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Abstract

A rapidly growing literature emphasizes the behavior of financial intermediary balance sheets
(FIBS) as a key variable in explaining agregate dynamics, and particularly their impact on risk
premia. The role of monetary policy in the build up of financial fragility and risk taking behavior
has also been a topic of significant interest, in both academic and policy circles. This paper
provides an empirical assessment of the impact of FIBS changes on risk premia and the interaction
between monetary policy and FIBS. We use an affine dynamic term structure model specification
of the stochastic discount factor with unspanned macro and balance sheet variables to show
that Shadow Banks’ asset growth has a significant impact on prices of risk. Our framework has
the advantage of separately identifying time-varying prices of risk and exposures to risk. Our
framework also allows us to investigate the propagation of monetary policy, balance sheet and
risk premia shocks. Our results support the counter-cyclical effect of FIBS on risk premia, in
that Shadow Banks contributed to first compress the risk premia in the run up to the crisis and
then increase them after the crisis. Using standard identification techniques we find evidence for
significant feedback effects of term premia and Shadow Bank asset growth, but no significant role
for monetary policy shocks in explaining FIBS expansion. Instead we find evidence that monetary
policy reacts to financial risk taking behaviour in a “lean against the wind” fashion.
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1 Introduction

The important role played by some financial intermediaries in the great recession has sparked
a reassessment of the role of financial intermediary balance sheets (FIBS) for the macroeconomy
and asset pricing. A rapidly growing theoretical and empirical literature has focused on explicitly
modelling and expanding the role of financial intermediaries for the macroeconomy and asset prices,
with a particular emphasis on non-traditional banking, or shadow banking sector.! A common feature
in this incipient line of research is that the decision of these financial intermediaries to expand or
contract their balance sheets is an important determinant of the economy’s aggregate liquidity, credit
and risk premia. The common prediction is for a negative correlation between FIBS size and risk
premia: in periods of expanding FIBS the required risk premia embedded in asset prices will be

lower.

The recent global financial crisis has also brought the relationship between monetary policy and
financial intermediaries risk taking and balance sheets to the forefront of the economic policy debate.
One narrative that has gained prominence is the "search-for-yield" or "risk taking channel",? which
focuses on the role of loose monetary policy as the root cause in the buildup in FIBS and their
fragility. Another popular view emphasizes the exogenous compression of risk premia through global
imbalances or savings glut® as the origin of excess risk taking, which would suggest that exogenous
changes in term premia played an important role in the dynamics of balance sheets.* An alternative
hypothesis focuses on financial deregulation and innovation as driving the build up in FIBS risks,’
which would suggest that innovations to FIBS are mostly exogenous relative to monetary policy and

term premia, and might itself be driving risk premia lower.

In this paper, we use an affine specification of the stochastic discount factor to allow for time-
varying riskpremia and to investigate the empirical importance of financial intermediaries in explain-

ing the pricing of risks. This framework also allows us to attempt to quantify the relation between

'For a theoretical perspective see He & Krishnamurthy (12, 13), Muir (12), Adrian & Boyarchenko (12), Bruner-
meier & Sannikov (12, 13), Parlour, Stanton & Walden (11), and Phelan (12), among many others. Empirical papers
include Adrian, Moench & Shin (10), He, Khang & Krishnamurthy (10), Adrian, Muir & Etula (12), Gorton & Metrick
(2012), Adrian, Colla & Shin (11), among others.

?See for example Rajan (2005), Borio & Zhu (2008) and Adrian & Shin (2011).

3See Caballero, Farhi & Gourrinchas (2008) and Bernanke (2005).

4While some use the term ‘search for yield’ to denote the effect on risk taking from either short or long term yields,
we here use it to refer to impact on risk taking of short term interest rates and monetary policy. We refer to the effect
of long term yield term premia compression as the global imbalances or savings glut hypothesis.

See Acharya, Schnabl & Suarez (2013). For a succint summary of some of the key changes in financial regulation
see Sherman (2009). Philippon & Reshef (2013) calculate an index of finanical deregulation for a panel of OECD
countries, while Philippon & Reshef (2012) focus on the US deregulation in more detail.



shocks to expected short term rates, term premia and FIBS. Being able to jointly model the expected
and risk premia components of yields with both macro and FIBS data is crucial to analyze both the
effect of FIBS on risk premia and differentiate between the different hypotheses on the main drivers

of the build up in risk in the financial sector prior to the crisis.

We build on the results of Adrian, Etula & Muir (2012, AEM), who find that financial inter-
mediary balance sheet data has significant forecasting power for financial asset price returns and
can successfully price the cross section of equity returns and bond market returns. Their empirical
exercise assumes constant price of risk. Not only is there robust evidence from across asset classes
of strong time-variation in prices of risk (Cochrane (2011)), but the implication of many of these

models is precisely about changes in the price of risk.

We take the same intuition of AEM that financial intermediaries are a good proxy for innovations
in the stochastic discount factor, and investigate it’s usefulness in a well known model with time-
varying risk premia. We follow the methodology of Joslin, Priebisch and Singleton (2012, JPS) and
use an unspanned Gaussian affine dynamic terms structure model (GADTSM) with macro variables
and FIBS variables to study the impact of FIBS on bond risk premia. The model of JPS allow us
to assess the importance of variables for which we might not have observable asset prices, but have
reasons to believe can be important in explaining the dynamics of risk factors and the price of risk.

This is precisely the case with FIBS.

We find that FIBS play an important role in the counter-cyclical behavior of prices of risk.
Confirming the intuition from recent theoretical and empirical literature, the model implies that the
expansion of balance sheets of financial intermediaries is associated with lower prices of risk. The
estimates suggest that FIBS played an important role in compressing returns in the few years leading
into the 1990 recession and for most part of the decade ahead of the Great Recession. They also
imply that during the Great Recession it has played a major role in explaining high expected excess

holding period returns on bonds.

Another benefit of using this framework relative to AEM, is that we can attempt to quantify
the effects of monetary policy and term premia shocks on FIBS, and feedback from FIBS on the rest

of the economy. Using Shadow Banks’ asset growth as a proxy for FIBS, we find no evidence that

5See Adrian, Crump & Moench (2011) for comparisson of methodology in AEM and the dynamic affine SDF
approaches.



monetary policy shocks have a significant effect on FIBS, but find a significant effect of shocks to
Shadow Banks’ asset growth on expected short rate. This suggests that monetary policy reacts to
changes in FIBS rather than causing them. We also find weak evidence of an effect from term premia
on FIBS, but the response of growth and inflation to the term premia shock suggests this might be
capturing positive news, such as expected TFP shocks (consistent with Kurmann & Otrok (2012)).
We confirm these results with other measures of FIBS. However, one caveat is that since this exercise
is purely about the reaction to shocks, it says nothing about the potential effect of prolonged periods
of low interest rates, which has been argued could have distorting effects irrespective of whether they

reflect cumulative policy shocks or neutral policy.

The rest of the paper is structured as follows. In Section 2 we do a quick review of the literature
on the importance of financial intermediaries that motivates our study and will provide the alternative
hypothesis we wish to test. We then describe the model in Section 3 and the estimation and data

used in Section 4. The main empirical results are discussed in Section 5.

2 Financial Intermediaries, Macroeconomy and Asset Pricing

There is a fast growing theoretical and empirical literature on the importance of financial in-
termediaries for macroeconomics, asset pricing and policy. On theoretical front the most relevant
papers are those of He & Krishnamurthy (2012, 2013), Brunnermeier & Sannikov (2013), Adrian
& Boyarchenko (2012), Garleanu, Panageas & Yu (2013), Muir (2013), Parlour, Stanton & Walden
(2011), Danielsson, Shin & Zigrand (2012), Phelan (2012), Rampini & Visnawathan (2012) and
Acharya & Visnawathan (2011). All of these studies combine general equilibrium considerations and
asset pricing implications. There is also a rapidly growing literature focusing on the implications for
macro instability with less of focus on asset pricing (e.g. Di Tella (2012), Ajello (2012)). The mech-
anisms, relevant constraints and channels are diverse, but the underlying intuition is that financial
intermediaries are an important marginal investor in the economy for a wide set of asset prices, and
changes in their balance sheet size can be a good proxy of their effective risk appetite. This suggests
that using their balance sheet information can be a better proxy for the artificial representative

agent’s intertemporal marginal rate of substitution than aggregate consumption.

The most relevant theoretical paper for us is Adrian & Boyarchenko (2012). In their model,

financial intermediaries play two roles: amplify shocks (as in He & Krishnamurthy (2012) and,



Brunnermeier & Sannikov (2013)) and generate aggregate risk. The equilibrium can be written as a
function of two state variables: financial intermediaries total assets and net wealth. In their model,
the size of financial intermediaries balance sheet assets, or equivalently leverage, will determine prices
of risk. Despite the underlying fundamental shocks being homoscedastic, this generates stochastic
volatility and time-varying prices of risk in asset prices. While their model is not specifically about
shadow banks, the empirical facts used to motivate their theory, and that match their predictions,

are shadow banks rather than traditional commercial banks.

