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Abstract

Using Census and Compustat firm panel data we show that the skewness of four
measures - sales, employment, productivity and stock value growth - are robustly
cyclical. Their growth rates display a large negative left tail during recessions and
a large positive right tail during expansions. We also see cyclical skewness of these
four growth measures across industries and over 46 countries. Contractions display
left-skewed growth rates, while expansions see right-skewed growth rates. Using a
generic adjustment-cost model we argue these four measures show that recessions
are a combination of a negative first moment, a positive second moment and a
negative third moment shock to business conditions. Modeling recessions as this
multi-moment shock makes it easier to explain large recessions and fit micro-data.
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1 Introduction

This paper studies the distribution of firm-level shocks over the business cycle. Re-
cessions have classically been characterized as a combination of a negative first-moment
(mean) shock and/or a positive second-moment (uncertainty) shock. We argue that
recessions are also accompanied by a large negative third-moment (skewness) shock.
During downturns a subset of firms does extremely poorly, leading to a left tail of large
negative outcomes. At the same, time another subset of firms experiences muted growth
rates, compressing the right tail of (positive) outcomes. In this sense, negative skewness
captures a combination of elevated “downside risk” and muted “upside surprises.” For
example, although major disruptions—such as the 9/11 attacks, the Great Recession, or
the COVID-19 pandemic—impact all firms, a subset in certain industries (e.g., airlines,
automotive or movie theaters respectively) fared much worse. Hence, recessions can be
viewed as periods of heightened occurrence of firm-level disasters. This is often accom-
panied by a deceleration of growth for firms at the top end, leading to a compression
of the right tail of positive outcomes. The opposite patterns happen during expansions,
with the left tail of firm growth shrinking and the right tail expanding, indicating an
increase in rapid growth potential. Consequently, the skewness of firms’ growth rates is

procyclical.

Using firm-level panel data from the Census Bureau, Compustat, Orbis and Global
Compustat data on firms from the US and 45 other countries we show that the cross-
sectional skewness of four firm-level measures - sales growth, employment growth, pro-
ductivity growth and stock market value growth - are robustly procyclical. As an illustra-
tion of our main empirical result, Figure 1 displays the distribution of firm sales growth
from the US Census’ Longitudinal Business Database (LBD). The solid line shows the
empirical density of firm sales growth from the most recent three recessions: the 2002,
the 2008-09 financial crisis, and the 2020 COVID recession. The dashed line shows the
density for the expansion years around these recessions, the periods 2003-06, 2010-19.
These have both been normalized to a median growth rate of zero. Figure 1 shows
that the distribution of firm growth during recessions has a thicker left tail (solid line)
than during expansions (dashed line), indicating an increase in dispersion that is mostly

coming from the left tail.

This asymmetric change in the distribution of firm growth from expansion to re-

cession years can be quantified using the Kelley skewness (Kelley, 1947), a measure of



skewness that is robust to outliers.! For instance, the Kelley skewness of sales growth
is 0.10 in expansion years (a positively skewed distribution) and —0.15 in recession years
(a negatively skewed distribution). This value of 0.10 for skewness during expansions
indicates that 45% of the overall dispersion is accounted for by firms with sales growth
below the median, whereas during recessions, a Kelley value of —0.15 indicates that this
share increases to about 58%. Similarly, we show that employment growth, productivity
growth and stock value growth also all display pro-cyclical skewness across US firms.
This is robust to splits of firm size, age, industry and region, and also holds for financial

strength splits across debt/assets, interest/earnings and sales growth.

Moving to the four-digit US NAICS industry data level we find a very similar pattern:
the within-industry skewness of firm-level sales, employment, productivity and stock
value growth is strongly correlated with industry growth rates. Finally, we examine
data across 46 countries, showing again firm-level sales, employment, productivity and

stock-value growth skewness is correlated with GDP growth.

Collectively, these results highlight how recessions are robustly characterized by neg-
ative skewness, and expansions by positive skewness of our four measures of firm growth
in sales, employment, productivity and stock value. One question, however, is over
causality. Is skewed firm growth an endogenous outcome of a negative macro shock,
or an exogenous event that helps to drive business cycles? For example, perhaps labor
adjustment costs mean that negative demand shocks generate skewed growth rates in
hiring or sales (e.g. Caballero and Engel (1993); Davis and Haltiwanger (1992) and Ilut
et al. (2018))

In the final section of the paper, we take a generic adjustment cost model and show
that you need a combination of a negative first moment shock, a positive second moment
shock and a negative third moment shock to generate the moments for sales, employment,
productivity and stock value growth observed in empirical data. The intuition behind the
result is that while some measures - like employment growth - are sensitive to adjustment

costs, others like stock value and productivity are not.

A long literature has shown how non-convex fixed adjustment costs can generate Ss
investment rules (e.g. ), leading to jumps in labor demand. As a result first moment

demand or productivity changes can generate second or third moment fluctuations in

'Kelley skewness is the difference between the 90th-to-50th percentile differential (a measure of
dispersion in the right tail) and the 50th-to-10th percentile differential (a measure of dispersion in
the left tail) divided by the difference between the 90th and 10th percentiles (a measure of the total
dispersion of the distribution). For a distribution with a compressed upper half and a dispersed lower
half, the Kelley skewness is negative (i.e., a left-skewed distribution).



employment levels. This makes it hard to invert employment (or capital) growth to
identify the underlying driving process?. In contrast, “smooth pasting” optimality con-
ditions mean that even in Ss models value growth closely tracks the underlying driving
process (e.g. Dixit 1993). Similarly, if productivity growth is well measured it has a
close correspondence to the underlying demand or productivity growth driving process.
Hence, we argue that data on all four measures of firm growth - sales, employment, pro-
ductivity and stock values - enables us to identify the moments of the underlying driving

process over the cycle.

This result is important for providing empirical realism to business cycle models.
There is a long literature searching for mechanisms that drive, amplify and propagate
recessions, arguing that observed first and second moment shocks may not be large
enough to account for observed recessions (e.g., Summers et al. (1986) or Bloom et al.
(2018)). A recessionary increase in the skewness of idiosyncratic provides an additional
force driving recessions. Thus, we argue modeling recessions as a multi-moment shock

makes it easier to both fit micro-data and also explain large recessions.

Contribution to the literature. This paper is related to four strands of literature.

First, our paper relates to the study of the effects of uncertainty on firms’ decisions.
Several papers have shown that an increase in uncertainty can have important macroe-
conomic implications in the presence of adjustment costs, risk aversion, or financial
frictions, although there is still an active debate about the size and potential duration of
the drop (see, for instance, Jurado et al. (2015), Ludvigson et al. (2021), and Bachmann
et al. (2013)).> Our results are complementary to this literature as we show that the rise
in the dispersion of firms’ outcomes—a standard measure of uncertainty—results from a

widening left tail and compressing right tail.

Second, several authors have suggested that rare disasters—presumably arising from
an asymmetric distribution of shocks—can generate large fluctuations in economic ac-
tivity, such as the Great Recession. Reviving the ideas introduced first by Rietz (1988),

Barro (2006) considers a panel of countries to estimate the probability of large macroeco-

2This non invertability with adjustment fixed-costs is why Olley and Pakes (1996) rules out fixed-
costs in their productivity estimator. They note that with fixed-costs you cannot invert investment rates
to determine productivity shocks.

30Other important papers in the literature are Arellano et al. (2018), Fernandez-Villaverde et al.
(2011), Schaal (2017), Bachmann and Bayer (2014), Gilchrist et al. (2014), Jurado et al. (2015), Leduc
and Liu (2016), Basu and Bundick (2017), Berger et al. (2017), Kozeniauskas et al. (2018), Bloom et al.
(2018), Bachmann et al. (2017). See also Bloom (2014) and Fernandez-Villaverde and Guerrén-Quintana
(2020) for recent surveys.



nomic disasters and shows that these low-probability events can have substantial implica-
tions for aggregate economic activity and asset pricing. Several papers have confirmed the
importance of fluctuations in disaster risk for aggregate economic activity.* The results
of our paper can be seen as evidence that rare disasters also occur at the microeconomic
level, and because firms are not typically perfectly insured against microeconomic risk,

these firm-level disasters have large economic effects.

Third, our paper also contributes to a growing literature that studies the cycli-
cal patterns of micro-skewness in individual labor earnings risk (e.g., Guvenen et al.
(2014), Harmenberg and Sievertsen (2017), and Busch ef al. (2022)), firm productiv-
ity (IKehrig, 2011), employment and sales growth (e.g., Davis and Haltiwanger (1992),
Decker et al. (2015), among others), stock returns (e.g., Harvey and Siddique (2000),
Oh and Wachter (2018), and Ferreira (2018), and several others), and option-implied
skewness (e.g., Bollerslev and Todorov (2011), Conrad et al. (2013), an more recently
Dew-Becker (2022)).> An older literature by Higson et al. (2002), Higson et al. (2004)
and Dopke et al. (2005) document a counter-cyclical patterns of firm sales growth skew-
ness using data from publicly traded firms in the US, the UK, and Germany respectively.
This analysis, however, drops firms outside certain growth thresholds—for example, firms
with sales changes outside +25% in Higson et al. (2002)—which leads to highly cyclically
sample selection, which reverses the underlying procyclical skewness in the full data set.
It also typically focuses on only one or two measures of firm growth - usually employment
or sales - which we argue due to lumpy adjustment costs may not reliable indicators of

the underlying driving process.

Finally, another set of papers highlights the mapping from third-moment shocks to
the driving process. Dew-Becker (2022) uses data from publicly traded firms to show
that the firm-level option implied (i.e., forward-looking) skewness is procyclical, consis-
tent with our results on value growth. Tlut et al. (2018) focus on employment in large US
manufacturing plants from 1972-2011, finding that employment growth skewness is pro-
cyclical but negative. Bachmann et al. (2017) use German firm-level data on investment
expectations, finding investment innovations are acyclical. Our model highlights how
non-convex adjustment costs can impact the relationship between the driving process

and control processes like hiring and investment, making these results harder to map

See, for instance, Gabaix (2008, 2012), Gourio (2008, 2012, 2013), Wachter (2013), Kilic and
Wachter (2015), Kozlowski et al. (2018, 2016), Venkateswaran et al. (2015), and Jorda et al. (2020).

5We also relate to the vast literature on the asymmetric behavior of the business cycle at the macro
level (e.g., Colacito et al. (2016); McKay and Reis (2008); Veldkamp (2005); Segal et al. (2015) and
several others), that tend to show sharp declines during recessions and slow recoveries during expansions.
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back to productivity or demand growth moments.

The rest of the paper is organized as follows. Section 2 describes the data we use
and the statistics discussed in the empirical section. Section 3 shows the main empir-
ical results of our paper, that is, that the skewness of several firm-level outcomes and
productivity shocks is procyclical. Section 4 describes a simple model to account for the

empirical evidence. Section 5 summarizes our results.

2 Data and Measurement

2.1 Data and Sample Selection

Our analysis is based on five large datasets that encompass firm- and establishment-
level information for the United States and for a combined sample of 46 other countries.5
The breadth of our dataset allows us to provide a detailed description of the cyclical pat-

terns of the distribution of the growth rate of firm-level outcomes and firm productivity.

First, we extract panel data on firm employment and sales from the US Census Bu-
reau’s LBD. The LBD provides high-quality measures of employment, wage bill, industry,
and age for the entire US non-farm private sector, linked over time at the establishment
level from 1976 to 2021. Skewness measures are extremely sensitive to outliers, so having
several million observations per year for the aggregate sample, and for sub-sample cuts by
age, size, industry, and other observables is critical. Starting in 1998, the LBD also con-
tains information on firm-level revenues which we also use in our analysis (Haltiwanger
et al., 2019)." From the LBD, we calculate cross-sectional moments of the distribution of
employment and sales growth within narrow firm population groups. The LBD contains
over six million firms per year which, for measuring higher-order moments like skewness,
is a major advantage. For consistency across datasets, and because our primary unit of

analysis is the firm, we aggregate establishment data up to the US firm level.

