In the quantitative exercise, a,e€,p,d,,0, 5 are calibrated outside the model. Given these
parameters, the frictionless steady-state values for rental rate, capital, labor and wage can

be expressed analytically. First, rental price R is
R=1/y—-1+6=0a(l - 1/6)Ko‘(l_l/e)_lN(l_O‘)(l_I/E)
Normalize Y =1, A = 1, we get

Fe-1/0 y-a)(1-1/e) _ 1

We can use the above two equations, together with FOCs, to back out steady state K, N, W:

- a(l —1/€)

I/y—14+6
B a/(l—a)
N I/y—146
a(l —1/¢)

W=K*N"*1—-a)l-1/e)

46



Second-order Approximation We have

[~ AVeRe0-1/0 NO-00-19 | REE, 4+ W N,
+ %R[‘m — 14+ a(l—1/e)k? + %WN(l — 14+ (1 —a)(1 —1/e))n?
+ AVea(1 — a)(1 — 1/€)2Ke0-1/9 yO-)0=1/ g
~ RE — REH, — Rf(%k,?

S 1
—WN—WNnt—WNﬁnf

— %K(k’t kt_1)2 — %N(nt — Ty— 1)2
4 L Ave oty NO-0)1-1/) (g, 4 1@ N 11(1 1) AV o010 1-a)(1-1/6) 2
€ 2 2¢€¢ ¢

1 - _ _ 1 - _ _
+ EA1/604(]. o 1/6)Ka(l—l/e)N(l—a)(l—l/e)ktat + g141/6(1 o Oé)(]_ . 1/6)Ka(l—l/e)N(l—a)(l—l/e)ntat

where A = Y A<!, and the sixth line is an approximation of adjustment cost for capital:

& (Ki— (1= 0K U
2< K, 0) K=

(exp(ky — ky1) — 1)* K exp(ky_1)

no |4

JY‘r
(\]

(ki = kr1)* (4 oy + ) = g’“ SR k)

Define investment ¢, = k; — k;_1 and hiring hy = ny — ny_1.
Replace k; = ki1 4+ 14 and ny = hy +ny_q:

T = EAI/EKCY(l—l/E)N(l—a)(l—l/e)
€

+Ok‘t+0nt~|— Al/eKal 1/5)N(1 a)(1— 1/6)

+ §RK(a(1 - 1/6) — Dk + §WN((1 —a)(1—-1/¢) = 1)n? + 1l

> 92
QQY%

Fall = a)(1 — 1/€)2V ks + %a(l 1))V hya + %(1 — )1 = 1))V miay

RIS o
= 1}7 + 1}_/@,5 + §RK(O((1 —1/€) = D)(kiq + 1) + %WN((l —a)(1—1/€) = D)(ny_1 + hye)?
+ %éYa?

Fa(l = a)(1 = /&Y (ks + 1) (ne_y + he) + %a(l 1Y (ke + w)a
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1 _ K N
(1= a)(1 = /¥ (s + By — 5 - S
Hence
1- 1- 11~
7=-Y+-Ya,+=-=Ya;
€ € 2 €2

1 - —
+ §RK(a(1 —1/e) = 1) (ki-| + 2ki—10e + 17)
1 - _
+ 5WN((1 —a)(1—1/¢) = 1)(n? | +2n4_1hy + h)
+ Oé<1 - Oé)(l — 1/6) (k’t 1M1 + N1 + kt 1ht + Ltht)
1 1
+ C((l — 1/6) (kt 1Q¢ + Lth> + - (1 — C()(l — 1/6) (nt 1Q¢ + htat)

ékK 2 gn NhQ (AZ)

Hence The log-quadratic profit function takes the form
2, Px; + Qe + ) Rhy + Hyif + Hopichy + Hyh? (A3)

where state vector x; = [1, ky_1,14_1, a;], and the matrices are

ly 0 0 S2Y
p_|* TRK(a(l—1/e)—1) ta(l—a)(1—1/e?Y a(l—1/e)Y
5 * TWN(1-a)(1-1/e)—1) S2(1 —(oz)()l —1/e)Y
* * * % 6;21 'y

RK (a1 —1/€) — 1)
a(l —a)(l—1/e)?Y
la(1-1/e)Y

Q=

0
a(l —a)(1—1/e)?Y
WN((1—a)(1—1/e)—1)
-1 -1/e)Y

R:
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and H, = %Rl_((oz(l —1/e) —1) — %ka,Hh =
a(l —a)(l—1/e)?Y.

WN(1—a)(1—1/e)—1)— 16N, Hy =

1
2

The law of motion for the state vector x; is given by

1

. kt—l + i
Tiq1 = = Axt + BLt + Cht + D/Lt+1

ne—1 + hy

Pat + [l

where
1000 0 0 0
0100 1 0 0
A= ,B = , O = , D=

0010 0 1 0
00 0 p 0 0 1

A.2 Proof of Lemma 2
To save some notations, let
&f =F [ait|I§] ,if =F [(ait = d,’f)(ait — df)']

i = B [o| T3], 55 = Bl(aw — a8 ou — )

and
~(kn Am H(kmn) ~(kn ~n\ /A (kn An
a1(€ )EE[tzﬁLEE ):E[(ai )_at)(a( )_at),}
~(n,k ~ n nk) __ ~(n,k ~ ~(n,k ~
a™ = B [af|z] S0 = B @™ - ah) e - afy |
so that

ai|Zh ~ N(af,2F) and a,| T} ~ N(ap, ) (A4)

characterize the first-order beliefs of capital and labor manager on the state a;, and

Q| h ~ N(a"", 5) and af 7 ~ N(a", 50) (A5)
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characterize the high-order beliefs of capital and labor manager on each other’s beliefs about

it .

