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Abstract

This paper studies the cyclical properties of capital reallocation and capital
liquidity. We show that the amount of capital reallocation and the benefits to
reallocation vary at the business cycle frequency. The amount of capital real-

* location is procyclical. In contrast, the benefits to capital reallocation appear
countercyclical. We measure the amount of reallocation using data on flows
of capital across firms and the benefits to capital reallocation using the cross
sectional dispersion of Tobin'’s ¢, investment rates, total factor productivity,
and capacity utilization. We study a calibrated model of an economy where
capital reallocation is costly and impute the cost of reallocation which is con-
sistent with the amount of reallocation in the data. We find that the cost
of reallocation needs to vary countercyclically to generate the observed joint
cyclical properties of reallocation and dispersion. The cyclical variation in this

cost is interpreted as variation in the liquidity of capital.
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1 Introduction

How does capital reallocation and capital liquidity vary over the business cycle? This
paper presents evidence that the amount of capital reallocation is procyclical while
the benefits to reallocating capital are countercyclical. More capital flows between
firms in booms even though differences across firms in terms of their abilities to put
capital to its most productive use are larger in recessions. This seems puzzling. One
would expect to observe more reallocation, not less, when opportunities for produc-
tive reallocation are abundant. These two empirical findings can be reconciled with
a time varying cost of capital reallocation. We refer to this time varying reallocation
cost as capital liquidity. Using a calibrated model with costly capital reallocation
we find that the liquidity process which reconciles the empirical amount of capital
reallocation with the associated benefits is procyclical, i.e., capital is more liquid in
booms.

First, we document the business cycle properties of capital reallocation. We mea-
sure the amount of capital reallocation using data on sales of property, plant and
equipment, acquisitions, and existing home sales. Since we want to study the re-
allocation of existing capital, we use measures which exclude net investment and
retirements. We find that the amount of capital reallocation across firms is con-
siderable and comprises about one quarter of total investment.® Sales of property,
plant and equipment in turn constitute about one third of capital reallocation across
firms. While there is a large literature on mergers, firms are actually more likely to
reallocate capital by selling part of their property, plant and equipment. The median
firm which is reallocating capital in any given year is doing so through such a sale.
These transactions are smaller, but more frequent than mergers.

It is well known that investment is procyclical. However, less is known about

the reallocation of existing capital.? We argue that existing capital is likely to be

1The amount of reallocation we find is consistent with that reported in Ramey and Shapiro
(1998a) using a different measure. Ramey and Shapiro study changes in reallocation at the growth

frequency and report that the aggregate amount of capital reallocation has increased over time.
2Notable exceptions are Ramey and Shapiro (1998a), Caballero and Hammour (1999, 2000), and

Maksimovic and Phillips (2001).




illiquid because of informational or contractual specificities which tie capital to its
current owner. These frictions may differ from those which affect new investment,
precisely because the transaction involves existing assets. Moreover, reallocation
and investment are driven by different shocks. Net investment is driven by aggregate
productivity, while reallocation is driven by heterogeneity in firm level productivities.
Hence the two series need not comove. We extract the cyclical component of each
capital reallocation series and compute its correlation with the cyclical component of
GDP. We find that capital reallocation is considerably and significantly procyclical.

Next we compare our findings on capital reallocation to those on labor realloca-
tion, which has been widely studied in the literature. Although we do not model
labor in this paper, one might expect capital reallocation and labor reallocation to
have similar cyclical properties since labor and capital are complements in most stan-
dard production functions. Davis, Haltiwanger and Schuh (1996) show that gross job
flows, measured as the sum of job creation and job destruction, are countercyclical.
This stylized fact regarding the cyclical behavior of labor reallocation is not directly
comparable to our results regarding capital reallocation since the gross job flows se-
ries includes net changes in employment. To construct a job flow series comparable
to our capital reallocation series, one should exclude net flows into and out of un-
employment since our measure of capital reallocation excludes net investment and
retirements. We construct a series of excess job flows measured as gross job flows
minus the absolute value of the net change in employment and find that excess job
flows are weakly procyclical.® The excess job flows series better approximates a mea-
sure of flows of workers across firms and is therefore more comparable to our measure
of capital reallocation across firms.

We are interested in using our findings for capital reallocation to infer the business
cycle properties of the cost of reallocating capital, which we call capital liquidity.
To impute the cyclical properties of the cost of reallocation, we need a measure of
how much capital reallocation we would expect in booms compared to how much

reallocation we would expect in recessions. In other words, we need a measure of

3Davis, Haltiwanger, and Schuh (1996) compare the amount of excess vs. gross job reallocation,

but do not report the cyclical properties of excess job reallocation.




the benefits to reallocating capital over the cycle. We use measures of productivity
dispersion across firms and industries to measure the benefits to reallocating capital.
The idea is that we would expect more reallocation of capital when large productivity
differences across firms create opportunities for productive reallocation. We illustrate
this idea using our model of capital reallocation in Section 3.

We measure the benefits to reallocating capital using dispersion in investment
opportunities, investment rates, total factor productivities, and capacity utilization.
We find that dispersion in investment opportunities, measured by Tobin’s g, is basi-
cally acyclical. Dispersion in investment rates, total factor productivity and capacity
utilization are countercyclical. Thus, while the amount of reallocation is highly
positively correlated with GDP at the business cycle frequency, the benefits to real-
location are not.

That measured dispersion is countercyclical suggests that the benefits to realloca-
tion are higher in recessions than in booms. The fact that the benefits to reallocation
are countercyclical while the amount of capital reallocation is procyclical can be rec-
onciled by a cost of capital reallocation which is countercyclical. Our “identification”
strategy relies on the fact that while contractual and informational frictions may be
countercyclical, physical adjustment costs should not be. In fact, if physical adjust-
ment costs are mainly opportunity costs measured in terms of lost output, then they
will be procyclical. Thus we interpret the cyclical variation in the cost of capital
reallocation as cyclical variation in contractual and informational frictions, which we
refer to as “liquidity.” Liquidity is hence procyclical.

We use our empirical findings as inputs into a calibrated model of capital real-
location in order to impute a measure of the variation in liquidity over the business
cycle. Our model implements costly capital reallocation using a standard adjust-
ment cost function. When capital is sold, the seller incurs a cost which is linearly
homogenous in the amount of capital sold and the capital stock. We use this adjust-
ment cost to proxy for capital illiquidity. We ask whether a model with calibrated
aggregate and sector specific shocks can match the observed amount of reallocation

and find the model is successful in this dimension. However, if dispersion in sector

specific productivities are acyclical (a conservative calibration given that measured




dispersion seems countercyclical in the data) then the model produces capital real-
location which is uncorrelated with output. To replicate the procyclical nature of
capital reallocation found in the data we allow the cost of reallocating capital to vary
countercyclically. This countercyclical cost leads to procyclical reallocation and does
not alter other calibrated moments of the economy. The empirical findings combined
with the output of the calibrated model imply that capital is less liquid in recessions
than in booms. The cost of reallocation which comes closest to matching the corre-
lation between output and reallocation in the data implies that the average cost in
recessions is double the unconditional average.

The focus on frictions which vary at a business cycle frequency is not new. Models
such as Bernanke and Gertler (1989), Kiyotaki and Moore (1997), and Rampini
(2000), for example, generate countercyclical agency costs. However, this literature
focuses on the effect of frictions on investment in new capital. In contrast this paper
studies the reallocation of existing capital. Shleifer and Vishny (1992) and Eisfeldt
(2002) do focus on secondary markets for capital but are not quantitative. In fact,
little is known about the cyclical properties of capital liquidity. Most models of
illiquidity employ contractual or informational frictions, and depend crucially on
parameters which are very hard to measure empirically. In this paper, since the
process for liquidity is imputed, we avoid the problem of measuring difficult objects
like the amount of adverse selection or the level of agency costs.

Our model of capital reallocation builds on that in Ramey and Shapiro (1998b)
who study capital reallocation due to sectoral shocks and show how industry shocks
can reduce aggregate output when reallocation is costly.* We also build on recent
work by Jovanovic and Rousseau (2002) who develop a theory of mergers as profitable
reallocation due to dispersion in ¢ and study merger waves. This paper is also related
to studies of the effects of heterogeneity across firms on new investment, such as
Hopenhayn (1992), Bertola and Caballero (1994), and Monge (2001), among others.

The paper proceeds as follows. Section 2 provides an empirical characterization

of the business cycle properties of reallocation. We discuss the cyclical properties of

1For early models of the reallocation of labor due to sectoral shocks, see Lucas and Prescott
(1974) and Rogerson (1987).




the reallocation of capital, the reallocation of labor, and the benefits to reallocation.
Section 3 presents the model, discusses the calibration, and studies the implied busi-
ness cycle properties of liquidity. Section 4 discusses possible explanations for the

variation in the cost of reallocation with aggregate conditions. Section 5 concludes.