Second, we obtain data on employment, revenues, capacity utilization, and produc-
tivity for a panel of manufacturing establishments by combining information from three
Census data sets, the Census of Manufacturing (CM), the Annual Survey of Manufac-
tures (ASM), and the Quarterly Survey of Plant Capacity Utilization (QPC), covering

6Table B.2 in Appendix B.4 shows the list of countries in our dataset.

"The revenue data at Census is collected at the firm-level and is available from 1998 to 2018. Ap-
proximately 30 percent of firms that have employment information but do not have revenue information.
A significant fraction of these firms (about 25%) are in the NAIC 81 code (Other Services). The cross-
sectional moments for the employment growth distribution do not change when we focus in the sample
of firms that have employment and revenue data. See Haltiwanger et al. (2016) for additional details on
this data.



years from 1976 to 2021. From the merged dataset, we select establishments with at least
ten years of non-missing, non-negative observations on employment and sales which, by
the ASM methodology, oversamples larger establishments (and thus, implicitly, larger
firms). We use this dataset to construct measures for firm-level (revenue) productivity

and corresponding cross-sectional moments of the distribution of productivity shocks.

Third, we draw panel data of publicly traded firms from Compustat. Although this
dataset contains mostly large established firms, it provides several additional variables
that are helpful in our analysis. In particular, we use data on quarterly and annual
sales, annual employment, and daily stock prices from 1970 to 2024, and we restrict
attention to a sample of firms with more than ten years of data to reduce the types
of compositional issues identified in Davis et al. (2006). Finally, by providing data on
firms’ entire global sales and employment—rather than just the US component in the
Census—we can confirm that skewness of growth rates also pertains in firms’ global sales,

employment, and productivity data.®

Fourth, we study whether the patterns we document for the United States are also
observed in other both developed and developing. To that end, we use cross-country firm-
level panel data on publicly traded firms containing sales and employment information
between 1986 and 2018 from the Osiris dataset collected by Bureau van Dijk (BvD).
In order to maintain homogeneous sampling criteria, we only consider firms with ten or
more years of data. Additionally, we restrict our sample to country-year bins with more
than one hundred firms. Our main results are based on an unbalanced panel of firms
spanning 42 countries from 1984 to 2018. We complement this dataset with information
on firm-level stock prices obtained from the Global Compustat dataset. Applying similar
selection criteria, we obtain a sample of daily stock price information for firms in 29
countries from 1985 to 2020.

Finally, we obtain firm-level panel data from the Amadeus dataset also collected by
the BvD. This dataset comprises a smaller sample of countries, for a shorter timespan,
but with rich firm-level information for small and large firms, both publicly traded and
privately held. In particular, Amadeus provides information on sales, employment, value
added, capital, and labor input cost so that we can estimate firm-level TFP. Our sample

contains information for 12 European countries starting in the mid 1990s.” All com-

8This is important because many large US firms have substantial activity outside the US, engaging
in transfer pricing to shift activity (and profits) across borders, which could potentially be cyclical.

9Table A.1 in the Appendix summarizes the data sources and provides basic sample statistics for
each of datasets we use in our analysis. Appendix Table B.2 shows a list of the countries we consider in
our analysis and the data available for each of them.



bined, our dataset spans 46 countries. Additional details on data construction, sample
selection criteria, and moment calculation for each dataset used in our analysis can be
found in Appendix B. A full replication packet for the empirical results of the paper can

downloaded from the authors’ website.

Measuring Dispersion and Skewness. To minimize the impact of outliers, we
measure the growth rate of firm-level outcomes, such as employment, sales, and rev-
enue per worker, by the arc-percent change between period ¢ and ¢ + k, defined as
2 X (x4 — x¢) / (T42k + x4). This measure is bounded between —2, in the case a firm ex-
its the market, and 2, in the case a firm enters the market. Returns instead are computed

as the percentage change of prices within a calendar year.

To further control for potential outliers, we measure dispersion and skewness using
quantile-based measures. As we shall see, they also have magnitudes that are easy to
interpret. Our measure of dispersion is the 90th to 10th percentiles differential, denoted
by P9010;, where t is a quarter or a year depending on the dataset. Additionally, we
use the 90th to 50th percentiles differential, P9050,, and the 50th to 10th percentiles
differential, P5010,, as measures of dispersion in the right and left tails, respectively.
Finally, our preferred measure of skewness is the Kelley skewness (Kelley, 1947), which

is defined as

P9050, P5010,
KSK, = _ —1.1]. 1
! P9010, P9010, €l-11 (1)
S~—— ~——

Right Tail Share  Left Tail Share

This measure is useful as it provides a simple decomposition of the share of total dis-
persion that is accounted for by the left and the right tails of a distribution. A negative
value of Kelley skewness indicates that the left tail accounts for more than one-half of the
total dispersion and the distribution is negatively skewed, and vice versa for a positive
value. Notice also that the Kelley skewness is invariant to 20 percent of the observations
in the sample (the top and bottom 10 percent of the distribution are not considered).
In principle, the Kelley skewness can be computed using any two symmetric percentiles,
such as the 95th and 5th or 97.5th and 2.5th percentiles. Our results are robust to these

choices and to using the third standardized moment.

3 Skewness over the Business Cycle

In this section, we show that firm employment and sales growth is positively skewed
during expansions and negatively skewed during recessions in the United States (Section
3.1), across firms characteristics (Section 3.1.1), within industries (Section 3.2), and

across several countries (Section 3.3).



3.1 US Macro Evidence

The first contribution of our paper is to show that the skewness of the growth rates of
firm-level outcomes varies over the business cycle Top panels show the distribution of sales
growth and employment growth. As in Figure 1, we plot the distribution for recessions
and expansions, both of them adjusted to have the same median, so the densities overlap.
It is clear that relative to expansions, recessions display a a more dispersed distribution
of firm growth but also negative skewness, with a left tail that is thicker. The right tail
instead does not show significant changes. The bottom two panels of Figure 2 show two
additional variables that are closer to the underlying exogenous process that affects firm
profitability, namely, revenue per worker growth and firm annual returns. Similarly to
what is observed for sales and employment, the skewness of these variables is procyclical,

declining significantly during recessions, mostly coming from a left tail that expands.

Simple time series analysis show this point more clearly. Table 1 shows a series of
regressions where the left hand side is the skewness of the growth rate our four main
variables against the annual growth rate of GDP, which has been standardized to have
a variance equal to 1 to better comparison. As expected, the skewness of all variables
strongly commove with the business cycle, including firm productivity and returns. In
the following section we expand on these results to show that hold across firms with

different characteristics. different industries, and countries.
3.1.1 Firms Size, Age, Industry, and Region

How does the cyclicality of skewness vary across firms characteristics? It is well-
known, for instance, that small and young firms account for an oversized fraction of
employment growth in the economy (Haltiwanger et al., 2016) and are the most cyclical
(Fort et al., 2013). If that is the case, one would expect these firms to show a different
cyclicality pattern in skewness relative to large, well-established firms. Similarly, some
sectors might be more responsive than others to economic fluctuations, perhaps driving
the aggregate changes in the skewness of firms’ growth rates that we find. To answer these
questions, we start by exploiting the large LBD sample size to divide firms into narrow
population groups. Perhaps surprisingly, we find that distribution of firm growth shows
similarly cyclical patterns, irrespective of the industry, size, age, or other characteristics
of the firm.

The top-left panel of Figure 3 shows that the skewness of employment growth is

procyclical within firm-size groups.'? Quantitatively, the skewness of employment growth

10To avoid contemporaneous correlation between growth and firm-size classification we classify firms



declines almost the same during recessions, whether we look at small and medium size
firms of less than 50 or if we look at large firms with 1,000 workers or more. We also
find that skewness is similarly procyclical between young and old firms, as shown in the
top right panel, within different industries or regions, indicating that this phenomenon

is wide spread and perhaps independent of firm fixed characteristics.

Alternatively, one might expect that the response of firms to shocks might be state-
dependent, with more vulnerable firms being more responsive to changes in business
conditions. For instance, financially constrained firms might be more exposed to large de-
clines in employment or sales growth during recessions, hence accounting for the changes
we observe in the data. The explore this possibility, we use data from Compustat (balance
sheet data is not available for the population of firms in LBD) to evaluate whether firms
that are more financially constrained display larger procyclical fluctuations in skewness
of firms growth relative to firms that are less constrained. We measure how financially
constrained a firm is in two ways: (i) by lagged average debt-to-asset ratio and by the
lagged average interest to EBIT ratio.!’ Then within each year, we separate firms into
two groups—above and below median—of the lagged measure of financial constraint and
calculate the within-group skewness of sales and employment growth. The results are
shown in the top panels of Figure 4. Although there is some heterogeneity across firms,
the skewness of sales growth is procyclical for both types of firms, regardless of how
constrained they are. We conclude that differences in access to credit across firms is not
likely to be the main driver of the cyclical patterns observed in the skewness of firm-level

growth.

Another possibility is that firms with poorer past performance are more likely to
experience large negative drops in employment and sales once there is an aggregate
shock (e.g., brick-and-mortar retailers doing poorly before the Covid pandemic might
have experienced even larger declines in sales during the recession), hence explaining the
negative change in skewness observed during recessions. To see if this is the case, we sort
firms by their lagged average growth and calculate the skewness of sales growth within
firms above and below the median of (past) sales growth. Although there are some

differences in the levels of skewness between high- and low-growth firms, the bottom

by lagged employment since firms’ growth is calculated between periods t and ¢ + 1. Results for sales
growth using LBD data are shown in Appendix Figure 7?7 albeit for shorter sample period.

"' More precisely, we calculate the leverage of firm j in period ¢ as long-term debt plus current liabilities
divided by the total value of assets and the interest to EBIT ratio as total interest expenses divided by
EBIT. For each of these measures, we calculate the lagged average value as T;; = 0.5 X (xj4—1 + T 1—2).
We use a lagged value of leverage to reduce concerns about endogeneity between the measure of financial
conditions and firms’ growth.



panel of Figure 4 shows that the skewness is similarly procyclical, dropping in recessions
in a very similar fashion for both groups.!? These results indicate that the changes in
the distribution of firm growth rates that are observed during a typical recession are
not associated with a particular firm characteristic, such as size, age, leverage, or recent
growth rates. As we show in the following section, these results are also robust across

different industries and countries.

3.2 US Industry Evidence

We also examine within-industry business cycles and skewness. This analysis both
provides more variation in our core US data and also confirms that our aggregate growth-
skewness relationships are not driven entirely by macro-factors like monetary or fiscal
conditions. To do this, we take our US Census data and divide it into about 280, 4-
digit NAICS sectors, and within each sector generate the annual Kelley skewness of firm
growth rates and the average firm-level sales growth rates, so as to measure the aggregate

conditions within the sector.

This is plotted in Figure 5. We see a strong upward slope: industries with higher-
than-average mean sales growth rates also have significantly more positively skewed sales
and employment growth rates. In terms of magnitudes, the top left panel of Figure 5
shows that when the average industry sales growth is —0.08, the Kelley skewness is around
—0.1, indicating that 55% of the total dispersion in sales growth within an industry is
accounted for by the left tail of the distribution. In contrast, when the average sales
growth is 0.08, Kelley skewness is 0.10, so now it is the right tail that accounts for about
55% of the total dispersion. The effects for employment growth are even stronger, as

shown in the right panel.

