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Abstract

The leverage of financial broker-dealers responds to demand- and supply-like shocks.
Supply shocks relax their funding constraint and raise leverage, while demand shocks also
raise leverage but tighten the constraint. The shocks play opposite roles in financial markets.
Leverage supply shocks improve liquidity and carry a positive price of risk, while leverage
demand shocks worsen liquidity and carry a negative price of risk. Because of this difference
in signs, disentangling the two types of shocks strengthens the evidence for intermediation
frictions in asset pricing, resolves some of the existing puzzles, and can help understand the
different mechanisms driving broker-dealer leverage.
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Introduction

Financial intermediaries play a central role in the issuance of new securities, offer essential
broker-dealer services to large investors and asset managers, and act as market-makers or
providers of liquidity in essentially all financial markets. Because their activities span many
asset classes and involve complex investment strategies that face low transaction costs, which
together contrasts dramatically with the possibilities average investors have, the marginal
value of intermediaries’ wealth can be one important factor to price several financial assets.!
Adrian, Etula, and Muir (2014), henceforth AEM, use balance sheet information about fi-
nancial intermediaries and find strong evidence that the covariance of returns with variations
in a measure of leverage can price a wide range of test assets, thus bringing a new perspec-
tive to the field of empirical asset pricing. Assets and strategies that perform poorly when

intermediaries’ marginal value of wealth is high offer higher returns to investors.

Intuitively, leverage on its own provides a good proxy for intermediaries’ marginal value
of wealth when funding or leverage constraints are binding. In this case, the marginal value
of wealth increases but leverage decreases when funding conditions tighten as intermediaries
reduce the level or the risks of the assets that they hold. Therefore leverage is negatively
related with the marginal value of wealth. But what if the funding constraints do not bind?
It is still likely that leverage may decrease when funding conditions tighten. However, the
opposite relationship is also plausible. For instance, a shift in the demand for intermediation
by investors wanting to sell assets can lead intermediaries to increase leverage, which tightens
their constraints and raises the marginal value of wealth. In this case, leverage will be
positively related to the marginal value of wealth. We interpret these two types of movement

in leverage as supply and demand shocks, respectively.

To identify these shocks, we combine AEM’s measure of intermediaries’ leverage and
existing proxies for funding conditions together with sign restrictions. The assumptions are
that leverage supply shocks correspond to the unexpected increases in leverage that are

associated with better funding conditions and, by contrast, that leverage demand shocks

1See the detailed survey by Gromb and Vayanos (2010) as well as Geanakoplos (2010); He and Krishna-
murthy (2013); Brunnermeier and Sannikov (2014); Kondor and Vayanos (2016).



Figure 1: Leverage Demand and Supply Shocks in Asset Pricing

(a) Raw Leverage and Market Returns (b) Leverage Demand and Supply Shocks
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Realized and fitted mean excess returns to 3 x 10 portfolios of equities and 3 x 10 portfolios of
corporate bonds sorted on %4, 37 and FAFUND labeled L, V and F, respectively and ordered
from 1 to 10; 2 x 6 portfolios of recently issued and of old Treasury bonds with different maturities,
labeled T" and ordered from 1 to 12; and 2 x 27 unlevered call and put options, labeled C' and
P, respectively. Panel (a) shows results using market returns and leverage. Panel (b) shows the
results using leverage demand shocks and leverage supply shocks identified with sign restrictions.
Each model is estimated with no intercept E(R®) = (B;\; and we draw a 45-degree line. Adding
the market returns as a factor in Panel (b) does not change the results.

correspond to unexpected increases in leverage that are associated with costlier funding

conditions.?

Using these shocks for pricing assets, we show how important it is to disentangle leverage
demand and leverage supply shocks. Figure 1 illustrates our message. Panel (a) shows the
realized and fitted mean returns for Treasury bonds, corporate bonds, equities and options
from a model that uses market returns as well as changes in broker-dealers’ raw leverage.
We also draw the 45-degree line that would arise if the fit were perfect. Panel (b) shows

the same results but from a model that uses both leverage demand and supply shocks that

2The proxy for funding condition is the first principal component of the three measures used in the
literature. This mitigates the effect of any noise that is introduced by each measure. Section A provides the
details.



are identified with sign restrictions. Contrasting these two panels, we see that disentangling
the two types of leverage shocks substantially improves the fit. We find that both estimates
are statistically significant: the prices of risk are 2.0 and —2.2 percent annually for leverage
supply and demand shocks, respectively. Disentangling these shocks does not imply a loss
of parsimony because we cannot reject that the sum of the two prices is equal to zero (only
their signs differ). The risk exposures are also symmetrical: the correlations between the (s
for these two shocks is —0.65. Overall, this suggests that changes in leverage that are due
to either demand or supply shocks have opposite implications for financial markets. As we
show below, this substantially strengthens the evidence for intermediary asset pricing and

resolves some of the puzzles and mixed results noted by AEM and others.?

On the way to Figure 1 and other tests, our first step is to provide evidence that the
funding constraints are not always binding and that the sign restrictions are plausible. We
document that the relationship between leverage and the funding conditions is not linear.
When current leverage is high, which is when the constraints are more likely to bind, there is
a strong negative correlation between current funding conditions and future leverage. This
is the relationship that AEM exploit empirically. By contrast, the correlation is insignificant
or positive when leverage is low, which is when the constraints are unlikely to bind and
that leverage responds to both demand and supply shocks. Similarly, when current funding
conditions are tight, which is also a time when the constraints are likely to bind, we find that
current leverage is negatively associated with future funding conditions (sample correlation
of —0.25). Again, when current funding conditions are good, the effect is either insignificant

or positive.

The next step is to identify the shocks. For this, we implement the sign restrictions in
a vector-autoregressive system of equations for both leverage and the proxy for the funding
conditions. We find that both demand and supply shocks play important roles in the varia-
tions of leverage over time. The leverage response is stronger after a demand shock but more
persistent after a supply shock. Consistent with the reduced-form evidence, the contribution

of supply shocks to the variations of leverage is higher when funding conditions are tight.

Then, we check the implications of leverage shocks in asset-pricing tests. For instance,

underlying Panel (b) of Figure 1, the price of risk is positive for leverage supply shocks and

3 Another debate in the literature is whether a measure of net worth or a measure of leverage should be
used in empirical work and whether market or book valuations should be used. Adrian, Moench, and Shin
(2014) discuss these issues in detail and argue, based on the results of dynamics asset pricing tests, that
leverage is more important than net worth for asset prices and that book value should be used.



negative for leverage demand shocks. The estimates have the right sign for each individual
asset class, with the exception of one estimate that is not significant. We also find that the
magnitudes of the estimates are very close for both types of shocks (in absolute value). This
is a pervasive feature in our results that arises because the betas for the demand shocks are
highly negatively correlated with the betas for the supply shocks. This tells us that a unit
change in leverage has a similar impact on returns, whether this is due to a demand or a

supply shock, but the sign is different.

Precision varies when considering different asset classes. Exposure to leverage demand
shocks is estimated with more precision and the goodness of fit is better for equities and
options, while exposure to supply shocks is estimated with more precision for bonds. This
is also reflected in the changing signs of the price of risk for raw leverage: the estimate is
negative for equities and options but positive for bonds. In a joint test across asset classes,
the estimate is positive for raw leverage but the statistical evidence is weak. This is in line
with the finding by He, Kelly, and Manela (2017) that estimates of the price of leverage risk

appear to vary across asset classes.

We revisit the tests in AEM that are based on Fama-French and momentum equity
portfolios as well as Treasury bonds. For leverage shocks, we confirm their results in our
sample. A simple model using the leverage factor explains 88 percent of the cross-section of
portfolio returns with a positive and significant price-of-risk estimate. Consistent with this
result, we find that leverage supply shocks play a bigger role in this set of test assets. Similar
to AEM, the average returns of some of the momentum portfolios cannot be attributed to

their exposures to either the risk of the leverage demand or leverage supply shocks.

Finally, we verify the prediction by Brunnermeier and Pedersen (2009) that intermedi-
aries’ marginal value of wealth drives asset liquidity and, therefore, expected returns. We
find that both demand and supply shocks influence market liquidity but in opposite direc-
tions. Leverage supply shocks have a significant positive impact on market liquidity while
leverage demand shocks have a significant negative impact. In both cases, the impact is
highest for the least liquid portfolios and decreases with a monotonous pattern for the more
liquid portfolios. In Section IIIB, we show that this symmetrical pattern explains a puzzle

AEM identified where the leverage ratio essentially appears unrelated to market illiquidity.



Literature

Following the financial crisis, an empirical literature has emerged that connects interme-
diaries’ balance sheets to asset pricing. One underlying theme is that the intermediaries’
marginal value of wealth offers a basis to price assets in several markets, not that of the
households’ or some other representative investors. One strand of this literature highlights
the connection between an apparent increase in arbitrage opportunities with an increase in
the associated risk premia. Krishnamurthy (2010) provides evidence on mortgage-backed
securities for the period 2007-2009. Fontaine and Garcia (2012) connect the spread of old
seasoned Treasuries with risk premia across several fixed-income securities. Frazzini and
Pedersen (2014) connect a higher T-bill-Eurodollar (TED) spread with low contemporane-
ous returns of betting-against-betas strategies. Mitchell and Pulvino (2012) and Hu, Pan,
and Wang (2013) provide similar evidence in the hedge fund industry and for exchange rates.
In each case, one apparent mispricing between securities of similar risk levels is interpreted

as reflecting tighter limits to the arbitrage financial intermediaries usually provide.

