Monopolistically Skewed Business Cycles*

Frederik H. Bennhoff Timo Haber Niklas Schmitz
University of Zurich DNB Point72

November 27, 2025

Please find the latest version here.

Abstract

We show that the cross-sectional distribution of firm growth rates changes
shape over the business cycle: it is right-skewed in booms, left-skewed in reces-
sions, and these swings are more pronounced for larger firms. We call this the
size gradient of skewness. We show that one way of explaining this pattern is
through a parsimonious demand-side framework in which market power maps
symmetric shocks into skewed growth outcomes. Stronger market power implies
more concave responses and thus greater skewness. Countercyclical variance —
or equivalently heterogeneous exposures to aggregate impulses — then generates
the procyclical, size-dependent skewness we observe. Consistent with this mech-
anism, impulse responses to aggregate shocks show that growth and skewness
move in tandem, with the skewness response concentrated among large firms. The
results imply that large firms amplify cyclical asymmetry through market power,
and that outcome-based policies risk responding to distributional patterns that re-

flect propagation rather than the shocks themselves.
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1 Introduction

This paper investigates how aggregate shocks transmit into the cross section of firms.
We provide a theoretical characterization how a single impulse fans out into firm-
specific shocks which translate into heterogeneous firm growth rates. New stylized
facts motivate the analysis. We show that observations about the outcome distribu-
tion can be traced back to three simple ingredients: (a) aggregate impulses, (b) het-
erogeneous exposures and (c) concave firm policies. We tie the ingredients together
theoretically and confirm salient model predictions empirically.

We document three stylized facts of the growth distribution in Compustat data
(1983-2021). First, cross sectional skewness! of growth rates is strongly pro-cyclical
(cf. Salgado et al. (2025); Ilut et al. (2018)). Second, changes in cross-sectional variance
are a strong predictor of cross-sectional skewness in all size groups. Third, the degree
of pro-cyclicality is much stronger for the largest firms. This size gradient of skewness is
surprising in light of Crouzet and Mehrotra (2020)’s observation that large firms have
less cyclical outcomes in levels with smaller variance.

In turn, we rationalize these facts with a simple, theoretical model. Figure 1 breaks
down our approach. An aggregate impulse in Panel (a) hits firms according to their
shock exposure. This translates into heterogeneous firm-level shocks in Panel (b). If
aggregate shocks are asymmetrically distributed—they are more likely to be in the left
(adverse) tail of their distribution than in the (beneficial) right tail—then the shock
mean shifts pro-cyclically and the shock variance counter-cyclically. The latent shock
distribution shifts location and scales over the cycle. Concave firm policies map the
latent shock to production choices. Thus, they link shifts in the latent distribution
shown in Panel (b) to features of the growth distribution in Panel (c). We show that ()
concave policies imply pro-cyclical skewness of growth rates and (ii) increasing con-
cavity increases this pro-cyclicality (in terms of amplitude). Firm policies are shaped
by firm-level demand functions. If (and only if) inverse demand satisfies a strong ver-
sion of Marshalls Second Law of Demand (MSLD), the condition of statement (i) holds.
Statement (ii) and the size gradient are tied together if demand features increasing
pass-through rates (IPT). Under IPT, higher market power leads to stronger concavi-
ties hence increases pro-cyclicality. We coin this relationship monotone skewness.

We take our theory of shock transmission to the data; we empirically verify the
following hypotheses implied by the model:

IRight-skewed (left-skewed) means the distribution has a positive (negative) skewness index. In
comparison, a distribution that is ‘more left skewed’ than another has a lower, generally more negative
skewness index.



HO:

H1:

H2:

H3:

H4:

H5:

He:

Cross-sectional changes in output variance are a strong predictor of cross-
sectional skewness, and more so for large firms. Skewness is pro-cyclical, and

especially for large firms. Variance is counter-cyclical.

Adverse aggregate shocks cause an aggregate dip in the skewness of sales
growth rates; the dip is more pronounced for the largest firms.

In a decomposition of growth rates into aggregate and idiosyncratic shocks, the

aggregate component is a significant contributor to the skewness index.

Using the risk-factors from Davis et al. (2025a), skewness of high-exposure firms
reacts more strongly than that of low-exposure firms in response to an aggregate
shock.

Slice the sample by industry (not firm size). Then there is a strong positive rela-
tionship between the time-series variance of the skewness index and the average
Herfindahl-Hirschman index (HHI) of the industry.

The stylized facts hold in a disjoint sample of listed European firms.

Following the theory, we can simulate growth rates that match the stylized facts

well.

The model is built to explain the stylized facts, hence satisties HO ex-ante. The

other hypotheses are ex-post and to be evidenced. We confirm the core predictions

H1, H2 and H3 in the empirical part of this paper. In the appendix, we confirm those

hypotheses that establish robustness: H4 confirms that size is the correct proxy for

market power, H5 shows that the stylized facts are not idiosyncratic to the US. Also in

the appendix, we provide simulation results which show that the stylized theoretical

framework plausibly applies to the real world (H6).

Figure 1: Distributional Shift Location vs. Skewness
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Note: The figure shows unskewed but scaled and mode-shifted distributions on the left, versus skewed
and scaled, but unshifted distributions on the right. We think of the left distributions as canonical input
distributions to economic models and the right ones as output distributions of economic observables.



The first intellectual step of our transmission model, from aggregate impulses to id-
iosyncratic firm-level shocks, is not new, but has only little attention in the literature.
The canonical approach by Bloom (2009) models the volatility of firm-level shocks as a
time-varying process. Our alternative interpretation is that aggregate impulses inter-
act with heterogeneous firm exposures. Just recently, Davis et al. (2025a) have taken
this idea seriously. They estimate firm level exposures to risk factors, and explain
cross-sectional dispersion in firm outcomes.

In the second step, our theory maps symmetric cost shocks into skewed growth
outcomes through a market power mechanism. Closely related work highlights two
approaches: one treats skewed shocks as primitive (e.g. Salgado et al., 2025; Kamepalli
et al., 2025), the other emphasizes propagation from symmetric shocks, for instance
through hiring-firing asymmetry (Ilut et al., 2018) or network complementarities (Dew-
Becker et al., 2021). We follow the latter, focusing on a demand-side channel. We push
this channel further. We show that monopolistic optimization under MSLD implies
skewness. Moreover, we also prove a monotone relationship: more market power im-
plies more skewness. Intuitively, firms with greater market power face more concave
tirst-order conditions, so output falls more in response to cost increases than it rises
in response to cost declines. This prediction has a transparent empirical counterpart:
increasing pass-through rates. If firms pass on a larger share of cost shocks at higher
cost levels, then the concavity of responses, and hence skewness, increases with mar-
ket power. These properties, MSLD and IPT, have received some recent attention in
Matsuyama and Ushchev (2020) and Matsuyama and Ushchev (2022) from a theoret-
ical perspective; empirically, MSLD has been shown to hold at a consumer level by
Hausman (1981), and Berman et al. (2012) and Amiti et al. (2019) provide evidence for
IPT.

Our findings have several implications. For aggregate fluctuations, the size gra-
dient suggests that large firms amplify business cycle asymmetry through their mar-
ket power, not despite it.> For empirical work, our results caution against assuming
shape-preserving shock propagation and highlight the importance of studying dis-
tributional changes beyond mean and variance. For policy, interventions targeting
large firms may have disproportionate effects on the shape, not just the level, of aggre-
gate outcomes. More broadly, policy makers who design insurance or compensation
schemes based on the observed distribution of outcomes should be cautious. Our ev-
idence shows that the cross-sectional skewness reflects the endogenous influence of
market power, rather than directly capturing the underlying primitives that such poli-
cies aim to address.

2The connection between market structure and macroeconomic fluctuations has long been empha-
sized; see, for example, Hall (1986), who discusses how concentration and market power can shape
aggregate dynamics.



Since the empirical size gradient is central to our results, it is important to be clear
about how we interpret the relation between firm size and market power. We assume
that larger firms tend to have greater market power. This view is consistent with stan-
dard theories in the literature (e.g. Atkeson and Burstein, 2008; Melitz and Ottaviano,
2008; Edmond et al., 2015; Parenti, 2018; Boar and Midrigan, 2024), as well as empir-
ical evidence linking firm size to market power and markups (e.g. De Loecker and
Warzynski, 2012; Autor et al., 2020). We use this assumption parsimoniously: not to
propose a new theory of market power, but to interpret the size dependence of skew-
ness implied by our mechanism and to organize the empirical facts.

Finally, it is worth clarifying the scope of our analysis and how it relates to our
contribution. Our analysis focuses on annual firm growth rates in the cross-section
and on fluctuations around trend, not on long-run growth. In a similar vein, the cycli-
cal movement of mean growth rates is the very definition of the business cycle and
therefore not our object of study. Instead, we ask how the higher-order properties
of the growth distribution such as variance, skewness, and their dependence on firm
size, systematically evolve over the cycle. In doing so, we complement existing work
that emphasizes structural change, network structures, or skewed idiosyncratic shocks
(e.g. Ilut et al., 2018; Dew-Becker, 2023; Salgado et al., 2025), without dismissing their
relevance. In particular, our key contribution is to explain the differential pattern: why
skewness rises systematically with firm size.

So, according to our evidence, the size gradient arises from skewed responses
driven by market power, not from increasingly skewed shocks hitting larger firms.
The gradient we document is pronounced in Compustat, a universe of publicly traded
tirms with significant concentration, but may be weaker in datasets with more small
firms or less concentrated markets. In settings with smaller firms, such as those stud-
ied by Bloom et al. (2018), idiosyncratic shocks are likely to play a more important role
in generating skewness. Our evidence is thus complementary, not contrary, to these
studies: idiosyncratically skewed shocks can coexist with the market power mecha-

nism we emphasize.

Literature

Our paper connects to strands of literature studying the cross-section of firms over
the business cycle focusing on the distribution of shocks, propagation mechanisms,
and the distribution of outcomes. We also build on recent work in granular macroeco-

nomics and firm heterogeneity.

Shock distributions One view is that cyclical asymmetries originate in the shocks

themselves. Salgado et al. (2025) document that firm growth distributions are pro-



cyclically skewed (left-tailed in recessions and right-tailed in booms) using U.S. and
international micro data, and interpret this through “skewness shocks” that directly
shift higher moments of disturbances. Analyzing firm-level outcomes from over 40
countries, they document a consistent and robust relationship between aggregate out-
put growth and the skewness of firm outcomes, such as sales growth, value added,
and employment. Kamepalli et al. (2025) build a framework where skewness can
arise either from non-Gaussian shocks or from endogenous propagation, nesting both
sources within a production-network environment. These contributions motivate our
stylized fact that cross-sectional skewness of firm growth rates is strongly pro-cyclical,
while our approach shows that symmetric shocks combined with demand-side prop-
agation suffice to reproduce this fact.?

Propagation mechanisms A second view is that symmetric shocks can be trans-
formed into asymmetric outcomes through endogenous firm responses. Bloom (2009)
shows that uncertainty shocks — modeled as increases in second-moment volatil-
ity — induce firms to pause hiring and investment, generating sharp recessions fol-
lowed by rebounds. This supports our finding that variance and skewness co-move
across the business cycle. Similarly, Ilut et al. (2018) demonstrate that U.S. manufac-
turing firms employ concave employment responses to aggregate shocks. They are
“slow to hire, quick to fire,” which produces negative skewness and counter-cyclical
volatility even when shocks are symmetric. Dew-Becker et al. (2021) develop a nonlin-
ear production-network model where input complementarities generate left-skewed
aggregate fluctuations together with counter-cyclical dispersion. Bloom et al. (2018)
extend the uncertainty-shock perspective in a DSGE framework with heterogeneous
firms, showing how volatility shocks generate asymmetric business cycle dynamics. A
different approach to understanding macroeconomic volatility was recently taken by
Davis et al. (2025a). They text-mine risk factors using K-10 filings, and construct cor-
responding firm-level exposures. In their analyses, they find that heterogeneous firms
exposures to aggregate shocks can account for much of the cross-sectional variation of
economic outcomes. The part of our propagation mechanism which maps shocks to
increases in variance, echoes this idea.

We introduce a demand-side mechanism, which generates skewed growth rates
through firms” endogenous responses to idiosyncratic shocks to their marginal costs

(o1, equivalently, to their demand curves). Doing so, we add to this strand of literature.

3Skewness has been treated not only in work focusing on macroeconomics and firm dynamics. Espe-
cially the household income literature (Guvenen et al., 2014, 2022; Busch et al., 2022) has brought much
early attention to heterogeneity and higher moments of distributions of economic outcomes.



Outcome distributions A third strand takes the outcome distribution itself as the
primary object of study. Dew-Becker (2024) measures option-implied skewness and
shows that cross-sectional (‘micro’) skewness is pro-cyclical while skewness in the
time series of aggregate outcomes (‘macro skewness’) is largely acyclical, helping dis-
tinguish mechanisms that operate at the firm versus aggregate level. Crouzet and
Mehrotra (2020) study the dynamics of large and small firms, showing that large firms
are less cyclical in levels and variances. We extend their insights to higher moments,
documenting that while large firms are dampened in levels, they amplify cyclical
movements in skewness. This contrast highlights the novelty of our stylized fact on

the size gradient of skewness.

Granular and network origins Our work also relates to granular and network-based
approaches to business cycles. Carvalho and Grassi (2019) show that firm-level distur-
bances alone can generate aggregate volatility, persistence, and time-varying higher
moments, providing a micro foundation for nontrivial aggregate dynamics. Acemoglu
et al. (2017) develop a theory of macroeconomic tail risks from micro shocks, while
Acemoglu et al. (2012) formalize how network structure shapes aggregate volatility
and amplification. Using French data, Di Giovanni et al. (2014) demonstrate empiri-
cally that firm-specific shocks contribute substantially to aggregate fluctuations, com-
parable to sectoral disturbances. This research aligns with our perspective of decom-
posing an input distribution into heterogeneous firm exposures to a common aggre-
gate impulse, which suffices to generate the observed recession-expansion asymme-

tries in skewness.

Taken together, the literature shows that skewness can arise from skewed shocks,
nonlinear propagation, or structural heterogeneity. Our contribution is to show how
far one can go with a simple starting point: symmetric shocks, a demand-side propa-
gation channel, and counter-cyclical variance interacting with heterogeneous firm ex-
posures. This parsimonious framework reproduces the skewed, size-dependent out-

come distributions that characterize firm growth over the business cycle.

Plan for the paper

The rest of the paper is structured as follows. Section 2 describes the key stylized facts
around pro-cyclical skewness. Section 3 describes our theoretical framework linking
the size gradient of skewness to market power. We backwards-engineer the trans-
mission: first, in Sections 3.1-3.3, we link idiosyncratic shocks and skewed growth
rate distributions (as in Figure 1 (b) and (c)). Second, we link aggregate impulses to
idiosyncratic shocks (as in (a) and (b)). Section 4 gives an overview of the data and fur-

ther empirical analysis that confirm our theoretical predictions. Section 5 concludes.



Figure 2: Skewness and mean of sales growth in Compustat
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Note: YoY sales growth is computed as log(s; ;) — log(s; ;) where s;; denotes Compustat item saleq,
deflated by the GDP deflator. Skewness is measured by Kelley Skewness and NBER recessions are
shaded in gray.

2 Stylized Facts

In this section we present the three main stylized facts which motivate our theory. All
of these facts relate to the business cycle properties of firm-level skewness and thus

abstract from any long-term, secular phenomena.

Stylized Fact 1: Skewness is procyclical A well-documented empirical regularity
is that the skewness of the firm growth distribution is procyclical: it rises in booms
and falls in recessions. The pattern reflects an asymmetry in firm dynamics. During
downturns, a small subset of firms suffer large negative growth rates, while positive
growth remains more compressed. As a result, sales growth distributions are nega-
tively skewed in recessions and more symmetric or right-skewed in expansions. This
tfinding is robust across settings, countries, and measurement approaches, as shown
by Dew-Becker et al. (2021), Ilut et al. (2018), Salgado et al. (2025), and Kamepalli et al.
(2025).

We confirm this fact using quarterly Compustat data on publicly listed U.S. firms.
Figure 2 plots the Kelley skewness of year-over-year sales growth against aggregate
real sales growth.* Periods of stronger aggregate growth coincide with more positive
skewness, consistent with the procyclical pattern. The result holds across alternative

skewness measures and data samples, as shown in Figure A.8 (cf. appendix).

4Kelley skewness is defined as KSK[X] = W, where X, denotes the r-th quantile.



Figure 3: Size-dependent skewness
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Note: Size groups are defined based on average real sales over previous three years. The standard
deviation of Kelley skewness for large firms is about 0.23 — more than twice the corresponding value
of 0.11 for small firms.

Stylized Fact 2: Procyclical skewness increases with firm size Having re-established
the procyclical nature of aggregate skewness, we now turn to the core of our empiri-
cal analysis: how this relationship varies across firm size. Panel (a) of Figure 3 plots
the evolution of Kelley skewness over time for large and small firms in the Compu-
stat dataset.” The figure demonstrates that skewness for large firms is considerably
more procyclical in amplitude than for smaller firms. This heightened procyclicality is
particularly evident during recessions, when large-firm skewness exhibits both deep
declines and sharp recoveries.

Crucially, this result does not hinge on a specific size cutoff. Panel (b) shows the es-
timated sensitivity of Kelley skewness with respect to aggregate growth for increasing
size thresholds for large firms. It is clear that the sensitivity of skewness to aggregate
sales growth increases systematically with firm size. The estimated sensitivity rises
steadily across the distribution, becoming especially pronounced above the 70th per-
centile. This pattern demonstrates that the size-skewness relationship is a pervasive
feature of the data, not an artifact of an arbitrary split. Taken together, these results

show that the procyclical swings in skewness increase with firm size.