Sales and employment growth, however, depend on the shocks firms experience and
their responses to these shocks. Industry-level information, however, allows us to look
more closely to variations in productivity. In particular, we use data for a sample of
manufacturing establishments in the United States that combines records from the Cen-
sus of Manufacturing and the Annual Survey of Manufacturing from 1976 to 2019. The
Census Bureau also provides a readily available measure of establishment-level produc-
tivity, which we use in our analysis (Foster et al., 2016; Cunningham et al., 2021).'% Tt is

well known, however, that standard measures of productivity (such as the one provided

12We find the same results using Census LBD data for employment and revenue growth.

13Gince we do not have separated data on prices and quantities, our measure of productivity contain
variation in physical productivity and demand, i.e., we measure revenue total factor productivity as in
Foster et al. (2008).
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by Census) might be affected by changes in capacity utilization (Basu, 1996). Intuitively,
after a negative aggregate shock, firms might reduce the number of hours worked or the
intensity of their equipment use, which might give the impression of a decline in pro-
ductivity if not properly accounted for. If this response is heterogenous across firms, it

might also lead to changes in the measured variance and skewness of firm-level growth.

To control for such changes, we regress firm productivity on the number of hours
worked in the firm and electricity use—common capacity measures—and use the residual
as our firm-level productivity cleansed from capacity effects.!* We then obtain a measure
of firms’ productivity shocks, denoted by ¢;,, from the residual of the following firm-level
panel regression,

Zig = Bo+ Brzig—1 + pi + 0 + €it,

where z;,; is the log-productivity of establishment 7 in year ¢, y; is a firm fixed effect,
and d; is a year fixed effect. We then calculate different moments of the distribution of
€;+ within an industry-year bin. Because Census data only contains information about
manufacturing establishments, here we divide our sample into 4-digit NAICS cells within
a year, and we calculate the mean and the Kelley skewness of the productivity shock
within each bin. As the bottom-left panel of Figure 5 shows, the skewness of firms’

shocks is negative in industries experiencing average sales declines.

Second, we examine data on stock returns, which like productivity, is another measure
proxying the productivity and demand shocks hitting firms. The bottom right panel plots
the stock returns at the NAICS 2-digit level for Compustat firms against their average
sales growth rates. We see that in industries with positive sales growth rates that stock
returns have right-skewed stock returns and in industries with negative growth rates

stock returns have a left-skewed distribution.

These industry level results are also confirmed in Table 2, which display a series of
industry panel regressions in which the dependent variable is the Kelley skewness of the
growth of employment, sales, productivity, and stock returns within an industry-year
cell, and the explanatory variable is industry-level sales growth rates. The results in this
case are based on a sample of large publicly traded firms from Compustat, which allows
us to cover a longer time span. In all cases, we find that periods of high sales growth
are periods in which the skewness of firm growth is significantly positive. Confirming
the results in Figure 5, sales and employment skewness are more responsive to within-

industry business conditions and productivity (as measure by revenue per worker or TFP

4 0ur skewness results are not sensitive to this cleaning: the previous version of this paper (Salgado
et al., 2019) reports similar results which are not cleansed on capacity measures.
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growth) or returns. Importantly, as shown in the bottom rows of Table 2, the average
skewness of firms’ employment and sales growth is positive and becomes negative in
industry recessions, defined here as years in which the within-industry growth is negative.

The results are qualitatively similar for stock returns.

3.3 Cross-Country Evidence

The second contribution of our paper is to investigate firm skewness in 46 other
countries that are geographically and economically diverse, spreading over five continents
including high-income countries (such as Germany, Japan, or France) and middle-income

countries (such as Peru, Egypt, or Thailand).

Figure 5 shows bin scatters for four different country-by-year firm-level skewness
measures against a within-country measure of the business cycle.'® The top panels show
the Kelley skewness of the firm sales and employment growth against country GDP
growth rates, revealing a strongly positive relationship similar to the one we find across
industries. As with other firm-level growth measures, we also find that the skewness of
TFP shocks is procyclical across different countries. In this case, we use firm-level data
for a sample of European countries obtained from the Amadeus dataset collected by the
BvD for which we have rich enough information to measure firm-level (revenue) TFP
shocks, again indicating a positive association between firm growth a measure of the
underlying propcess affecting firm profitability.'® We complete our analysis by looking
the variation of the skewness of annual returns across different countries using a sample of
publicly traded firms. Although the coverage of the sock market varies significantly across
countries, it is clear that in periods where the economy is growing fast, the distribution
of stock returns is more positively skewed, whereas periods of economic downturns, are

also periods in which returns skew negative.

These results, together with the procyclical skewness of firms’ stock returns reported
in Section 3.1, show that the skewness of firms’ growth is explained, at least in part, by
shocks that are also left-skewed. This procyclical skewness could be driven, for instance,

by rising bankruptcy during recessions, which would generate left-skewed demand shocks

15To construct these figures, we have controlled for country- and time-fixed effects, so these results are
not driven by fixed characteristics of the countries considered in the sample or by global shocks—such
as the Great Recession—that can affect all countries at the same time.

6Qur firm-level data from BvD Amadeus comprises information of small and large firms, both
publicly traded and privately held from seventeen European countries, namely, Germany, Denmark,
Spain, Finland, France, United Kingdom, Greece, Hungary, Ireland, Island, Italy, Netherlands, Norway,
Poland, Portugal, Sweden, and Ukraine. For ten of these countries (Germany, Spain, Finland, France,
Italy, Norway, Poland, Portugal, Sweden, and Ukraine) we have enough information to estimate firm-
level TFP. Appendix B.5 describes in full detail the sample selection and estimation procedure.
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(e.g., if a major customer or supplier goes bankrupt, this will generate a large left-tail
shock). The underlying driving process itself could also heterogeneously impact firms—

that is, some firms lose badly in recessions and some firms gain heavily in booms.

Table 3, we repeat the cyclicality regression discussed above for the United States
but this time exploiting the panel dimension of the cross-country dataset to assess the
cyclicality of skewness in international data. The dependent variable is the skewness of
employment growth, sales growth, productivity growth, or stock returns within a given
country /year cell. The business cycle is captured by the log GDP per capita growth in
the respective country, which we have rescaled to have a unit variance to facilitate the
comparison with the rest of the results. The regressions also include a full set of time
and country fixed effects to control for aggregate economic conditions that might affect
all countries simultaneously or for fixed differences across countries. The results confirm
our previous findings of procyclical skewness for all three variables with similar levels of
statistical significance. Compared with the United States, the estimated coefficients is

slightly lower across countries than for the US alone.

4 A Quantitative Exploration

The goal of the model is to highlight the importance of using the first, second and
third moment of four measures - output, labor TFP and value growth - for business cycle
analysis. We show these 12 metrics can identify the underlying driving process over the

business cycle. We illustrate this with a standard quantitative model of firm dynamics.

This highlights three key results. First, to generate negative cross-sectional skewness
in output, employment, TFP and value growth returns there needs to be a negative cross-
sectional skewness shock to the driving process. Second, TFP and value growth moments
have a tight connection to the moments of the underlying driving process. Third, output
and employment growth moments do not have a tight connection to the moments of the

underlying driving process, because they are sensitive to adjustment costs.

4.1 The Model

We consider an economy populated by a large number of firms. To keep the model
simple, we assume firms only use labor in their production function, y = z[* with fixed
wages and prices. Firms are hit by idiosyncratic shocks to the driving process, z;;, where
following Bertola and Caballero (1994) this combines shocks to demand and productivity.
This shock has (potentially) time varying first, second and third moments. Denote the

vector of moments of z as © = w (p,0,7). Then, we can write the problem of the firm
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as

a 1 /
V(l4,2,0)= max {zl —wl—(l,1-1) + mE V(=206 )}} ,

where hiring is defined as, h =1 — (1 — dp,) 4,

B 2
and adjustment costs are ¢ (I,1_1) = 1w |h|Lhso + ow |h| Tnco + Vsylin>0 + Yal (7> )
The parameter dj is the labor attrition rate, while the function ¢ ({,1_;) spans the dif-
ferent adjustment costs that have been typically used in the literature: 1, captures a

hiring linear cost, ¥ is a firing linear cost, 3 is a fixed disruption cost that is active

when the firm adjusts labor and 4 scales a quadratic labor adjustment cost.

Calibration. We use standard parameters in the literature. We set the discount rate
r = 5%, the annual labor quit rate to 15%, and « = 2/3. We assume that the economy
moves across two states, expansions and recessions, with transition matrix 74. This has
a (recession, recession) value of 0.79 from the NBER quarterly data, so recessions last

on average 3 quarters. Adjustment costs come from Bloom (2009).

To define the distribution of the driving process for z we directly use the data for
output growth in expansions in Figure 1. That is, for every point on our grid N, the
transition probabilities for z growth rates are taken directly from the empirical density
in Figure 1. So, for example, in Figure 1 the probability of a growth rate of 10% is
0.078 and of 14% is 0.056, so that value is used in the baseline transition matrix 7". This
approach ensures we do not restrict our baseline stochastic process, for example assuming
an first-order autoregressive process as it is common in the literature (e.g. Khan and
Thomas (2008); Bloom et al. (2018)), but instead use the empirical process.

Recession shocks. We evaluate the impact on our simulation when we hit this econ-
omy with three different types of shocks. The first is a first-moment shock, in which the
transition matrix 7' is shifted down by 2.5% across all points. This reduces the mean of
the driving process but keeps the second and third moments unchanged. The second is
a second moment shock, akin to the standard uncertainty shock. We take the baseline
transition matrix 7" and symmetrically expand it so the mean and skewness are the same
but the dispersion of driving process shocks has increased by 50%. Finally, we have the
empirical recession shock, which uses the recession distribution of output growth from
Figure 1 for T. As in the data, this recession shock involves a negative mean, a positive

variance and a negative skewness shock.
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Outcomes. We report four outcomes, all measured using the same approach as in
our empirical data. The growth rates of output and employment using arc-percentage
changes. The growth rate of TFP is the arc-percentage change of real revenues less
factor-share weighted log inputs, log(y) — alog(l). Finally value growth is defined as
capital gains plus dividends over lagged stock value, (V' —V)/V.

Optimal Policy To provide intuition before showing the simulation results, Figure 7
plots the optimal labor policy (left panel) and value function (right panel) for different

types of adjustment costs across different levels of productivity, z;.

The left panel shows a key result: The shape of the optimal policy choice of [; depends
on the adjustment cost. In the no-adjustment-cost case, optimal labor [; is a smoothly
increasing function of z; so that the hiring rate :%
in z;. Hence, there is a one-to-one mapping from the hiring rate to productivity growth.

is continuously increasing

Similarly, for quadratic adjustment costs there is a smoothly increasing relationship be-

tween [; and z;, again yielding a one-to-one mapping from hiring to productivity growth.

But this one-to-one mapping is not present for linear or fixed adjustment costs. Fixed
adjustment costs in particular have large jumps in activity. Over a central region of 2
we see that [; = [;_1 so there is no hiring, as fixed costs make inaction optimal. At
a higher threshold level of z; the hiring rate jumps up, in this simulation to a level of
about 50%, and continues to increase.!'” At a lower z threshold level, the hiring rate
drops to approximately -40% and continues to fall. This is classic Ss behavior of hiring
in response to fixed costs (e.g. Arrow et al. (1951)). Since firms tend to be clustered near
this hiring threshold in models with labor attrition, these jumps in the labor policy can
generate very lumpy firm changes (e.g. Caballero and Engel (1993)). Output growth,
which inherits the dynamics of hiring growth through the production function y = 2%,

will also display lumpy behavior with fixed adjustment costs.

