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Where do business cycle fluctuations come from?

When can micro shocks generate macro fluctuations?

aggregate fluctuations

/! T N
volatile ~volatile ~ correlated
common factors idiosyncratic factors idiosyncratic factors

» granular origins: fat tail distribution leads non-diversification
» clustered origins: cross-firm correlated idiosyncratic factors

Even if most business cycle research does ignored the cross-firm pairwise correlations,
idiosyncratic co-movements potentially lead to macro fluctuations.
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Correlated idiosyncratic factors and macro fluctuations

A simple example with identical variance-covariance

Uit = ear  + EF.it and Y, = § Wit X Uit
7
~— ~— —~— ~— ~—
. true - true )
firm fluctuation common factor idiosyncratic factor agg. fluctuation share

Aggregate fluctuations with identical variance and covariance

var(Y;) = Uzzx,t + hZUFt + (1 - h?)PF,tUP%,t
N—— ~—~ H/—/ —
aggregate common factor idiosyncratic factor idiosyncratic factor
volatility volatility volatility: granularity dependency

Notation, notes, and remarks:

. . —1/2
h: Herfindahl Hirschman Index, >y w2 Y2 € [Ny 2 1)
ai}t and a%}t firm ¢’s variance of true common and idiosyncratic factor, var(ea,¢) and var(ep ;¢)
pr,: correlation b/w firms i and i’’s true idiosyncratic factors, corr(eF it €, i/¢)

2/29



Why and when can we ignore pairwise correlation?

Fluctuations: true vs pseudo factors

mean deviation from mean
N 1 . . 1 .
Yit = EAL + EF,it = eatteri = E Yirt + Yit — = E Yirt
Ni 4 N
~—~ ~—~ ~— N—_——
. . rue o true pseudo pseudo
firm fluctuation common factor idiosyncratic factor common factor idiosyncratic factor

The identical variance and covariance across firms imply
» corr(ea,t, er ) = 0 and corr(ep ¢, er,ir¢) ~ 0 for i # .
» business cycle studies with pseudo variables are OK (well-defined)
where dependency does not matter.
The heterogeneous variance and covariance across firms imply
» corr(ea ., erit) # 0 and corr(ep i, er,ir¢) # 0 is disconnected to corr(ep i, ep,irt)-
» business cycle studies with pseudo variables are spurious and not well-defined.
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Simulations (1/4)

Sample pairwise correlations: true vs pseudo idiosyncratic factors
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» pseudo idiosyncratic factors ignore true factors’ pairwise correlations

Notation, notes, and remarks:
» 3,000 simulations, 50 periods, 5,000 firms, S.D. of e ;¢ is 12%.
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Simulations (2/4)

Aggregate fluctuations: N, ' > cp;; and N, 'Y ep i
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B. Pseudo Idyosyncratic Shocks
(Deviations from the Mean)

—— Zero Pairwise Correlation
- - - -Pairwise Correlation: 2.5%

10 20 30 40
Period

» 2.5% pairwisely correlation = notable aggregate fluctuations

Notation, notes, and remarks:
» Here, we ignored the common factor. 50 periods, 5,000 firms, S.D. of 5 ; is 12%.

50
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Simulation (3/4): with unequal size distributions

Aggregate fluctuations: > w;ep i and Y wier i
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» 2.5% pairwisely correlation + fat-tailed size distribution = aggregate fluctuations

Notation, notes, and remarks:
» Here, we ignored the common factor. 50 periods, 5,000 firms, S.D. of 5 ; is 12%.
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Simulations (4/4)

Aggregate volatility: S.D. of N, ' S ep ;s and 3 wirer i

A. Aggregate Fluctuations without Tick Tails B. Aggregate Fluctuations with Tick Tails
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» 2.5% pairwisely correlation + fat-tailed size distribution = aggregate fluctuations

Notation, notes, and remarks:
» Here, we ignored the common factor. 3,000 simulations, 50 periods, 5,000 firms, S.D. of 5 ; is 12%.
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This paper does

This paper provides the micro-foundations for (aggregate) business cycle fluctuations.

