The Nature and Causes of Extreme Events: An
Application to Subprime Market Spillovers

Loran Cholleter

Norwegian School of Economics and Business AdministratididH), and Norwegian Central Bank

November 26, 2007

Abstract

What drives extreme and rare economic events? Motivate@dsnt theory, and
events in US subprime markets, we begin to open the black bextemes. Specif-
ically, we build a taxonomy of extremes, then extend stash@@monomic analysis of
extreme risk in two ways. First, we model the potentiallyevaint dimensions of dy-
namics and endogeneity. In characterizing individualsilagenous propagation of
extremes, we relate the latter to public goods. Secondgusiar a century of daily
stock price data, we construct empirical probabilitiesxifemes. We document that
extremes are relatively frequent and persistent. We alsbefiidence that extremes

are endogenous for some reference periods, which raisees$séility that control of
extremes is a public good.
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1 Introduction and Motivation

For whoever knows the ways of Nature will more easily notieedeviations;
and ... whoever knows her deviations will more accuratebcdbe her ways.
F. Bacon:New Organum.

In the spring and summer of 2007, the aftershock from thersmegmarket, a relatively
small part of US financial markets, has reached over to toadgdéfunds and international
markets. In the US, credit spreads have widened ominougly) or safer debt, and in
Britain the interbank rate has reached its highest level ye&s, as shown in Figure 1.
Modern economies are repeatedly subject to such finandiaregs, sometimes contem-
poraneously or in rapid succession, as in the contagioroéessin East Asia during the
late 1990s. Extreme events often seem unpredictable, buhay? This paper begins to
open the black box, and proposes a positive theory of exsebased on externalities. By
way of motivation, let us discuss two current puzzles.

A mortgage market puzzle: Recent events in the US subprime mortgage market are
difficult to explain using standard economic analysis. Téarg leading up to 2007 featured
a large demand for housing loans by US households of vari@mastdevels. At the same
time, lenders offered a large supply of low rate loans to pecsve homeowners with ex-
tremely poor credit history, and high likelihood of defauliccording to standard informa-
tion theory, the housing loan market features moral hazaddaalverse selection, because
borrowers know more about their ability to repay than do &sd A standard solution to
such information asymmetry involves credit rationing byders, or signalling quality by
prospective borrowers (see Stiglitz and Weiss (1981) atelyR2001)). However, during
the period from 2000 to 2007, the opposite happened. As pregdi above, availability
of credit to low credit history individuals increased, aratgntial borrowers did not have
to signaﬂ Despite improvements in risk management by banks and regylauthorities,
such issues have recurred in recent years, in many devetaetmies. For example,
a similar situation existed in Japan’s Jusen loans, and mvB\ during the 1990s. This
puzzle suggests that there might be other factors at woreditian to information issues,
especially during extreme events.

A hedge fund spillover puzzle:A second puzzle relates to the recent hedge fund deba-
cles. Two issues convey the essence of this puzzle. Thesfst iconcerns spillovers from

For example, borrowers without collateral were encouragegply for loans, and therefore did not have
to signal quality.



the subprime market to hedge funds and other domestic anattenal investors. There
have been a number of instances, so we only consider one ofdreoutstanding. In July
and August of 2007 hedge funds suffered such severe losse&thdman Sachs had to
infuse US$3 billion into one of its funds, Global Equity Opportunitieghis fund lost 30
per cent of its value in the week between August 3 and Augustii3 seems to be the first
time that Goldman Sachs has assisted a hedge fund, espéatidat magnitude. A major
reason cited for the severe hedge fund losses was that tieeed that occurred in markets
were '25 standard deviation’ events (New York Times, Audi&t2007). These incidents
are puzzling because hedge funds did not seem directly edpgosheavy enough risk to
warrant such drops in valiie The second issue concerns extreme surprises. Most hedge
funds and investment banks have risk management systemaréhatress tested against
extreme market events such as terrorism risk, bankings;résel interest rate changes. So
what sort of event could surprise such respected hedge mulsgh to lose as much as
one-third of their value? A potential answer is that our apph to understanding "sur-
prise” extreme events is incomplete. One source of incorapéss is that both information
economics and current risk management are generally sitsmit time variation in the
probability of extremes. Another issue is that they do naiaglk account for endogenous
spillover effects from one economic sector to others (sw&chartgage market effects on
hedge funds), especially in the face of extreme events.

A possible solution to both puzzles is to extend existing@tieo include explicit, pos-
itive analysis of extremes. Existing theory acknowled¢ps individual agents’ incentives
or behavior can affect individual outcomes, for exampléngurance markets. This frame-
work is usually restricted to individual agents or sectarg] typically requires asymmetric
information between borrowers and lenders. The currenesshowever, potentially affect
numerous sectors and regions. Moreover, especially indbe of subprime mortgages, it
is difficult to argue that lenders were oblivious to asymimeatiformation issues, and did
not understand the potential for default when supplying$aa borrowers with poor credit
history or no collateral. Therefore, current experienagggests that an extension of exist-
ing approaches may be valuable, especially for analyzitrg®e outcomes. In this paper
we attempt to provide such an extension. In particular, weilvistrate that under some
conditions, aggregate spillover effects can happen evireiabsence of asymmetric infor-
mation. A graphical depiction of our approach is in TdBble hisTable shows that our view
of endogenous probability is similar to that of moral hazafthe only difference is that

2Moreover, the spillover effect on international markets\age enough to prompt unscheduled central
bank interest rate cuts in the US and Europe.



we consider more general settings, where there may bewsgpii@and general information
structures.

Discussions of extreme economic events often assume thratrees are generated ex-
ogenously by nature, and have a constant probability ofroenu£ But is the likelihood
of extreme and rare events affected, at times, by our betfa¥iad do we sometimes ob-
serve spikes in the frequency of extremes? The answer tajoestions is yes. Dynamic,
endogenous extremes occur in economics and in naturedinglthe effect of human ac-
tivity on both the likelihood of extreme financial eventsdagxtreme climate channg.
Importantly, when human activity endogenously increakedikelihood of extremes, they
may become less rare. In this paper, we explore a possiblaretpon for endogenous
extremes, namely, externality effects. Externalitiesuo@zhen one agent’s actions directly
affect the environment of other agents. Financial criseseattremes have externality fea-
tures, since they affect many individuals in the nationaglmbal financial system, even
though often precipitated by a small number of individudtsis well known that exter-
nalities cause inefficiency of the price sys@rﬁonsequently, if extreme events are due to
externalities, society may not pay the appropriate pricétfe extremes that it generates.

How does this formulation of extreme externalities help Uis@oes so in two ways.
First, it allows us understand the origin of some extremes éndogenous ones), thereby
giving us insight into which we can plausibly try to avertc8ed, it gives banks and regu-
latory authorities an additional set of tools from publicaite—subsidies, property rights,
and so on—that may help to address extreme events beforeignd their occurrence.

1.1 Related Research

Several recent papers discuss issues related to extremrararelents. Barro (2006) con-
structs a Lucas (1978) model with rare extreme events. Updibrating the model to

twentieth century data on extreme events, he finds thatbivalhim to address the equity
premium and riskfree rate puzzles. Weitzman (2007) degstoBayesian model of asset
returns. He discovers that when agents consider the plitysdfiextremes, there is a re-
versal of all the major asset pricing puzzles. Chichilniakgl Wu (2006) present a model

3See, for example, Barro (2006) and Friedman and Laibsor£)198

4See the cover story of Time, March 30, 2007; and Stern (2@G0id) Grossman (1988). The Economist’s
June 29 issue discusses climate change, where extremaeadeatare normal over time.

SFor textbook expositions of externalities, see Varian @)9%as-Colell, Whinston, and Green (1995)
and Harris (2003) Chapter 9.



of endogenous uncertainty where increased financial irtrovieads to greater likelihood
of default. Chichilnisky (2007) shows that if we axiomatigaextend expected utility to
account for extreme responses to extreme events, then wevearome decision theory
paradoxes, such as those due to Allais (1953) and Ellsb8&&L§1 Danielsson and Shin
(2003) discuss a scenario where unanticipated coordmafiagents’ behavior leads to an
endogenous increase in risk. The research of Bazerman atking/2004) suggests that
certain "surprise” events in modern society are predietagince there may exist sufficient
information to know that these events are immirﬂarﬁ).ur paper is similar to the above
papers in that we discuss the importance of extreme eversiscioeconomic life. How-
ever, our paper is different in several ways. First, unlikevpus research, we explicitly
construct a taxonomy of extremes, then develop a simple htodsplain the origins of
endogenous extremes. Second, we derive the "signatureidoigenous extremes, and de-
vise simple empirical tests. Third, we test our model onmettS data, providing both
in-sample and out-of-sample evidence on the causes ofrturrarket extremes. Finally,
the model allows us to discuss new policy solutions to exérewvents, using a standard
public finance toolkit.

The rest of the paper is organized in the following mannectiSe 2 discusses general
information on extreme events and proposes a taxonomy.ioBegtoutlines a positive
approach to analyzing dynamic, endogenous extremes. ofettaddresses some policy
implications for current financial markets. Section 5 agplihe model to current data, and
Section 6 concludes.

2 Nature and Causes of Extremes

Knowing the origin of extremes is evidently valuable forestors and policymakers. In
attempting to provide a glimpse of the origin, we now outlme positive approach to
analyzing extremes. There are two aspects to this approach.

6According to Bazerman and Watkins (2004), predictablerssep have six characteristics: leaders know
about a problematic issue, which will not go away; the issaesens over time; the issue is costly to fix now,
and benefits would occur later; fixing the issue entails aageost, but uncertain reward; addressing the
issue changes the status quo; a small vocal minority befi@fitslack of preventive action.