In contrast, the right panel shows for all variants of adjustment costs that the value
function has a smoothly monotonic relationship to z;. The reason for this is due to
“smooth pasting” (e.g. Dixit (1993), Dixit and Pindyck (1994)). This “smooth pasting”
result arises from the optimality of the value function, which maximizes over any un-
derlying non-convexities in adjustment costs. This means changes in the value function
(stock returns in empirical data) provide a one-to-one mapping to the underlying driv-

ing process. Similarly, productivity growth, which is a primitive not influenced by labor

"Note our hiring rate is ( Ue—le—y) so at the positive hiring jump this is approximately (5-

0.5%1:+0.5%l;_1)
3)/4=50%
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inputs, also has a one-to-one mapping to the driving process.'®* Hence, productivity and
value growth moments provide better indicators of the moments of the distribution of

underlying shocks affecting firms.

4.2 Results

We study the evolution of 10,000 firms in our simulation, running this 1,000 times
and taking the average. The simulation is first run for 100 periods to start from the
ergodic steady state. Then in period 0 the economy is kicked into the recession state
- defined by one of our shocks above - and then left to evolve naturally. Hence, from

period 1 onwards the economy follows the transition matrix 4.

To characterize the impact of these shocks we compute three moments of the cross-
sectional distribution: the first moment (mean), the second moment (P90-P10 differen-
tial), and third moment (Kelley Skewness). As with our empirical data we use robust

measures to limit the impact of outliers.

The impact of a mean shock. Figure 8 shows the impact of a first-moment shock that
reduces the average driving process, z, by 2.5%. We plot four lines in every figure showing
the results with for each type of adjustment costs. “No AC” refers to no adjustment costs,
“Linear” implies ¢; = 19 > 0, “Fixed” cost implies ¥3 > 0, and “Quadratic” implies
Yg > 0.

In the left column we see as expected, average firm growth drops after a negative
driving process shock, independent of adjustment costs. In particular, in the first plot
in the row denoted by First Moment, we show the change in output growth after the
first moment shock, showing that for all types of adjustment costs output growth drops
by about 5% in the first quarter and then slowly returns to baseline over the next six
quarters. In the second column, we show the change in employment growth after the first
moment shock, displaying a very similar result. Employment growth drops by around
5% for all four types of adjustment costs in the first quarter, and then slowly recovers
to its baseline level. In the third column, we show TFP growth, which drops and then
slowly recovers. Finally, in the fourth column, we see a drop in returns on the impact
of the shock - the negative driving process shock reduces the firm value on impact - but

then then returns are unchanged from period 2 onward.

18This is true so long as adjustment costs are monetary - for example hiring and firing $ costs - rather
than lost output. If adjustment costs show up as lost output, lumpiness in hiring or investment can
translate into lumpiness in measured productivity growth. This is one reason why empirically we also
use returns to analyze the underlying driving process.
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In the middle row, denoted by Second Moment, we examine the cross-sectional dis-
persion of firm growth, where the results are more interesting. In the left panel, we
see that for all types of adjustment costs except for fixed costs, there is no change in
the second moment from a first-moment shock. However, the cross-sectional spread of
sales growth falls with fixed-adjustment costs. This is because a negative mean shock
pushes firms that would otherwise expand down down into their Ss inaction region. This
reduces the P90-P10 percentiles by reducing the P90-P50 spread. In the second row of
the middle column we see a very similar result for employment growth - with fixed costs
of adjustment the P90-P10 spread falls, while for all other adjustment costs it is not

materially changed.

This highlights an important result: the moments of output and employment growth
are sensitive the to choice of adjustment costs, as discussed above in Section 4.1. Since
employment is a control variable of the firm, the nature of adjustment costs impacts
its evolution, and that in turn impacts output. This explains why output growth and
employment growth, despite being widely available and well measured in micro data sets
(such as Compustat or LBD), are less informative variables on the underlying nature of

the driving process behind business cycles.

In the third and fourth columns of the middle row we see the TFP growth dispersion
and stock-returns dispersion are not materially changed. The reasons for this is these
outcomes have a strictly monotonic and almost linear mapping to the underlying driving
process as noted in section (4.1). Since this underlying driving process has no change in

its second moment, the TFP and stock-returns outcomes do not either.

Finally, in the bottom left plot in Figure 8 —the row denoted by Third Moment—we
see that sales growth shows a significant drop in skewness with fixed adjust costs, a
smaller drop for linear adjustment costs, and no change for quadratic or no adjustment
costs. The reason is these non-convex adjustments reduce hiring so much after a negative
driving process shock that the right tail compresses—a decline in the P90-50 spread—
reducing skewness. We see a similar result for employment growth, but no change for

TFP or firm value growth.

In summary, different adjustment costs can generate skewness in employment and
sales growth even if the driving process is not skewed. In contrast, the distribution of

TFP and value growth have a close connection to the underlying driving process.

The impact of an uncertainty shock. In Figure 9, we examine the change of our

twelve sets of moments in response to a second-moment shock that increases the dis-
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persion of the driving process by 50%. In the first row, we see that the first moment
of output growth and employment growth decline after a second moment (uncertainty)
shock for fixed adjustment costs. For linear and quadratic costs however, average growth
increases, driven by the Oi-Harman-Abel effect, which reflects the value of greater vari-
ance in the driving process when firms can expand to exploit good shocks and contract
to insure against bad shocks.'® This also raises the average firm value growth, as shown

the last column if Figure 9.

In the second row we examine the second moment of the growth rates of our four
measures, showing they rise when the underlying driving process has its dispersion in-
creased. So, there is a clear pass-through from a higher variance in the driving process

to a higher variance in all outcome measures.

Finally, in the third row we examine the third moment of the growth rates of our
four measures. We see again that for non-convex adjustment costs (fixed and linear)
there is a reduction in skewness for output and employment growth, specially for fixed
adjustment costs. This is because the rise in uncertainty expands the Ss zone of inaction
which reduces positive. However, with our uncertainty shock we see no material change

in TFP or value growth skewness across any of the adjustment cost specifications.

Hence, it is not possible to get a robust pattern of falling cross-sectional skewness
for output, employment, TFP and value growth with a second moment micro driving
process. Fixed-costs can generate drops in the third moment of output and employment

growth during recessions, but not TFP and value growth.?’

The impact of an empirical recession shock. Finally, in Figure 10 we examine the
impact of the empirical recessions shock to the driving process. As described in Section
2, this combines a negative first moment shock, a positive second moment shock and

importantly a negative third-moment shock.

First, in the top row we see a significant drop in average output, employment, TFP
and output growth across all adjustment costs. This is driven by the negative first
moment shock in the empirical recessionary process. In the middle row we see for all
adjustment costs except fixed an increase in spread driven by the second moment shock.

The variance of employment and output growth for fixed-costs of adjustment drops,

19See the summary of the papers by Oi (1961), Hartman (1972), and Abel (1983) in Bloom (2014).

20 Another inconsistency with first or second moment shocks generating skewness in output growth and
employment growth is the level of skewness is positive even in recessions. With fixed-costs of adjustment
the level of skewness does drop in recessions, but remains strongly positive. The reason is with fixed-costs
there is almost no firing, generating highly right skewed growth rates.
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however. This occurs because there is an average decline in productivity, pushing firms
that would otherwise expand down further down into their Ss inaction region. Finally,
in the bottom row we see how this negative skewness shock delivers a drop in skewness
for output, TFP and value growth for all adjustment costs, and for employment growth

for all adjustment costs except for fixed-costs.

This highlights two key findings. First, a negative skewness shock in the driving pro-
cess maps into a negative shock in the growth rates of productivity growth and stock re-
turns growth. This highlights the importance of these measures for analyzing the drivers
of business cycles. Second, the moments of employment growth and output growth are
sensitive to the types of adjustment cost, making them less reliable for evaluating the

dynamics of shocks over the business cycle.

5 Conclusions

This paper studies how the distribution of the growth rate of firm-level variables
changes over the business cycle. Using firm-level panel data for the United States from
Census and non-Census datasets and firm-level panel data for almost forty other coun-
tries, we reach three main conclusions. First, recessions are characterized by a large drop
in the skewness of firm-level employment, sales and productivity growth. Expansions, in
contrast, are characterized by positive skewness in firm employment, sales and produc-
tivity growth. Second, the decline in the skewness of firms’ outcomes is a phenomenon
observed not only in the United States but also in other countries, both developed and
developing, and within industries. Third, empirical and model-based estimates indi-
cate that that shocks to the skewness of firm-level innovations predict future declines
in macroeconomic activity. Taken together, these results suggest that the increase in
firm-level disaster risk observed during the typical recession can play a major role in

accounting for business cycles fluctuations.
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B Appendix: Data Description

This appendix describes the data sources, the sample selection, and the calculations of
the moments we use for our empirical analysis. In Section B.2 we describe the firm- and
establishment-level data for the United States obtained from the Census Bureau’s Longitudinal
Business Database (LBD). Section B.3 describes our sample of Compustat firms. For our cross-
country comparisons, we use firm-level data available in the Bureau van Dijk’s Osiris database
and Global Compustat which we describe in Section B.4. Finally, Section B.5 describes our
sample and TFP estimation for our sample of firms from the BvD Amadeus dataset and the
establishment-level data for the US Census of Manufacturing and the Annual Survey of Man-
ufacturing. The online appendix and replication packet—on the authors’ websites—contains
further details and corresponding do-files for most of our calculations.

B.1 Firm-Level Survey Data

Firm-level information on expected and realized sales growth is obtained from the Survey of
Business Uncertainty (SBU) developed by the Atlanta Fed in conjunction with Chicago Booth
and Stanford. The goal of the survey is to elicit subjective probability distributions of from
business executives and decisions makes about the macroeconomy and their own-firm outcomes
such as sales, employment, or investment. The SBU began collecting data in 2014 and as of
2023, contains information from more than 2000 firms, across all 50 states in the United States,
in every major non-farm sector, and across different segments of the firm-size distribution.

Every month, firm decision makers are asked, among other information, about their subjec-
tive expectations by means of a five-point subjective probability distribution over each firms’
own four or twelve months future growth depending of the outcome variable (sales, employment,
or capital expenditure). This flexible approach allows the responded to describe periods with
different degree of growth, uncertainty, or more importantly for our purpose, if they expect
positive or negative skewness of future outcomes. Importantly, since SBU also ask respondents
about past realizations of the same variables, we are able to compare the skewness of expected
and realized growth. Barrero (2022) documents additional properties of the subjective expecta-
tion probabilities and Altig et al. (2020) documents the significant changes observed in business
uncertainty during the COVID pandemic. For our purpose, we can use the subjective probabil-
ity across firms to construct percentiles of the ezpected sales growth distribution by weighting
the expected sales growth with the support points probabilities provided by the responded.
Additional details of the calculations can be found in Altig et al. (2022).

B.2 United States: Longitudinal Business Database

We construct measures of employment growth at the firm-level using the Census Bureau’s
Longitudinal Business Database (LBD). The LBD covers the universe of establishment in the
non-farm private sector in the United States from 1976 to 2019. It provides detailed estab-
lishment and firm-level information on employment, payroll, establishment location, firm age,
industry, legal form of organization, and others. Crucially, firm and establishment identifiers
in the LBD allow us to construct measures of employment growth at different time horizons.
From the LBD, we select a sample of establishments that, in a given year, have nonnegative,
non-missing employment and payroll and have valid industry data. We then sum up the em-
ployment within the same firm across all establishments to construct an annual measure of
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employment. Starting in 1998, the LBD also contains information on firm-level revenue (the
so called LBDR). The coverage from the LBD to the LBDR is not complete. There is at least
30 percent of firms that have employment information (in LBD) but do not have revenue in-
formation (LBDR). A significant fraction of these firms (about 25%) are in the Other Services
(except Public Administration) sector (NAICS 81). Importantly, the cross sectional moments
for the employment growth distribution do not change when we focus in the sample of firms
that have employment and revenue data. See Haltiwanger et al. (2016) for additional details
on this data. We deflate nominal revenue measures to 2012 prices using the CPI (FRED series
CPIAUCSL).