2 Business Cycle Properties of Reallocation

2.1 Capital Reallocation

In this section, we document the cyclical properties of capital reallocation. By capital
reallocation we mean the reallocation of capital across firms, or households. We use
three series to measure capital reallocation: sales of property, plant and equipment,

acquisitions and existing home sales.’

Ideally, we would like to use data on all
reallocation of capital across firms and households, of which these three measures are
only a subset. To account for this, we will also look at turnover rates, or reallocation
normalized by the subset of the capital stock included in our data. We use this
turnover rate of capital to calibrate our model. We will focus on the reallocation of
corporate assets in our model of capital reallocation, but have included the results
for existing home sales to provide a broader characterization of the variation in
reallocation and to show that the procyclical nature of reallocation is pervasive.

We define “reallocation” as the sum of acquisitions and sales of property, plant
and equipment, and will calibrate our model to match the empirical properties of
this series. Summing acquisitions and sales of property, plant and equipment is valid
as long as only one side of every transaction is recorded in these series. Since capital
expenditures are not broken down into expenditures on new and used capital, we
think that this reallocation series is our best measure of the reallocation of existing
capital which excludes new investment. Since there may be some sales of property,

plant and equipment which are recorded as acquisitions by the purchaser, we also

50ur main data source is annual firm level data from Compustat. The data on existing home
sales are from the National Association of Realtors. A detailed description of the data we use

throughout the paper is in the appendix.




study each series individually.

Table 1 presents summary statistics for capital reallocation across firms. Real-
location constitutes 23.89% of investment, where investment is defined as capital
expenditures plus acquisitions.® Depending on the measure of the capital stock,
between 1.39% and 5.52% of the capital stock is reallocated on average each year.
Out of total reallocation, property, plant and equipment sales account for 31.73%.
Although we will not distinguish between acquisitions and sales of property, plant
and equipment in the model, it is interesting to study the cyclical properties of each
series separately. For example, one might expect that if capital illiquidity stems from
organizational capital linked to the assets, then the sensitivity of reallocation to the
cycle might depend on how bundled the transacted assets are.

Since we are interested in the cyclical properties of capital reallocation, it is im-
portant to detrend the reallocation and GDP series’, since both are growing over the
time period studied. We use the Hodrick-Prescott filter described in Hodrick and
Prescott (1980) to extract the cyclical component of the log capital reallocation se-
ries” and of log GDP.” We deflate all series to 1996 dollars to remove any effects from
variation in nominal prices. We compare the cyclical properties of the reallocation
series to that of log GDP and also plot the series against NBER recession dates.
Panel A of Table 2 presents the correlation of output with our measures of capital
reallocation. We will focus on the HP filtered log series, but report statistics for
linearly detrended data as well as for turnover rates. The correlation of capital real-
location and output is highly positive and significant. For acquisitions the correlation
is 0.675, for sales of property, plant and equipment it is 0.329, and for reallocation it
is 0.637. For existing home sales the correlation is 0.614. Figure 1 plots the cyclical
components of the capital reallocation series against that of GDP. The procyclical
nature of capital reallocation shows up clearly in the graph; all series appear to move
together and to comove with GDP. Moreover, NBER recession dates are associated

with considerable drops in the level of capital reallocation. Figure 2 plots the cyclical

6Compustat measures capital expenditures as expenditures on property, plant and equipment

excluding acquisitions.
"To extract the cyclical component from annual data we use a weight of 100 in the filter.




components of the capital reallocation turnover series against GDP, and replicates
the features of Figure 1.

Panel B of Table 2 describes how much more capital reallocation occurs in booms
than in recessions by computing the ratio of the conditional mean of each reallocation
series when GDP is above trend to that when GDP is below trend. Seventy one
percent more acquisitions, thirty percent more sales of property, plant and equipment,
and fifty nine percent more reallocation occurs when GDP is above trend than when
GDP is below trend. Existing home sales are eleven percent higher when GDP is
above trend.

Due to the fact that our data only includes sales of property, plant and equipment
and does not include a separate measure of purchases of used capital, we measure
only one side of these transactions. If the capital of firms which exit Compustat
is reallocated and firms which exit do not gradually sell off their capital (which we
would observe given our data) but rather are dropped from the sample, we may
mismeasure the cyclical properties of reallocation. However, as long as exiting firms
are as likely to be sold as going concerns as continuing firms are, the procyclical
nature of acquisitions suggests that exits do not significantly change the properties
of capital reallocation. Moreover Maksimovic and Phillips (1998) report that entry
into bankruptcy, an event presumably related to exiting Compustat, by itself does
not affect the probability that a firm sells assets. Finally, consistent with our findings,
Maksimovic and Phillips (2001) report that in plant level census data the number of
plants sold is higher in expansion years than in recession years.

We conclude that capital reallocation is procyclical. Interestingly, the focus of
most of the finance and real estate economics literature seems to be on the correlation
between volume and prices or returns in financial markets and housing markets,
respectively, rather than aggregate fundamentals like GDP or employment (see, e.g.,
Lo and Wang (2000) and Stein (1995) and the papers cited therein).® The finding
in both the finance and real estate literature is that the correlation between volume
and prices or returns, and hence good times, is positive. This is consistent with our

finding for capital reallocation.

8Maksimovic and Phillips (2001) is an important exception.




2.2 Comparison to Labor Reallocation

It is interesting to compare our results for the cyclical properties of capital realloca-
tion to the results of the literature on job reallocation (see, e.g., Davis, Haltiwanger,
and Schuh (1996), hereafter DHS). This literature has documented the fact that job
reallocation as measured by gross job flows, which are the sum of gross job creation
and gross job destruction, is countercyclical. Using the DHS data we show that the
correlation of the Hodrick-Prescott filtered job reallocation rate and the cyclical com-
ponent of GDP is -0.890, significantly countercyclical. We also reaffirm the result
which is the focus in DHS, namely the correlation with the cyclical component of the
net change in employment, and find a correlation of -0.515 (see Table 3).

Since labor and capital are complements in most standard production functions,
one might expect labor and capital reallocation to have more similar cyclical prop-
erties. However, it is important to notice that the capital reallocation and gross
job flows series are not directly comparable, since the gross job flow series includes
the net change in employment while our measure of capital reallocation excludes net
investment and retirements by definition. To enable a comparison one should use a
job flow series which excludes net flows into and out of unemployment. We construct
a series of excess job flows measured as gross job flows minus the absolute value of
the net change in employment, which is equivalent to taking (twice) the minimum of
creation and destruction. The excess job flows series better approximates a measure
of flows of workers across firms and is therefore more comparable to our measure
of capital reallocation across firms. We find that excess job flows are very weakly
procyclical and the correlation with detrended GDP is 0.011. Figure 3 plots the
gross and excess job flows series. The correlation of excess job reallocation with the
detrended net change in employment is 0.280. From this vantage point, a more con-
sistent picture of the cyclical properties of reallocation of labor and capital emerges:
the reallocation of labor across firms, like the reallocation of capital across firms, is
procyclical, although not as strongly so.

While the results on the procyclicality of excess job reallocation have, to the best

of our knowledge, not been stressed in the literature, it is well known that quits




are procyclical (see, e.g., Akerlof, Rose, and Yellen (1998)). The two results may
be related if workers who quit do so to take other jobs rather than to drop out of
employment. Moreover, Caballero and Hammour (1999) argue that recessions reduce
curnulative reallocation, which also might be more related to excess rather than gross
reallocation. Finally, Boeri (1996) finds that gross job reallocation is either acyclical
or mildly procyclical in other countries, and Foote (1998) finds that it is procyclical
in most non-manufacturing sectors in the US.

How similar we should expect the cyclical properties of capital and labor reallo-
cation to be depends on the degree of complementarity between capital and labor,
the elasticity of labor supply, differences in the cost of reallocating labor vs. capital,
etc., which we do not explore in this paper. However, it would be surprising if capi-
tal reallocation and labor reallocation were very negatively correlated. We compute
the correlation of capital reallocation with both gross and excess job flows and find
that the correlation with gross job flows is negative but the correlation with excess
job flows is positive, consistent with our findings for GDP (see Table 3). There are,
however, other differences between the DHS job flows series and our capital reallo-
cation series. The DHS data measures job flows and not worker flows, whereas our
measures track units of capital; the DHS data is for manufacturing firms only; and
the DHS job flows are measured at the plant level.” Furthermore, capital is owned
and thus in a sense deployed both before and after reallocation, whereas workers may
transition through unemployment as the reallocation to a different job occurs. This
explains the natural focus of the labor literature on gross flows rather than excess
flows. However, we interpret the evidence overall as suggestive of a positive relation

between capital and worker flows from one productive use to the next.