There is already a large body of research dissecting the evolution of the financial crisis that
is relevant to our work. Among them Adrian et al (various), He, Khan & Krishnamurthy (2010),
Gorton & Metrick (2012), Bruno & Shin (2013) and many others. The main observations from
these studies was the central role played by the shadow banking sector in the recent crisis. Shadow
banking provides maturity and credit transformation similar to deposit taking commercial banks,
but without public sources of backstops and funding is more reliant on short term markets, such as

repos (Adrian, Covitz, & Liang (2012))

Within the empirical literature, two studies are particularly relevant for our analysis. The first is
Adrian, Moench & Shin (2010) who show that different financial intermediary balance sheet variables
have substantial forecasting power for most assets. They consider a large number of alternative mea-
sures extracted from the US Flow of Funds statistics and different asset classes. They conclude that
Shadow Banks asset growth (SBAG), defined as sum of Funding Corporations, Finance Companies
and Asset Backed Securities Issues in the Flow of Funds, and Securities Broker Dealer’s leverage
(BDL) have substantial forecasting power across asset classes. They find that SBAG is better for

treasuries and corporate bonds while BDL performs better for equities.

The second is Adrian, Etula & Muir (2012, AEM) who argue that financial intermediary leverage
(measured by BDL) is priced and is a good proxy for the SDF (He & Krishnamurthy (2013)). They
find that exposure to BDL can explain the pricing of the cross-section average return of portfolios,
albeit less success in the time series. However, they use a methodology that imposes a constant price
of risk, which doesn’t allow them to test a key part of the theoretical prediction coming out of the

literature cited above.

Lastly, our paper is also related to the analysis of the impact of monetary policy on financial

intermediaries’ balance sheet. Within a traditional monetary VAR framework, Nelson, Pinter &



Theodoridis (2013) investigate the impact of monetary policy shocks on different FIBS measures in
the US. They show that traditional commercial banks reaction to monetary policy is sharply different
from that of the shadow banking proxies. This highlights the difference in mechanisms that work
through traditional bank lending behavior and that of the shadow banking sector. In this paper we
focus on shadow banking as we are more interested on risk premia impact that recent theory has put
forward, and whether this part of the financial system seems to be driven or not by monetary policy
(as opposed to traditional bank lending channel). Adrian, Moench & Shin (2010) also conduct
a similar VAR exercise with FIBS. Relative to Nelson, Pinter & Theodoridis (2013) and Adrian,
Moench & Shin (2010) our framework allows for the analysis of the response of expectation and risk

premia components along with identification of monetary policy.

3 Dynamic Term Structure Models and Macro Risk

In equilibrium, continuously-compounded zero-coupon yields are the expectation under the risk-
adjusted probability measure (Q) of future short rates, or the expectation under the actual probability
measure (P) of the stochastic discount factor (SDF), or Arrow-Debreu state-price densities (see
Duffie (2001)). The nominal yield curve is the expected path of the nominal SDF. If we denote by
My = H;?F:_ltMtH the SDF and y; 7—; the zero-coupon yields between at date ¢ with time to maturity

T —t, and ry the short-term risk free interest rate, then in equilibrium we have:

1 1
Yt, 7t = _T In EtP [Mt,T] = _f In EtQ

T-1
exp (—er)] , for T >t (1)

s=t

The SDF is the representative agent’s intertemporal marginal rate of substitution process. Dy-
namic term structure models specify a parametric model for the evolution of the conditional ex-
pectation of the SDF. The main intuition of the literature reviewed in the previous section is that
FIBS measures might provide a better proxy of the representative agent for pricing purposes than
aggregate consumption (see AEM). The model of JPS allows us to test this intuition within a full

fledged model of the SDF without having to specify the role of FIBS in full detail.

We first describe the basic Affine Dynamic Term Structure Model (ADTSM). We then give the
intuition for the distinction between spanned and unspanned risks before describing the methodology

of JPS to model unspanned macro risks that we adopt to measure the impact of FIBS.



3.1 Affine Dynamic Term Structure Model

From equation (1) it is clear that to price the entire term structure of yields we only need
the risk-adjusted dynamics of the risk-free interest rate. We adopt the affine framework of Duffie
& Kan (1996) and specify short term risk-free rates as a linear function of pricing factors and the

(risk-adjusted) Q-dynamics of the pricing factors as standard linear VAR:
ry = dog + 01Xy (2)

Xpp1 = p@ + 09X, + Bxe? (3)
where ng | Xy ~ MV N (0,I) under the risk-adjusted probabilities Q.

With (2) and (3) we can easily calculate yields with any maturity using Equation (1). These

two assumptions imply that bond prices are exponential-affine functions of the pricing variables:
Pt,n = eXp(An + BnXt) (4)

where the loadings A, = A(éo,él,uQ,@Q,Ex,n), B, =8 (50,61,MQ,<I>Q,EX,n) satisfy a set of

recursive equations derived in Appendix A.

These models are referred to as Gaussian-ADTSM because continuously compounded yields are
affine functions of the factors:

Ytn = A;‘? + BSXt (5)

with A = —42 BZ = —Bu,

n

Although (2) and (3) are enough for pricing we need to specify the dynamics under the actual,
or objective, probability measure (P) in order to estimate the model, and therefore to extract the
risk premia. This involves specifying the price of risk, or Arrow-Debreu state-price density, which
determines the translation from actual to the risk-adjusted probabilities. We follow Duffee (2002)

and specify the price of risk as linear function of the factors:
A =3 (Mo + M Xy) (6)

In a yields-only framework, the specification of Duffee (2002) offers the most flexible parametrization



while maintaining the same linear functional form for P-dynamics:
Xep1 =p+ X + Exefﬂ

where £, | X; ~ MV N (0,1) under the actual probabilities P,7 4@ =y — Ao and ®¢ = & — \;.

With these assumptions the Expectation Hypothesis (EH) equivalent yields, term premia and
actual expected future rates are also affine functions of the state variables using the same recursive
coefficients (see Appendix A). This analytical tractability is what has always made these models
popular. More recently, Joslin, Singleton & Zhu (2011, JSZ) have greatly enhanced the empirical
tractability of these models by proposing a more efficient identification strategy, which greatly reduces
the numerical intensity of the estimation and allows greater investigation into the robustness of

results.

3.2 Unspanned Macro Risks in ADTSM

With the assumptions above all of the information required to price and forecast bonds should
be included in the cross-section (and time series) of yields. A flexible way to relax this assumption
without having to modify the pricing of bonds is the unspanned framework proposed by JPS: ad-
ditional observable variables are allowed to influence the forecasting and price of risk of the yield
curve pricing factors without the need to specify a price of risk for that variable. In this way we
avoid the ‘pretence of knowledge’ of being able to price any derivative on a variable just because
we believe it contains information relevant for yields. This was the case in the spanned framework
(which includes almost all of the macro-finance literature following Ang & Piazzesi (2003)) were
the model would imply a precise price for any derivative written on the macro variables included
because the model would imply a price of risk for that variable. Because of the linearity of (5), the
spanned assumption would further imply the counter-factual result that all the information of macro
variables that matters for yields should be spanned by the yield curve (see JPS and Joslin, Le &
Singleton (2011)).

The choice of spanned versus unspanned factor is not only about the counter-factual implications

arising from the linearity of yields on the factors. Even if we knew that a factor has a price of risk,

"In a Gaussian setting the change of measure (% = At) twists the shocks between the two measures by changing

the drift, or mean, without affeting the variance (5?+1 =¢ef1 +A). See Duffie (2001).



if we do not observe proxies for it’s risk adjusted dynamics we will not be able to estimate them
precisely.® In economic terms, the risk adjusted measure is a modelling artifact that allows us
to express equilibrium conditions, such as asset prices, as expected values with respect to Arrow-
Debreu adjusted real probabilities. In a general equilibrium model the intertemporal marginal rate of
substitution, or stochastic discount factor, will typically be a function of a few state variables. These
will either be a subset of variables needed to describe the whole economy, or potentially complex
nonlinear functions of the observed ‘fundamentals’ in the economy. In the absence of specific model
predictions for the price of risk for any variable, or empirical proxies for their risk adjusted process
(i.e. observed prices of assets whose payoffs are known functions of the variable of interest), it is
problematic to include variables directly into the risk-adjusted dynamics. Furthermore, in the case
ADTSM of bond yields this typically leads to a significant deterioration in the pricing performance,
as shown by JPS. This however does not preclude any observed variable of having forecast power
for the state variables of the SDF beyond that contained in their own current and lagged variables.
Furthermore, investigating the real world comovement of additional variables is a valid econometric

question that does not rely on economic restrictions.

That is, while we can use observed time series of any variable to infer their real world dynamics,
we can only infer theory-implied risk adjusted dynamics either based on specific theoretical restric-
tions or with proxies for risk-adjusted dynamics of those variables. In the absence of theoretical
predictions about the price of risk of a (macro) variable or observation of prices of assets written on
that variable, we should not include those variables in the Q-VAR, but we can expand the P-VAR
. This is the case of FIBS and other macro variables, and the unspanned framework of JPS is ex-
actly the expansion of GADTSM to allow us to ask real world links without assuming risk-adjusted

properties.

