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Do Banks Affect the Level and Composition
of Industrial Volatility?

BORJA LARRAIN*

ABSTRACT

In theory, better access to bank credit can reduce or increase output volatility
depending on whether firms are more financially constrained during contractions or
expansions. This paper finds that the volatility of industrial output is lower in coun-
tries with more bank credit. Most of the reduction in volatility is idiosyncratic, which
follows from the ability of banks to pool and diversify shocks. Systematic volatility is
reduced less strongly. Volatility dampening is achieved via countercyclical borrowing:
At the firm level, short-term borrowing is less (or more negatively) correlated with
sales and inventories in countries with high levels of bank credit.

THERE IS A DEBATE ABOUT THE EFFECT OF FINANCIAL INTERMEDIARIES—or financial
development more generally—on the volatility of output. In theory, the effect
on volatility of having more financial intermediation is ambiguous, depending
on the stage of the country’s development (Aghion, Bacchetta, and Banerjee
(2004)) or the type of shocks that affect the economy (e.g., real vs. monetary
shocks as in Bacchetta and Caminal (2000), or credit demand versus credit
supply shocks as in Morgan, Rime, and Strahan (2004)). The existing empirical
evidence is also inconclusive. For instance, while Acemoglu et al. (2003) show
that macroeconomic aggregates are less volatile in more developed countries,
Beck, Lundberg, and Majnoni (2004 ) find no robust relation between financial
intermediation and output volatility when considering different types of macro
shocks. Understanding output volatility is important because volatility has a
negative effect on growth (Ramey and Ramey (1995), Aghion et al. (2005)), in
other words, because stability breeds growth.

This paper revisits the debate on finance and volatility using industry-level
and firm-level data. From the perspective of a financially constrained firm,
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having better access to credit has an ambiguous effect on output volatility. If
a firm is more financially constrained during output contractions, then more
credit reduces volatility. In contrast, if a firm is more financially constrained
during output expansions, then more credit increases volatility. Despite this
theoretical ambiguity, I find that on average financial intermediaries have a
dampening effect on volatility, which suggests that financial constraints are
mostly countercyclical, that is, tighter during contractions.

This paper studies two further issues in relation to finance and volatility—
the composition of volatility and the cyclical behavior of firm borrowing. These
two issues, which refer more specifically to the provision of liquidity, make the
connection between banks and volatility more explicit.

First, this paper documents the effect of banks on the different components of
output volatility. I decompose volatility into systematic and idiosyncratic com-
ponents, where idiosyncratic volatility is defined as the volatility of an industry
that is uncorrelated with the GDP of the country. The dampening effect of banks
on volatility is stronger in the idiosyncratic component. This is explained by the
advantage of banks in smoothing idiosyncratic shocks: Intermediaries operate
by pooling resources of firms and households and diversifying shocks across
them. In this sense, idiosyncratic shocks are the primary shocks for banks to
tackle. However, there is less space for diversification in the case of a large-scale
shock or highly correlated shocks. Moreover, in the case of aggregate shocks,
intermediaries face capital constraints that reduce the liquidity services they
can provide (Holmstrom and Tirole (1997, 1998), Caballero and Krishnamurthy
(2001)). It follows, not surprisingly, that idiosyncratic volatility is affected more
strongly than systematic volatility as banks develop. Another way of interpret-
ing this finding is that many risk-sharing opportunities are wasted in countries
with underdeveloped banking systems.

A second contribution of this paper is to examine the mechanism through
which volatility is reduced. In particular, if banks are the reason for the dampen-
ing of volatility, then lower volatility has to be accompanied by increased coun-
tercyclical borrowing. Conversely, a hypothetical increase in volatility would be
accompanied by increased procyclical borrowing. At the firm level, I find that
short-term debt is less correlated with sales and inventories as bank credit
increases, which suggests that short-term debt is used in a more countercyecli-
cal way. This firm-level evidence shows that shocks do not disappear—rather,
they are buffered by financial intermediaries—and thus challenges those who
are skeptical about the finance-volatility connection, or those who argue that
more developed countries are less volatile for other reasons. In this sense, no
debate about banks and volatility can be effectively resolved unless we look at
the mechanism through which shocks are dampened or amplified.

This paper is related to several strands of the literature. First, I borrow from
the extensive literature on financial development and growth (see Levine (2004)
for a survey). Here I focus on short-run fluctuations instead of long-run growth,
but the tools are similar. For instance, the identification strategy in the empiri-
cal section of this paper is taken from Rajan and Zingales (1998, hereafter RZ),
who study the connection between growth and financial development using
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a combination of cross-country and cross-industry comparisons. RZ identify
from an a priori base those industries that depend more on external financiers
and that consequently should benefit more from financial development. I bor-
row their index of financial dependence to analyze cross-industry comparisons
in the patterns of volatility. In this respect, this paper is also related to the
work of Raddatz (2003), who studies volatility using a strategy that follows
RZ. Raddatz develops a measure of liquidity needs and shows that financial
development reduces volatility, particularly in the liquidity-dependent sectors.
However, Raddatz does not look at idiosyncratic and systematic volatilities sep-
arately nor does he examine firms’ borrowing.

There is also a large literature on the business cycle effects of financial fric-
tions. These models study aggregate fluctuations and explore how frictions
can amplify and propagate real and monetary shocks (Bernanke and Blinder
(1988), Bernanke and Gertler (1989), Kiyotaki and Moore (1997), Stein (1998)).
The empirical work is centered on the cross-sectional implications of these the-
ories, namely that more financially constrained firms or banks are hit harder
during episodes of contractionary shocks (i.e., NBER recessions).! The paper
by Braun and Larrain (2005) is a recent addition to this literature. The main
finding in Braun and Larrain is that financially dependent industries (also
using the RZ index) do relatively poorly during recessions, particularly so in
countries with underdeveloped financial systems. The present paper comple-
ments the findings in Braun and Larrain by studying fluctuations that are
unrelated to the business cycle (i.e., idiosyncratic volatility). At the same time,
it allows us to evaluate the capacity of banks to provide liquidity under dif-
ferent circumstances. As expected, we find that banks are more successful in
smoothing idiosyncratic fluctuations than recessions or booms. Also, this paper
provides a test of the mechanism through which fluctuations are smoothed. In
particular, the evidence on inventories is important given their role in aggregate
fluctuations.

Finally, the mechanism studied in this paper entails financial constraints
that arise from agency problems and asymmetric information. A large litera-
ture studies the impact of financial constraints on real activity (see the surveys
by Hubbard (1998) and Stein (2003)). This literature shows that the financial
position of a firm affects capital expenditures, inventory accumulation, em-
ployment, pricing strategies, and other real variables. The current paper adds
fresh evidence to this literature in terms of both the volatility (systematic and
idiosyncratic) and borrowing behavior of financially constrained firms.

The organization of this paper is as follows. Section I provides a preliminary
discussion of the main hypotheses. Section II describes the empirical strategy
and the data. Section ITI shows the reduction in volatility and its decomposition
using industrial data. Section IV explores the mechanism behind the reduction
in volatility using firm-level data. Section V concludes.

'In terms of firm-level evidence some important papers are Bernanke, Gertler, and Gilchrist
(1996), Gertler and Gilchrist (1994) and Kashyap, Lamont, and Stein (1994). For bank-level evi-
dence see Kashyap and Stein (2000) and Kashyap, Stein, and Wilcox (1993).
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I. Bank Credit, Financial Constraints, and Volatility:
Preliminary Discussion

The effect of banks on output volatility is not obvious. In fact, it depends on
whether firms need to borrow more during output contractions or expansions. If
financial constraints are tighter during contractions, then more credit reduces
volatility by helping firms avoid a decrease in output.” In contrast, if constraints
are tighter during expansions, then more credit increases volatility by allowing
firms to take on new projects quickly. Because the real world provides a broad
mix of contractions and expansions with different characteristics, the net effect
of banks on output volatility is an empirical issue. Thus the empirical findings
speak about the average cyclicality of financial constraints. If banks reduce
volatility, it is because financial constraints are countercyclical (tighter during
contractions) on average, and if banks increase volatility, it is because financial
constraints are procyclical (tighter during expansions) on average.