2.3 Benefits to Reallocation

Intuitively, capital reallocation should be driven by heterogeneity across firms in their

ability to use capital productively. In section 3.1 we formalize this idea in the con-

9The dating of the labor reallocation data, discussed in the appendix, also suggests caution when

interpreting these results.
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text of our model. We show that, ceteris paribus, the amount of capital reallocation
should be larger, the more dispersion there is in the marginal productivity of capital.
We state the link between marginal productivities and ¢’s, and marginal productivi-
ties and total factor productivities, and show that more dispersion in these variables
should also coincide with larger amounts of capital reallocation. Accordingly, we call
these dispersion measures measures of the “benefits” to capital reallocation, since
they measure opportunities for productive reallocation. We study the cyclical prop-
erties of these and some alternative dispersion measures to assess how the benefits
to capital reallocation vary over the business cycle.

In this paper, we do not take a stand on whether capital reallocation across in-
dustries or within industries across firms is more important. Our data on sales of
property, plant and equipment only identifies one side of each transaction, so we do
not know whether reallocation occurs within or across industries, what we know is
that the capital is sold from one firm to another. We do know from the extensive lit-
erature on mergers that mergers both within and across industries are common. For
robustness, we present dispersion measures at different levels of aggregation where
possible. All measures paint a consistent picture. We document the cyclical proper-
ties of the following measures of the benefits to reallocation: the standard deviation
of Tobin’s q across firms, the standard deviation of investment rates across firms, the
standard deviation of total factor productivity growth rates across industries, and the
standard deviation of capacity utilization rates across industries.!® In addition, we
discuss measures of “reallocation shocks” studied in the labor literature, all of which
are reported to be countercyclical. Consistent with these findings, all of our disper-
sion measures indicate that the benefits to capital reallocation are countercyclical,
except for the dispersion in ¢’s which is acyclical.

First, we study the cyclical properties of the benefits to reallocation using data
on the dispersion in firm level q. According to standard g theory, capital should flow

from firms with low ¢’s to firms with high ¢'s, and we reaffirm this in the context of

10A]] standard deviations are value weighted. Value weighting is motivated by the idea that dis-
persion across firms with larger capital stocks corresponds to larger amounts of capital reallocation.

However, equal weighting yields very similar results for all measures.
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our model below. The higher the dispersion in g, the more the economy can benefit
from reallocation. In fact, our model (and many other standard models) implies that
observing dispersion in ¢ directly implies that there exists a friction in reallocating
capital since otherwise ¢'s should be equalized.

Panel A in Table 4 reports the correlation between the cyclical component of
g dispersion and GDP. Firm level ¢ is computed as the market to book ratio for
the firm’s total assets, i.e., we measure average q. We report three measures of the
dispersion in ¢: the standard deviation of ¢’s less than five, the standard deviation
of g, and the difference between the third and first quartiles of ¢ normalized by the
median g. Concern about measurement error led us to exclude extreme values of
q. Using an upper bound to exclude high ¢’s likely subject to measurement error
may bias the variation in the measured standard deviation and for this reason we
also report dispersion using quartile differences.!! The correlation of the cyclical
components of dispersion in g and GDP varies quite a bit depending on the measure,
from -0.130 to 0.134, however no correlation estimate is statistically significantly
different from zero. The correlation hetween the cyclical component of dispersion
in ¢’s less than five and GDP is -0.130 and this series is plotted in Figure 4. We
conclude that dispersion in q is essentially acyclical.'?

Panel A also reports the correlation between the cyclical component of dispersion
in firm level investment rates and GDP. Since investing at different rates is one
way to reallocate capital, dispersion in investment rates is indicative of a motive for
reallocation, assuming depreciation rates are similar. We find that the correlation
between the dispersion of investment rates and GDP is negative, but not significant
for the HP filtered series.

Next, we document the cyclical properties of the dispersion of total factor pro-
ductivity (TFP) growth rates across industries. The idea is that capital should be

reallocated to sectors with higher TFP -grow‘ch and away from sectors with lower

1 Negative ¢'s were always excluded. Abel and Eberly (2002) also use this selection criterion,

excluding ¢'s less than zero or greater than five.
12Ty compare to our industry level measures, we also computed dispersion in industry level ¢’s,

computed as industry level market value divided by industry level book value (at the two digit SIC

code level) and found this dispersion to be acyclical as well.
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TFP growth and thus we expect the benefits to reallocation to be high when the dis-
persion of TFP growth rates is high. Below, we show that in our model an increase
in the difference between total factor productivities should increase the amount of
reallocation which occurs. We use three measures of the cross-sectional dispersion of
productivity growth rates (see Panel B of Table 4). The first measure computes the
time series of the sectoral-output weighted standard deviation of “multifactor pro-
ductivity” growth rates (from the Bureau of Labor Statistics) across 18 durable and
non-durable manufacturing industries at the two digit SIC code level. The correlation
between the cyclical component of sectoral TFP growth dispersion and the cyclical
component of GDP is -0.465. The second measure computes the time series of the
sectoral value-added weighted standard deviation of total factor productivity growth
rates (from the NBER-CES Manufacturing Industry database) across 458 durable
and non-durable manufacturing industries at the four digit SIC code level.?® The
correlation between the cyclical component of sectoral TFP growth dispersion and
the cyclical component of GDP is -0.384 using this measure.!* The third measure
computes the time series of the sectoral value-added weighted standard deviation
of “productivity changes” adjusted for variation in capacity utilization (from Basu,
Fernald, and Kimball (2001)) across 29 manufacturing and non-manufacturing in-
dustries at roughly the two digit SIC code level within manufacturing and the one
digit SIC code level outside manufacturing.!® The correlation between the cyclical
component of sectoral dispersion in productivity changes and the cyclical component
of GDP is -0.437. Thus, the dispersion of productivity according to these measures
is countercyclical which suggests countercyclical benefits to reallocation. Figure 5
plots the cyclical component of the standard deviation of TFP growth rates across
industries. The negative correlation is evident from the graph.

Another measure of the benefits to reallocation we propose is the dispersion of

capacity utilization across sectors. A high dispersion of capacity utilization rates

13§chuh and Triest (1998) discuss a similar measure of dispersion using this data.
HWe also computed within two digit SIC code industry dispersion in four digit SIC code industry

level TFP growth. Within industry dispersion was countercyclical in sixteen out of twenty industries

and the average correlation with GDP was -0.18.
15We thank John Fernald for providing us with their estimates of industry productivity changes.
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suggests that the benefits to reallocating capital are high. We use the sectoral-
output weighted standard deviation of capacity utilization rates (from the Federal
Reserve Board) across 16 durable and non-durable manufacturing industries at the
two digit SIC code level as our measure of the dispersion of capacity utilization
rates. The correlation between the cyclical component of sectoral capacity utilization
dispersion and the cyclical component of GDP is -0.672 (see Panel B of Table 4).
The dispersion of capacity utilization is hence countercyclical which, consistent with
the results above, suggests countercyclical benefits to reallocation.

The literature has studied the dispersion of employment growth rates across in-
dustries and the dispersion of industry index returns and industry index excess re-
turns across industries as measures of sectoral shocks. All studies report that these
shocks are countercyclical. Lilien (1982) finds that there is a positive correlation be-
tween the aggregate unemployment rate and the standard deviation of employment
growth rates across industries in annual postwar U.S. data. Relatedly, Abraham and
Katz (1986) document that the correlation between the dispersion of employment
growth rates across industries and the volume of help wanted advertising is negative.
Loungani, Rush, and Tave (1990) find a positive correlation between the aggregate
unemployment rate and (up to three lags of) stock return dispersion measures across
industries in annual U.S. data. They use both the equally weighted and the em-
ployment weighted cross-sectional standard deviation of S&P industry index returns
as measures of stock return dispersion. Brainard and Cutler (1993) find that the
employment-weighted variance of excess returns across industries is positively corre-
lated with unemployment in quarterly U.S. data. They also report that they obtain
similar results using the value-weighted variance of excess returns across firms. To
sum up, the various measures of cross-sectional dispersion studied in the literature

are consistent with our findings of countercyclical dispersion.

3 Implied Business Cycle Properties of Liquidity

The data suggests the following facts about capital reallocation: capital reallocation

is procyclical while the benefits to capital reallocation seem countercyclical. In this
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section we provide a calibrated model of costly capital reallocation consistent with
these two facts and impute the business cycle properties of the liquidity of capital,
i.e., the frictions involved in reallocating assets. The model suggests that these
reallocation frictions have to be substantially countercyclical. We model the cost
of reallocation as a standard adjustment cost incurred by the seller when capital
is reallocated. However, we interpret the variation in the cost of reallocation as
due to variation in informational and contractual frictions and hence variation in
the liquidity of capital since it does not seem plausible that there is substantial
countercyclical variation in the physical cost of reallocation. Thus, while our model
uses adjustment costs to capture the cost of reallocation, we argue that the variation

in this cost should be interpreted as variation in liquidity.!®

3.1 Model

We develop a model where capital reallocation is an important feature of the economy
in equilibrium. Reallocation of capital between firms or technologies is driven by
idiosyncratic shocks to firm or vtechnology level productivity. Since we are interested
in the business cycle properties of reallocation and liquidity, the economy will also
be subject to aggregate productivity shocks.