» cluster origins (dependency within an industry)
» idiosyncratic shocks are correlated across firms

» variance and pairwise covariance differ across firms

| need to identify true factors (e : and er ;) from observation (y;.)... maybe challenging...

| compute the upper- and lower-bounds of granular and clustered origins instead of
estimating point values. This approach

» relies on some statistical facts rather than additional assumptions and/or information.
» avoids misspecification issues.
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This paper finds

Clustered and granular origins:

x10°
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» The clustered origins explain 1) the great moderation and 2) the recent increase in the
US business cycle volatility.

Notation, notes, and remarks:
» Compustat Annual Fundamentals North America database 1976-2018 a.

» Aggregate and industrial GDPs and deflators are from Bureau of Economic Analysis. o/26
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Theoretical motivation and key concepts

» Origins of business cycle fluctuations



Origins of business cycle fluctuations (1/2)

Aggregate fluctuations

Y, = > ,wayi  Where it = €ar + erie and ealep
~— —_——— ~— ~— —~—
aggregate weighted sum of firm’s common idiosyncratic
fluctuations firm fluctuations fluctuations factor factor
2 _ 2 + 2{: 2 2 + E:: X zg: . .. .
O—Y,t = OALt iWitOF it ; Wit i/#iwz/th,n/tgF,ztUF,z/t
~— ~—
aggregate common factor idiosyncratic factor idiosyncratic factor
volatility volatility volatility dependency

Notation, notes, and remarks:

w;¢ firm ¢’s share, size weight
af, . variance of aggregate business cycles, var(Y;)
ai . and a% ;¢ firm @’'s variance of true common and idiosyncratic factor, var(ea,¢) and var(ep ;)

pr,ii¢  correlation of true idiosyncratic factor b/w firms i and 4/, corr(er,it, €F,i/¢)

11/29



Origins of business cycle fluctuations (2/2)

Aggregate fluctuations with identical variance and covariance

aggregate origins granular origins: I"; clustered origins:x
—~
2 _ 2 2 2 2 2
Oy = OAt + hiow 4 + (1 - ht)prtUF.,t
S~ N~~~ N—— N————’
aggregate common factor idiosyncratic factor idiosyncratic factor
volatility volatility volatility dependency

» Lucas (1977)’s diversification argument: idiosyncratic shocks average out
: it only holds when i) hy — 0 as N; — oo and ii) pp+ =0

Notation, notes, and remarks:

h¢ Herfindahl Hirschman Index, [y w2, V2 e N, Y2

a?/ . variance of aggregate business cycles, var(fft)
o‘i,t and U%,t firm #’s variance of true common and idiosyncratic factor, var(ea +) and var(ep it)
pr,t correlation b/w firms ¢ and i”’s true idiosyncratic factors, corr(er,it, €F,i’t)
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Are clustered origins non-negligible?: A simple example

Size of clustered origins relative to granular origins (with identical variance-covariance)

xo _ A=hpeaor, (1
T, hioZ, h? PRyt

» With h; = 0.12 as in Gabaix (2011)’s example

» pr € 10.01, 0.05] implies x; € I'; x [0.68, 3.42]

Why has the predominant research long ignored pairwise correlation across firms?

Notation, notes, and remarks:
ht Herfindahl Hirschman Index, > wi%t]l/? c [N;1/27 1]
oZ , variance of true firm 4's idiosyncratic factor, var(er,;t)

pr,+ correlation b/w firms ¢ and ¢"’s true idiosyncratic factors, corr(€F,it) €F ,i't)
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The Framework with pseudo variables
» Homogeneous variance-covariance
» Heterogeneous variance-covariance