A second strand of the empirical literature builds on the insight that, if intermediaries
matter, then building a stochastic discount factor (SDF) that prices many assets well should
start with proxies for the intermediaries’ marginal value of wealth. Gabaix, Krishnamurthy,
and Vigneron (2007) examine the mortgage-backed securities market in this light and show
that the risk of homeowner prepayment carries a positive risk premium. As discussed above,
Adrian, Etula, and Muir (2014) use shocks to the leverage of securities broker-dealers. He,
Kelly, and Manela (2017) instead use shocks to broker-dealers’ capital ratio and provide ev-
idence for the pricing of additional assets, including corporate and sovereign bonds, deriva-
tives, commodities, and currencies. We find that leverage shocks are also consistently priced

across several markets once demand and supply shocks are disentangled.

These two strands of literature are related. Movements in both the prices and the quanti-
ties of holdings influence the balance sheets of financial intermediaries. Leverage can increase
as a result of a shift in intermediaries’ risk-taking, a supply shock that also loosens the limits
to arbitrage between the prices of similar assets. However, leverage can also increase due
the losses that intermediaries register on the assets they hold or as a result of a shift in the
demand for intermediation. In other words, there is a need to separate supply and demand

shocks from data on prices and quantities.



Froot and O’Connell (1999) identify shocks by using prices and quantities in the catastro-
phe reinsurance market. Following a natural disaster, the insures’ capital buffer is initially
depleted, new policies are sold at higher prices and the demand for reinsurance falls. Once
buffers are rebuilt, prices reverse to a lower level and sales increase. In this case, the most
likely interpretation is that the pattern of price changes across contracts with different risk
exposures shows that a shift in the supply of insurance follows a natural disaster. The alter-
native interpretation in terms of demand shifts, say because clients update the probability
of a disaster, is not supported in the price data. Du, Tepper, and Verdelhan (2018) use
banking regulations of quarter-end capital requirements to identify shocks underlying large

covered interest parity (CIP) deviations.

Du, Hébert, and Huber (2019) examine an SDF that combines CIP violations with the
intermediary manager’s returns on wealth.* They find that the CIP factor contains informa-
tion that is either not incorporated into the intermediary factor or that the factor captures
similar information more precisely. We document that the relationship between leverage
and the funding conditions is not linear: there is a strong negative correlation when current
leverage is elevated but a small or positive correlation when leverage is low. We use this fact

to identify leverage demand and supply shocks based on sign restrictions.

In a closely related paper, Goldberg and Nozawa (2019) disentangle supply and demand
shocks in changes to the quantity of liquidity intermediaries provide in the corporate bond
market. They conclude that supply shocks are a main driver of the prices and market liquidity
of corporate bonds. Although our approach to disentangling shocks is slightly different, we
also find that supply shocks to intermediaries’ leverage play a larger role to explain corporate
bond returns.® We build on and expand this result by showing that both demand and supply
shocks are important to understanding the impact of intermediaries’ leverage on returns in
a cross-section of assets and by showing that both leverage supply and demand shocks affect

the liquidity of stocks.

Sign restrictions are also used more broadly in macro-finance. Goldberg (2019) studies

how dealers’ supply of liquidity in the Treasury market influences the aggregate illiquidity

4Du, Hébert, and Huber (2019) relate their work to Garleanu and Pedersen (2011), who add a security’s
margin times the general funding cost to a consumption-based asset-pricing model, but they measure the
shadow value of the constraint using CIP deviations and they use Epstein-Zin preferences instead of log
utility, which implies that the covariance risk with the CIP deviations is priced.

SGoldberg and Nozawa (2019) combine broker-dealers’ trading positions with deviations of bond yields
from a fitted curve. We combine the aggregate broker-dealer leverage used in AEM with the principal
component from several measures of funding conditions.



of other asset markets and aggregate real activity in the US economy. Arias, Caldara, and
Rubio-Ramirez (2019) use sign restrictions to study the effects of monetary policy shocks
in structural VARs. Cieslak and Pang (2020) disentangle monetary news, growth news
and risk-premium shocks based on sign restrictions by exploiting stocks and bonds’ different
exposures to these shocks. Uhlig (2017) highlights the key issues in the use of sign restrictions
for the purpose of identifying shocks.

Existing results show strong illiquidity commonality across securities (Chordia, Roll, and
Subrahmanyam, 2000; Hasbrouck and Seppi, 2001; Chordia, Sarkar, and Subrahmanyam,
2005), or that illiquidity increases with the volatilities of securities to compensate market-
makers, either for their inventory risk or for their losses to better-informed investors (Benston
and Hagerman, 1974; Stoll, 1978; Glosten and Milstom, 1985; Grossman and Miller, 1988;
Pagano, 1989). We show that both leverage supply and demand shocks connect intermedi-
aries’ balance sheets with market illiquidity but with opposite signs. Other results show that
the risk premium increases with the level of illiquidity in a cross-section of equities (Amihud
and Mendelson, 1986; Amihud, 2002; Pastor and Stambaugh, 2003; Acharya and Pedersen,
2005). As predicted in models with intermediaries, we find that leverage supply shocks bear
a positive price of risk and leverage demand shocks bear a negative price of risk when assets

are sorted on their level of illiquidity risk.

The rest of the paper is organized as follows. Section I reviews the theoretical under-
pinnings of our approach, introduces the data and provides reduced-form evidence for the
non-linear relationship between leverage and funding conditions. Section II provides the
construction and stylized facts about leverage demand shocks and leverage supply shocks.
Section III studies how the risks of leverage demand and supply shocks influence the risk
premia in securities markets. The conclusion summarizes the main results and discusses
potential avenues for future research. An appendix provides details about the data sources

and the construction of the portfolios that we use in our tests.

I Leverage and Funding Constraints

In Brunnermeier and Pedersen (2009), specialized traders intermediate between investors
who demand immediacy and financiers who provide collateralized funding for trading opera-
tions. One common and important feature in this class of models is that intermediaries face

margin constraints that must be collateralized separately for each asset, ruling out cross-



margining between the positions in different assets. These intermediaries are risk neutral
and their marginal value of wealth determines the equilibrium illiquidity |A%] of asset i that
is given by the following:

ATl =mi(ér = 1), (1)

where my denotes the margin requirement for asset ¢ and ¢, is the shadow price of the

constraint. The marginal value of wealth also determines the price of asset pj,
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po = Eo[pi] +
which combines the expected future value and the covariance between this payoff and ¢;.
For simplicity, aggregate market risk is absent in this model. In terms of excess returns, we

have the following: .
B Covy [qbl, Rf’q

Eo[¢1]

The question is whether we can measure ¢, or proxy for it.

Eq [Rﬂ = (3)

AEM note that, in this model, the funding constraints “are always binding, leverage
directly measures such constraints and hence measures the marginal value of wealth when
funding constraints tighten.” With this powerful identification assumption, one can use
balance sheet information about leverage to measure the intermediaries’ marginal value of
wealth in empirical applications. For instance, AEM provides several tests based on the
identification ¢; ~ a — bIln(LEYV;), where LEV, is a measure of broker-dealer leverage. The-
oretical derivations for the price of risk that is associated with shocks to LEV, rely on a
similar approach. For instance, when intermediaries have log utility, so that the funding
constraints are binding, leverage carries a positive price of risk because bad shocks lead to

lower intermediary leverage and worse market conditions (He and Krishnamurthy, 2018).5

However, it is plausible that the funding constraints are not always binding. This can
arise if traders weight inter-temporal considerations, which is a point recently emphasized
by Du, Hébert, and Huber (2019) in the context of intermediary asset pricing. In this case,
the constraints do not bind when some of the funding capacity remains unused today as

intermediaries anticipate earning higher profits in the future.

6These predictions also rely on the assumptions that intermediaries are active traders in all asset markets
and there is a degree of homogeneity in the pricing kernels of individual financial intermediaries (He and
Krishnamurthy, 2018).



If the constraint does not bind, then changes in leverage may be due to more than one
type of shock. After one type of shock occurs, a broker-dealer lowers its leverage against the
backdrop of a worse state of the world and tighter funding constraints. We tentatively label
this type of shock a leverage supply shock, which corresponds to an increase in the shadow
price of the leverage constraint and should carry a positive price of risk (as in AEM).” After
the other type of shock, this broker-dealer lowers leverage when investors’ demand decreases
against a backdrop of improving market conditions. We tentatively label this type of shock a
leverage demand shock, which corresponds to looser funding constraints and a lower shadow
price: these shocks should carry a negative price of risk. Whether both types of shocks are
important is an empirical question: we need to find a way to identify these two types of
shocks in the data.

A Funding Conditions

Measures of funding conditions can help identify leverage demand and leverage supply
shocks. While both types of shocks raise leverage, we can use the fact that, in theory,
supply shocks are negatively related to funding conditions and demand shocks are positively
related to funding conditions. Measuring funding conditions is grounded, for instance, in
the pioneering work of Gromb and Vayanos (2002) as well as of Brunnermeier and Pedersen
(2009). If arbitrageurs must provide collateral separately for their positions in each asset,
then the wedge between the expected returns of assets with identical cash-flows depends on
the shadow price of the funding constraint. For instance, Garleanu and Pedersen (2011) show
that when arbitrageurs use a long-short strategy between securities ¢ and j with identical
cash flows, then the wedge between their relative values depends on the shadow price of the

funding constraint:
i = pl = W (m; +my) (4)

where p; is the expected return, m; is the margin constraint and W is the shadow price of

the constraint (in their notation).®

"Implicit in this intuitive description is the idea that dealers face costlier frictions when adjusting their
equity financing than when adjusting debt financing. Adrian and Shin (2010) show empirically that the
dealers adjust their leverage through debt financing via the funding markets (especially the repo market).