The first derivative is worth studying empirically in the case of output volatil-
ity (o) with respect to bank credit (B), since the sign of 3o /3B is theoretically
ambiguous. It is also common in the literature on financial constraints to exam-
ine cross-sectional derivatives, that is, how firms in different financial positions
change their volatility in response to a given change in bank credit. This cor-
responds to a second derivative such as 920 /aBdW, where W is an indicator
of the financial position of the firm, for example, the availability of internal
funds. Not surprisingly, the sign of the second derivative is also theoretically
ambiguous. In fact, it can be very misleading when considered in isolation from
the main effect of banks on volatility. A similar point is noted by Kaplan and
Zingales (1997) in the context of investment-cash flow sensitivities.

In the case of countercyclical financial constraints, we expect #%0 /dBaW = 0,
since better access to banks and internal funds are substitutes in terms of
avoiding a larger decrease in output during a contraction. In a world with
tighter constraints during contractions, firms with abundant internal funds
initially have low volatility, and thus banks are relatively less useful for them. In
this case, the first derivative do /9B is less negative for these firms and therefore
3%20 /dBOW = 0. If, on the other hand, constraints are tighter during expansions,
we obtain a negative sign on the second derivative if diminishing returns in
production are strong, meaning that the increase in volatility is smaller for
firms with high W. However, a positive sign is also possible if diminishing
returns are not too strong. In this case, banks increase volatility because firms
want to expand their production after a good shock, but their willingness to
expand depends on diminishing returns. In terms of empirical implementation,
the above suggests that we can never consider the cross-sectional derivatives
apart from the main effect. In particular, a positive second derivative does not
ensure a positive first derivative.

2 The term financial constraint is applied to the gap between funds that are internal to the firm
and investment needs. A tighter financial constraint is when the gap is wider, not necessarily when
the level of internal funds is low or the level of investment needs is high.
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Liquidity provision is foremost about mitigating the risks involved in indi-
vidual projects. Banks pool resources and lend to those firms in need: At a
particular point in time, banks coordinate the flow of cash from firms that
are net lenders to firms that are net borrowers (Kashyap, Rajan, and Stein
(2002)). This works well when shocks are idiosyncratic or not highly correlated
across firms. In the case of large or highly correlated shocks, however, the lig-
uidity that banks can provide is heavily reduced since net lenders are in scarce
supply. Also, intermediaries face capital constraints that aggravate during ag-
gregate shocks, further reducing liquidity (Holmstrom and Tirole (1997, 1998),
Caballero and Krishnamurthy (2001)). The extreme case, noted by Diamond
and Dybvig (1983), is the failure of the banking system: a bank run occurs
when everyone demands liquidity simultaneously. It follows that banks have
a stronger effect on the volatility associated with individual projects that are
not correlated with the rest of the economy, that is, the idiosyncratic volatil-
ity. Simply put, banks have a comparative advantage in handling idiosyncratic
shocks as compared to aggregate shocks. Note that idiosyneratic shocks can
lead to a contraction or an expansion of firm output, and therefore the sign of
the effect is still ambiguous. Of course, this is a relative statement—whatever
the sign is, the effect of banks is stronger in idiosyncratic than in aggregate
volatility.®

This paper also studies the behavior of credit. The tightness of financial
constraints during contractions and expansions already indicates the role of
banks. If financial constraints are countercyclical, then borrowing has to be-
come more countercyclical in order to reduce the volatility imposed by these
constraints. In other words, credit has to be negatively correlated with activity
if bank credit reduces output volatility: A decrease in output is dampened by
increasing borrowing during a contraction. The converse applies for procycli-
cal financial constraints. Credit has to be positively correlated with activity if
bank credit increases output volatility: An expansion in output is amplified by
increasing borrowing. In a related paper, Galindo, Micco, and Sudrez (2004)
show that credit is less procyclical in U.S. states in which creditor rights are
more protected (a proxy for the degree of financial development). This result
supports the idea that credit is needed mostly to sustain higher output during
periods of scarce liquidity. I reach a similar conclusion here.

The restrictions that output volatility imposes on the behavior of credit—if
there is such a financial mechanism—are usually ignored by the literature. A
proper test of the theory has to look at both in order to establish the existence
of a financial channel in output fluctuations. This paper fills a gap in that
respect.

* Models of production and financial constraints do not make the distinction between aggregate
and idiosyncratic shocks very often. For instance, Bernanke and Gertler (1989) assume that there
are always sufficient savings to finance the entire investment plan of the productive sector, so
there is no aggregate shortage of funds and the interest rate is constant. A notable exception is
Holmstrom and Tirole (1998). Allen and Gale (1997) note that banks can smooth aggregate shocks
to some extent by intertemporal risk-sharing, diversifying across generations. Gatev and Strahan
(2004) also examine the ability of banks to respond to aggregate liquidity shocks.
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Finally, our analysis of short-term debt examines one of the instruments
that banks use to provide liquidity. Evidence for the United States suggests
that most of the increase in the business sector’s net borrowing that follows a
contractionary shock is in the form of short-term debt (Christiano, Eichenbaum,
and Evans (1996)). This paper provides further evidence about the importance
of short-term debt in a large cross-section of firms and countries.

II. Empirical Strategy
A. Data Sources

The industry data are taken from UNIDO’s Industrial Statistics Database
data set (2001), which provides annual observations (1963-1999) on produc-
tion indexes for 28 three-digit ISIC (International Standard Industrial Classi-
fication) manufacturing segments in a large number of countries. The sample
consists of 57,078 observations that correspond to 1,574 country-industry units
across 59 different countries. The actual number of industries varies by coun-
try. On average each country has 26 industries, and 32 countries have data on
all 28 industries. The sample period also varies by country and by industry,
although each country-industry unit has at least 26 years of continuous data.
While the UNIDO database reports information for more than 100 countries,
for a large number of them there are observations on only a few industries
or a few years. This last issue is particularly important since the time series
is necessary for computing reliable estimates of volatility. This consideration,
plus the restriction that we have data on banks, reduces the final sample to
59 countries. The trend in the different data series is removed using either the
Baxter and King (1999) filter or log differences. I describe the firm-level data
in Section IV.

B. Basic Regression

The regression in (1) tests the direct effect of bank credit on industrial volatil-
ity, controlling for other country characteristics and industry fixed effects

Standard Deviation; . = ayBank Credit, + asCountry Controls,
+ agIndustry Dummies; + &; .. (1D

The dependent variable is the standard deviation of the detrended output of
industry i in country ¢. Bank Credit is the average private credit by deposit
money banks over GDP, following Beck, Demirgii¢c-Kunt, and Levine (2000).
The Country Controls include the averages of per capita GDP, government

4The weights for the BK filter can be found in table 4 of Baxter and King (1999). The fact that
we detrend the data implies that we abstract from the long-run prospects of an industry (e.g., the
tobacco industry probably faces a downward trend in production). We examine fluctuations around
that trend.
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expenditures as a percentage of GDP, and the country’s trade openness (the
Frankel and Romer (1999) index).” The same regression is run for systematic
and idiosyncratic volatilities. The regression for firm-level data is an extension
of this basic regression.