In the unspanned framework of JPS pricing remains as before (short-rate and Q-VAR dynamics

are a function of X only), but we have an expanded P-VAR with observable variables interacting

8 As an example, Guimaraes (2013) conducts the following experiment with UK real yield curve, which is available
for a long time span and does not suffer the liquidity issues that have been documented for US TIPS. After estimating
the joint real and nominal yield curve dynamics using a flexible ADTSM and survey forecasts of both nominal interest
rates and inflation rates, the observed real yields are progressively removed and the model is re-estimated with all
remaining data (nominal yields and survey forecasts and inflation forecasts) and starting from the maximum likelihood
estmate for the full data (that is, giving the maximum likelihood a better chance of finding the correct inflation risk
premia than an econometrician who does not have the real yield data). The estimated real yields are up to 300 to 500
basis points away from observed yields.



with the pricing factors:

X1 w d KP X Yx 2 eP
1,2m t X mx t+1
= + + (7)
P P P P
M1 Kom Kime Kim M; Yimz  im Utt1
~~ N — ~~
A Ké) Kf) Zt P eﬁ_l

where M includes any observable or latent factor that is not spanned by the yield curve. In this
setting pricing, pricing (Q-dynamics) is not directly affected by M, but the forecast (i.e. the P-
dynamics) of future yields and pricing factors is. And since the risk premia is the difference between

the two measures, the time-varying risk premia will be affected by M :
A= {p—p® + (@ - 29) Xy + K, My } (8)

We can still use the same affine recursions to calculate bond yields, expected values and term

premia. All we have to do is to rewrite the system in terms of the expanded vector of variables

Zy = [X{, M}]’, which we derive in Appendix A.I:

1 Q Xt
Ay = X qp-p+ | @ kP, | —| e 0
o ~ M,

M

= 5 (AO + X12t> (9)

The zero coefficients in the expanded system is why some have interpreted JPS as saying M
cannot affect yields (imposing zero restriction in Q-VAR), but this is just an expositional artifact.
We are just abstaining from deriving prices of risk for M, not saying that M cannot affect bond
pricing. For any observable for which we actually observed a price (for example, we observe some
inflation-linked bond prices so we can infer the price of inflation risk) we can include them in the

risk-adjusted dynamics.

4 Methodology and Data

The ADTSM is naturally cast as a state-space model. In this setting, the transition equation

describes the evolution of the risk factors (X, M) under the objective probability measure, whereas

10



the the measurement equation maps the ‘pricing’ risk factors (X) into the term structure of observed
interest rates (yfbs). We assume that all yields are observed with error, so that the equation for each
yield is:

Y =Y + Nin (10)

where y; ,, is the model implied yield from equation (5) and 7, is the zero mean observation error,
which is IID across time and yields. We specify the 7, ,, to be normally distributed with common

variance across different maturities o

Because the factors are latent, we need to impose restrictions to guarantee the model is identified.
We follow the identification method of JSZ, which greatly improves the estimation of ADTSM by

concentrating the likelihood of yields and factors. This is explained in Appendix B.

The likelihood of the model is given by:

Yy, Ze| Z-1:©) = L(Y4|Zy, Zi-15©) x £(Z4|Z1-1;©)

— 7 (th,Xt_l;A@ rQ zx,an) X z(zt\zt_l;Kg",K?,z) (11)

1 o0

where the conditional density of the states only depends on K¥ and ¥. Of interest is also that, due
to the identification of JSZ, the density ¢ (Z;|Z;—1;0) of the yields only depends on the risk neutral
parameters ()\Q, k‘g), Y x and o0,. Therefore, there is an almost exact separation, whereby Y x are
the only parameters entering both the state and yield density. As a result, for any ¥ the K that
maximize the likelihood are simply the OLS estimates. The original maximization problem therefore

consists of maximizing the likelihood over the 2C, ké%, X x and o).

Estimation of this model by maximum likelihood can be done with Kalman filter or by assuming
that a portfolio of yields is observed without error, which removes the need to filter latent factors,
as shown by JSZ and JPS. JSZ have shown that assuming the first few principal components are
observed without error is an efficient way of finding the maximum likelihood. We follow their ap-
proach in assuming the first 3 principal components are observed without error, but embbed this
within Bayesian setting to account for estimation uncertainty. The post-estimation calculations we
are interested in comparing for different models, such as term premia, excess retursn, Sharpe ratios
and impulse response functions, are highly non-linear functions of the estimated parameters. Ap-

proaches such as the delta-method are only valid asymptotically and can perform poorly in small

11



samples, particularly given the estimation concerns due to high persistence of yields. As a result,
more complex bootstrapping methods are generally used. But traditional bootstrapping methods
also have drawbacks and, more fundamentally, are highly computationally intensive. In contrast,
evaluating estimation uncertainty is rather straightforward in a Bayesian context, and convergence
and monitoring of sampling properties is better established than bootstrapping. Specifically, the
object of interest, e.g. impulse response function, can be computed for each draw and its posterior

distribution can therefore be easily obtained.

The Bayesian methods not only allows us to quantify model uncertainty, but also to perform
model selection. In particular, alternative model specifications can be compared by means of the
marginal likelihood, which can be easily computed for a VAR following Chib (1995). And because
models with different number of unspanned factors, but with the same number of pricing factors,
mainly differ for their forecasting performance (P-VAR), it is therefore sufficient to evaluate the

marginal likelihood of the different P-VAR specifications.

We choose flat priors and use the maximum likelihood estimates to help tune the priors and
proposal densities and initalize the Q-parameters. In this way none of our main results differ mean-
ingfully from the maximum likelihood estimates, but we are able to properly account for estimation

uncertainty.

4.1 Bayesian Inference

Maximum likelihood estimation relies on complicated numerical optimization and are limited
by the risk of reaching local optima. In contrast, Bayesian estimation tries to find the posterior
distribution of parameters and states given the whole set of observations, p(0, Z|Y"), where © denotes
the parameters, Z denotes the latent states, and ¥ = {y,?bs};le denotes the data. Direct sampling
from the posterior distribution p(©,Z|Y) is often not feasible due to its high dimensionality or
complicated form. The MCMC method solves the problem of simulating from this complicated
target distribution by simulating from simpler conditional distributions. Precisely, by applying the

Bayes’ rule, the posterior density can be decomposed as follows

p(©,Z]Y) o p(Y|Z,0)p(Z|0)p(8), (12)

12



where p(Y'|Z, ©) is the likelihood function given the states and the parameters, p(Z|©) is the prob-
ability distribution of states conditional on the parameters, and p(©) is the prior density of the
parameters. We can then iteratively draw from the full conditionals p(©|Z,Y") and p(Z|©,Y"). How-
ever, in our model setup the states Z are observable and observed without error, so that the problem

simply consists of drawing from p(©|Z,Y).

We therefore draw the parameters conditional on factors and yields. Moreover, the parameter
space © can be further decomposed into smaller blocks. The complete conditional distribution of
K% is known in closed form and can be directly sampled, so it simply consists of a Gibbs step in
the MCMC. In contrast, the conditional posteriors of the other parameters are not known in closed
form so that we use the Metropolis-Hastings algorithms. These algorithms sample a candidate
draw from a proposal density, and then accept reject the candidate draw based on an acceptance
criterion (Johannes and Polson, 2009). In sum, our algorithm consists of a combination of Gibbs
steps and Metropolis-Hastings steps. In order to learn about what the data can tell us about bond
risk premia, we impose flat priors. We use as starting values the maximum likelihood estimates of the
model. Details on the algorithm are left to the Appendix, along with a discussion of the convergence

diagnostics.

4.2 Data

We use quarterly data for the United States from 1972 to 2012. Our choice of frequency and
sample are driven by availability and quality of the balance sheet data from the Flow of Funds
database. In light of the results of AMS we start by focusing mainly on the two measures of FIBS
identified as the most useful in forecasting asset returns: Shadow Banks asset growth (SBAG) and
Securities Brokers and Dealers leverage (BDL). We adopt the same definitions as AMS for SBAG
and BDL. Shadow Banks asset growth is defined as changes in total financial assets of ABS issuers,
Finance Companies and Funding Corporations. Brokers and Dealers leverage is calculated as total
financial assets divided by the difference between total financial assets and total liabilities (residual

equity). Figure 1 shows the corresponding time series of SBAG and BDL.

From Panel A of Figure 1 we can see that including broker-dealers’ asset growth in a broader
definition of Shadow Banks would not change the behavior of SBAG significantly. The correlation
between the two series is 0.91. Comparing the time series behavior of SBAG in Panel A and the

growth of BDL in Panel B reveals two important differences. First, BDL is much more volatile and

13



less persistent. Second, the timing of the reversal of each measure in the recent crisis suggest they
proxy for very different aspects of financial intermediaries behavior: while SBAG began to fall in
2007 Q3, immediately after the global financial crisis began, BDL continued to grow rapidly until
the failure of Lehman Brothers in 2008 Q3. Given that equity is calculated as residual between toal
financial assets and total liabilities, BDL might be capturing stress in financial markets (particualrly
funding, see Gorton & Metrick (2012)) rather than the decision to expand or contract their balance

sheets, which is what the theory we are trying to test is based on.

This suspicion seems to be confirmed by analysis of equivalent measures of equity for other
categories of financial institutions available from the Flow of Funds Statistics. In fact, for many of
the main financial intermediries covered by the Flow of Funds, this residual definition of equity, as
used to construct BDL, is negative for prolongued periods of time. As indicated by AEM in their
choice of sample, this was the case for Broker-Dealers before 1960. They argue this suggests earlier
data is of suspicious quality. However, this measure has also been negative for traditional depository
institutions (including most recent quarters but also long periods in the 90s and 80s) as well as
shadow banks (as recently as 2009, and most of the 90s). This suggests this measure is icking up
valuation rather than balance sheet management. We nevertheless include BDL as measured in AEM

an alternative measure of FIBS in our empirical work in light of the results of AEM and AMS.?

In addition to these 2 measures of FIBS we use nominal zero-coupon yields with maturities of
{0.25,1,2,3,4,5,7,10} years, from Federal Reserve Board and Gurkaynak, Sack & Wright (2007),

inflation and GDP growth.