5Firm size is measured as the rolling average of real sales over the previous three years, with large
firms defined as those above the 90th percentile of this distribution. For ease of writing, we refer to
‘small” and ‘large’ firms. These terms should be interpreted within the confines of the size distribution
that Compustat allows to study, acknowledging that ‘small’ firms in Compustat are significantly larger
on average than small firms in a representative sample. Additionally, since the smallest firms in Com-
pustat are often startups and may differ from typical small firms across a range of features, we abstain
from directly comparing the largest firms to the smallest firms in the data. Instead, we generally focus
on comparing the top of the size distribution to the rest of the distribution.



Table 1: Regression of Changes in Skewness on Changes in Standard Deviation by
Firm Size

ASkewness; = a + BAStd Dev; + ¢;

All Firms Large Firms Small Firms
(Top 10%) (Bottom 90%)
B (Coefficient) -2.15*** -3.23%** -1.81%
(0.51) (0.64) (0.52)
t-statistic -4.18 -5.02 -3.50
R2 0.171 0.300 0.139
Observations 146 146 146

Note: This table reports results from regressions of year-on-year changes in cross-sectional skewness on
year-on-year changes in cross-sectional standard deviation of real sales growth. Large firms are defined
as those above the 90th percentile of average firm size within each quarter. Standard errors (shown in
parentheses) are computed using the Newey-West HAC estimator with automatic lag selection. Sample
period: 1983-2021. Significance levels: * p < 0.10, ** p < 0.05, *** p < 0.01.

Stylized Fact 3: Countercyclical variance amplifies large-firm skewness To better
understand the drivers of skewness, we examine its relationship with the dispersion

of sales growth rates. Specifically, we estimate
A')’g,t =+ ,3 Ao'g,t + Ugt, (1)

where A7y ; denotes the change in skewness for group g at time ¢, and Aoy captures
the change in the standard deviation of sales growth in the same group. Importantly,
the standard deviation of growth rates is not a pure measure of exogenous shock vari-
ance, since it also reflects firms” endogenous responses. Nevertheless, it provides a
useful summary of how volatile growth outcomes are across firms at a given point in
time. If greater volatility is systematically associated with more negative skewness,
this points to an important role for uncertainty in shaping asymmetries.

The results confirm this intuition, as shown in Table 1. Across the sample, increases
in dispersion are positively correlated with declines in skewness. Crucially, the rela-
tionship is much stronger for large firms: the estimated B is substantially larger than
for small firms. In other words, when volatility rises, skewness becomes dispropor-
tionately more negative among the largest firms.

Taken together, these three stylized facts establish a clear empirical picture: skew-
ness is procyclical, its procyclicality strengthens with firm size, and this amplification
is linked to the countercyclicality of volatility. We confirm in Appendix D.2 that all
three findings are robust when using Compustat Global, a sample of non-US publicly
listed firms, underscoring the generality of these facts across datasets and countries.



3 Theory

The stylized facts reveal a systematic relationship between firm size and the cyclical
properties of growth rate skewness. To explain these patterns, we develop a theoreti-
cal framework linking market power to asymmetric firm responses. Our theory rests
on two key mechanisms: first, optimizing firms transmit symmetric cost shocks to out-
put in an asymmetric fashion (with negative skew) if and only if they possess market
power. Second, a countercyclical shock variance amplifies this cross-sectional skew-
ness, generating procyclical skewness patterns whose magnitude increases with the
degree of market power. The intuition is straightforward: firms with market power
adjust quantities along downward-sloping demand curves in response to cost shocks.
The concavity of their first-order conditions makes output fall more after a positive
cost shock than it rises after a negative one. This asymmetry intensifies when shock
variance rises during recessions, producing the size-dependent, procyclical skewness
patterns observed in the data.

To develop our theoretical framework, Section 3.1 first introduces the notion of
relative concavity and its implications for skewness measures. Section 3.2 then embeds
these concepts into our framework by setting up the firm problem and characterizing
how the firm policies depend on assumption on the demand functions. In Section 3.3
we use this framework to analyze log-output, denoted by 7.>° We study the skewness
of its cross-sectional distribution under symmetric, independent shocks and develop
conditions under which skewness increases with market power. Section 3.4 links this
mechanism to time-series growth rates, §; — §y—1, our main outcome variable, and
shows how countercyclical shock variance produces procyclical skewness consistent
with the data. Finally, Section 3.6 concludes with a discussion of the main results,

robustness, and implications for the empirical analysis that follows.

3.1 Relative Concavity and Skewness

A key mathematical property through which skewness of random variables can be
created is concavity. Yet, this paper is not just about skewness in levels but differential
patterns of skewness between different types of firms. The mathematical notion that
we use to explain why one cross-section appears to be more left-skewed than another
is ‘relative concavity’. A function, f, is concave relative to g if it is a concave transforma-
tion of and thus ‘more concave than” g. Definition 1 due to Palmer (2003) formalizes
the idea.

Definition 1 (Relative Concavity). Consider two strictly monotone functions f and g. f is
concave relative to g if there exists a strictly increasing, strictly concave function s such that

®We generally use hat-accents to denote log-values.
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sof =g Weuwrite f < g.”

Next, we provide clarity on our skewness measure used throughout. Following
Groeneveld and Meeden (1984), we use a quantile based measure of skewness. The
skewness of a random variable X with quantiles X,, r € (0,1), is defined as:

Xy + X1+ —2Xo5

skew[X] := X X
—r

c(—1,1). ()

The measure essentially compares the average of the upper tail and lower tail to the
median. A value below 0 indicates a longer left tail (negative skewness), and above 0
indicates a longer right tail. This measure is empirically robust, theoretically conve-
nient and nests the familiar ‘Kelley skewness’ for r = 0.1.

One can then create negatively skewed random variables by passing a symmetri-
cally distributed random variable through some concave, increasing function. Neg-
ative skewness is exacerbated when the transformation becomes more concave (i.e.,
additional concave transformations are applied) in the sense of Definition 1, or when
the standard deviation of the original variable increases. This claim is stated more
sharply in Lemma 1:

Lemma 1 (Skewness of Transformed RVs). Let Z be a random variable, continuously and
symmetrically distributed about its mean E[Z)]. Let X = oxZ with 0 < ox < oo. Suppose g
is concave and increasing over the support of X. Then:

1. It holds that skew|g(X)] < 0, and strictly if g is strictly concave.
2. If his concave relative to g, i.e. h < g, then skew[h(X)] < skew|[g(X)].

3. Skewness decreases for larger ox:

d
Eskew[g(X)] <0,

which also holds strictly if g is strictly concave.

Proof. We provide a self-contained proof using a second degree approximation in the
appendix. The results, however, are also corollaries of the notion of 'c—comparability”’
of Groeneveld and Meeden (1984). |

Figure 4 illustrates the Lemma. In the lower left panel, it shows a symmetric
(shock-) distribution, which is, by two concave functions in the top-left panel, mapped
to the histograms (a) and (b). The red function, Q;, maps to histogram (a). The blue
function, Q;, maps to (b). Since both functions are strictly concave, both outcome dis-

tributions are strictly left-skewed (Lemma 1-(1)). Moreover, Q; is more concave than

"Likewise, f is convex relative to g if there exists a convex, strictly increasing transformation s such
thatso f = g. We write f > g, accordingly.

11



Q; which follows from our definition of relative concavity, but is also evident from the
picture in the top-left corner. Due to Lemma 1-(2), histogram (b) is more strongly left-
skewed than (a), that is skew[Q; (€)] < skew[Qj(e)] < 0, as indicated by its quantile
lines.

The functions Q; and Q; are named suggestively like policy functions, because
they have an interpretation within the economic model of the next section. If Q; de-
scribes the policy that assigns idiosyncratic shocks, €, to log-output choices of firms of
type a, then symmetric input shocks imply skewed distributions of log-output. Addi-
tionally, suppose the degree of market power determines the concavity of the policy:
If type-b firms have more market power a-firms, i.e. (with abuse of notation) if a < b,
then Q; < Qj. Therefore, the left-skewness of higher market power firms is exacer-
bated. We derive conditions on the demand function under which these interpreta-
tions hold in Section 3.3 after setting up the general firm problem in the next section.

We have yet to discuss the meaning of Lemma 1-(3), which states that left-skewness
of the transformed random variable increases in the variance of the input shock. Fig-
ure 5 illustrates these the mechanics where a larger variance of input shocks leads to
more skewed outcomes. This observation has an economic counterpart: a counter-
cyclical variance of cross-sectional shocks. We use counter-cyclical fluctuations of the
input shock variance to generate a pro-cyclical skewness of log-output and growth

rates in Section 3.4.

3.2 Set-Up and Firm Problem

We model firm production with a convex cost function c(g;€) = g"7¢¢ where 5 > 1
denotes the cost curvature parameter and g denotes output. The term e€ is a stochastic
cost shifter, where € is drawn from a symmetric input distribution with zero mean
and finite variance, and observed by the firm at time of production.® Because we
want to focus on the strategic output adjustment by firms, a simple, iso-elastic cost
function serves as a technological constraint, while the inverse demand function is
kept as general as possible.” Furthermore, as our empirical sample contains firms that
are large by global standards and have a very low exit rate (< 1%), firm exit and
sample attrition are unlikely to be driving results. Therefore, we abstract from firm
exit decisions in the theory, too.

8The reader may make a mental note for the remainder of this paper that all subsequent results will
also hold for shocks to the scale of the inverse demand function. Such shocks generate a monopolist’s
problem that is isomorphic to the one at hand.

Note that all our results would apply to a setting in which all firms face marginal cost constant in
g, subject to a capacity constraint for price taking firms such that g = oo is not a possible outcome.
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Figure 4: Concave First-Order Conditions and Skewness in log-Output.

(a) slightly concave f.o.c. (b) strongly concave f.o.c.

first-order condition, Q*(¢)

Shock to cost (€)

Note: Figure shows how a symmetric (shock-) input distribution, €, in the bottom left panel is mapped
to skewed (log-production) quantities, Inq = 7, in (a) and (b). The two curves in the top-left panel are
concave functions Q; (red) and Q; (blue). Since Q; is concave relative to Q; (that is, Q) < Qj), the
distribution in (b) is more left-skewed than the one in (a). The dashed quantile lines are at the 5, 50
and 95% quantiles. They visualize the skewness index through a stretched (compressed) distance of the
5-t0-50% (50-t0-95%) quantiles in 7.
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Monopolist Let the firm face inverse demand p(gq). Assumption 1 on p ensures that
the firm’s profit-maximizing output is unique and that the problem is well-behaved.

Assumption 1 (Regularity Conditions). The inverse demand function p satisfies: p :
R; — Ry (non-negative domain and range), p € C3(Ry) (differentiability), p' < 0 (de-
creasing in quantity) and aa—;z Inp < 0 (log-concavity). By convention, Ry = [0,00). Fur-
thermore, assume that marginal revenue, me(r) = aa—qqp(q) satisfies mr(a) > c for some
0<a<oo.

The monopolist’s problem is

maxqp(q) — c(q;€) &)
q=z

The problem features an interior solution g* > 0 if and only if g* satisfies the
tirst-order condition. Lemma 2 characterizes the solution. The optimality condition
is a condition in the style of Lerner (1934). Here, we define the elasticity operator £
as Ef(x) = J;((;))x for any differentiable function, f, that is either strictly positive or

strictly negative.

Lemma 2 (Solution of Firm Problem). The solution, of the monopolist’s problem is unique,
interior (positive) and implicitly given as the solution to the first-order condition equating
marginal cost to marginal revenue:

d(ge) = p(q) 1+Ep(q)) =29 Ino me(el) — [Iny + (7 — 1)g] = e. (4)

N

=mr(q) (marginal revenue)

Optimal log-output, Q*(€), is a decreasing function of €. Marginal revenue, mv, is defined
on some open interval D C [0, a]. The elasticity of inverse demand (not in absolute values)
satisfies Ep € (0,—1) on D. The mark-up is given by u(q) = (1+ Ep(q)) .

We care about the properties of the firm’s policy, Q*(e), which ultimately deter-
mines skewness properties of log-output and growth-rate distributions. Its shape de-
pends directly on the shape of the inverse demand function, p. Hence, we now intro-
duce our first shape restriction on p: Marshall’s second law of demand (MSLD). MSLD
says that the absolute elasticity of demand increases with price, so |(Ep)'| > 0, or,
equivalently, that low-cost firms set higher mark-ups. It has been subject to much em-
pirical and theoretical scrutiny. The property is prevalent in the trade literature and
key insights of seminal papers like Krugman (1979) rest on it. In more recent theoret-
ical work by Matsuyama and Ushchev (2022), it has been shown to be instrumental
for rationalizing incomplete pass-through and strategic complementarities in pricing,
which happen when firms reduce their mark-ups in response to higher competitive
pressures. Melitz (2018) strengthens MSLD to MSLD’, which we refer to as the “strong
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second law of demand’: the absolute elasticity of marginal revenue decreases as output
decreases, so [(Emt)’| > 0. MSLD is equivalent to the average elasticity of marginal
revenues being increasing, i.e., [|Emt(q)| dg > 0. MSLD’ means that this also holds
at the margin, making it a just slightly stronger concept. For reference, we formally
define MSLD and MSLD":

Property 1 (MSLD). We say that Marshall’s Second Law of Demand (MSLD) holds if for
all g € D, the elasticity of inverse demand is increasing: |a%5 p(q)| > 0. We say it only holds
weakly, if the inequality is weak.

Property 2 (MSLD’). We say that Marshall’s Strong Second Law of Demand (MSLD’)
holds if for all q € D, the elasticity of marginal revenue is increasing: |a%5mt(q)| > 0. We
say it only holds weakly, if the inequality is weak.

Both, MSLD and MSLD’ presuppose that the firm has some degree of pricing power.
They collapse if demand becomes infinitely elastic and the firm takes the market price
as given. Thus, our natural benchmark for the monopolist is the behavior of a price-
taking firm.!® We chiefly discuss the price-taker before a short redux of our cost func-

tion assumption.

Price-Taker A price-taker chooses output gy, taking the market price as given p. The
first-order condition, written in logs, € = In — Iny — (17 — 1)gp; implies that gy is a

linear function of €.1!

Alternative Cost Functions We assume an iso-elastic demand function in order to
focus on the effects of competition on growth rate skewness. While cost functions
may be a driver, too, it is harder to rationalize a dependence on skewness on firm
size using cost functions alone. We discuss avenues to create cross-sectional skewness

driven by the cost structure of firms in more detail in Appendix B.

3.3 Skewed Responses to Shocks

Having set up key properties and assumptions around our competitive environment,
we now turn to how the endogenous response of firm output to cost shocks can gen-
erate negatively skewed growth rates in the cross-section.

3.3.1 Monopolist v. price-taker

The monopolistic firm endogenously adjusts its quantity because a shift in its unit cost

implies a different profit maximizing output. We write these endogenous responses

19Note that a price taking firm does not necessarily operate in a perfectly competitive market.
Going forward, we use pt-subscripts to refer to variables calculated in the price-taker equilibrium.
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in log-quantity, 7, as a function of the shock, § = Q*(e). Lemma 1 immediately tells
us that growth rates are negatively skewed if Q* is concave. Strict concavity of Q* is
determined by properties of the inverse demand function, p. In Lemma 3, we show

that a concave log-output policy and hence skewed outcomes are a direct consequence
of MSLD".

Lemma 3 (Concavity of Output). Consider the solution of the firm problem Q*(e) (log-
output as a function of the shock). Let H be the left side of the first-order condition in eq. (4)
(so Q* = H1). Then

H is concave <= Q™ is concave <=> The Strong Second Law (MLSD’) holds. (5)

Moreover, if Q* is concave, then § = Q*(€) is negatively skewed, i.e. skew[q] < 0.

Note that Lemma 3 can be relaxed slightly: MSLD” does not need to hold globally,
but only on the support of Q*(e¢). While similar local relaxations can be made to all
results in this paper, we omit these additional remarks.

We are now ready to state the first main result of this section, which formalizes
a key comparative prediction. Proposition 1 shows that, under concavity of H, log-
output of a firm with market power is negatively skewed, whereas the responses of a
price-taker are symmetrically distributed.

Proposition 1. The firm with market-power has more left-skewed output than the
price taker: Let § = Q*(e) be log-output of a monopolistic firm, Gy be that of the price-taker,
and suppose MSLD holds strictly. Then,

skew[q] < skew[qpt] = 0.

Proof. This is a direct consequence of Lemmas 1 and 3. u

3.3.2 Parametrized Market Power

To explore how the degree of market power shapes the skewness of firm responses
more systematically, we next introduce a simple and flexible parameterization of the
inverse demand function that allows us to vary market power continuously. Write the
inverse demand function as p(q) = p*(q)*p'~* for some inverse demand function p*,
some fixed price p and parameter a € [0,1]. For low values of «, the firm faces a highly
elastic demand and has little influence over the price. For a close to 1, the firm faces
an elasticity that is lower and determined through p*.

We aim to generalize Proposition 1 under slightly stronger conditions to guarantee
that skewness is monotone in «. Monotonicity of skewness in market power is the key
property which generates the size gradient of skewness described in the stylized facts.
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Hence, we define it formally in Property 3. Afterwards, we go through the reasoning
that yields economically interpretable sufficient conditions for monotone skewness. This
walk is comprehensive—and at times dense—but hopefully offers sufficient guidance

for the reader to build intuition for this section’s main result in Proposition 2.

Property 3 (Monotone Skewness). Let g, be the output produced by a firm with market
power « € [0,1]. We say Monotone Skewness holds if the skewness index is decreasing in
market power. That is, skew[q,| < 0 is decreasing in «, with skew|q| equaling monopolist
and skew[qo| = 0 equaling price-taker output, respectively.