We measure the growth rate of employment of firm 5 in period ¢ as the log-difference between
periods t and t+1, g7, = log Ej 11 —log Ej;. In order to capture the entry and exit of firms, we
replace by a 0 the level of employment in the period before the first establishment is observed
for the first time and the period after the last establishment of the firm is observed for the last
time in the sample. We then calculate the growth rate of employment using the arc-percentage
change between periods ¢ and ¢ 4 1 which is given by g7}¢ = m We take the
arc-percent change as our baseline measure. We proceed in the same way for revenue growth.

To calculate the Kelley skewness we require the computation of specific percentiles of the
distribution of employment growth. Notice that a percentile provides information about one
particular firm, which violates the disclosure criteria imposed by the US Census Bureau. Hence,
to avoid the disclosure of any sensitive information, we calculate the pth percentile of the employ-
ment growth distribution as the employment-weighted average on a band of +1 and -1 percent
around percentile pth. For instance, the 90th percentile of the distribution is the weighted
average of the employment growth across all observations between the 89th and 91st percentiles
of the distribution, both ends included. We proceed in the same way to construct the 10th and
50th percentiles of the distribution and use these values to calculate the Kelley skewness, the
90th-to-10th log percentiles differential and the rest of the measures of dispersion. The massive
sample size of the LBD (more than 4.6 million observations per year on average) ensures that
the sample used to calculate each of the percentiles is large enough to have an accurate ap-
proximation to the actual quantiles of the distribution. All moments of the employment growth
distribution are weighted by the average employment of the firm (or establishment in the case

of establishment level results) between periods t and ¢ + k, that is, £;; = 0.5 X (Ej 41 + Ei ).
Similarly, we weight revenue growth measures by the average real revenue between periods t

and t + k.

We also use the LBD to compare the empirical distribution of employment and revenue
growth between recession and expansion years using a kernel density estimation. The sample
selection is the same used in the rest of our results with a few exceptions. First, the densities
are calculated using a pooled sample of firms for recession years (2001 and 2008) or expansion
years (2003 to 2006 and 2010 to 2014 ). Second, we select a sample of firms that have at least
20 workers or more in year t. And third, the Census Bureau requires to drop the bottom and
top 5% of the distribution when estimating empirical densities. The kernel densities presented
in Figures 1 and 2 of the were calculated using the remaining sample.

B.3 United States: Compustat

We construct time series of the cross-sectional dispersion and skewness of the sales growth
distribution, the employment growth distribution, the stock returns distribution, and others
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using data of publicly traded firms from Compustat and CRSP accessed through the Wharton
Research Data Services (WRDS).

For our results at the annual frequency, we obtain firm-level data from 1970 to 2020. The
raw annual dataset contains 500,004 year/firm observations. We drop all observations with
negative sales (Compustat variable sale), duplicated entries, and firms incorporated outside the
United States (Compustat variable fic equal to “USA”). We also drop all observations that do
not have a SIC classification or with a classification above 90. We deflate nominal variables
using CPI (FRED series CPTAUCSL) and we calculate the growth rate of sales and employment
(Compustat variable emp) as the log change between year t and t + k with k& € {1,3,5}. This
leaves us with 266,192 firm/year observation (sales growth) between 1970 and 2019, with an
average of 5,663 firms per year. Our main sample considers firms with at least 10 years of data
(not necessarily continuous) but our results remain robust if we drop this restriction or if we
consider firms with at least 25 years of data. When accounting for entry and exit of firms using
the arc-percentage change, for each firm we add an observation upon entry (equal to 2) and one
additional observation upon exit (equal -2) under the assumption that before and after exit,
the firm has a value of sales or employment equal to 0. We consider entry firms as newly listed
firms, while exiting firms are those delisted in a particular period, independent of the reason
(M&A, bankruptcy, or any other).

To measure the degree of financially constraints, we use two measures i) by lagged average
leverage and ii) by the lagged average interest coverage ratio. The first is calculated as the
ratio between short and long term debt (sum of DLTT and DLC) and total value of assets. We
then calculate the lagged level of leverage as the average value of the leverage between periods
t — 1 and t — 2. Finally, we winsorise this measure at the value of 2. To calculate the interest
coverage ratio we take EBIT divided by total interest expenses (TIE). If TIE is equal to 0, then
the coverage ratio is set to a large number (coverage ratio of infinity). We then calculate the
lagged level coverage ratio as the average value of the leverage between periods ¢t — 1 and t — 2.

For our results based on quarterly data, we begin by retrieving firm-level data of net sales
and stock prices at the annual and quarterly frequency, and employment at the annual frequency,
from 1964ql to 2020q4. The raw dataset of sales (Compustat variable saleq) and stock prices
(Compustat variable prceq) contains more than 1.7 million quarter-firm observations with an
average of approximately 4,660 firms per quarter. We drop all observations with negative sales,
duplicated observations, and firms incorporated outside the United States (Compustat variable
fic equal to “USA”). We also drop all observations that do not have a SIC classification or with a
classification above 90. Then, we deflate nominal sales by the CPI (FRED series CPIAUCSL),
and we calculate the growth rate of sales as the log-difference and the arc percentage change
between quarter ¢ and t + k with k& € {4,12,20}. This leaves us with around 1 million sales
growth (log-difference) observations. For our main results, we consider firms with at least 10
years of data on quarterly sales (40 quarters, not necessarily continuous), which further reduces
the sample to 819,977 observations between 1970g4 and 2017q2, with an average of 5,359 firms
per quarter. Finally, in each quarter we calculate different cross-sectional moments discussed in
the main body of this document. Our main sample considers firms with at least 10 years of data
(40 quarters), although our results remain robust if we drop this restriction or if we consider
firms with 25 years of data (more than 100 quarters). When accounting for entry and exit of
firms using the arc-percentage change, for each firm we add an observation upon entry (equal
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to 2) and one additional observation upon exit (equal to -2) under the assumption that before
entering and after exit, the firm has a value of sales or employment equal to 0. We consider
entry firms as newly listed firms while exiting firms are those delisted in a particular period,
independent of the reason (M&A, bankruptcy, or any other).

B.4 Cross-Country: BvD Osiris and Global Compustat

Cross-country firm-level panel data on sales and employment come from the Bureau van
Dijk’s Osiris database.?! Osiris is a database of listed public companies, commodity-producing
firms, banks, and insurance companies from over 190 countries. The combined industrial com-
pany dataset which we use in our analysis contains financial information for up to 20 years and
80,000 companies.

The raw dataset contains 977,412 country/firm/year observations from 1982 to 2018. We
drop all observations with missing or negative sales, all duplicated entries, and all firms with
missing NAICS classification. We transform all observations into US dollars using the exchange
rate reported in the same database. Then, we deflate nominal sales using US annual CPI and
calculate the growth rate of real sales as the log change and arc percentage change between
years t and ¢+ k with k£ € {1,3}. This leaves us with 748,574 observations (log change of sales).
We further restrict the sample to firms with more than 10 years of data; country/year cells with
more than 100 observations; countries with more than 10 years of data; and years with more
than 5 countries. This sample selection reduces the dataset to an unbalanced panel of 678,563
observations in 45 countries between 1989 and 2015. We complement this data with real GDP
in US dollars from the World Bank’s World Development Indicators database.

The cross-country data on daily stock prices come from the Global Compustat database
(GCSTAT), which provides standardized information on publicly traded firms for several coun-
tries at annual, quarterly, and daily frequencies. The raw data contain firm-level observations
of daily stock prices between 1985 and 2018 for 48 countries. We drop all duplicated observa-
tions and drop all firms with less than 2000 observations (firms with approximately 10 years of
data). Then we calculate daily price returns as the log-difference of the stock price between two
consecutive trading days. We apply a similar sample selection, keeping firms with at least 10
years of daily price data. The total sample contains an unbalanced panel of 44 countries from
1985 to 2017 from which we drop all country quarters with less than 100 firms. The final data
contains a total of 29 countries from 1985 to 2017. Then, within each quarter, we calculate the
cross-sectional moments of the daily stock price distribution. We complement this dataset with
per capita GDP growth from the World Bank’s World Development Indicators and quarterly
GDP growth from the OECD Stats. Table B.2 shows the list of countries available in our
dataset and the data available for each country.

21See Kalemli-Ozcan et al. (2015) for additional details on the Orbis dataset.
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B.5 TFP Estimation
B.5.1 Cross-Country: BvD Amadeus

In this appendix, we describe in detail the construction of our measure of firm-level TFP
using data from BvD Amadeus. This dataset has been used for several other researchers. For
instance, Bloom and Van Reenen (2007) uses this dataset to evaluate management practices
in the UK, French and German sampling frames. Bloom et al. (2012) discusses extensively
the coverage of Amadeus. Some other paper have also calculated productivity using this data,
more prominently Gopinath et al. (2017) in their analysis of misallocation in Spain and other
European countries. We provide an extensive comparison of our data and results to those
presented by these authors in subsection B.5.4. See also Kalemli-Ozcan et al. (2015) for details
about constructing a representative dataset using BvD Amadeus data.

We consider a set of countries, namely, Germany, Spain, Finland, France, Hungary, Ttaly,
Netherlands, Norway, Poland, Portugal, Sweden, and Ukraine, for which firm-level information
is available for enough industries and sectors. For each country in the sample, we retrieve firm-
level panel data from Amadeus trough WRDS. Our data contains a large range of firms, from
small to very large firms (V+L+M-+S: plus Small Companies dataset), both publicly traded and
privately held. The main variables we use in our analysis are the following (Amadeus names of
variables in parenthesis):

e Sales (TURN),

Operating revenues (OPRE),

Employment (EMPL),

Cost of Employees (STAF),

Cost of Material (MATE),

Total Fixed Assets (FIAS),

Industry (NAICS and SIC codes),

e Exchange rate from local currency to Euros (EXCHANGE2).

In order to estimate firm-level productivity for a large number of firms within each country, we
perform a simple sample selection. For each country, we drop duplicates, observations without
information on industry (NAICS), and firms with discrepancies between the country identifier
and the firm identifier (INDR).??> We also drop all observations with missing, zero, or negative
values in either of the following variables: OPRE, MATE, FIAS, and STAF. We also drop all
observation with zero or negative value of VA = OPRE — MATE which is our measure of value
added. We deflate all monetary values by the country-specific CPI (obtained from the World
Bank). All monetary values are transformed to Euros using the exchange rate supplied by BvD.

22The first two characters in the firm identifier in Amadeus refer to the country.
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B.5.2 Estimating TFP

The literature has considered several different methods to measure TFP at the firm-level
(Syverson, 2011) and in this section we consider few standard methods. If we assume that the
firm’s production function is Cobb-Douglas, we can estimate the firm-level productivity, z; ¢,
as the residual of the following equation,

log yi j kit = i 10g K; j k.t + ap10g B j gt + Zijeots (2)

where y; j 1+ is the value added of firm 4, in industry j, in country k, in year t; K; jx; is the
deflated measure of fixed assets and E; j 1., is a measure of labor input (employees or wage bill).