Lemma 2 states that the first-order and higher-order uncertainty are given by the following

triplet of Riccati equations:

~ ~ ~ ~ -1 ~

S o= GhT - ChH [HETH W] S (A6)

. . . . -1

Sp o= () - S0 H [HS)H W HS) (A7)
siEm = gk s o5k (A8)

A

where the pre-estimate uncertainty (3¥)~, (37)~ are given by

S S S (ko S(kn -1« < (k,n
et =%k, - CE, - 5F) [SE0] Bk, - 2Py (A9)
S — o o (k) [akn)] ™ e (k.
£ = P{Et - G S [BEY] 7 G -2y | 4o
An— An An ”’k,n Ak,n -1 An ”’k,n
& = {5 - e - ] - sy ) e

and the covariance between forecast errors iﬁ’“’”) is defined recursively by

sk — (1 — (Sh)H [H(EH B+ W] - H) A, (1 — () H [HE) H + W - H),
(S [H@f)—ﬂ' + W’“] o [H(f]?)‘H’ + Wn} ) (A10)

with

S (kyn - S (kyn N(k,n -1 n (ko
Ay =p? {E§_1) + (2, - EE-R) [EE—R} (X — Zg—l))} + ‘73

Initial Beliefs To fully specify the belief dynamics, I assume that the capital manager

believes that the initial state a;( is drawn from a Gaussian distribution

CLZ"(] ~ N(&lg, W(;f)
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and that the initial information set ZF = {ak}. Similarly, for the labor manager, she believes

that the initial state is drawn from a Gaussian distribution
aio ~ N(ag, Wy')

and her initial information set is Z{' = {a}}. For simplicity, I assume that the two initial

distributions are independent to each other.

For simplicity, I assume that W} and W{' are common knowledge. To characterize the

initial higher-order belief aj|Z¥ and af|Z7, it is perhaps more convenient to define the initial

forecast errors eff, el as

et = ap — a;o and ef = ay — a;p

with e ~ N (0, W}) and e ~ N (0, W) being independent to each other. Therefore
at = ak — ek el
From the capital manager’s perspective,

E [ag

5] = aq
var [ag}z{;] = var(—epf +ef) = W + W¥
Therefore the initial high-order beliefs are

TE ~ N(af, Wi+ W§) and ag|Zy ~ N(ag, Wi+ W§)

~N
)

A first-glance at HOB at period ¢ The same method can be used to characterize the
first moment of high-order beliefs at period ¢t. At period ¢, from the capital manager’s
perspective,

~n _ ~k k n
ap =ay — € + ¢
where ef and e} are forecast errors of the capital and labor manager. Hence

o = El[ay

oY = B [af

7] = il (ALL)
v (A12)
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Characterizing the second moment of high-order belief is a bit more involved since the forecast
errors e and e are correlated with each other. For simplicity, I denote the correlation E[efe?]

as EE’W. Immediately, we have
sk = g [(&f — &i’“”))Q] = var [—e} +€}'] = IS y () SIS (A13)
Partitioning the State Vector Note that our state vector z; = [1,k;_1, 71, a;r)' can be

partitioned into a perfectly observed part s; = [1, k;+—1,n:+-1]" and an imperfectly observed

part a;;. Hence, the linear policy
= F,E [2,|Tf] by = FLE [2,|T]]
can be rewritten as

u = Ffs,+ F"f (A14)
hy Fysy + Fiay (A15)

Now I specify the observation equations for the partitioned state vector. The capital man-

ager’s signals about a;; are summarized by

k aj k
Z=| | =Ha+w (A16)
ay
where H = [1,1]" and wy = [}, €] ~ N(0,diag(c2,0?2,)). Similarly, the labor manager’s
signals about a;; are summarized by
aj
=\ | =Ha+uw (A17)
ay

where H = [1,1]" and wy = [}, €}]' ~ N(0, diag(0},0?2,)).

Updating FOB and HOBs Now, suppose we are at the end of period ¢t — 1, with infor-
mation set ZF | and Z7* ;. From now on I will only focus on how the capital manager updates

beliefs, given he knows that the labor manager’s action takes the form

ht = F}fSt—FF}?&?

92



the arguments for the labor manager are basically the same.

At period t, the belief updating takes two steps:

1. The capital manager observes the labor manager’s action h,_y = Fys;—1 + Fyay ; and
updates the estimates about a;_; as well as a;. Formally, after observing h; 1, the

capital manager computes

aa|ZE 4 U fhe ~ N (@) (S5E)7)

and

a|ZEy U {hea} ~ N (@) (56)7)

2. Then the capital manager uses the private signal zF to further update the state estimate

a; on top of the pre-estimate a;|Zf U {hy_;} and get

w|ZF U {h ) U{F) = a)|TF ~ N (ak zk)

We do it step-by-step.
The first step: note that

Qg1

k
! Fys,_1 + Fyaj

A1 0,
hi—1

where % is equal to

(@ —af )@, — al* Y (R | = B [l — af) (@, — ak)) (R
[ et @y — a1 + a1 — @t ) (Fa)} =FE [_65—1(6?—1 - ef_l)’(F}?)’}
= (51 - S5 (FY (A19)