This is a purely cross-sectional regression, and thus ignores changes in
volatility and bank credit over time. I take this approach because computing
volatilities for shorter periods increases measurement error significantly. Ig-
noring the changes in bank credit over time should not be a major concern,
however, since the country ranking of bank credit does not change dramati-
cally throughout the sample period.®

In order to control for the endogeneity of bank credit, I also report instru-
mental variables (IV) regressions, where bank credit is instrumented using
legal and institutional variables. The instruments consist of dummy variables
from La Porta et al. (1998) that represent the legal origin of the country and a
corruption index from the International Country Risk Guide.” The corruption
index captures the transparency and efficiency of the legal environment. In the
cross-country regression that includes the country controls (per capita GDP,
government expenditures, and openness), the test of joint insignificance of the
instruments is rejected with a p-value below 1% (F-statistic = 9.04).

C. Exploiting Cross-Industry Differences

I need a measure of the typical financial position of an industry in order
to test the cross-industry impact of bank credit on volatility. For this pur-
pose I use the index of external finance dependence developed by RZ.® This
index measures the gap between investment and cash flows. The index is
defined as capital expenditures minus cash flows from operations divided by
capital expenditures, aggregating U.S.-based, publicly listed firms into indus-
tries for the 1980s and 1970s (I use the average of these two indexes). Since
RZ average capital expenditures and cash flows both over time and across
firms (mature and young), their index is a good approximation of the typi-
cal dependence of an industry, not just the dependence at the initial stage
of a firm. This last point is important since the relation I want to measure
is the relative dependence that arises when an industry is hit by a transi-
tory shock, not when it is planning a long-term expansion. Note that the rel-
evant measure is the need for funds net of internal funds available; a pure
measure of needs is not necessarily informative of the dependence on external
financiers.

" The data on country GDP (in constant local currency units), per capita GDP, and government
expenditures are taken from the World Bank.

% As noted by Rajan and Zingales (2003), striking reversals in financial development occur when
extending the sample period to the early 20th century.

"1 take the corruption index reported by La Porta et al. (1998). For those countries with missing
values in La Porta et al. (1998), I use the ICRG issue of April 2002 (Table 3B).

8 Levine (2004) reviews the assumptions and advantages of the RZ methodology.
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One way to study differences across industries is to run the basic regression
by subsamples created according to the ranking of industries in the RZ index.
Another possibility is to run the regression

Standard Deviation; . = p1(Bank Credit, x High Financial Dependence;)
+ BaCountry Dummies, + psIndustry Dummies,
i i Ei.(' . (2)

The specification in (2) includes country and industry dummies to control for
any unobservable characteristic at the country and industry levels. The coun-
try fixed effects now absorb the direct effect of bank credit. The coefficient of
interest is the interaction of bank credit and high financial dependence, which
is akin to the cross-derivative d%c /aBdW (though financial dependence is the
inverse of net worth, W). High financial dependence is a dummy that takes
the value of one if industry i is above the median of the RZ index, and zero oth-
erwise. I use a dummy instead of the RZ index itself to allow for nonlinearities
in the effect of financial dependence.

A negative B, is expected if bank credit reduces volatility on average, show-
ing that financially needy industries reduce volatility more as banks develop.
These industries have particular trouble getting through periods of relatively
low output and cash flows, and therefore, credit enables them to recover more
output lost as compared to less financially dependent industries. The sign
of B; is ambiguous if volatility increases, as explained in the preliminary
discussion.

III. Empirical Evidence on Bank Credit and Industrial Volatility
A. Bank Credit Reduces Total Volatility

Table I presents the results for regressions (1) and (2). For regression (1), I
split the industries into two groups, namely, high and low financial dependence.
I then run the regression in each subsample separately.

Bank credit significantly reduces volatility in both groups of industries. The
levels of economic development (per capita GDP) and government size also
reduce volatility. Trade openness, in contrast, increases industrial volatility.?
The coefficient on bank credit in the high dependence group is approximately
50% larger than the coefficient in the low dependence group (ordinary lest
squares (OLS) regression). This difference is significant at the 7% level. The
cross-sample differences between coefficients of the other country controls are
never significant at conventional levels (below 10%).

In order to appreciate the magnitudes involved, we consider the effect of an
increase in bank credit of 50% of GDP (approximately two standard deviations

9 Beck (2002) studies the link between trade openness and financial development. The Frankel—
Romer measure considers the fraction of real openness exogenously explained by geography and
population.
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Table I
The Effect of Bank Credit on the Volatility of Industrial Output

This table presents results from two regressions

Standard Deviation;, = ayBank Credit, + asCountry Controls,
+ aglndustry Dummies; + &; (1)

Standard Deviation; . = py(Bank Credit, x High Financial Dependence;)
+ BaCountry Dummies, + Palndustry Dummies; + &; .. (2)

Standard deviations of industrial output are computed using Baxter—King filtered data in the sample
period 1963-1999. In the panel with the results of regression (1), the sample of industries is split
into two according to whether the industry scores above or below the median of the index of financial
dependence. The set of instruments for the IV regressions includes dummies for the legal origin of
the country and a corruption index. The row called Effect of banks shows the reduction in volatility
when bank eredit over GDP increases by 50% of GDP (two standard deviations of bank credit). The
row called Differential effect considers the differential impact of increasing bank credit by 50% of GDP
over industries with high versus low financial dependence. These effects are shown as a percentage of
the median standard deviation in the sample. Industry and country dummies are not reported. Robust
standard errors clustered by country are reported below the coefficients in parentheses. Significance
(two-sided): * 10%, ** 5%, *** 1%.

Regression (1) OLS IV
Industry Subsample Industry Subsample
High Low High Low
Financial Financial Financial Financial
Dependence Dependence Dependence Dependence
Bank credit —0.0457"** -0.0325** ~0.0657"" —0.0599**
(0.0172) (0.0159) (0.0263) (0.0241)
Log per capita GDP -0.0143 —-0.0119** ~0.0106 —-0.0068
(0.0056) (0.0047) (0.0066) (0.0054)
Openness 0.0173*** 0.0167*** 0.0187** 0.0187*"~
(0.0057) (0.0039) (0.0060) (0.0038)
Government expenditure —0.0009*** —0.0007*** -0.0009"** —0.0007***
(0.0003) (0.0002) (0.0003) (0.0002)
Adjusted R* 0.326 0.220 0.337 0.229
Number of observations 683 686 683 686
Effect of banks 35% 25% 50% 45%
Regression (2) OLS IV
Bank credit x -0.0172"** -0.0238"**
High financial dependence (0.0048) (0.0109)
Adjusted R? 0.5263 0.5519
Number of observations 1,674 1,674
Differential effect 13% 18%

of bank credit).!” The line labeled “Effect of banks” reports the reduction in
volatility (as a percentage of the median volatility in the sample) that oc-
curs if we consider this change. This exercise is repeated throughout the pa-
per. Table I shows that highly dependent industries reduce volatility by 35%

1% A 50% increase in bank credit over GDP is comparable, for example, to the difference in credit
between two countries such as Ecuador (14%) and Singapore (64%).
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of the median volatility, while the other industries reduce volatility by only
25%.

The IV regressions confirm the significance of bank credit in reducing volatil-
ity. Interestingly, per capita GDP is not significant once we instrument for bank
development.

The specification in equation (2) focuses only on the differential effect of bank
credit on industries of high financial dependence. Confirming the cross-sample
results above, I obtain a negative coefficient on the interaction between bank
credit and financial dependence. The IV results are again supportive of the OLS
results.!

In order to get a sense of the cross-industry differences, consider the last row
in Table 1. Here I report the effect of a 50% increase in bank credit over GDP
on the highly dependent versus the less dependent industries. We see that the
highly dependent industries reduce volatility approximately 13—18% more than
the less dependent industries.