8While a proxy for funding conditions could be used to construct a pricing kernel, this may introduce
omitted factor unrelated to intermediation frictions. Equation 4 also suggests using the margins m; and m;
in empirical tests. However, margin changes are typically too infrequent or hidden to the econometrician.
Jylh& (2018) is an important exception, as it uses changes to Regulation T’s Federal Reserve’s requirements
for initial margins between 1934 and 1974.



This suggests that we can use price differences between (nearly) identical assets to proxy
for the funding conditions intermediaries face and to measure the shadow prices of the
constraints. We combine several existing measures in a composite indicator. First, the T-
Bill eurodollar (TED) spread is often used as a measure of tightness in funding conditions or
credit constraints (see Frazzini and Pedersen 2014; Garleanu and Pedersen 2011). Second,
the noise measure in Hu, Pan, and Wang (2013) exploits the wedges between bond yields
with similar maturities. Third, Fontaine and Garcia (2012) use a panel of U.S. Treasury
security pairs, based on a suggestion by Vayanos (2004) to capture the well-known apparent
arbitrage opportunities between bonds that have been recently issued and older seasoned
bonds.

Panels (a)-(c) of Figure 2 compare these three measures between January 1986 and
December 2015. The TED spread features some peaks following the crash of 1987, at the
beginning of 2000 and, of course, during the recent financial crisis of 2008. The noise measure
of Hu, Pan, and Wang (2013) also exhibits sharp spikes during periods of crisis, with peaks
that coincide with the TED spread, but the noise measure appears smoother during normal
times. The measure from Fontaine and Garcia (2012) shows additional peaks occurring
around the 1994 Mexican crisis and toward the end of the millennium. We take the first
principal component from these three measures, which we label FUN D, to extract a more
precise signal of the funding conditions. A higher value of FUN D indicates tighter funding

conditions.”

B Leverage and Funding Conditions

AEM compute LEV using quarterly data from the Federal Reserve Flow of Funds (Table
L.129). The measure is the ratio of broker-dealers’ total financial assets, which sums the
value of long and short positions in securities for every broker-dealer, to their book equity,
which is the difference between total financial assets and liabilities. Panel (d) of Figure 2
shows the first difference in the funding and leverage measures AFUN D, and ALEV,. The
identification assumption by AEM is that higher broker-dealers’ leverage is associated with
looser funding constraints. This suggests that the correlation between AFUN D, and ALEV,
should be negative. Yet, the correlation is only —0.25 and we can already identify a few
observations in Figure 2 where higher leverage is associated with tighter funding conditions.

This is especially the case in the second quarter of 2008 when leverage increases during one

9The results are essentially the same if we use a simple average of these measures as the proxy. The
weights on each series in the first principal component are similar to the weights in a simple average.
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of the most severe tightenings in funding conditions. This lends credence to the possibility

that there are times when leverage and funding conditions may be positively correlated.

To show that the relationship between intermediary leverage and funding conditions is

not always negative, we use the following predictive regressions:

LEVii, =Bh + B FUND; + BiuLEV, + B ) FUND, x LEV, + €}, (5)
FUNDyn =v4 + vsn FUND, + 3 LEV; + v s FUND, x LEV, + €,

where h is the forecast horizons, in quarters, and egh is a forecast error. We standardize
every variable to ease the interpretation of the coefficients and we estimate the regressions
in Equation (5) using ordinary least squares.!® The interaction term FUN D; x LEV; plays
an essential role for our purpose. It captures the possibility that the sign of the relationship

between leverage and funding conditions can change.

We present the results in Figure 3. Panels (a)-(b) show that for A = 1 the R2s are 68 and
73 percent when forecasting LEV,,; and FUN D, y,, respectively. The R?s then gradually
decline to around 20 percent for LEV,,; and essentially to zero for FUN Dy when h = 8.

Panels (c) and (d) show that the estimates of (3 are insignificant at horizons of less
than 6 quarters but, conversely, the estimates of 3, ; are negative and significant for these
horizons.!! In unreported joint tests, we confirm that these coefficients are jointly significant

at all of the horizons we consider.

The key message from these results is that FUN D predicts a lower LEV when leverage
is high and the leverage constraints are likely to bind but not when leverage is low and the
constraints are unlikely to bind. To see this, Panel (a) of Figure 4 combines the coefficient
estimates and reports how the forecast of future leverage LEV;,, changes with funding
conditions FUN D; when we vary the current leverage LEV; from —2 standard deviations to
+4 standard deviations from the sample average (this is the range of values in the sample).

For high current values of leverage, when the constraints are likely to bind, the partial effect

0Estimating the regression in (5) separately for each horizon implies that the inference is not efficient,
relative to estimating a dynamic VAR model, but the estimator is more robust and is not encumbered by
a specification of the time-series dynamics. This approach complements the dynamic approach that we
undertake below.

"For parsimony, we do not report estimates of coefficients of the own-lagged variables. FUND has a
coeflicient of 0.9 on its own lag for h = 1, which remains significant up to 6 quarters ahead. LEV has a
coefficient of 0.7 for h = 1, which remains significant up to 8 quarters ahead.

11



of funding conditions FUN D, on the forecast LEV;,, is large and negative, as expected.
When that is the case, leverage seems supply-driven: higher funding costs predict lower

leverage.

Panel (b) of Figure 4 reports the partial effect estimated in the time-series, which shows
the episodes when the partial effect has been large and negative. The major historical
responses coincide with the Mexican crisis of 1994, the dot.com bubble of 2001 and of course
the financial crisis of 2008. However, the partial effect is often small or positive for low
values of leverage, which means that leverage is then often the result of a mix of demand

and supply effects.

Panels (e)-(d) of Figure 3 show that the estimates of 7, are insignificant at all horizons
but the estimates of v ;, are negative and significant at a horizon of around one year. Again,
we check that both coefficients are jointly significant (unreported tests), which is the case
for horizons beyond two quarters. Panel (c) of Figure 4 shows the partial effect of LEV,
on FUN Dy, as we vary FUN D, from —2 standard deviations to +4 standard deviations
around the sample average (this is the range of values we observe in our sample). When
current funding conditions are tight, the partial effect of leverage LEV; on the forecast

FUN Dy 4 is large and negative, as expected.

Reverse causality offers an intuitive interpretation of the results. Intermediaries may
change their current leverage in anticipation of future funding conditions. The results suggest
that when current funding conditions are tight, lower leverage today is associated with
forecasts of tighter funding conditions in the future. Hence, as before, in states when the

constraint is likely to bind, changes in leverage act like a supply variable.

Panel (b) of Figure 4 reports the partial effect in the time-series that shows the episodes
when the partial effect has been large and negative. One can clearly see that leverage acted
as a supply variable in the episodes surrounding, in particular, the crash of 1987, the Mexican
crisis of 1994, and the Asian and Russian crises of 1997-1998. Unsurprisingly, the strongest
response occurred again during the great financial crisis of 2008. Outside of these episodes,

leverage appears to mix both demand and supply effects.

Overall, there is strong evidence that the relationship between leverage and funding
conditions is not always negative. We observe that when the funding constraints are likely to

bind, the relationship is negative and supply shocks appear to dominate changes in leverage.

12



Most of the time, however, the relationship is small or even positive when both supply and

demand shocks drive leverage.

II Leverage Supply and Demand Shocks

A Identification with Sign Restrictions

The presence of two types of shocks in the dynamics of leverage can be represented with a

parsimonious reduced-form vector autoregression representation,

Yir1 = a+ Oy + Uy, (6)

where 1y, = [F UN D, LEV}}, ¢ is a 2 x 2 coefficient matrix and w;y; is the reduced-form
forecast error with covariance matrix >,. The link between u, and the structural shocks w; is
given by v, = B~!w, and, as is well-known, we need restrictions on the B~! impact multiplier
matrix to identify its parameter from the reduced-form estimates. In the following, we will

use sign restrictions to recover leverage supply and demand shock, w? and w? respectively.

Before we discuss the identification, one question is whether this representation can
capture the non-linear effect we documented in Section I(B). The answer is yes because
Equation (6) is a multivariate system that involves two structural shocks. It is possible that
one of these shocks imply a positive correlation between leverage and the funding conditions,
while the other shock implies a negative correlation. This contrasts with Equation (5), where
the structural shocks collapse into the leverage forecast error. If the variances of the shocks
change over time, relative to each other, then the sign of the correlation between the forecast
errors may change over time. Below, once we recover the estimated structural shocks, we

will check that their variances change with changes in funding conditions.!?

We can use the signs of the correlation that each shock generates to identify the struc-
tural shocks. The intuition, as discussed in Section I, is that demand and supply shocks
both increase leverage forecast errors. However, demand shocks tighten funding conditions

(FUN D increases) but leverage supply shocks loosens funding conditions. Hence, we assume

12Modeling the variance dynamics explicitly could lead to efficiency gains, but the results would be subject
to specification errors. We think of Equation (6) as a robust way to disentangle the leverage supply and
demand shocks.

13



the following signs for the parameters in the B~! matrix :

S
UL ¢ wy

D )
Up ¢ wy

where the superscripts S and D designate the demand and the supply shocks. The use of

+ +
- 4

sign restrictions to identify structural VAR models were introduced by Faust (1998), Canova
and Nicolo (2002), and Uhlig (2005). The methodology is described in details in Kilian and
Liitkepohl (2017). Briefly, the first step is to compute P the unique Cholesky decomposition
of ¥, from the data (¥, = P'P and P’ is a lower triangular) and then to consider potential
decompositions ¥, = P'S’SP where S’ is drawn from the set of orthonormal matrices (i.e.,
S’S = T). The decomposition given by the matrix P = P’S’ is a solution to the identification
problem if it satisfies the required sign restrictions. If that is the case, then we recover the
structural shocks, the impulse response functions and the variance decompositions. By
simulating many S matrices we obtain a distribution for each of these objects. We report

median values.