E
E

Therefore the capital manager updates his belief about a;_; using the labor manager’s action
by
. . —1
(@) = by + Sk, = SO RS (Y| R, —aby)  (A20)

. & & n -1 a /& < (k,n
(CE)t =Sk, - G, - S EY [FREER Y| REL -SEy (a2
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Since F}! is a scalar, these can be simplified as
(@) =k, + Sk, = S [BR0] G, - ab ) (A22)

e > > S (kyn S (k,n -1 (ko
CE)t =%k, - CE, - 5E) [BEP] Bk, - Sy (A23)

()™ = pla_,)* (A24)
(£ =BT+, (A25)

Now we incorporate the signal zF into the information set and update the belief about aj.
We have

¥ U{hi a1}~ N ([

t

where W* = diag(o7, 02,). Therefore,
N —1
k= (@) + (ShH [HEH) H + W] (e - H b)) (A26)
~ ~ ~ ~ -1 ~
SF= (S0 - GhH [HEHH + W HSE) (A27)

To close the analysis, I need to specify how high-order beliefs evolve. According to (A13), the
uncertainty of the capital manager on the labor manager’s expectation about the productivity
is a function of (1) the capital manager’s posterior uncertainty f]f on the productivity at
period ¢, (2) the labor manager’s posterior uncertainty i? on the productivity at period ¢,
and (3) the covariance between capital manager and labor manager’s forecast errors i:§’“’").
We already have the law of motion for f]f given by (A27) and a similar law of motion for

& . . . = (k,
Y7, It remains to characterize the covariance for forecast errors ZE ")

According to (A26), the forecast error at period ¢ is given by

Gk —a, = (1 —(SHH [H(if)—H’ + W’f} - H) (@)™ — ar)+(=5)H’ [H(if)‘H’ + W’f]
(A28)

o4

-1

k
Wy



and similarly

ir—a, = (1 — @ (S H> (@) = a0)+(S0) B [HE) H + W] g
(A29)

Therefore
- R R -1 R . —1 !
(k) _ (1 —(SHH [H(Ef)—H’ + W’f} H) A (1 (S H [H(E;’})‘H’ + W"} H)
~ ~ -1 “ -1
4 (ShH [H(Ef)*H’ + W’“] 0 [H(Z;‘)*H’ + W”} H(EM)™ (A30
where Ay = E [(a; — (aF)7)(a; — (a7)7)'] and @ = E [wf(w})'] = diag(c,0).
We know that

+

ar = (a5)™ = pacy + e — p(ay_y) " = pla-s — (@5-1)7) +

a; — (@) = par—1 + e — plaz_1)" = plar—r = (a4-1) ") +

and therefore

Ao = E [(ar = @) )ar = @)7)] = #PE (a1 — (@ 1) )aes — @f0)*)] + 07

%)



(ko e S (k,n S (k,n -1 3 kn
= S0+ CE, - 25D B8] (S, - S (A31)
and therefore
(ko e S (kn S (k,n -1 3 S (k,n
M= {50+ 8-S [B] G S ek

and we finally complete our characterization of belief updates.

A.3 Proof of Lemma 1
A.3.1 Part I: linearity of MPE

Guess that ¢ and h are linear:
Ly = FLiUt, hy = Fra,

Hence, the MPE is defined as

e Given Fy, the capital manager’s strategy ¢, = F,x; solves the Bellman equation

VF(x,) = max T, Pry + 2,Qu + RFyxy + Ho? + Hopoy Fyoy + 2, F) Hy Fro, +yE [Vk(xt+1):|

= maxa (P + RE) + FyHWE) 20+ 2 (Q + FyHon) 4 Hotg + 7E [VE(@i4)]
(A33)

subject to the law of motion (15) with h; replaced by Fj,z;:

Tir1 = (A + CFh) T + Bbt + D/Li’t+1 (A34)

e Given F, the labor manager’s strategy h; = Fjx; solves the Bellman equation

V() = max v, Pr; + 2,QF,x; + 2} Rhy + 2\ F'H,F,2; + x,F' H,phy + Hyh? + yE [V (2141)]
= max v, (P4 QF, + F'H,F)x, +x, (R+ F'Hy) hy + Hyh? + vE [V (2441)]
(A35)
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subject to the law of motion (15), with ¢, replaced by F,z;:
Tir1 = (A + BFL) Ty + Cht —+ Dui,tﬂ (A36)

With the linear-quadratic setting, we know that the value functions V* and V" takes the
form
VE(x,) = 2, Peay + Qp, V' (xy) = 2, Py + Qy,

Plug it into the Bellman equations: capital manager’s problem becomes

z [P + REy + FH,F, +v(A+ CF,) Py(A + (JF,Z)} w + iL(H; + vB'P,B)i,
+ il (HipFy + Q' + B Pu(A + CFy))x, + ya)(A + CF,) P, Bi,
= [Hz-hFh +Q + ’yB’(pk + P,g)(A + CFh)] x4

take first order condition on ¢
2(H; +yB'PyB)ty = —Hi, Fj, + Q' + B (P, + P)(A + CF),)
we get the policy matrix F, that solves (A33):

1 A -1 A .
F=—; (#.+9BBB) Q'+ HaFi + B (P + B)(A+ CF,) (A37)

where P, is defined by Riccati equation

P, = P+ RF, + FLH,F, + v(A + CF,) Py(A+ CF,)