2.1 Temporal Nature of Extremes

The first aspect concerns dynamic behavior of extremes.piodl/economic applications
it is often implicitly assumed that the likelihood of extremis constant over time. This
assumption is useful for analytical tractability. Evidgréconomic and natural systems
change and grow over time, which may affect the probabilitgxdremes. There is some
evidence that extreme probabilities change over time, aschcord-breaking stock market
levels in the 1990s, and increased numbers of Atlantic bamgs since 2000. As shown
in Figure 2, both the number of natural disasters and thgrachseem to have varied
over the past generatianl.:or stress testing in hedge funds, for example, the likelihof
large price deviations is very important to estimate. A aksh assumption of constant
likelihood of extreme price changes is clearly dangerousaty levels, to central bankers
as well as individual and institutional investors. Thus,might allow the temporal nature
of extremes to be static or dynamic. For static extremeslikbhood of extreme events
p; IS constant, ang@, = p for all time periods. Dynamic extremes, by contrast, canfoe o
two varieties, either random or with a discernible dynanattgrn. We shall discuss this in
Section 3.

2.2 Causes of Extremes

The second aspect is an understanding of the distinctiomelest exogenous and endoge-
nous extremes, each of which has a different policy resrﬁ)Ese)genous extremes arrive
from outside the economic system and are truly acts of nafuna the perspective of the
domestic economy. For example, in a crop-based economyrdimbility p of extreme
changes in crop value could depend on exogenous swings iﬂnmEaSince weather is
generally unpredictable beyond a few days, and exogenarsitadividual farmer, we can
represent the probability of extremes as essentially nandim order to obtain bounded
probabilities, we may consider a random variahlandp, that are related in the following
manner:

"The definition of disaster by EM-DAT is "A situation or evenhigh overwhelms local capacity, neces-
sitating a request to the national or international leveleiternal assistance, or is recognized as such by a
multilateral agency or by at least two sources, such as mafioegional or international assistance groups
and the media”.

8In practice, there is likely to be a spectrum of extremeshwime being a mixture of exogenous and
endogenous. The idea here is to give us tools to assess theatdnmfluence on extremes.

9Other causes of exogenous extremes may include foreign watsral catastrophes, and uncertainty
about new technology.



exp () (1)

Zt = 21 t &¢
by = 1+exp (2¢)”

wherees ~ i.i.d N(0,~), with v > 0, for example.

Endogenous extremes, by contrast, are generated and parnajified within the eco-
nomic system, by agents’ activity and interaction. Thisvitgtpersists because extremes
have externality-like attributes, and therefore agentg ioer-produce’ the amount of ex-
tremes in the system. For example, stock market crashesaaridnly panics may stem
from excessive risk taking and borrowing of a segment of tumemy (Fisher (1933), ex-
cessive credit creation Allen and Gale (2000)), and exeegsiiance on computer-based
trading (Grossman (1988@.Since each agent has an incentive to borrow or risk too much
from the social point of view, competition leads to overprotion of extremes. Hence, the
probability of extremes may no longer be a random walk. We eefive the relevant
expression for extreme probability in Section 3, after d@v@g a concrete definition of
extremes below.

2.3 A Simple Taxonomy

Why do we need definitions of extreme and rare events? The m@ason is that extremes
occur in many disciplines. Therefore, each has develogamhih terminology, which may
be incompatible with that of other disciplines. For exampie concept of rare event is
used in at least four ways in decision-related sciencest, kirstatistics and econometrics,
rare refers to a record-breaking phenomenon, one that lwas oecurred before (de Haan
and Sinha (1999)). Second, in political science, it denatksv probability event with a
high impact, which may have occurred before (King and Ze®@12). Third, in the theory
of risky choice, it refers to a low probability event, whichaynhave occurred before, but
not necessarily with a high impact (Hertwig, Barron, Welagd Erev (2005)). Fourth, in
finance the closely related peso problem denotes an infnégegime that is unobserved
but anticipated by economic agents (Evans (1996)).

10The above authors and other related researchers considerfean of extreme event or crisis, but vary
in their emphasis on endogeneity. Some model a closed egoapmsingle sector, others an international
setting. Therefore the applications differ, although egefweity or externality issues are common to all. Our
paper seems to be the first to use this framework explicityy general setting, in order to develop a positive
theory with testable implications.



We therefore need to develop a common language to discussrexand rare events,
since they arise in a wide variety of settir@sPossessing a common language, we can
address implications for describing, forecasting and rodiimg extremes, a task that we
begin to pursue in the next section. Based on previous researwell as what we feel to
be intuitively appealing aspects of extremes, we now begietelop a taxonomy. We will
first provide a set of heuristic definitions of typical, exire and rare events, in turn. Given
the focus of this paper, we use definitions for quantitatadsuch as security retu&.

Typical events are those that are normal in some sense,tavétencounter frequently.
In previous economic literature, typical events have besceptualized in two ways. First,
they are near the center of the distribution, for exampléhiwi2 or 3 standard deviations.
This intuitive definition is useful in the case of the normadtdbution, where 3 standard
deviations around the mean capture 99.7% of the distribmicSecond, another way to
think of typical events is in topology. In this sense, an évetypical if it fills up the space
of eventd.l Rare or extreme events can be heuristically visualized @asdmplement of
typical events, one in topology, the other in probabilitytieme events are 'far away’ from
the median, while rare events are 'small’ in the set of allheserespectively. Armed with
these heuristic descriptions, we suggest the followingpte taxonomy.

Consider a variable X with domaix C R. Define a relevant samplg, C X, compris-
ing n realizations of this variableY, = X, ...X,,, with medianX,, and standard deviation
os. If X, is atime series, assume that the relevant sample data agame stationary. In
the following, superscript$, R, andE indicate 'typical’, rare’ and 'extreme’, respectively.

Definition 1: A typical event X” € X is in a rangeX,.,,,. that contains more than
1/2 of the observations in the relevant data sample:

Number ofX; € X, qge - 1
NumberofX,; € X, — 2’

The study of extreme and rare events increasingly affectaany disciplines that it has the potential
to be considered a field in its own right. Examples of some@at disciplines include decision theory,
international relations, finance, insurance, climatoj@gyrophysics, chemistry, and statistics.

2Financial data may be categorical or quantitative. Categbdata are measured in terms of a set of
categories. A simple example of categorical extremes ises-No” type occurrence, such as whether there
is a war. Quantitative data are reported numerically, sscthe level of the DJIA. The distinction between
categorical and quantitative extremes is relevant for tjtadive modelling. For example, in quantitative data,
extremes are very large and small values, which are not aldefinable for categorical data.

13 For arbitrary non-normal distributions with finite variane?, we can provide deviation bounds in a
similar way, using Chebyshev’s inequality.

14This may be expressed as the typical events form an open dense the set of all events (Debreu
(1970)).




We now turn to rare events. The benchmark case for rare eiehtS, to match the
psychologically motivated definition of Hertwig, Barron,e¥ér, and Erev (2005). How-
ever, other researchers estimate different values foremeet@ Therefore, in order to
give the researcher flexibility in deciding just how rarease;, we index the definition by a
multiplicative parametes > 1, that reduces the size of the rare set accordingly.

Definition 2: A §—Rare event X" is in a range that contains less thaf%d of the
observations in the relevant sample, in the presence ohan@itonoverlapping) range that
occurs more frequently than itseff:

Number ofX; € X, e - 1

Number ofX; € X¢ — 56

Before defining extreme events, we observe that much rdsé@arinance, political
science and statistics uses the terms extreme and rarehabgyeably. This custom is mis-
leading for at least two reasons. First is the possibilitgxifeme clusters, where extreme
events occur relatively frequently. For example, duringlidas or periods of high finan-
cial market volatility, it is possible for the stock indexteach levels far from the recent
median, routinely. Second, for highly skewed or heavyethdlistributions, extremes can
occur more frequently than central observations. Consetylét is important to define
extreme events in a way that does not assume, a priori, ttyattie either typical or rare. It
is also helpful to employ a definition that is related to therent practice of using standard
deviation or volatility. We therefore adopt the foIIowingfihition

15For example, the empirical values all fall bel@® in the research of Barro (2006), Chollete, de la Pena,
and Lu (2006), Jansen and de Vries (1991), and King and Zeb@l}2 Weber (2007, personal communi-
cation) explains that in experimental research on deaisaking, the level 1/5 is the threshold at which the
divergence between decisions based on experience andptiesdoecomes pronounced.

16\We require there to be a more frequent event, since the noticare is relative. Typical and rare events
are mutually exclusive but not exhaustive. An event can lith@etypical nor rare, for example if its range
has an empirical likelihood betweénl and0.5.

This is related to terminology of extreme value theory, vehextremes are usually phrased in terms of
closeness to the maximum or minimum. The median is usedaidsiéthe mean or extrema because it is
robust and has a higher breakdown point. Psychologicadlgple may take time to adjust their concept of
normal, and the median embodies this more than the mean tiNdtere choose a slightly different definition
from extreme value theory because in finance we might woropatleviations from what is typical, even if
they are not record-breaking events. For largethe definition will be identical, by choosing such that
wo = |X(1) — X/, whereX ;) is an extreme order statistic.



Definition 3: An w-Extreme event X £« is an event that is at least > 1 standard
deviations away from the relevant median:

IXE@ — X, | > wo,.

For financial time series, the benchmark median of the ratadataset can easily be com-
puted dynamically, to capture the notion that over time, wdrece was extreme may be-
come commonpladg. We are now ready to implement a workable definition of the empi
ical probability of extremesy, for later use.

Definition 4: The Empirical probability p(w) of anw-extreme evenk *«) measures
the relative frequency of observations exceedingtandard deviations from the relevant

median: _
_ Number of[X} € X, : | X} — X| > wo,]

Number ofX; € X,

p(w) :
Evidently what is typical, extreme, or rare may change oweetand our definitions
above are designed to reflect this no@rv.\/e therefore emphasize that our definitions are
conditional: we condition on the relevant data sample, Wwischosen with the guidance of
scientific theory and knowledge of the question at hand. @&p@oach makes sense from
a social science perspective, recognizing that when th&wbanges, we take some time
(one period) to realize it. The conditional approach is argjth and a potential challenge.
The strength is that it frees researchers in various diseiplor with different questions

to choose their concept of rareness or extremeness, wiattve values of andw. A
challenge is potential lack of comparability across défdrstudies. If comparability is an
issue, one might use the data sample suggested by sciemifig/tand then compare with
results using the entire data available.