B Identification Results

(i) Historical decomposition Figure 5 reports the historical decomposition of LEV
forecast errors in terms of the underlying structural shocks. Positive leverage supply shocks
played an important role in the mid-1990s but especially around 2000-2001 when funding
conditions were initially difficult (see Figure 2) and when leverage rapidly increased at the
turn of the millennium. Negative supply shocks played an important role around the 1987
stock market crash and around 2010-2011 in the first stages of the European sovereign debt
crisis. However, a single positive leverage demand shock played a dominant role behind the

increase in leverage at the height of the great financial crisis of 2008.

(ii) Impulse responses and variance decompositions Figure 6 reports the impulse
response functions. The signs of the initial responses are given by construction: negative for
FUND and positive for LEV. The magnitude and persistence are estimated from the data.
A one-standard-deviation supply shock raises leverage by 0.4 standard deviations and the
impact dissipates after about two years. The impact of demand shocks is slightly larger but
less persistent. A one-standard-deviation shock raises leverage by 0.55 standard deviations

but the effect dissipates after about one year.
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The variance decompositions in Figure 7 suggest that leverage demand shocks could
be playing a slightly bigger role than supply shocks in explaining the variability of LEV,
which could be due to the very large demand shock in 2008. Again, based on the confidence

intervals, we cannot exclude the fact that both shocks explain a similar share of the variance.

(iii) Distribution of the structural shocks Figure 8 reports the distribution of the
leverage demand and supply shocks when the lagged FUND is in the lower third of its
distribution and, separately, when the lagged FUN D is in the higher third of its distribution.
The top two panels compare the distributions of the leverage supply shocks, while the bottom
two panels compare two distributions of the leverage demand shocks. The histograms cover a
range of +3 standard deviations (this range excludes from the figure only one large demand
shock in 2008) and also provide summary statistics that are robust to the small sample
size: the median measure of central location, the Bowley measure of dispersion and the

inter-quantile range measure of skewness (the statistics include every observation).!3

The distributions are different. When funding conditions are good, both the demand
and the supply shocks have negative medians. The supply shocks have a range of 0.83 and
a skewness of 0.09 while the demand shocks have a range of 0.62 and a skewness of —0.07.
However, when funding conditions are tight, the dispersion of the supply shocks increases
substantially. Its range increases from 0.83 to 1.83, while the range of the demand shocks
increases from 0.62 to 0.86. We find similar results if we use the lower and higher terciles of
LEV to create subsamples. The fact that the supply shocks have a much wider dispersion
in these states helps reconcile the VAR(1) model in Equation (6) with the results from the

univariate regressions obtained in Section B.'*

IIT Leverage Shocks in Securities Markets

AEM find that changes to the leverage ratio of primary dealers carry a positive price
of risk and, by itself, this source of risk can explain a large share of the variability in a
cross-section of stocks sorted on size, value and momentum. This is powerful evidence
that intermediation frictions generate risk and require a risk premium. If our identification

assumption is valid, then we expect that leverage supply shocks tend to have a positive

13See the discussion of these measures in Colacito, Ghysels, Meng, and Siwasarit (2016).
14Standard results in simultaneous systems show that reduced-form coefficient estimates weight the effects
of the supply and demand shocks (which have different signs) according to their relative variances.
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relationship with returns and carry a positive price of risk in a cross-section of assets. We
also expect that leverage demand shocks tend to have a negative relationship with returns

and carry a negative price of risk.

The results support this hypothesis across several asset classes. We also find that the
betas for the demand and supply shocks are highly negatively correlated. The prices of the
risk associated with both demand and supply shocks are also very close, up to their signs.
This is reassuring because identifying the signs of the leverage shocks seems to only change

the signs of the betas and of the risk-returns tradeoff but not their magnitudes.

For the test assets AEM considered, we find that only the supply shocks have a significant
price-of-risk estimate, which is consistent with their finding that raw leverage shocks have
a positive price of risk. This may help explain existing evidence that the sign of the price
of risk for leverage depends on the test assets. He, Kelly, and Manela (2017) point out that
the price of risk associated with leverage changes when considering assets such as options,
CDS, and FX markets. AEM also point out a lack of correlation between leverage shocks
and market liquidity. We verify whether this puzzle is present once we separate the leverage
demand and leverage supply shocks. We expect that positive leverage supply shocks are
associated with better liquidity but that negative leverage demand shocks are associated

with worse liquidity. The evidence aligns closely with this hypothesis.

A Leverage in Asset-pricing Tests

(i) Test Assets We construct test assets using data from the markets for stocks, corpo-
rate bonds, Treasury bonds and index options. These are large financial markets in which
intermediaries play an essential role. For stocks, we form portfolios sorted on betas with
respect to three types of risk. First, we sort stocks and formed portfolios using betas with
respect to changes in aggregate market illiquidity. Second, we sort stocks using betas with
respect to changes in aggregate market volatility. Third, we sort stocks using betas with

respect to changes in funding conditions. Specifically, the betas are given by:

Allliq cov(Allliq,,, ;)

3 Ao COU(AT,,T;) BAFUND _ cov(AFUND, ;)
‘ var(Alllig,,) B ‘ N

bi var(Ao,,) var(AFUND) ’

where Illig,, is the stock market illiquidity, o,, is the stock market volatility and FUN D is
the funding proxy, as above. Appendix A.2 provides details about the construction of the

portfolios. The choice of portfolios is motivated by the theoretical implications put forward
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by Brunnermeier and Pedersen (2009) that the marginal value of the intermediaries” wealth
links returns with illiquidity, volatility and funding liquidity. We also perform asset-pricing

tests with standard portfolio sorts in Section (vi) below.

For corporate bonds, we also sort on betas with respect to changes in Illiq,,, 0, and
FUN D, which are estimated using a rolling window of 36 months. We use monthly returns
for a cross-section of corporate bonds by merging several data sets: the Lehman Brothers
fixed income database, Mergent FISD/NAIC, TRACE, Bloomberg, and Datastream. We
closely follow Bai, Turan, and Wen (2015) to merge these data sources and exclude bonds
with special features. For Treasury bonds, we compute constant-maturity returns for bonds
with maturities of 2, 3, 4, 5, 7 and 10 years, the data for which we obtained from the Center
for Research on Securities Prices (CRSP). For each month and each maturity category, we
select the most recently issued bond and one other bond that is nearest to each of these
maturity points. We use observable bond prices and do not rely on fitted zero-coupon
curves. For options, we use the series of unlevered S&P index call and put options with
different strike prices and maturities available from Constantinides et al. (2013). They show
how challenging it can be to price options returns, especially for puts, but that a proxy for
illiquidity goes a long way toward reducing pricing errors. The options data are available
until 2011Q4. Because of this, the sample is shorter when we include options among test
assets. Note that the cross-sections of Treasury bonds and options are not rich enough to

construct beta-sorted portfolios.

(ii) Equities, Bonds and Options Figure 1 in the introduction already summarizes
the asset-pricing results for all asset classes jointly. It shows that disentangling leverage
demand and supply shocks provides a much improved fit of returns. Table 1 reports the
corresponding price-of-risk estimates for these specifications and a few others. Sections (iii)-

(v) below analyse each asset class separately.

The first column in Table 1 reports the results using the leverage factor and market re-
turns, as suggested by AEM. We report the t-test statistics based on both the Fama-Macbeth
and the Shanken standard errors. We also report a confidence interval for the adjusted R?
measure of fit, following the methodology in Lewellen, Nagel, and Shanken (2010). We find
that the constant is estimated to be close to zero and statistically insignificant. The esti-
mated price of leverage risk is positive, as in AEM, and significant at the 10 percent level

but not at the conventional 5 percent level. Using raw leverage provides a limited fit for the
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cross-section of returns. In addition, the confidence interval for the R? ranges from 9 to 80

percent. Panel (a) of Figure 1 is useful for visualizing the magnitude of the pricing errors.

The second and third columns of Table 1 report the results using leverage demand and
leverage supply shocks, separately. The R? is 68 and 65 percent, respectively. In both
cases, it is roughly twice as large relative to using ALEV. The confidence interval for the
R? is relatively tight in both cases, ranging from around 45 to 85 percent. The constant
is not significant in the case of leverage demand shocks. The key message from these two
columns is that the price-of-risk estimates are significant at the 1 percent level and have
opposite signs. The magnitudes are larger than for ALEV: 4.4 and -6.2 for the leverage
supply and demand shocks, respectively, compared with 2.4 for leverage. This means that
shocks to intermediaries’ leverage represent an important source of risk that is associated
with compensation in financial markets, but the sign matters. Leverage supply shocks have
a positive price of risk and leverage shocks that are due to demand shifts have a negative

price of risk.

Next, we combine the supply and demand shocks together in the same pricing model
(always with market returns, for comparability with other columns). The R? is now 88
percent and the confidence interval has been halved; it now ranges from 77 to 94 percent.
The price-of-risk estimates have the same signs and they remain significant, though the
magnitudes decline somewhat. On a separate line of Table 1, labeled Hj, we report results
from a test of the null hypothesis that the prices of risk for leverage demand and supply
shocks have the same magnitudes in absolute value. The t-statistic based on Shanken’s

standard error is only 0.71.