» Evidence from the US public firms



Pseudo factors and spurious relations

True vs Pseudo common and idiosyncratic factors

Jie = €apx T+ EF = Pis= ear + e€rg
N—— N———— N—— N——— N——
firm_ true . true | pseudo pseudo
fluctuations common idiosyncratic common idiosyncratic

factor factor factor factor

» True of common and idiosyncratic factors are not directly observable
» Many studies use the pseudo factors; the sample mean and the deviation from it.
» Spurious relations

var(eas) & ox, + preop, and var(ep) & o, — priop,

» Systemically over- or under-estimated volatility of factors

Notation, notes, and remarks:
ea,+ pseudo common factor, eat=N'S G =ea s+ NS EF,ilt
er,;+ Ppseudo idiosyncratic factor, eF,it = it — €At = EF it — N{l D i EFirt
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Properties of homogeneous variance and covariance

Proposition 1

Consider a cluster where firms have identical standard deviation and pairwise corre-
lation of idiosyncratic shocks; or ; > 0 and pr; € (—1,1). Then, the cross-sectional
sample mean and the deviations from it have the following correlations. For Vi # ¢/,

corr(ea s, er i) =0

corr(ep it, ep irt) = —(Ny — 1)*1.

» Spurious but well-defined!
» Pseudo common and idiosyncratic factors are orthogonal
» Pseudo idiosyncratic factors are asymptotically orthogonal to each other
: true dependency does not matter for the pseudo dependency

Notation, notes, and remarks:
> Note that these results do not hold when | use the weighted mean. 15/29



Irrelevance of correlated pseudo idiosyncratic factors

Corollary 1

The variance of aggregate fluctuations can be decomposed into the pseudo common
and idiosyncratic shocks’ variances asymptotically.

1—h?
0)2% =var(eat) + hfvar(ep7it) — <Nt — ’i)var(ep,it)

» we can use the pseudo factors where clustered origins (dependency) do not matter
asymptotically.

Notation, notes, and remarks:
> cov(er,it;ear) =0

> cov(er,it,er irt) = —(Ne — 1)~ tvar(ep ;)
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The Framework with pseudo variables

» Homogeneous variance-covariance

» Heterogeneous variance-covariance



Properties of homogeneous variance and covariance

Proposition 2

Consider a cluster where idiosyncratic shocks’ standard deviation and pairwise
correlation are different across firms. Then, the covariance between the cross-
sectional sample mean and firm 4’s deviation from it is non-zero in general.

1 1
2 2
cov(ea,t, er,it) = N, |TFit T N § :UF,z’/t

|: § PF zz/tUF ztUF 't E § szz”tUF i/tOF 't

/751 il ”761

» not well-defined
» pseudo common and idiosyncratic factors are correlated
» pseudo idiosyncratic factors are correlated to each other

» We need to recover true idiosyncratic factors’ volatility and dependency.
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Are variance and covariance heterogeneous? (1/2)

Evidence on heterogeneous variance and covariance of true idiosyncratic factor
» homogeneous variance: identical var(y;;) across firms
var(git) = U?A,t + J%’,it
» homogeneous covariance: identical cov(g;, §i+) across firms

PN 2
cov(Jit; Yirt) = Oa 4 + PFiirtOF itOF it

Notation, notes, and remarks:

9;¢+ firm’s fluctuations, =€F,it T €EA,t = €F,it T €At

0% , variance of true common factor, var(ea,t)
oZ ., firm i's variance of true idiosyncratic factor, var(eF,it)
pr,ii¢  correlation of true idiosyncratic factor b/w firms i and 4/, corr(er,it, €F,i/¢)
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Are variance and covariance heterogeneous? Yes! (2/2)

Evidence on heterogeneous variance and covariance of true idiosyncratic factor

A. Standard Deviations B. Cross-Firm Correltation within Cluster
(Demeaned within Cluster, year = 1995) « (Demeaned within Cluster, year = 1995)
07_ -
<
(O_ -
| m
N m
o . 41“7 { HWﬂTnﬂﬂﬁq o HTHWWH}Y . HWnﬁ
-1 -5 0 5 1 -1 -5 0 5 1

Notation, notes, and remarks:
» Source: Compustat Annual Fundamentals North America database 1976-2018

» Ineach t, | calculate a firm’s standard deviation and correlations of labor productivity in [t — 4,t + 5]. |
report the statistics after demeaning within industry in each year.
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Origins of aggregate fluctuations