1 N / ~ -1 ~
-7 [Q’ 4 HyFy + 2B Bu(A + OFh)} (HL + WB’PkB) [Q’ + HyFy + 2B Bo(A+ CFy)
(A38)
and similarly the solution to (A35) is
1 Lo\ .
Fr=—3 <Hh v fyC'PnC’> [R' HLF, + 270" By(A + BFL)] (A39)

where P, is defined by Riccati equation

~ ~

P,=P+QF,+F HF,+ (A+ BF)P,(A+ BF)
1 N / R —1 N
— 1 |[B 4+ HaF 4 200 P(A+ BFL)] <Hh + 7C’PnC’> [R’ + H,F, +2yC"By(A + BFL)]
(A40)
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A.3.2 Part II: linearity of MPBE

Now that we have characterized beliefs given policy F}, F}, I go back to the Bellman equations
and derive these policy matrices F,, F},. Under incomplete information, the capital manager’s

Bellman equation is

VF(x,) = max [2) (P + RF, + FyH,Fy) 2+ 2, (Q + Fy Hop) v + Hoif + V() |Z[]
(A41)

To save some notation, let P¥ = P + RF), + F] H,F}, and Qr=Q+ F/H,,.

From the previous section, we know that x; = [s;, a;) where s, = [1,k;4_1,n;41] is the
perfectly observable part, and a; is the partially observed productivity. We know that the
time-t estimate of z; for the capital manager is

iF = [s,ak)
To see how the noisy information changes the Bellman equation, we first look at the first
term ) (P + RF}, + Fy H,Fy,) x;. Put it in the conditional expectation, we get

E [} (P + RF, + FyH,F,) o:|TF] = E | ﬁk;ct|zﬂ
[P Pl
Py P

/ St

= E [8;7 at]

I Dk ! Dk ! Dk I Dk k
=F StPHSt + sy Plhay + a, Pyysy + athat‘Zt]

I

Qy

= 5| Pk s, + s, Phak + (ak) PE s, + E [at kﬂﬁlﬂ

We knwo that

E [aéﬁé‘éat |Itk}

B |tr (aiPhu) |7
E[t ( gzatat) ] (P;g atat|Ik)

<P2k2 |:At(At) D (P§22k> +tr (P22a’t( )/>
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Plug it back:

E [2) (P + RF, + FHAFy) w|TF] = ,Phs + s|Phak + (ab) Bhs, + E [a;ﬁgatpﬂ

= s;]-f’flst + Sfepfzdf + (&f)/l%lst +ir <P§f§f) + (df)/ngdf

St
~k
ay

The rest of terms in the quadratic profit function is straight forward. For the second term,

pk Dk
Pl Pry

—tr (PLSE) + (st @) | L s
P Pl

o (Ph5) + Gty P

E [I; (Q+ FyH,) Lt‘Zﬂ = ([):“f)lékbt

and the third term can be taken out of the expectation directly since ¢; is a function of

elements in ZF.
As a result, we have
V(@) = maxtr (152’325) + (88 (P + RF, + FLH,Fy) 3% + (35) (Q + FLHop) 0o + H,.2
+VE [V¥(@1) |Z]] (A42)

Compared with the complete-information case, we can see that the expected profit under

incomplete information is different in the following aspects:

e replacing the true state variable z; by the belief 2¥;

e adding a constant term that contains the posterior uncertainty ﬁf
Notably, the second moment of state estimate 2¥ enters the value function only via the
constant term (in the trace) and does not become part of the coefficient on terms with Z¥ or

1. Hence, 3 will not affect the first-order conditions of the Bellman equation — this should

not be surprising since we are doing linear-quadratic control and certainty equivalence holds.
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Again, I guess that the value function takes the form
(&) Bodt + Qx
so that
E [Vk(:vt+1)|1ﬂ =E [(£f+1>/pk:%t+l + Qk‘zﬂ
= tr (BShy,) + (@) Pty + Q

We plug it into the (A42) and take first order condition, we will end up with exactly the
same F, that we had in (A37), the full-information benchmark. The undertermined coefficient
matrix P, in the value function is pinned down by exactly the same Riccatti equation (A38)
in the full-information benchmark. The constant matrix Qk will be different, since now it

has to contain the trace term with posterior uncertainty.

Similarly, for the labor manager, the policy matrix Fj, will be exactly the same as the (A39),
with Riccatti equation defined by (A40).

A.4 Proof of Proposition 1

We know that

v = FFk_y+ F'ny_y + FaF
Ef \[u] = Flkey+ FJEY (] + FPES [aq)

Hence

v — B} [u] = F'(ne—y — EYj[ne]) + F2 (@ — EY_[ay])
= an(ht—l - }Alf—l) + FLQ((] - GkH)QJk(ht—l - ﬁf—l) + Gk’(zf - HQ&?—I))
= [F"+ F(I — G"H)oJ*] (hy—y — Bf_)) + FAG¥(2f — Hoal ) (A43)

Since

FeG*(2F — Hoa¥ ) = F*G*(Ha, +w* — Hoal )
= FL“Gk(HQat_l + Huy + wf — Hgdf_l)
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= FLaGk(HNt + wa_FFLaGkHQ(at*l - &f—ll

orthogonal to ht_1

-~

correlates with hy_1 7IA1,57 1

we have

— B[] = [F7 + BT = GRH)QIM] (bt — By + FAGMHoay + Hpy + wf — Hodf )
= [F" + F2( = G*H)o*) (s — ) + FEGH Holar — ) + FOGH (g + )
(Ad4)

A.5 Proof of Proposition 3

The first part of the proposition follows from the context.