For completeness, the last two column reports the results when using AFUN Deither
on its own or together with the leverage demand and supply shocks. On its own, has a
significant price of risk and offers a fit that is similar to using both types of leverage shocks
together. This is why we can use FFUN D together with sign restrictions to disentangle the
leverage demand and leverage supply shocks. When we combine AFUN D with demand and
supply leverage shocks, the prices of risk remain significant and essentially unchanged and

the fit remains the same.

It is useful to take a step back and think about what this means for leverage risk.
Essentially, we split the leverage factor between the two types of shocks that are orthogonal

with each other but such that the correlations with funding conditions have opposite signs.
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Then, for both types of leverage shocks, we compute betas that we put together in a pricing
model. This increases the fit from 30 percent when using raw leverage to close to 90 percent
when using separate shocks and we find that both types of leverage shocks have significant
prices of risk but with opposite signs. The data support the hypothesis that the prices of risk
have the same absolute value. It is the difference between the signs of the leverage demand
and leverage supply shocks that explain the poor fit and the mixed evidence for raw leverage

shocks in some asset-pricing tests. This is a consistent theme across our other results.

(iii) Portfolios of Stocks We now take a separate look at portfolios of stocks. Table 2
provides summary statistics for the equity portfolios. Panel (a) reports the statistics for
portfolios sorted on illiquidity betas, labeled from 1 to 10. Portfolio 1 has a large negative
beta—it is riskier—and Portfolio 10 has a small positive beta. In fact, the beta for Portfolio 9
is essentially zero, which means that portfolios 9 and 10 either have no exposure to or provide
a hedge against illiquidity risk. Overall, the results show a U-shaped pattern for returns,

illiquidity and volatility but an inverted U-shaped pattern for market capitalization.

Panel (b) reports the statistics for portfolios sorted on volatility betas. Here again,
Portfolio 1 has a large negative beta and Portfolios 9 and 10 have no exposure to or provide
a hedge against volatility risk. In this case, the portfolio returns, illiquidity and volatility
are mostly downward sloping, while the market capitalization is upward sloping. Larger
firms tend to be more liquid, less volatile, to offer a hedge against volatility risk and have
lower returns. Panel (c) reports the statistics for portfolios sorted on funding betas. Again,
Portfolio 1 has a large negative beta and Portfolio 10 has a positive beta. Portfolios 9 and
10 have no exposure to or provide a hedge against funding risk. Here, again, the returns,
illiquidity and volatility exhibit a U-shaped pattern, while market capitalization exhibits an
inverted U-shaped pattern.

Taking a step back and looking across Panels (a)-(c), we see that the pattern of the betas is
similar whether we sort portfolios on ﬂiA fiq BAT or BAFUND | These strong relations between
the beta-sorted portfolios are an empirical manifestation of the theoretical links between
market liquidity, volatility and funding liquidity. Since they offer a substantial dispersion
in average returns, testing whether these portfolios are well-priced by leverage demand and

supply shocks is, therefore, an excellent test of the theoretical pricing implications.
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Columns (1)-(4) of Table 3 report the results of the asset-pricing tests for these beta-
sorted portfolios of stocks. In the first column, we observe that the price of risk for raw
leverage shocks is negative and significant at the 10 percent level based on the Shanken
test-statistics. This contrasts with results in Table 1 where the estimated price of risk was

positive. Nonetheless, the R? is 90 percent and the confidence interval is tight.

Columns (2) and (3) report results using the leverage supply and demand shocks, sep-
arately. Both types of shocks yield price-of-risk estimates with the expected signs. The
price of risk for leverage demand shocks is negative and significant at the 1 percent level,
based on the Shanken test-statistics. The fit is good and the constant is not significant. The
estimate for the leverage supply shocks is positive, as expected, but not significant, the R? is
lower relative to the demand shocks and its confidence interval is wider. For completeness,
Column (4) reports that the price-of-risk estimate for AFUND is close to —1 percent and
significant. In all cases, the price of market risk is reasonably estimated at around 8% and

is statistically significant.

Overall, the results suggest that the reason why the raw leverage shocks have a negative
price-of-risk estimate is that the effect of the demand shocks is estimated more precisely
in stocks. Nonetheless, while the price-of-risk estimate is not significant for supply shocks,
both types of shocks achieve a similar fit. This is because their betas exhibit very similar
patterns but with opposite signs. To see this, we plot in Figure 9 the betas of the 30
portfolios against the returns of each portfolio in excess of the risk-free rate and adjusted for
its exposure to market risk (i.e., we substract the equity premium times the beta from the
returns). This confirms that exposures to leverage demand shocks align well with returns.
Note that portfolios with relatively high Ss with respect to supply shocks (V1 and F10) also
have the lowest negative s with respect to leverage demand shocks, and vice versa (V10,

V9 and V8). In this case the cross-sectional correlation between the 5 estimates is —0.63.

(iv) Portfolios of Bonds Columns (5)-(8) of Table 3 report the results for corporate
and Treasury bonds. The price of risk for ALEV has a positive sign, which is the opposite
of what we found for stocks, and the price of market risk is unreasonably large. The R? is

around 60 percent with a confidence interval that spans from 39 to 81 percent.

The estimates are significant, with the expected signs for both the demand and supply
shocks. The specification using the supply shock has the highest explanatory power, with
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an R? of 82 percent, a more precise confidence interval, between 66 and 92 percent, and the
estimated price of market risk is economically reasonable. The specification for the demand
shock is less satisfying both in terms of its R? and the price of market risk. However, we
cannot reject the hypothesis that the prices of risk for both types of shocks have the same
magnitude in absolute value (t-statistics: 0.14). For completeness, we report results for
AFUND. Tts price of risk is negative, statistically significant and larger than what we

found for equities. The R? is 86 percent and the price of market risk is reasonable.

Our results are consistent with the results of Goldberg and Nozawa (2019) that liquidity
supply by financially constrained intermediaries is a main driver of corporate bond prices.
Together, these results suggests that the estimate for the price of risk of raw leverage is
positive in the bond market because the effects of the leverage supply shocks are estimated
more precisely in this market. It also suggests one reason why the estimated price of risk
for raw leverage shocks ALEV changes signs between the stock and the bond markets. The
exposures to leverage demand shocks appear to be measured more precisely in the stock
market, while the exposures to supply shocks appear to be measured more precisely in the
bond market. Nonetheless, in both markets, the supply shocks have a positive price of risk

and the demand shocks have a negative price of risk.

In Figure 10, we plot the betas against their average returns in excess of the risk-free
rate where we adjust for the exposure to market risk (i.e., we substract the equity premium
times the beta). Similar to what we found for portfolios of stocks, the betas for the demand
and supply shocks are highly negatively correlated and, again, the estimates for the prices

of risk are very close in absolute value.

In all of the panels, we see a clear separation between Treasury and corporate bonds.
Treasury bonds form a cluster with risk-adjusted excess returns of around —5 percent, while
corporate bonds form a cluster with returns around or above 5 percent. Treasury bonds
carry negative betas with respect to leverage supply shocks and offer a hedge premium. By
contrast, Panel (d) shows that using leverage demand shocks does not match the returns to

Treasury bonds.

Given this wedge between Treasury and corporate bonds, one might wonder if the same
picture emerges if we exclude the Treasuries. In Figure 11, we plot the s and the mean
excess returns estimated for corporate bonds only (excluding Treasury bonds). In panel (a),

for ALEV, taking out Treasuries results in a slope that is close to zero and large pricing
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errors for portfolios V1, L1 and F1, those with the highest exposures to risk. However,
separating the leverage shocks into supply and demand components, the slopes have the

expected signs and the pricing errors are consistent with our other results.

(v) Portfolios of Options Columns (9)-(14) of Table 3 reports the results using the
unlevered options returns as test assets. Column (9) shows that the estimate of the leverage
price of risk is negative and very large. The fit appears good, since the R? is around 90
percent, but the constant is quite large. Already in Figure la, when the estimates are
disciplined by the presence of multiple asset classes, we can see that some of the put and call
portfolios have the largest pricing errors. By contrast, Figure 1b shows that these pricing

errors are substantially reduced when we disentangle leverage supply and demand shocks.

Looking at each type of shocks separately, we see in Column (10) that using only leverage
supply shocks exacerbates these distortions. The R? is lower with a wider confidence interval,
the constant and the price of risk are very large, yet both estimates are imprecise, and the
equity premium estimate is close to 18 percent. We have to conclude that the effects of
leverage supply shocks are estimated extremely imprecisely in the option market and that we
cannot use these shocks alone in a model to explain option returns. However, Column (11)
shows that using leverage demand shocks produces a significant negative price of risk, as
expected, a small constant and a good fit; the R? is around 90 percent but this is probably
inflated to some extent because we treat options returns in isolation. For completeness,
Column (12) shows that funding shocks carry a significant price of risk that is negative, as

in the other results.

Finally, Columns (13)-(14) report results using returns on call and put options, separately.
It shows that the price of risk for calls is very close to the one obtained with equities, which
is consistent with the findings of Constantinides et al. (2013). However, the price of risk for
puts is much larger in magnitude and significant. This could reflect the fact that funding
constraints can be different for calls and puts. For instance, a higher margin is usually

required by the CME for selling naked puts.

(vi) Adrian, Etula, and Muir (2014) Asset pricing Test We conclude by revisiting
the asset-pricing tests conducted by AEM. To summarize, they show that the leverage factor
explains 77 percent of the cross-section of returns for 25 size and book-to-market portfolios,

10 momentum portfolios and 6 Treasury bonds (see Adrian, Etula, and Muir 2014, Figure 1
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and Table IIT). This model provides a competitive fit relative to a model that includes the
Fama-French three factors, the momentum factor and the first principal component of the

yield curve. The estimated price of risk for ALEV is positive and significant.