We use four different methods to estimate z; j;. The first method—which we use in our main
empirical results—uses country-industry factor shares to estimate oy and ag. In particular, we
calculate the total wage bill and total value added at the country-industry-year level. Industries
are defined by two-digit NAICS. To ensure our measure of factor shares is calculated with enough
firms, we restrict our estimates to years in which the country-industry-cell contains more than
one hundred observations and periods with more than five sectors within a country-year. We
then obtain the labor share as

. D iel; ., Wikt
L7j7k7t = ~ ..

il Yidikit
where I 1. ; is the set of firms in the industry-sector-year cell and wj ;¢ is the cost of employees
at the firm-level (STAF). Then, we calculate the capital share as ag jr: =1 — aL7j7k7t.23 We
then apply these factor shares in equation (2) to obtain our first measure of productivity as the
difference between log y; ; 1+ and

(1 —apjke)log Kkt +arjkelog By jkt) .

In the second method, we obtain z; j; as the residuals of a firm-level OLS panel regression.
In order to control for differences in labor quality across firms, we use the wage bill (STAF)
at the firm level as a measure of labor input. We then run, an OLS panel regression to obtain
Zi jk,t for each firm.

The third approach—which is our baseline method—uses the methodology developed by
Olley and Pakes (1996) to estimate Z; ;5. This method has stricter data requirements and
therefore, we further restrict our within-country sample to firms with information about in-
vestment expenditure (change in the value of total fixed assets, FTAS), and firms with at least
5 years of data. Furthermore, because the data available in BvD Amadeus was increasingly
populated until 2005, we consider information only after that year. To obtain the Olley and
Pakes (1996) estimates we use the Stata command OPREG as implemented by Yasar et al.
(2008).

The fourth method abstracts from capital differences across firms and proxies a measure of
labor productivity. In particular, we obtain labor productivity as the residual of the following

23Tn this calculation, we use the nominal values of value added and cost of employees.
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equation estimated using OLS within each country
log yi jkt = arlog Ej j ki + pi + Zijit- (3)

The fifth and six methods estimate productivity using Ackerberg et al. (2015) and the
method of Wooldridge (2009) respectively, again using the Stata command OPREG.

Then, for each productivity measure, we estimate firm level productivity shocks as the
residual of the following OLS panel regression within each country

Zi gkt = Bok + B1kZijkt—1 T M + Ot + € j ks (4)

where u; and d; are firm and year fixed effects respectively. In order to reduce the impact of
outliers that normally appear in micro data, for each country, we winsorize each measure of
productivity shock at the top and bottom 1%. Additionally, we use the average of the real sales
growth within a bin (defined by country, industry, or year) as a measure of business conditions.
Then, for each measure of productivity shock, we calculate the average shock within a country-
industry-year bin and different percentiles of the distribution. To further ensure our results are
not driven by outliers at the country-industry level, after we have obtained these percentiles,
we trim the measures of Kelley skewness and the average productivity shocks at the top and
bottom 1% and we restrict our sample to country-industry-year bins with more than 100 firms.
Our results, however, follow through is we relax these conditions.

B.5.3 Additional Evidence on the Skewness of Productivity Shocks

As we discussed in Section 3.2, the skewness of productivity shocks is robustly negative
during periods of low economic activity within a country or an industry. Here we show some
additional robustness results. Figure B.1 shows that the positive relation between the skewness
of the productivity shocks and the business conditions is robustly positive, independently of
the estimation method one uses to calculate firm-level productivity. For comparison, the top
left panel repeats our main results shown in Figure B.1. Table B.3 shows a series of panel
regressions in which the independent variable is the skewness of TFP shocks for each of the
four methods described in Section B.5.2 and the main regressor is the average of the real sales
growth (log change of operative revenues) within a country-industry-year cell. The coefficient
associated to the average sales growth is positive and statistically significant at the 1% in all
cases and of the same order of magnitude. This indicates that in periods in which industries
experience a decline in sales, the skewness of the productivity shocks affecting the firms in that
industry is negative as well.

Finally, Table B.4 shows that the skewness of firm’s shocks is procyclical at the country
level. In particular, we show the results of an industry-panel regression for each country in
our sample using the average TFP shock as our measure of business condition. The results are
indicative that the procyclicality of the skewness of firm shocks is not driven by any particular
country in our sample and it is stronger in countries such as Germany and France.

B.5.4 Comparing Sample with Gopinath et al. (2017)

High quality data is crucial to determine the business cycle variation of higher order moments
of firms growth. more so when the goal is to analyze firm-level TFP. In our analysis, we use
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TABLE B.3 — PosiTivE CORRELATION OF SALES GROWTH AND SKEWNESS OF FIRM’S SHOCKS

(1) (2) (3) (4)

Estimation Method: Factor Shares Panel Regression Olley and Pakes Labor Productivity

Ave. Sales Growth 1.21%%%* 1.10%** 1.18%** 1.256%**
(0.40) (0.31) (0.40) (0.37)
R? 0.18 0.14 0.31 0.17
N 3,873 3,873 3,873 3,873

Note: Table B.3 shows a set of country-industry panel regressions in which the dependent variable is the Kelley skewness
of firm productivity shocks calculated using the four different methods described in Section B.5.2. In all regressions, the
explanatory variable is the average sales growth within the same bin. All regressions control for country, industry, and
year fixed effects. Standard errors (below the point estimates) are clustered at the country level. * p < 0.1, ** p < 0.05,
k< 0.01.

data from BvD Amadeus, which has been used before to calculate firm level productivity by
other researchers. Hence, to further validate our analysis, we compare our sample to that of
Gopinath, Kalemli-Ozcan, Karabarbounis and Villegas-Sanchez (2017) (GKKV thereafter) that
used the same data to study the effects of misallocation in Spain and other europeans countries
using BvD Amadeus.

In what follows, we provide a step-by-step comparison of our analysis to that in GKKV.
Performing this analysis was very useful to validate our construction, clean a few inconsistencies
in the data, and improve in our estimation. The main difference between our results and theirs is
that GKKYV focuses mostly on manufacturing firms in Spain whereas we calculate productivity
across all sectors available in our dataset. Having said that, we can follow their sample selection
as close as possible and show, first, that the resulting cross-sectional statistics are qualitatively
similar, and second, that our results (i.e., that the skewness of firms’ productivity shocks is
procyclical) are robust the sample restriction used by GKKV.

Beyond comparing our sample to GKKV, we perform a few additional robustness checks
that further validate our analysis. In particular,

e We analyzed the relation between sector growth and the skewness of firms TFP shocks
by firm characteristics (i.e., large and small firms and young and old firms)

e We further restricted our sample to firms with at least 5 years of data so as to control for
the exit of firms that can affect the left tail of the firm growth distribution.

e Following the recommendation of Referee 3, we further orthogonalized firms productivity
shocks from aggregate effects controlling for a flexible polynomial.

In all cases (showed in Appendix B.5 of the paper), we find our results to be robust to these
changes. We decided, however, to keep our baseline data in the main text and relegate the
comparison and results based on the GKKV sample selection to the Appendix B.5 of the paper.
We would be happy to include these new results in the main text or expand in the comparison
between our sample and the results from GKKYV if you think that is necessary. Below, we
expand on these results in more detail. Thanks again for pushing us in this direction.

36



TABLE B.4 — SKEWNESS OoF FIrRMS’ SHOCKS 1S PROCYCLICAL AT THE COUNTRY LEVEL

(1) (2) (3) (4) (5) (6) (7) (8) (9)
ISO DEU DNK  ESP FIN. FRA GBR GRC HUN IRL

Sales  5.27F¥E  AATRRX ] GOFRE 9 oTERR  Zogikk g gmkkk ] gpkkk () Q7HRkE ] 7REk
Growth  (0.70)  (1.02)  (0.32)  (0.14)  (0.45)  (0.14)  (0.24)  (0.24)  (0.19)

R? 0.66 0.63 0.60 0.64 0.56 0.74 0.47 0.76 0.66
N 208 73 392 245 334 275 179 271 186

Continuation

(10) (11) (12) (13) (14) (15) (16) (17)
ISO ISL ITA NLD NOR POL PRT SWE UKR

Sales ~ 2.56%%*  1.20%kk 9 19¥Rk g (qikx ] gPRRE ] 74%Kk 9 gE¥IE ] HEEE
Growth  (0.31)  (0.19)  (0.21)  (0.35)  (0.36)  (0.17)  (0.228)  (0.209)

R? 0.84 0.55 0.72 0.51 0.52 0.61 0.65 0.55
N 102 306 152 208 264 234 228 229

Note: Table B.4 shows a set of industry panel regressions in which the dependent variable is the Kelley skewness of firm
productivity shocks. Firm-level productivity was calculated as the residuals of a firm-level panel regression (the second
method described in section B.5.2). In each column, the independent variable is the average TFP shock within an industry.
Each regression includes a set of industry and time fixed effects. Standard errors (below the point estimates) are clustered
at the industry level. * p < 0.1, ¥* p < 0.05, *** p < 0.01.

Sample Selection. Following GKKV, we clean our data in five steps within each country.
First, we control for potential reporting errors. Second, we verify the internal consistency of the
data we use in the analysis. Third, we implement additional controls on the specific variables
we use in the TFP estimation step. Fourth, we winsorize the variables used in the analysis. We
then drop duplicated observations in the dataset. We compare the resulting sample statistics
with that presented in the published version of GKKV and their online appendix. Finally,
we use the resulting dataset to calculate productivity using the same methods we use in our
baseline analysis to show that our results are robust the sample selection used by GKKV. In
what follows, we list this cleaning in detail following the same order they are applied to the data.
The variable names available in BvD Amadeus are provided in parenthesis when appropriate.

e Step 1: Correcting reporting mistakes

— We drop year-firm observations with missing in all the following variables at the same
time: total value of assets (FIAS), operating revenues (OPRE), sales (TURN), and
employment (EMP)

— We drop firms with negative value of FIAS in any year; firms with negative EMP or
EMP above 2 million workers in any year; firms with negative TURN in any year;
firms with negative value of fixed assets (TFAS) in any year.

— We drop firm-year observations with missing value of materials (MATE) or non-
positive value of MATE; firm year observations with missing value of OPRE or
non-positive value of OPRE; firm year observations with missing value of FIAS or
non-positive value of FIAS
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e Step 2: Internal consistency

We drop firm-year observations with a ratio of the sum of TFAS, intangible assets
(TFAS), and other assets (OFAS) to FIAS greater than 1.

e Step 3: Variable specific controls

We drop firms-year with negative value of age, where age is constructed as the
calendar year minus the date of incorporation of the firm plus one.

We drop firm-year observations with missing value of wage bill (STAF) or non-
positive value of STAF; Firm-year observations with negative value of IFAS; Firm-
year observations with a ratio of TFAS to IFAS greater than 1; Firm-year observa-
tions with TFAS plus IFAS equal to 0.

We drop firm-year observation with missing industry classification and with NAICS
in the public sector (Four digit NAICS above 9000).

We drop firm-year observations in the top and bottom 0.1% of the capital stock-to-
wage bill distribution, where capital stock is defined as TFAS plus IFAS.

We drop firm-year observations with negative value added (VA) where VA is calcu-
lated as OPRE minus MATE. We then drop firm-year observations with STAF-to-
VA ratio at the top and bottom 0.1% of the distribution or with STAF-to-VA ratio
above 1.1.

e Step 4: Winsorization

We winsorize OPRE, STAF, TURN, and VA at the bottom 1% and to 0.5%.

e Step 5: Repeated variables

Some firm-year records are repeated in the sample, we drop these repeated firm-year
observations.

We save the resulting database for each country.

Calculating Productivity. Using this new dataset and our baseline dataset, we recalculate
firm-level TFP and evaluate whether the skewness of firm-level productivity shocks remains
procyclical. In particular, as we further discuss Appendix B.5, in the new version of the draft
we include new results based on six different productivity estimation methods: factor shares,
revenue per worker, the method of Olley and Pakes (1996), the method of Ackerberg et al.
(2015), and the one proposed by Wooldridge (2009).