18For example, one could compute extremes relative to theqre\quarter's benchmark median, to cap-
ture individuals’ lag time in learning and computing the blemark. The notatiow is chosen since it is often
used in definitions of oscillation.

190ur definitions compare current events to past medians.&as®n is that individuals’ notions of extreme
is often relative to what they have learned in previouslysTan be motivated by psychology, where we take
time to learn about rare events by experience (Hertwig, @artVeber, and Erev (2005)), or by disaster
myopia (Herring and Wachter (2005)). It can also be motidig econometric considerations, since we
gather data at the end of the period before we can computdeatafistics.



3 Dynamic, Endogenous Extremes

3.1 Dynamic Extremes

As mentioned in Section 2, dynamic extremes can be randonspliagl patterns. The ran-
dom case is represented by equatidn (1). Patterns may hawepussible representations.
For parsimony, and in order to relate our formulation to gxgswork in time series anal-

ysis, we consider a simple stationary pattern. One such hi®desimple autoregressive

J
representationy, = o+ - 0;p,_; + ¢,. Although many lags are possible, we focus on the
j=1

first order case:
pr=a+0ipiq + &, (2)

where|0;| < 1. ExessionlllZ) permits us to capture the potential clusgen extremes
mentioned abo

What is thesignatureof dynamic extremes? According to equatidds (1) &ihd (2)adyin
exogenous extremes have a frequencthat depends either on a random arrivabr else
only on some function of its own past values.

3.2 A Simple model of Endogenous Extremes

Above, extreme probabilities are exogenous, and do notrdkegeectly on variables un-
der the control of economic agents. We now formalize theragnis of Section 2.2, and
consider the possibility that economic agents and the enanenvironment influence the
frequency of extremes. While exogenous extremes aretgtalig unrelated to the eco-

20The focus of our discussion is on teenpirical properties ofp;. Therefore, the regression residaah
@) must be compatible with bounded probabilities, becdlisp, data used in our estimation will lie in the
[0,1] interval. If we were interested in modeling the thema properties of the process, we could impose
boundedness in a standard way by using some variant of ditofgisction, as we illustrated in equatidd (1).

2We could also consider simple nonstationary models, fomgta a regime switching generalization.
Such models can be motivated by the real world consideratianextremes are sometimes likely, and at
other times unlikely, reflecting aggregate external facgrch as the state of the economy and seasonality
in exogenous natural disasters. A simple regime switchindehallows the intercept to depend on time,
related to the realization of a 2-state Markov chain. Speadlfj,

Pt = Qsp + O0ps_1 + €y, (3
wheres; is a random variable that can assume two valdgs; {1,2}. The transition probability between

states andj is represented bPr{s;, = j|s;—1 = i, pr_1} = ;.

10



nomic environment, endogenous extremes (since they aerajed by economic agents)
should be related to the optimizing or equilibrium behawbagents.

More formally, consider an economy comprising a large nunibe lenders, and a
large numbern of mortgage borrowersn = f -I, where f is some positive integer. Each
lender deals with an equal number of borrowgrss . Them mortgages are drawn from
the same distribution, and of similar term. Their econonutivitly affects other agents
in the financial system, including other banks, investmenmdj hedge funds, and non-
borrowing investors, domestically and internationallye @énote these other agenisfor
other. In the following analysis we represent other, leadard borrowers by subscripts
0,1 and2, respectively. Borrowers and lenders are both in the m&okdiorrowed funds.
Effective demand for borrowing i&; and supply of borrowing i$,. Investors and banks
consider themselves small enough that their own borrowitylanding does not affect
asset prices. As in the literature on credit cycles (Kiyotakl Moore (1997)), the financial
sector alternates between periods of easy and hard créditcrédit regime is denotedr
and varies continuously betweérand1, whereCr = 0 denotes the hardest credit regime
andCr = 1 denotes the easiest credit regime. In keeping with thetsggigredit cycle
literature, we let the effective demand and supply of boedviundsb, and b, depend
continuously and positively on the availability of credithat is, for each agent, =
ba(Cr), andbs = bs(Cr), with positive derivative$, > 0 andd, > 0

We focus on a representative mortgage lender and borrovibruility functionsu;
andu,, respectively. Both lender and borrower have concaverdifficable utility functions
with standard properties, that depend continuously onewe bf borrowing:u; = w4 (by)
anduy = us(by). Moreover, bothu; andu, are increasing in the amount of borrowing,
u)(bs) > 0 andub(bg) > OB In order to control for contemporaneous costs, we consider
utility to be net of current costs. Each agent knows there psssibility of systemwide

22Since borrowing depends on the credit cycle, our model hampartant complementarity, delivering
aggregate effects. Strategic complementarity meangtlanhbre attractive to borrow (or offer credit) if other
agents are doing the same. Strategic complementaritidddearise in situations of imperfect competition,
costly search for trading partners and preference exigasa|Cooper (1999)). These situations can plausibly
exist for lenders, borrowers and hedge funds, respectiVély credit regime summarizes for each agent how
attractive other agents find it to engage in extensive bampwar lending. Thus, when one agent borrows or
lends, so do many others in the economy. Therefore an endageause of extremes could be time varying
incentives to offer and accept easy credit, perhaps refatihe real estate cycle (Pavlov and Wachter (2007)).

23The assumption of increasing utility must hold in the retevange, otherwise there is no interesting
economic problem: borrowers and lenders would just be aaticaily prudent, and never in danger of over-
borrowing or over-lending. This assumption helps conveyrature of the economic problem in the US
subprime market.

11



extreme events occurring, captured by the probabilityhose functional form is common
knowledge. In the spirit of Fisher (1933) and Allen and G&e00), the probability of
future extreme events increases with the average levelméwed fundsp = p(bg, bs),
wheredp/dby > 0 anddp/db, > OQ If an extreme event occurs in the future, ageimt-
curs a positive cost;, i = 0, 1, 2. This cost is financial, social or psychological discomfort
suffered in an environment of extremes or financial insia/rﬁi There is no asymmet-
ric information about the likelihood of extremes. Each d@derows that this likelihood
increases with average borrowing or Ienc@gNow consider the lender’s problem. We
include subscripts to clarify the time of decisionmakingt periodt the lender decides
how much to lend this period by solving the problem:

rIll)%X Ul(bs,t(CTt)) - pt+1<bd,ta bs,t) cClt41-
First order conditions for an interior solution arg(b, (Cr;)) — %‘i:bt) c141 =0,
which can be rewritten as

apt-i—l(bd,ta bs,t) _ ull(bs,t(crt)) (4)

8bs,t C1t+1

Equation [#) says that optimally the (derivative of) exteeprobability is related to the
marginal utility of borrowed funds, discounted by expeatedts. An implication, given
positive marginal utility and the positive relation betwdsorrowing andC'r, is that the
responsiveness of extreme probability to the level of hwimg is positive, and increases

24This summarizes the intuition that excessive borrowingeistabilizing, without emphasizing the partic-
ular channel of destabilization. Channels through whichidying leads to increased likelihood of extremes
are explored by a number of authors, including Fisher (1888)Allen and Gale (2000).

25A financial cost is that trading suffers because prices aa¢ively uninformative Harris (2003), Chapter
9). A social or psychological cost is increased Knightiaentainty in an unstable economy Caballero
and Krishnamurthy (2007), Weitzman (2007)). Implicit inrawork is the notion that this pattern of excess
borrowing may recur because of time variation in not justrfzial but also moral and psychological costs
of overborrowing (Agarwal, Driscoll, Gabaix, and Laibs@®07)). Learning may not occur, since different
individuals are involved, given the time of the asset cyEler. related ideas, see Kiyotaki and Moore (1997),
Andvig and Moene (1990), and Minsky. This notion parallelacepts in corruption and tax evasion where
supply of corruption increases due to lower moral costs kihtabribes. Corruption literature suggests that
a cure can be increasing wealth. Analogously, we can conaidements for increasing minimum wage or
property rights.

26similar assumptions occur in many other economic contsxts) as the idea of price taking, competitive
agents (Arrow (1954), Debreu (1959), Chichilnisky and WOQ@), even though the demand of each agent
will affect the price to some extent.
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with the easiness of cre@.Similarly, the borrower’s problem yields first order conaiits
which can be rewritten as

8pt+1 (bd, bs) o u/z(bd,t(crt))

Obgy C2,t41

As in equation[{l}), the above expression says that the fyttokability of extremes is
dynamic, and depends positively on the current level ofiteséhilability.

Equilibrium: In equilibrium, the demand and supply of borrowed funds dlequal,
by = by = b. Therefore we can rewrite the optimality expression for tberdower and
enderas Openr(b) _ wh(0(Cr) _ wy(0(Cr) o

ob, Clt+1 Co,t+1

Equation [[b) constitutes theignatureof endogenous extremes. The responsiveness of
extreme probability to borrowing is proportional to maigiatility of agents in the market
for borrowed fundgl If extremes are truly exogenous, there will be no statiktiglation
between extreme probability addandop(b)/0b = 0. The difference between equations
@@ and [b) gives a sense of the estimation error from assyekiremes are exogenous,

when they are in reality endogenous.

We are not just saying there is a link between over-borrovaing extremes. Instead,
we are showing that even without asymmetric informatiordyworrowing may arise as an
equilibrium phenomenon. This phenomenon occurs due todihed of both borrowers
and lenders to internalize an important externality, theesgive probability of systemwide
future financial crashes. An easy way to see that the pratyabilcrashes is excessive is
to consider what happens if the lender considers the effde¢olending on other agents
O. Then her problem is

max 1 (bs ¢ (C1¢)) — Pig1(ba, bsie) - (Copsr + C1p41)-

s,t

27utility increases with borrowing, which in turn increase&hathe credit regime. It follows that utility
increases with the credit regime, since for finite real nurshea increasing function of an increasing function
is also increasing.