For the second part: without adjustment costs (§; = &, = 0), we have
ki = ny = (6 - 1)]Fit[ait]
hence t;; = h;; and the regression coefficients Bh = BL and should always have the same sign.

Now I derive the sign result. The investment forecast error is

tit = Figoafea] = (e = 1) [Fir[aw] — Fip1]aq]]
= (e = D)G(pais—1 — pAFis1|ais1]) + (e = 1)G(pis + €ir)
= (e = 1D)Gplait—1 — Fig-afaiz—1]) + (€ = 1)Gp(1 = N)F;e—1[aie—] + (€ = 1)G (pe + €at)
= eGp(Yit—1 — Fir—1[Yir—1]) + (e = 1)Gp(1 — N)F; 41]a;—1] + (6 = 1)G(pir + €ir)

(A45)
where the last step follows from
Yig—1 — Fi,tfl[yi,tfl] = (1 - 1/6)(%#1 - Fi,tfl[ai,tfl])
The investment ¢; ;1 is given by
lit—1 = ki,tfl - ki,th = (6 - 1)<Fi,t71[ai,t71] - Fi,th[ai,th]) (A46)
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The signs of regression coefficients 3, or 3, are determined by

sgn(Bn) = sgn E[(yi,tfl - Fi,tfl[yi,tfl]y]]E[Li,tfl(%t - Fi,tq[bit])]

— E[(Wit—1 — Fir1[Yie—1]) i1 ) E[(Wir—1 — Figm1[Yi—1]) (Lae — Fi,t—l[bit])]] (A47)

NE

To save some notation, define a™* = a;;—1 — Fii1]ai1—1], AF = Fiyq[ai1—1]) — Fir—o[a;1—o],

and F'=F;; 1[a;;—1]. Hence we have
E[(yit-1 — Fi,tfl[yi,tfl]f] =(1- 1/5)2UCLT(GNE)
Eleit1(tit — Fig_1]tir])] = (6 — 1)*Gp - cov(AF,a™F) + (e — 1)*pG(1 — \) - cov(AF, F)
E[(yi,t—l — Fi,t—l[yi,t—l])%i—l] = (1 — 1/6)(6 — 1) . COU(CLNE, AF)
E[(yit—1—Fit—1[yit—1]) (tie—Fir—1[ta])] = (1—1/6)(6—1)vaar(aNE)+(1—1/e)(e—l)Gp(l—)\)-cov(aNE,F)

Hence the right hand side of (A47) is equal to

sgn{(l —1/€)*(e — 1)*Gp(1 — )\)\[COU(AF, Fyvar(a™F) — cov(a™F, F)cov(a™*, AF)l}

=A

Since (1 — 1/¢)?(e — 1)*Gp > 0, we have

sgn(fBn) = sgn((1 — A)A) (A48)

Now we pin down the sign of A. We know that

cov(F,a) = 1— )1 - ,:2>\(1 -G))

G2 [(1+ A1 = G))o2 + (1= p)(1 — pA(1 — G))o?]
(1= )1 — A1 - Q)1 - 21— GP)

var(F) =

Hence

A= (1-pA1—QG))var(F)var(a) — p(1 — A1 — G))cov(a, F)var(F)
— pG - cov(F,a)var(a) + (pG — 1 + p)cov(a, F)?
G*o?, [Pai + Qo?]

- (1—p2)2%2(1 = p2A(1 — G))%(1 — p*X%2(1 — G)?) (A49)
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where

P=(1-p\1=G)1+pM1l=G)(1—p*A1~G)) = pG(1 =1 ~-G))(1+p*A(1-G))
—p(1 =X (1= G)(1 = p*A1 = Q) + (pG = 1+ p)(1 = p*X*(1 = G)) = (1 = p*)pA(pA = 1)(1 = G)?

and
Q=(1—=p)(1=p"A(1=G)((1=pA(1=G)(1 = p*N1 = G)) = pG(1 = A(1 = G)))
The sign of A is the same as Po, + Qo?:

A> 04 Pol+Qo? >0

O _ (L= pA1 = G)[(1 = pA(L = G))(1 = p*A(1 = G)) = pG(1 = \(1 = G))]
2 pA(L = pA)(1 = G)?
(A50)

If (A50) is satisfied, then sgn(f,) = sgn(B,) = sgn(l — \). The threshold G is implicitly
defined by (A50), swapping the < sign by equality.

A.6 Proof of Propositions in Section 4

I first show that the FOCs in the MPBE can be expressed in the form of (32) and (33), as
in Kaymak and Schott (2023). Define

k fk 1 k avikt+1
o= — (ki — ke —— [ :
wlt R( t 1t 1) + /BRK @t 8k1t
& L (o L g : O T
= _ﬁ(kit - ki,t—l) + /8]?_]_( [(Plk2 + P2k1) + 2P2k2kz‘t + (P:fz + P2I€3)n§t + (szé + P2k4)paft
(A1)
and
Wit = _W(nit - ni,t—l) + BWNEZt 87”::
én

1 20 Pn Pn Pn PR I.n 10 PR\ An
= —=(ni — ni,tfl) +B8== |:(P13 + Pyy) + 2Pgsni + (P3h + Py)ki; + (Pgy + Psy)pag;

W WN
(A52)