We reproduce these results in Table 4 for our sample period from 1989Q2 to 2015Q4
(AEM’s sample covers 1968Q1 to 2009Q4). Panel (a) reports the results using market
returns as well as one of the raw leverage shocks, the leverage demand shocks or the supply
shocks. Panel (b) reports the results in models based on the three Fama-French factors, the

momentum factor, and the first principal component of the yield curve.

Our results align with the findings of AEM. The R? of the five-factor model is 93 percent,
only slightly higher than what AEM found, and its confidence interval ranges from 79 to
97 percent. The price-of-risk magnitudes for the momentum and book-to-market factors are
close to the values obtained by AEM but significantly different from zero, which was not
the case in their findings. Turning to a simple model that uses raw leverage, we find that
the fit is also competitive in our sample: the R? is 88 percent with an only slightly wider
confidence interval (70 to 96 percent).'® The leverage price of risk is positive and significant.
Panel (a) also shows that leverage supply shocks have a positive and significant price-of-risk
estimate but that leverage demand shocks have an estimate that is essentially zero. Hence,
this suggests that the price of risk for raw leverage shocks is positive because the effect of
leverage supply shocks is estimated more precisely for these test assets, relative to leverage

demand shocks.

The results in Table 4 also suggest that there is some tension in fitting this set of assets.
The constant is significant and the estimated price of market risk tends to be large in every
case we report. Figure 1 in AEM shows that the largest pricing errors are associated with
MOM10 and MOM1, which are the highest- and lowest-momentum portfolios. The S1B1
portfolio is also badly priced. Our Figure 12a shows that this is also the case in our results,
although other momentum portfolios (MOM9 and MOMS) are also badly priced. Panels (c)-
(d) of Figure 12 show that these momentum portfolios are even more challenging in models
that use either the leverage supply or demand shocks on their own. These portfolios’ pricing

errors draw a risk-return tradeoff that appears to be orthogonal to the other portfolios.

To better see the tension due to the pricing of momentum portfolios, Table 5 reports

the results when using 10 portfolios sorted on momentum, size or value, separately. For

15In AEM, the R? with and without the market are practically identical. In our case, we always include
market returns as a test asset. The price of market risk comes out significant for all models in our sample.
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momentum, depending on the asset-pricing model, the confidence interval for the R? can be
very wide, the constant can be large, and the prices of risk can flip signs, offering a stark
contrast with many of the other results that we obtain. For the size portfolios, the constants
are small and the estimated prices of risk have the expected signs, but the statistical evidence
is weak. If anything, the price of risk of leverage demand shocks is estimated more precisely
and the R? confidence interval is tighter. Nonetheless, the coefficient for raw leverage is
positive and not significant. For the value portfolios, the estimated prices of risk also have
the expected signs. In this case, the effects of leverage supply shocks are estimated more
precisely. The constant is not statistically different from zero, the price of market risk is

reasonable and the R? is 87 percent (confidence interval from 43 to 97 percent).

(vii) Discussion In a joint test with equities, bonds and stocks, both types of leverage
shocks carry a large price-of-risk estimate and together deliver a good fit of the dispersion of
returns. When looking at individual asset classes in Table 3, we see that at least one of the
leverage demand and supply shocks always plays an important role. Because these two types
of shocks are associated with higher leverage but since they carry risk prices with opposite
signs, this can explain why using exposures to raw leverage shocks seems to carry a negative

price of risk in equities but a positive price of risk in bonds.

Another key message from the results is that a positive beta with respect to leverage
supply shocks tends to be associated with a negative beta with respect to leverage demand
shocks. This high degree of correlation is reassuring since it tells us that identifying different
types of leverage shocks does not amount to uncovering new risk factors. The challenge is to
identify whether a unit increase in leverage reveals a lower marginal value of intermediaries’
wealth and an improved state of the world, or whether it is the other way around. Hence, it
is reassuring that, up to correctly signing the effect, the response of the portfolio returns (the
|B|s) is essentially the same and, in fact, the estimated prices of risk for leverage demand

and supply shocks in Table 3 are very close in absolute value.

Overall, the results confirm that the leverage demand and leverage supply shocks also have
some explanatory power for the most usual size and value portfolios. Yet, the momentum
portfolios appear to be a puzzle from the perspective of a model that includes either leverage
demand or leverage supply shocks. A momentum or trend-following strategy with a larger
positive beta with respect to leverage supply shocks (or a negative beta with respect to

leverage demand shocks) has lower average returns. This is the opposite to what we found in
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every other test. Lewellen, Nagel, and Shanken (2010) also report that momentum portfolios
appear anomalous relative to the benchmark models they consider. One conjecture is that
momentum strategies exhibit exposure to an omitted risk factor that is correlated with

exposure to leverage demand and supply shocks.!©

B Leverage and Market Illiquidity

We test for the impact of leverage shocks on the illiquidity of stocks. This test is important
because it helps us understand the mechanism by which leverage shocks affect investors:
through lower liquidity, these shocks make some assets less desirable during bad times. For
this purpose, we sort stocks on their market liquidity, measured using the Amihud ratio, in
10 portfolios. We also form 10 portfolios of stocks sorted on their realized volatility over
the past six months. The rational for sorting on volatility is the theoretical prediction that
the impact of leverage shocks depends on the volatility of a stock. Appendix A.3 details the

portfolio construction.

Table 6 provides quarterly summary statistics on these portfolios. The portfolios are
ranked from the least liquid (column 1) to the most liquid (column 10) and from the most
volatile to the least volatile. Illiquid portfolios exhibit higher volatility and higher returns but
lower capitalization. The pattern is almost monotone across portfolios. The volatility-sorted

portfolios exhibit similar patterns between illiquidity, returns and market capitalization.

(i) Raw Leverage Shocks We first consider regressions for the changes in portfolio
illiquidity on ALEV | including the market returns as a control variable. Panel (a) of Table 7
reports the results for the illiquidity- (Row I) or volatility- (Row II) sorted portfolios. The
signs indicate that an increase in leverage will lower illiquidity for almost every portfolio.
However, the estimates are never statistically significant. The lack of statistical significance
corresponds with the results reported by AEM. Panel (b) of Table 7 reports the results for the
regression that uses AFUND. We find that the estimated coefficients are large, statistically
significant and have the right sign. This result provides early evidence that using funding
conditions can help identify the impact that leverage demand and leverage supply shocks

have on illiquidity.

16 Jusselin et al. (2017) show that mixing long-only and trend-following exposures may offer a good tool
for tail-risk management and downside protection.
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(ii) Leverage Demand and Leverage Supply Shocks Table 8 shows the results of
illiquidity regressions using supply shocks in Panel (a) and demand shocks in Panel (b). The
coefficients for the supply shocks are significant, with the right sign in every regression and
they exhibit a monotone pattern: the estimates are larger for the least liquid portfolios.
Hence, increases in the supply of leverage provide liquidity to the market and lower the

illiquidity of the portfolios.

The coefficient estimates for the demand shocks are uniformly positive with magnitudes
similar to the case of the supply shocks and significant for the illiquidity-sorted portfolios. An
increase in leverage coming from demand decreases the measured market liquidity. Again,
there is a monotone pattern: the estimates are larger for the least liquid portfolios. For the

volatility-sorted portfolios, the sign is uniformly positive but can be insignificant.

Note that the coefficients on both the demand and supply shocks are very similar, but with
opposite signs in the illiquidity regressions. This is a similar pattern to what we found for
returns betas in the asset-pricing tests.These results can explain the lack of significance of the
coefficients in Table 7 for raw leverage. Using the raw leverage shocks produces insignificant
coefficient estimates because these shocks mix leverage demand and supply shocks, which
have opposite effects on the market liquidity of stocks. Therefore, the decomposition of
leverage into supply and demand shocks sheds some light on the puzzle raised in AEM and
provides strong evidence that leverage shocks are related to liquidity and also affect market

conditions.

IV Conclusion

In this paper, we relax the identification assumption that intermediaries’ funding con-
straints are always binding. Instead, we use sign restrictions to separately identify two
types of shocks in the observed variations of dealers’ leverage. One type of shock relaxes
the constraint and leads to an increase in the supply of intermediation capital and higher
leverage. Another type of shock raises the demand for intermediation capital, which also
leads to higher leverage but tightens the constraint. The evidence confirms that leverage
supply shocks improve liquidity and carry a positive price of risk but leverage demand shocks
worsen liquidity and carry a negative price of risk. Our findings reinforce the importance of
financial intermediaries and movements in their balance sheets to understand the pricing of

assets. The results also indicate that more work is needed to distinguish and quantify the
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mechanisms underlying the channels of leverage supply and leverage demand shocks across

different asset markets.
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A Appendix

A.1 Data

We extract daily data from CRSP for ordinary common stocks traded on the NYSE or
AMEX with prices between $5 and $1,000. Nasdaq stocks are excluded to avoid distorting
the illiquidity measure (Amihud, 2002). We extract a monthly sample of stock returns
with at least 10 observations in a given month. Excluding stocks with too many missing
observations reduces the noise when computing stock-level illiquidity or volatility proxies.
This exclusion makes our results conservative, since we expect a greater impact of funding
shocks for relatively illiquid securities.

A.2 [(-sorted Portfolios

(i) Market Beta We compute a market beta for every day d and for each stock i as in
Frazzini and Pedersen (2014). The market beta is given by:

gkt _ 5 i
id T MPmia
m
where ¢; and 6, are the volatility of stock ¢ and market portfolio m returns, respectively,
and where p,,; is the correlation between the stock and market returns. To estimate the
volatilities, we use the standard deviation of daily log returns over a rolling window of 250
trading days. To estimate the correlation p,,;, we use overlapping 3-day log excess returns
and a rolling window of 1,250 trading days. To reduce noise, we require at least 120 trading
days with non-missing data to estimate the volatilities and at least 750 trading days of non-
missing data to estimate the correlations. Finally, to reduce the effect of outliers, we shrink
the estimate of the beta towards the cross-sectional mean: Bi’zkt = ~Z}kt x 0.6 +0.4 x 1.

