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Outline

Financial crises, intermediation:

* What can we learn about asset pricing?
— Muir 2017, QJE
— Adrian Etula Muir 2014, JF
— Haddad Muir 2017

 What can we learn about credit cycles and
models of crises / frictions?

— Krishnamurthy Muir 2017

* Broad empirical facts
— Useful for calibration and sorting out models



Data

1870-2010 across 14 countries

» Asset prices: credit spreads, d/p, stock returns
— Many sources, discuss spreads later

* Macro: consumption, GDP from Barro and Ursua

* Financial crisis dates: Schularick and Taylor,
Reinhart Rogoff

— ...we define financial crises as events during which a
country's banking sector experiences bank runs, sharp
increases in default rates accompanied by large losses
of capital that result in public intervention,
bankruptcy, or forced merger of financial
institutions....
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Background: Learning about asset
pricing
* Big question, why do risk premia E[R] move so
much over time?

e Gordon Growth

dip=r-g
Volatile Smooth
prices cash
flows

 Expectedreturn, E[r], must be very volatile



Why?
* Theories: why do expected returns vary so much?

E:|Ri1|—Rr= f(S))

e Standard: rep agent (household)

— Habits (S=surplus consumption), LRR (S=vol(c)), Rare
disaster (S=prob disaster)

— Behavioral: S=extrapolation, sentiment

* Intermediary models

— S = health of financial sector, “risk bearing capacity”



How can we distinguish?

E; [Rt+1] — Rf = [ (St)

Look for episodes where S should have moved
according to rep agent models

— Recessions, wars

Compare to episodes where banking system and
credit were adversely affected

Historical data 14 countries 1870-2010

— Financial crises ( = bank runs), recessions, deep
recessions, wars



* Risk premia appear largest in banking crises
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Result

 Consumption state variables don’t match
variation
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Result (2)

* Price declines during financial crises should be
temporary if really about expected returns

Dividend Yield Cum Stock Retum

Financial Crisis ' | ' ' l

== «» a» NOomal Recession
------- Deep Recession
War Disaster




Interpretation

* Explanation for spikesin risk premia can’t only
rely on macro economy doing poorly

» Suggestive: credit / health of banking system
are important for asset prices

e “Suggestive” of intermediary theories, but can
we more accurately measure S and test?



Intermediary pricing kernel

* Asset pricing equation
E; [Rt+1] — Rf — —RfCOUt (Miy1, Rey1)

— M captures marginal utility (V’(W)), marginal value
of a dollar

— Often try to measure V'(W) from household
— Intermediary theory: use V(W) of intermediary



Intermediary pricing kernel

How to measure V(W) of intermediary?

 Theory: Brunnermeier Pedersen (2009)

Covo [cbl, Ry J-]
Lo [¢1]

5[, -

* |dea: bad times, constraints tighten, intermediaries
delever, V’(W) is high

« AEM (2014): log change in leverage of broker-dealers,
flow of funds quarterly 1969-2009

— Large deleveragingin crisis



Adrian Etula Muir 2014: cross section
(25 S/BM, 10 Mom, 6 Bonds)
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Realized Mean Return

Realized Mean Return

Comparison to other models
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Time-series regressions

* Predictive regression
ripr1/Elripr1] = ai +bixe + €141

Panel B: Annual Returns

(1) (2) (3) (4) () (6) (7)
Stocks Bonds Sovereign Commodities CDS Options FX

e 034  -035  -0.64 252 108 -068 -0.22
0.27) (0.15)  (0.16) (0.78) (0.44)  (0.30)  (0.09)

N 164 145 62 102 44 100 113

R2  15% 27%  262% 7.1% 23.1% 3.8%  3.4%

e Source: Haddad Muir 2017



|dentification

* The “veil” hypothesis: intermediaries just

reflect marginal utility of HH but don’t actually
matter

e How can we test?
e Haddad and Muir 2017

— Key prediction of “frictionless” view of these
results is that all risk premia increase

proportionally to risk aversion shock

— Alternative: relative risk premia elasticities should
be larger in more intermediated asset classes if
there is an intermediary risk aversion shock



Intermediary risk aversion shock

Cost c(1) (small)
Asset 1
Price P(1)

Household Intermediary
Risk Aversion H Risk aversion IT

Asset 2
= Price P(2)

Cost ¢(2)>c(1)



Conclusions

» Suggestive: credit conditions / health of
banking system are important for asset prices

— Separated this effect from rep agent being
affected by bad macroeconomic shock

— More work

* Spellingout the frictions (multipleintermediary
models), calibrating models

* Empirical work on identification vs frictionless views

e Connect micro studies (Mitchell Pulvino 2010, Du
Tepper Verdelhan 2017, etc) to macro



Part 2: Macro

e Krishnamurthy and Muir (2017)

How Credit Cycles across a
Financial Crisis



We describe the behavior of output,
credit, and credit spreads around a
financial crisis

* Whatis a financialcrisis?
— s acrisisjusta bad TFP realization?
 Datathrough the lens of “F;Xz;” model
— F; isfinancial sector fragility (“amplifier”)
— z; is shock (losses) to the financial sector balance sheet (“trigger”)

* Mainresults:

1. Crises areassociated with large unexpected losses to the financial
sector

2. Fragilityand size of losses summarize the subsequent output decline

3. Pre-crisis, the runupisdriven by a credit supply expansion: spreads
appeartobe “too low”
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Empirical Strategy

* What happens around a financial crisis?