Monotone skewness is a global property in the sense that it concerns all degrees of
market power. To devise characteristics on p* which imply monotone skewness, we first
establish a condition which allows comparing the skewness of log-output of firms with
market power a to firms with a different index. To this end, index the mark-up by «:
1a(q) = (1 +a€p*(q))~L. The elasticity of inverse demand such a firm is facing is
Ep = a€p*. The firm’s first order condition in § now depends on a explicitly:

Hy(7) = alno p*(e‘?) +(1—a)lnp+1In (1+o¢5p*(e‘?)) +[Iny—(p—1)g] = €. (6)

Intuitively, we want the policy function to become more concave as a increases.
Accordingly, we want that Q; < Q7 if and only if & > &’. Since Qj is the inverse of
the first-order condition, we need that same property to hold for H,, too. Consider the
only two terms in eq. (6) that are not linear in 7. The concavity of only one of them, the
inverse mark-up, is affected by changes in market power. We need that the changes in
concavity of this term are crucial for the concavity of H,. It is therefore not surprising

that a sufficient condition for this to be true is

%ln(l—ktxﬁp*(-)) <In(p*(). @)
1/ pa

In words, the log-inverse mark-up is concave relative to the log-inverse demand func-
tion. This means, economically, that the firm’s mark-up reacts to a shock with pro-
nounced convexities. The firm marks up its prices in reaction to an adverse cost shock
much more than in response to a beneficial productivity shock. The strong reaction
in mark-ups becomes the dominating contributor of concavity in the first-order condi-
tion. Because the inverse markup is governed by market power &, & also becomes the
key parameter in determining concavity of Qj.

Eq. (7) is a local condition for a fixed «; if it holds, it allows ranking concavity
of some other Q% against Q by comparing « to «’. It is not yet enough to compare
concavity induced by market power a’ to that corresponding to a third market power

index, a”. For this comparison, we would need eq. (7) to hold at one of &’ or ", too.
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However, we are close to a global sufficient condition for monotone skewness. We
note that the relation in eq. (7) automatically holds for a’ if it is true for « and & < a’.
That is, if it holds for low-market power firms, it is also satisfied by high-market power
tirms. Mathematically, this observation follows from simple algebra: one shows that
L In (1/p,) is a strictly concave transformation of  In (1/,) whenever 0 < a < & <
1. Hence, the concavity of %ln (1/p4) is increasing in market power. Since the right
side of eq. (7) does not depend on «, and "<’ is a transitive (and for our purposes con-
tinuous) relation, it suffices to show that the log inverse mark-up is concave relative to

the log inverse demand even for firms with the lowest degree of market power, i.e., if
w ) 0:12

Ep* () <In(p*(-)). (8)

As argued, this condition yields monotone skewness. However, in this form it is difficult
to interpret economically. Fortunately, the condition is equivalent to a less obscure (al-
beit not commonly considered) property: the superelasticity of inverse demand is increas-
ing. The superelasticity of inverse demand, p*, is the elasticity of the elasticity function:
E2p*. We define this feature in Property 4 and shorten it to ISID:

Property 4 (ISID). Let £E2p(q) = £(Ep)(q) be the superelasticity of inverse demand (that
is the elasticity of the elasticity function). An inverse demand function, p, (locally) satisfies an
increasing superelasticity of inverse demand (ISID) if E2p(q) is strictly increasing in g.

ISID turns out to be a key property to generate monotone skewness. It implies MSLD’
for any given a, and thus can be seen as a further strengthening of Marshall’s second
law. Yet, despite its centrality for characterizing the curvature of demand, the supere-
lasticity is an object about which it is hard to form beliefs. A priori, we have no strong
intuition about whether £2p* should be constant, increasing or decreasing in quantity.
To make the concept of ISID less vacuous, we note that it relates on a deeper level to a
more interpretable metric: pass-through rates.

The pass-through, T, is defined as the share of a cost increase that is passed on to

dlogp
dlogc

the elasticity of the mark-up with respect to the cost-shifter ¢. We formalize the feature

customers in equilibrium. Formally, T = (at cost level ¢ = e°) equals one plus

that the pass-through is increasing in Property 5:

Property 5 (IPT). Let the pass-through be the share of a cost increase that is passed on to
dlogu
dlogc

customers in equilibrium given by T(¢) = 1+ . An inverse demand function p features

increasing pass-through (IPT) if 7 (¢) > 0.

The pass-through simplifies an empirical treatment of ISID and monotone skewness
significantly. We just need to assume the second law of demand, MSLD, and increas-

12Here, one notes the convergence of the LHS to the exponential function.
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ing pass-through rates, IPT, to conclude that ISID holds. In turn, MSLD" and monotone
skewness both hold. This chain of implications is the main result of this section. Since
both MSLD and IPT are properties which are empirically identifiable and supported
by evidence, we have arrived at a set of properties that is sufficiently strong to provide
the sharp theoretical prediction of monotone skewness, while maintaining interpretabil-

ity. We thus summarize our insight in the main proposition of this section.

Proposition 2 (Sufficient Conditions for Monotone Skewness). Increasing pass-through
rates (IPT) and Marshall’s second law of demand (MSLD) are sufficient conditions to
guarantee that skewness of log-output is negative and decreasing in market power. Formally,

the following implications are true:

ISID <= (MSLD’ A eq. (8) ) = Monotone Skewness )
IPT A MSLD = ISID. (10)

Proof. We relegate the algebraic proof of this statement to the appendix. The proof fol-
lows closely the lines of reasoning about relative concavity of the first order condition

developed above. u

Equation (9) of Proposition 2 states that under ISID the model predicts a market
power gradient of skewness for growth rates relative to the steady-state. Equation (10)
ensures that increasing pass-through rates and Marshall’s second law suffice. Next, we
connect this gradient to time-series growth rates, which are the relevant metric of our
stylized facts and empirical evaluation. A brief discussion of empirical evidence for
ISID and IPT is relegated to the end of the theory section.

3.4 Pro-Cyclical Skewness

In the first part of this section, we explain pro-cyclical skewness in time-series growth
rates with counter-cyclical fluctuations in the cross-sectional shock variance, assum-
ing that ISID holds. Subsequently, we show how firms” heterogeneous exposures to
the same aggregate shock can drive counter-cyclical fluctuations in variance. This
completes our theory of pro-cyclical skewness: Besides an aggregate shock, no ex-
ogenous variation is required to generate counter-cyclical variances, and a channel of
pro-cyclical skewness that monotonously depends on market power.

To clarify the intuition behind the first part and illustrate Lemma 1(3), consider
Figure 5. The narrow distribution of € in the bottom left panel maps to a narrow distri-
bution of growth rates in the top right panel. Importantly, by inspection of the quantile
lines of the growth rates, the resulting distribution is left-skewed, but not extremely
so. In contrast, the wide distribution of shocks maps to an extremely left-skewed dis-

tribution of growth rates. If one identifies times of wide distributions as times of re-
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Figure 5: Shock Variance and Skewness in log-Output.
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Note: Figure shows how a larger variance of the input distribution exacerbates skewness in the out-
come variable. The interpretation of the panels is analogous to Figure 4, otherwise.

cession and times of narrow shock distributions as expansions, the leap to pro-cyclical
skewness is small. Note, however, that the wide and the narrow distribution are both
centered. In our theory, we are intentionally silent about the location of shocks and
mean growth rates in general. Because we have a theory of centered business cycle
moments, we neglect shifts in location altogether.

3.4.1 Countercyclical Variance Drives Procyclical Skewness

Since Bloom (2009, 2014), the literature has tilted towards the view that expansions
are relatively smooth with a low latent cross-sectional shock standard deviation 0y =
v/V(e), and that the standard deviation increases to some 0}, > 0 in recessions. We
demonstrate how this assumption implies pro-cyclically skewed growth rates within
our model. We denote ‘good” states (expansions) with g-indexes and bad states with
b-indexes. Suppose that 0; = 0y for even, and ¢; = 03, for odd t in our model. For
this section, assume that the ISID sufficient condition of Section 3.3 is satisfied, i.e. the
superelasticity of inverse demand £2p* is strictly increasing. Then, the counter-cyclical
process immediately implies pro-cyclical skewness of log-output, 7:

Corollary 1. Let (...,0¢-1,0t,0111,...) = (...,04,0p,0g,...), Og < 03, be an alternat-
ing sequence of the cross-sectional standard deviation of the cost shock, €;, corresponding
to booms (g, ‘good’ state) and busts (o}, ‘bad’ state). Let g, and qy be the analogous
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log-outputs. Then, the sequence of the cross-sectional skewness indexes for gy is alternating
(..., skew[qg], skew[qy], skew[qg], ... ) with

skew[qy] < skew[qy] < 0. (11)

That is, skewness of log-output is pro-cyclical and negative. Additionally, make market
power explicit through wa-indexes. The amplitude of the skewness sequence is strictly
increasing in market power, and goes to zero for the price-taker limit i.e.

%|Skew[%,t” >0 forallt and |skew|quy] 80, (12)

Proof. This is a direct consequence of Lemma 1, combined with Propositions 1 and
2. |

The conditions of Corollary 1 describe a world visualized in Figure 5, in which in-
creased shock variances amplify left-skewness. Additionally, skewness is exacerbated
by market power in the sense described in the preceding section.

Up to this point, we have derived skewness properties of log-output 7. Equiva-
lently, we have derived the skewness properties of 7 — ﬁ‘ ¢—0, Which is growth relative
to the steady-state. We now turn to time-series growth rates, ry = q; — g;—1. Conceptu-
ally, the limit case of 0, — 0 gives us, without any effort of calculation, the skewness
pattern we see in the data. In this extreme case, output is either hit by a random shock
in a bust, or equals steady-state output, g.—o, ina boom.!? Then either the economy is
in a recession and 1t = 7 — {|c—, 50 skew([r] = skew[qy — §jc—o] < 0. Or it is in a boom
and thus skew(r¢] = skew|qjc—o — gs] = —skew][r;] > 0. In effect, skewness alternates
between positive and negative values as the economy passes through boom-bust cy-
cles. Reducing market power of the considered firm type squeezes the amplitude of
this alternating sequence. This fully rationalizes the stylized facts qualitatively.

To conclude this section, we provide Proposition 3, which characterizes the skew-
ness cycle if the standard deviation is not nil for expansions, i.e., ¢ € {O'g, 0p } with
0 <oy < 0p.

Proposition 3 (Procyclical Skewness in Firm Growth Rates, Market Power and Coun-
tercyclical Dispersion). Define the counter-cyclical dispersion (...,0q,0p,0,...) like in
Corollary 1. Parametrize skew[Gu: — Gut—1], the skewness of time-series growth rates, by
market power, « € (0,1]. Then, the time-series of growth-rate skewness indexes for
Qut — Qui—1 is alternating pro-cyclically: (..., skew|Gu,g — Jup), skew(op — Gugl, ---)

BNote that the shocks are allowed to have a non-zero mean, since the location of a random variable
is irrelevant to its skewness.
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with

fkew[ﬁa,b —ug) <0< fkew[ﬁa,g - quc,bl‘ (13)

-~ -~

recession expansion

Additionally, the amplitude of the skewness sequence is strictly increasing in market

power:

0 - ~
$|skew[q,x,t — Jut-1]| >0, (14)

with limit 0 for « — 0.

3.5 Countercyclical Variance Through Heterogeneous Exposure

Up to now, we have taken the existence of i.i.d. symmetric shocks, €;;, as given. How-
ever, why should €;; have a time-varying variance at all? We provide a simple theo-
retical explanation why V(e;; | recession) > V(e;; | expansion), which immediately
ties changes in variance to the level of the realized shock.

Our approach draws on the idea of heterogeneous shock exposures in Davis et al.
(2025a). Suppose that u;; is one of I = 1, ..., L aggregate shocks or factors, which are
drawn from their respective (conditional) distributions, P;; say. Let there be a unit

measure of firms, i € [0, 1] and let each firm’s shock be related to the aggregate factor

0€; ~
through a constant marginal effect a—lt = A;;. Hence, we can write down the factor
Ut '
model
3 3 T 3T
€ip=eipt+ Y Ay =eip+ Y A+ Y upAy=eip+Ajup+Aluy (15)
l l 1

where ¢, ; is an idiosyncratic shock assumed i.i.d., and A; = fol Ajjdiand A; ;) = (7\1-11 -

A1) are the centered individual exposures or factor loadings. (Bold typeface indicates
shocks and exposures stacked into vectors.) W.L.o.g. exposures are normalized to have
unit variance, and A; > 0.!* Exposures are of reduced form for our purpose. We
interpret them as the result different business activities among firms. They may also
be derived from a input-output linkages of a production network. We must assume
that the histogram of each set of factor loadings, {A;;};c(o1], is symmetric in order to
generate the symmetric location-scale type input distributions of Figure 1 (a).
Consider now the cross-sectional variance of €;; conditional on the time-t factors,

and examine what happens if 12, is large relative to all other factors: (We indicate the

4The latter assumption is also w.l.o.g. and ensures that positive shocks corresponding to an increase
in cost and hence have a recession interpretation.
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conditional variance with ¢-subscripts.)

Vi(eis) = Vileis + Alur + ATy | uy) ”%,l as [—tl] — o0, (16)

maXj£] M%/ k

Hence, large shocks drive up the variance of €;; in the cross section and lead to a left-
skewed distribution of 7; among the subset of firms with positive market power. In
the special case of L = 1 drop the subscript, and consider a sequence of aggregate
shocks {u;}+. Suppose the sequence is such that it oscillates between u; ~ 0 and
u; > 0. Recall that large shocks correspond to recessions because they drive up firms’
cost. Additionally, by eq. (16), they increase cross-sectional variance. Note that any
deterministic growth can be subsumed in a positive mean of the process of ¢; ;, which
we do not specify any further. We then have a model of counter-cyclical variance and
pro-cyclical skewness, which also satisfies monotone skewness. This is subsumed in the
following Corollary, concluding our theoretical analysis.

Corollary 2. Assume that firm-level shocks €;; have a factor structure as in eq. (15) with
L = 1aggregate factor, u;. Let the time-series {u; }+ be a counter-cyclically oscillating sequence
of shocks such that u; = 0 in expansions and u; > 0 in recessions. Consider the cross-section
of firm growth rates {r;; }ic(o,1) over time.

Then, the cross-sectional skewness index {skew|Ju+ — Gu t—1] }+ 0scillate pro-cyclically;
They jump between positive and negative values for expansions and recessions, respectively.

Moreover, the amplitude is increasing in market power, « € (0,1].

3.6 Discussion
Evidence for Increasing Superelasticity and Increasing Pass-Through Rates

To require an (at least locally) increasing superelasticity is not quixotic. For exam-
ple, the family of linear inverse demand functions has an increasing superelasticity, or,
as a more complex example, the constant pass-through demand family (CoPaTh) of
demand systems by Matsuyama and Ushchev (2020) satisfies the property. In gen-
eral, since ISID is implied by a weakly increasing pass-through plus MSLD, it suffices
to examine the evidence for IPT.!> Recently, Baqaee et al. (2024) have, using a non-
parametric calibration of Matsuyama and Ushchev (2022)’s H.S.A. demand system,
provided evidence in support of IPT (and, additionally, on MSLD). Other recent em-
pirical work also comes down in favor of IPT (cf. Berman et al. (2012) and Amiti et al.
(2019)).

®Matsuyama and Ushchev (2022) refer to IPT even as “Marshall’s 3rd Law of Demand”, implying
that IPT is a natural restriction on the demand function.
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Yet, ISID is not a property that has historically received too much attention in em-
prirical work as a demand-side restriction. To make this point, note that the widely
used Kimball (1995) aggregator in the parametrization of Klenow and Willis (2016) has
a globally constant superelasticity. Its special case of CES has a superelasticity of zero.
Analogously, the homothetic translog aggregator by Feenstra (2003), which is popular
in the trade literature, violates IPT (see also Matsuyama and Ushchev (2022)).

CES turns out to be a special case also when it comes to skewness. A CES-style
demand function p*(q) = Aqg " for A > 0,7 € (0,1), implies a constant inverse
demand elasticity. Therefore, the first order condition is linear in § and no degree of
market power induces skewness. Note here that the irrelevance of market power for
skewness is obvious: In this special case, our formalization of market power implies
that p is also a CES inverse demand function. Another insight is that CES inverse
demand is indeed the only inverse demand function for which growth rates are globally
unskewed. This is formalized in Proposition 4. 1

Proposition 4 (the Special Case of CES Demand). The only inverse demand function
which satisfies the regularity conditions (Assumption 1) for which growth rates are globally
unskewed is of CES type, i.e. p*(q) = Aq~ T with A > 0,7 € (0,1).

Proof. Note first that any twice continuously differentiable, function f : R D D — Riis
either locally s-convex or s-concave in some point x(, unless it is affine. Therefore, any
inverse demand function which guarantees globally unskewed growth rates must be
such that Ino mr o ¢* is linear in x, which implies that mt(g) = eA+BInd = AgB. Since
marginal revenue is p(q) + p’(q)g, we are given the ODE: p(q) + qp’(q) = Ag®. This
is a linear first-order ODE. Noting that p(q) + qp'(9) = a%qp(q), we can integrate both
sides and obtain p(g) = Blj_qu + % for B # —1. Suppose the integrating constant, C, is
zero. Then we must have B € (—1,0) because B = Ep. This is indeed the only possible
case, since otherwise p is not log-concave around 0. (See appendix for details.) u

Why Growth Rates?