The results from regression (2) are powerful since the country fixed effects
control for any country-specific characteristic. Regression (2) also represents a
test at the level of second derivatives, as it examines the differential effect of
bank credit on industries sorted by financial dependence. The possibility still
exists, however, that the interaction of bank credit and financial dependence
reflects a pattern that is produced by other combinations of country and indus-
try characteristics. For instance, the reduction in volatility may be achieved by
nonfinancial arrangements or shocks may change in a way that generates lower
volatility. In the interest of brevity, these robustness checks are not presented
for the case of total volatility. However, I return to them when I examine the
composition of volatility in Table V. For now, it suffices to say that in the case of
total volatility, the interaction of bank credit and financial dependence survives
the addition of all the alternative interactions presented in that table.!?

B. Systematic and Idiosyncratic Volatility

Total volatility is divided into two components, namely, systematie volatility
and idiosyncratic volatility. Systematic volatility corresponds to fluctuations
that are correlated with the GDP of the country (or the business cycle), whereas
idiosyncratic volatility is uncorrelated with GDP, and therefore is specific to a
particular industry in a given country.'® In order to perform this decomposition,
consider the following regression:'*

AYict = ﬁi,cAgdpc‘: + Eiyc,ts (3)

"1 Tn the IV estimation of regression (2) the interaction of bank credit and high financial depen-
dence is instrumented by the interactions of the legal variables and high financial dependence.

12 Raddatz (2003) includes different interactions than those presented here, which shows that
the reduction in total volatility is a very robust finding.

" Total GDP is more than the sum of the 28 industries in the UNIDO data set since these
industries are only in manufacturing.

14 Since [ work with detrended data, the intercept of this regression is negligible.




Do Banks Affect the Level and Composition of Industrial Volatility? 1907

Table II
Variance Decomposition of the Volatility of Industrial Output
This table shows the variance decomposition of industrial volatility according to

2. 2.3 2
T = -Bil‘”gdp,t‘ ¥, O%.ic*

In Panel A, the first column shows the average variance of industrial output. The second and
third columns show the percentage of total variance (left-hand side of the equation above) that
corresponds to systematic and idiosyncratic variance (first and second terms in the right-hand side
of the equation above), respectively. Results for the subsample of countries that score below (above)
the median of bank credit to GDP are shown in the row Low (High) Credit Countries. Panel B
computes the difference in variance between countries with low eredit and countries with high
credit. The last row shows this difference as a percentage of the variance in countries with low
credit in each category. Results are presented using Baxter-King filtered data in the sample period
1963-1999.

Total
Variance Systematic Idiosyncratic

Panel A: Variance Decomposition

Entire sample 0.0091 13% 87%
Low credit countries 0.0133 11% 89%
High credit countries 0.0049 19% 81%

Panel B: Changes in Variance within Category

Low-High 0.0084 0.0005 0.0079
Difference as % of variances in low credit countries 63 36 67

where Ay; .. is the cyclical output of industry i in country ¢ at time ¢, Agdp.; is
the cyclical fluctuation of aggregate GDP, and #; ., is an idiosyncratic shock
that is orthogonal to aggregate GDP fluctuations. The coefficient ;. rep-
resents the sensitivity of the industry to aggregate fluctuations, and is a
funection of industry and country characteristics. For example, industries that
produce durable goods usually have a higher f; . than industries that produce
nondurables.

Let Agdp.; and ¢; ., have standard deviations of 044, . and o, ;, respectively.
The total variance of output is then

2 _ p2 2 2
O = ﬁic'agdp,r + ae,!t-' (4)

The first term on the right-hand side of (4) is the systematic variance and the
second term is the idiosyncratic variance. Both components can be estimated
by running the regression in (3) and computing the volatility of fitted values
and residuals. Table II shows the summary of the variance decomposition.

Systematic variance represents between 10% and 20% of industrial volatil-
ity. There is an increase in the fraction attributed to systematic volatility in
countries with more bank credit despite the overall drop in volatility. The
source of this change is a more pronounced reduction in idiosyncratic volatility
(67%) compared to the reduction in systematic volatility (36%). Figure 1 illus-
trates this change by showing both systematic and idiosyncratic volatilities as




1908 The Journal of Finance
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Figure 1. Systematic and idiosyncratic variance. The figure shows the fraction of the average
variance of industrial output that is systematic and idiosyncratic in each country. Countries are
shown from left to right in ascending order according to the level of bank credit over GDP.

fractions of total volatility for several countries. Systematic volatility accounts
for 50% or more of industrial volatility in the United States, while it is less than
10% in countries such as Nigeria and Paraguay that are characterized by lower
levels of bank credit.

The correlation coefficient between industrial output and GDP measures the
fraction of total volatility that corresponds to systematic volatility. One can also
think of the squared correlation as the R? of the regression in (3).

COTT(Ayi.c,h Agdpc.t)2 - ﬁa%a;dp,c/ai?" (5)

Table IT suggests that correlations increase with bank credit, which is equiv-
alent to saying that systematic volatility accounts for a larger fraction of total
volatility. This implies that industries move more closely together when banks
are more developed. This is not the result of larger measurement error—and po-
tentially more idiosyncratic noise—in less developed countries, since the cross-
industry pattern is again present. The regressions for idiosyncratic volatility in
Table III are very similar to the regressions with total volatility. The coefficients
for bank credit are again larger in the group of industries with high financial
dependence. The regression with the interaction term confirms this finding:
Idiosyncratic volatility is particularly lower in financially more dependent in-
dustries. The differential effect is stronger than the one identified in Table I for
total volatility (16% vs. 13%), which is a reflection of the steeper reduction in
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Table ITI
The Effect of Bank Credit on Idiosyncratic and Systematic Volatilities
This table shows OLS results for regressions

Idiosyncratic Std. Dev; . = «yBank Credit, + «gCountry Controls,

+agIndustry Dummies; + ¢; (1)

Idiosyncratic Std. Dev; . = By (Bank Credit, x High Financial Dependence;)
+ BoCountry Dummies, + B3 Industry Dummies; + €; .. (2)

The same regressions are run for the systematic standard deviation. The variance decomposition
follows equation (4) in the text. Standard deviations are computed using Baxter-King filtered data
in the sample period 1963-1999. In the panel with the results of regression (1), the sample of
industries is split into two according to whether the industry scores above or below the median of
the index of financial dependence. The row called Effect of Banks shows the reduction in volatility
when bank credit over GDP increases by 50% of GDP (two standard deviations of bank eredit). The
row called Differential effect considers the differential impact of increasing bank credit by 50%
of GDP over industries with high versus low financial dependence. These effects are shown as a
percentage of the corresponding median standard deviation in the sample. Industry and country
dummies are not reported. Robust standard errors clustered by country are reported below the
coefficients in parentheses. Significance (two-sided): * 10%, ** 5%, *** 1%.

Idiosyncratic St. Deviation Systematic St. Deviation
High Low High Low
Financial Financial Financial Financial
Dependence Dependence Dependence Dependence
Regression (1)
Bank credit —0.0434** —-0.0314** -0.0074 -0.0076
(0.0175) (0.0157) (0.0109) (0.0064)
Log per capita GDP —~0.0168*** —0.0129*** 0.0027 0.0004
(0.0054) (0.0048) (0.0036) (0.0021)
Openness 0.0203*** 0.0168*** -0.0028 0.0019
(0.0055) (0.0038) (0.0034) (0.0019)
Government expenditure -0.0008*** —0.0006*** —0.0003 ~0.0002
(0.0003) (0.0002) (0.0002) (0.0001)
Adjusted R? 0.361 0.227 0.050 0.124
Number of observations 683 686 683 686
Effect of banks (%) 40 29 12 12
Regression (2)
Bank credit x —0.0172%** —0.0001
High financial dependence (0.0046) (0.0038)
Adjusted R? 0.5356 0.4193
Number of observations 1,574 1,574
Differential effect 16% 0.1%

idiosyncratic volatility. The IV coefficients (not reported) are again larger than
the OLS coefficients and highly significant.