To calculate productivity, we apply each of the previous methods and we obtain a measure
of productivity level z;?t for firm j in country k in period ¢. We then regress within each country

log zj’»“t = pzft_l +Aj+ 0 + eft,

where \; and d; are a firm and a year fixed effect. Our measure of shocks is then given by @;‘?t.
To further control for outliers we,
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e Step 1: Trim é?t at the top and bottom 0.1%.

e Step 2: Calculate cross-sectional moments of the firm sales growth and TFP shock dis-
tribution only for year-country-sector bins with more than 100 firms.

e Step 3: Winsorize the distribution of mean sales growth and Kelley Skewness at the top
and bottom 5%.

None of these changes have major consequences in our results. We use the resulting data to
evaluate the relation between firm growth and skewness. The results based on the baseline built
of the data are shown in Figure B.1 whereas the results based applying the sample selection
of GKKV are shown in Figure B.2. The two main take aways from comparing these figures is,
first, that in all cases, we find that the skewness of firm-level productivity shocks is procyclical,
and second, that our results are robust to applying the sample selection of GKKV.

Database Comparison and Results. Finally, we compare different cross-sectional mo-
ments available in GKKV and their appendix, to similar cross-sectional moments coming from
our dataset set under the GKKYV sample selection. This serve as a further validation that our
dataset is suitable for the analysis we perform. Across our analysis, we compare our data to the
aggregates reported by Eurostats through its Structural Business Statistics database (SBS). In
particular, we obtain information for aggregate level employment (SBS table tin00148), aggre-
gate level gross output (SBS table tin00146), sector level wages (SBS table tin00154), sector
level employment (SBS table tin00151), and sector level gross output (tin00149). All variables
are expressed in Euros of corresponding year.

First, we compare the share of employment, wage bill, and gross output in manufacturing
available in GKKYV to the results coming from our dataset for the years in which our data
overlaps with in GKKV’s sample. This is shown in Table B.5. Relative GKKYV, our sample
on manufacturing covers a smaller fraction of the wage bill and gross output. Coverage of
employment, however, is closer although still below that of GKKV. This is to be expected since
we only use the data available through WRDS whereas GKKV use data of different vintages
and discs that increase the their sample size. When we consider the whole economy, that
is, including all firms and sectors after sample cleaning, the coverage of our dataset is still
significant: across different variables and years, our sample accounts for between 40% and 54%
of aggregate economic activity in Spain. This is also true across the rest of the countries we use
in our dataset, as shown in Table B.6.

We then calculate cross-sectional moments of the distribution of five key variables: value
added, employment, wage bill, total value of assets, and sales. The results in our data are
shown in Table B.7 for the whole economy and manufacturing. Relative to GKKV, that show
similar results in their online appendix, our firms are smaller across different dimensions, but
qualitatively, the cross sectional moments are comparable. We conclude that, despite difference,
our data captures a significant fraction of economic activity across the countries in our sample,
and therefore, can be used to draw conclusions about the relation between aggregate economic
activity and firms’ growth
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TABLE B.5 — SHARE oF EMPLOYMENT, WAGE BILL, AND GROSS OUTPUT AVAILABLE IN SAMPLE

Gopinath et al. 2017 Salgado et al. (2023)
Spain Manufacturing Spain Manufacturing Spain Economy
Emp. Wage  Gross Emp. Wage  Gross Emp. Wage  Gross
Bill  Output Bill  Output Bill  Output
2009 0.71  0.72 0.75 0.54 044 0.39 045 043 N/A
2010  0.68 0.73 0.74 0.56 0.45 0.40 0.48 0.38 0.40
2011 0.69 0.74 0.75 0.60 0.48 0.40 0.52 0.40 0.41
2012 0.65 0.71 0.72 0.63 0.50 0.41 0.54 0.42 0.42

Note: This table shows the share of employment, wage bill, and gross output available in the dataset of manufacturing
firms in GKKYV (left panel), in our dataset (center panel), and across the entire economy (right panel) for Spain. Firm level
data coming from BvD Amadeus database whereas country- and industry-level data from Structural Business Statistics
database. The center panel uses a total sample of 632,948 firm-years observations. The right panel uses a total sample of
3,947,773 firm-years observations across all years available.

TABLE B.6 — SHARE oF EMPLOYMENT, WAGE BILL, AND GR0OSS OUTPUT AVAILABLE IN SAMPLE

Year 2012 Year 2016
Country  Emp. Wage  Gross Emp. Wage Gross
Bill  Output Bill  Output
Germany 0.36  0.37 0.36 034 0.34 0.34
Spain 0.54  0.42 0.42 065 0.65 0.65
Finland 0.53  0.46 0.38 0.57  0.57 0.57
France 0.36  0.36 0.36 0.44 044 0.44
Hungary  0.40 0.48 0.50 0.40 0.40 0.40
Italy 048 041 0.45 0.59  0.59 0.59
Norway N/A  0.69 0.49 096  0.96 0.96
Poland 0.12  0.31 0.33 0.13  0.13 0.13
Portugal  0.57  0.48 0.50 0.71 0.71 0.71
Sweden 0.37  0.26 0.26 047 047 0.47

Note: This table shows the share of employment, wage bill, and gross output available in the dataset relative to the
economy-wide levels for two years across all countries in the Amadeus sample. Firm level data coming from BvD Amadeus
database whereas country- and industry-level data from Structural Business Statistics database.
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B.5.5 Controlling for non-linear responses

Although our results robustly suggest that firm skewness is procyclical, it is possible that
this relation is explained by non linear responses of firms’s TFP to aggregate shocks that are
not week capture by fixed average differences across years—i.e., they are not stripped out by the
time fixed effect in Equation 4). One way to evaluate whether firms revenue TFP is differentially
exposed to aggregate fluctuations is to strip out the covariance with respect to aggregate GDP.
As a reminder, in our baseline results, we measure TFP shocks as the residuals of the following
panel regression, which we run for each country in our sample,

log zit = plog zig—1 + Ai + ¢ + €z (5)

We can capture potential non-linear responses to a common aggregate shock by interacting
log z; —1 with with a linear, quadratic, or cubic function of GDP growth, that is, for a quadratic
case we estimate for each country

logziy = plogzit—1+ Prlogzit—1 x AGDP;, + alog z; 11 % AGDPt2 + 0t + i + it (6)

Alternative, it is possible that firms are differentially exposed to the business cycle so that
[ for instance is sector or firm specific. To evaluate this case, we can estimate the following
specification

log it = Bio + plog zit—1 + Pi1 X AGDP; + v, (7)

and then study whether different estimates of n;; or v;;, change the cyclicality in the skewness
that we observe in our baseline specification. We implement specifications 6 and 7 using our
baseline TFP estimation results—which are based on the standard Olley and Pakes (1996)
methods—using data from BvD Amadeus. Results based on US Census ASM are similar but
not disclosed. The results, shown in Figure B.3, indicate that the skewness of TFP residuals
is procyclical. We conclude that controlling for potential non linear responses might affect our
results, the baseline conclusion remains unaltered.
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FIGURE B.1 — BASELINE: SKEWNESS OF TFP SHOCKS 1S PROCYCLICAL

(A) Baseline (Olley Pakes) (B) Factor Share
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Note: This figure shows the relation between the average firm sales growth within a year-country-industry and the skewness
of firm productivity shocks within the same bins calculated using different methods. Binscatters control for year, country,
and industry fixed effects. Industries defined as two digit NAICS.



FIGURE B.2 — GKKV: SKEWNESS OF TFP SHOCKS 1S PROCYCLICAL
(A) Baseline (Olley Pakes) (B) Factor Share
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Note: This figure shows the relation between the average firm sales growth within a year-country-industry and the skewness
of firm productivity shocks within the same bins calculated using different methods. Binscatters control for year, country,
and industry fixed effects. Industries defined as two digit NAICS. The same is constructed using the sample cleaning of
GKKV.
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B.5.6 United States: Productivity, US Census, Survey of Manufacturing,
and Capacity Utilization

Here we describe the sample selection and moment construction using data from the US
Census of Manufacturing (CM) and the Survey of Manufacturing firms (ASM). The CM, which
is part of the Economic Census, is conducted every five years, in every year ended in 2 or 5
and was first implemented in 1963. It covers all establishments with at least one paid employee
in the manufacturing sector (NAICS 31-33) for a total sample between 300,000 and 400,000
establishments per Census. Information is delivered by firms at the establishment level and
Census provides a unique identifier (Ibdnum) which we use to follow establishments over time.
The Census Bureau complements the CM data with the ASM every year the Economic Census
is not conducted since 1973. Relative to the CM, the ASM is skewed towards large firms
as it covers all establishments of firms covered by the CM above a certain threshold and a
smaller sample of small and medium size firms. The average sample of firms in our sample
is around 30,000 establishments per year for a total of about 1.1 million establishment /year
observations. The merged CM/ASM contains consistent data in industry, sales, employment,
capital expenditures, materials, and others. Importantly, from 1976 to 2019, the data contains
measures of log-productivity prepared by the Bureau of Labor Statistics which we directly use in
our analysis. The data set and construction of the TFP measures are described in Cunningham,
Foster, Grim, Haltiwanger, Pabilonia, Stewart and Wolf (2021).

To keep a consistent sample selection across datasets, we consider establishments for ten or
more years of data. Since the ASM sample is refreshed every Census year for small and medium
firms, this sample selection criteria naturally select large and stable firms. Our results, however,
are robust to the changes in this10-years threshold.

It is well known that failing to control for changes in capacity utilization can lead to wrong
estimates on the cyclicality of firm and aggregate productivity (Basu, 1996). This might be
even more important using firm-level data and when trying to measure higher order moments.
To control for changes in firm-level utilization that might bias our results, we residualize the
log of measured productivity for different measures of utilization available in the ASM, namely,
average number of hours for productive workers and energy utilization. In particular, we have
use firm-level capacity utilization administrative data from the Census’ Quarterly Survey of
Plan Capacity Utilization (QPC) and the Annual Survey of Manufacturing (ASM). We proceed
in three steps which we describe below.

i. First, we use two questions from QPC to calculate what fraction of the total capacity that
is used by a plant in any given time. This measure of capacity utilization is only available
for those plants in the QPC. Therefore, we merge the QPC data with the ASM which
contains information on output and inputs, including energy usage and hours worked.
With these variables, we construct three measures of plant capacity utilization: i) average
number of hours per worker ii) the ratio between real energy expenditure and real value
of machinery and equipment, and iii) the ratio between total hours worked and the real
value of machinery and equipment. Figure B.4 shows that all these measures are highly
correlated with the QP C measure of capacity utilization, which we take as our benchmark.
Hence, in our analysis, we use the ASM-based measures of capacity utilization given they
appear to be tightly correlated with QPC data (but which is not available for our fuller
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FIGURE B.4 — CorRELATION OF CAPACITY UTILIZATION IN CENSUS’ QPC AND ASM
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FIGURE B.5 — CapaciTy UTILIZATION IS PROCYCLICAL IN ASM
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dataset). This delivers three credible measures of capacity utilization for the entire ASM

data sample.

1.

Second, we check if the ASM-based measures of capacity utilization are procyclical, which

is an important validation step. For this, we use plant-level data and correlate the growth
rate of the three ASM-based measures of capacity utilization we described above with
the growth rate of the real value of shipments (revenue growth). As expected, we find a
positive and strong correlation between revenue growth and capacity utilization growth.
These results are displayed in Figure B.5. Each figure shows mean sales growth at the in-
dustry level and the mean growth of capacity utilization for different measures controlling
for year and industry fixed effects. The tight positive slope indicates that in periods in
which the sales growth is above the industry average, utilization is also above its industry

average.

iii. Third, using our capacity utilization measures, we regress the log-TFP measure avail-
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able in Census on these measure of capacity utilization using a rich set of polynomials
to account for potential non-linearities in the relation between plant capacity utiliza-
tion and productivity. This should cleanse any impact of capacity utilization from our
measurement of TFP given this flexible functional form. In particular, we use multiple
specifications which span a linear term for capacity utilization to a third-degree poly-
nomial. We use the residuals of these regressions as our utilization-adjusted measure of
TFP and we analyze whether the skewness of this measure is procyclical. To do so, we
calculate the mean and Kelley skewness of TFP growth within a year/3-digit NAIC code
and we regress these two measures.