» Empirical Strategy

» The evolution of micro origins in the US



Origins of industrial fluctuations

Industry (cluster) s fluctuations: Yy, = 3", ; wafie Where i = ea o +erit

2 2 2 2
Oy st = OAst + ZwsitaF,it + Z WsitWsit PF,ii’tOF it OF,i't

i€lst i,i' €lst

i’ #i
2 2 ~ 2 2 ~ ~ 2 2
= OA,st + Z wiipvar(fie) — hoase  + Z WsitWeirt €OV (Jit, Yire) — (1 — hist) oA st

i€lst i,i' €lst

il #i
N
aggregate granular origins : T's; cluster origins : ¢

Notation, notes, and remarks:

hst Herfindahl Hirschman Index in industry s, Dier., w2, |Y/? € [N

wg;¢ Share of firm ¢ in industry s, size welght

1/2 ]
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Origins of industrial fluctuations

Industry (cluster) s fluctuations: Yy = Zielﬂ WsitYit Where 9, = ea st + vt

2 2 2 2
Oy st = OA,st + Z Wit OF it +
i€lst
2 2 ~ 2 2
= UA,st + Z wsitvar(yit) - hst UA,st +
i€ 15t
N——
aggregate granular origins : T's;

Notation, notes, and remarks:
hst Herfindahl Hirschman Index in cluster s,

wsi¢ Share of firm 4 in cluster s,

E WsitWsi't PR,/ tOF,itOF i't
i, €lgt
il #i
; Jity 1—h2,) oa
wsztwsi’tcov(?/myi't) - ( - st) OA,st

i, €lg¢

i/ #i

cluster origins : ¢

[Cier,, whl? € ING'2,1)
size weight

20/29



How to identify a range of common factor

Proposition 3

In a cluster, the common shocks’ variance should not be larger than o3,

0<0R o <ORg = Zglel?t {var(git), [1+ corr(it,Girt)]sd(Gie)sd(Girs) }

> var(§it) = 03 ., + 0p 4, SiNCe variance is non-negative,
~ 2 ~ 2
var(yit) >0y and var(g;) > OF it
> cov(Git, Jirt) = 04 o + PFitOF 10F 4¢: SiNCe correlation is b/w —1 and 1,

cov(fit, Jirt) > OR o — OF,itOF,irt = Ao — Sd(7it)sd (§ire)

Notation, notes, and remarks:
0% ., variance of true common factor in cluster s,

firm ¢’s variance of true idiosyncratic factor,
correlation of true idiosyncratic factor b/w firms 7 and ¢/,

var(ea t)

U%,it var(ef,it)
PF,ii't CO""(EF,mEF,i’t)
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How to identify granular and cluster origins

Corollary 2

The clustered and granular origins are bounded as follows.

Z Wit WsirCOV(Yit, Pirt) — (1 - hi)af’&?st <Xst < Z Wit Wsirt COV(Yit, Pirt)

0,0 €Lt 0,0 €15y
i’ i/
2 ~ 2 %2 2 ~
E :wsitvar(yit) - hstJA,st <Tg < E wsitvar<yit)

i€lst 1€1s¢

Notation, notes, and remarks:

Xst Cluster origins, D icr,, Wsit 2oire 1\ {5} Wsi'tPF,ii/tOF,itOF,i't
Qi 2 2 2

I's; granular origins, OAst T 2icle, WsitOF it
' . . 211/2 —1/2

hst Herfindahl Hirschman Index in cluster s, D ier., Wit /2 e N4

wgi¢ Share of firm 4 in cluster s, size weight

032, upper bound of variance of true common factor in cluster s
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Origins of macroeconomic fluctuations

Macro fluctuations: GDP, = d, Sier, Withie = de 3 e g Wt Vit

var(GDP,) = d? {Zwstay ot D wewicov(Yr, Vo) } =d; ) wi {aA se+ Dot + Yot ] + BIO,

ses s,s'€s s€S macro  dranular  cluster

s#s’
» Domar weights — Domar (1961); Hulten (1978)
—— Saleslt 1 A Zi’e[, SaleSit71 .
GDP; = Z GDP,_, it = (GfD—Pt,l Zwst Z Wit Yit
1€l —_—— N — SES 1€lg¢