The regressions for systematic volatility in Table III indicate a negative co-
efficient on bank credit and on the interaction of bank credit and financial
dependence, but these estimates are not significant at conventional levels. The
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coefficients on the other country variables such as per capita GDP are not sig-
nificant either. In any case, systematic volatility is not increasing with bank
credit; if anything, it is only moderately decreasing.

This last result can be somewhat of a puzzle when compared to the strong
smoothing effect of financial development on recessions (Braun and Larrain
(2005)). However, the fact that systematic volatility decreases only moder-
ately is not necessarily inconsistent with Braun and Larrain’s finding about
recessions, because systematic volatility takes into account aggregate ups and
downs. The fact that banks amplify booms nearly as much as they dampen
recessions helps reconcile the two results. Table V in Braun and Larrain pro-
vides evidence in this respect: Booms are stronger in well-developed financial
systems and especially in financially dependent industries, though the effect is
smaller in magnitude than during recessions. This can explain the moderately
decreasing systematic volatility that we find here. The lack of power in the tests
with systematic volatility is also consistent with the inconclusive evidence pre-
sented by Beck et al. (2004) about the effect of financial intermediaries in the
response of GDP to macro shocks.

The results highlight the fact that liquidity provision is mostly concerned
with idiosyncratic fluctuations. The effect of banks on aggregate fluctuations is
dwarfed in comparison. For example, the hypothetical reduction in the volatility
of a firm that moves to a country with more developed banks consists of 95%
idiosyncratic volatility and only 5% systematic volatility (see Table II). I study
how this volatility reduction is achieved in Section IV.

C. Regressions with the Correlation of Industrial Output and GDP as the
Dependent Variable

These regressions explore the effect of bank credit on the ratio of systematic
to total volatility, that is, the correlation. In some sense, this is just another
way of presenting the information contained in Table III.

Table IV shows that correlations increase with bank credit in industries with
high and low financial dependence, though the effect is stronger in the first
group (33% vs. 12%). The differential effect between industries is quite large at
around 18% of the median correlation in the sample, which is to say that the
correlations of highly dependent industries increase by 18% more than those of
the less dependent industries when bank credit increases by 50% of GDP (in the
cross-section of countries). The right panel in Table IV shows the regressions
using correlations of log-differences to emphasize that the detrending method
is of no material importance for obtaining these results.'®

Table V presents several robustness checks applied to the interaction ap-
proach. One hypothesis is that, since bank credit allows a higher degree of
specialization in financially dependent industries, the higher correlations can

15 Since correlations are bounded between —1 and 1, I apply a logistic transformation before
running the regressions and obtain basically the same results as those reported here. Moreover,
none of the fitted values in the reported regressions lie outside the [—1, 1] interval.




Do Banks Affect the Level and Composition of Industrial Volatility? 1911

Table IV
The Effect of Bank Credit on Industrial Correlations with GDP

This table shows OLS results for regressions
Correlation; , = «;Bank Credit. + asCountry Controls, + agIndustry Dummies; + &; . (1)

Correlation; . = py(Bank Credit, x High Financial Dependence;) 4 foCountry Dummies,

+ Balndustry Dummies; + &; (2)

The correlations of industrial output with GDP use Baxter—King filtered data (left panel) and log
differences (right panel) in the sample period 1963-1999. In the panel with the results of regression
(1), the sample of industries is split into two according to whether the industry scores above or below
the median of the index of financial dependence. The row called Effect of banks shows the rise in
correlations when bank credit over GDP increases by 50% of GDP (two standard deviations of
bank credit). The row called Differential effect considers the differential impact of increasing bank
credit by 50% of GDP over industries with high versus low financial dependence. These effects
are shown as a percentage of the corresponding median correlation in the sample. Industry and
country dummies are not reported. Robust standard errors clustered by country are reported below
the coefficients in parentheses. Significance (two-sided): * 10%, ** 5%, *** 1%.

Correlation (BK Filter) Correlation (Log Differences)
High Low High Low
Financial Financial Financial Financial
Dependence Dependence Dependence Dependence

Regression (1)

Bank Credit 0.2221* 0.0826 0.2095* 0.1971
(0.1161) (0.1046) (0.1233) (0.1270)
Log per capita GDP 0.1068** 0.0829** 0.0908* 0.0565
(0.0442) (0.0394) (0.0481) (0.0465)
Openness —0.1363*** —0.0827*** —-0.1258*** -0.1067***
(0.0365) (0.0285) (0.0417) (0.0330)
Government expenditure 0.0014 0.0016 0.0009 0.0026
(0.0023) (0.0020) (0.0023) (0.0024)
Adjusted R* 0.291 0.228 0.258 0.234
Number of observations 683 686 683 686
Effect of banks (%) 33 12 29 27

Regression (2)

Bank credit x 0.1202** 0.0508*

High financial dependence (0.0473) (0.0279)
Adjusted R? 0.5358 0.6817
Number of observations. 1,574 1,574
Differential effect (%) 18 7

be mechanically driven by size instead of by reductions in volatility. Basically,
an industry is more correlated with GDP when it is a larger fraction of it. One
immediate problem with this hypothesis is that, on average in the sample, an
industry represents less than 2% of manufacturing value added, and manu-
facturing itself is about 20% of GDP in industrialized countries. Therefore, the
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Table V

The Differential Effect of Bank Credit on Industrial Correlations

with GDP: Alternative Interactions and Controls

This table adds different interaction effects to regression (2) in Table IV. The estimation method
is OLS. Correlations are computed using Baxter—King filtered data in the sample period 1963
1999. See the text for the description of the variables. The row called Differential effect considers
the differential impact of increasing bank credit by 50% of GDP over industries with high versus
low financial dependence. This effect is measured as a percentage of the median correlation in
the sample. Industry and country dummies are not reported. Robust standard errors clustered by
country are reported below the coefficients in parentheses. Significance (two-sided): * 10%, ** 5%,

1%.
Dependent Variable: Correlation with GDP

Bank credit x high financial 0.0914* 0.0584 0.1697*** 0.1623*** 0.1238***
dependence (0.0497) (0.0478) (0.0472) (0.0339) (0.0466)

Average industry size in each  0.4927*** - - - -
country (0.1767)

Log per capita GDP x high - 0.0326** - - -
financial dependence (0.0142)

Government expenditure x - - -0.0007 - -
high financial dependence (0.0009)

Country openness x high - - - —0.0640*** -
financial dependence (0.0202)

Country openness x tradable - - - - —0.0536
goods producer (0.0523)

Adjusted R? 0.5357 0.6372 0.5438 0.5395 0.5362

Number of observations 1,548 1,574 1,369 1,574 1,574

Differential effect (%) 14 9 26 25 19

Bank credit x high financial 0.0849* 0.0964** 0.0844* 0.1226*** -
dependence (0.0439) (0.0483) (0.0443) (0.0471)

Bank credit x orthogonal - - - - 0.1186*"
financial dependence (0.0603)

Log per capita GDP x durable 0.0409** - - - -
goods producer (0.0182)

Log per capita GDP x - 0.0369 - -
investment goods producer (0.0297)

Log per capita GDP x oil - - 1.0045 - -
intensive technology (1.6061)

Log per capita GDP x capital - - - -0.2532 -
intensive technology (0.2548)

Adjusted R? 0.5384 0.5363 0.5589 0.5363 0.5336

Number of observations 1,674 1,574 1,477 1,574 1,674

Differential effect (%) 13 15 13 19 8
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increment in size for the average industry is negligible in terms of its effect
on GDP. Thus, while size does come in significantly if we include it in the
regression, it is hard to infer causality because of the simultaneity of effects.'®
The coefficient of the interaction is still significant, albeit smaller than the
coefficients in other specifications.