We study the problem of maximizing the representative agent’s utility by allo-
cating the economy’s capital amongst firms or technologies subject to the aggregate

resource constraint. The representative agent has standard preferences
E [Z 5%(@)] (1)
=0

where C; is the representative agent’s consumption of the single consumption good,
u(C) = 91—1;;}, B < 1, and ¢ > 0. Since our focus is on capital reallocation, we do not

explicitly consider the labor-leisure choice and instead implicitly assume that labor

is supplied inelastically.

16In support of the idea that capital liquidity varies and matters for reallocation decisions,
Schlingemann, Stulz and Walkling (2002) find that for firms which stop reporting a segment, asset
liquidity, measured by corporate transactions over assets within each two digit SIC code, is the most
important determinant of whether that segment is sold vs. restructured within the firm.
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The economy has two technologies which both produce the single consumption
good. We assume that capital is technology specific but can be reallocated from one
technology to the other. However, capital is illiquid which means that reallocation is
costly and moreover capital illiquidity may vary with the state of the economy. We
model the cost of reallocation as an adjustment cost incurred by the seller.

Denote the beginning of period capital stock in technology ¢ by K;; and the capital
stock after reallocation by f(i,t. We assume that reallocation, R;_.s; and Ry_,1, occurs
at the beginning of the period after the productivity of the two technologies have
been realized and is instantaneous. Thus, it is the capital stock after reallocation
which is used for production in period t. Reallocation is assumed to be instantaneous
in order to capture the idea that increasing the capital stock by reallocating capital
is faster than through investment. This is an important difference to Ramey and
Shapiro (1998b). They assume that capital reallocated at time ¢ becomes available
only at time ¢ + 1 and cannot be deployed in production at time ¢. This means
that reallocation is much more costly than in our model and implies that only large
shocks, such as the military buildup that they consider, trigger capital reallocation.
In contrast, in our model reallocation of capital occurs most of the time.

The resource constraint for the model economy is

2
Cy <3 A F(Kiy) — Ly, (2)

i=1

where A;; is the total factor productivity of technology i, I;; is investment in tech-
nology i for next period, and F is the production function which we assume takes
the following form: F' (IA(}) = ¢ =1,2. Notice that we have assumed that both tech-
nologies produce the same consumption good and hence consumption has to be less
than or equal to the sum of the output of the two technologies net of new investment.

The law of motion for each type of capital, for all ¢ and i # j, is

-

Ky = Ki:+Rj_it— Rt — T(Rimje, K;:) (3)
Kize1 = (1=8Kip+ Ly (4)

where T is the reallocation cost function which represents capital illiquidity, d is the

rate of depreciation with 1 > § > 0, and R;_.;; > 0. Equation (3) describes the within
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period law of motion for capital in technology i: the capital deployed in technology
¢ this period (IA{M) equals the amount of capital in technology ¢ at the beginning of
the period (K;;) plus the amount reallocated from technology j (R;_.) minus the
amount reallocated to technology j (R;_;+) minus the cost of reallocating capital to
technology j (I'r(Ri—;zt, Kiy)). Equation (4) implies that the capital in technology 4
at the beginning of period ¢+ 1 equals the amount of capital deployed in technology
¢ 1n period ¢, i.e., the amount of capital in technology : after reallocation (IA(},t), net
of depreciation, plus the amount of new investment in period t. Capital illiquidity is

modeled using the following reallocation cost function:

7 (Rivge\”
g i) = (B2 K 5)

with v > 0. Thus, capital illiquidity is modeled by a quadratic cost function which
is linearly homogenous in reallocation and the capital stock. The capital liquidity
parameter y determines how illiquid capital is. A higher v implies that capital
reallocation is more costly, or that capital is more illiquid. The reallocation cost
captures illiquidity in the sense that when capital is more illiquid, sellers of capital
incur a larger cost.

The functional form for the reallocation cost is the standard one used in models
with adjustment costs on new investment (see Abel and Eberly (1994)). It captures
the idea that reallocation is likely to be more costly when the fraction of capital
which is reallocated is large. Note also that although there may be fixed costs due
to capital illiquidity at the firm level (e.g., Table 1 shows that the median firm is
not reallocating in any given year), firm level fixed costs do not imply fixed costs at
the sectoral level.}” Indeed, since in the aggregate data reallocation is never ZEro, We
assume a cost function which implies that the marginal cost of reallocation is zero
at zero reallocation such that the model predicts strictly positive reallocation at all
times. For simplicity, we have assumed that new investment is frictionless.

~ Sectoral level productivities are given by the productivity processes Ay and Aoy

which are modeled as follows: The two technologies are assumed to be symmetric.

17See Cooper and Haltiwanger (2000) and Abel and Eberly (2002) for studies of the nature of

capital adjustment costs implied by plant and firm level investment data respectively.
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The logarithm of productivity of technology ¢ is the sum of an aggregate productivity

shock, 2%, and a technology specific productivity shock, 27, that is,
In(A;:) = 27 + 2, (6)

We assume that 27, = —z7;, ¢ # j, which means that the technology specific shocks
are perfectly negatively correlated, and we can thus think of there being only one
technology specific productivity shock which determines which technology is cur-
rently more productive. Furthermore, we assume that aggregate productivity and
technology specific productivity are independent and both follow a Markov chain.

We will first consider an economy in which 7, the parameter in the realloca-
tion cost function which determines cépital liquidity, is constant. We then consider
economies in which ~ varies with the aggregate state of the economy, since we are
interested in the effect of changes in illiquidity, or the cost of reallocation, as a func-
tion of the aggregate state of the economy. Specifically, we will consider an economy
in which v = 7(2¢). This completes the description of the model.'®

Reallocation is valuable in this model because at the beginning of each period,
after the productivities of the two technologies have been revealed, capital can be re-
allocated to its most productive use. This can be seen using the first order conditions
for the representative agent’s problem which imply that:

2 Ri—r' y R'—+‘i
(Ao K3 +(1-6)) x (1 +77(J’—t) = (A; K5+ (1-6)) X (1 +7;{_¢> (7
it 4.t

Thus, the marginal product of capital times one plus the marginal cost of reallocation
are equated across the two technologies. If reallocation is costless (v = 0), then the

marginal product of capital is equated across the two technologies and the economy

18\We state the representative agent’s problem for a stationary economy. This should be inter-
preted as the problem in a growing economy after adjusting for growth. Specifically, suppose that
total factor productivity grows at exp(p) per period. Then all variables, Ct,Ki,t,IA{,-,t,R.L-_.Lt,Ii,t,
grow at A = exp(p)’/(1~®), If the discount rate and depreciation rate in the growing economy are
8 and 4, respectively, then the stationary problem is obtained by rescaling all variables by A"t and
setting 8= A 17 and 1 -6=(1 - 5)/)\, except for a minor adjustment to the law of motion for
capital which now reads K; 4.1 = (1 — J)IA(M + A7 ;. In the calibration and computation of the

model we adjust for growth in this way.
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reduces to a one technology economy. However, strictly positive reallocation costs
introduce a wedge between the marginal products. Notice that whenever reallocation
from technology 7 to j is positive, then reallocation in the opposite direction is zero.
Hence, if capital is reallocated away from technology 7, then the marginal product of
capital in technology i is lower than the marginal product in technology j. The wedge
1s equal to the marginal cost of reallocation. Furthermore, if the economy begins the
period with equal amounts of capital in both technologies, then an increase in the
difference between the total factor productivity in the two technologies increases the
amount of reallocation that occurs. This is the intuition which motivates measuring
the “benefits to reallocation” by dispersion in total factor productivity as we did in
Section 2.