Domar weight Domar adjustment: d+

Notation, notes, and remarks:
w;+ and ws;¢; share of firm ¢ in total and in cluster s,
wst Share of cluster s in total,

BIO; between- industry origins,
BIO: = d ZS s ES WstWg/ ¢ [COV(EA sty EA, s’t) + Z 16[“ wmtwm/tcov(ap ity EF z’t)]
s#a i'el 't

size weight

Wit = WstWsit
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Origins of aggregate fluctuations

» Empirical Strategy

» The evolution of micro origins in the US



Data and measurements

Sales and employments, sale;; and, emp,;

» from Compustat North America: Fundamental Annuals (1975-2018)
Industry-level deflators, p.;

» from the US Bureau of Economic Analysis

» Chain-Type Price Indexes for Gross Output by Industry [2012=100]
Logged labor productivity and its business cycle components: y;; and ¢;;

» y;; = Insale;; —Inpy — Inemp,,

alternatively, logged real sales y;; = Insale;; — Inpy;

» its business cycle components are from
Jit = Yir — Bsyie—1 — Y39 x Inage, — ¢¢™ x lnemp, — Y™ x t — §;
alternatively, the growth rates (log-difference)
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Results: Origins of macroeconomic fluctuations (1/3)

Clustered and granular origins:

x10°

T oo
2 0 | o & . -
S § GDP voldtility
g‘_ | L <« % [ Clustered origins
'é © [] Granular origins

© |~ 8

o @

o T T T T T T o
1980 1985 1990 1995 2000 2005 20102013

Notation, notes, and remarks:
» Compustat Annual Fundamentals North America database 1976-2018 a=D.
» Aggregate and industrial GDP and deflators are from Bureau of Economic Analysis.

» 53 clusters (industries).
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Results: Origins of macroeconomic fluctuations (2/3)

Ratio of clustered and granular origins to GDP volatility:

4
l

3
I

[ ] Clustered origins
[] Granular origins

A

Ratio to GDP variance
2
l

o
1980 1985 1990 1995 2000 2005 20102013

Notation, notes, and remarks:
» Compustat Annual Fundamentals North America database 1976-2018 a=D.

» Aggregate and industrial GDP and deflators are from Bureau of Economic Analysis.

» 53 clusters (industries).
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Results: Origins of macroeconomic fluctuations (3/3)

Robustness check
» with vs. without Domar adjustment
» business cycle component vs. growth rate of labor productivity

» labor productivity vs. firm (real) sales
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Conclusion

I introduce cross-firm idiosyncratic shocks

» Demeaned (pseudo) productivities misrepresent cross-firm dependency when their
productivities’ variance-covariance is heterogeneous

Revisit micro origins of aggregate fluctuations
» Clustered micro shocks are important.
» Granularity is still important.

» Recently, | observed the rise of micro origins.
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Thank you!
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Overview

A.1. Mathematical appendix



Pseudo common and idiosyncratic factors and their relations :

homogeneous variance and covariance

Spurious relations with homogeneous variance and covariance

var (¢ ) = 0% + 0 i
1
Var<€F,it) = (1 - ]Vt> (1 - PF,t)UIQ«“,t
o2 1
Var(eAvt) = Ui,t + %: + (1 — ]\ft) pF7t0'§
cov(ep,it,ea,t) = COIr(epit,ea) =0
1
COV(eF,ih 3F,i/t) = - ﬁ(l - PF,t)U%,t
t

1
N —1

COFI’(eF,it, eF,'L’t) =

%

2 2
OFt — PFtOF ¢

2 2
Opt T PPt0T 4



Nice properties of pseudo common and idiosyncratic factors :
homogeneous variance and covariance (1/2) a