Ifindustries depend on government subsidies, it may be the case that in coun-
tries with large governments, correlations are higher as a product of cyclical
variation in tax receipts. I find no evidence supporting this hypothesis.

Openness to trade, as seen in Tables IV and V, is a source of reduced comove-
ment between financially dependent industries and a country's GDP. Never-
theless, the main interaction is still significant at the 1% level when I add
interactions of openness with financial dependence or industry tradability.'”

Other potential explanations for the increase in correlations propose that
economic development increases the exposure of a group of industries to partic-
ular sources of aggregate shocks. As seen in the second column of Table V, the
interaction of per capita GDP with financial dependence makes the interaction
with bank credit insignificant. Given the high correlation of per capita GDP
and bank credit, this observation is hard to interpret as conclusive evidence
against a financial mechanism.

I test more direct mechanisms of how economic development affects correla-
tions by including interactions with other industry characteristics. For example,
economic development can change the productive structure of the country in a
way that increases its exposure to oil shocks—a frequently mentioned source of
aggregate fluctuations. If this is the case, then oil-dependent industries should
observe a higher increase in their correlations with GDP.!® The second panel
in Table V shows that there is no evidence in support of this channel.

Economic development can also affect industries that produce durable or
investment goods. Empirical results show that this channel may be operating.
However, it is hard to rule out the influence of finance, since durable goods
and investment goods are usually purchased with credit. Moreover, for those
industries that use a capital-intensive technology (Braun (2002)), the effect—if
present—is to decrease the exposure to systematic risk.

Overall, the interaction of bank credit and financial dependence survives
the interactions of other industry characteristics with economic development,
though the magnitude of the coefficient is reduced in some cases. As a last ro-
bustness test, note that the results are almost intact when I include the inter-
action of bank credit with a measure of financial dependence that is orthogonal

15 Size is computed as the average ratio of the industry’s value added to total manufacturing
value added of the country.

" The industry characteristics used in Table V are taken from Braun and Larrain (2005) except
where noted.

% 0il dependency is computed for each industry as the ratio of input from industries 353 and
354 (oil-related industries) to total input. Industries 353 and 354 are excluded from this variable.
The data come from the BEA's use tables (www.bea.gov/bea/dn2.htm), and therefore correspond to
U.S. firms.
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to the rest of the industry variables studied.'” This last piece of evidence makes
the case for the presence of a distinctive financial mechanism beyond the cor-
relation of financial dependence with other industrial characteristics.

IV. Exploring the Mechanism with Firm-Level Data

Countercyclical borrowing is central to the mechanism that explains the re-
duction in output volatility: If banks reduce the volatility of output, it is by
disassociating borrowing and output, in other words, by breaking the pattern
of low output and low borrowing. Given the previous results on volatility, I ex-
pect to find more countercyclical borrowing when banks are more developed. I
turn to firm-level data, which provides data on borrowing, to explore this issue.

A. Data and Preliminary Evidence

The firm-level data are from the Compustat Global Industrial/Commercial
database. This data set provides annual balance sheet information on firms
from multiple countries for the years 1991 to 2002. I restrict the sample to
those firms in the manufacturing sectors that match the previous industry data,
within the same 59 countries. I consider only those firms with five or more years
of data since the tests require time-series variation. After performing these
adjustments, the data consist of almost 47,000 observations that correspond to
approximately 5,700 firms in 42 countries. The average number of years per
firm is eight.?°

Because there is no production index at the firm level, I measure output with
sales and inventory investment, which are linked by the identity: Production =
sales + inventory investment, or, @ =S + Al. Using this identity I can ap-
proximate the previous section’s results on the volatility of industrial output.?!
Also, my interest in inventories derives from the link between inventory invest-
ment and credit conditions in the United States (Gertler and Gilchrist (1994),
Kashyap et al. (1994)).

In terms of borrowing, I concentrate on short-term debt. My definition of
short-term debt includes notes payable and accounts payable (trade credit and
others), but it excludes long-term debt due in 1 year, accrued expenses, taxes
payable, and proposed dividends.?? In order to examine fluctuations I take

' The orthogonal finance dependence is the residual of the regression of finance dependence on
durable goods, investment goods, tradable goods, and capital intensity. Oil intensity is not included
so that I keep all 28 industries. The R* of this regression (N = 28) is 22%.

201 also drop observations with missing values for assets, with missing debt plus equity, with as-
sets not equal to debt plus equity, or with negative equity. These represent only minor adjustments.

21 The identity implies that Var(@) = Var(S) + Var(AI) 4+ 2Cov(8, AI). The covariance is esti-
mated to be positive in empirical studies (Ramey and West (1999)), showing that inventories are
procyclical.

* Demirgiic-Kunt and Maksimovic (1999) use an earlier version of this same database. The
definition of short-term debt in their paper includes long-term debt due in 1 year, acerued expenses,
taxes payable, and proposed dividends.
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Table VI
The Effect of Banks on Volatility and Borrowing Using Firm-Level
Data: Preliminary Evidence

The table presents the average firm-level standard deviation (or correlation) of the log-changes in
sales (S), sales over assets (S/A), inventory (I), inventory over sales (I/S), and short-term debt (D).
The sample period is 1991-2002. The table presents four groups: two groups of industries and two
groups of countries within each industry classification. Industries are divided into high and low
financial dependence (FD) categories according to the median of the financial dependence index.
Countries are divided into high and low bank credit according to the median bank credit in the
sample. The number of firms in each bin varies between 1,000 and 2,000 firms. Not all bins have
the same number of observations because not all countries and industries have the same number
of firms. The column labeled A is the difference between countries of high and low bank credit. All
firm variables are winsorized at the 1% and 99% levels.

High FD Industries Low FD Industries
Bank Credit over GDP Bank Credit over GDP
High Low A High Low A
SD(Alog(S) 0.22 0.43 -0.21 0.25 0.42 -0.17
SD(Alog(S/A)) 0.19 0.23 —0.04 0.20 0.21 -0.01
SD(Alog(I) 0.29 0.51 -0.22 0.29 0.48 -0.19
SD(Alog(I/S)) 0.25 0.30 —0.05 0.21 0.26 -0.05
Corr(Alog(S), Alog(D)) 0.40 0.45 -0.06 0.33 0.37 —0.04
Corr{Alog(D, Alog(D)) 0.45 0.55 -0.10 0.39 0.49 -0.10

the log change in sales (Alog(S)), inventories (Alog(l)), and short-term debt
(Alog(D)). %

Table VI shows preliminary results on the volatility and correlation of these
variables. The table compares a firm’s average volatility in countries with high
and low bank credit, while differentiating among firms in more and less fi-
nancially dependent industries. It is clear that volatility is lower in countries
with more developed banks, both in terms of sales and inventories. Moreover,
the reduction in volatility is stronger in the financially dependent firms. This
result holds even if we examine the volatility of the ratios of these variables
to assets (A) or sales (e.g., Alog(S/A) or Alog(l/S)). Because ratios can smooth
the effects of mergers and acquisitions, in a sense they provide cleaner results.
For instance, a firm that acquires another firm can mechanically have high
inventory growth even in the absence of any shock.