(ii) Illiquidity and Volatility Betas Using the same approach, the market illiquidity
beta is )
AAill A 0;

@A = PAIlligi = -

0 Alllig
The volatility for stock ¢ is the same as in Section (i) above and the volatility damui, is
the standard deviation of the market illiquidity changes computed over a 250-day rolling

window. The market illiquidity on day d is the mean illiquidity for all stocks:

|7ial
dvol,y

N
1 6
ILLIQma= + ; %10,

where r;; represents the daily stock returns and dvol;; is the trading volume in dollars.
This ratio measures the price impact of a $1M transaction. The Amihud ratio is widely
used to measure illiquidity. Goyenko, Holden, and Trzcinka (2009) conclude that this is an
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accurate proxy for the price impact. AILLIQ) is simply the daily change: AILLIQ, 4 =
ILLIQy, g — ILLIQ,, q—1. The correlation paguig: is computed using overlapping 3-day log
excess returns over a rolling window with 1,250 trading days. Similarly, the market volatility
beta .

QAo ~ O

id — PAoyi 5-Ao"
where the volatility for stock ¢ is the same as in Section (i) above and the volatility 6, is the
standard deviation of market volatility changes A6y, ¢ = 0um.d — Om,d—1 Over a rolling window
with 250 trading days. The correlation pa,; between the stock log excess return and the
market-volatility changes is computed using overlapping 3-day log excess returns and over a
rolling window with 1,250 trading days. As before, we require at least 120 trading days of
non-missing data to estimate volatilities and at least 750 trading days of non-missing data
for the correlations.

(iii) Portfolio Sorts We sort stocks at the end of each year and we form 10 equally-
weighted decile portfolios based on the beta estimates. The portfolio allocations are kept
unchanged for the following year. However, to be included in a portfolio, a stock must have
at least 120 returns observations in the following year. The portfolio returns, volatility,
and other variables are computed as averages across stocks in each portfolio. However, a
portfolio’s market capitalization is the average of the stocks’ market capitalizations and a
portfolio’s illiquidity is the median of the stocks’ illiquidities (scaled by the growth of the
market trading volume).

A.3 Illiquidity and Volatility Sorts

We form 10 portfolios of stocks sorted on the level of illiquidity and volatility, respectively.
For a given stock 7 and day d, we measure its illiquidity by the Amihud ratio #llig;q given
by: At the end of each year, we form 10 equal-weighted portfolios of stocks sorted on their
average Amihud ratio over the previous 6 months. In the case of volatility, we sort stocks on
their volatility, which is computed as the standard deviation of returns over the last quarter.
We average over six months to mitigate the amplification of noise due to using squared
returns. We track these portfolios for one year.

We track the returns, volatility and illiquidity of these portfolios for one year and we
form new portfolios using the same procedure at the end of the year. The volatility of a
portfolio p is the average of its component stocks. The illiquidity of a portfolio is the median
illiquidity of its components,

dy
i1 . 1 d’UOlt_l
illiq, = median [d_t 521 [LLIQm] ( ool ) ,

dvol;_1
dvolq

where d; is the number of trading days in a quarter we use to control for the growth

of market capitalization and trading activity.
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Table 1: Asset-pricing Tests — All Test Assets

Cross-sectional tests based on two-stage Fama-MacBeth regressions for portfolios of equities, corporate and Trea-
sury bonds and options. ALEV is the leverage factor of AEM, SS and DS are the supply and demand leverage
shocks, and AFUND is the proxy for the funding conditions. The market returns M KT are included as a
risk factor and a test asset. We use the one-month T-bill rate to compute excess returns. Fama-MacBeth and
Shanken-corrected standard errors are reported in parentheses. Bootstrap R? confidence intervals are in square
brackets. The row labeled Hy reports the ¢-statistics in curly brackets { } for a test of the null hypothesis that
the prices of risk of SS and DS have the same absolute value: AP = —\9%. The intercepts and prices of risk are
annualized.Quarterly data, 1990Q1-2011Q4 (the sample is shorter because of the unlevered option data).

int 077 -216  -0.57  -216  -2.18  -2.03
t-FM (-0.99) (-2.55) (-0.68) (-2.55) (-2.65) (-2.60)
t-Sh (-0.82) (-1.71) (-0.38) (-1.51) (-1.67) (-1.41)
ALEV 2.39

t-FM (2.08)

t-Sh (1.76)

SS 4.40 2.93 3.10
t-FM (4.31) (3.00) (2.99)
t-Sh (3.03) (1.90) (1.72)
DS 6.19  -4.59 -5.20
t-FM (-5.61)  (-4.59) (-5.08)
t-Sh (-3.36)  (-2.92) (-2.97)
AFUND 390 -4.02
t-FM (-5.57)  (-5.84)
t-Sh (-3.78)  (-3.48)
MKT 946 849  6.29 7.04 7.71 6.48
t-FM (2.38)  (2.15)  (1.60)  (1.79)  (1.96)  (1.67)
t-Sh (2.31)  (2.01) (1.43) (1.62) (1.80)  (1.51)
Hy — — — {om1} —  {0.90}
R? 314 65.1 68.2 88.3 86.0  88.80
R? 303 64.6  67.8 88.0 85.7  88.44

[9,80] [42,85] [47,85] [77,94] [73,93] [77,95]
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Summary statistics for three groups of 10 portfolios of stocks sorted on illiquidity, volatility and funding risk,
respectively. We report the ex-ante measure of risk BAHHQ, BA" and
returns, illiquidity, volatility and market capitalization of each portfolio. The Amihud illiquidity measure is the
median across stocks in a portfolio (x 100). A portfolio volatility is the average of the annualized standard
deviation of daily returns over a quarter for each stock. Mkt Cap is the average market capitalization across

stocks in $ billions.

Table 2: Summary Statistics — Equity Portfolios

BAFUND

Panel (a) B2M4 Decile Portfolios

, as well as the mean annualized

1 2 3 4 5 6 7 8 9 10
Return 1732  14.74 1356 1234 13.64 13.56 14.60 13.32 14.31 15.85
liqu. 291 173 138 115 123 146 143 1.82 192 3.1
Volatil.  42.63 36.76 34.40 3293 31.41 31.03 30.64 29.73 30.75 34.65
Mkt Cap 4.52 597 733 775 919 864 920 9.26 849  6.80
[3Allliq -2.81 -1.92 -1.50 -1.23 -1.02 -0.79 -0.56 -0.31 -0.01 0.67
gAVel -16.13  -12.88 -11.41 -10.68 -10.11 -9.44 -9.44 -850 -8.51 -10.43
BAFUND 671 580 -4.81 -4.45 -457 -356 -3.47 -3.31 -3.17 -3.43
Panel (b) 27 Decile Portfolios

1 2 3 4 5 6 7 8 9 10
Return 20.76  16.71 15.83 15.15 13.14 13.49 11.65 1249 12.35 11.90
Iliqu. 710 320 232 162 152 123 1.19 099 105 1.38
Volatil.  43.35 37.18 35.17 32.85 3243 3095 30.31 29.33 29.83 33.67
Mkt Cap 1.99  4.06 541  7.68 6.76 877 898 11.80 10.84 10.78
[Alliq -1.22  -1.03 -1.01 -0.99 -0.89 -0.89 -0.85 -0.84 -0.85 -0.92
[gAVel -39.20 -24.76 -18.59 -14.40 -11.01 -7.91 -4.80 -1.35 2.66 11.21
BAFUND 548 508 -4.43 -441 -415 -4.06 -3.66 -3.83 -3.60 -4.55

Panel (c) BATUND Decile Portfolios

1 2 3 4 5 6 7 8 9 10
Return 19.11 16.34 15.35 13.81 1346 13.26 14.18 13.79 13.77 15.64
Tlliqu. 395 215 1.8 1.63 1.81 202 1.78 211 282 4.01
Volatil.  42.52 37.00 34.57 32.81 31.89 30.84 30.83 31.58 3245 37.33
Mkt Cap 459  7.39 833 873 802 852 767 724 586 3.93
[BAllliq -1.22  -1.08 -1.03 -0.93 -0.89 -0.87 -0.83 -0.88 -0.85 -0.98
AVl -17.27 -13.62 -11.82 -11.16 -10.47 -8.65 -8.90 -8.79 -8.78 -10.22
BAFUND 1596 -10.00 -7.61 -5.79 -4.43 -3.00 -1.62 -0.25 159  6.29
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Table 6: Summary Statistics - Illiquidity and Volatility Portfolios - Quarterly

Summary statistics for portfolios of stocks sorted on illiquidity and volatility (see Appendix A.3 for the construction
of the portfolios). The variables Illiqu., Volatil. and Mkt Cap are the illiquidity, volatility and capitalization across
stocks in each portfolio. Quarterly data, 1990Q1 2015Q4.