28 Qur result is intuitive: agents affect extreme probabibiy their optimizing behavior over a certain
variable with external effects. Therefore, optimally ttraarginal utility equals the responsiveness of extreme
probability to this variable. It also captures the notioattivhen credit is easier, the financial system becomes
more likely to suffer future crashes.
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The first order conditions aré€ (bs ;(Cr)) — %‘i:bt) - (cot41 + ¢1,41) = 0. Rewriting

this expression as before and imposing equilibriym= b, = b, we obtain the condition
for a socially optimal level of extremes:
Opi+1(be) _ uy (b (Cry)) (6)

ob, Co,t+1 T Cl+1

The numbers are smaller, since the denominator on the ragit bide of[(E) exceeds that
of @). Thus, when the lender takes into account the futustscof other agents, optimal
behavior involves a lower extreme probability for a giveueleof borrowed funds. A
similar logic exists for borrowers. It is in this sense thampetitive markets may lead to
endogenous, excessively high probability of cra@e‘léhere are two ways to express this
situation. First, as before, we can recognize that oveoong due to easy credit has a
negative externality, and is therefore overproduced. S&da language perhaps closer to
regulators’ concerns, we can say that financial systemlgyafmontrol of extremes) is a
public good, which suffers from classic underprovision.

The most important implications from equatidd (5) relatehe likelihood and per-
sistence of extremes. For a given level of borrowing, thelilfood of future extremes
increases with the ease of credit, and based on our previsagsgion, with any instru-
ments related to strategic complementarity, such as comsconfidence. It decreases with
expected social, financial and psychological costs of exe Persistence of extremes is
higher when the marginal utility of borrowing and costs aeesgstent. We shall explore
this further with parametric preferences in Section 5.

3.2.1 Extreme Spillovers

The above formulation gives little intuition on spillove the expected breadth of ex-
tremes. To tease out this information, one possibility i®bserve that the breadth of
spillovers depends on the strength of aggregation and @mnwitarity. These effects
may be assessed using indices of imperfect competitioneargls costs, for example (see
Cooper (1999)). However, we feel a more realistic approathéxamine a situation where
spillovers are typically very unlikely to begin with, ancethask what drives spillovers? In
today’s markets, spillovers are increasingly importantdasider, since globalization and

2)Note that optimality will not necessarily entail complet@rénation of extreme events. Rather, the
extreme level is adjusted to the point where the marginakfieto lenders of an additional unit of the
externality-generating activity,; (b), equals its marginal cost to other agentsy, (b).
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financial innovation not only spread risk, but alside risk—investors in one sector might
unknowingly bear some part of the risk from agents in diss&ators and nations. These
risks are diversified away in normal times, but may be siganfién periods of correlated
returns and dependent defaults. Until now, our model hagesigd that spillovers happen
to hedge funds and all other sectors automatically in theemgient period. This can oc-
cur if other sectors are directly exposed to default risk bgcpasing high risk debt from
lenders. In modern financial markets, however, there areenouns ways of diversifying
such risk, for example by securitizing debt into a new insieat. Consequently, even if
several borrowers default, their risk will be spread ovenyrauyers, and therefore have lit-
tle impact on each buyer of the securitized asset. What azaulde a spillover in this case?
The main channel is a systematic comovement in defaultsllorgseas in the LTCM case
during summer of 1998, and in many US financial markets imgpaind summer of 2007.
Such comovement may result in sharply reduced value of gzear assets. If this occurs,
then securitized assets become highly undiversified, andpragpagate the effects of ex-
treme events. The question therefore becomes, what cousde @asystematic comovement
in defaults or selling? A compelling answer is liquidity. dEonomic agents face sharp,
simultaneous liquidity drops in many asset classes, thegybadorced to default (borrow-
ers) or sell assets (lenders), which will simultaneoustiyioe the value of many securitized
asset@ According to this logic, the incidence of extreme spillavesr determined at least
partially by the extent of liquidity comovement.

We offer a simple, stylized formalization of the above argumts, describing a chan-
nel through which other economic agents experience ineceastreme probability. An
important aspect of the economic environment is secutitiza Loans are pooled into a
diversified securityS, like a CDO, then resold to the other sector at a competitiieaep
equal to its discounted value. The reason for supply of théetis evident, since lenders
wish to diversify away their risk. Why does the other sectmdnd this asset? The reason
is thatS may dominate other risky assets, or provide diversificah)imefit@ As in spring
and summer of 2007, extreme spillovers are hastened bylltgulemands. To meet these
demands, hedge funds and other investors may sell off adliguirelated tranche such
as municipal bonds. This selloff inhibits liquidity in thixanche, which leads to further

30Since our focus is on extremes, for simplicity we model litityias exogenous. In practice liquidity may
respond to changes other variables such as collaterakggag. real estate) for collateralized instruments.

31In practice, CDOs are often bought by fixed income investossearch of high yields. CDOs will be at
least as attractive as high yield bonds because the forragearerally uncorrelated. In the present situation,
sub-prime CDOs had relatively low risk when the real estaéeket was going up, since the collateral was
extremely valuable. We are grateful to Arjun Jayaraman f&eussions on this point.
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selloffs in one tranche after another. Therefore, the exoge driving force behind ex-
treme spillovers is liquidity comovement—rare but high aopcontemporaneous drops in
liquidity across various securities. These liquidity skeoincrease asset correlations and
default dependence, making them move 'in step’, all seltindefaulting at the same time.
In addition, an important endogenous source of spillowal is excessive diversification,
which implies the other sector is highly exposed during gusiof correlated defaLﬁ.
This endogenous risk is amplified by inordinate, perhapshawk, exposure to securi-
tized assets like CDOs, by various market participants. W8hiiis endogenous risk left
unchecked? There are three reasons. First, agents calyatiderstand rare events. They
may have disaster myopia or otherwise underestimate tekhdod of rare events (Herring
and Wachter (2005)), Hertwig, Barron, Weber, and Erev (200@g and Zeng (2001)). It
is well known that myopic behavior can arise for rationalferences, for example in the
case ologarithmic utility. Other reasons why this may arise include limited com porbaii
ability, or statistical issues—it is hard to estimate thabaibility of rare events with limited
data’l Second, even if some take rare events seriously, when itguschigh, the ease of
resale makes them more comfortable with elevated riskediney feel they can resell if
necessary. Third, during some stages of the asset cycleliatecal for securitized debt
has a relatively high price. In the subprime market case thateral is real estate, which
featured rising prices around the turn of the century. Susteaario can be another cause
of complacency, since the value of collateral is high.

More formally, the mortgages are packaged intsecuritized assets;, ..., S;..., Sy,
each withl/m of the original securities, for maximal diversification. dbeoriginal mort-
gagei yields a stream of payments with liquidity-adjusted excetsrnsr,. For simplicity,
we assume symmetric correlations and standard deviatipns= p, all ¢ # j, ando; = o.

32paradoxically, therefore, diversification can increask during extreme periods, since investors have a
wider network of obligations, and are thus more likely teeaffothers and be affected by an extreme eventin
any sector (Chichilnisky (2004), Danielsson and Shin (30@Bagimov and Walden (2007), Duffie (2005)).

33Underweighting of rare events has been documented in dttleae ways. First, agents may discount
rare events when they estimate probabilities based oniexper(Barron and Erev (2003), Hertwig, Barron,
Weber, and Erev (2005), and Rabin (2002)). Second, ecomizaibt there is a bias to under-estimate rare
events (King and Zeng (2001), and de Haan and Sinha (1998))d,Texpected utility does not effectively
incorporate low probabilities (Bhide (2000) and Chiclsky (2000)).

16



m
The return on a securitized asset'is, with meanrg, = % > iy = Ty The variance is

denoted-%,, and computed Bé

1
qu,t = E(UZ‘FQP)- (7)

We now define an extreme spillover, then discuss the roleafdity.

Definition 4: An Extreme Spillover is anw—extreme event ity;. That is, a situation
where|rg, — 7_1| > wog_1.

In order to implement Definition 4, we need explicit expressifor portfolio returns, which
we now develop. Previous research has documented that tredatimn of asset returns,
and correlation of defaults tend to increase together dumtreme perloc@ We formalize
this empirical observation starkly by saying that indivatltnortgages are uncorrelated in
general, but highly correlated a small fractibaf the time. This is represented as a regime
shift,

(8)

] p", with probability o
=Y 0, with probability1 — 6,

where/ is close to zero. Given assumptidmh (8), the securitizedt ass@nce in equation
@) is nonlinear, equallingg most of the time, and equallinfgé + % a small fraction
of the time. Thus, the benefits of diversification accrue ®gbcuritized asset in typical
times, when its variance is much smaller than the sum of ttigiotual security variances.
By contrast, during extreme times correlations become mapofor returns, and diversifi-
cation benefits evaporate.