* Approach:

— Define a set of dates identified with a major financial crisis

— Examine the behavior of output, credit, and spreads around these
dates

— Compare to non-crisis events



Theory: What is a financial crisis?

Shock z;: recessionary shock, lower expected cash-flows on
assets held by intermediaries

Fragility F;: high leverage/low equity capital, short-term debt,
correlated intermediary positions, interconnected exposures

“Trigger” + “Amplification”

— Asset price feedback

— Creditcrunch

— Bank runs/failures/disintermediation
Credit spreadsrise:

— Expected default + risk/illiquidity premium

Kiyotaki-Moore, He-Krishnamurthy, Brunnermeier-Sannikoy,
Bernanke Gertler others



Quantitative
ldentify high fragility (F;)
Identify large losses (z;)

Define crises as events with large losses hitting
fragile financial sector

Side benefit: avoids “we know one when see one”
critique of the narrative approach (e.q.,
Schularick Taylor, Reinhart Rogoff)



Data: Credit spreads, crisis dates, GDP

e 1869-1929 across 14 countries from old newspapers

 1930-presentfrom various central banksand other data sets
(Datastream, Global Financial Database)for more recent credit
spreads

— High grade minus low grade corporate spread
— Corporatebondindexto government bond

 We normalize each country’s spread as:
spread;;

Sijt =
spread;

* Total of 900 country-yearobservations



Credit spreads: 1869-1929

* Individual bond prices on banks, sovereigns, railroad, etc.
* Over 4000 unique bonds, 200,000 bond / years
* We convert to yield to maturity
* Spread = high 10t percentile avg yield minus low 10t percentile
avg yield
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Data: Credit spreads, crisis dates, GDP

e We crossthis data with crisis-recession dates from Schularick-
Taylor (ST) and non-financial recession from ST.

— Robustness: Reinhart-Rogoff (RR), Bordo-Eichengreen-Klingebiel-
Martinez (BE)

* Total of 900 country-yearobservations:
— 44 ST crises
— 48 RR crises
— 27 BE crises

e GDP datafromBarro-Ursua
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RESULT 1: LOSSES AND CRISES



Specification

Panel data regressions (country i, horizon k):
Interact spreads with crisis dummies

In <y;t+k> = a; + ap + 1opisisX[b XS + b4 XS 1] +
it

nc nc /
1no—crisisX[b XSit T b—1xsi,t—1] T CXt + €tk

Controls: lagged GDP growth, 3 year credit growth from Schularick-
Taylor

Standard errors cluster by country



Spread spikes = Losses

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

VARIABLES 3yr 3yr 3yr 3yr Syr Syr Syr Syr
Si.t -1.15 -1.16
(0.29) (0.40)
Sit—1 0.78 1.64
(0.51) (0.79)
Si.t X lerisisST it -7.17 -8.18
(1.21) (1.17)
Siot—1 X lerisisST it 6.26 8.13
(1.45) (1.60)
lrrf'sr'sST.J'.r -5.26 -5.54
(2.12) (2.40)
gﬂ'_r X ]-recess_r'_r -2.40 -3.14
(0.98) (1.50)
g!.'.r—l X ]-recess_r'.r 0.14 0.04
(0.80) (1.17)
Observations 641 641 641 641 634 634 634 634

R-squared 0.53 0.54 0.54 0.54 0.53 0.53 0.54 0.53




o

Panel A: 3 year GDP growth

VARIABLES (1) (2) (3) (4) (5) (6) (7)
Sit -1.16
(0.29)
Sit1 0.78
(0.51)
lerisisST,it -5.26
(2.12)
Sit X lerisisST it -2.20 -1.03
(1.14) (1.19)
A5 4 X 1erisisST, it -8.98
(1.70)
Sit—s 0.69
(0.64)
Sip X Lrccess,it -1.88
(0.89)

A'Si,t X ]-recess,z',t

Observations
R-squared

641 641 641 641 561 641
054 054 055 056 056  0.54

0.55

33



RESULT 2: FRAGILITY (F) X LOSSES
(2)



Do all spread spikes end badly? (LTCM v. 2008)