In principle, we could benchmark our theory against log-real sales, 7;, directly. Why
not calculate the cross sectional distribution of 7; at any point in time and assess its
skewness? There are three problems. First, the distribution of §; is essentially the size
distribution. Trying to keep market power fixed by fixing size bins trivializes the dis-

tribution of 7;. Second, if one used generously wide size bins instead, the size distribu-

16We note that it is possible to construct pathological examples of demand functions which have a
decreasing superelasticity of demand. In unreported results, we found a parameter configuration in
a quartic demand function, for which the first order condition turns convex and yields right-skewed
growth relative to the steady-state. This feature, however, turned out to be very delicate, and required
much tinkering with parameters, as well as a configuration, in which prices do not drop to 0 as g4 grows
large.
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tion itself, which is heavily right-skewed in general, would obscure any contribution
to cross-sectional left-skewness in g; caused by shocks. Third, any shock requires a
comparison of the ‘shocked’ state to a baseline, and it is natural to make the baseline
either the state of the previous period, or some kind of long-run steady-state. The for-
mer describes a time series growth rate, §; — 7;_1, whereas the latter describes growth
relative to the steady-state, g; — §.—o. While we have used the latter as a theoretical
device above, in the presence of idiosyncratic growth trends, measurement of 7j._

becomes elusive.

Other Sources of Skewed Growth Rates

We note that we do not preclude the existence of other sources of skewness in growth
rates. By offering a theory which is able to explain the differential pattern between
skewness of small v. large firms over the business cycle, we allow that other sources
of skewness may well play a role in shaping outcomes. For example, the input distri-
butions of shocks may be systematically skewed (Salgado et al., 2025). Alternatively,
the cost function may be log-convex, which can be an additional contributor to left-
skewness of 7 — §|.—o. We outline two mechanisms for this ‘supply-side skewness’ in
Appendix B: Capacity adjustments and customer acquisitions. Yet, these complica-

tions do not offer a natural reason for why skewness may differ with market power.

Implications for the Real World

Our formal results on procyclical skewness in growth rates are likely to hold with
more generality ‘in the wild’. Suppose, for example, that (i) expansions are smooth
via a negative trend in ¢;;, and (ii) recessions are abrupt positive impulses in u; T,
which decay in an AR(1) fashion. Therefore, from an expansion to a recession, one
observes a sudden increase in variance, leading to sudden negative skew in growth
rates. From there, a decay of u; causes the shock variance to decrease steadily, leading
to a sequence of cross-sections that features an initially positive but slowly vanishing
skew in growth rates.

Yet, Figure 2 suggests that skewness does not decay to zero in times of expansion
but rather stays positive. We advise to be careful when interpreting this fact within our
model. The theory implies a mechanism in which symmetric input distributions yield
skewed outcomes. Fixing the mechanism while changing the input distribution will
generally lead to similar dynamics of the skewness index over the cycle, however, may
affect its level. Besides such concerns about the level, we can think of at least two intu-
itive reasons for why the level of skewness may not return to nil after a crisis. The first
is that the decay of the impact of aggregate shocks is asynchronous across firms. If the

impact of the shock lasts longer for some firms, they will recover later. Therefore, their
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contribution to a positive skewness index during times of expansion may materialize
substantially later in time. Second, the distribution of growth through technological
innovation (which aggregates into heterogeneous, secular growth trends) may simply
be right-skewed in the cross-section. In fact, any model in which only some firms in-
novate while others keep their current technology implies a right-skewed distribution
of technological growth.!”

In sum, all theoretical results pertain to a stylized environment but the real world
is messy. Yet, theoretical results likely may still hold qualitatively in the data. There
are two ways of checking this. First, one can take the preceding section as a recipe
for simulating data, and try to reconstruct the stylized facts (see H6). We do this in
Appendix E. Second, we test our empirical hypotheses from the theory and test them.
We do this in the next section.

4 Empirical Evidence

Having established the theoretical foundations linking market power to skewed firm
responses and procyclical skewness, we now provide empirical evidence testing these
predictions. Our theory generates three testable hypotheses: (1) aggregate shocks
should induce negatively skewed growth rate distributions in the cross-section of
tirms, (2) this skewness response should be stronger for larger firms with greater mar-
ket power, and (3) the comovement between aggregate growth and cross-sectional
skewness should be driven primarily by aggregate factors rather than idiosyncratic
shocks. To test these predictions, we use quarterly Compustat data on US public firms
spanning multiple business cycles. The empirical strategy proceeds in three steps:
tirst, we document the data and measurement approach; second, we estimate im-
pulse responses to identified aggregate shocks to test whether shocks generate the
predicted skewness patterns; and third, we decompose growth rate fluctuations to

assess whether aggregate or idiosyncratic factors drive cross-sectional skewness.

4.1 Data

Our analysis uses data on US public firms from Compustat. Compustat is the bench-
mark firm-level data set for the United States, providing detailed balance sheet infor-
mation at the quarterly frequency over a long sample period of over 35 years. The
long sample period enables us to cover multiple recessions and draw general conclu-
sions about skewness facts in the US business cycle. Estimating impulse responses to
aggregate shocks at the firm level also requires a sufficiently long time series for each

7This idea is, for example, compatible with recent work on innovation bursts by Berlingieri et al.
(2025).
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firm. Let g;; be firm i’s real sales in quarter t. Real sales our key measure of firm size
and output. Year-on-year real sales growth is g;; = In(g;+/qi¢—4). The business cycle
indicator is aggregate real sales growth, constructed as the size-weighted average of

existing firms’ growth rates:'®

_ Y.iQitit—4

8t Y.iqit—a

This definition of aggregate sales growth only considers firms that exist in both t and
t —4 and therefore abstracts from entry and exit dynamics, which could affect the
comovement of aggregate growth and micro skewness but are not the focus of this
study.

The main skewness measure is the Kelley skewness, which we obtain from setting
r = 0.11in eq. (2), and applying it to the empirical CDF of a given set of growth rates,
G:.1 Kelley skewness compares the distance of the 90% quantile of the time-t distri-
bution of firm growth rates (|G¢]p) from the median ([G¢]o5) to the distance of the
median from the 10% quantile, rescaled by the overall 90-10-spread of the distribu-
tion. If the 90% quantile is further above the median than the 10% quantile is below
the median, the distribution is right-skewed and Kelley skewness is positive. Kelley
skewness allows for an easy decomposition of skewness movements into changes in
upper and lower parts of the distribution and is more robust to outliers than the third
moment.

Details on the sample construction are contained in Appendix C. Besides Compu-
stat, we use data from CRSP for stock prices and Worldscope Fundamentals because
of its good coverage of the date of incorporation. All variable definitions are listed in
the appendix. The data cleaning filters out roughly half of the observations from the
raw Compustat files. Since estimating firm-level impulse responses requires a suffi-
ciently long time series for each firm, we focus on firms that have at least 40 consec-
utive observations for sales growth. This reduces the sample size further, see Figure
A.1 in Appendix C. Despite the smaller sample size, the time series of cross-sectional
skewness are very similar before and after data cleaning, see Figure A.2. Appendix D
confirms that cross-sectional skewness is strongly procyclical in Compustat data, for a
variety of skewness measures and data cleaning procedures.

Table 2 compares the full Compustat sample against the cleaned version of firm

growth streaks. For comparison, the table also reports summary statistics from the

8Note that we treat production and sales as equal, hence we are ignoring inventories.
19Explicitly,

([Gtloo — [Gtlos) — ([Gtlos — [Gtloa)
skew (G¢) = € (—1,1), 17
(G [Gt]o.o — [Gtloa ( ) (17)
where Gt := {gi+}i=1,.n, is the set of firm growth rates at time ¢.
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Table 2: Summary Statistics for Compustat Data

Full Compustat ~ Cleaned Sample = QFR

Assets (mlIn. USD) 3,941 1,873 43.2
Sales (mln. USD) 396.3 411.7 10.8
Sales Growth (%) 7.2 7.6 0.63
Q(Sales Growth)g s (%) -7.8 -7.6 -25.3
Q(Sales Growth)g 75 (%) 20.7 21.2 26.6
Net Leverage (%) 26.9 12.4 20.0
Short-term debt (%) 75.8 8.8 33.0
Obs./quarter 6,338 4,844 6,122
Unique firms 22,097 17,388 -
p(Sales Gr., GDP Gr.) 0.64 0.55 -
p(Sales Gr., Skew) 0.85 0.88 -

Note: Statistics for QFR are for the manufacturing subset of Crouzet and Mehrotra (2020) from
1977Q3-2014Q1 and directly taken from tables 1 and 3 of their paper; the values are unweighted aver-
ages across size bins. The Compustat statistics are for 1983Q3-2014Q1. The reported values for assets
and sales are in 2009 USD. Values from Crouzet and Mehrotra (2020) are deflated using the price index
for value added in manufacturing. Compustat values are deflated using the GDP deflator since the
data covers multiple industries. The full Compustat sample is the raw Compustat data but removes all
firm-quarter observations with non-positive assets.

Quarterly Financial Reports (QFR), which have been used by Crouzet and Mehrotra
(2020) to construct a representative sample of US firms in certain sectors. For example,
the QFR can be used to construct a sample accurately reflecting the firm size distribu-
tion of US manufacturing firms, including private firms. Relative to this representative
sample of manufacturing firms, the average firm in the Compustat data (which is not
limited to manufacturing firms) is considerably larger, both in terms of assets (USD
3.99bn vs USD 43mln) and sales (USD 399mIn vs USD 11mln). The sales growth dis-
tribution in the QFR sample is more dispersed and more symmetric than in the Com-
pustat sample with a mean growth rate closer to zero. Compared to the QFR, leverage
and short-term debt are higher in raw Compustat data but lower in the cleaned data.
The number of observations in the cleaned data is roughly half of the number of ob-
servations per quarter in the QFR. The number of unique firms falls from 22,397 to
5,061. Importantly, although the data cleaning affects multiple firm characteristics on
average, the correlation between aggregate sales growth and GDP growth is similar
for both Compustat samples (0.56 vs 0.69). The correlation between skewness and
aggregate sales growth, which is the key object of study in this chapter, is virtually
identical for both samples (0.85 vs 0.84).

In the Compustat sample, all firms are large compared to the universe of US firms.
Therefore, there is little movement at the extensive margin, and any bias in cross-
sectional skewness due to firm exit should be negligible. Hence, we implicitly condi-

tion on firm survival in our results, and abstract from entry/exit dynamics as much as
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possible, which are not focus of this work.

Despite the underrepresentation of small firms, sales concentration in the sample
is still high. The largest 10% of firms account for 70% of sales on average, and the top
30% account for over 90% of sales. For comparison, the largest 1% of firms in the QFR
sample of Crouzet and Mehrotra (2020) represent ca. 75% of total sales.

4.2 Specification

To support our theoretical model with empirical evidence, we derive the following
econometric specification that is guided by our theoretical model. Within our frame-

work, we can express firm level growth rates as

.t
it =In % =7+ flai €ir) — flai €0-1) + wiy (18)

if—
where 7 is an aggregate growth trend?’ and «; is firm-specific market power (which
we assume to be monotonic in firm size) and w;; is a zero-mean i.i.d. disturbance.
We use eq. (15) of the previous section in place of €;;, whereby we assume that ¢; ; is
fully absorbed by the secular growth trend, o and w; ;. Relative to the no-disturbance,

steady-state baseline, one can write

it =In % = 7+ fla, Aue) — f(a;,0) + wip. (19)
The expression implies H1: (i) The presence of f(a;, ATu;) should induce negative
skewness in the cross-section of growth rates upon impact of a shock. (ii) The impact
on left-skewness, when indexed by &, is increasing in the market power of the con-
sidered cross-section. We examine the two hypothesis in the next section (Section 4.2)
using a simple impulse-response framework and a battery of off-the-shelf aggregate
shocks.

Even though we document a new channel of skewness propagation in the business
cycle, we are not claiming that this mechanism is exclusive. In fact, skewed idiosyn-
cratic shocks may still play a role for the cross-section of growth rates. To examine this
thought, consider the case where market power plays no role in the transmission. This
implies « = 0 and f is a linear function in the shock, and we can write (up to an affine

transformation)

qit

P :'y+7\iTut+wi,t. (20)
it—

gi,f =In

200ne can motivate the trend from the growth trends brought up in Section 3.5, which turn into an
aggregate trend in outcomes if demand systems are homothetic.
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One can estimate this equation with a simple decomposition using principal compo-
nent analysis (PCA). This allows analyzing skewness properties of an aggregate factor
ajp = XiTut vis-a-vis those of the idiosyncratic component, w; ;: Maintaining the as-
sumption of symmetrically distributed A; would imply that skewness of growth rates
at a given time f exclusively lives in the idiosyncratic component of this equation, w; ;.
Reintroducing market power would reintroduce skewness into a; ; by skewing the dis-
tribution of exposures.

Thus, a central question we can apply this PCA to is about the importance of our
mechanism a priori: whether skewness occurs in the aggregate component or in the
individual component. Confirming the hypothesis H2 would evidence existence and
relevance of our propagation mechanism. A large relative contribution to skewness
by the aggregate factor directly links aggregate shocks in levels to cyclicality of higher
business cycle moments. It further adds evidence to a growing literature documenting
heterogeneous responses of firms to aggregate shocks; for monetary policy shocks, for
example, see Ottonello and Winberry (2020) or Cloyne et al. (2023). As the ultimate
analysis of this paper, we discuss the PCA and its results in Section 4.2.

H1: Aggregate Shocks Cause Growth-Skewness Correlation

With an impulse-response framework, we show that aggregate shocks move level and
skewness of growth rates in lock-step, on the aggregate and for large firms, but much
less so for the small firms of our sample. We estimate impulse responses of skewness
and growth to monetary, oil, credit, uncertainty, sentiment, and TFP shocks. These
shocks are different in nature and timing, constructed using varying identification
schemes and sample periods. We find that all shocks induce a close co-movement
pattern between skewness and growth that is at least as strong as measured in the raw
data. We estimate the impulse responses of skewness and sales growth using local
projections (Jorda, 2005):

L
Yirn = &y + Bpshock; + Z ’ygltcontrolst_g +epip (21)

(=1
for h = 0, ..., 11 quarters using up to L = 2 lags. The B}, coefficients give the impulse
response of interest. The variable y is either cross-sectional skewness or aggregate
sales growth. The shock series and controls are taken off-the-shelf from existing work.
Table 3 summarizes the regression specifications across the different shocks. Appendix
D.4 covers robustness checks and contains details on the variable definitions as well
as data sources. We also describe each shock series in detail in Appendix D.4.
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Figure 6: Comovement of growth and skew after aggregate shocks

Monetary Policy Shock Oil Price Shock

4 |- == Skewness (LHS)
= = Agg Growth (RHS) 12

Kelley Skewness (x 100)
Sales Growth (%)

Credit Spread Shock Uncertainty Shock

Kelley Skewness (x 100)
Sales Growth (%)

Sentiment Shock TFP

Kelley Skewness (x 100)
Sales Growth (%)

Horizon (quarters) Horizon (quarters)

Note: The 90% confidence bands are based on Newey-West standard errors. Shock magnitudes are
normalized to be one standard deviation. The signs of the sentiment and the TFP shock are reversed to
be contractionary.
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Table 3: Local projection specifications

Shock Reference Controls (lagged) Sample period
Monetary Bu et al. (2021) Real GDP, GDP deflator,

Shadow Rate, EBP 1994Q1 - 2019Q4
Qil Baumeister and Hamilton (2019) Real GDP, GDP deflator, Oil price 1983Q3 - 2019Q4
Credit Gilchrist and Zakraj$ek (2012) Real GDP, GDP deflator, EBP 1983Q3 — 201904
Uncertainty Ludvigson et al. (2021) Real GDP, GDP deflator, VXO 198301 - 201504
Sentiment  Lagerborg et al. (2023) ICE, real GDP, uncertainty,

Real stock prices 1983Q3 - 201904
TFP Ben Zeev and Khan (2015) Real GDP per capita, real stock prices

per capita, labor productivity 1983Q3 - 201201

Note: All specifications include lags of the dependent variable and the shock series as controls and
are estimated with two lags. ‘ICE’ is the University of Michigan Index of Consumer Expectations.
Uncertainty is measured as the 12-month Jurado et al. (2015) uncertainty index.

IRF Results

Figure 6 shows the impulse response estimates for the six different shocks. All aggre-
gate shocks are associated with a subsequent decline in cross-sectional skewness (blue
lines; left axis). Following an adverse one standard deviation shock, the skewness in-
dex declines by between 0.02 and 0.06 points. The decline is strongest for the credit
shock and weakest for the monetary shock. The peak effect occurs 4 to 6 quarters
after impact and is statistically significant across all shocks. The effects on skewness
are not long-lived and die out after at most 10 quarters. The response of aggregate
sales growth (black dashed lines; right axis) to the aggregate shocks looks very similar
to the responses of skewness. The correlations of the impulse responses for a given
shock range between 0.89 and 0.98. Aggregate shocks therefore appear capable of 1)
inducing significant movements in skewness and 2) generating strong co-movement
between sales growth and skewness.

These findings confirm the insights of Figure 2. Cross-sectional skewness moves
closely with aggregate growth across many US recessions (including the Covid reces-
sion), suggesting the high correlation is a robust business cycle fact that does not only
pertain to certain types of recessions. It is therefore encouraging to see that different
types of shocks, all of which are considered potentially important drivers of the US
business cycle, induce the procyclical skewness pattern.

Splitting up the linear projections in equation (21) into the top-10% and bottom-
90% firm size bins also confirms the evidence conveyed in Figure 3. The skewness
of large firms” growth rates drops considerably more than for the smaller firms with
striking regularity. This result is displayed in Figure 8. Small firms experience almost
no effect on skewness, whereas the skewness index of large firms drops by —0.04 to
—0.06. Through the lens of our model, this is evidence of price taking and price setting
behavior among small and large firms, respectively.

In Appendix D.3, we corroborate the results of this section using a bottom-up ap-
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proach to impulse responses. Our findings are highly robust to this alternative ap-
proach.