We can also derive an expression for the marginal value of capital in each tech-
nology in our model, a version of marginal q. Using the envelope condition and the

first order condition for the representative agent’s dynamic program we have

a / o= i~ 2
BKiv(z“,zs,Kl,Kg) = /(C) x (AaKe™ + (1-6)) x (1 + % (%—J) ) . (®)

Taking the consumption good as the numeraire, this means that the marginal value
of each type of capital equals its marginal product times one plus the marginal
reduction in reallocation cost. If reallocation is costless, then the marginal value
equals the marginal product and the marginal value of both types of capital are
equal since we showed above that the marginal products are equated in this case.
Thus, if reallocation is costless there would be no dispersion in marginal ¢ in this
economy. When capital reallocation is costly however, there will be dispersion in
marginal g across the two technologies. Whenever capital is reallocated away from
a technology, then the marginal ¢ of that technology is lower than the marginal q of
the other technology. In addition, a higher dispersion in ¢ implies higher dispersion
in the marginal product of capital (assuming the last term in equation (8) is small)
and hence more reallocation from equation (7). This is the rationale for using the

dispersion of g as a measure of the benefits to reallocation.
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3.2 Calibration

In this section we calibrate our model of capital reallocation. The parameterization
is summarized in Table 5. The aim is to match the observed amount and cyclical
properties of capital reallocation in a model which is consistent with the stylized
facts about growth and business cycles.’® We use standard parameter values wherever
possible. In particular, we are interested in understanding to what extent reallocation
costs need to vary countercyclically to explain the procyclical nature of reallocation.
To be conservative, we calibrate the model assuming that sector specific technology
shocks are acyclical rather than countercyclical as the data suggests.

Since our data is annual, the model is calibrated to annual data. We use standard
values for preferences: the rate of time preference is assumed to be 8 = 0.96 and
the coeflicient of relative risk aversion is o = 2. We set a = 0.333 in the production
function and set depreciation to 4 = 0.1. Both these values are common in the
literature. The assumption about depreciation will imply an investment to capital
ratio of 0.1. We assume that the growth rate X is 0.0175.%°

Aggregate productivity and technology specific productivity are each assumed
to follow a two state Markov chain. The two Markov processes are assumed to be
independent from each other. Specifically, we assume that aggregate productivity
z* € {+A°* —A*} and sector specific productivity z; € {+A* —A*}. We assume

that both productivity processes are described by a Markov transition matrix of the

T 1—73]. (9)

form
1—7
I1° =

l1—m T 1-—ns Vi

] and II* =

To match the business cycle frequency, the transition probabilities are chosen such
that the expected time until a switch in aggregate productivity occurs is 4 years,
thus, 7#* = 0.75. Similarly, we choose n° = 0.75 which implies an expected time
until a reversal of relative productivities of the two technologies of 4 years. Given

these assumptions, the standard deviation of the aggregate productivity process is

19Gee Cooley and Prescott (1995).
203ee footnote 18 for a discussion of where growth needs to be accounted for when computing the

model. However, setting the growth rate equal to zero does not significantly alter the results.
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o(z*) = A® and the standard deviation of the technology specific shock is o(2%) = A®.
We assume that A* = 0.015, implying an annual standard deviation of the logarithm
of aggregate total factor productivity of 1.5%. Notice that the standard deviation
of the growth rate, say g°, of the sector specific shock is o(g°) = V1 — m2A° = A®,
The cross sectional standard deviation of productivity growth rates across industries
in the data from Basu, Fernald, and Kimball (2001) is 5.7% and thus we choose
A® = 0.057.

The parameters of the reallocation cost function are chosen to match the amount
and cyclical properties of reallocation. Measures of the amount of reallocation in
our data include the ratio of reallocation to investment, which is 23.89%, and the
turnover rate of property, plant, and equipment, which is 1.75% (see Table 1, Panel
B). In our model these correspond to the ratio of reallocation to new investment plus
reallocation and the reallocation to capital ratio. We calibrate the model such that
the ratio of reallocation to new investment plus reallocation equals 20%. This is a
more conservative estimate of reallocation as a fraction of investment which adjusts
for the possibility of double counting by assuming that half of property, plant and
equipment sales are also recorded as acquisitions. To match this level of reallocation
we set the capital liquidity parameter v = 0.05.

Our measures of the cyclical properties of capital reallocation suggest a correlation
of reallocation with output of between 0.329 and 0.675 (see Table 2). We will let
the illiquidity of capital vary with aggregate productivity by assuming that ~ is low
(high) when aggregate productivity is high (low). Specifically, we assume that

() e {v + A",y A"} (10)

and follows a Markov processes which is perfectly negatively correlated with the
process for aggregate productivity. Setting the liquidity variation parameter A” = 0
recovers the case of constant illiquidity. We will study the cyclical properties of
capital reallocation as we increase A”. We report results for A = 0,0.025 and 0.05.
Notice also that given this parameterization the unconditional expected illiquidity is

held constant independent of A”.

21




3.3 Results

We have constructed a model and calibrated it to be consistent with the stylized
facts about business cycles and growth. The goal is to impute the implied variation
in the cost of reallocating capital, or capital liquidity, which generates a reallocation
series consistent with the empirical moments described in Section 2. In Table 6
we report moments from three economies. The first economy features a constant
reallocation cost chosen to match the empirical amount of reallocation. This economy
produces moments consistent with the standard macroeconomic stylized facts, but
fails to generate procyclical capital reallocation. The second and third economies
allow capital illiquidity to vary with aggregate productivity by changing the liquidity
variation parameter A7, with more variation allowed in the third. The third economy
comes closest to generating the empirical correlation between capital reallocation
and output using a reallocation cost which implies that the expected marginal cost
of reallocating capital when productivity is low is about twice the unconditional
expected marginal cost (Table 6 presents the model results.)*!

The economy with constant capital illiquidity matches the empirical amount of
capital reallocation by setting the capital liquidity parameter from equation (5) equal
to 0.05. This implies that the reallocation cost must be small to match the empirical
reallocation to investment and reallocation to capital ratios. The mean reallocation
cost is small in our model because new investment is assumed to be costless. This
allows costless reallocation of capital across technologies for the next period and
thus reduces the benefit from instantaneous reallocation. By introducing an adjust-
ment cost on new investment we could change the mean level of the reallocation
cost predicted by the model. But since we are primarily interested in the cyclical
properties of the illiquidity of existing capital we use the assumption of costless new
investment to simplify the exposition and computation.?? The expected marginal

cost of reallocating an additional unit of capital is 0.0025 which represents 0.11% of

21'Here, by “expected” we mean the cross sectional average given the stationary distribution of

capital across sectors.
22We have computed a version of the model with adjustment costs on new investment, but this

turns out not to significantly alter the results for the c¢yclical properties of reallocation.
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average consumption. With this constant reallocation cost, and calibrated aggregate
and sectoral specific shocks, reallocation is 20% of investment (where investment is
defined as investment plus reallocation to be consistent with our empirical measure)
and 2.5% of capital, in line with the empirical ratios in Table 1. This economy pro-
duces a capital output ratio of 2.3, an investment to capital ratio of 0.1, a standard
deviation of log consumption of about one percent and a standard deviation of log
output of about two percent, all in line with the standard macroeconomic stylized
facts. However, this economy fails to match the procyclical nature of capital reallo-
cation. The correlation between log reallocation and log output is basically zero both
in levels and turnover rates, and the ratio of reallocation conditional on high vs. low
productivity is about one. Notice that this is the case despite the fact that we have
conservatively calibrated our dispersion shocks to be acyclical and that moreover the
oppOrtunity cost of reallocating capital in this model is indeed lower when aggregate
productivity is low.

To generate procyclical capital reallocation, we modify the reallocation cost by
varying the capital liquidity parameter with the aggregate state. We assume that it
is more costly to reallocate capital, so that capital is less liquid, when productivity
is low. We increase the liquidity variation parameter A” in equation (10) from zero
to 0.025, and then to 0.05. The results for A7=0.025 are reported in Table 6. We
focus here on the case where A7=0.05 since this case comes closest to generating the
empirical correlation between capital reallocation and output. Importantly, changing
the liquidity variation parameter does not alter the ability of the model to match
the stylized facts for capital, output, investment and consumption. This economy
produces a correlation between log reallocation and log output of 0.3848 and a ratio
of reallocation conditional on high vs. low productivity of 1.5595. The correlation of
0.3848 is between the empirical correlations with GDP for sales of property, plant
and equipment and acquisitions, and is lower than the 0.637 correlation for total
reallocation, however the reallocation ratio is very close to the empirical ratio of 1.586.
Given the low reallocation cost derived from the first economy in order to match
the empirical level of liquidity, the third economy allows the maximum variation

in liquidity; reallocation is free when productivity is high. The implied expected
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marginal cost of reallocating capital when productivity is low is about twice the
unconditional expe;:ted marginal cost, and the implied average cost as a fraction
of reallocation when productivity is low is about 2.6 times above the unconditional
average cost.

We conclude that the combined business cycle properties for the amount of and

benefits to reallocation imply substantial countercyclical variation in capital liquidity.

4 Discussion

Existing capital is likely to be illiquid because of informational or contractual speci-
ficities which tie capital to its current owner. The approach we have chosen here is
to model the illiquidity or cost of reallocation directly as an adjustment cost and to
argue that this cost needs to be countercyclical to be consistent with the data. There
does not seem to be a reason to believe that the physical costs of reallocating capital
are countercyclical themselves. In addition, the opportunity costs of reallocation in
terms of forgone production are presumably procyclical. Thus, we interpret the vari-
ation in reallocation frictions implied by our model as variation in the endogenous
frictions such as informational or contracting frictions. But why are these frictions
in the market for used capital countercyclical?