We follow the identification strategy of JSZ and JPS outlined earlier with Z; = [X{, M{]’, where

!/

M, = I?’Lft GDPt FIBSt]andXt:[PCLg P02t PC?)t

5 Results

In this section we discuss the results of the estimation of the unspanned macro risk model of
Section 3.2. We first describe the model fit. We then show the effect of the financial intermediary

balance sheet quantities on measures of risk premia, such as the implied Sharpe Ratios and model-

9More recently the Flow of Funds have added a series with an estimate of equity for Securities Brokers and Dealers
that seems to capture book equity and results in very different measures of leverage, more in line with other assessments
of the leverage of this setor. Results with this measure, as well as other categories in the Flow of Funds are available
from the authors on request and will be incorporated in future drafts.
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implied excess returns. We then use a standard Choleski identification scheme on the expanded VAR

to discuss the effect of shocks to expected monetary policy, term premia and balance sheets.

To quantify the impact of F'IBS; we compare the Sharpe Ratio for a model without any FIBS
data (M1) and models with each in turn (M2 and M3):

r /
M1 : M= Inft G_D_Pt:|

/
M2 : M, = Inft G_D_Pt SBAGt:|

M3 : My=| Inf, GDP, BDLt}

5.1 Model Fit and Selection

Table 1 shows the different model fit statistics for three alternative sets of macro variables and
time periods. The first column of the table shows the conditional likelihood of the yields, which
is given by the Gaussian likelihood of model residuals of yields. Within each sample period, the
log-likelihood are nearly identical for the different sets of macro factors, which confirms the pricing
independence of the unspanned framework of JPS. Recall that all three models have the first three
principal components of yields as pricing factors. This is also reflected in the mean absolute errors
of yields, shown in the second column, which are also the same up to a one-hundredth of one basis

point annualized.

The third and fourth columns of Table 1 show the log marginal likelihood of the VAR computed
as in Chib (1995) scaled by T and the log likelihood of the VAR divided by T, respectively. The log
marginal likelihood allows us to compare the different models. For all three samples the models with
FIBS are preferred to the model with only macro variables, and in all three samples the marginal
likelihood of the model with shadow bank’s asset growth (M2) is higher than for the model with

broker-dealer leverage (M3).

In Table 2 we show the mean absolute errors (MAE) and the root mean squared errors (RMSE)
for in-sample forecasts at different horizons for the lyr, 5yr and 10yr yields. Given that in the
unspanned model the role of non-yield variables operates exclusively through P-dynamics, since the
Q-dynamics is unaffected (Table 1), this is a useful metric to gauge the importance of additional
variables (see JPS). The model with shadow bank’s asset growth (M2) outperforms the model with

only macro (M1) and broker-dealer leverage (M3) for the 1, 4 and 8 quarter ahead forecast horizons.
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The model with broker-dealers leverage (M3) does not produce smaller forecasting errors than the
model with only macro variables (M1). Further results not shown here (including other measures
of FIBS such as depository institutions and BD asset growth) confirm the superior performance of
SBAG, which are on average 20% lower than the randow walk and 5% to 15% lower than the yields
only model. These results taken together suggest that M2 likely provides a better estimate of bond
risk premia. Since the implied bond yields are the same, the bond risk premia will depend on the

implied expectations, hence an improved fit of actual dynamics should improve bond risk premia fit.

The relative performance of the model with shadow bank’s asset growth (M2) and the model
with broker-dealer leverage (M3) is in line with the results in AMS. They find that SBAG is the best
overall predictor of returns of both government bonds of different maturities and corporate bonds
with different ratings and sectors. The BDL is instead better for equity returns. Because of this,
and the measurement issues with BDL mentioned earlier, in the remainder we focus the rest of the

paper on the results for model M2.

Table 3 shows the parameter estimates and 95% credible intervals for the constant and lagged
coefficients of the VAR dynamics under P (see Equation (7)) of model M2. Both macro variables
and shadow banks asset growth have a significant impact on the level (PC1) and slope (PC2) of the
yield curve, while they are insignificant for the curvature factor (PC3). The sign and significance of
growth and inflation resemble the results of JPS. We next turn to analysis of the impact of SBAG

on bond risk premia.

5.2 Time-varying Risk Premia and Balance Sheets

One of the major advantages of the framework adopted here is that it allows time-varying risk
premia. Table 4 shows the market price of risk estimates for model M2, given by Equation (8). Both
macro variables and shadow banks asset growth have a significant impact on the price of risk of level

and slope factors of the yield curve, and insignificant for the curvature factor.

To see the impact of FIBS in an economic meaningful way we follow Duffee (2010) and examine

term structure of bond (log) expected excess returns and maximal Sharpe ratios. The maximal (log)

SRy = /N A, (13)

Sharpe ratio is given by:
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where A; is the market price of risk specified in Equation (9).

Figure 2 shows the model-implied Sharpe Ratio for model M2. As would be expected from
theory, the Sharpe Ratio is counter-cyclical, higher at the trough of the cycle in the four downturns
since late 1970. Figure 3 shows the difference between the Sharpe ratio for models M2 and M1 to
capture the effect of SBAG in the model-implied risk premia. This difference does not capture the
total effect of SBAG on risk, only the part that was not already captured by the yield pricing and
macro factors. This figure shows the counter-cyclical impact on prices of risk of SBAG, particularly
during the recent crisis period and in the period of high asset growth in the mid 1980s. Confirming
the intuition of recent literature that motivated this study, the model implies that the expanding
balance sheets of financial intermediaries is associated with a compression of prices of risk and that
the sharp contraction in balance sheet in the recent recession was associated with a spike in risk

premia.

The same analysis with model M3 reinforces our preference for SBAG as a proxy for financial
intermediaries balance sheet expansion. The impact of BDL on market prices of risk are not sta-
tistically significant. Furthermore, the difference in Sharpe ratios between models M1 and M3 is
positively correlated with BDL growth rate, contrary to implications from theory summarized ear-
lier. Instead, this would be consistent with BDL being a proxy for both balance sheet choice and
market stress or funding risks, being significantly affected by stress in funding markets, particularly

by developments in repo markets.

We also examine the time series of model-implied excess returns. The log expected excess return

for bond with maturity n-years is derived in Appendix A and is given by:

In By [wr41,0) = M EyPiy1 a1 — P — 7t = Bao1Xx Ay (14)

The Sharpe Ratio is a measure of magnitude of prices of risk (without directional information),
whereas excess returns combine the prices of risk (/N\t) with the quantity of risk the bonds are exposed
to. The loading B,,_1 represent the exposure to each risk. The term structure of expected excess
returns for 1 quarter holding periods is shown in Figure 4. In Figure 5 we show the marginal impact
of shadow banks asset growth on expected excess returns, measured as the difference in excess returns

of model M2 - M1. The estimates suggest that FIBS played an important role in compressing returns
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in the few years leading into the 1990 recession and for most part of the decade ahead of the Great
Recession. They also imply that during the Great Recession it has played a major role in explaining
high returns on bonds. In short, the excess return analysis confirms and complements the analysis

of the Sharpe Ratio.

As a further check on the significance of our results on risk premia, we use the model implied
Sharpe Ratio from model M2 to forecast excess equity portfolios. This exercise is similar to AEM, and
we use the portfolios sorted by momentum and the Fama/French size and book-to-market portfolios.'’
The results are shown for excess quarterly returns for 1, 2 and 3 quarters ahead. Table 5 shows the
results for the 10 momentum sorted portfolios. Our results are comparable to those of AEM. We
find similar pattern of betas, t-statistics and adjusted R? increasing with higher momentum, except
for portfolio 10. We find higher predictability for the 2 quarter ahead quarterly return, with the
R? reaching 6%. For the size and book-to-market sorted portfolios predictive regressions, shown in
Table 6, there is also evidence of predictability for two quarters ahead. Results shown in the internet
appendix reveal that Shadow Banks asset growth (M2) has a larger incremental impact on longer

non-overlapping forecast horizons relative to the model with only macro variables (M1).

5.3 Monetary Policy, Risk Taking and Balance Sheets

A second key advantage of the unspanned ADTSM framework used in this paper is that it allows
us to conduct the same type of exercises in the Structural VAR literature on monetary policy with
the risk and expectation components of yields. This is important for the current debate relating
to the causes of the rapid expansion of FIBS. Different hypotheses differ on highlighting the role of
monetary policy or compression of term premia (e.g. savings glut) in causing risk-taking behavior by
financial intermediaries, or the behavior of financial intermediaries being driven by other exogenous

factors (e.g. financial innovation and liberalization or changes in accounting and regulation).

Because in the GADTSM every quantity of interest is a linear combination of the factors, we
can rotate the original vector of variables Z; to express the VAR with both expected and risk premia
components instead of pricing factors X; (see Pericoli & Taboga (2012) and Ferman (2011)). On this
rotated vector Z; = Wy+W Zy, for which the VAR dynamics follow by straightforward manipulations

shown in Appendix D of the original VAR, we can apply any of the standard identification methods

0These are available from Kenneth French’s wensite: http://mba.tuck.dartmouth.edu/pages/faculty /ken.french
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used to identify structural shocks. Here we adopt the standard recursive identification using the
Choleski decomposition of the covariance matrix of the rotated vector with the following ordering:
GDP growth, inflation, expected 1 year risk-free rate, 5-year spot term premia, FIBS and 5-year
spot yield. This ordering is similar to AMS, but in addition we have the term premium in our VAR.
Our conclusions are robust to inverting the order of term premia and FIBS or choosing 10 year term

premia.