Plugging them into (32) and (33) gives us the FOCs consistent with an MPBE.
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Next, we treat (32) and (33) as if it is a static problem: we characterize the decision rule for

capital and labor as a function of w* and w”.
Hence k;; and n;; can be written as
ki = —78 4 (€ — 1)@k + (G2 — Derh + (1 — ag)ewl + g™ (A53)

niy = —74 + (e — 1)al, — dleTﬁ + (1 — &q)ewyy + &1ewi(f’") (Ab4)

where w(™*) is the capital manager’s perceived labor wedge and w®™ is the labor manager’s

perceived capital wedge:

n 5]{: n 1 > > Dk 1n Am
wim = _E(kit = kig—1) + 5ﬁ |:<P1k2 + P2l€1) + 2P2'I€2k:z‘t (Pk2 + P2k3)”zt + ( a2 T P2k4 )pa; }
55)

n . 1 ~n ASn 230 230
wmh) — f ( —nig-1) +B=—= WN [(P13+P31)+2P3” + (Pgy + By)ka + (Pfy + Py)pa ft]

(k, n) (k,n)

For convenience, denote @ Wk and O™k = k) — n We have

~ (k,n 5 a B » a a n_ A n)(an_
) = | S P (2P + (P PRIFE + (P + Plyp) | @ -d) = A ar—-at
(A7)

and

ok = [—%Fh + WﬁN <2P§§Fh + (Pyy + PR)F* + (P + %)p)} (aF—a") = AP (aF—ar)
(A58)

It is then trivial to prove the propositions.

Proof of Proposition 4 We take the difference between k and n decision rules above and

the conclusion follows.

Proof of Proposition 5 By definition of MRPK and MRPN, we have

mrpk = (1 —1/€)a+ (&1 — 1)k + dan
= 7F 4 7Y 4 (& — 1) (e — 1)(@" — a) + Gole — 1)(@" — a) — w* + (41 — 1)d2e0™Y + Gy age M
=71F Vv AFGP —a) + A" - a) — WF (A59)
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where
AF = (G — 1)(e — 1) 4 (dg — 1)ape A™H) — Gy ape AR

A" = dg(e — 1) — (&1 — 1)de A™P 4 G are AR

and

mrpn = 7Y + Gy (e — 1)(aF — a) + (dg — 1)(e — 1)(@" — a) — w"™ + (G — 1)are0®™™ 4 Gy dpes™

= 7Y+ B*(@" —a) + B"(a" — a) — w" (A60)

where
Bk = dl(G — ].) — (562 — 1)5&16_/4(k’n) + éélééQGA(n’k)

B" = (G — 1)(e — 1) + (G — 1)a1eAR™ — G1Gpe AMF)

Taking variance on these expressions yields the conclusions in Proposition 5.

B Data Appendix

This appendix shows the details of sample construction and variable definition for the ex-

pectation test and the calibration exercise.

B.1 Construction of IBES-Compustat Dataset

Prepare the CRSP-Compustat Dataset After downloading the CRSP-Compustat An-
nual Dataset from the WRDS website, I apply the following filters:

e Keep only the firms incorporated in the US (fic = "USA");

Keep only the firms using USD as accounting units (curncd = "USD");

Drop the observations with missing NAICS codes;

Drop the observations with 2-digit NAICS codes = 52 (finance) and = 22 (utilities);

Drop the observations with negative sales;

Drop the observations with negative employment;
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Drop the observations with missing capital expenditure;

Drop the observations with missing sales.

Drop the observations with missing employment.

Remove the duplicate (LPEMNO, fyear) combinations.

I end up getting a CRSP-Compustat Annual sample with 81,937 firm-year observations from
2000 to 2024.

Prepare the IBES-Compustat Joint Sample After downloading the IBES Guidance
Dataset from WRDS, I apply the following filters and imputations:

e Keep only the annual guidance (pdicity = "ANN");
e Keep only the sales and capital expenditure guidances (measure = "CPX" or "SAL");

e Keep only the observations with range guidance (range_desc = 1) or point estimates
(range_desc = 2). For the firms that adopt range guidance, drop the observations
with missing lower or upper bound, and impute the forecast/nowcast by the midpoint

of the lower and upper bound ((val_1 + val_2)/2).

e Merge the IBES-CRSP bridge file to the IBES sample by matching the IBES ticker
(firm identifier in IBES datasets). This step allows us to map the IBES firm identifier
(IBES ticker) to CRSP-Compustat firm identifier (PERMNO).

e Drop all the guidances with forecasting horizon > 12 months.

e Up to now, the observations in the IBES Guidance dataset are at firm-year-guidance
level. Drop the observation if it is the only guidance posted by the firm in that year.
We are left with the guidances posted by the firms that make multiple guidances in a

fiscal year.

e Drop the guidances that (1) are not the first guidance posted by the firm in a fiscal

year, or (2) are not the last guidance posted by the firm in a fiscal year.

e Now, We are left with only the first and the last guidance posted by a firm in a fiscal

“nowcast” for each

year. I use the first guidance as “forecast” and the last guidance as
firm and fiscal year. Up to now, each observation in the IBES Guidance dataset is at

firm-year level.
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e Merge the IBES Guidance dataset to the CRSP-Compustat dataset above and remove
the observations with (1) missing capital expenditure forecasts, (2) missing lagged sales

nowcasts, or (3) missing lagged hirings.