The correlations of sales or inventories with debt are also lower in countries
with higher bank credit. Low correlations, although positive, signal that bor-
rowing is more countercyclical. As a pure measure of comovement—one that is
independent of the volatilities of sales, inventories, or debt—a lower correlation
indicates that debt and production move more frequently in opposite directions
when banks are more developed. In other words, in more developed banking

2 The lines from Compustat Global are: inventories (data66), sales (datal), short-term debt
(data96 + data97 + datal01), and total assets (data89).
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systems, firms tend to borrow more as sales fall and to pay more debt as sales
increase. As noted before, this countercyclical behavior of borrowing is expected
when financial constraints are relatively tighter during contractions of activity
(low sales or low inventories).

B. The Volatility of Sales, Inventories, and Production

A more careful analysis of the data can be performed using the basic regres-
sion augmented to control for firm characteristics, that is,

Standard Deviation; .y = a;Bank Credit, + agCountry Controls,
+ agIndustry Dummies; + asFirm Controls; . s
+Eicf. (6)

I run this regression with the standard deviation of sales, inventories, and
production as dependent variables. I use ratios, which are cleaner measures
as argued above, though the results do not rely on using ratios or levels. The
subscript f refers to a firm, which is now the unit of observation. In addition to
the country controls and industry fixed effects (at the three-digit ISIC level),
I include three firm controls that are usually associated with leverage (Rajan
and Zingales (1995)), specifically, the log of sales as proxy for size, profitabil-
ity defined as earnings before interest, taxes, depreciation, and amortization
(EBITDA) over assets, and tangibility defined as tangible assets over total as-
sets. I use the time average of each variable for each firm.

The results displayed in Table VII confirm the dampening effect of bank
credit on the volatility of sales, inventories (as a ratio of assets or sales), and
total production. The other country variables in the regressions have a weak
effect, suggesting that bank credit is the main channel through which output
is smoothed. The firm variables are all statistically significant and take the
expected signs: Large, profitable firms, and firms with more tangible assets
have lower volatility. The difference between the more and less financially de-
pendent industries is not significant at conventional levels, though the point
estimates show a stronger effect for more dependent firms in the case of inven-
tories. These results are robust to considering the subsample of non-U.S. firms
and to instrumenting bank credit with the legal variables used in the previous
sections (results not reported). Finally, the decomposition of volatility, which is
examined in the previous section with industrial data, is not performed here
because the time series is too short.

Following our previous illustration of the magnitude of the effects, an increase
in bank credit equal to 50% of GDP reduces the volatility of the median firm by
approximately 50% across the different measures in Table VII. The coefficients
on bank credit reported for production volatility in the last two columns should
be comparable to the previous industry estimates; however, it turns out that
they are between two to four times larger than those coefficients. Besides the
obvious sample differences that can account for the variation, another possible
explanation is that many firm-level fluctuations wash out within an industry
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and they do not show up in industry aggregates. For instance, higher sales
in one firm can be compensated by lower sales in another firm, leaving total
industry sales (and output) unchanged. In fact, firm-level volatility is more
than twice as large as industrial volatility on average (see Table Al). Thus the
effect of banks on firm fluctuations overstates the effect of banks on industry
fluctuations, as we observe here. Alternatively, we can interpret this as yet
another illustration of the power of banks with respect to idiosyncratic versus
(more) aggregate fluctuations.

C. The Countercyclical Behavior of Borrowing

The comovement of debt and output is a central part of the story that links
banks and volatility. In order to explore this comovement, we run firm-level
regressions that use the correlation of sales or inventories with short-term
debt as dependent variables.

As seen in columns one and two of Table VIII, bank credit reduces the cor-
relation of sales and debt, which confirms that borrowing is less procyeclical
as credit grows. The correlation reduction happens mostly among firms in fi-
nancially dependent industries. In fact, the difference with respect to the less
dependent industries is statistically significant at the 1% level. A 50% increase
in bank credit reduces the correlation of sales and debt in the median firm from
0.10 to 0.01 (using the estimate in the first column). A similar pattern is ob-
served in inventories. A 50% increase in bank credit reduces the correlation of
inventories and debt in the median firm from 0.24 to 0.12 (using the estimate
in column three of Table VIII).

One striking result in Table VIII is that economic development (proxied by
per capita GDP) significantly increases the correlation of output and debt. The
fact that the coefficients on GDP and bank credit have opposite signs confirms
that the mechanisms working behind economic and financial development are
different. In terms of firm controls, the only variable that has a significantly
negative effect is profitability, although it is not surprising that profitable firms
can borrow more as sales or inventories fall.

The last two columns in Table VIII study the behavior of the inventory to
sales ratio. We see that the countercyclical behavior of this ratio is enhanced
with more credit, that is, firms in more developed financial systems do not need
to liquidate as much inventory as sales fall. Again, the coefficient is larger and
more significant for the group of financially dependent industries. This result
coincides with the evidence in Bernanke et al. (1996) and Gertler and Gilchrist
(1994), which relates to the cyclical behavior of small firms—the proxy for more
financially constrained in that series of papers. They show that the inventory
to sales ratio in small firms falls even after negative monetary shocks, implying
that these firms shed inventory faster than their sales decline. Less constrained
firms, on the other hand, can afford to carry more inventory by borrowing more
easily.

It is well known that inventory moves procyclically—firms build up inven-
tory in expansions and cut back inventory in recessions—and, moreover, that
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Table VIII
The Effect of Bank Credit on the Correlations of Sales, Inventory,
and Short-Term Debt Using Firm-Level Data

The regression estimated by OLS is

Correlation;.; = a«)Bank Credit. + asCountry Controls, + azgIndustry Dummies;

+ oy Firm Controlscr + &icf-

The sample period is 1991-2002. The dependent variables are: correlation of Alog(sales/assets)
and Alog(short-term debt/assets), correlation of Alog(inventories/assets) and Alog(short-term
debt/assets), and correlation of Alog(inventories/sales) and Alog(sales). Country controls include the
log of per capita GDP, openness, and government expenditure. Firm controls include firm size (log
of sales), profitability, and tangibility, averaged for each firm during the sample period. Results are
reported for two subsamples of firms that correspond to industries with high and low financial de-
pendence (FD) according to the median of the financial dependence index. The row called Effect of
banks shows the reduction in correlation when bank credit over GDP increases by 50% of GDP (two
standard deviations of bank credit). This effect is reported as a percentage of the corresponding me-
dian correlation in the sample. The last row reports the p-value of the test that the effect of banks
is stronger in the group of highly dependent firms. All firm variables are winsorized at the 1% and
99% levels. Industry dummies are not reported. Robust standard errors clustered by country-industry
units are reported below the coefficients. Significance (two-sided): * 10%, ** 5%, *** 1%.