That credit constraints vary with the business cycle and are countercyclical is
well understood. However, most models in the literature explain countercyclical
variation in the frictions in financing new investment rather than in the frictions in
the reallocation of used capital. What countercyclical credit constraints imply for
the amount of reallocation is not obvious. While in bad times potential buyers of
used capital are more credit constrained and may hence be less able to buy, potential
sellers of used capital may be more eager to sell since they are more credit constrained,
too. Thus, the effect of credit constraints on the amount of capital reallocation is
ambiguous in general. In fact, models which predict fire sales or forced selling by
liquidity constrained firms in bad times would predict more reallocation in recessions
not less. To be consistent with the procyclical nature of capital reallocation in the

data, the credit constraints of potential buyers should vary more with aggregate
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conditions than those of sellers. Or, to the extent that the market for used capital is
intermediated, countercyclical credit constraints of such intermediaries might explain
countercyclical illiquidity.

The amount of adverse selection in the market for used capital might also vary
countercyclically, as in Eisfeldt (2002). In that model the amount of trade in the
secondary market for projects is lower when productivity is lower despite the fact that
the benefits to trading assets and the fundamental amount of asymmetric information
do not vary with productivity. This is due to the fact that when productivity is low,
there are fewer “non-informational” reasons for trade and hence the secondary market
is more subject to adverse selection in bad times.

In our opinion, the countercyclical credit constraints and countercyclical adverse
selection interpretations of the variation in capital liquidity are most convincing.
There are, however, other possible explanations. First, there may be a “vintage cap-
ital” explanation for procyclical capital reallocation. Suppose that firms which make
new investments sell their used capital to other firms. The amount of reallocation
may then be procyclical simply because there is a lot of new investment when times
are good. This explanation would however imply that firms which sell capital invest
more, and this is not the case in our data. In fact, the median investment to lagged
property, plant and equipment ratio for firms which sell PP&E is 21% compared to
23% for firms which do not sell any PP&E. Thus, the vintage capital explanation
does not seem to be consistent with the data at least for PP&E sales. This expla-
nation may, however, play a more important role in explaining procyclical housing
sales.

Second, Davis and Haltiwanger (1999) argue that an increase in dispersion in bad
times may reduce the amount of new investment when investment involves sunk costs
because of the value of waiting to invest. They argue that this option value effect
reduces the creation of jobs in bad times when job destruction is high. Similarly, one
might expect that if reallocation costs are sunk, increased volatility may decrease
the amount of reallocation observed. It would be interesting to study how large this

effect might be using a calibrated model.
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5 Conclusions

This paper documents the procyclical nature of the amount of capital reallocation
and the contrasting countercyclical nature of the benefits to capital reallocation. In a
frictionless economy or in an economy with time invariant frictions, one would expect
more reallocation when the benefits to reallocating are higher. We use a calibrated
model of costly capital reallocation to impute the countercyclical cost which reconciles
these empirical observations. We interpret this state dependent cost of reallocatiﬁg as

“liquidity,” broadly defined, and conclude that capital liquidity appears procyclical.
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Appendix: Data Sources

Macroeconomic Data: Annual and quarterly GDP data is from the FRED database at
the Federal Reserve Bank in St. Louis (http://research.stlouisfed.org/fred). We use data
from 1963 to 2000. Annual CPI data for all urban consumers is from the Bureau of Labor
Statistics (http://www.bls.gov). NBER business cycle dates are from the National Bureau
of Economic Research (http://www.nber.org/). We use the monthly dates in the figures.

Assets, Property, Plant and Equipment, Capital Expenditures, Acquisitions
and Property, Plant and Equipment Sales Data: Data on assets, property, plant
and equipment, and capital expenditures are reported in Compustat annual data items 6,
8 and 30, respectively. Acquisitions and sales of property, plant and equipment are re-
ported in Compustat annual data items 129 and 107 and have been collected since 1971.
The aggregate time series for acquisitions was created by summing over firms by year.
Firm year observations in which the acquisitions entry contained a combined data code
were excluded. For the acquisitions to asset turnover rate, total assets were summed over
firms by year using the same inclusion rule. The aggregate time series for sales of property,
plant and equipment was created analogously as follows: Firm year observations in which
the property, plant and equipment entry contained a combined data code were excluded.
For the property, plant and equipment turnover rate, total property, plant and equipment
was summed over firms by year using the same inclusion rule.

Existing Home Sales Data: Existing single-family home sales are reported by the Na-
tional Association of Realtors and are taken from Simmons, P., Ed., (2000), Housing Sta-
tistics of the United States, 3rd Edition, Lanham, MD, Bernan Press, and updated using
the February 2002 issue of Housing Market Statistics published by the National Association
of Home Builders. We use data from 1968 to 2000. Total housing units are from Simmons
(2000). We use data from 1967 to 1999. The turnover rate is computed by dividing existing
home sales for the year by the total housing units at the end of the previous year.

Job Flows Data: The annual data on the gross job creation rate and the gross job de-
struction rate from Davis, Haltiwanger and Schuh (1996) are from John Haltiwanger’s web
page at the University of Maryland. We used the updated series which includes data from
1973 through 1993. The timing of the data is as follows: the year t job creation or destruc-
tion rate refers to job creation or destruction between March 12, year t — 1 and March 12,
year t. When computing the contemporaneous correlation with (detrended) GDP we thus
use GDP at the end of the first quarter of year t.

Tobin’s ¢ Data: The data used to compute the market to book ratios used to proxy for
Tobin’s ¢ were collected from Compustat. The book value of assets is given by annual data
item 6. The market value of assets was computed as the book value of assets (item 6)
plus the market value of common stock less the sum of book value of common stock (item
60) and balance sheet deferred taxes (item 74). The series was constructed beginning in
1963, when Compustat began collecting the value of common stock. Firm year observa-
tions where total assets (item 6) were nonpositive, or where the book value of common
stock (item 60) or deferred taxes (item 74) were negative, were excluded. Missing values
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for balance sheet deferred taxes were set to zero. For all dispersion calculations, firm year
observations where computed ¢ was negative were excluded. The standard deviation of ¢
is computed using a market value weighting. Obvious cases of measurement error led us to
introduce an upper bound for economically reasonable ¢'s. The standard deviations of ¢’s
less than 5 are standard deviations of ¢’s weighted by market value for all ¢’s less than 5.
We also computed weighted quartiles of g for all positive ¢’s as an additional check on the
effect of this upper bound.

Total Factor Productivity Data at the Two Digit SIC Code Level: The annual
data on industry multifactor productivity and value of sectoral output is from the Bureau
of Labor Statistics (http://www.bls.gov/). We use data for 18 durable and non-durable
manufacturing industries at the two digit SIC code level (SIC 20, 22-30, 32-39) from 1963
to 1999. The standard deviation of the productivity growth (log differences) across sectors
1s computed by weighting the industries by the value of sectoral output at the end of the
year.

Total Factor Productivity Data at the Four Digit SIC Code Level: The annual
data on total factor productivity and industry value added is from the NBER-CES Man-
ufacturing Industry Database (http://www.nber.org/). We use data for 458 durable and
non-durable manufacturing industries at the four digit SIC code level from 1963 to 1996
covering all manufacturing industries at the two digit level (SIC 20-39). SIC code 3292
is excluded due to missing data. The standard deviation of productivity growth across
sectors is computed by weighting the industries by the total value added at the end of the
year.

Data on Productivity Changes Adjusted for Capacity Utilization: The annual
data on industry productivity changes adjusted for variation in capacity utilization and
value of sectoral value-added are from Basu, Fernald, and Kimball (2001). We use their es-
timates of productivity changes for 29 manufacturing and non-manufacturing industries at
roughly the two digit SIC code level within manufacturing and the one digit SIC code level
outside manufacturing from 1963 to 1989 which cover the entire non-farm, non-mining pri-
vate economy. These estimates are adjusted for variation in capacity utilization using hours
worked and are based on a dataset compiled by Dale Jorgenson and Barbara Fraumeni.
See Basu, Fernald, and Kimball (2001) for details. The standard deviation of productivity
changes across sectors is computed by weighting the industries by the value-added of the
sector and productivity changes on a gross output basis are divided by 1 minus the mate-
rials to output ratio to obtain productivity changes on a value-added basis.

Capacity Utilization Data: The annual industry capacity utilization data is constructed
from the monthly data provided by the Federal Reserve Board, Statistical Release G.17,
(http://www.federalreserve.gov), by computing the average capacity utilization for the year
in each industry. We use data for 16 durable and non-durable manufacturing industries at
the two digit SIC code level (SIC 22-30, 32-36, 38-39) from 1967 to 1999. The standard
deviation of capacity utilization across sectors is computed by weighting the industries by
the value of sectoral output at the end of the year.