Figure 6 shows the impulse responses to a 25 basis points shock to expected monetary policy,
captured by the shock to expected interest rates up to 4 quarters ahead. The shock has the standard
effect on GDP (initial fall) and inflation (delayed fall). The monetary policy shock actually has a
small positive impact on shadow banks asset growth on impact, before becoming insignificant (the
point estimate leading to a small fall in the few years after impact), which resembles the "price

puzzle". The shock has the effect of raising spot term premium.

Figure 7 shows the impulse responses to a 25 basis points shock to 5-year spot term premia.
Growth displays a strong positive reaction, while inflation falls. Both expected rates and asset
growth responses are insignificant, though point estimates display a persistent rise. The shape of
these impulse responses is consistent with term premia shock at least partly capturing good news
about the economy, perhaps a "technological productivity news" shock (as in Kurmann & Otrok
2012). Whether it captures news shocks or not, it has the opposite sign on SBAG than the implied

negative relation that would be consistent with "savings glut" phenomena driving SBAG.

Figure 8 shows the impulse responses to a 1 percentage point shock to SBAG. Expected interest
rates increase on impact, consistent with monetary policy reacting to the expansion of FIBS in a
‘leaning against the wind fashion’. Term premia fall in response to SBAG increase, which is consistent
with the predicted impact on risk premia as discussed previously. There is no significant response of

both growth and inflation.

The relation between monetary policy, term premium and SBAG is robust to sample period.
The responses of GDP and inflation to the different shocks however vary substantially between the
whole sample estimates and the great Moderation period (post 1984 sample), as used in AMS, in

line with the findings of den Haan & Sterk (2010).

When we use BDL instead of SBAG, we find substantial differences across samples between all

variables, not just with growth and inflation. Furthermore, the reaction of BDL to a contractionary
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monetary policy shock is a sharp contraction (2 pp in response to 25bps tightening) in line with the
search-for-yield story in the Great Moderation sample. A term premium shock has opposite effects

on BDL and a an expansionary shock to BDL leads to accommodative (loosening) monetary policy.

These differences in part reflect the difficulties and uncertainties with structural identification
in VAR well known in monetary policy analysis. However, the magnitude of the responses and the
previous estimation diagnostics for the model with BDL, combined with the measurement issues
discussed in Section 4.2, leads us to place less weight on those results. As discussed earlier, given
that this measure of BDL is in part reflecting market stress, particularly funding market stress, it is

not surprising that monetary policy would have a higher impact.

Furthermore, the overall implications of the VAR analysis seem to be supported by general
aspects of the historical evolution of these variables. The long run expansion of shadow bank’s assets
shown in Figure 9, and the high positive correlation with short term real rates (above 0.5 for the
whole sample, and above 0.6 since 1984) is difficult to reconcile with the search-for-yield argument
(which would imply negative correlation between short term rates and asset growth). In addition,
the long term rise in size of the balance sheet relative to GDP and in leverage begin mid to late 1980s,
substantially earlier than the global imbalances of "savings glut" phenomena. Rather, it seems more
consistent with the timing of financial liberalization, deregulation and innovation that began in the
early 1980s. Indeed the average value of Shadow Bank’s asset over GDP share (shown in Figure )

has a correlation of 0.94 with the US financial deregulation index of Philippon & Reshef (2012).!1

6 Conclusion

In this paper we use an affine specification of the stochastic discount factor to allow for time-
varying risk premia to investigate the importance of financial intermediaries in explaining the pricing
of risks. We build on the results of Adrian, Etula & Muir (2012), who find that financial intermediary
balance sheet data has significant forecasting power for financial asset price returns and can success-
fully price the cross section of equity returns and bond market returns. Their empirical exercise

assumes constant price of risk (see Adrian, Crump & Moench (2011)).

We find that financial intermediary balance sheet changes, particularly Shadow Banks’ asset

growth, play an important role in the counter-cyclical behavior of prices of risk. Confirming the

" Calculated between 1970 and 2006, when the deregulation index ends.
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intuition of recent literature, the model implies that the expanding balance sheets of financial inter-
mediaries compresses market risk premia. The estimates suggest that Shadow Banks’ asset growth
played an important role in compressing returns in the few years leading into the 1990 recession and
for most part of the decade ahead of the Great Recession. They also imply that during the Great
Recession the contraction in shadow banking balance sheet has played a major role in explaining

high excess holding period returns on bonds.

We use standard SVAR identification scheme with a dynamic term structure model that follows
Joslin, Priebisch & Singleton (2012), to test the importance of financial intermediaries risk appetite
and interaction with monetary policy, as well as exogenous shocks to term premia. The results
suggest the opposite causation to the “risk taking channel” of monetary policy for the US: exogenous
higher risk taking, measured by expansion to Shadow Bank’s asset growth, leads to lower term premia
and higher monetary policy rates while shocks to policy rate expectations have little, or even the

opposite effect to that predicted by “search for yield”, on Shadow Bank’s asset growth.

The evidence presented here is not that “search for yield” or the "risk taking channel" does not
exist. Rather, it is more casting doubt whether monetary policy shocks cause risk taking through
balance sheet expansion of Shadow Banks. The “search for yield” phenomena might not be captured
by short term reaction to monetary policy shocks, rather the consequence of extended periods of
low or declining interest rates, which the exercises conducted in this paper would have little to say.
Furthermore, the micro evidence for the risk taking channel is concerned with lending practices by
commercial banks (e.g. Maddaloni & Peydré (2012)), which behaved very differently to shadow
banks (see Nelson et al (2013)).

Nevertheless, the evidence we find and the timing and comovement of aggregate shadow banking
balance sheet changes is easier to reconcile with factors other than monetary policy or savings glut,
including deregulation and financial innovation, in explaining the long run expansion of shadow

banks’ balance sheets prior to the Great Recession.
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Table 1: Model Fit

Yields (Q) Factors (P)
logL. MAE logML  logL

1972Q1-2012Q2

M1: Macro 57.87  1.47 23.74  26.33
M2: SB Asset Growth 57.87 1.47 27.88  30.81
M3: BD Leverage 57.87 1.47 25.82  28.78

1972Q1-2007Q2

M1: Macro 58.29  1.55 23.56  26.50
M2: SB Asset Growth 5829 1.55 27.78  31.11
M3: BD Leverage 58.29  1.55 25.79  29.15

1984Q1-2012Q2

M1: Macro 58.67 1.19 23.89  27.72
M2: SB Asset Growth 58.67 1.19 27.86  32.13
M3: BD Leverage 58.67 1.19 25.83  30.20

The table reports: logL the log likelihood of the yields divided by the number of observations (T);
MAF is the total mean absolute error, which is computed as the average of the mean absolute errors
of the lyr, 2yr, 3yr, 4yr, byr, 7yr, and 10yr maturities; logML is the log marginal likelihood of the
VAR computed as in Chib (1995) scaled by T; and (logL) is the log likelihood of the VAR divided by
T. M1: Macro denotes a restricted model which only includes macro factors in addition to the first
three principal components. M2: SB Asset Growth includes principal components, macro variables
and shadow banks’ financial asset growth. M3: BDL Leverage includes principal components, macro
variables and broker dealers’ leverage. Each panel denotes a different sample.
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Table 2: Pricing Errors

MAE RMSE
tt b4+l tt+4 tt48 tt b+l tt+4 648
M1: Macro
lyr 1.30 16.1 32.8 46.1 1.87 238 41.1 55.3

oyr 1.60 13.7 247 329 226 176 31.9 41.5
10yr 1.77 11.7 214 26.7 240 153 28.0 34.9

M2: SB Asset Growth
lyr 1.30 16.0 31.3 43.5 1.87 23.2 39.1 52.5
oyr  1.60 13.2 23.6 30.6 2.26 17.2 30.4 38.8
10yr 1.77 113 20.6 25.0 2.40 15.1 26.9 32.4

M3: BDL Leverage
lyr 130 16.1 32.5 46.0 1.87 23.7 409 55.4
Syr 1.60 13.8 25.0 33.3 226 176 32.0 41.9
10yr 177 11.7 21.5 274 2.40 153 28.2 35.6

The table reports the mean absolute errors (MAE) and the root mean squared errors (RMSE) for
in-sample forecasts at different horizons for the lyr, 5yr and 10yr yields. Specifically, t,t denotes
the contemporaneous pricing errors. In contrast, t,t41, t,t+4 and t,t+8 denote the pricing errors
resulting from the one-, four- and eight-quarter ahead yield forecasts, respectively. All figures are
in annualized basis points. MI1: Macro denotes a restricted model which only includes macro
factors in addition to the first three principal components. M2: SB Asset Growth includes principal
components, macro variables and shadow banks’ financial asset growth. M3: BD Leverage includes
principal components, macro variables and broker dealers’ leverage. Each panel denotes a different
sample.
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Table 3: VAR Parameter Estimates

K KT

const PC1 PC2 PC3 INF GDP SBAG

PC1 -0.0038 0.8545 -0.4308 1.3744 0.4364 0.119 0.1617
[-0.01;-0.00] [0.82;0.89] [-0.63;-0.23]  [0.65;2.10] [0.33;0.54]  [0.04;0.20] [0.11;0.21]

PC2 -0.0004 -0.024 0.7797 -0.4743 0.0635 0.0494 0.0188
[-0.00;-0.00] [-0.03;-0.02)  [0.73;0.83]  [-0.71;-0.25]  [0.04;0.09]  [0.03;0.07] [0.01;0.03]