34To obtain equatior]7), note that the security variam@@ is the variance of a sum of random variables,

Xm:%r ‘|_Z—Va7’ zt +2ZZ OOU ztv ]t)

i=1 i=1 i#£j iF£]

Var

This can be computed as

2

2 . 2
pr ot H2 S e = 2 = T

i#£] i#]

where the last equality invokes the identical variance adetation assumption from above.
35See Mcneil, Frey and Embrechts (2005) p331; Ang and Bek2@l(); and Engle, Cappiello and Shep-
pard (2006).
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These extreme correlations are driven by liquidity. In jatar, most of the timel(— ¢)
liquidity is plentiful in some markets. However, a smalldtian § of the time, liquidity
dries up in most markets, which forces multi-market margitiscand flight to quality.
Consequently, there is an increase in defaults and delirigpagments across many assets,
and their returns enter a high correlation regime. We asdiguiglity drives the correla-
tion regimes in[(B) directl@ Specifically, liquidity is an additive cost or benefit to gsos
returnsr; ,—mortgage securities have higher excess retyrnisidiosyncratic liquidity L; ;

is positive, and a lower return if it is negative:

e __
Ti,t = Ti,t + Li,t'

Average gross returns are equal across the individual iagetsy and overtimg}i— Sl (rie =
Tit = Ti4—1. Thus the most important dynamics come from quuiﬁ)Every period there

is an exogenous liquidity shock; ; to the return on each mortgage. Most of the time
these shocks are uncorrelated and zero-m%aﬁ?;1 L;; = 0. Somewhat rarely they are
perfectly correlated, as in the following structure:

9)

-} ~i..d. Uniform[—1,1], with probabilityl — §
S with probability §

wherel; is a large negative numl@.This setup produces spillovers because, in the rare
regimes, liquidity costs reduce the value of every compbnéthe securitized assefs.
That is, theS; inherits the liquidity costs of all its component secustie

(10)

i LS (rig+ Liy) =7, +0,  with probabilityl — &
St LS (riy+ Liy) = 7y + L', with probabilitys.

To see how this can lead to an extreme spillover, considerralated liquidity shock in
periodt (the 0— rare regime), while period — 1 features the typical uncorrelated shock.
Recall from Definition 4, that an extreme spillover occursewh

st — Ti—1] > wogy—1. (11)

360ur liquidity cost is in similar spirit to Amihud and Mendels (1986), and Jacoby, Fowler and Gottes-
man (2002), who model liquidity as a proportional cost iretato the security price.

37Alternatively, we can think of this as the gross returns feiet of other effects, since we wish to
concentrate on liquidity shocks.

%Alternatively, we could say there is a shift of the distribat for example tal. ~ U[2L; ,0]. SinceL;
is negative, the mean is now negative.
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From equation{JI0), the left side ¢f{11) satisfies
|TS,t — 7:13_1‘ = L_. (12)

The right hand side of{11), using equatiéh (7), satisfies

Ot—1
mi/2’

(13)

1
Wwogi—1 = WW[Uf_l + QPt—l]l/Q =w

where the last equality uses the fact that = 0 before the onset of the correlated liquidity
shock. Combiningl{12) an{IL3) yields the condition for exte spillover:L, > w77,
or

1
InL; >Inw+Ino, 1 — 5 Inm. (24)

This expression is intuitive. In an environment where megwtepend on liquidity shocks,
extreme spillovers will happen if a liquidity shock is largeough relative to average return
volatility o;,_;. The term— Inm is also natural, since the larger the number of borrowers,
the more sources of hidden risk thand therefore the lower the liquidity shock needed to
set off an extreme eveQ.This expression predicts that extreme events will tend tib sp
over and persist when liquidity shocks are large relativavierage volatility of individual
instruments.

A key question for investors and regulators is what deteeshithe incidence and per-
sistence of extreme spillovers? According to equatioh (h#) depends on the average
numberm of borrowers in a securitized debt instrument, and the amofliquidity co-
movemen@ Thus, the breadth and persistence of extreme spilloversndispon liquidity
comovement and persistence of liquidity shocks. If we ater@sted in predicting the ex-
tent of endogenous versus exogenous extremes, note thggrenas extremes should be
fairly contained, ceteris paribus. Endogenous extremealy limited by the extent of
liquidity comovement and diversification.

3%Having a large enough~ will reduce diversification benefits because it involvesiaga highlydepen-
dentrisk to a portfolio. The condition may also be implementedaioally by taking time derivatives d/dt
on both sides of equatiof{}14), which yields the condition

L; >y,

where the hat symbol denotes the logarithmic derivatiyeregenting the growth rate of a variable. Empiri-
cally it will be valuable to connect this expression to eifpilm and extreme probability p.

4%Another influence will be the degree of diversification, tisathe average share CDOs held by individ-
uals.
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4 Potential Policy Implications

What well-defined question can this framework help us ang@Wehile we have provided a
simple analysis of economic extremes in general, we feehpproach is especially suited
to address the puzzles discussed in the introduction. @oréwork suggests that the sub-
prime market and spillover puzzles can be understood asethdtrof an uninternalized
externality, the effect of excessive borrowing on finanstability. This is not a simple ex-
ternality, but a multilateral, public externality. It is merated by and affects many agents,
for example mortgage lenders, borrowers, hedge funds,\ardgiobal investors. To solve
this type of public externality the introduction of a staralaort of market will not be op-
timal, due to the free rider problem and the impact of qutyia We now discuss liquidity
and externalities, in turn.

Our model suggests that liquidity is important and shouldvimitored carefull@
There are many aspects to liquidity’s importance. Perhagsrost crucial is our implicit
notion that liquidity has a dual role: high liquidity helpsitiate extremes by providing
a market for securitized debt; and correlated liquidityvelsi the subsequent spillovers.
Regarding initiating extremes, the risk of counterpartjadk is unimportant if there is
enough liquidity and innovation for a lender to repackage @asell her debt. Regardless
of information structure, once individuals feel they haveegh liquidity, they may take
excessive risk. Thus, information asymmetry may beconeerkdsvant in an environment
of plentiful liquidity. Regarding spillovers, in the facd correlated liquidity events, all
diversification benefits might disappear, and even pooledrgees can experience a sharp
drop in value. Therefore, liquidity amplifies endogenousemes, which aggregate from
one sector to the larger economy because of complemeesadlitie to the credit cycle, and
externalities. Since control of these extremes has puktereality aspects, it is unlikely
that an individual agent will provide the public liquidityeoessary to avert systemwide
extreme@ Why do agents produce endogenous extremes in the first pldeee are two
main reasons, disaster myopia and externalities: theteftd@xcessive borrowing happen
somewhat rarely, in the future, and mainly to others. Irdiials may not fully internalize
the cost of elevated future extremes because this protyaisilconsidered relatively low

“Iprivate externalities are depletable, while public exaéities are non-depletable, and retain potency for
all who are affected. For an exposition of multilateral entdities, see Mas-Colell, Whinston, and Green
(1995), Chapter 11.

42For a discussion of what are the best liquidity measuresCsedete, Nas, and Skjeltorp (2007).

43An exception is John Rockefeller in the Wall Street panic@0 71
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and distant, and individuals have a bias to underweight laMability events. These two
reasons are reinforced for both borrowers and lenders loydity, as described above.
Why do individual regulatory authorities allow excess ertes to happen, once started?
An important reason is that it is difficult to predict extresnd-urthermore, there is a free
riding problem at the domestic and international level.aiyp there is moral hazard— there
is a knife edge aspect to central bank supplying liquiditgdabn extremes, since liquidity
is what can initiate extremes in the first place.

Understanding the externality aspect of extremes may enablo address not just the
effects but also the causes of extremes. The externalie igsves lenders and borrow-
ers inadequate incentives, leading to an overproducticextsEmes. In order to correct
this, a standard public finance solution involves givingraggecuniary or property right
incentives to reach the optimality condition [d (6). Givére diversity of agents and na-
tions in the current situation, two further suggestions W@ think plausible are to create
an international institution responsible for monitorifglzal system stability, and to dele-
gate responsibility reciprocally, for providing aggreméguidity and control of extremes.
The former would ensure information sharing and avoid gasternational duplication of
effort. The latter would be a global market maker, ensurianglis provision of a global
public goocla Let us discuss these three solutions. First, ex ante in@mninclude sub-
sidizing housing and borrowing, and assigning or auctigmiadeable extreme production
rights. A related incentive involves educating borroward &nders on the nature of lig-
uidity shocks, and the consequences of endogenous, exp’e‘mechange@ Second, a
monitor of lending and borrowing activity, and diversificat of portfolios, would have
special tasks. It would assess adequate levels of borraaniddending (given average lig-
uidity), and provide indices of current and expected ligyitkvels, and average risk in all
securitized assets that could be subject to hidden rislngun'(treme@ Third, a global
market maker would be used as an ex post measure. Since sydteliguidity is a public
good, each actor has an incentive to free ride, therefouddiity effects may be persistent,
once extremes begin. Public provision of systemwide liqyid thus necessary to disrupt

“For literature on delegated monitoring, see Diamond (198#) Sheard (1994). This would in-
volve coordination of international regulatory auth@#j for example, each taking turn as delegated mon-
itor. Regarding global market makers, a related suggesims been made by Buiter and Siebert, at
http://maverecon.blogspot.com/2007/08/central-banksme-of-crisis.html. For a global market maker,
there is of course a moral hazard problem.

45Similar to pollution permits, these would allow the markattipants to engage in reasonable levels of
borrowing/lending even during times of low aggregate liityi

46Such global monitoring of liquidity, hidden risk and extresp should be delegated because of its public
good aspects, and to avoid costly duplication (Diamond 4198Bheard (1994)).
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persistence of liquidity shocks. Reciprocal delegatiothefrole of global market maker
will allow for efficient provision, and remove the free ridesue at the individual, national
and global Ievela These three prescriptions together may reduce extremggesire that
financial markets pay an appropriate price for the extrem&gproduce.

5 Empirical Application

An important pre-condition for the policy analysis desedbin the previous section is
empirical documentation of the properties of extreme phdhizs, to which we now turn.
Since each asset price series may have individual chasditer we focus on one that
summarizes aggregate security performance, and for whate is a relatively long time
series of daily observations, the Dow Jones Industrial &ger

Our main data comprises the following series: daily Dow 3ddnéustrial Average se-
ries (DJIA), from May 26, 1896 to September 28, 2007; the eegf securitization in
US financial markets (SEC), computed monthly from Janua891® December 2006;
the liquidity measure (LIQ) of Pastor and Stambaugh (2008)able monthly from April
1962 to December 2006; the value of real estate loans in th(REBLLOAN) available
monthly from January 1947 to July 2007; and a measure of iavesentiment (DSENT1),
used in the study of Baker and Wurgler (2007). This data idae from January 1966
to December 2005, kindly provided at Professor Jeffrey \Mu\sgwebsit@ Unless other-
wise noted, the data are obtained from WRDS and Datastream.