28




References

Abel, Andrew B., and Janice C. Eberly (1994). “A Unified Model of Investment
under Uncertainty.” American Economic Review 84, 1369-84.

Abel, Andrew B., and Janice C. Eberly (2002). “Investment and ¢ with Fixed Costs:
An Empirical Analysis.” Working Paper.

Abraham, Katharine G., and Lawrence F. Katz (1986). “Cyclical Unemployment:
Sectoral Shifts or Aggregate Disturbances.” Journal of Political Economy 94,
507-22.

Akerlof, George A., Andrew K. Rose, and Janet L. Yellen (1998). “Job Switching
and Job Satisfaction in the U.S. Labor Market.” Brookings Papers on FEconomic
Activity, 495-582.

Basu, Susanto, John G. Fernald and Miles S. Kimball (2001). “Are Technology
Improvements Contractionary?” Working Paper.

Bernanke, Ben, and Mark Gertler (1989). “Agency Costs, Net Worth, and Business
Fluctuations.” American Economic Review 79(1), 14-31.

Bertola, Giuseppe, and Ricardo J. Caballero (1994). “Irreversibility and Aggregate
Investment.” Review of Economic Studies 61, 223-46.

Boeri, Tito (1996). “Is Job Turnover Countercyclical?” Journal of Labor Economics
14, 603-25.

Brainard, S. Lael, and David M. Cutler (1993). “Sectoral Shifts and Cyclical Un-
employment Reconsidered.” Quarterly Journal of Fconomics 108, 219-243.

Caballero, Ricardo J., and Mohamad L. Hammour (1999). “The Cost of Recessions
Revisited: A Reverse-liquidationist View.” NBER Working Paper 7355.

Caballero, Ricardo J., and Mohamad L. Hammour (2000). “Institutions, Restruc-
turing, and Macroeconomic Performance.” Working Paper.

Cooley, Thomas F., and Edward C. Prescott (1995). “Economic Growth and Busi-
ness Cycles.” In Thomas F. Cooley, ed., Frontiers of Business Cycle Research.
Princeton, NJ, Princeton University Press, 1-38.

Cooper, Russell W., and John C. Haltiwanger (2000). “On the Nature of Adjust-
ment Costs.” NBER Working Paper 7925.

29




Davis, Steven J., and John Haltiwanger (1999). “On the Driving Forces behind
Cyclical Movements in Employment and Job Reallocation.” American Eco-
nomic Review 89, 1234-58.

Davis, Steven J., John Haltiwanger, and Scott Schuh (1996). Job Creation and
Destruction. Cambridge, MA, MIT Press.

Eisfeldt, Andrea L. (2002). “Endogenous Liquidity in Asset Markets.” Forthcoming,
Journal of Finance.

Foote, Christopher L. (1998). “Trend Employment Growth and the Bunching of
Job Creation and Destruction.” Quarterly Journal of Economics 113, 809-34.

Hodrick, Robert J., and Edward C. Prescott (1980). “Post-War U.S. Business
Cycles: A Descriptive Empirical Investigation.” Working Paper.

Hopenhayn, Hugo A. (1992). “Entry, Exit, and Firm Dynamics in Long Run Equi-
librium.” Econometrica 60, 1127-50

Jovanovic, Boyan, and Peter L. Rousseau (2002). “The Q-Theory of Mergers.”
American Economic Review Papers and Proceedings 91(2), 336-41.

Kiyotaki, Nobuhiro, and John Moore (1997). “Credit Cycles.” Journal of Political
Economy 105, 211-48.

Lilien, David M. (1982). “Sectoral Shifts and Cyclical Unemployment.” Journal of
Political Economy 90, 777-93.

Lucas, Robert E., Jr., and Edward C. Prescott (1974). “Equilibrium Search and
Unemployment.” Journal of Economic Theory 7, 188-204.

Lo, Andrew W., and Jiang Wang (2000). “Trading Volume: Definitions, Data
Analysis, and Implications of Portfolio Theory.” Review of Financial Studies
13, 257-300.

Loungani, Prakash, Mark Rush, and William Tave (1990). “Stock Market Disper-
sion and Unemployment™ Journal of Monetary Economics 25, 367-88.

Maksimovic, Vojislav, and Gordon Phillips (1998). “Asset Efficiency and Realloca-
tion Decisions of Bankrupt Firms” Journal of Finance 53, 1619-1643.

Maksimovic, Vojislav, and Gordon Phillips (2001). “The Market for Corporate
Assets: Who Engages in Mergers and Asset Sales and Are There Efficiency
Gains?” Journal of Finance 56, 2019-2065.

30




Monge, Alexander (2001). “Financial Markets, Creation and Liquidation of Firms
and Aggregate Dynamics.” Working Paper.

Newey, Whitney K., and Kenneth D. West (1987). “A Simple, Positive Semi-
Definite, Heteroskedasticity and Autocorrelation Consistent Covariance Ma-
trix.” Econometrica 55, 703-8.

Ramey, Valerie A., and Matthew D. Shapiro (1998a). “Capital Churning.” Working
Paper.

Ramey, Valerie A., and Matthew D. Shapiro (1998b). “Costly Capital Reallocation
and the Effects of Government Spending.” Carnegie-Rochester Conference Se-
ries on Public Policy 48, 145-94.

Ramey, Valerie A., and Matthew D. Shapiro (2001). “Displaced Capital: A Study
of Aerospace Plant Closings.” Journal of Political Economy 109, 958-92.

Rampini, Adriano A. (2000). “Entrepreneurial Activity, Risk, and the Business
Cycle.,” Working Paper.

Rogerson, Richard (1987). “An Equilibrium Model of Sectoral Reallocation.” Jour-
nal of Political Economy 95, 824-34.

Schlingemann, Frederik P., René M. Stulz, and Ralph A. Walkling (2002). “Di-
vestitures and the Liquidity of the Market for Corporate Assets.” Journal of
Financial Economics 64, 117-144.

Schuh, Scott, and Robert K. Triest (1998). “Job Reallocation and the Business
Cycle: New Facts for an Old Debate.” In Jeffrey C. Fuhrer and Scott Schuh,
eds., Beyond Shocks: What Causes the Business Cycle? Proceedings from the
Federal Reserve Bank of Boston Conference Series 42, 271-337.

Shleifer, Andrei, and Robert W. Vishny (1992). “Liquidation Values and Debt
Capacity: A market Equilibrium Approach.” Journal of Finance 47, 1343-66.

Stein, Jeremy C. (1995). “Prices and Trading Volume in the Housing Market: A
Model with Down-payment Effects.” Quarterly Journal of Economics 110, 379-
406.

31




Table 1: Summary Statistics for Compustat Capital Reallocation Data

Level variables are in millions of 1996 dollars. ‘PP&E’ stands for property, plant and equipment
and ‘CapEx’ for capital expenditures. ‘Reallocation’ is used to abbreviate the sum of acquisitions
plus sales of PP&E. Reallocation ratios in Panel B are computed as the ratio of the sample mean of
the numerator to the sample mean of the denominator. Investment is defined as the sum of capital
expenditures plus acquisitions.

Panel A: Summary Statistics

Variable Mean Median Std. Dev.
Assets 2149.75  91.74 14691.73
PP&E 525.11 16.43 3094.69
CapEx 101.12 3.45 660.13
Acquisitions 19.71 0 236.63
Sales of PP&E  9.16 0 79.63

Panel B: Reallocation Ratios
Flow Ratios

Reallocation /Investment 23.89%
- Reallocation/CapEx 28.55%
Acquisitions/CapEx 19.49%
Sales of PP&E/CapEx 9.06%

Sales of PP&E/Reallocation  31.73%
Turnover Rates

Acquisitions/Assets;_1 0.95%
Sales of PP&E/PP&E;_s) 1.75%
Reallocation/Assets_1 1.39%
Reallocation/ PP&Eq_1 5.52%
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Table 2: Reallocation of Capital

Deviations from trend are computed using the Hodrick and Prescott (1980) filter (HP) or a linear
trend (LT). In the columns labeled ‘Level’ the natural logarithm of the level of each variable is used.
In the columns label ‘Turnover,’ each variable is divided by a measure of the total stock to compute
the turnover rate: Acquisitions are divided by lagged total assets, Property, Plant and Equipment
Sales by lagged total property, plant and equipment and Existing Home Sales are divided by a
measure of the total housing units. Acquisitions and Sales of Property, Plant and Equipment are
deflated by the CPIL Reallocation is defined as the sum of acquisitions and sales of property, plant
and equipment. Standard errors are corrected for heteroscedasticity and autocorrelation of the
residuals & la Newey and West (1987) and are computed using a GMM approach adapted from
the Hansen, Heaton, and Ogaki GAUSS programs. In panel B, the ratio of capital reallocation
conditional on output above trend to capital reallocation conditional on output below trend is the
ratio of the conditional mean of reallocation over years where GDP is above trend to the conditional
mean of reallocation over years when GDP is below trend.