Pseudo common and idiosyncratic factors with weight
€X,t = Zilwi’tgi’t =éeat+ Zilwi’tEF,i’t and eva,it = Jit — €At = EF,it — Zilwi’tf‘:F,i’t
» small idiosyncratic variance of firms with large weights
var(ell ;) = (1 — 2wy +my)(1 — pr.o)of,
» true dependency, p¢, does not matter for correlation b/w idiosyncratic shocks
Wit + Wirg — My
COfr(eF,m@F,i't) =- - Wl
\/1 —2Wit+m2\/1—2w7yt+m§v

» more unequal weight tends to generate positive dependency
» less (more) weighted firms tends to be positively (negatively) correlated

Notation, notes, and remarks:
w;¢ arbitrary weight, >y wip=1land wy >0
my  measurements how much equally weighted, my =3, w2, € [N, 1,1]
> cov(er,it, ep,ire) = —(Wit + wirg —my)(1 = pr,e)op



Nice properties of pseudo common and idiosyncratic factors :
homogeneous variance and covariance (2/2) a

Pseudo common and idiosyncratic factors

var(ea,t) :Ui,f, + m\g‘ﬁ%,t +(1— mg)PF,tU%,t

w
Wi — My

aiyt/a%‘t%»pp,t w
\/W+m2\/1—2wit+m§v

corr(ea ¢, €F,it) e

» pseudo common and idiosyncratic shocks are correlated...it is not ideal...

» idiosyncratic factor of firm with a small (large) weight tends to be positively
(negatively) correlated to the common factor

» we need w;; = my to get uncorrelated pseudo common and idiosyncratic shocks.
» how? set w;; = 1/N, for all i!



Notation, useful for the next few slides, | promise...

Heterogeneous variance and covariance

numbers: 1
covariance matrix  firm 1 2 3 e Ny —1 N;
i=1 1 v
2
3
Ny —1
Ny
Notation:

o .,  firm's variance of true idiosyncratic factor, var(ep,;+)
&2 average of true idiosyncratic factor, NS o2,
Cr ;v covariance of true idiosyncratic factor b/w firms i and 4/, cov(er,it, €F i7t)

Cr,; average of firms i’'s covariance of true idiosyncratic factor, (N: —1) -1 2irzi Cr i



Notation, useful for the next few slides, | promise...

Heterogeneous variance and covariance

numbers: N,
covariance matrix  firm 1 2 3 Ny —1 N;
1 v
2 v
3 v
Ny —1 v
Ny v
Notation:
oZ ., firm i's variance of true idiosyncratic factor, var(ep, i)
G2 average of true idiosyncratic factor, N, ' 32, 02
Cr ;v covariance of true idiosyncratic factor b/w firms ¢ and 4/, Cov(er,it, €F i7t)
Cr,; average of firms i’'s covariance of true idiosyncratic factor, (Ne—1) -t Zi,ﬂ Cr,isr
EF average covariance of true idiosyncratic factor, Nfl > Cr



Notation, useful for the next few slides, | promise...

Heterogeneous variance and covariance

numbers: 1
covariance matrix firm 1 2 3 Ny —1 Ny
=1 1
i =2 2 v
3
Ny —1
Ny
Notation:
0'% ;¢ firm é’'s variance of true idiosyncratic factor, var(sp’“)
2 average of true idiosyncratic factor, NS o2,

Cg i/ covariance of true idiosyncratic factor b/w firms i and i/, cov(ep it, eF i+
Crg,; average of firms 4’s covariance of true idiosyncratic factor, (Ne —1) -t > i O

Cy average covariance of true idiosyncratic factor, Nt’1 > Gpﬂ;



Notation, useful for the next few slides, | promise...

Heterogeneous variance and covariance

numbers: N; — 1

covariance matrix  firm 1 2 3 Ny —1 N;

i=1 1
2 v
3 v
Ny —1 v
N, v

Notation:
2 firm 4’s variance of true idiosyncratic factor, var(ep, i)

OF,it
—2
Op

CF,ii’

average of true idiosyncratic factor,

covariance of true idiosyncratic factor b/w firms i and ’,

average of firms i's covariance of true idiosyncratic factor, (N; — 1) ™"

average covariance of true idiosyncratic factor,

—1 2
N Y OF,it

COV(EF,it75F,i’t)

Zi/;si CF,W

N;l Zz 6F,i



Notation, useful for the next few slides, | promise...