H2: Aggregate Factors Explain Skewness Fluctuations

We decompose sales growth rates and thereby cross-sectional skewness into an aggre-
gate and an idiosyncratic component using eq. (20). We define as the aggregate compo-
nent the contribution of the business cycle to individual growth rates, and the idiosyn-
cratic component as any residual random fluctuation. The evidence from the previous
literature regarding the importance of both components to cross-sectional skewness is
mixed: Ilut et al. (2018) find no significant skewness in establishment-level TFP shocks,
while Salgado et al. (2025) argue for strong procyclical skewness in TFP shocks com-
puted using various methods. Neither approach allows for clear conclusions about
the relative importance of idiosyncratic shocks: Even if TFP shocks are not skewed as
in Ilut et al. (2018), there may be other idiosyncratic shocks with a skewed distribution
that drive skewness in sales growth rates; even if TFP shocks are skewed as in Salgado
et al. (2025), their contribution to sales growth rates may be minute because the shocks

are small?!

. Focusing on skewness in a particular idiosyncratic shock can therefore not
provide conclusive evidence about whether skewed idiosyncratic shocks cause cross-
sectional skewness unless the shock is both skewed and explains a significant share of
variation in sales growth rates.

We decompose sales growth rates into aggregate and idiosyncratic components
using eq. (20). The same approach is used in Herskovic et al. (2016) to extract the
idiosyncratic component of sales growth rates. We use the two components to study
their impact on cross-sectional skewness. The results obtained this way are conserva-
tive in the sense that the idiosyncratic component may still contain aggregate fluctu-
ations that firms could respond to in a nonlinear fashion. However, the idiosyncratic
component is certain to capture all firm-specific sources of variation??. If skewness in
idiosyncratic shocks affects skewness in sales growth rates, the idiosyncratic compo-
nent must explain a significant share of the skewness in growth rates. The estimates
from this approach therefore provide an upper bound for the importance of skewness

in the idiosyncratic component in explaining skewness in growth rates.

21Panel regressions in Salgado et al. (2025) confirm this intuition. The skewness in TFP shocks ex-
plains virtually none of the variation in firm-level sales, employment, or investment growth as observed
from the R? values of zero reported in Table 2 of their paper.

22This is true except under a network perspective in which idiosyncratic shocks may cause co-
movement across firms that is perceived as aggregate fluctuations by the PCA algorithm. See Foerster
et al. (2011) for a discussion of this point.
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Table 4: Common vs idiosyncratic drivers of skewness

No. Factors: 1 4 8
Correlations with skewness:

p (skew,, skewg) 0.89 0.76 0.72
p (skewg, skew,) 0.68 0.72 0.81
Decomposition of variation in skewness:

R2 0.21 0.26 0.32
R? 0.79 0.74 0.68
Fit of aggregate component:

R? q(0.25) 0.01 0.09 0.16
R? q(0.5) 0.06 0.20 0.30
R? q(0.75) 0.18 0.36 0.47
Observations 398,316

Note: Each column refers to a decomposition using a different number of principal components. The
decomposition uses the weighted PCA algorithm of Delchambre (2015) with zero weights for missing
values and unit weights for all other observations. The first two rows measure the correlation of 90%
Kelley skewness in sales growth rates with the skewness in the idiosyncratic components (skew,,) or the
aggregate components (skew,). The following two rows decompose the variation in Kelley skewness
into the contributions by skewness in the idiosyncratic part and skewness in the aggregate part. The
last three rows show the 25, 50, and 75% quantile of the distribution across R? from firm-level time
series regressions of the sales growth rate onto the aggregate component. The number of observations
refers to the actual firm-quarter observations.

Factor Decomposition Results

Table 4 shows the results. Skewness across the aggregate components a;; correlates
closely with skewness in growth rates even with only one factor included in the de-
composition (row 1). The comovement between skewness in the idiosyncratic compo-
nents and in the growth rates decreases with the number of factors, though it remains
sizeable even for the case of eight factors (row 2).

Correlations can be deceiving because comovement patterns may be strong while
magnitudes of variation differ. To analyze which component explains most of the vari-
ation in Kelley skewness, we decompose the numerator of the skewness measure. The
numerator is the component representing asymmetries in the distribution, while the
denominator is solely a scaling factor ensuring Kelley skewness always lies between
—land 1.

Let the numerator of the Kelley skewness expression be 7 (X) = [X]o9 — 2[X]os5 +
[X]o.1, where [X], indicates the r-quantile of X := {x;},—1 _n. The decomposition of
demeaned growth rates §;; := g;; — 7; is then

n(g)  __ mlw)

7 (1)
[g_t]OB - [gt]o.l [gt]o,g - [gt]o.l + Doy + Bey,s (22)

[$tloo — [§t]oa

where a; and ¢; refer to the distributions of the aggregate and the idiosyncratic com-

ponent. Because the ordering of firms within these three distributions may change
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relative to the ordering of sales growth rates, the decomposition is not exact. The dif-

ference is captured by approximation errors

Aa = ([atlos — [atoo + 2 ([atlos — [atlos) + [@o1 — [atoa) / ([Stloo — [§tloa)  (23)

with [a;], denoting the aggregate component of the r-quantile of the growth rate distri-
bution g;, and by A, which is defined analogously to A,. Given these objects, we can
compute partial contributions to explained variance in growth rate skewness. Of the
skewness that is unexplained by the approximation error, the idiosyncratic component
explains only 25% (R?). The remaining 75% of unexplained variation are attributed to
skewness in the common factors (R2). This decomposition result is broadly stable
across the number of aggregate factors used. Because the skewness of the different
components is not orthogonal, the explained variance attributed to each component
depends on the ordering of the variables. The results presented here order the id-
iosyncratic component first to give conservative results for the aggregate component.
Flipping the ordering indicates a contribution between 92% and 96% for the aggre-
gate component (result not shown). To stress the importance of aggregate factors in
driving cross-sectional skewness, Figure 7 shows that skewness in the idiosyncratic
component adds little information beyond the procyclical pattern present in skewness
of the common component. The figure also demonstrates that the approximation er-
ror of eq. (22) is small since the common and idiosyncratic contributions (orange line)
closely track the skewness measure (blue line), apart from deviations in the early 1990s
and mid-2010s.

The weak contribution of the idiosyncratic component is not due to a small size
of that component. For most firms, the idiosyncratic component remains large after
removing the aggregate factors. The last three rows of Table 4 show the 25%, 50%, and
75% quantiles of the distribution of R? values from firm-level time series regressions of
the demeaned sales growth rate onto the aggregate factors. Even when including eight
factors, the aggregate component explains no more than 30% of time series variation
for half the firms (RZZ q(0.5)), and explains more than 47% of variation for only 25% of
firms (RIZ q(0.75)). To emphasize, the first column of Table 4 shows that one aggregate
factor explains 79% of the variation in skewness (R?) even though it only explains 6%

of firm-level sales growth variation on average.

H3: Pandemic exposures from Davis et al. (2025b)

The theory predicts that a cross-section of firms with large absolute risk exposures
experiences strong negative skewness in growth rates when hit with a shock. The large
negative skewness is followed by a large positive skewness during recovery before
normalizing. The prediction is testable.

35



Figure 7: Skewness in common vs idiosyncratic component
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Note: The blue line is the skewness in demeaned growth rates. The red line shows the contribution of
skewness in the aggregate component (17(a;) in equation (22)) to skewness in demeaned sales growth
rates. The green line adds the contribution of skewness in the idiosyncratic component ((¢;) in equa-

tion (22)) to the green line.

We relate heterogeneity in firms’ exposure to the pandemic to distributional business-
cycle dynamics. We split firms into high and low absolute exposure groups using the
pandemic exposure measure constructed by Davis et al. (2025b).23 The exposure mea-
sure is derived from textual risk-factor discussions in 10-K filings prior to 2020 and
equity-market reactions on pandemic jump dates, capturing firms’ differential sensi-
tivity to COVID-related disruptions. We classify firms in the top and bottom quartiles
of the exposure distribution as high-exposure firms and the remaining middle 50%
as low-exposure firms. (Note that the bottom quartile consists mainly of firms with
negative shock exposure, i.e. those that benefit from the pandemic.)

For each group, we compute quarterly Kelley skewness of sales growth, and then
take the difference between high- and low-exposure firms. We estimate an event-time
regression centered on the start of the pandemic (2020Q1), using event-time dummies
to trace out the dynamic path around the shock. To obtain inference that respects the
cross-sectional dependence structure, we compute bootstrap confidence intervals by
repeatedly resampling firms.

Figure 9 shows the estimated responses. Skewness drops sharply at the onset of
the pandemic for high-exposure firms relative to low-exposure firms, with the signif-
icantly lower skewness for high-exposure firms for four quarters after 2020Q1. The
effect reverts quickly thereafter, consistent with transient disruption dynamics de-
scribed in the theoretical section. The magnitude and timing of this differential re-

sponse strongly supports our theoretical mechanism: idiosyncratic exposure to aggre-

23We are grateful to the authors for generously sharing these estimates with us.
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Figure 8: Skewness response of small and large firms
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Note: The 90% confidence bands are based on Newey-West standard errors. Shock magnitudes are
normalized to be one standard deviation. The signs of the sentiment and the TFP shock are reversed to
be contractionary.

gate shocks gives rise to systematic cross-sectional skewness movements, and firms

that are more exposed to the aggregate shock exhibit the stronger skewness adjust-

ments.
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Figure 9: Differential skewness response around the pandemic
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Note: The figure plots event-time impulse responses of the difference in Kelley skewness of sales
growth between high- and low-pandemic-exposure firms. Event-time dummies are relative to 2020Q1.
Confidence bands are 90% bootstrap intervals based on resampling firms. Pandemic exposure measures
come from Davis et al. (2025b), to whom we are grateful for sharing their data.

5 Conclusion

This paper has documented new evidence on the shape of firm growth distributions
over the business cycle. Using Compustat data, we confirmed that skewness is pro-
cyclical, becoming negative in recessions and positive in booms. We then showed
that this pattern is strongly size dependent: large firms display much larger swings in
skewness than smaller firms. Finally, we established that countercyclical variance am-
plifies these effects, with increases in volatility leading to disproportionately negative
skewness among the largest firms. Taken together, these findings point to a systematic
size gradient of skewness in the cross-section of firms.

Since this size gradient cannot be explained by theories in which firms are funda-
mentally homogeneous, we set out to develop a simple framework to rationalize all
empirical observations jointly. When firms possess market power, Marshall’s Second
Law of Demand implies that symmetric shocks translate into concave output adjust-
ments. This mechanism generates systematically skewed growth responses, with the
effect increasing in the degree of market power and in the variance of shocks. The
model rationalizes both the procyclicality of skewness and its dependence on firm
size, and it matches the empirical impulse responses we estimate from the data. In
this sense, skewness is not a primitive property of the shock distribution but an en-
dogenous outcome of firm behavior under imperfect competition.

The results carry important policy implications. Skewness means that observed
outcomes systematically differ from the underlying incidence of shocks. If policymak-
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ers allocate support or compensation in proportion to realized outcomes, they risk
mistaking endogenous asymmetries for differences in exposure. Large firms in par-
ticular may appear to be disproportionately hit during downturns, when in fact their
outcomes reflect amplified responses due to market power. Effective stabilization or
redistribution policies must therefore look beyond average growth and volatility, and
take into account how market structure shapes the distribution of outcomes across
firms. Ignoring these mechanisms risks systematic misallocation of resources and a

reinforcement of downside risks in aggregate fluctuations.
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Online Appendix

Monopolistically Skewed Business Cycles

A Proofs

A.1 Theory

Proof of Lemma 2. Marginal revenue is mt(q) = p'(9)g + p(gq). Any solution to the mo-
nopolist’s problem must live within a non-empty, open interval, D, on which mr is
strictly positive. Thus, p'(q9)g + p(q) > 0 & Ep(q) > —1. By log-concavity of p, we
have p"(q)p(q) — p'(4)* < 0, thus, on D,

m'(q)

2p'(q) +p"(q)
p'(9)(2+qp"(
p'(9)(2+qp'(q
p(9)(2+Ep(q

q
9)/v'(q))
)/p(q))

)) <0

IN

because p’(q) < 0. Since p is decreasing to 0, p’ % 0 and some q* exists for which
c'(

me(g*) = c/(g) (recall that ¢’ is increasing). |

Proof of Lemma 1. We prove each claim individually.

1. Note that X is unskewed because Z is symmetric about its mean. Write

[§(Xe) +8(X1-¢)]/2 — g(Xo5)
(8(X1-¢) —8(Xe)/2)
g ((Xs + lee) /2) - g(XO.S)
(g(lee) - g(Xs))/Z
__8(Xos) —g(Xos) _
(g(Xl—e) - g(Xs))/Z

skew[g(X)] =

by Jensen’s inequality and unskewedness of X.

2. Let Y = g(X), then Y has negative skew. Consider a second-degree Taylor ex-
pansion of h about the median of Y

h*(y) = h(Yos) +h'(Yos)(y — Yos) + h”(;/o.5) (v — Yos)?
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and rewrite the skewness coefficient:

Yi_o+Ye B (Yi_e—Yo5)2+(Ye—Yy5)?
(M5 - vos) (14 B T e ey )

<%> <1 4 %[(YH —Yos5) + (Ye — Yo.s)])

(1 + 1 (YI—S*YO.S)ZJF(YS*YO.S)z)
21" (Y1_¢—Yo5)+(Ye—Y05)

<1 + B (Yi—e — Yos5) + (Ye — Yo.5)]> ,

J/

skew[h(Y)] ~

= skew|Y]

-

=:A

where one notes that A > 1since i’/ < 0 < I’. Hence skew[h(Y)] = A - skew[Y] <
skew([Y] < 0.

3. Finally, consider some positive number a and the mapping Z — g(a - Z). Take a
second order Taylor expansion over the median of Z,

g (a-x) = g(0) +ag'(0)(x — Zos) + w(x — Zo5)?,

substituting into the skewness measure yields

=0

o R 2,0

ag' (Zi—¢ + Ze — 22y,

skew([g(aZ)] ~

ag'(Z1—¢ — Ze) +

2 1
- ((Ze — Zo5)* + (Z1—¢ — Zo5)?)

Therefore, skew[g(aZ)] ~ aé—l,/ (Z1—¢ — Z¢) /8. Setting a = 1 yields the skew-
ness for the transformed variable g(Z), and an explicit formula to part (1) of the
Lemma. Additionally, increasing a yields more negative skewness for a concave,
increasing transformation (¢” < 0 < g¢’) and more positive skew for a convex
increasing transformation.

For reference in further proofs, we restate a longer version of Lemma 3 and prove
it.
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Lemma 3 (extended) (Concavity of Output).  Consider eq. (4) and let H(§) := (In o me)(e7) +
(17 — (1 — 1)q] denote the left hand side of the FOC. Then, Q* = H~'. Then:

Q™ is a concave function of €

& Log marginal revenues are log-log concave, i.e. (In o me)(e7) is concave in . If concavity

holds strictly, then Q* is strictly concave.

& The term

— Ep
Eme(q) =Ep+ £+ 15 p (A1)
is decreasing in q, where £2 = £ o £ is the elasticity of the elasticity function (‘supere-
lasticity’).

& MLSD’ holds.

Proof of Lemma 3. Define 5(7) := p(exp ), then In(7(§) + 7'(§)) = Ino me(e?). Note
first that H is (strictly) concave if and only if In o me(e7) is strictly concave, since the
marginal cost part of the equation is linear. The two assertions on the list as proved as

follows:

1. This condition also implies that H is (strictly) concave. By eq. (4), H(j§) = € and
thus Q* = (InoH)~!. Since marginal revenue is strictly decreasing on D, so is
H. Suppose now that H is (strictly) concave. This implies that H —1is (strictly)
concave and decreasing. (This fact is treated in exercise 3.3 of Boyd and Vanden-
berghe, 2004.)

2. Rewrite concavity of (In o mt)(e?) using the following identities:

dlnp(g) _dlnp(q) _ p'(9)
cp— _dinplg) _ P g (A.2)
P g g (@)
&y P@_T@
n_9pq _dmg _ p@ _ p@2 _ P'@) 7
p(e’) ag Ep  Ep Ep P'(@) P(e) A9

Note that the condition is equivalent to the following chain of expressions being
decreasing in 7:

P@+p"@ _1+Ep) +Ep() _ gy EPLE)
Ep(el) +1

Ep (e"A) (A.4)

A A

P@)+7 @  1+1/Ep(el)

which is decreasing in 7 if and only if it is decreasing in g = e.
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3. We write the elasticity of marginal revenue as

dIn[p(q)(1+ Ep(q))] dln(1+ Ep(q))
dlng =&pla) + dlng

Bé'p(eh‘q)
dlng
=& 4+ —"

- ey + E2E-E5E)

Finally, the two statements with explicit dependency on a are proven by inspection.
|

Proof of Proposition A.5. See section A.2 “Monotone Skewness”. u

Proof of Proposition 4. Continuing the second part of the proof in the main text: Sup-
pose, C # 0. Then

iqzaq_c2
d _ B+1 q
d—qln(P(Q))— A B+E ’
B+11 g
and
A o g (20N (A 5 C\ (A ., CV
2 (B—l—lB(B D +q3><B+1q+q) (B—l—qu p
d—qzln(P(‘J)):

A B+E ’
B+17 q

must be < 0 by log-concavity. As g | 0, the dominating term is C/g*, and thus C < 0
A C

is necessary to ensure log-concavity. But if C < 0, then (B——f—qu + E) < 0 for small

enough gq. But this implies

A g 3C A B
— — — ——8B
(B+1B(B g +q)>B+1 T >4
for all small g, which cannot hold since the LHS tends to —co as g | 0. Thus, C = 0O is
the only solution. [

Proof of Proposition 3. Take a concave function f with f* < 0 and a random variable Z
that is symmetrically distributed, and let 2 > 1 be a constant. We want to calculate the
skewness of X — Y where X = f(Z), Y = f(aZ), which is

(X—Y)r—l— (X—Y)l_r—Z(X—Y)0_5 (X—Y)r—l— (X_Y)l—r

skew[X — Y] = X—Y)1,— (X—Y), - (X=Y)1,—(X=Y),

In the proposition, f is the first order condition, Z = ec and a = ¢/¢. This is the case
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in which t is a time of boom. We want to show that skew[X — Y] > 0. Because f is
concave, we have f(Z) — f(aZ) is increasing in Z, so

(X—=Y)y = f(Z) — f(aZ)) < 0 < (F(Z1_)) — f(aZi_,)) = (X = Y)1_..