Quantile Regressions

(1) (2) (3) (4) ()
VARIABLES Q90th Q 75th Q Median Q 25th Q 10th

AS;, -0.50 -0.68 -0.68 -1.00 -1.26
(0.26)  (0.14) (0.16) (0.17)  (0.29)
Observations 898 898 898 898 898
Country FE Y Y Y Y Y
Controls Y Y Y Y Y
Pseudo R2 0.09 0.06 0.05 0.08 0.12
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HighCredit =1, if > median of 3-year credit growth

Yy = AGDPi,t—>t+k

3yr 3yr Syr 5yr
Sit -1.15 -1.16
(0.29) (0.40)
Sit—1 0.78 1.64
(0.51) (0.79)
Si.t X HighCredit; . -3.55 -4.67
(0.63) (1.25)
Si.t—1 x HighCredit; ; 2.85 451
(0.79) (1.42)
Observations 641 641 634 634
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Impulse response in High Credit state
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Impulse response ST crises:
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Post-war sample

Panel A: Post 1950

n© @ @ 6
1vr 2 vr 3 vr 4 vr 5vr
As;y x High Credit -145 0 20120 22770 2,62 -2.60
(0.68) (0.84) (1.01) (1.12) (1.15)
As;y X (1 — High Credit) -1.28 -1.33 -0.88 -0.93 -1.32
(0.44) (0.75) (0.83) (0.91) (0.88)
Observations 202 289 286 283 276
R-squared 0.25 0.19 0.18 0.19 0.21
Country FE Y Y Y Y Y
Year FE N N N N N
Panel B: Post 1950. Year Fixed Effects
(1) (2) (3) (4) (5)
1yr 2yr 3 yr 4 yr 5 vr
As;y x High Credit 024 -1.23  -1.69 -1.52 -1.30
(0.39) (0.61) (0.80) (1.00) (0.99)
As;y X (1 = High Credit) -0.12  -0.53  -0.35 -042 -0.42
(0.35) (0.19) (0.20) (0.21) (0.34)
Observations 292 289 286 283 276
R-squared 0.68 0.68 0.69 0.72 0.73
Country FE Y Y Y Y Y
Year FE Y Y Y Y Y
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RESULT 3: PRE-CRISIS BUILD UP



Pre-crisis behavior

e Schularick and Taylor fact: Crises preceded by credit growth

* New fact: Crises also preceded by falling credit spreads

e Explanations:

1.

(Over optimistic)income prospects drives borrowing/lending
Financial sector risk pricing and risk premia fall
Note: not predicted by existingintermediary based models/

rational models of credit boom bust
 See alsoBaron Xiong(2017)



periods

Spread pre-crises compared to other

Panel A: Spreads before a crisis

(1) (2) (3) (4)
li_gq -0.00 -0.32
(0.18) (0.20)
(ACrediti_) X -2.83 -0.51
Li_5¢-1 (1.15) (1.18)
ACredit,_, 0.88 0.90 1.27 0.97
(0.48) (0.58) (0.52) (0.62)
AGDP;_, -2.70  -0.16 -2.68 -0.18
(1.74) (1.68) (1.73) (1.68)
Observations 621 621 621 621
R-squared 0.06 0.40 0.07 0.40
Country FE Y Y Y Y
Year FE N Y N Y
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Froth and Output

Panel A: High Froth and GDP Growth by Horizon

(1) (2) (3) (4) 5)

I yr 2 vyr 3 yr 4 yr 5 yr

HighFroth -0.52  -0.54  -027 -0.32 -0.63
(0.40) (0.69) (0.95) (1.18) (1.33)

HighCredit 084 -139 -096 -0.17 1.37
(0.56) (0.98) (1.17) (1.31) (1.35)
(HighFroth)x (HighCredit) -0.50 -0.98 -2.36 -3.25 -4.12
(0.81) (1.29) (1.41) (1.63) (1.79)

Observations 567 564 561 558 554
R-squared 0.06 0.09 0.10 0.09 0.10
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Marginal probabilities of ST crisis
from Probit
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HOW DID 2008 MATCH UP?



How did 2008 match up?

Low spreads; fast credit growth
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How did 2008 match up?

Path of GDP
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Summary

* Spikes in spreads + real fragility = Losses +
Amplification

— Lead to poor GDP outcomes (Kiyotaki-Moore, He-
Krishnamurthy)

* Crises are preceded by unusually low spreads
— Spreads pre-crisis do not price an increase in fragility
— Credit supply expansions precede crises
— “Surprise” is a key dimension of crises

» Aftermath of financial crises is deep recession

— We use variation in severity indexed by spreads

— Results consistent with Reinhart-Rogoff, Schularick-
Taylor;

— We give more precise answers, useful for calibrating
models



Conclusions

Recent interestin macro models of
intermediation, asset prices, crises

Stylized empirical facts appear promising for
these theories

Some shortcomings as well (e.g., risk premia
low before a crisis)

Quantitative patterns for theories to target

More to be done on understanding
mechanisms of frictions, identification vs
frictionless models