Summary Statistics We end up with a IBES-Compustat merged sample. This merged
sample spans over 2000 and 2024 and contains 9201 firm-year observations. This is a sample
for gigantic firms in the US. Table B1 compares the average and median size of firms in
the IBES-Compustat sample with the whole CRSP-Compustat sample between 2000 and
2024. We can see that the firms in our IBES-Compustat sample is about two times larger in
sales and employment on average. Median sales in the IBES-Compustat sample is about five
times larger than the CRSP-Compustat firms. Table B2 tabulates the share of total sales in
the US GDP for the firms in the samples. We can see that the total sales of the firms in our
IBES-Compustat sample take up about 20 percent of US GDP, depite the fact that it only
keeps about 10 percent of the CRSP-Compustat sample.

CRSP-Compustat (2000-2024)
Variables Units Mean Median  No. Obs
Sales Millions USD  3512.01 366.11 81937
Capital Stock (PPEGT) Millions USD 2464.81  140.32 78478
Capital Expenditure Millions USD  210.11 11.59 81937

Employment Thousands 10.78 1.18 81937
IBES-Compustat (2000-2024)
Variables Units Mean Median  No. Obs
Sales Millions USD  6996.31 1848.92 9201
Capital Stock (PPEGT) Millions USD 3609.12  784.72 9119
Capital Expenditure Millions USD  286.34 64.54 9201
Employment Thousands 24.92 7.19 9201

Table B1: Summary Statistics (2000-2024)

Construction of Variables for the Expectation Test The key variables in the expec-
tation tests in Section 3 are constructed as follows. For the forecast and nowcast errors, I
use the the arc-percent difference between the forecast/nowcast value and the actual value,
as in Bloom, Codreanu, and Fletcher (2025):

CapEX;;, — Eﬁtfl [CapEX ;]
1/2(CapEX;;, + Ei‘it—l [CapEX,,])

CapEX Forecast Error;, =
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CRSP-Compustat Sample

2005 2010 2015 2020
Total Sales (Billions USD) 8812 10057 11957 13413
Sales/GDP 68% 67% 65%  63%

IBES-Compustat Sample

2005 2010 2015 2020
Total Sales (Billions USD) 1666 2954 3534 4146
Sales/GDP 13%  20%  19% 19%

Table B2: Total Sales and Share of Sales in US GDP

and
Sales;; — Ef ([Sales;]

1/2(Sales;; + EF [Salesy])

Sales Nowcast Error;; =

The arc-difference definition of forecast/nowcast errors has two advantages. First, it is
bounded between [—2, 2], so that outliers in the realized values and expectations would not
affect the forecast/nowcast error and the regression results by much. Additionally, it avoids
the problems of taking logs when the actual values or expectations are close to 0. This may
not be a big issue for the large-firm samples like IBES or Compustat, and I verify that the
regression results are robust to alternative definitions of forecast/nowcast errors (e.g. the

log difference between predicted values and actual values).

The definition of hiring is standard. For firm ¢ in year ¢, hiring h;; is defined as

hit = log(empit) - log(empi,t—l)

where emp is the employment of the firm in CRSP-Compustat. Alternatively, an arc-
difference measure of hiring is widely adopted in the literature as well (e.g. Davis and
Haltiwanger (1992)). The regression results do not change with alternative definitions of

hiring.

B.2 Robustness Checks for the Expectation Test

In this section, I consider several robustness checks to the expectation test in Section 3.
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Time-to-build In the capital adjustment literature, it is common to assume that the cap-
ital takes time to build (e.g. Cooper and Haltiwanger (2006), David and Venkateswaran
(2019)): today’s investment transforms into capital stock with a one-period lag. One may
wonder whether time-to-build invalidates the power of empirical test: namely, whether in-

corporating time-to-build in capital alone makes the coefficient of interest B #0.

I verify that time-to-build in capital does not invalidate the regression test. In our framework
of Dynamic Narrow Framing, the only change is on the profit function: without time-to-build,

we have

M(K,N;A,K_j,N_}) = AKCU"VINUI=)1-1) _RE N — adj. costs
—R(AK,N)

With time-to-build on capital, it seems that the only change is on the profit function:
II(K,N; A, K_y,N_y) = AK_*-VoNU=-e)1=1/) _ R _ WN — adj. costs (B1)

In other words, with the time-to-build friction, capital for production today is predetermined,
and the cost for tomorrow’s capital is paid today. This friction changes the matrices in the

log-quadratic profit function (A3): now the matrix P,Q, R, H,, H,, H,;, becomes

2Y 0 0 L(1-1/e)Y
po | * TRK(a(l1—1/e)—1) _%(}(1 —a)(1—1/e)?Y sa(l1—1/e)%Y .
x x WN(A—a)1-1/e) —1) Y1 —a)1-1/e?Y
* * * %(1 —1/e)%Y
(B2)
—RK 0
o= || mag=| c0-@0-1/% (B3)
0 N((1=a)(1—=1/e)—1)
(1—a)(1—1/e)?Y
and
H, = —%(Rf( +&K), Hy, = —%([1 —(1-a)(1—-1/6)]WN +¢,N) and Hy, =0 (B4)

The learning process of firm managers is not changed by the time-to-build friction, and
therefore the intuition we built in Section 3 remains true: lagged hiring cannot forecast the

investment forecast error.
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Non-convex Adjustment Cost In Progress.
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B.3 Construction of Compustat Sample for Calibration

After obtaining COMPUSTAT Fundamentals Annual dataset from WRDS, I applied the
following filter:

8.

9.