By concavity of f and since (Z, —aZ,) = (aZ1—, — Z1_,), thesum (X —Y)1_, + (X —
Y), is positive, which we needed to show. Clearly, at time of recession, the skewness
tlips sign.

To compute the effect of lower market power during a boom, one computes the
skewness for a less concave first order condition ¢ o f, where ¢ is convex. The proof
rewrites the skewness in terms of the fraction F = —(X —Y), /(X — Y);_, and shows
that skew[X — Y| decreases in F and that the presence of ¢ increases F. Details are left
to the reader. u

A.2 Monotone Skewness

In this section, we prove monotone skewness under ISID. To this end, we first define an
additional property which is implied by ISID and equivalent to eq. (7) for a given «.
We call the following auxiliary property monotone markup-to-price elasticities. Beyond
its theoretical applicability in proofs, it is another link between empirical quantities
and concavity properties of the inverse demand function.

Property 6 (Monotone Markup-to-Price Elasticities (MMPE,)). The ratio of markup elas-
ticity to price elasticity is strictly increasing:

igﬂa(@
9q Ep*(q)

MMPE, states that given some degree of #, markups change more strongly than the

price elasticity, if quantities are perturbed. This derivative describes the non-linearities
in the first order condition of the firm, as one traces out the demand curve. It turns out
that the condition is sufficient to guarantee monotone skewness: Higher degrees of
market power correspond to firms with more negatively skewed growth rates. Under
this condition, the inverse mark-up becomes the chief contributor of concavity to the
tirst order condition. Since the concavity of the inverse markup is increasing in market
power, &, a higher market power causes more concave responses to shocks and thus
stronger left-skew. This informal reasoning is correct and carries over to the following
proposition:

Proposition A.5. Consider two firms which have the same long-run output, 1 = go =
g, but different degrees of market power, 1 > w1 > ag > 0, and otherwise face the same
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demand curves, p*, up to differences in p**. If MMPE,, or MMPE,, holds, then skew(q;) <
skew(gp) < 0.

A.21 Proof of Proposition A.5

We develop a series of Lemmas to eventually prove that skewness is monotone in
market power, . We apply the notion of relative convexity due to Palmer (2003) given
in the main text.

Note that the inverse of a strictly increasing, convex function exists and is strictly
increasing and concave, and vice versa. Hence, f < g if and only if g >~ f. The
following is a criterion for relative concavity for twice differentiable functions:

Lemma A.4 (Relative Concavity of Twice Differentiable Functions). If f,¢ € C? then
the following are equivalent:

/! i

g<f<:>g—<—.

'l 1f
Proof. See Palmer (2003). |

We now relate MMPE,, to this notion of relative concavity:

Lemma A.5 (MMPE, implies relative concavity, ¢, < In p*). As before, denote marginal
profits in terms of log sales, q, by H, but add a subscript for market power. Write

log inverse demand 108 inverse markup, =pu(7) log marginal cost, ¢’ (e7)
e e —— A

Ha(@) = aln(p(eD) + In(1/p(e))  + Inp—(n—1)7
= aIn(p"(3)) + ¢a (@) +¢'(e7).

Suppose, ¢ and In p* are both concave and decreasing. Then:
¢ < Inp*(exp(-)) < MMPE,.

Proof of Lemma A.5. The proof does not depend on the value of «, only that at this value
MMPE, holds. Hence, suppress a subscripts and the * superscript in the following

24Note that p has to be different for both firms in order to equalize their output and facilitate the local
comparison.
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equations. Note that f < g iff f oexp < g oexp. Then:

In (1 + Sp(qu)> < In (p(e‘?))
& In(1+E&p(q) <In(p(q))
%m(ugzﬂ(q)) %IH(P(W
<
—2In(1+Ep(g))  —aIn(p(q))
Zn (L) _ spine@)

< o A5)  —din(e(e)
9q u(q) q
2 2
N 52 In(u(a))  5=In(p()
sIn(u() & n(p(q)
Note that % = 2 In(f'(x)) and with f = Ino u, we have f/(x) = Z((;)). Since the
same goes with f = Ino p, we obtain:
9 <u’(q)> (p’(q))
& —1In > —1In
ag  \ n(q) J p(q)
u’(q)) (P’(q)) )
& — | In +Ing—1In —In >0
34 ( (u(q) 7 (9) 7
d
< a—q(ln(r‘iﬂ(q))—ln(fp(q)))>0
Eulq)\ . . .
< In (— is increasin
Ep(q) &
Eulq) . . .
& is increasin
Ep(q) &

n
The next Lemma on relative concavity is new and applies directly to our setting.

Lemma A.6. Letf,g,hECz,XQIR,f:X—>IR,g:X—>DC]Randh:D—>lR. Let
a>0,¢=<f=<1Idand f <0,¢ <O0. Then

1. multiply-and-transform induces concavity:

(h<IdAKW >a) = af +hog=<f+g.

2. multiply-and-transform induces convexity:

(h=1dAKH <a) = af+hog> f+g.
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Proof. We only proof the first implication, because the proof of the second follows the
same logic with flipped sign. Using the criterion of Lemma A.4, we need to verify that

af"(x) + W' (g(x))g"(x) + H"(g(x))g'(x)* _ f"(x) +¢"(x)
—laf'(x) + 1 (g(x))g'(x)] —[f'(x) + &' ()]

Because Iz g +(h/)(2gg(’xx)) i) < 0 by concavity of 4, it suffices to check that

af"(x) + W (g(x))g"(x) _ f"(x) +8"(x)
—laf'(x) + 1 (g(x)g"(¥)] ~ =[f"(x) +&"(¥)]

Rearranging, we obtain

(af" + ") (f +8) > (f' +g")(af +Hg)
<:>W+afﬂgl+h/ //f/+hll />W+f//g/h/+g/1af/+M

— h (gl/f f// /) >a(gllf f// /)

But then note that g f' — f¢’ > 0 <= ¢ < f, hence the last line is equivalent to
h' > a, which is true by supposition. u

Lemma A.7. Let f,¢,h € C?and f < ¢ < Id with f"" < ¢" aswell as f' < 0,¢ < 0. Let
v(x) :=bx 4+ cwithb < 0,c € R. Then
f+ov<g+v

Proof. Evaluate the differentiability criterion directly:

f// _ fl/ - g// _ g//
|f' + Dl f'+b g +b [g+Db
= f'(g'+b)>g"(f +1)
f/l / g//f/ > (g// —f”)b.

Then we have f"¢' — ¢"f' > 0by f < gand (¢ — f"') > 0, too. Hence

f//g_g//f
e "

which is true as b < 0. [

—

We are now ready to prove skewness monotonicity in «.

Proof of Proposition A.5. Denote the marginal revenue in terms of 7 by

H() = atn (@ (@) +1n (140200 iy - (- 1)7
— In(5(3)) + ¢u(@ + Iny — (7 — V7.

51



Note that ¢, < 0 because i’; i/((g)) = Ep(el) € (—1,0). Consider two degrees of market
power a1 > ag and set the subscripts of H and ¢ to 0 and 1, respectively. First, assume

MMPE,,, so the relative concavity condition holds for the low market power firm.
Then, we have

¢1 = h(¢o(x)) with

h(y) :=1n (1 + %ey) , Vye (—o,0).
0

The function h is strictly concave and increasing with h'(y) > % This follows from

M@)———ﬁi——>o
i—(l)—1+ey ’
h”(y) _ ag/og —1 <0,

(% —1+ev)?

and plugging in. We use Lemma A.6 part 1 with the  we just found as well as ¢ = ¢y,
f=Inop*anda = g—é Therefore,

% ~ag(Ino p*) +hogy < ag(Ino p*) + ¢o.
0

That is, the high market power (1) firm features a more concave LHS of its first order
condition. Speaking loosely, its marginal revenues are more concave.

Second, we can follow the same steps under the assumption of MMPE,,. Now, h
satisfies the conditions of Lemma A.6 part 2. We arrive at the conclusion that, again,
the high-market power firm has a more concave marginal revenue in log-log space.

We finally need to add the linear terms coming from the marginal cost back in.
Here, note that second derivative of the left expression is necessarily smaller than that
of the right. Thus, Lemma A.7 is applicable with v(x) = — (7 — 1)x + In# and therefore

Under MMPE, we thus conclude that concavity of H, increases in market power.
Proposition A.5 asserts that this translates into more left-skewed growth rates for

higher market power.
Finally, we need to show that the inverse, H; !, of the high-market power firm is

more concave than H, !. The relative ordering of skewness then follows from Lemma
1 (2). Note that by supposition, Hy = ¢ o Hj for a strictly increasing, convex function
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¢. We collect the first and second derivatives:

Hy(4)
Hy (4)

¢'(H1 (7)) H (7)

¢" (H1(4))Hy(3)* + ¢/ (H1(7)) H{ ().

Note that for any invertible, twice differentiable function f holds (f~1)'(y) = 1/f'(x)
and (f~1)"(y) = —f"(x)/ f'(x)® fory = f(x). We apply this insight with e = Hy(g) =
Hi(q):

() H @)
Y H@
FEPH G PR
—1y/ — 1
B V(&) = St (T @) B (B )
1
=~ PO ®
Therefore,
HY(©) _ (HYE) _ o (YO _ e (HYE)
EYE - Eye PO mye O e

and since ¢ > 0, we have H; ! < H;'. Therefore, H; ! is more concave and there
exists a concave, strictly increasing transformation mapping H; Tto H L u
A.2.2 Proof of Proposition 2, Implication (9)

For this section, note that MSLD’, MMPE, and relative concavity are strict inequali-
ties/relations. As argued in Lemma A.5, MMPE, is equivalent to the technical condi-

tion
%ln(l—l—txé'p*(-)) <In(p* (). (A.5)

Because concavity of the LHS is increasing in « (this was shown in Lemma A.5), one

only needs the relation to hold strictly at the limit & — 0, i.e.

Ep*(-) < In(p*()), (A.6)

which states that the elasticity of the inverse demand function is more concave than

its logarithm. We have thus proven:

Lemma A.8. Forany « € (0,1]: Ep*(-) < In(p*(+)) = In(1+a€p*(:)) < In(p*(-))
(that is, MMPE,).
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Then note the following Lemma:
Lemma A.9. £p*(-) < In(p*()) <= E%p* is strictly increasing.

Proof. Following the steps similar to the proof of Lemma A.5, we obtain

_(Ep)" _ (np*)”
@Ry T gy
= —gpIn[=(Ep)] <~ Inl=(n )]

d

= Lin[-(ep')] > j—qln[—anp*)']

q
— ([~ (Ep")] ~ In[~(np*)]) > 0

9q
9 ( —(&p") )
— —|In————~— | >0
dq \" —(Inp*(q))
*\/
In % is increasing
*\/
(p*),((?; /)P* @) is increasing
(Ep7) is increasin
1V @) /(@) 8
= (Ep) is increasin
= E%p* isincreasing

We now tie the proof together. We follow the approach of Mrazova and Neary
(2017), who express local properties of (inverse) demand functions in terms of three
unit-free statistics:

xp*//(x) xp*///(x)
p(x) p*'(x)

The second quantity, p, measures the curvature of demand, and must be strictly larger

() = Ep* () = 2 o)

P A=

than —2 by log-concavity of p*. The third, yx, is also known as the coefficient of relative
temperance of Eeckhoudt et al. (1995). We then have the following lemma, which im-
plies (9).

Lemma A.10. (1) If MSLD’ holds strictly for all « € (0,1], then

(ox — 0% + pe) > 0.
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(2) An increasing superelasticity, E>p*, implies that MMPE, holds for all & € (0,1]. The
former is equivalent to

(ox —p* +pe) + (& —e—2) > 0.
(3) An increasing superelasticity, E2p*, implies MSLD’ for any a € (0,1].

Proof. Part 1: First, note that marginal revenue is now given by me(g) = p*(9)*(1 +
aEp*(q)). We calculate the elasticity, which is

*/ Lg * */ 1+ ﬁ*/// — P_i/
YU L e N S i S (A7)
p 1+alp p 1+abs
where we have used the identities
e) * 2
py %gp o) p*/ p*// p*/
gyt =9 —Epr=1_ — [ = ) A.
alnqu ep and aqu pr ) A9

MSLD’ states that the first derivative of this expression must be positive. We take a%'
Doing so, we apply the definitions of €, p, x and use

0 o pY 1 0 o p 1 )
dg dqp q dq aqp’q q(p p=r)

Doing so yields, for all & € (0, 1]
1 2
(xa(ps +e—¢) +

(1+txs)[—%(ps+e—ez)+%(p)(+p—p2)] —ag(pe+e—e)(1+p—¢)

x 0+ )2 >0
, (1+0¢8)[—(ps+€—€2)+(p)(—|—p—p2)}—ocs(1+p—s)2 )
— (pet+e—¢")+ A T ac)? >
—(pere—) +(px+o—p2)| _ _e)?
2 [ ae(l4+p—¢)
— (pe+e—e7)+ 0+ ao) 1+ ae)? >0
(A.10)
which implies, as we take « — 0
(ox+p—p%) 20 (A11)

Part 2: By Lemmas A.8 and A.9, we only need to check the second part (equivalence
of eq. (8) to the inequality). To this end, note that for any thrice differentiable function
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f, we have

(Ef) () :xf?//Jr]%’_x(j%)z

= (pf(x) +1—ep(x))ep(x)/x

wen S =2 (N, f ()2
(Ef)'(x) = 7 + 2 X+ 2 <(f) +2xf 7 )
:ff(x)ﬁf(x)/xz4—3('f(x)Pf(x)€f(x)——(Pf(x)ef(x)z)/x2
1 1

+ (pf(x)ef(x) — Sf(x)z)/xi—fef(x)z +2¢¢(x)*(pp(x) — Ef(x))z

11 v
_ &)
= <5 (r () (xr () +e4(x) +2) = 2e(x) (1 + £4(x)))

Moreover,
azlgé(x) 1
o~ () (of(x) —ep(x)).

Therefore, the condition can be written as (note that p*’ < 0, hence the inequality is
flipped and suppressing subscripts and arguments for brevity)

(lnp*)// 8//

(np)y = ¢

o(x+e+1)—2(e+1)
p+1+e¢

— p—e<

— px—p*+petef—e—2>0

Part 3: Part (2) tells us that the inequality (A.10), which is equivalent to MSLD’ for a
given w, is implied if MMPE, holds for all . This follows from the fact that 2 —eg—-2<
0. Additionally, in eq. (A.10), note that part * is positive, so the inequality is implied if

| (eere—e) + (ox+p—p?)]
(pe+e—¢€°) + AT a0 >0

This, in turn, holds true if —(pe + ¢ — €2) + (ox + p — p?>) > 0 which holds iff 2/¢ < p.
But this has to be the case, since 2/e < —2 < p. Therefore: (£2p increasing) =—>
(MMPE, Va € (0,1]) and (MMPE, Va € (0,1]) = (MSLD' Va € (0,1]). |
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A.2.3 Proof of Proposition 2, Implication (10)

Let inverse demand be p : R; — R, twice continuously differentiable with p’(g) <

0. Costs are isoelastic and convex: ¢g". Define the (negative) inverse-demand elasticity

e(q) = %{;‘;) (< 0), the curvature p(q) = qi,(éc)’), and the superelasticity ¢(q) = E(% ¢ (q).

(Equivalently, ¥(q) = %ﬁl(j”.) A useful identity obtained by direct differentiation

1S

¥(q) =1—¢(q) +p(q) (A.12)

Let g*(¢) solve the monopolist’s problem max,;>o p(q7)q — cq" and let p*(¢) =
p(q*(¢)). Note that g*(¢) is strictly decreasing in ¢ (so E;ic_ < 0) (MONO). We want to

prove the claim: Suppose,

e (MSLD) €(g) < 0 (Marshall’s Second Law in this notation) (hence ¢(g) > 0) and

e (PT?) the pass-through w.r.t. the cost shifter ¢, 7(¢) = dp;éc_) , is strictly increasing

inc.
Then ¢’ (q) > 0 for all relevant 4.

Proof: (1) Optimality and reduced-form T(q): The first-order condition is

p(@) +ap'(q) —yeqg’"t =0. (A.13)
By the Implicit Function Theorem and p*(¢) = p(g*(¢)),

IR np' (9 q"! _ ein
R T BT U VI T

Use (A.13) to eliminate ¢ and substitute q p’(q) = ¢(q) p(q) and g p”(q) = p(q) ' () to

express T purely as a function of g (and primitives):

() — ne(q) g’
D= @ @) t2—y) -1 (B9

(Identity (A.12) was used to eliminate p.)