There are three steps to our empirical approach. First, wmge whether oup series
are significantly different from zero. Second, we examiredrtdynamics by considering
autoregressive time series models . Third, we begin to asagdogeneity by using simple
VAR models. We discuss each of the above in turn.

4'This is similar to what is already done by individual regataauthorities, pumping in liquidity. The
difference is that it would be coordinated internationailya systematic way.

48Since the empirical probability series are between 0 anad SEC and REALLOAN are in billions of
dollars, we use percentage changes in SEC and the ratiol@stage loans to total loans, in order to scale
them down comparable.
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5.1 Computing thep,; Series, and Summary statistics

The main series we computejigw), according to Definition 4 in Section 2.3. Using the
DJIA described above as our base series, we compute therpoopof times each month
that there is an observation more thastandard deviations away from the median. Both
the median and standard deviation are computed over thegirgg: months, wheré: =

12, 24, 60 and 120. This procedure is done on a rolling lfasisn example of thep,
series for the 12 month reference period is shown in figure2should be expected, the
probability of extremes becomes much less active as we nmowe I or 2 sigma events to
3-sigma and beyond. Evidently, the series move around quiig so even from a visual
perspective the series are not constant.

Figures 3 and 4 display histograms of our extreme probeggsliior 1 and 2 sigma
events. In both cases there is a u-shaped pattern for aterefe periods. Moreover, the
longer reference periods tend to have more mass concehétiedeand 1. Thus, if economic
agents compute extremes in this range (1 and 2 sigma evdrés)probability estimates
would tend to be more volatile. Figures 5 to 7 show histogrémnextreme probabili-
ties of 3- to 5-sigma events in the DJIA. As we would expea, distributions become
more concentrated at zero, with the shortest horizon (12mspibeing the last to have all
probabilities at zero.

We now turn to summary statistics and more formal tests. el@kdhows that as the
level of w increases, both the mean and standard deviation decreaseever both the
t-test and nonparametric sign rank test generally have taipwalues until the level of
w = 5. This suggests that the likelihood of extreme events beybsidndard deviations
may be non-zero, regardless of agents’ reference periods.

Is there a difference in extreme probabilities within refeze periods? We test this
hypothesis in Tabld 3. Except for some marginal significdretereen 4 and 5 sigma events,
there is very little evidence of similarity between the wvais extreme probabilities within
a given reference period. A different pattern emerges, kiewwghen we examine tests for
differences across reference periods, in Téble 4. Thiserlédble reports mixed evidence
about the similarity of average extreme probability depegdn the reference period. This

“Recall that the series begins in May 1896. Thus, for exanpleompute they;(1) for a 12 month
reference period, we count the number of times in June 18&#lle DJIA exceeded 1 standard deviation
from the median, calculated from May 1896 to May 1897. We ttierthe same for July 1897, where the
median and standard are calculated from June 1896 to Juife @@ so on.
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result may be of practical relevance, if different invegpaups have different time horizons
when deciding whether a particular event is extreme.

5.2 Dynamics

As we discussed in Sections 1 and 3, the dynamic behaviortoérag probabilities has
important impacts for risk management and stress testirggthéfefore examine the time
series behavior of oy, (w) series. The results are displayed in Ta[ﬂ@ Gmportantly,
except for the very extreme 5-sigma events, the Q-test ofewtise is rejected. This
suggests that there are important dynamics in the liketlhafcextreme events. The best-
fitting models generally range from AR(1) to AR(3), althougkre are a few models with
higher lags. Thus, our empirical probabilities seem to lexhihemory—extreme events
cluster over time, regardless of our reference period.

5.3 Endogeneity

While extreme dynamics relate to investment, extreme egwleity also relates to policy
analysis and financial stability. The results of this setaoce exploratory, since our theo-
retical guidance is quite general. Ideally, we would likeagsess whether depends on
plausible aspects of economic behavior, suggested byythBased on our Section 3 dis-
cussion, some examples are borrowing, and investor semtiri@wever, our ideas about
endogeneity come from equation$ (5) 14, which are ndydastable. For example,
the empirical probability of extremes will depend on othaetbrs besides borrowing be-
havior and liquidity. Moreover, for simplicity we model tkause of period+ 1's extremes
to occur int, while in practice, there may be substantial lag affects.

We therefore use a simple 3-variable vector autoregressiexamine both the effect of
borrowing (extremes redux) and liquidity (spillovers).light of our Section 3 discussion,
we examine whether borrowing and the general state of iaveshtiment affect the prob-
ability of extreme events. Our proxy for borrowing is REALAN, and for sentiment is
DSENT1, described above. The results from these testsspkaged il b, which produces
orthogonalized impulse responses for REALLOAN and DSENf &xtreme probabilities.

5ONote that some series had insufficient variance to compuie series models. This was particularly the
case with the 5-sigma extremes, since much of it consisterofz
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For all reference periods the VAR is either first or seconceordh general, the standard
errors are large, therefore it is not easy to make strongragits. An important finding
from this table is that the effects of a shock in either REAIANDor DSENT1 persist. In-
terestingly, there is sometimes a change of sign by the sxthth. For example, in Panel
A, the effect of investor sentiment ona2event probabilities is around 0.0214 in the first
month (k=1), but switches to around -0.0038 by the sixth mofhese patterns may reflect
a complex nonlinear relation between sentiment and extpgoigabilities. Another issue
is that sometimes the shocks increase over time. For exaagdé in Panel A, the effect
of a shock in real estate loans orrZvent probabilities is 0.0001 in the first month, and
increases to 0.0003 by the sixth month.

Our final table for the VARs is Tabld 7, which examines thelspdr effect discussed
above. Specifically, in the spirit of equatibnl 14, we esteratvector autoregression that
contains extreme probabilities, liquidity (LIQ) and pemtage change in securitization
(PCTSEC), as described ab(EeSimilar to the previous table, there are switches in sign,
and amplification of shocks over time. For example, in Paneh Ahock to LIQ has an
effect in the first month (k=1) of 0.0038 on the likelihood oRa- o event, which has
switched sign to -0.0088 by the sixth month. Moreover, adairPanel A, the effect of
PCTSEC in the first month is -0.0001, which has increased hadged sign to 0.0015 by
the sixth month. Again, the standard errors are large, teftpthe relatively short sample.
This suggests the importance of finding better instrumentiduidity and securitization,
with longer sample.

One issue in the above results is the large autocorrelatioar@mpirical probabilities.
From a practical point of view, these point estimates are ieseful than 'early warning
signals’ that indicate whether it is likely to have 'highvkds of extreme events. With this
in mind, we take another look at endogeneity, by dividingehgpirical probabilities into
three ranges, Low, Medium and High. Low corresponds to less 0.33, Medium to the
range 0.33 t0 0.67, and High to the range 0.67 to 1. We themat&ia cumulative logistic
model for all the various reference periods. The resultsegperted in TableBl8 #o1. In
many cases the level of real estate borrowing is signifieanrtd the level of securitization is
also important. Moreover, for 1 and 2 sigma events, a lowl lefeuidity is also important
for predicting high likelihood of extremes. This providesre evidence of endogeneity.
Specifically, a low level of liquidity coupled with a high leMof real estate borrowing is an
important explanatory variable for high likelihood of etnes.

Slwe exclude the 4-sigma events since their estimation gydees not converge.
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To summarize our empirical exploration, The main findingstaat extreme probabil-
ities are dynamic and persistent, as documented in ThblesoAghb. The evidence on
endogeneity is mixed. A preliminary VAR analysis suggekt instruments related to
borrowing, investor sentiment and securitization, may plamall role in the dynamics of
extreme probabilities, although to establish this woulguree a long time series of good
instruments. More encouragingly, a cumulative logistialgsis shows that the level of
real estate borrowing and market liquidity are related &litkelihood of a large number of
extreme events.

6 Conclusions

In light of recent developments in financial markets, ourgrajevelops and tests a positive
approach to extreme events. This approach suggests thatesdmeme events may vary
systematically over time, and might be explained and fatechon the basis of economic
theory. In addition to creating a taxonomy, we have threennsantributions. First, we
distinguish exogenous from endogenous extremes, the tdttehich can be understood
in the framework of externalities. This distinction is pantarly important when there is
the possibility of large spillovers, and has immediate goimplications: for truly exoge-
nous extremes, we must often focus on ex post protectiore\idriendogenous extremes,
we can use economic incentives. Therefore, in tackling sotgpissues (or anywhere that
individuals’ actions spill over to harm economic stabijitye have at our disposal a new
set of public finance tools in addition to the traditionaligmns of interest rates. Second,
we show the 'signature’ of different types of extremes, anggest a test for each type.
In relation to the signature of extremes, we provide somgglnsn their incidence and
size. According to equatiol(5), they are more responsimtoowing if expected costs
are lower and credit is easier. According to equatioh (2djeenes have a higher incidence
if correlated liquidity shocks dominate volatility, andrif is large. Third, we propose co-
ordination of global regulatory authorities in controfjiextreme events. In addition to
providing incentives for borrowers and lenders, this glaoardination will involve moni-
toring and sharing information on liquidity and extremegj\aties that have global public
good qualities. Finally, on the empirical side, we have cota@ extreme probabilities
for various reference periods, and shown that in a numbeaséxthey are neither rare
nor constant. In most cases extreme probabilities arefggnily different from zero, and
have strong autoregressive components—there is memoxyranees. An exploratory vec-

26



tor autoregression analysis suggests some weak evideatdestruments based on theory
may have effects on extreme probability that evolve overymaonths. More encourag-
ingly, a cumulative logistic analysis shows that real eskatrrowing, market liquidity and
the degree of securitization can help to explain the lilagih of being in a high-extreme
probability economy.