Heterogeneous variance and covariance

numbers: N; (N; — 1)
covariance matrix firm

Notation:

1
2
3

N —1
Ny

firm ¢’s variance of true idiosyncratic factor,

1 2 Ny —1 Ny
v v v
v v v
v v v v
v v v
v v v
var (e, ;¢ )

average of true idiosyncratic factor,

covariance of true idiosyncratic factor b/w firms i and ’,

average of firms i’s covariance of true idiosyncratic factor,

average covariance of true idiosyncratic factor, N, * 3, Cp ;

—1 2
Ny Y OF it

COV(EF,imEF,i/t)

(Ne = 1) 7" Tyt Criar



Pseudo common and idiosyncratic factors and their relations :
heterogeneous variance and covariance D

Spurious relations with homogeneous variance and covariance

Var(@it) = 0% + U%ﬁit
var(ea t) = 024V o o2+ Cr
var(erp i) = (a%,it -U;) = (¥; - 0) — (0’%7” —Cr,i) — (Cp,i — EF)
cov(er,it,eas) = ¥ -V ~+ Cp.—Cr
cov(epit,ep,irt) = (Cpuw —.50; — .50)) —  (Cpu —.5Cp,; — .5Cp i)
—.5(0; —0) - 5(¥, - T) — 5(Cp; — Cr) — 5(Cpr — Cr)

Notation, notes, and remarks:
v, = N;lo'%yit +(1- Nﬁl)aF i —Cry

v o= Nt_IZi”\Ilg/:Nt_ G+ (=N, _I)EF —>6F



Overview

A.2. Data appendix



Summary statistics aD
Variable Full sample 1980—-1985 1986—2000 2001-2013
Within-firm standard deviation of labor productivity: var(g;;)

Mean 0.199 0.174 0.205 0.203
Standard deviation 0.226 0.171 0.232 0.238
Quantile 10% 0.058 0.056 0.058 0.059
50% 0.133 0.126 0.137 0.132
90% 0.378 0.324 0.396 0.385
Observations (firms) 82,670 13,480 35,750 33,440
Pairwise within-cluster correlation of labor productivity: corr(g::, Gir¢)
Mean 0.106 0.086 0.060 0.150
Standard deviation 0.340 0.341 0.328 0.344
Quantile 10% —0.353 —0.366 —-0.380 —0.321
50% 0.112 0.084 0.064 0.164
90% 0.559 0.544 0.496 0.602
Observations (pairs) 9,424,466 1,203,324 3,759,910 4,461,232

Notes: | calculate the firm ¢'s standard deviation and pair of < and :"’s correlation at time ¢ with a rolling window of
10 years, [t — 4, ¢ + 5]. The correlations are only for the pairs in the same cluster. There are 53 clusters.



Data construction (1/2) a

[Step 1]
Bureau of Economic Analysis (BEA) database.

» Industry-level deflators (ps;): Chain-Type Price Indexes for Gross Output by Industry
[2012=100]

Compustat North America: Fundamental Annuals (1975-2018) databases.
» Sales (sale;;) and employments (emp,;)

[Step 2]
First, | keep the following observations in the Compustat database.

» No major mergers flag: Comparability status (compst,,) does not equal to AB.
» Country ISO 3 digit code (1oc;;): USA
» Currency ISO 3 digit code (curcd;;): USD



Data construction (2/2)

Then, | exclude firms with the following criteria.
» Non-positive sales
» Non-positive employments
» Utilities sector (NAICS 22)
» Public administration sector (NAICS 91-92)

[Step 3]

I merge the Compustat sample and the industry-level BEA deflator.

| calculate the logged labor productivity as real sales divided by employments
(Insale;; — Inps; — Inemp,,) for firm 4 in industry s at ¢.

[Step 4]
Since some clusters have low observations, | merge them.
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