*

(2) From (PT 1) and (MONO) to 7'(q) < 0: Since C;ié < 0, the assumption % > 0

implies, by the chain rule,

<0 alongg=q"(2). (A.15)
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(3) Differentiate T(q) and sign it: Write (A.14) as T(q) = Nla) with

D(q)
N(q) =ne(q)q"",  D(q) =e(q)(e(q) +¢(q) +2—n) — (1 —1).
Using ¢/(q) — l/f(q)qS(q)/

N'(q) =nq"%e(q) (¢(q) +17—1),

D'(q) = €'(q)(2e(q) +¢(q) +2—n) +e(9)¥'(q) = e(q) @ (2e(q) +¢(q) +2—n) + llf’(q)} :
Hence

dt(q) _ N'(q)D(q9) —N(q)D'(q) _ 179" *¢(q)

dg D(q)? D(q)?
<{ (W(@)+1-1)D(@) —e(a) [¢(9) 2e() + (@) +2 1) +¥' ()] }

Because D(g)? > 0 and £(gq) < 0, the inequality (A.15) is equivalent to

(@) +1=1)D(q) (@) [9(0) (2e(q) + ¥(g) +2 =) +q9/(q)| > 0. (A16)

Substitute D(q) = €(q)(e(q) + ¢(q) +2 —n) — (7 — 1) and simplify; after canceling
like terms one obtains the linear inequality in g ¢'(q):

av'(q) > 11 (@) +n—-1) + (1= (A —e(q)+¢(q) — (1 —1)) + ¥(q)(—e(q))

—e(q)
(A.17)
- ’7‘1¢<q)+<n—1>2( : —1) = 1) (1 e() (@) + 9(a)(—e(a))
—e(q) —e(q) LA )
_20,—/ —Z/—/O >0 >0
(A.18)

The bracketed terms on the right-hand side are nonnegative because 7 > 1, ¢(q) < 0,

and by (MSLD) we have ¢(q) = g(qws’ (q) > 0. Therefore the right-hand side of (A.17)

is strictly positive, which yields

q¢'(q) >0 = ¢'(q) >0.

Conclusion: Under (MSLD), (Mono), and (PT 1), the superelasticity (q) is strictly

increasing in 4. U
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B Supply Side Skewness

Up until now, we have focused on (negative) skew driven by the shape of the demand
curve, neglecting contributions of the cost function to skewness. We discuss two types
of cost functions which can contribute to skewed growth rates. Either approach rests
on the assumption that adjustment of some status quo (or the ‘current state’) is costly
in one direction and cheap in the other. This leads to a cost function with a kink located
at previous-period output, which immediately implies local log-convexity of the cost
function and locally left-skewed values of 7.

We start from a price taking firm’s static profit maximization problem (suppressing

price taker subscripts),

max g [p—c(@)],  clq) =e¥(q).

Here, p is the given output price, ¥(g) is the baseline cost function, and the exponen-
tial term e€ is a multiplicative cost shifter. The first-order condition equates marginal

revenue and marginal cost. Differentiating, we obtain

0= p— ¢ (¥(q) +q¥(q) = p— eme(q),

where mc(q) is the slope of total cost. Taking logs yields Inmc(gq) = logp — €. This
condition allows us to study how equilibrium output responds to the cost shifter. Dif-
ferentiating the FOC, one can show that

dg _ 1 d*g 1 dq

de ~  Emc(q)’ de2 ~ (Eme(q))? (Eme)'(q) de’

Since dgq/de < 0 (higher costs reduce output), concavity of 7 in € requires that (Emc)’(g)
0, i.e. that the elasticity of marginal cost is increasing in quantity. Put differently: if
mc(g) is log-convex, then 7 is locally concave in the cost shifter e. Now consider how

different frictions shape ¥(g), and thereby mc(g).

Capacity adjustments Work on asymmetric capital adjustment costs goes back to
investment Q-theory. More recent seminal work which finds empirical evidence for
convex adjustment costs includes Cooper and Haltiwanger (2006). Meanwhile, Chris-
tiano et al. (2005) delivered an important milestone for the inclusion of such cost into
modern quantitative macroeconomic models. To build a simple model of this class,
suppose there is a baseline cost yy(g), but producing beyond installed capacity g re-
quires increasingly costly effort. We assume § = g, so capacity is set to the steady-
state level of output. A reduced-form way to capture this structure is

Yeap(q) = Yo(q) +xlg—4l%, v>1, x>0.
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Once output exceeds capacity, the derivative mc’(g) rises steeply (jumps, in fact), and
thus the elasticity Emc(g) is increasing. This satisfies the log-convexity condition, en-
suring that In g is concave in € locally around In gg. Intuitively, expansions beyond ca-
pacity are disproportionately costly, so output falls quickly in response to cost shocks
but rises only sluggishly.

Customer acquisition The approach of embedding a customer base into the firm
problem was pioneered by Gourio and Rudanko (2014). Roldan-Blanco and Gilbukh
(2021) formalize a customer base through a matching model between customers and
tirms. Through this approach, they capture rich business cycle dynamics. More re-
cently, Ignaszak and Sedlacek (2025) use customer bases as a device to analyze the
tension between productivity and profitability, and explain how the latter may be-
come uncoupled from the former.

Suppose, sales depend on a pre-existing base b plus new customers from acquisi-
tion effort a, with ¢ < b+ H(a). Acquisition costs are convex, S(a), while customer
recruitment is concave, H(a). Assume that the firm has built a customer base for
steady state output in the past, hence b = g9. Embedding this into the per-unit cost
gives
S @)

q
where a*(q) is the optimal acquisition choice. By the envelope theorem, the shadow

1Psell(q) = 1P0<q

7

value of an extra unit of demand, A(g), enters marginal cost, and rises with g because
S"” > 0and H” < 0. Thus, as output expands beyond the base b, mc¢(g) grows increas-
ingly steep, again making Emc(q) increasing. This ensures local concavity of log g in €.
The economic interpretation is that when demand is weak, the firm lets its base erode
(no acquisition), whereas when demand is strong, acquiring new customers is costly

and slow, so output cannot expand proportionally.

In both cases, the critical feature is that the marginal cost function becomes increas-
ingly steep as output rises. This makes the mapping from cost shocks € to equilibrium
quantities concave in logs, and thereby generates the negative skewness in firm-level
growth rates. Existence of log-convexities in firms’ cost functions can explain some
pattern in Figure 3 (b). For a small size cutoff quantile, the plotted regression coef-
ticients taper off and become constant at about 2.2. This suggests that growth rate
skewness is still procyclical, even if market power, a, becomes small. Part of the rea-
son may be that shocks are inherently skewed, but a more structural explanation is
existence of log-convex cost functions even for price takers.

Yet, cost functions are unable to generate size dependence of skewness. To this ob-

servation, a demand-side oriented explanation caters nicely. Second, the approaches
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discussed below—capacity adjustments and customer acquisition cost—each only guar-
antee local skewness: growth rates relative to the steady state are skewed locally
around long run output, go. That means, if the shock is not mean zero but, say, has
a positive support such that every firm i in the cross-section adjusts to some q; < qo,
then the negative skewness in growth rates is no longer guaranteed. In contrast, in-
voking ISID as a demand curve property immediately guarantees global left-skewness

of growth rates, Inq/qo.
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C Data Preparation

We start from the entire Compustat database at the quarterly frequency. After the
download, the data has 1,928,055 quarter-firm observations and covers the period
1961Q1 - 2022Q3. The date is defined using the item datacqtr, not the fiscal quar-
ter. The unique firm identifier is gvkey. We drop firms that are not incorporated
(variable fic) or headquartered (loc) in the United States. We remove any compa-
nies with an SIC code above 9000, which includes non-operating establishments. We
drop any observations with negative nominal sales (saleq) and remove all duplicates
of the firm-quarter identifier (gvkey and datacqtr).

Nominal sales are deflated with the GDP price deflator (USAGDPDEFQISMEI on
FRED) to obtain real sales s; ; of firm i in quarter t. If a firm shows a missing value of
real sales in a period that is surrounded by non-missing sales observations, we fill the
missing value via linear imputation. If two missing values are adjacent, no imputation
is performed. Real sales growth is the year-on-year growth rate of quarterly real sales:
gir =1In(s;;) —In(s;;_4).> Aggregate real sales growth is

g = Y iSit—aSit
Y.iSit—4

This way of computing aggregate sales ensures that only growth rates of firms are

(A.19)

considered that experience non-missing sales in both quarters. It is not biased by the
entry of new firms or exit of dying firms.

We construct several variables for firm characteristics, following Ottonello and
Winberry (2020), Crouzet and Mehrotra (2020), and Cloyne et al. (2023). Leverage is
the ratio of total debt (sum of items dlcq and d1ttq) to total assets (atq). Net leverage
is the ratio of total debt minus net current assets (actq) to total assets. Liquid assets
(“liquidity ”) is the ratio of cash and short-term investments (cheq) to total assets.

This yields the full sample. The full sample of non-missing sales growth rate ob-
servations has 1,146,214 firm-quarter observations and covers the period 1962Q1 -
2022Q3. Additional steps yield the cleaned sample, which aims to remove sales growth

rate outliers:

1. Remove any firm-quarter observations with negative current assets (actq), total
assets (atq), or liquid assets.

2. Remove the observation if net current assets relative to total assets falls outside
of [-10,10].

3. Remove observations with leverage above 10 or below zero.

2In unreported results, we confirm that all main results are robust to using growth rates defined as

L Sit—Sit—4 : :
it = "5 instead of using log differences.
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4. Remove any observations with percentage sales growth rate (s;; —s;;—4) /Sit—a
below -1 (We do not apply this filter to log growth rates g; ;).

5. Remove any observations where the ratio of sales to total assets is in the top 0.1%
of observations. This is to clean any sales growth observations that may be due
to mistakes in the data.

6. To further account for growth rate outliers, we remove the top and bottom 1% of
growth rate observations in each quarter.

7. Since data on acquisitions is only available from 1983Q3 onwards, we remove all
earlier observations.

8. We remove any observations after 2021Q4 since Compustat may face a reporting
lag such that 2022 values may have been disproportionately missing at the time
of data collection.

The resulting sample covers the period from 1983Q3 until 2021Q4 and has 699,440
firm-quarter observations. We merge this sample with information on stock prices
(variable PCLOSE) and the first date of trading (BEGDAT) from CRSP using the PERMCO-
GVKEY linking table. We also merge the sample with information on dates of incorpora-
tion from Worldscope Fundamentals (variable INCORPDAT) using the CUSIP identifier.
This allows us to construct firm age as the minimum across 1) the date of the first
observation in Compustat, 2) the first date of trading from CRSP, and 3) the date of
incorporation as indicated in Worldscope Fundamentals. This approach makes use of
the well-populated and accurate information in Worldscope while avoiding negative
tirm ages, as discussed in Cloyne et al. (2023). To obtain analyst forecast errors, we
merge with I/B/E/S based on the PERMNO-GVKEY link.

To be able to work with within-firm time series variation in some parts of our anal-
ysis, we perform a final step of cleaning to yield the streak sample. As in Ottonello and
Winberry (2020), we only keep growth rate streaks of 40 consecutive quarters, and
remove all other observations. This yields a sample of 5,332 unique growth streaks
for 5,061 unique companies. 271 companies have two sales growth rate streaks in the
data. The sample period is 1983Q3 until 2021Q4 and there are 396,722 firm-quarter
observations. To approximate a balanced panel, the long sample only consider firms
within the clean sample that have observations before 1985Q1 and after 2021Q1. This
leaves 661 unique firms.

Figure A.1 shows the number of firm-level observations per quarter for the differ-
ent samples. Despite differences in the number of observations, the skewness pattern
across samples is very similar, see Figure A.2. The business cycle pattern of cross-
sectional skewness is especially similar between the cleaned and the streak sample,
which are used in the main analysis.
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Figure A.1: Number of sales growth observations per quarter
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Note: The full sample of growth rates covers 1962Q1-2022Q3. The other samples cover 1983Q3-2021Q4.

Figure A.2: Kelley skewness for different samples
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Note: Skewness is computed using 90% Kelley skewness. The sample period is 1983Q3-2021Q4.
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D Additional empirical results

D.1 Market Power and Skewness Pro-Cyclicality (H4)

A high HHI industry concentration implies that firms in that industry operate with
higher market power. Hence, the skewness index should vary more strongly over the
business cycle when considering a cross section of these firms. This is variation is
summarized by standard deviation skewness over time. Figure A.3 plots the standard
deviation of skewness (sdsk) against the HHI (HHI). Each observation corresponds
to an NAICS industry. The Figure confirms the hypothesis. However, the associa-
tion between sdsk and HHI weakens at the NAICS4 level. This is not surprising since
measurement error may mask the strength of the relationship. A finer industry grid

implies smaller cross-sections and less precisely measured sdsk variable.

Figure A.3
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Note: Figure shows the time-series variance of the skewness index, if the sample is split into NAICS-
industries and sorted by industry concentration. We observe a positive relationship between the ampli-
tude with which the skewness fluctuates (proxied by the variance) and the industry concentration, as
predicted.

D.2 Stylized Facts in the Compustat Global Sample (H5)

In the main text, we present our three main stylized facts using the Compustat North
America sample, restricted to US companies. In order to ensure that our main stylized
facts are not only present in the US, but more broadly, we present the same three styl-
ized facts for the Compustat Global Sample (which excludes US companies), between
2000Q1 and 2024Q4. We conduct a similar cleaning procedure as described in Ap-
pendix C in order to stay consistent between the two datasets.

First, Figure A.4 plots the Kelley skewness of year-over-year sales growth against
aggregate real sales growth in the Compustat Global Sample and confirms our first
main stylized fact; Skewness is procyclical.

Second, similar to the main text, panel (a) of Figure A.5 plots the evolution of Kel-
ley skewness over time for large and small firms in the Compustat Global dataset.

The definition is the same as the main text. The figure confirms that skewness for
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Figure A.4: Skewness and mean of sales growth in Compustat Global
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Note: YoY sales growth is computed as log(s; ;) — log(s; ;) where s;; denotes Compustat item saleq,
first converted into US dollar using the average monthly exchange rate of the reporting date. Then we
deflate the sales series by the US GDP deflator. Skewness is measured by Kelley Skewness and NBER
recessions are shaded in gray.

large firms is more procyclical in amplitude than for smaller firms, also in the Global
Sample. Panel (b) shows the estimated sensitivity of Kelley skewness with respect to
aggregate growth for increasing size thresholds for large firms. Again, the coefficient
is increasing, similar to the main text.

Finally, we again estimate in the Global sample:
Aygr = a+ BAog; + g, (A.20)

where A7 denotes the change in skewness for group g at time ¢, and Aoy s captures
the change in the standard deviation of sales growth in the same group. Table A.1
confirms our main results, albeit with a weaker magnitude. It is still the case that
changes in volatility for large firms are associated with larger changes in skewness,
confirming our stylized fact 3 for this non-US sample.

D.3 Robustness: Bottom-up impulse responses (H1)

In the main text we have used measures of aggregate growth and cross-sectional
skewness as inputs to the local projections to study their impulse responses. Instead,
this section estimates impulse responses of firm-level sales growth rates to aggregate
shocks and then constructs the response of cross-sectional skewness and aggregate

sales growth bottom-up from the distribution of firm-level IRFs. The local projection
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Figure A.5: Size-dependent skewness
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Note: Size groups are defined based on average real sales over previous three years. The standard
deviation of Kelley skewness for large firms is about 0.23 — more than twice the corresponding value
of 0.11 for small firms.

Table A.1: Regression of Changes in Skewness on Changes in Standard Deviation by
Firm Size - Compustat Global

ASkewness; = « 4+ BAStd Dev; + ¢;

All Firms Large Firms Small Firms
(Top 10%) (Bottom 90%)
B (Coefficient) -1.08*** -1.41%% -0.98***
(0.20) (0.43) (0.18)
t-statistic -5.36 -3.31 -5.31
R? 0.210 0.124 0.215
Observations 77 76 77

Note: This table reports results from regressions of quarterly changes in cross-sectional skewness on
quarterly changes in cross-sectional standard deviation of real sales growth. Large firms are defined
as those above the 90th percentile of average firm size within each quarter. Standard errors (shown in
parentheses) are computed using the Newey-West HAC estimator with automatic lag selection. Sample
period: 2000-2024. Significance levels: * p < 0.10, ** p < 0.05, *** p < 0.01.
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Table A.2: Firm-level local projections — Summary statistics

Monetary Oil Credit Uncertainty Sentiment  TFP News
# Streaks 4,120 5,332 2,813 5,115 5,125 4,829
# Firms 4,017 5,061 2,813 4,893 4,902 4,651
Avg. # Obs. 64 70 84 66 66 63
Avg. R? 0.33 0.29 0.25 0.26 0.32 0.31
Sign. IRFs (%) 77 80 83 78 82 80
QRF (%) 5.4 -14.3 2.1 -5.0 -4.5 5.4
QL (%) -0.16 -0.14 -0.33 -0.30 -0.33 -0.39
QN (%) 5.0 13.5 1.2 4.1 3.8 4.7

Note: The number of streaks can be larger than the number of unique firms. The average number of
time series observations is measured for impact effect regressions and rounded to the nearest integer.
The adjusted R? values are averaged across horizons and firms. The share of significant IRFs is the rela-
tive frequency of statistically significant IRFs for the peak of the impulse response estimates, measured
using 90% confidence intervals based on Newey-West standard errors. Quantiles across firm-level IRFs
are averaged across horizons. IRFs for the credit shock are only estimated for firms existing during the
Great Financial Crisis.

specification at the firm level is

L
Sit+h = & + Bipshock; + EZ: 'yl{lg,tcontrols,-,t_g +eitin, (A.21)
=1
where B;, is the response of firm i’s year-on-year sales growth rate at horizon & to a
shock at horizon 0. All firm-level regressions control for lagged values of the shock and
lagged GDDP, as well as sales growth at the firm and the 2-digit NAICS level. In addi-
tion, we include shock-specific controls: shadow rate and leverage (monetary shock),
GDP deflator (oil supply), excess bond premium (credit shock), Jurado et al. (2015)
financial uncertainty (uncertainty), ICE consumer sentiment, macroeconomic uncer-
tainty, and S&P500 stock prices (sentiment), and GDP per capita, labor productivity,
and S&P500 stock prices per capita (TFP news). All controls are included with two
lags. The only exception is a contemporaneous control for GDP growth in the credit

shock regression, mirroring the specification in Gilchrist and Zakrajsek (2012).2°

The summary statistics for the distribution of firm-level impulse response esti-
mates are reported in Table A.2. Varying sample periods across shocks and missing
values for firm-specific controls (in particular leverage for the monetary shock) imply
differences in sample sizes. The number of unique streaks is above 4,000 for all shocks
except credit. The sample for the credit shock is smaller since we only consider streaks
covering the Great Financial Crisis, which turns out to be crucial to identify the effects
of credit shocks using the Gilchrist and Zakrajsek (2012) specification. The number
of streaks can be larger than the number of unique firms in the sample since some

tirms can have multiple streaks in the data, although this does not happen frequently.