TABLE B.8 — SKEwWNESs oF FIRM TFP GROWTH IS PROCYCLICAL

(A) TFP Growth (B) Sales Growth
Specification f SE t-stat R> Specification j SE t-stat R’
Baseline 1.158 0.061 18.75 0.131 Baseline 0.564 0.050 11.52 0.080

Residual 1 1.164 0.062 18.75 0.129 Residual 1 0.587 0.050 11.95 0.080
Residual 2 1.164 0.062 1874 0.129 Residual 2 0.587 0.050 11.95 0.081
Residual 3 1.167 0.062 18.78 0.129 Residual 3 0.589 0.050 11.99 0.081
Residual 4 1.168 0.062 188  0.129 Residual 4 0.590 0.050 12.01 0.081
Residual 5 1.164 0.062 18.91 0.133 Residual 5 0.576 0.050 11.75 0.083
Residual 6 1.151 0.062 18.68 0.130 Residual 6 0.569 0.050 11.66 0.081
Residual 7 1.168 0.062 18.8  0.129 Residual 7 0.590 0.050 12.01 0.081

Note: Figure B.8 shows industry panel regressions (3-digit NAIC) of the Kelley skewness of TFP growth on the average
TFP growth and average sales growth within an industry using data from the Census Annual Survey of Manufacturing.
All regressions weighted by sample weights and include a year and industry fixed effects. We use three measures of capacity
utilization: Hours per worker, Energy Per Capital, and Hour Per Capital. Baseline is the correlation between TFP shocks
skewness and mean TFP shock or mean sales growth without any adjustment for capacity utilization. Residual 1 refers
to log-TFP residualized using a model in which the three measures of capacity utilization enter linearly; Residual 2 adds
a quadratic term on each measure, Residual 3 adds a cubic term, and Residual 4 adds a quartic term. Residual 5 uses a
quartic polynomial only on Hours per worker, Residual 6 a quartic on Energy per Capital, and Residual 7 uses Hours Per
Capital unit.

Table B.8a shows the results of these regressions controlling for year and industry fixed
effects. The first row (baseline) calculates the relation between TFP shocks skewness and
mean TFP shocks or mean sales growth without any controls for capacity utilization.
Residual 1 refers to log-TFP residualized using a model in which the three measures of
capacity utilization enter linearly; Residual 2 adds a quadratic term on each measure,
Residual 3 adds a cubic term, and Residual 4 adds a quartic term. Residual 5 uses a
quartic polynomial only on Hours per worker, Residual 6 a quartic on Energy per Capital,
and Residual 7 uses Hours Per Capital unit.

We repeat these regressions using the average sales growth within an industry instead of
the average TFP growth. The results, shown in Table B.8b, indicate a positive relation
between the skewness of TFP growth and the average sales growth at the industry level.
We conclude that, although capacity utilization is an important contributor to the ob-
served changes in measure productivity, controlling for its fluctuations does not materially
affect the procyclical nature of the skewness of the distribution of firm shocks.
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Figure 1: Firm Sales Growth has Procyclical Skewness
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Note: Distribution of firm sales output growth from the US Census’ Longitudinal Business Database for firms with 20 employees or more. Each density has been adjusted to
have a median of zero. Blue-dashed line for expansion years (2003 to 2006 and 2010 to 2018, approximately 590,000 firm-year observations), red-solid line recession years
(2001, 2008, and 2019, approximately 570,000 firm-year observations). Skewness is measured using Kelley Skewness.



Figure 2: Firm Sales, Employment, Productivity and Stock Market Value Growth have Procyclical Skewness
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Figure 3: Firm Employment Growth Skewness is Cyclical for all Firm Size, Age, Industry and Region Splits
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Note: This figure shows the time series of the cross-sectional Kelley skewness of the distribution of firm employment growth for different firm groups using data
from the US Census’ Longitudinal Business Database (LBD), containing an average of about 4.6 million firm observations per year. Shaded areas are the share
NBER recession quarters within a year. Regions are the four Census Divisions.



Figure 4: Firm Sales Growth Skewness is Cyclical for all Financial Conditions Indicator splits
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Note: This figure shows the time series of the cross-sectional Kelley
skewness of the distribution of firm sales growth for different firm groups
using data from the Compustat. Shaded areas are the share NBER
recession quarters within a year. Debt-to-Asset ratio is defined as sum of
short- and long-term debt divided market capitalization. Interest-to-EBIT ratio
is defined as lagged interest expenses divided by earnings before interest
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Figure 5: Firm Sales, Employment, Productivity and Stock Value Growth have Industry Level Procyclical Skewness

— ] _gc\]_ —
! v A
7 2
) Q
=5 il
R/ =
z 2
%O— ————————————— GC—
& b=
O 5
wn O S'_*—
XA .
— | E(\]_
I. Im I-
-1 A -1
— _- 187 |
w - O = |
W - B
GJl.{j_ - L -
= < o %S ~=©
2 <=
Aol Ogeed ° | :
E P owe -l o & (©
2w - (GDJ
S 00 ks
= | O =0 S <
= - o0 5
i - S —
- I |
-1 -.05 .05 N : : 2
Industry Growth Industry Growth

Note: This figure shows bin-scatters of the Kelley skewness of firm employment growth (top left panel), firm sales growth (top right panel), establishment TFP growth (bottom left
panel), and firm stock returns (bottom right panel) against the average sales growth within an industry-year. Top panels use data from the US Census’ Longitudinal Business
Database (LBD) aggregated across establishments to the firm level. Bottom two panels use Compustat and CRSP data respectively. “Industry growth” is average sales growth.



Figure 6: Firm Sales, Employment, Productivity and Stock Value Growth have Country Level Procyclical Skewness
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Note: This figure shows bin-scatters of the Kelley skewness firm of firm growth against GDP growth. Top panels use data from from Osiris for 42 countries covering years
1984 to 2018, for an average sample of about 11,700 firms per year. Bottom left panel uses data from Amadeus with 2-digit industries in 10 countries covering years 1999 to
2018, for a sample of about 320 thousand firms per year. Bottom right panel uses data from from Global Compustat for stock returns for 31 countries covering the years 1985
to 2020 for a sample of about 38 thousands firms per years. Bin-scatters control for country and year fixed effects.



Figure 7: Labor Policy Functions can Jump while Value Functions are Continuous

Note: Value and policy functions implied by the model under different adjustment costs for range of values of the firm-level business conditions at the baseline parameters
and business conditions transition matrix. The lagged labor value is 3 in all simulations (the median grid point for labor).



Figure 8: Simulated Cross Sectional Moments in response to a First Moment Shock
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Note: Simulated cross-sectional moments of firm growth after a first-moment (mean) shock. From left to right: output growth, employment growth, TFP growth, and stock value
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second row to 1 in period 0. In each plot we show four cases: “No AC” refers to no adjustment costs, “Linear” implies a per unit cost to hire or fire labor, “Fixed” implies a lump-
sum cost to adjust labor whatever the change, and “Quadratic” implies adjustment costs are quadratic in the rate of adjustment



Figure 9: Simulated Cross-Sectional Moments: Uncertainty Shock
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sum cost to adjust labor whatever the change, and “Quadratic” implies adjustment costs are quadratic in the rate of adjustment



Figure 10: Simulated Cross-Sectional Moments: Recession Shock
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sum cost to adjust labor whatever the change, and “Quadratic” implies adjustment costs are quadratic in the rate of adjustment



Table 1: The Skewness of Firm Growth is Procyclical, US Time Series

Note: Time-series

D @ 3) @) g o

Sales; Emp., Rev/Emp,  Returns; dopendent variabe s iho

distribution of one-year

AGDP, 0.058***  (0.062***  0.084***  0.035%** "™ grown oot

(0.010) (0.007) (0.026) (0.010) SR Ue" camus

Longitudinal Business

R? 0.50 061 0.15 00T Lo sonwsear sk

Obs. 20 42 51 199 soctionsl " moments

Period 98-19 76-21 98-19 70-23 O et N

Fl‘eq_ YI’ YI’ YI’ Qtl‘ stqndard errors _below

Source LBD LBD LBD CRSP  Fegessons icice o

Average 0.00 0.02 0.09 -0.09 <005, p<00t.
Expansion 0.02 0.05 0.11 -0.05
Recession -0.11 -0.10 -0.07 -0.12

Yr. Obs. 4.6M 4.6M 4.5M 4.0K




Table 2: The Skewness of Firm Growth is Procyclical Across US Industries

(1) (2) (3) (4) &)

Sales; ; Emp. it Rev/Emp. it TFP;; Returns; ;
ASales  ; 0.610***  (.577*** 0.113* 0.022***  (.020%***

(0.161) (0.188) (0.056) 0.010 (0.003)
R* 0.62 0.66 0.14 0.26 0.41
Obs. 931 938 918 457 3,214
Period 70/24 70/24 70/24 76-19 70/24
Freq. Yr Yr Yr Yr Qtr
EE. Yr/Ind Yr/Ind Yr/Ind Yr/Ind Qtr/Ind
Source CSTAT CSTAT CSTAT ASM CSTAT
Average 0.09 0.06 0.06 0.00 -0.09
Expansion 0.13 0.11 0.11 0.03 -0.07
Recession -0.04 -0.13 -0.13 -0.03 -0.15
Yr. Obs. 4.1K 4.1K 4.1K 30.0K 4.1K

Note: Industry-panel
regressions. Dependent
variable is the Kelley
skewness of the within-
industry distribution of
firms-level outcomes from
Compustat and the US
Annual Survey of
Manufacturing (ASM).
Industry j at 2-digit NAICS
level for all but column
(4). ASM industry at 4
digit NAICS. Independent
variable is average sales
growth within an industry-
year. Standard errors
clustered at the industry
level. Compustat sample
consider firms with 10+
years of data.
Regressions include a
linear trend. * p < 0.1, **
p <0.05,** p<0.01.



Table 3: The Skewness of Firm Growth is Procyclical Across Countries

(1)

(2)

3)

(4)

Sales; ; Emp. it TFP, Returns; ;
AGDP; ; 0.034%**  (0.068***  (0.018***  (0.017***

(0.009) (0.012) (0.004) (0.002)
R- 0.378 0.275 0.521 0.310
Obs. 989 957 2648 5418
Period 84-18 84-18 99-18 85-20
Freq. Yr Yr Yr Qtr
EE. Yr/Ctry Yr/Ctry Yr/Ctry Qtr/Ctry
Source BvD BvD Amadeus GCSTAT
Average 0.11 0.05 0.02 -0.097
Expansion 0.14 0.07 0.03 -0.06
Recession -0.02 -0.04 0.01 -0.14
Sample 12.3K 21.0K 411.0K 38,0K

Note: Country-level
panel regressions in
which the dependent
variable is the Kelley
skewness of different
firm-level outcomes in
country k in period t .
Employment and sales
data come from BvD
Osiris  dataset (42
countries), TFP shocks
are estimated using
data from the BvD
Amadeus dataset (10
countries), and stock
returns are from Global
Compustat (GCSTAT,
37 countries). In each
regression, the
independent variable is
the one-year GDP per
capita growth.
Standard errors are
clustered at the
country level. * p < 0.1
’**p<0-05’***p<
0.01.
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