PC3 0.0003 0.0006 -0.0073 0.6816 -0.0007 -0.0011 -0.0011
[0.00;0.00] [-0.00;0.00]  [-0.02;0.00] [0.63;0.74]  [-0.01;0.00] [-0.01;0.00]  [-0.00;0.00]

INF -0.0003 -0.0169 0.0866 0.6758 1.0224 0.0603 0.0144
[-0.00;0.00] [-0.02;-0.01]  [0.05;0.12] [0.47;0.87] [1.00;1.04]  [0.05;0.07] [0.00;0.02]

GDP 0.0013 0.0029 -0.3337 -1.7582 -0.0145 0.8583 -0.0287
[0.00;0.00] [-0.01;0.02] [-0.44;-0.22] [-2.22;-1.27] [-0.07;0.04] [0.81;0.90] [-0.06;-0.00]

AG -0.0003 0.0043 -0.0569 -0.4947 0.0788 0.2295 0.8932
[-0.00;0.00] [-0.01;0.02]  [-0.18;0.06]  [-1.01;0.05]  [0.02;0.14]  [0.18;0.27] [0.86;0.93]

The table reports posterior means and 95 percent credible intervals (in squared bracket) of the
VAR parameters for model M2: SB Asset Growth, where PC1, PC2 and PC3 denote the first three
principal components, and the remaining factors denote inflation (INF), real gross domestic product
(GDP), and shadow banks financial asset growth (SBAG). The estimation is performed with the
Bayesian algorithm described in Section 4, based on quarterly data from 1972-Q1 to 2012-Q2.
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Table 4: Market Price of Risk Estimates

KE-KZ KP-KZ

const PC1 PC2 PC3 INF GDP SBAG

PC1 -0.004 -0.1418 -0.0762 2.3364 0.4364 0.119 0.1617
[-0.01;-0.00] [0.17;-0.11]  [-0.28;0.12]  [1.62;3.07]  [0.33;0.54]  [0.04;0.20]  [0.11;0.21]

PC2 -0.0005 -0.0303 -0.0568 0.4303 0.0635 0.0494 0.0188
[-0.00:-0.00] [-0.04;-0.02] [-0.10;-0.01]  [0.20;0.66]  [0.04;0.09]  [0.03:0.07]  [0.01;0.03]

PC3 0.0003 -0.0046 -0.0059 0.007 -0.0007 -0.0011 -0.0011
[0.00:0.00] [-0.01:-0.00]  [-0.02;0.01]  [-0.05:0.06] [-0.01;0.00] [-0.01;0.00] [-0.00;0.00]

The table reports posterior means and 95 percent credible intervals (in squared bracket) of the risk
premium parameters for model M2: SB Asset Growth, where PC1, PC2 and PC3 denote the first
three principal components, and the remaining factors denote inflation (INF), real gross domestic
product (GDP), and shadow banks financial asset growth (SBAG). The estimation is performed with
the Bayesian algorithm described in Section 4, based on quarterly data from 1972-Q1 to 2012-Q2.
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Table 5: Predictive Regression Momentum Portfolios Returns

Mom1l Mom2 Mom3 Mom4 Momb5 Mom6 Mom7 Mom8 Mom9 Mom 10
E[R.] -3.93 3.01 4.73 5.86 4.48 5.36 6.28 7.98 8.42 11.99
PANEL A: Ry 441 = By + BsprSR: + €

Bsr 9.58 7.78 11.56 9.88 3.19 11.74 10.11 10.62 21.43 13.62

T-Stat 0.57 0.61 1.15 0.97 0.36 1.11 1.18 1.19 2.13 0.96

Radj(%) -0.48 -0.46 -0.14 -0.16 -0.57 0.10 0.05 0.11 1.82 -0.04
PANEL B: Ryy1,42 = By + BsrSRi + €141,042

Bsr 18.09 16.43 17.58 18.11 11.06 23.07 23.62 24.61 33.52 27.74

T-Stat 1.17 1.26 1.66 1.91 1.30 2.33 3.01 2.90 3.82 2.23

Radj(%) -0.10 0.10 0.51 0.95 0.06 2.18 3.07 3.35 5.36 1.80
PANEL C: Riy2113 = By + BsrSRt + €t42,613

Bsr 18.93 13.63 15.86 18.28 11.60 16.52 19.44 19.90 24.33 17.30

T-Stat 1.07 1.04 1.53 1.92 1.28 1.56 2.15 2.17 2.40 1.21

Radj(%) -0.05 -0.13 0.29 0.97 0.12 0.81 1.87 1.97 2.52 0.32

Time series predictive regressions of the momentum portfolios quarterly excess returns at 1-, 2-
, and 3-quarter ahead on the Sharpe ratio (SR) of M2 (the model that includes Shadow Banks’
asset growth). Data are quarterly, 1972Q1-2012Q2. Newey-West standard errors with optimal lag

selection.
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Figure 1: Financial Intermediary Balance Sheet Data
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Panel A shows the time series of log-quarterly asset growth rates annualized (x4) for Shadow Banks
(ABS issuers, Finance Companies and Funding Corporations) and Securities Broker-Dealers. Panel
B shows the log growth rates (annual and quarterly annualized) of Broker Dealer’s leverage. Data
are quarterly from the US Flow of Funds statistics.
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Figure 2: Sharpe Ratio
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This chart shows the model-implied Sharpe Ratio for model M2 (3 principal components of yields,
GDP growth, inflation rate and Shadow Banks’ asset growth). The Sharpe Ratio is given by Equation
13 on page 16. The chart shows the posterior means and 95 percent credible intervals.
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Figure 3: Shadow Banks’ Asset Growth and Sharpe Ratio
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This chart shows the impact of shadow banks’ asset growth on Sharpe Ratios in Blue (left hand
scale) and shadow banks’ asset growth in green (right hand scale). The effect of shadow banks’
asset growth is capture by the difference between the Sharpe Ratio for models M2 (3 principal
components of yields, GDP growth, inflation rate and Shadow Banks’ asset growth) and M1 (3
principal components of yields, GDP growth and inflation rate). The Sharpe Ratio is given by
Equation 13 on page 16.
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Figure 4: Term Structure of Model Implied Expected Excess Returns
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This chart shows the model implied term structure of expected excess returns for 1 quarter holding
periods. The expected excess returns are given by Equation (14) in page 17.
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Figure 5: Shadow Bank Asset Growth and the Term Structure of Expected Excess Returns
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This chart shows the impact of shadow banks’ asset growth on the term structure of model- implied
expected excess returns. The effect of shadow banks’ asset growth is capture by the difference
between the expected excess returns for models M2 (3 principal components of yields, GDP growth,
inflation rate and Shadow Banks’ asset growth) and M1 (3 principal components of yields, GDP
growth and inflation rate). The expected excess returns are given by Equation (14) in page 17.
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Figure 6: Impulse Response Functions for Monetary Policy Shock
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This chart shows the impulse response functions to a expected monetary policy shock on GDP
growth (GDP), inflation (INF), expected policy rate (Short Rate), Shadow Banks’ asset growth
(Asset Growth), 5 year spot term premium and the 5 year spot yield. The scale of the x-axis is
in number of years and the y-axis in percentage points. The identification scheme is discussed in
Appendix D. The shock is normalized to 25 bps. The chart shows the posterior means and 95 percent
credible intervals.
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Figure 7: Impulse Response Functions for Term Premium Shock
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This chart shows the impulse response functions to a (5 year spot) term premium shock on GDP
growth (GDP), inflation (INF), expected policy rate (Short Rate), Shadow Banks’ asset growth
(Asset Growth), 5 year spot term premium and the 5 year spot yield. The scale of the x-axis is
in number of years and the y-axis in percentage points. The identification scheme is discussed in
Appendix D. The shock is normalized to 25 bps. The chart shows the posterior means and 95 percent
credible intervals.
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Figure 8: Impulse Response Functions for Shadow Banks Asset Growth Shock
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This chart shows the impulse response functions to a Shadow Banks’ asset growth shock on GDP
growth (GDP), inflation (INF), expected policy rate (Short Rate), Shadow Banks’ asset growth
(Asset Growth), 5 year spot term premium and the 5 year spot yield. The scale of the x-axis is
in number of years and the y-axis in percentage points. The identification scheme is discussed in
Appendix D. The shock is normalized to 1 pp. The chart shows the posterior means and 95 percent
credible intervals.
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Figure 9: Financial Intermediary Balance Sheet Data
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Panel A shows the time series of assets as a percent of GDP for Shadow Banks (ABS issuers, Finance
Companies and Funding Corporations) and Shadow Banks plus Securities Broker-Dealers. Panel B
shows the time series of Broker Dealer’s leverage (measured as total financial assets divided by total
financial assets minus total liabilities). Data are quarterly from the US Flow of Funds statistics.
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A Affine pricing recursions

If we assume that nominal bond prices are exponential-affine:
P, ,, = exp(A,, + B X4)
combined with the no-arbitrage condition
Py = E? [e7" Pyt 1]
we obtain the recursion:

An + BnXt = In Pt,n
= In EtQ lexp{—7rt+ Apn—1+ Bp—1X¢11}]
= In EtQ {exp {— (00 +01Xy) + Ap—1+ Bp1 (,UQ +®9X, + EXQQ-H) H

= — Qo+ 0 X))+ Apy + By (12 4+ 09X,) + n BY [exp { By 1 Sxefly }]

1
= — (00 +61Xs) + Ap_1 + Bnoq (09 + 09X,) + 5 Bn 1 Bx Sk B

n—1

Matching coefficients we obtain the recursions:

1
A, = =60+ A1+ iBn—12X2'qu'%1 + Bno1p® = A (60,61, 49, 89, Sy, n)
B, = —01+ By 199 =B (00,01, 49, 89, Xx,n)
with initial conditions Ag, By = 0. Instead of using the arbitrage condition expressed in term

of risk-adjusted expectations side of (1) we can also derive the recursive loadings using P, =
Ei[Mit4+1Piy1,n—1) and
AN,
Mt,t+1 = exp <—7’t — tT — A2€£_1>
which would result in the same recursions with u@ = — Ao and ®¢ = & — \;.
Given the exponential affine bond prices, continuously compounded zero-coupon yields will also be
affine functions of the states:
Yt = A% + BEX,

where
1
Ag - _7/4 (50751)/1’@7@@72)()”)
n
1
BY = —=B(do,01,u% 29 Sx,n)
n

Note that this establishes that these recursions solve the following Expectation-equation:

In EtQ

n—1
exp ( > (60 + 6Xt+s)>] = A (60,01, 12,9, Sy, n) + B (80,01, 4%, 2%, 2x,n) Xy
s=0
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To calculate yields under the actual measure we can therefore use the same recursions, since the only
difference from the observed yields is the change in conditional mean parameters of VAR:

n—1
exp <— Z (00 + 5Xt+s)>]

s=0

1
P P
Yt.n —HlnEt

1
= ——InEF
n

= AP+ BPXx,

where AP = —%.A (50,51,,11,@,(1)@,2)(,71) and BY = —%B (60,61,MQ, e, EX,n) .

It is worth pointing out that this is not the expectation of future interest rates because of a convexity
term. The convexity term arises because yields are the expectations of a nonlinear function of future
interest rates, which are stochastic, and is given by:

Ctn = Yin = Yin'
1 p n—1 1 p n—1
= —ﬁlnEt exXp _ZTH_S — ﬁlnEt ZTH‘S
s=0 5=0

= Al — AP 4 (Bl - BET) X,

where the "Expectation Hypothesis" (EH) yields are equivalent to treating interest rates as non-
stochastic, which can done by simply imposing ¥ = 0 in the same recursions:

ABH — —%A (50, 61, 1@, @Q,O,n)
BFt = —%8(50,5l,u@,q>@,o,n)
From these, spot term premia are easily calculated as an affine function of the state as well'?
totn = yf?n - ytI,Dn
= (A} - A)) + (BY - B)) X, (A.1)

We can also easily calculate forward rates starting in n periods in the future maturing in m > n
periods, Yt p—m = (m — n)f1 (MY¢,m — NYt,n) which becomes

yt,n—m = Ag—m + B'r?—th

with A9 = (m—n)"? [mAgT — nAg] and BY = (m—n)"" [me}% - an?} Forward term

premia can be calculated by substituting the corresponding forward yields in (A.1).

2We do not exclude convexity in this definition of term premia because the convexity term would be present even
in the world where there is no compensation for risk.

42



Log expected excess returns for a bond of maturity n is given by

Eilzrivin] = WMEPgin—1—Din — Tt
= A1+ Booa(p+ ®Xy) + %anlzXE/X 1
—(Ap+ By Xy) — 1y
= Ap 1+ B 1(p+ X))+ %Bn,lzxz’XB;’_l

1
— <—<50 +Ap1 + iBn_lzxz’XB;;’,l + Bn_1MQ>

— (=01 + Bp1®9) Xy — 1y
= Bya|p—p?+2-09 X,
= Bp1(Mo+MXy)
= —(n—1)BY TxA

A.1 Unspanned ADTSM

Add bond pricing recursions for unspanned (as a function of Z;) - exactly the same, just useful for
notation clarity

B JSZ identification

JSZ propose a set of normalizations that not only allows for identification of the model described
in Section 3.1, but also simplifies the task of finding a global maximum of the likelihood function.
With this normalization, there is a near separation of the likelihood in P and Q parameters and it is
easier to estimate each of them.

JSZ show that any canonical GADTSM (as described in section 3.2) is observationally equivalent
to a canonical GADTSM where the parameters governing bond pricing, (50,5,MQ,<I’Q,ZX), are
uniquely mapped into a smaller set of parameters (k:g), PRI X) , Where kg is proportional to the
long-run mean of the short-rate under Q and A% is the N-vector of ordered eigenvalues. In the JSZ
normalization, with parameter set ©75% = {kg, 2\C @, EX}, () the risk-free rate (Equation (2))
becomes r; = ¢ Xy, where ¢ is a vector of ones; (ii) Yx is lower triangular with positive diagonal
entries, (i7¢) and the Q-drift is given by u? = k% and u? =0fori#1,and ®Q = J ()\Q) is in real
Jordan form (see JSZ Appendix C for the real Jordan form for different assumptions on eigenvalues).

B.1 OLS estimates with PCs

Let P; denote N portfolios of bond yields. Under the assumption that N portfolios of bonds are
priced perfectly, P, = Wy, = Wy = P¢bs| then there is full separation of the likelihood and OLS
recovers the ML estimates of {u, ®}. The observed yields are allowed to differ from their model-
implied counterpart through a J-vector of measurement errors u; ~ N ((), o2l J). Note that here it is
assumed for simplicity that the variance of the measurement errors is the same across all long-term
yields used to fit the model.

The likelihood function of the model is then given by

£ (s PP 0,00) = £ (07 1P S, A% S, 00) X L(PPeii @, 5x)  (B)
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where 9% is the vector of observed yields. A convenient feature of the normalization proposed by

JSZ is that the ML estimate of p and ®, that is i and &, are obtained by OLS. Conditional on
{ it <i>}, an optimization algorithm searches for the values of k2, A2, ¥, and o, in order to find
the global maximum of the likelihood function. First, good starting values for the parameters in X
can be obtained by running an OLS regression of P, on P;_1, which can be taken to be the principal
components of yields. Also, good starting values for k< and AQ are not difficult to obtain because
these parameters are rotation-invariant and therefore carry economic interpretation.

A natural candidate for the portfolio of bonds are the PC of yields, since following Litterman &
Scheinkman (1991) it has been well documented the first 3 PC typically explain well over 95% of
variation in yields.

C Bayesian MCMC estimation

A number of studies, such us Ang, Dong and Piazzesi (2007), Feldhutter (2008) and Chib and
Ergashev (2009), among others, have previously estimated multi-factor affine yield curve models
by using MCMC methods. These methods consists of iteratively sampling from the conditional
posteriors of each block of parameters. In this section we provide a detailed description of each block
in turn.

Step 1: Drawing Kg) and K}

As Z; follows a VAR in equation 7, the draw of KT = [K(I]P K %D] is standard Gibbs sampling with
conjugate normal priors and posteriors. The posterior of KT conditional on the Z, Y and the other

parameters is:

p(K¥1© ,Z,Y) < £(Z| K", 2)p(KT), (C.1)

where ©  denotes the other parameters, and ¢(Z|K{, K} ,¥) is the likelihood function. Assume that
the prior of the VAR coefficients is normal and given by

p(k%) o N(K, H), (C.2)

where k¥ is vec(K¥), K is a (N x (N +1)) x 1 vector which denotes the prior mean while H is a
[(Nx (N+1))x1] x [(IN x (N+1)) x 1] diagonal matrix where the diagonal elements denote the
variance of the prior. The conditional posterior distribution of the VAR parameters conditional on
Y is also normal, 7(k") ~ N(K, H), where

=
I

_ ~\ —1
(H '+ 'w22)" (ﬂ*lg rylg Z,{Zt/dp) (C.3)

&
|

(H'+>'272)”" (C.4)

where kP is a (N x (N +1)) x 1 vector which denotes the OLS estimates of the VAR coefficients.
We use a flat prior so that K =0 and H =1000. Also, we only retain stationary draws.

Step 2: Drawing %Y
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In contrast to the K matrix the variance covariance matrix X%/ enters the pricing recursions. For
this reason, we use a Metropolis-Hastings algorithm similar to Ang, Dong and Piazzesi (2007) to draw
Y%, We note that the posterior distribution of XY’ conditional on Z, Y and the other parameters
is:

PEXO_,Z,Y) o UY]O,X)p(Z|K, D)p(ST) (C.5)
x ¢ <Yt\Xt,Xt_1; AQ£Q EX,06> 0 Z|KE, )p(E5) (C.6)

where X x and ¥ are the Choleski factorizations of the XX and XX/, i.e. the variance covariance
matrices of Z and X, respectively. This posterior suggests an Independence Metropolis draw from
the proposal distribution ¢(X¥) = ¢(Z|K*,X)p(XY'). Assume that the prior p(XY') is an inverse

Wishart density, p(X¥') ~ IW (S, T), then this implies that the proposal density is also distributed
T

as an inverse Wishart ¢(X¥') ~ IW (S, df), with scale matrix S =S+ ¢;€}, where ¢ = Z; — K§ —
=1

K} Z;_1, and degree of freedom df =T+T.

The proposed draw (XX/) for the (j + 1)th draw is then accepted with probability

C(Yy X, Xi-13 AL K2, (2x)°, o)

tiade op)

¢ (VX0 Xei MO RS, (5x) oy )

a = min

1 (C.7)

where /¢ (Y}|Xt, X ;0@ kQ (Xx) ,ae) is the likelihood function. Thus, the acceptance probability

) [ooR)

is the ratio of the likelihoods evaluated at the candidate draw (Xx)¢ relative to the old draw (Zx ).