Our central concepts, embodied in equatidhs (5) (1dtharexternality argument,
and the notion that information-based incentives are @vanted by liquidity and credit
cycles before extreme events. These concepts yield quiteing unexpected implications
for economic behavior and regulatory policy in securitiekets. A major implication is
that if we can identify the signature of endogenous extrenmvesmay potentially counter
them using other tools in addition to traditional interegermanagement by central banks.
Thus, it is not necessary to try to remove extremes ex posttagnay do it themselves,
given the right ex ante incentives. Another implicationhattanything driving the credit
cycle will increase the likelihood of extremes, for exampiteovation or loose interest
rates. A final implication is that global coordination of wdgtory bodies extends the idea
of 'too big to fail’ to an international setting, where thestitution in question is the entire
global economy. In the future, such coordination may hekues effective domestic and
global diversification.

This paper may be seen as a first step on the road to incompeatireme events into
standard economic analysis. Even if the particular chapinehdogeneity differs from the
one we focus on (borrowing), the message remains: endogendreme events may be
prevented using tools from public finance. By viewing extesnas the outcome of opti-
mizing behavior, we can attempt to address the proximates;dor example, reducing the
demand for overborrowing by subsidizing certain house lpages. Our approach differs
from previous work because we give a method for detectingpeedicting excessive ex-
treme events. Another difference is that we suggest ex agtexapost methods for dealing
with extremes. Important extensions to this work includeatyic modelling, and identi-
fying the various channels of endogenous extremes enaeuhite practice. Refinements
of this approach are an exciting task for future research.
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Figure 1: UK banks’ price of borrowing.

The figure shows the price of interbank borrowing in the UKeBolid (red) line is the 3-month interbank
rate and the dotted (green) line is the base rate. SourcaSaam.
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Table 1. Two examples of endogenous probabilities
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market or transaction in many markets
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Figure 2: Frequency and Impact of Extreme Events in Natl#@442003.

Source: EM-DAT.
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Figure 3: Time Series of Extremes

The figure shows a sample of the time series for various l@fegtreme probabilities, from 1967 to 2007.
The relevant reference period is 12 months.
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Figure 4: The Distribution of 1-sigma Events.

The histogram shows the empirical probability of Dow-Joimekistrial Average levels that exceed one stan-
dard deviation from the relevant median. The median is ¢atled over different reference samples, ranging
from 12 months to 120 months.
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Figure 5: The Distribution of 2-sigma Events.

The histogram shows the empirical probability of Dow-Joimekistrial Average levels that exceed two stan-
dard deviations from the relevant median. The median isutztied over different reference samples, ranging
from 12 months to 120 months.
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Figure 6: The Distribution of 3-sigma Events.

The histogram shows the empirical probability of Dow-Jofretustrial Average levels that exceed three
standard deviations from the relevant median. The mediaal@ulated over different reference samples,
ranging from 12 months to 120 months.
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Figure 7: The Distribution of 4-sigma Events.

The histogram shows the empirical probability of Dow-Joimelistrial Average levels that exceed four stan-
dard deviations from the relevant median. The median isitatied over different reference samples, ranging
from 12 months to 120 months.
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Figure 8: The Distribution of 5-sigma events.

The histogram shows the empirical probability of Dow-Joimekustrial Average levels that exceed five stan-
dard deviations from the relevant median. The median isitatied over different reference samples, ranging
from 12 months to 120 months.
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Table 2: Basic Properties of Extreme Probabilifig&)

Panel A: 1-year reference period

Mean Standard  P-value for P-value for
Deviation  t-test sign rank test
(w=1): 0.6288 0.4202 < 0.0001 <0.0001
(w=2): 0.2647 0.3806 <0.0001 < 0.0001
(w=3): 0.0542 0.1768 < 0.0001 < 0.0001
(w=4): 0.0098 0.0739 <0.0001 < 0.0001
(w=15): 0.0033 0.0437 0.0056 0.0020
Panel B: 2-year reference period
Mean Standard  P-value for P-value for
Deviation  t-test sign rank test
(w=1): 0.6189 0.4439 <0.0001 < 0.0001
(w=12): 0.2489 0.3906 < 0.0001 < 0.0001
(w=3): 0.0517 0.1844 < 0.0001 < 0.0001
(w=4): 0.0044 0.0502 0.0014 < 0.0001



(w=>5): 0.0010 0.0291 0.2060 0.5000

Panel C: 5-year reference period

Mean Standard P-value for P-value for
Deviation  t-test sign rank test

017

(w=1): 0.5787 0.4680 < 0.0001 < 0.0001

(w=2): 0.2450 0.4083 < 0.0001 < 0.0001

(w=3): 0.0496 0.1899 < 0.0001 < 0.0001

(w=4): 0.0026 0.0445 0.0368 0.0313

(w=>5): 0.0007 0.0259 0.3175 1.000

Panel D: 10-year reference period

Mean Standard P-value for P-value for
Deviation  t-test sign rank test

(w=1): 0.6038 0.4711 < 0.0001 < 0.0001

(w=2): 0.2961 0.4413 < 0.0001 < 0.0001

(w=3): 0.0908 0.2722 < 0.0001 < 0.0001

(w=4): 0.0086 0.0732 < 0.0001 < 0.0001
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(w=5): 0.0000  0.0000

The table shows stylized facts for the time series of extrprobabilities
pi(w). As in the textw denotes the number of standard deviations
away from the relevant median. The t- and sign rank tests ixam
whether the mean differs significantly from zero.
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Panel A: 1-year reference period

Table 3: P-values for Test of Differencééthin Reference Periods

l-ovs2v 1l-0vs3v l-ocvsd4o 1l-ovsbo 2-0vs3v 2-0vVSido 2-0 VS 50 3-cvsd4o 3-0vs5v 4-0vs5u
t-test: <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 < 0.0001 < 0.0001 < 0.0001 < 0.0001
Signtest: < 0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 < 0.0001 <0.0001 < 0.0001 < 0.0001
SRtest: < 0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 < 0.0001 < 0.0001 <0.0001 < 0.0001
Panel B: 2-year reference period
t-test: <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 < 0.0001 < 0.0001 < 0.0001 0.0018
Signtest: < 0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 < 0.0001 < 0.0001 < 0.0001 < 0.0001
SRtest: < 0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 < 0.0001 < 0.0001 <0.0001 < 0.0001
Panel C: 5-year reference period
t-test: <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 < 0.0001 < 0.0001 < 0.0001 < 0.0001 0.0530
Signtest: < 0.0001 <0.0001 <0.0001 <0.0001 <0.0001 < 0.0001 < 0.0001 < 0.0001 < 0.0001 0.0313
SRtest: <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 < 0.0001 < 0.0001 < 0.0001 < 0.0001 0.0313
Panel D: 10-year reference period
t-test: <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 < 0.0001 < 0.0001 <0.0001 < 0.0001
Signtest: < 0.0001 <0.0001 <0.0001 <0.0001 <0.0001 < 0.0001 < 0.0001 < 0.0001 < 0.0001 < 0.0001
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SRtest: <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 <0.0001 < 0.0001

< 0.0001

< 0.0001

< 0.0001

The table shows the p-values from statistical tests foriogmt differences in the means of ou(w) series,
for various levels of extreme events. SR denotes the signtessh.
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Table 4: P-values for Test of DifferencAsrossReference Periods

Panel A: 1o Events

1-vs 2-Year 2-vs5-Year 5-vs10-Year 1-vs10-Year

t-test: 0.6024 0.0032 0.0408 0.1750
Sign test: 0.8438 0.0009 0.0049 0.4969
SR test: 0.6499 0.0028 0.0469 0.0710
Panel B: 2o Events

t-test: 0.1012 0.8694 <0.0001 0.0417
Sign test: 0.1198 0.1902 <0.0001 0.6960
SR test: 0.0998 0.9772 <0.0001 0.0146
Panel C: 3 Events

t-test: 0.9167 0.9404 <0.0001 <0.0001
Sign test: 0.3580 0.1679 <0.0001 0.9508
SR test: 0.8088 0.7975 <0.0001 <0.0001
Panel D: 40 Events

t-test: 0.0073 0.3936 0.0187 0.8629
Sign test: 0.0026 0.0490 0.0023 0.4885



174

SR test: 0.0004 0.2112 0.0114 0.7465
Panel E: 50 Events

t-test: 0.0203 0.2306 0.3175 0.0111
Sign test: 0.0156 0.5000 1.0000 0.0078
SR test: 0.0156 0.5000 1.0000 0.0078

The table shows the p-values from statistical tests forifsagmt
differences in the means of opr(w) series, for various
levels of extreme events. SR denotes the sign rank test.



o

Table 5: Time Series properties of Extreme Probabilities

Panel A: 1-year reference period

1o 2-0 3-0 4-0 5-0

Q-Test of white noise < 0.0001 < 0.0001 < 0.0001 <0.0001 0.4192
on original series:

Selected Model: AR(2) AR(2) AR(2) AR(2) AR(1)

Q-test of residuals 0.1729 0.0266 0.3694 0.9654  0.9982

from selected model:

Panel B: 2-year reference period

Q-Test of white noise < 0.0001 < 0.0001 < 0.0001 <0.0001 1.0000
on original series:

Selected Model: AR(2) AR(2) AR(2) AR(4) NA

Q-test of residuals 0.0952 0.0949 0.8880 0.2330 NA
from selected model:

Panel C: 5-year reference period

Q-Test of white noise < 0.0001 < 0.0001 < 0.0001 <0.0001 1.0000
on original series:

Selected Model: AR(1) AR(4) AR(4) AR(3) NA

Q-test of residuals 0.4002 0.0575 0.0166 0.1698 NA
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from selected model:

Panel D: 10-year reference period

Q-Test of white noise < 0.0001 < 0.0001 < 0.0001 <0.0001 NA
on original series:

Selected Model: AR(2) AR(1) AR(3) AR(5) NA

Q-test of residuals 0.0327 0.0349 0.2157 0.5157
from selected model:

The table shows the results of time series estimation of the
pi(w) series, for different reference periods. NA denotes
'not applicable’, where estimation did not converge.
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Table 6: Impulse Responses for Extremes: Effect of InveSemtiment
and Real Estate Borrowing