Panel A: Correlation of Output with Reallocation

Correlation of Output with

Variable HP LT HP LT
Level Level Turnover Turnover
Acquisitions 0.675 0.437 0.566 0.404
(0.122) (0.236) (0.133) (0.207)
Sales of Property, Plant and Equipment 0.329  0.431 0.220 0.377
(0.173) (0.184) (0.161) (0.197)
Reallocation 0.637  0.511 0.540 0.414
(0.112) (0.193) (0.139) (0.206)
Existing Home Sales 0.614 0489  0.605 0.507

(0.204) (0.271)  (0.195)  (0.240)

Panel B: Ratio of Capital Reallocation Conditional on Output Above
Trend to Capital Reallocation Conditional on Output Below Trend

High/Low Output Reallocation Ratio

Variable HP LT HP LT
Level Level Turnover Turnover
Acquisitions 1.707 1.195 1.598 1.215
Sales of Property, Plant and Equipment 1.326  1.091 1.165 1.086
Reallocation 1.586 1.164 1.281 1.125
Existing Home Sales 1.109 1.033 1.132 1.137
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Table 3: Reallocation of Labor

Deviations from trend are computed using the Hodrick and Prescott (1980) filter (HP) or a linear
trend (LT). Job Reallocation Rate is the sum of the annual gross job creation rate and annual
gross job destruction rate from Davis, Haltiwanger, and Schuh (1996). Excess Job Reallocation
Rate is job reallocation minus the net change in employment. Net Change in Employment is the
difference between job creation and job destruction. Reallocation is the sum of acquisitions plus
sales of property, plant and equipment. Standard errors are corrected for heteroscedasticity and
autocorrelation of the residuals 3 la Newey and West (1987) and are computed using a GMM
approach adapted from the Hansen, Heaton, and Ogaki GAUSS programs.

Correlation of  Correlation of Net Change Correlation of

Output with in Employment with Reallocation with
Variable HP LT HpP Not Detrended HP LT
Job Reallocation -0.890 -0.831 -0.515 -0.398 -0.455  -0.121
Rate (0.082) (0.144) (0.290) (0.320) (0.223) (0.252)
Excess Job Re- 0.011 0.021 0.280 0.258 0.094 0.147
allocation Rate (0.327) (0.355) (0.348) (0.408) (0.354)  (0.353)
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Table 4: Benefits to Reallocation

Deviations from trend are computed using the Hodrick and Prescott (1980) filter (HP) or a linear
trend (L'T). The time series of the (market value-weighted) standard deviation of Tobin's ¢ across
firms is computed using market to book ratios computed using data from Compustat. The time se-
ries of the (lagged property, plant and equipment weighted) standard deviation of investment rates
is computed using firm level ratios of capital expenditures to lagged property, plant and equipment.
The time series of the {output-weighted) standard deviation of total factor productivity growth
rates and capacity utilization across industries at the two digit SIC code level is computed using
data from the Bureau of Labor Statistics (for ‘multifactor productivity’ and the value of sectoral
production) and the Federal Reserve Board (for capacity utilization). We use data on durable and
non-durable manufacturing industries. The time series of the (value-added weighted) standard de-
viation of total factor productivity growth rates across industries at the four digit SIC code level
is computed using data from the NBER-CES Manufacturing Industry database on durable and
non-durable manufacturing industries. The time series of the (value-added weighted) standard de-
viation of productivity changes adjusted for variation in capacity utilization are from Basu, Fernald,
and Kimball (2001). We use their estimates of productivity changes for manufacturing and non-
manufacturing industries. Standard errors are corrected for heteroscedasticity and autocorrelation
of the residuals & la Newey and West (1987) and are computed using a GMM approach adapted
from the Hansen, Heaton, and Ogaki GAUSS programs. See the Appendix for details.

Panel A: Dispersion in Tobin’s ¢ and in Investment Rates

Correlation of Output with

Variable HP LT
Standard Deviation of Tobin’s q (¢ < 5) -0.130 -0.122
(0.259) (0.302)
Standard Deviation of Tobin’s g 0.134 0.137
(0.122) (0.181)
Difference between 3rd and 1st Quartile 0.110 -0.017
Divided by the Median of Tobin’s ¢ (0.266) (0.296)
Standard Deviation of Investment Rates -0.145 -0.472
(0.230) (0.258)

Panel B: Dispersion in Total Factor Productivity and in Capacity Utilization

: Correlation of Output with
Variable HP LT

Standard Deviation of TFP Growth Rates -0.465 -0.122
(Two Digit SIC Code Level) (0.194) (0.258)
Standard Deviation of TFP Growth Rates -0.384 -0.228
(Four Digit SIC Code Level) (0.174) (0.229)
Standard Deviation of Productivity Changes -0.437 -0.244
Adjusted for Capacity Utilization (0.264) (0.338)
Standard Deviation of Capacity Utilization — -0.672 -0.560
(0.204) (0.261)
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Table 5: Parameter Values for Calibration

Preferences

8 «
0.96 2

Technology
" ) A e s A° As
0.333 0.1 0.0175 075 0.75 0.015 0.057

Capital Liquidity Parameters
Y A7
0.05 {0,0.025,0.05}

Discretized State Space
Ki Ri_,j
3.15:0.03:3.93] [0:0.01:0.55]
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Table 6: Simulation Results

Panel A: Capital, Output, Investment, and Consumption

Liquidity Variation Parameter (A7)

Variable 0 0.025 0.05
Ratios
E[K]/E[Y] 2.3108 2.3113 2.3118
E[I)/E[K)] 0.1000 0.1000 0.1000
Standard Deviations
o(In(Y)) 0.0178 0.0178 0.0178
o(In(I)) 0.0537 0.0533 0.0535
o(In(C)) 0.0106 0.0107 0.0107

Panel B: Reallocation

Liquidity Variation Parameter (A7)

Variable 0 0.025 0.05
Ratios
E[R]/(E[I] + E[R)]) 0.1977 0.1984 0.2057
E[R]/E[K] 0.0246 0.0248 0.0259
Correlations
p(In(R), In(Y")) 0.0062 0.1969 0.3848
p(R/K,In(Y)) -0.0069 0.1467 0.2942

Conditional Moments
E[R|z* = +A%|/E[R|z* = —=A*] 1.0095 1.2529 1.5595
Reallocation Costs
Average Costs (E[['|/E[R)) 0.0017 0.0015 0.0011
Average Costs when 2% = —A? 0.997 1.483 2.559
(Relative to Mean)
Marginal Costs (E[2I) 0.0025 0.0023 0.0022
Marginal Costs when 2% = —A® 1.000 1.415 2.000
(Relative to Mean)
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Figure 1: Capital Reallocation over the Cycle

Plotted series are the cyclical component of Hodrick-Prescott filtered log data normalized by stan-
dard deviation. Solid line denotes GDP, dashed line denotes acquisitions, dotted line denotes
property, plant and equipment sales, and dash-dotted line denotes existing home sales. Vertical
lines denote NBER business cycle dates.
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Figure 2: Turnover Rates of Capital over the Cycle

Plotted series are the cyclical component of Hodrick-Prescott filtered turnover rates normalized
by standard deviation. Solid line denotes GDP, dashed line denotes acquisitions divided by total
assets, dotted line denotes property, plant and equipment sales divided by total property, plant
and equipment, and dash-dotted line denotes existing home sales divided by total housing units.
Vertical lines denote NBER. business cycle dates.
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Figure 3: Labor Reallocation over the Cycle

Plotted series are the cyclical component of Hodrick-Prescott filtered data normalized by standard
deviation. Solid line denotes GDP, dotted line denotes gross job reallocation, and dashed line
denotes excess job reallocation. Excess job reallocation is defined as gross job reallocation minus
net changes in employment. Vertical lines denote NBER. business cycle dates.
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Figure 4: Dispersion in ¢ over the Cycle

Plotted series are the cyclical component of Hodrick-Prescott filtered data. Solid line denotes GDP
and dotted line denotes standard deviation of g. The series plotted excludes values of ¢ less than
zero and greater than five. Vertical lines denote NBER business cycle dates.
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Figure 5: Dispersion in Total Factor Productivity Growth Rates over the
Cycle

Plotted series are the cyclical component of Hodrick-Prescott filtered data. Solid line denotes
GDP and dashed line denotes standard deviation of total factor productivity growth rates across
Industries. Vertical lines denote NBER business cycle dates.
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