Step 3: Drawing A% and k9

The risk neutral parameters only enter the pricing of yields, for which the density is not known in
closed form. For this reason, we use a Metropolis-Hastings. However, differently from the case of
YY) we use the Random-Walk Metropolis (RWM) algorithm. Intuitively, the RMW differs from the
independence MH in that it draws the candidate parameter from a generic density, therefore ignoring
the structural features of the target density (Johannes and Polson, 2009). Specifically, let denote by
0U) the (j)th draw of the parameter. At the (j + 1)th iteration we draw a candidate parameter 6(°)
from the proposal normal density

000 — 9) 4 ype (C.8)

where € ~ N(0,1) and vy is the scaling factor used to tune the acceptance probability around 10-50%.
Let define ©_¢ as all the © parameters but 6, we accept the candidate draw with probability

¢ <y§b5|Xt, X, 1:0 4,00, an>

a=min

. 1 (C.9)
£ (51X, X0 150 9,09, 0 )

Note that the proposal density has no impact on the acceptance probability. Also, we assume a
flat prior, so that the accept/reject probability is simply the ratio of the likelihood evaluated at the
candidate draw 6(°) relative to the old draw 1), We perform this RWM step for each parameter ()\Q
and £2) in turn.
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Step 4: Drawing o,

The observation errors 7, can be seen as the residuals from the regression 10. We specify an inverse

Gamma conjugate prior for 0727, P (a%) ~ It (%, 792—0>, so that the conditional posterior for a% is
inverse Gamma:
(T %
b (U%‘ygbs7XtaXt717)\ergyz)(> ~ F 1 (2, 2) (ClO)

T
where T7 = To+ M x T and 91 = ¥g+ >_n;n,. We therefore assume that the M yields have common
t=1

variance 0727. We assume flat priors.

Implementation Details and Convergence Check

We perform 80,000 replications of which the first 40,000 are ‘burned’ to ensure convergence of the
chain to the ergodic distribution. We save one every 10 draws of the last 40,000 replications of the
Markov chain to limit the autocorrelation of the draws.

The Random Walk Metropolis algorithm converges for an acceptance level of accepted draws around
20-40% (Johannes and Polson, 2009). If the variance is too high (low) we would reject (accept) nearly
every draw. In order to reach reasonable acceptance ratios, we follow the method of Feldhutter (2008),
whereby we tune the variance over the first half of the burn-in period. Specifically, we check the
acceptance ratio every 100 draws, and if the acceptance ratio for the last 100 draws is above 50%
we double the standard deviation (vg). By contrast, we halve the standard deviation if the ratio is
below 10%.

In order to check the convergence of the Markov chain we carried on several exercises. We imple-
mented a preliminary Maximum Likelihood (ML) estimation of the model. Chib and Ergashev (2009)
show that a ML estimation of the model may efficiently help the Bayesian algorithm, in particular
by tuning the priors and proposal densities. We simply use the ML estimates to initialize the AQ and
k2 parameters. But we have also estimated the model from many initial values, and the results do
not change. Tables I-I1I in the Internet Appendix show the parameter estimates with the numerical
standard errors and the convergence diagnostic (CD) proposed by Geweke (1992). Values of CD
below 2 indicate the series has likely converged. Except for two of the P-dynamics parameters for
equation of PC3, all of the CD statistics are well below two.

D Impulse Response Functions

To be able to shock monetary policy expectations and term premia, we will rotate Z; = [ X, M] |’

so that the quantities shocked appear explicitly in the rotated state vector Z. Let Wobea 3+ N x1
vector and W; be an invertible 3 + N x 3 + N, where N is the number of observable series (size of
M) matrix such that

Zy=Wo+ W12,

~ /
Let the rotated state vector be given by Z; = [GDPt Infy yp'l tpry FIBS; ym} . Calcu-
lations below shows that there exists a 6 x 1 vector Wy and an invertible 6 x 6 matrix W7 such
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that

t
EZt v
EZt

EH _ Xt
GDP, Infi yEH tp,, FIBS, ym] =Wo+ | (D.1)

The choices of Wy and Wy rely on the fact that in the unspanned DTSM yfﬁ and tpy; are linear

functions of Z;, namely yﬁg = AEH 1 BEH 7, and o = (Ak — AkEH) + ([ B, 0]-— BkEH) Zy.

Straightforward calculations show that Zy; evolves according to

Zir = Ko + KY Zy 4+ /Wi Wb,

where I}g and K 1 are known functions of Wy, W1, K and Kj.

We identify shocks using the recursiveness assumption and thus assume that /W3 XW7 is the Choleski
factor associated with matrix Wi XW/. The ordering of the variables in Z is crucial. The dynamics
following the shock can be obtained through the rotated matrices of VAR coefficients, namely IN(IOP
and KT (See Ferman (2011) or Pericoli & Taboga (2012)).
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Internet Appendix to
‘Financial Intermediaries and Bond Risk Premia’
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Table I: 3 Convergence Statistics

mean se mse (%) CD
;1 0490 0.020 0.032 1.019
Y91 0.032 0.006 0.009 0.323
Y31 -0.003 0.001 0.002 1.928
Y41 0.010 0.005 0.008 0.287
S5, 0.097 0014  0.022 1.221
Y61 -0.008 0.016 0.025  0.266
Y92 0.105 0.004 0.006 0.761
Yso 0.010 0.001 0.002 0.314
Y42 0.009 0.005 0.008 0.731
Y52 -0.011 0.013 0.021 0.148
Ye2 -0.0056 0.016 0.025 0912
Y33 0.024 0.001 0.002  0.583
Ys4 0.019 0.005 0.008 1.069
Y35 0.005 0.014 0.022 0.936
Y36 -0.021 0.016 0.025 0.145
Y44 0.087 0.003 0.005 0.246
a5 -0.043 0.013 0.021 1.716
Y46 -0.063 0.016 0.025 0.974
Y55 0.238 0.010 0.015 0.116
Y65 0.037 0.016 0.025 0.533
Yee 0.278 0.011 0.017 1.066

This table presents the posterior mean, the standard deviation (se), the numerical standard error
(nse), and the absolute value of the convergence diagnostic (CD), as in Geweke (1992), for the
> matrix. These estimates result from the Bayesian estimation, described in Section 4, based on
quarterly data from 1972-Q1 to 2012-Q2.
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Table II: K? Convergence Statistics

K 7%
const PC1 PC2 PC3 INF GDP AG
PCl1 -0.004 0.854 -0.433 1.381 0435 0.119 0.162
se 0.002 0.032 0.202 0.730 0.103 0.079 0.054
nse (%) 0.003 0.051 0319 1.155 0.164 0.124 0.085
CD 1.520 0.897 0.220 1.187 1.456 0.530 1.359

PC2 0.000 -0.024 0.780 -0.477 0.064 0.050 0.019

se 0.000 0.007 0.047 0.232 0.024 0.018 0.012

nse (%) 0.001 0.012 0.074 0.367 0.038 0.029 0.019
CD 0.143 0456 0.176 0.434 0.252 0.851 0.168

PC3 0.000 0.001 -0.007 0.682 -0.001 -0.001 -0.001

se 0.000 0.002 0.011 0.057 0.006 0.004 0.003

nse (%) 0.000 0.003 0.017 0.091 0.009 0.007 0.005
CD 2,011 0.900 0.747 2.080 0.732 0.635 1.638

INF 0.000 -0.017 0.086 0.671 1.022 0.060 0.014

se 0.000 0.006 0.038 0.198 0.019 0.015 0.010

nse (%) 0.001 0.010 0.059 0.313 0.030 0.023 0.016
CD 0.205 0.582 0.071 1.18 0.235 0.427 0.427

GDP 0.001 0.003 -0.333 -1.752 -0.014 0.858 -0.029
se 0.001 0.018 0.110 0481 0.056 0.043 0.029

nse (%) 0.001 0.028 0.174 0.760 0.088 0.067 0.046
CD 0.134 0461 0.127 0.166 0.193 0.650 0.836

AG 0.000 0.004 -0.059 -0.484 0.078 0.229 0.893

se 0.001 0.019 0.121 0.532 0.061 0.047 0.032

nse (%) 0.002 0.031 0.191 0.842 0.097 0.075 0.051
CD 1382 0.352 1.017 0.594 1453 1.038 0.268

This table presents the posterior mean, the standard deviation (se), the numerical standard error
(nse), and the absolute value of the convergence diagnostic (CD), as in Geweke (1992), for the K¥
parameters. These estimates result from the Bayesian estimation, described in Section 4, based on
quarterly data from 1972-Q1 to 2012-Q2.
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Table III: KQ Convergence Statistics

K K7
const PC1 PC2 PC3
PC1 0.0002 0.997 0.006 0.005
se 0 0.000 0.002 0.029
nse (%) 0 0.001 0.004  0.045
CD 1.2693 0.579 1.039 1.065

PC2 0.0001 0.0064 0.8365 -0.9061

se 0 0.0004 0.002  0.0237

nse (%) 0 0.0006 0.0031 0.0374
CD 0984 0.5487 1.0389 1.0649

PC3 0.0001 0.0051 -0.0013 0.6745

se 0 0.0002 0.0011 0.0122

nse (%) 0 0.0003 0.0017  0.0192
CD 0.5793 0.0983 1.044  1.0667

This table presents the posterior mean, the standard deviation (se), the numerical standard error
(nse), and the absolute value of the convergence diagnostic (CD), as in Geweke (1992), for the K©
parameters. These estimates result from the Bayesian estimation, described in Section 4, based on
quarterly data from 1972-Q1 to 2012-Q2.
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