Panel (a) Illiquidity Sort

1 2 3 4 5 6 7 8 9 10
Return 23.06 20.36 18.09 16.43 15.68 14.23 13.21 12.71 12.15 11.83
Miqu. 321.87 55.23 20.55 9.41 4.58 2.30 1.26 0.64 0.31 0.10
Volatil. 39.02 40.67 39.54 38.00 36.26 35.24 33.82 33.50 31.11 29.20
Mkt Cap 0.16 0.34 0.57 0.87 1.25 1.81 2.66 4.33 8.87 39.87

Panel (b) Volatility Sort

1 2 3 4 5 6 7 8 9 10
Return 22.61 18.58 16.97 16.15 13.60 14.26 13.29 13.73 13.47 14.88
Miqu. 11.35 6.82 5.56 3.99 2.97 2.25 2.09 1.66 1.75 4.32
Volatil. 54.33 46.66 41.75 38.60 35.99 33.20 30.84 28.19 25.51 21.52
Mkt Cap 1.67 2.30 3.26 3.99 5.00 5.62 6.99 9.73 10.38 12.51

Table 7: Leverage in Illiquidity Regressions

Panel (a): Estimates of the coefficients on ALEV. Panel (b): Estimates of the coefficients on AFUND. Row
I: Tlliquidity regressions for portfolios sorted on illiquidity. Row II: illiquidity regressions for portfolios sorted on
volatility. Columns 1-10 are for portfolios with values from high to low. Quarterly data, 1986Q1-2015Q4.

Panel (a) Aillig;+ = a + b;ALEV, + +¢;MKT; + ¢,

1 2 3 4 5 6 7 8 9 10

I 0.03 -0.02 0.03 -0.01 -0.02 0.03 -0.08 0.11 -0.16 -0.09
(0.41) (0.48) (0.49) (0.20) (0.61) (0.55) (1.09) (1.35) (1.54) (1.00)

11 -0.04 0.01 -0.06 -0.02 -0.07 -0.04 -0.06 -0.00 -0.03 0.00
(0.78) (0.13) (1.37) (0.50) (1.32) (1.28) (0.93) (0.07) (0.80) (0.21)

Panel (b) Aillig;+ = a + b;AFUND; 4+ ¢; MKT; + e,

1 2 3 4 5 6 7 8 9 10

I 0.46 0.36 0.30 0.31 0.33 0.37 0.38 0.40 0.38 0.39
(3.34) (3.41) (3.05) (2.83) (2.64) (3.06) (3.33) (3.57) (3.55) (3.80)

11 0.31 0.26 0.23 0.32 0.38 0.24 0.26 0.17 0.12 -0.04
(2.18) (2.60) (2.39) (3.40) (2.58) (1.72) (2.42) (1.74) (1.47) (0.95)
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Table 8: Leverage Shocks in Illiquidity Regressions

Panel (a): Estimates of the coefficients on leverage supply shocks. Panel (b): Estimates of the coefficients on
leverage demand shocks. Row I: Illiquidity regressions for portfolios sorted on illiquidity. Row II: illiquidity
regressions for portfolios sorted on volatility. Columns 1-10 are for portfolios with values from high to low.

Quarterly data, 1986Q1-2015Q4.

Panel (a) Aillig;+ = a + b;Supply: + +¢;MKT: 4 e;

1 2 3 4 5 6 7 8 9 10

I ~36.69 29.06 ~2.86 “1.36 -0.80 0.38 20.21 20.11 -0.05 -0.01
(2.36) (3.62) (2.72) (2.97) (3.27) (3.14) (3.30) (3.31) (3.02) (3.37)

11 253 -0.91 -0.84 -0.63 -0.54 0.23 -0.19 0.15 -0.11 0.20
(2.50) (2.27) (2.30) (3.39) (3.45) (2.93) (2.49) (1.48) (1.79) (0.98)

Panel (b) Aillig;; = a + bjDemand; + ¢; MKT; + e,

1 2 3 4 5 6 7 8 9 10

I 40.10 6.06 1.84 0.93 0.50 0.24 0.11 0.05 0.02 0.01
(3.51) (2.50) (2.05) (2.08) (2.26) (2.36) (2.14) (2.04) (1.39) (2.22)

11 1.06 0.62 0.28 0.38 0.29 0.15 0.11 0.11 0.07 -0.14
(1.44) (1.92) (1.05) (2.29) (2.15) (1.99) (1.68) (1.49) (1.43) (0.31)
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Figure 3: Forecast Coefficients with a Non-Linear Interaction Term

Forecast coefficients in predictive regressions of either LEV, ; or FUN D, on current values of
LEV;, FUN D, and the interaction term LEV; x FUND; for h = 1...8 quarters with 95 percent
confidence intervals (dashed blue lines).

(a) LEViyn R? (b) FUND¢y, R?

Horizon Horizon

(c) FUND; to LEV,, (d) FUND; x LEV; to LEV; 5,

Horizon Horizon
(e) LEV; to FUN D¢y, (f) FUNDy x LEV; to FUNDyyp,
F==g ' ' ' ;
05 R ~ - )
4 ~ o
=== ~
~
-0.5 |
2 4 6 8
Horizon Horizon

42



(Apenenb) YT N 1 1o Surmonyipuo))
0TOZ S00Z 000Z S66T 066T v 4 0 N-m-
L J m._nu
L i Nu
L i H|
| mOI L i ._Hl
L ] O i | O
r 160
"HANNA 0% 'ATT (P) AN N 0% 'AZT ()
(Ajerrenb) AT 1o Suruonpuo))
0TOZ S00Z 000Z S66T 066T v 4 0 N-m-
T T T T . mwu T T
1¢ . 1¢
L i Hu
J H:
r 10
10
I

VHAFT 0V *aN A (9) HATT 0 *aN A (R)

"SOLIOS-9WIT)

o} ur pue A1 JO Senyea SUIUOIIIPUOD JUSISJIP SSOIOR %%q%ﬁm 9ATYRATIaP [erired :p-O S[OURJ SOLIOS-OWII} O} Ul pue AT
JO sonyeA SUTUHOTITPUOD JUIISJTP SSOIE m%|%%m oATyeALIop Terred :q-e spourd “HJN A X AT WIdDY UOIORIOUI 9} pue 7 N /)]

“AAT 3O sen[eA JULLIND U0 VHA LT 10 VH( AT /)] IOYID JO SON[eA 9ININJ JO SUOISSAISAI 9AIIOIPaId Ul SOATRALIOp Teljred pajewn)sy

UWLIQ], UOT}ORISIU IBIUIT-UON © )M SOAIJRALIS(] [eI}Ie] :§ 9InSIq

43



Figure 5: Historical Decomposition

Decomposition of leverage forecast errors in terms of leverage demand and leverage supply shocks

identified with sign restrictions in a bivariate VAR(1) for LEV; and FUND,. Quarterly data,
1986Q2-2015Q4.

6 T T T

I Fos. Supply Shock
4 B Pos. Demand Shock )
[""INeg. Supply Shock

I \eg. Demand Shock

44



Figure 6: Impulse Response Functions

Impulse response functions with respect to leverage demand and leverage supply shocks identified
with sign restrictions in a bivariate VAR(1) for LEV;,; and FUN D,y at horizons h = 1...20
quarters with 95 percent confidence intervals (dashed blue lines).
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Figure 7: Variance Decomposition

20

Variance decomposition in terms of leverage demand and leverage supply shocks identified with
sign restrictions in a bivariate VAR(1) for LEV;,j, and FUN Dy, at horizons h = 1...20 quarters
with 95 percent confidence intervals (dashed blue lines).
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Figure 9: Returns vs Risk Exposures—Equity Portfolios

Panesl (a)-(d): ex-post Os and average portfolio returns in excess of the risk-free rate adjusted for
exposures to market risk based on two-factor models where the second factor is one of ALEV,
AFUND, leverage supply shocks or leverage demand shocks, respectively. The test assets are the
portfolios of stocks sorted on fAMI 327 and BAFL labeled with “L”, “V”, and “F”, respectively,
and numbered from 1 to 10. Quarterly data, 1990Q1-2015Q4. Returns are annualized.
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Panels (a) -(d):

Figure 10: Returns vs Risk Exposures—Bond Portfolios

ex-post Os and average portfolio returns in excess of the risk-free rate adjusted

for exposures to market risk based on two-factor models where the second factor is one of ALEV,
AFUND, leverage supply shocks or leverage demand shocks, respectively. Test assets are the
portfolios of corporate bonds sorted on M4 327 and BAFL labeled with “L”, “V”, and “F”,
respectively, and numbered from 1 to 10, as well as individual newly-issued and seasoned Treasury
bonds with maturities of 2, 3, 4, 5, 7, and 10 years, labeled with T1-T6 and T7-T12, respectively.
Quarterly data, 1989Q2-2014Q4. Returns are annualized.
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Figure 11: Returns and Risk Exposures—Corporate Bonds

Panels (a)-(d): ex-post Os and average portfolio returns in excess of the risk-free rate adjusted for
exposures to market risk based on two-factor models where the second factor is one of ALEV,
AFUND, leverage supply shocks or leverage demand shocks, respectively. Test assets are the
portfolios of corporate bonds sorted on AMa 327 and BAFL labeled with “L”, “V”, and “F”,
respectively, and numbered from 1 to 10. Quarterly data, 1989Q2-2014Q4. Returns are annualized.
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Figure 12: Returns and Risk Exposures — AEM Test Assets

Ex-post Bs and average portfolio returns in excess of the risk-free rate adjusted for exposures
to market risk based on two-factor models where the second factor is one of ALEV, AFUND,
leverage supply shocks or leverage demand shocks, from Panel (a) to (d), respectively. The test
assets include 25 size and book-to-market portfolios (denoted as S1B1 for small and high BTM
portflolio and S5B5 for high and low BTM portfolio), 10 momentum portfolios (Mom1 to Mom10),
and newly-issued and seasoned Treasury bonds with maturities of 2, 3, 4, 5, 7, and 10 years (denoted
as T1-T6 and T7-T12, respectively). The sample period is 1989Q2-2014Q4.
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