26Gee Table A.3 for variable definitions.
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The average time series is roughly 70 quarters long. The firm-level regressions have
average R? values of at least 25% and over 77% of impulse response estimates have
statistically significant peak effects for each shock. The distribution of IRF estimates is
widely dispersed with negative (unweighted) mean estimates, reflecting the contrac-
tionary nature of the shocks, and large heterogeneity in terms of firm responses. These
distributions look very similar when only considering IRFs with significant peak ef-
fects (results not shown).

Based on the firm-level IRF estimates Bz’,h from equation (A.21), we construct the
response of skewness and aggregate sales growth from the bottom up. The aggregate
sales growth IRF is the size-weighted average of the firm IRFs: Bzgg =) w/ﬁ,i,gi,h/
where wg; is the average real sales of firm i divided by the sum of average real sales
across firms. The response of cross-sectional skewness is estimated from the cross
section of firm IRFs: B’fk = ksk (gh), where B), = {Ei,h}i:l,...,N is the set of firm
IRF estimates at horizon h. Testing for procyclical skewness in this exercise is signifi-
cantly harder than when using a top-down skewness index since individual firm IRFs
are much more volatile than aggregate sales and the only source of procyclical skew-
ness in response to a properly identified aggregate shock are heterogeneous responses
across firms.

The results are shown in Figure A.6, where shaded areas are 90% confidence inter-
vals based on a simple bootstrap with 2000 replications.?” Following a contractionary
aggregate shock, cross-sectional skewness (solid blue) and aggregate sales growth
(dashed black) show a closely correlated decline. This is especially true for the oil,
credit and uncertainty shocks. The correlations of skewness and growth following a
sentiment or TFP shock are also close but the evidence for a negative skewness re-
sponse is less clear. The monetary shock leads to a severe contraction in skewness but
only after eight quarters, with a positive resonse on impact. Sales growth declines
earlier and is recovering while skewness bottoms out. Without putting too much
emphasis on any individual impulse response estimate, the findings across the six
different shocks confirm that 1) cross-sectional skewness declines following contrac-

tionary aggregate shocks and 2) aggregate sales growth and cross-sectional skewness

?’The bootstrap procedure resamples from the set of impulse responses with replacement. This takes
the IRF estimates as given and does not consider the sampling uncertainty surrounding these estimates,
thus understating the width of the confidence intervals (Pagan, 1984). Using a parametric bootstrap
to estimate bottom-up statistics based on a distribution of firm-level IRFs across firms and bootstrap
samples would correct the confidence intervals but is infeasible because of the computational burden
involved. A proper estimation requires to run 1000 bootstrap replications for 5000 firms for 6 shocks,
resulting in 30 million regressions. In addition, the parametric bootstrap would reduce the effective
sample size even further due to the lag structure of the data-generating process, which is undesirable
given the already short time series samples for some firms.
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Figure A.6: Comovement of cross-sectional growth and skew after aggregate shocks
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Note: The figure shows the response of aggregate sales growth (E;zlgg ; green dashed line) and cross-
sectional skewness (/?ffk ; blue solid line) to different aggregate shocks. The blue shaded areas are 90%
confidence bands for the skewness response, based on a bootstrap with 2000 replications. Shock mag-
nitudes are normalized to be one standard deviation. The signs of the sentiment and the TFP shock are
reversed to be contractionary.
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Figure A.7: Large vs small firms: Cross-sectional skewness responses
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Note: The figure shows the responses of cross-sectional skewness (B;°; blue solid line for large and
light blue dashed for small) to different aggregate shocks, split by large and small firms. Large firms
are the top 10% of the sales distribution, which averages real sales over time for each firm. Small firms
are all other firms. The shaded areas are 90% confidence bands for the skewness responses, based on a
bootstrap with 2000 replications. Shock magnitudes are normalized to be one standard deviation. The
signs of the sentiment and the TFP shock are reversed to be contractionary

are strongly correlated following aggregate shocks.
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How does the response of large firms differ from the response of small firms? We
split the sample into two size groups (largest firms versus the rest) to study the im-
pulse response of skewness across large vs small firms and compute their contribution
to aggregate sales growth. Figure A.7 shows the IRFs for the largest 10% of firms (de-
tined by average real sales) and the IRFs for the bottom 90% of firms. The black dotted
line shows the contribution of large firms to the impulse response of aggregate sales
growth, and the black dashed line shows the contribution of small firms. By construc-
tion, the sum of the two lines equals the impulse response of aggregate sales growth
shown in Figure A.6. The red (blue) line shows the impulse response of skewness

across large (small) firms. The shaded areas are 90% confidence intervals.

The bottom-up skewness response of large firms is significantly negative across
shocks and in line with the impulse responses for the skewness index (Figure 6). The
response of the largest firms is more skewed than the response of the rest of the firms.
The differences in skewness can be large. For example, the minimum of the skewness
IRF in response to a one standard deviation sentiment shock is around -0.2 for the
largest firms but only -0.04 for the smaller firms. In response to an oil shock, large
firms” skewness declines by over 0.3 points, while smaller firms” skewness falls by 0.1
points at most. The differences are also large for the monetary and the TFP shock and
less pronounced for the credit and the uncertainty shock. In any case, the response
across large firms is not less skewed than the response of small firms.

Summarizing the results of this section so far, aggregate shocks induce procyclical
skewness through heterogeneous responses across firms. Aggregate shocks explain
most of the business cycle variation of cross-sectional skewness. The set of the largest
tirms in the US economy also shows skewed responses to aggregate shocks, suggesting
that some large firms respond strongly to those shocks.

D.4 Cross-Sectional Skewness v. Aggregate Shocks
D.4.1 Shock Series for IRFs

Monetary shock We use the Bu et al. (2021) shock series, which are constructed to
bridge periods of conventional and unconventional monetary policy. This is useful be-
cause the skewness series only starts in the mid-1980s while unconventional monetary
policy became an important policy tool from 2008 onwards. Being restricted to a 1985-
2008 sample period would make identification difficult, especially with quarterly data.
The shock is estimated with Fama-MacBeth regressions using changes in interest rates
at different maturities around FOMC announcements such that the second-stage co-
efficient estimates are the monetary shock series. In our local projection specification,
we include lags of real GDP and the GDP deflator (both as detrended log levels) as
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well as the Wu and Xia (2016) shadow rate and the excess bond premium as controls.
The excess bond premium captures financial conditions and is a useful control for the
predictable component of the business cycle. We also include lags of the dependent

variable and the shock as controls.

Oil supply shock The oil supply shocks are identified following Baumeister and
Hamilton (2019), who use carefully selected priors for demand and supply elastici-
ties in the oil market (among priors for other coefficients) in a Bayesian VAR. Their
identification scheme allows them to relax some identifying assumptions previously
imposed in the literature, for example that oil supply does not respond on impact to
shocks to the oil price. Under the new identification strategy, the authors find oil sup-
ply shocks to be a more important determinant of historical oil price movements than
found in the previous literature. The shock series we use is the median of the posterior
distribution. We add lags of the shock, GDP, the GDP deflator, the crude petroleum
producer price index, and the dependent variable as controls.

Credit shock. The credit shock uses innovations in the excess bond premium (EBP)
following Gilchrist and ZakrajSek (2012). The EBP is constructed from corporate bond
spreads to proxy investor risk appetite and is orthogonal to the risk of corporate de-
fault. Gilchrist and ZakrajSek (2012) use a recursive identification strategy in a VAR
to study the effect of EBP innovations on macroeconomic variables. They assume that
indicators of economic activity do not respond to EBP shocks within the same quarter
while financial variables can respond immediately. We replicate their VAR, extract the
shock, and use it in a local projection controlling for lags of the shock and the depen-
dent variable, GDP, the GDP deflator, and the EBP.

Uncertainty shock The identification of the uncertainty shock follows Ludvigson et
al. (2021), who use restrictions on the time series of the structural shocks to jointly
identify financial uncertainty, macroeconomic uncertainty, and output shocks. Given
the VAR residuals, the authors randomly draw many candidates for the time series
of the structural shocks and only retain those that satisfy restrictions motivated from
economic theory and narratives of historical events. For example, financial uncer-
tainty should be high in October 1987 (‘Black Monday’) and September 2008 (Lehman
collapse).”® The remaining shocks series can be used for set identification of the im-
pulse responses. The authors find that financial uncertainty shocks are a source of

business cycle fluctuations, while macroeconomic uncertainty is more likely to be an

2The idea behind the identification scheme is similar to the classic sign restrictions, except that the
restrictions are directly imposed on the time series of the structural shocks as opposed to the shape or
magnitude of the impulse response estimates.
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endogenous response to output shocks. To obtain a single shock series for the financial
uncertainty shock, we use the ‘maxG’ solution, which jointly maximizes the inequali-
ties associated with a subset of the constraints. The controls are lags of the shock, GDP,
the GDP deflator, VXO, and the dependent variable.

Sentiment shock While the previous shocks are related to economic fundamentals or
tinancial conditions, business cycles may also be affected by fluctuations in consumer
sentiment that are unrelated to economic conditions. Lagerborg et al. (2023) show that
exogenous changes in consumer confidence can be recessionary. Their identification
strategy relies on mass shootings in the United States, which are widely reported in the
media and are shown to be predictors of downturns in sentiment. The authors show
that the number of fatalities in mass shooting events can be viewed as exogenous to the
state of the economy and used as a valid instrument to identify the effect of consumer
confidence shocks on the business cycle. The authors estimate impulse responses in
a proxy SVAR, and we extract the shock series from this system using the authors’
replication codes. Similar to Lagerborg et al. (2023), we include lags of the shock,
the University of Michigan Index of Consumer Expectations, real GDP, the Jurado
et al. (2015) 12-month macroeconomic uncertainty index, real stock prices, and the
dependent variable in the local projections.

TFP news shock News about future productivity can explain a significant share of
business cycle variation, as shown in Beaudry and Portier (2006). We use shocks fol-
lowing the identification strategy of Ben Zeev and Khan (2015), who impose medium-
run restrictions to identify news about investment-specific technology. Their shock
is chosen to maximize the explained variance in (the inverse of) the relative price of
investment in the medium term, while being orthogonal to both current TFP and the
current relative price of investment. The authors find TFP news to account for a signif-
icant share of business cycle fluctuations. The impulse responses are estimated similar
to the local projections of Ramey (2016), controlling for lags of the shock, real GDP per
capita, real stock prices per capita, labor productivity, and the dependent variable.

D.4.2 Local projection specifications and robustness.

Table A.3 describes the construction of all data entering the local projections, including
the shocks. We use existing data or the authors’ replication codes for all shock series.
For the baseline specifications, cross-sectional skewness and aggregate sales growth
are computed using the streak sample as described in Appendix C. We confirm that
the results for the impulse responses of cross-sectional skewness to aggregate shocks

(Figure 6) are robust to several robustness checks: Using four lags instead of two,

74



including lagged values of aggregate sales growth as controls, or using the cleaned
sample instead of the streak sample to compute the skewness index. Results are not
shown here to conserve space, but all alternative specifications yield very similar re-

sults, sometimes so close that the different impulse responses are indistinguishable

from each other because they agree up to the third decimal.

Table A.3: Data for local projections

Variable Transformation from raw data Data source

Real GDP Log level FRED (GDPC1)

GDP Deflator Log level FRED (GDPDEF)

Real oil price Quarterly average of monthly data, deflated = FRED (WPUO561, GDPDEF)

GDP per capita Real GDP (‘rgdp’) per population (‘civpop’)  Ramey (2016) TFP data

Labor productivity Real GDP (‘rgdp’) per hours worked Ramey (2016) TFP data
(“tothours’)

Shadow rate Quarterly average of monthly data Atlanta Fed*

Stock prices Shiller stock prices divided by GDP deflator =~ Ramey (2016), FRED

Stock prices per capita Stock prices per population (‘civpop’) Ramey (2016)

VXO Quarterly average of daily data FRED (VX0OCLS)

Uncertainty Index
Consumer Expectations
Monetary shock

Oil shock

Credit shock
Uncertainty shock
Sentiment shock

TFP News Shock

Cross-sectional skewness

Sales growth

Log level of Jurado et al. (2015) index

Log level

Quarterly sum of monthly data

Quarterly average of monthly data
Quarterly average of monthly data
Quarterly average of monthly ‘maxG’” shock
Quarterly average of monthly data

Level of Ben Zeev and Khan (2015) shock
Own construction based on streak sample
Own construction based on streak sample

Lagerborg et al. (2023)
Lagerborg et al. (2023)
Fed Board**
Baumeister***

Favara et al. (2016)"
Ludvigson et al. (2021)
Lagerborg et al. (2023)
Ramey (2016) TFP data

Note:

(*) Shadow rate: https://www.atlantafed.org/cqer/research/wu-xia-shadow-federal-funds-rate.
(**) Bu et al. (2021) monetary shocks: https://www.federalreserve.gov/econres/feds/
a-unified-measure-of-fed-monetary-policy-shocks.htm.

(***) Baumeister and Hamilton (2019) shocks: https://sites.google.com/site/cjsbaumeister/
datasets?authuser=0.

(1) Credit shock from eight-variable VAR of Gilchrist and Zakrajsek (2012), 1973Q1-2019Q4.

() Sentiment shock from Lagerborg et al. (2023) proxy SVAR, 1965:1-2018:11. Instrument is number of
fatalities (<7), excluding 2017 Las Vegas shooting.
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Figure A.8: Comparison of different skewness measures.
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E Simulation (H6)

We show that the stylized environment of our formal results carries over into a ‘messier’
environment. Applying the implied recipe of our theorems, we generate time-series
of (1) counter-cyclical variance and (2) pro-cyclical skewness from a single series of
aggregate impulses. The goal is to generate aggregate series that qualitatively look
like Figures 2 and 3(a). We use Algorithm 1 which follows the logic of Section 3. The
simulation results are shown in Figure 10. They qualitatively agree with our stylized

facts. Parameter choices for the simulation algorithm are given by Table A.4.

Table A.4: Simulation Parameters and Functional Definitions

Symbol / Function Description Value / Definition
n Time-series sample size 500

burn Burn-in observations 5000

I Cross-sectional sample size per ¢ 50,000
¢1, P2 AR(2) coefficients 14, —05
p Probability of Pareto innovation 0.04

b Pareto shape parameter 14

Sp Pareto scale parameter 0.6

UN, ON Mean, std. dev. of normal innovation 0.1, 0.8
amp Amplitude of concave map 5

Z1, 22 Curvature parameters for Q7, Q3 6, 12

a Skew-normal shape parameter 10

loc Skew-normal location parameter —0.04

Ss Skew-normal scale parameter 0.1

Qj; (x;m, M)

Concave decreasing map (h = 1,2); amp 1_(x=—m 405 “h
m, M are min/max of sample Zp M—-m

Note: Qj acts elementwise on vectors x; within the algorithm (vectorized over i).
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Algorithm 1: DGP for y; and Cross-Sectional Statistics (vectorized over i)

Aggregate shocks, y;: AR(2) with normal-Pareto mixture innovations
fort <— 1 to n+burn do
Draw u; ~ Unif(0,1)
if uy < p then ¢; ~ Pareto(b, scale=sp)
else e; ~ N (un, 0%)
Yt < P1yr—1 + P2yr2 + €
Discard first burn and relabel t=1:n
Firm-level exposures (vectorized)
fort < 1tondo
| Draw x; € R ~ N((y:/8)1, |y:*1)

11 M < ming; X¢;, M < maxy; Xy

12 Log-output through concave transforms Q7, O3
13 fort <~ 1tondo

14 L L Qi(x;m,M), £ < Q3(xy;m, M)

15 Growth rates through quarterly differencing
16 fort <~ 5ton do
17 | g Al =L — Ly, gl Ml =L — £,

S Ul R W N R

—_
o v o 3

18 Idiosyncratically skewed trend noise (constant across t per unit)
19 Draw 77 € R! ~ SkewNormal(a, loc, ss)

20 fort <— 5tondo

n | g gt g gt

22 Cross-sectional stats

23 fort <~ 5tondo

2 | G < mean(g;), g < mean(g;)

25 L KellySkew, + skew(g:), KellySkew; « skew(g;)
26 Volatility and volatility growth

27 fort <~ 1tondo

28 L U+ y?/ maxs<y y>

29 fort < 5tondo

30 L A4V <— Uy — Vp_y4
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Simulated: Kelly Skewness by Market Power and Changes in Variance

Figure 10: Simulation
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(a) Comovement of growth and skewness.

Note: Simulation procedure of procyclical skewness in pictures. Panel (a) shows an AR(2) process with jumps and slowly decaying IRF as aggregate shock. The
aggregate shock scales the mean and the standard deviation of the cross sectional idiosyncratic input shocks, €;, t (not shown). Panel (b) displays the policy functions
for log-output of two firms with different market power. Policy functions map shocks €;; to 7. Growth rates are subject to an additive idiosyncratic growth trend
component (secular trend not shown, see algorithm). Panel (c) shows the simulated growth skewness across high- versus low-market power firms, and correlates
those with changes in cross-sectional variance of input shocks. Panel (d) shows co-movement of mean and skewness.
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