. Exclude the observations before 1998;

Exclude the firms incorporated or legally registered outside the US (filter by COMPU-
STAT terminology fic);

Exclude the firms that do not use US dollar as their native currency (filter by COM-
PUSTAT terminology curncd);

Following the literature (e.g. De Loecker, Eeckhout, and Unger (2020), Flynn and
Sastry (2020), Afrouzi, Drenik, and Kim (2023), among many others), exclude firms
in the following sectors

(a) financial sector (SIC code 6000-6999, or 2-digit NAICS 52);

(b) utility sector (SIC code 4900-4999, or 2-digit NAICS 22);

(c) non-operating sector (SIC code 9995).
It is well documented that financial firms are different from non-financial firms in

many aspects (e.g. production function, business cycle properties, etc). The input and

output prices of the utility sector is heavily regulated.
Exclude observations with missing SIC or NAICS codes;
Exclude observations with missing total assets (COMPUSTAT terminology at);

Exclude observations with acquisitions (COMPUSTAT terminology aq) exceeding 5
percent of total assets (COMPUSTAT terminology at);

This is a common practice in the literature because firms that went through large
mergers and acquisitions tend to have very large changes in input choices and measured

productivity.
Exclude observations with non-positive sales (COMPUSTAT terminology sale);

Exclude observations with non-positive employments (COMPUSTAT terminology emp);

UT may slack this filter if one believes that major M&As are (exogenous) variations to the management
style and hence information friction.
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10. (Optional; for robustness check) Construct the capital stock series by perpetual inven-
tory method. As pointed out in Becker et al. (2005) and Bachmann and Bayer (2014),
the capital measure in COMPUSTAT, namely PPEGT, is book value. It cannot be
directly used because it is valued at historical prices and the accounting depreciation
in the balance sheet is usually higher than the economic depreciation for tax benefit.

I construct the capital stock series as follows:

(a) For each firm, the initial capital stock K;;, is obtained by deflating the first obser-
vation of total gross property, plant and equipment (COMPUSTAT terminology
ppegt), denoted BV, ,,; for the deflator P, I use the non-residential gross pri-
vate domestic investment deflator (row 9) as in Implicit Price Deflators for Gross
Domestic Product (NIPA Table 1.1.9) from BEA website [in this table, the base

year is 2017]. Hence, initial capital stock is

P
_ D07y,

to — 2,to
) Pt )

K;

0

(b) For each firm, build up the capital recursively by
Kiy=1 —0K; 1+ Kiy 1 =Ny + Ky (B5)

where NI denotes net investment. There are multiple ways of measuring net
investment. Here I use the approach in Ottonello and Winberry (2020): deflate
the series of total net property, plant and equipment (COMPUSTAT terminlogy
ppent) and use APPENT,; = PPENT,;;, — PPENT;; ; as a measure of (unde-
flated) net investment. Deflate APPENT;, by the corresponding deflator P;, we

obtain

P
Kiy=Ki1 + ?17APPENTM (B6)

t

11. Exclude observations with missing cost of goods sold.

12. The following steps are essential to backing out the capital share a:

(a) merge compustat with County Business Pattern (CBP) from Census (which con-
tains industry-level wages - here, industry = 3-digit NAICS for manufacturing

and 2-digit for other industries);

(b) fill up the missing values in wage bill for Compustat firms: wage bill = emp *
CBPwages;
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(c) compute the material expenditure = cogs + xsga - dp - wage bill (see Keller and
Yeaple (2009) and Flynn and Sastry (2020)).

(d) compute value-added = sales - material expenditure;

(e) compute the labor share in sales:

rsharep,por = Z(wagebill) / Z(Value—added)

Here, I sum up all the firm-year observations to get an aggregate share; in an alter-
native exercise I do the summation up to the industry level and get an industry-

specific labor share for all the industries;

(f) back out the capital share of income:
a =1—rsharejp,/(1 —1/¢)

13. I prepare the all the variables that will be used in the quantitative analysis:

(a) Define capital stock as the book value of PPE (PPEGT);

(b) take log of value-added, employment and capital stock, get the lagged and first-

differenced log employment and log capital stock;

(c) Define the profit shock/Sales Solow residual as
a = log(valueadded) — ax (1 —1/€) log(capitalstock) — (1 —a) (1 —1/¢) xlog(emp)

(d) get the lagged and first-differenced series for a;

(e) define mrpk = log(value added) - log(capital stock) and mrpn = log(value added)
- log (emp).

14. T append the cleaned IBES dataset to the cleaned Compustat sample. Each firm-year
observation in the cleaned IBES dataset has the current year’s first guidance of capital
expenditure and the previous year’s last guidance of sales. Call the resulting sample
“IBES/Compustat Merged Quantitative” Sample.

15. In this “IBES/Compustat Merged Quantitative” Sample, I regress k, n, a, Ak, An, Aa, mrpk, mrpn
on sector-year fixed effects and keep the residuals (this is to remove the trends in the
data).

16. T trim the 1 percent tail of the above residuals;
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17. T trim the 1 percent tails of investment forecast errors and sales nowcast errors.

This results in a sammple that has 6492 firm-year observations. Table B3 reports the sum-

mary statistics.

Table B3: Summary Statistics of the Quantitative Sample

Variables Units Mean  Median No. Obs
Sales Millions USD  5319.80 1769.03 6492
Capital Stock (PPEGT) Millions USD 2260.60 734.10 6492
Capital Expenditure Millions USD  186.60  61.00 6492
Employment Thousands 16.74 6.45 6492
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