Corr(Alog(S/A), Corr(Alog(l/A), Corr(Alog(I/S),
Alog(D/A)) Alog(D/A)) Alog(S))
Industry Industry Industry
Subsample Subsample Subsample
Independent High Low High Low High Low
Variables FD FD FD FD FD FD
Bank credit ~0.184** 0.106 ~0.246*** -0.052 -0.207** -0.121°
(0.076) (0.070) (0.070) (0.063) (0.083) (0.072)
Log per capita GDP 0.103"** 0.055""" 0.060* 0.0817** 0.105*** 0.056%**
(0.029) (0.021) (0.032) (0.021) (0.027) (0.020)
Openness —0.006 0.019 0.021 0.061** 0.026 -0.015
(0.023) (0.020) (0.018) (0.020) (0.026) (0.020)
Jovernment expenditure —0.005***  —0.005"** —0.005"** —0.004"* 0.000 0.002
(0.002) (0.002) (0.001) (0.002) (0.002) (0.002)
Firm size 0.000 —0.007* -0.001 -0.007* 0.022*** 0.013***
(0.005) (0.004) (0.004) (0.004) (0.005) (0.004)
Profitability —0.384*** —-0.453*** -0.253*** -0.232" 0.757*** 0.426***
(0.097) (0.095) (0.095) (0.122) (0.116) (0.136)
Tangibility —-0.199** ~0.025 —0.039 —-0.091 -0.079 0.016
(0.099) (0.074) (0.103) (0.074) (0.072) (0.069)
Adjusted R* 0.030 0.040 0.019 0.016 0.051 0.032
Number of observations 2,821 2,830 2,805 2,750 2,804 2,750
Effect of banks (%) 92 -53 51 11 38 23
p-value high < low 0% 2% 22%

inventory can account for a large fraction of GDP fluctuations. Ramey and West
(1999) report that in G7 countries during the 1990s inventory decline accounts
for 30% of the decrease in GDP in recessions. In this respect, our results on
banks and inventory add flesh to Braun and Larrain’s (2005) findings with
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regard to the smoothing effect of financial development on recessions.?* The
results in this paper suggest that one important factor for the dampening of
recessions is that well-developed banking systems allow firms to have more
stable inventories.

The last issue I take up here concerns the role of other financial institutions
in volatility. In particular, so far I restrict the analysis to banks, without paying
attention to the development of the stock market. However, stock markets can
also reduce volatility by allowing, for example, for better risk management in
each firm.

The literature on growth and financial structure concludes that, at least
empirically, whether a firm is located in a market-based or a bank-based sys-
tem makes little difference (Levine (2004)). In the case of volatility, both sys-
tems have advantages, and they are probably good complements. The results
in Table IX indicate that both banks and the stock market have a dampening
effect on volatility, however, the effect of banks is larger (—0.15 vs. —0.02) and
more significant.

The variable that captures the relative development of the stock market com-
pared to banks does not significantly reduce volatility when bank credit is ab-
sent from the regression. This shows that financial structure per se does not
explain the results so far. One rationale for the inclusion of financial structure
in the regression is that a more developed stock market relative to banks—
independent of the /evel of bank credit—can allow banks to specialize in short-
term lending and therefore help to reduce volatility. The idea is that when the
stock market grows, banks can delegate long-term financing to other agents,
concentrating on the provision of liquidity. While it is true that banks tend
to focus more on short-term lending than other financial institutions, this hy-
pothesis implies that the structure of the financial system affects the cyclical
behavior of debt (previously discussed). In other words, according to this story,
when we compare two countries with the same level of bank credit over GDP,
we should find that short-term lending is more countercyclical in the coun-
try that has a more developed stock market. Despite the appeal of this hy-
pothesis, the regressions that include the correlations of inventory and debt
(similarly for sales and debt) do not show signs of such additional special-
ization of banks in short-term lending. Thus, neither stock market capital-
ization nor financial structure is significant in making short-term debt more
countercyclical.

Overall, the firm-level evidence supports the idea that deeper financial inter-
mediation not only allows faster growth as shown in previous papers, but also
provides liquidity to smooth fluctuations of sales and inventory. The results are
consistent with the previous industry evidence, though they have to be taken
with caution because of data limitations. First, a longer time series is required
to compute volatilities and correlations that are less noisy and not affected by a
particular sample period (the 1990s in this case). Second, knowing more about

#1 thank the referee for suggesting this point.
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the composition of short-term debt is necessary to derive definite conclusions.
For instance, it would be interesting to know what fraction of the shocks is
smoothed through different channels such as credit lines or commercial paper,
and also to what extent hedging instruments contribute to the reduction of
volatility.

V. Conclusions

I document three main findings in this paper. First, bank credit reduces in-
dustrial output volatility. Second, the reduction in volatility comes mainly from
a reduction in idiosyncratic volatility. As a corollary of this point, correlations
between industries and GDP increase with bank credit. Third, at the firm level,
short-term debt is more negatively correlated with firm activity as bank credit
increases, suggesting that debt serves to smooth output.

This paper contributes primarily to the ongoing debate about the impact of
financial intermediation (and particularly banks) on volatility. The results show
that banks smooth real shocks, particularly idiosyneratic shocks, and that one
way in which this is achieved is through the use of short-term debt.

A final interesting issue concerns the implications of these findings for the
behavior of stock markets. Morck, Yeung, and Yu (2000) show that stocks in less
developed countries tend to have more synchronized movements, that is, the
correlation of a particular stock with the market is higher in a less developed
country. I show that exactly the opposite pattern is true in terms of output
correlations with GDP, which may appear as a contradiction to the finding of
Morck et al.

Reconciling and understanding both the above results is an important area
for future research. The sample selection is a relevant issue: The industrial
data in this paper include more firms than those listed in the local stock mar-
ket, and the characteristics of the listed firms can explain why the correlations
using output and stock prices are different. Also, my findings relate to short-
run fluctuations, while the stock market reflects firms’ long-run prospects. For
example, in the case that stock markets understand the idiosyncratic nature of
most fluctuations in underdeveloped countries, it is possible to observe higher
correlations among stocks if long-run fundamentals are more correlated (be-
cause of macro risk for instance).

Morck et al. argue that their results show the poor efficiency of stock markets
in developing countries. At this stage the results in this paper do not necessarily
support or contradict that hypothesis. In any case, the interplay between the
real economy (cash flows, output) and stock markets in an environment of
financial underdevelopment certainly deserves more study.
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Table AI
Selected Summary Statistics

Total
Numbers of St.
Observations Mean Median Dev. Min  Max

Bank credit over GDP (country-level) 59 0345 0.269 0262 0.0561 1423
Industry-level dependent variables

Correlation with GDP (BK filter) 1,574 0.331 0.332 0.283 -0.650 0.926

Correlation with GDP (log differences) 1,674 0.353 0.360 0.263 -0.661 0.898

Total standard deviation (BK filter) 1,574 0.080 0.066 0.0562 0.009 0.564

Total variance (BK filter) 1,674 0.009 0.004 0.017 0.000 0.319

Systematic variance (BK filter) 1,674 0.001 0.001 0.002 0.000 0.038

Idiosyncratic variance (BK filter) 1,674 0.008 0.003 0,017 0.000 0.308

Firm data (winsorized at 1%-99%)

Firm-level dependent variables

SD(Alog(S)) 5,774 0310 0.1556 0475 0.0256 2.836
SD(Alog(S/A)) 5,773 0.202 0.138 0.209 0.029 1.340
SD(Alog(I)) 5,673 0.371 0.225 0.473 0.047 2.874
SD(Alog(I/A)) 5,673 0.225 0.1656 0.195 0.037 1.193
SD(Alog(1/8)) 5,672 0.260 0.187 0.207 0.041 1.274
SD(Alog(Q/A)) 5,480 0.196 0.135 0.198 0.019 1.238
Corr(Alog(S), Alog(D)) 5,773 0.381 0.463 0.463 -0.862 0.998
Corr(Alog(S/A), Alog(D/A)) 5,773 0.074 0.100 0.509 -0.950 0.961
Corr(Alog(l), Alog(D)) 5,673 0.461 05662 0.439 —-0.816 0998
Corr(Alog(I/A), Alog(D/A)) 5,673 0.196 0.243 0474 -0907 0973
Corr(Alog(I/8), Alog(S)) 5,672 -0.219 -0.269 0.486 -—-0.979 0.896
Firm-level controls
Firm size (log sales) 5,773 14.385 14.064 2.994 8.000 21.796
Profitability 5,748 0.098 0.105 0.104 -0.432 0.317
Tangibility 5,773 0.322 0.306 0.163 0.040 0.759
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