Panel A: 1-year reference period

1l-0 2-0 3-0 4-0
Selected Model: VAR(2) VAR(2) VAR(2) VAR(1)
k-period impulse
response, DSENT1
k=1 -0.05897  0.02139 0.06479 0.07833
(0.04603) (0.04586) (0.04618) (0.04625)
k=6 -0.00196  -0.00381 -0.00328 0.00001
(0.00278) (0.00331) (0.00245) (0.00015)
k=12 -0.00001  -0.00003 -0.00003 0.00001
(0.00006) (0.00012) (0.00026) (0.00016)
k-period impulse
response, REALLOAN:
k=1 0.00008  0.00012 0.00014 0.00017
(0.00011) (0.00011) (0.00011) (0.00011)
k=6 0.00002  0.00008 0.00035 0.00020
(0.00017) (0.00018) (0.00017) (0.00012)
k=12 0.00002  0.00008 0.00037 0.00020
(0.00018) (0.00019) (0.00018) (0.00013)
Panel B: 2-year reference period
Selected Model: VAR(2) VAR(2) VAR(1) VAR(2)
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k-period impulse
response, DSENT1

k=1 -0.00718 0.07087 0.03068 0.02286
(0.04629) (0.04624) (0.03643) (0.04619)
k=6 -0.00969 -0.00305 0.00248 0.00014
(0.00783) (0.00669) (0.00297) (0.00080)
k=12 -0.00175 -0.00037 0.00014 -0.00001
(0.00159) (0.00086) (0.00020) (0.00027)
k-period impulse
response, REALLOAN:
k=1 0.00017  0.00013 0.00003 0.00032
(0.00011) (0.00011) (0.00010) (0.00011)
k=6 0.00011  0.00009 0.00009 0.00038
(0.00019) (0.00019) (0.00018) (0.00013)
k=12 0.00010  0.00008 0.00010 0.00040
(0.00023) (0.00022) (0.00019) (0.00014)
Panel C: 5-year reference period
Selected Model: VAR(1) VAR(2) VAR(1) VAR(2)
k-period impulse
response, DSENT1
k=1 -0.02476  0.00608 0.00997 0.07863
(0.02344) (0.04595) (0.02964) (0.04503)
k=6 -0.01091 -0.00619 0.00248 0.00241
(0.00995) (0.01102) (0.00734) (0.00228)
k=12 -0.00468 -0.00294 0.00053 0.00003
(0.00425) (0.00524) (0.00159) (0.00006)
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k-period impulse
response, REALLOAN

k=1 -0.00006  0.00007 0.00002 0.00002
(0.00009) (0.00011) (0.00009) (0.00011)
k=6 -0.00025 -0.00011 0.00007 -0.00005
(0.00019) (0.00018) (0.00020) (0.00014)
k=12 -0.00036  -0.00024 0.00009 -0.00005
(0.00026) (0.00026) (0.00024) (0.00014)
Panel D: 10-year reference period
Selected Model: VAR(1) VAR(1) VAR(2) VAR(2)
k-period impulse
response, DSENT1
k=1 -0.03066  0.00413 -0.00825 0.00757
(0.02124) (0.01622) (0.04619) (0.04618)
k=6 -0.01547  0.00282 0.00090 -0.00376
(0.01019) (0.01044) (0.01067) (0.00486)
k=12 -0.00774  0.00200 0.00037 -0.00035
(0.00513) (0.00710) (0.00446) (0.00056)
k-period impulse
response, REALLOAN:
k=1 -0.00007  0.00002 0.00002 0.00018
(0.00009) (0.00008) (0.00011) (0.00011)
k=6 -0.00034  0.00012 0.00013 0.00036
(0.00018) (0.00016) (0.00018) (0.00018)
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k=12 -0.00052  0.00021 0.00019 0.00041
(0.00026)  (0.00026) (0.00026) (0.00021)

The table shows the results of vector autoregression estinfar our

p+(w) series, from January 1967 to December 2005. DSENT1 is tlestowr
sentiment measure of Baker and Wurgler (2002). REALLOAMé&sratio of
real estate loans to loans in the US. Standard errors areenth@ses.
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Table 7: Impulse Responses for Extremes: Effect of Liquiditd Secu-

ritization

Panel A: 1-year reference period

l-o 2-0 3-0
Selected Model: VAR(4) VAR(4) VAR(4)
k-period impulse
response, LIQ
k=1 -0.00070  0.00384 -0.00057
(0.00374) (0.00367) (0.00359)
k=6 0.00013  -0.00088 0.00088
(0.00204) (0.00179) (0.00206)
k=12 0.00002 0.00008 -0.00006
(0.00020) (0.00034) (0.00037)
k-period impulse
response, PCTSEC
k=1 0.00021  -0.00015 0.00051
(0.00149) (0.00145) (0.00143)
k=6 0.00016 0.00152 0.00130
(0.00074) (0.00069) (0.00077)
k=12 0.00003 0.00013 0.00002
(0.00016) (0.00022) (0.00024)
Panel B: 2-year reference period
Selected Model: VAR(3) VAR(3) NA
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k-period impulse
response, LIQ

k=1 0.00460 0.00433
(0.00365) (0.00366)
k=6 0.00040  -0.00077
(0.00164) (0.00164)
k=12 0.00007  -0.00007
(0.00041) (0.00029)
k-period impulse
response, PCTSEC
k=1 -0.00028 -0.00175
(0.00148) (0.00143)
k=6 0.00035 0.00149
(0.00067) (0.00069)
k=12 0.00009 0.00018
(0.00018) (0.00024)
Panel C: 5-year reference period
Selected Model: VAR(4) VAR(3) NA
k-period impulse
response, LIQ
k=1 0.00203 0.00701
(0.00361) (0.00368)
k=6 -0.00031  0.00010
(0.00185) (0.00161)
k=12 0.00100  -0.00001
(0.00130) (0.00098)
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k-period impulse
response, PCTSEC

k=1 0.00069  -0.00012
(0.00148) (0.00150)
k=6 0.00117 0.00043
(0.00090) (0.00065)
k=12 0.00130 0.00030
(0.00077) (0.00041)
Panel D: 10-year reference period
Selected Model: NA VAR(3) VAR(5)
k-period impulse
response, LIQ
k=1 0.00104 -0.00040
(0.00364) (0.00360)
k=6 -0.00128 -0.00089
(0.00113) (0.00232)
k=12 -0.00106 -0.00157
(0.00096) (0.00130)
k-period impulse
response, PCTSEC
k=1 0.00249 0.00190
(0.00144) (0.00143)
k=6 0.00128 -0.00045
(0.00043) (0.00091)
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k=12 0.00102 -0.00017
(0.00038) (0.00050)

The table shows the results of vector autoregression esinfar our
p+(w) series, from January 1989 to December 2006. LIQ is the liuid
measure of Pastor and Stambaugh (2003). PCTSEC is the tmgeen
change in the value of securitized loans in the US. NA derstesdel
where estimation did not converge. Standard errors arerenfizeses.
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Panel A: 1o events

Table 8: Cumulative Logistic Estimation, 1-year RefereReeiod

Interceptl Intercept2 REALLOAN DSENT SECPCT LIQO LIQ1 REAL LOAN*LIQO REALLOAN*LIQ1
Coefficient 4.9653 4.2013 -19.8445 -0.00715  3.1311 -5.4992 -1.8287 5534, 10.7404
(0.0019) (0.0081) (0.0078) (0.9571) (0.6111) (0.0222) 3167) (0.0247) (0.2596)
Tests of Overall Fit (p-values): LR Test 0.0261
Score Test 0.0226
Wald Test 0.0581
Panel B: 2 events
Coefficient 8.4200 7.7323 -44.2233 -0.00792  -2.3560 -8.2313 -3.9923 .6389 19.9052
(0.0135) (0.0231) (0.0102) (0.9579) (0.7022) (0.0390) 3126) (0.0425) (0.3161)
Tests of Overall Fit (p-values): LR Test 0.0020
Score Test 0.0146
Wald Test 0.0461
Panel C: 3v events
Coefficient 14.8763 13.6937 -88.1325 0.0356  -12.6812 -21.3841 -12.967 99.3204 67.8346
(0.1581) (0.1938) (0.1097) (0.9212) (0.3366) (0.0889) 2400) (0.1084) (0.2399)
Tests of Overall Fit (p-values): LR 0.1713
Score 0.3985
Wald 0.4655

The table shows the results of logistic regression estonafrom January 1989 to December 2005. The dependent i@ariab

is p:(w), which is ranked as Low (less than 0.33), Medium (betweef 8r®i 0.67), and High (above 0.67). DSENT

is the investor sentiment measure of Baker and Wurgler (2Q0Q is the liquidity measure of Pastor and Stambaugh (2002

SECPCT is the percentage change in securitized loans, RBADLs the ratio of real estate loans to other loans.
P-values based on chi-square tests are in parentheses.
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Table 9: Cumulative Logistic Estimation, 2-year RefereReeiod

Panel A: 1o events; Dependent variable is pt, lo med, hi

Interceptl Intercept2 REALLOAN DSENT SECPCT  LIQO LIQ1 REAL LOAN*LIQO REALLOAN*LIQ1
Coefficient 8.0943 7.6624 -32.8161 0.0229 0.2950 -2.7495 -1.8432 7391 11.2734

(<.0001) .0001) (0.0003) (0.8768) (0.9685) (0.3271) (0.4599) (6334 (0.3182)
Tests of Overall Fit (p-values): LR Test <.0001

Score Test <.0001
Wald Test <.0001

Panel B: 2o events

Coefficient 1.9688 1.6283 -15.3030 -0.0169 7.4385 1.5592 -0.1817 72.08 1.3811
(0.3934) (0.4802) (0.1751) (0.9135) (0.2383) (0.6483) 95%@5) (0.7540) (0.9245)
Tests of Overall Fit (p-values): LR Test 0.0851
Score Test 0.1339
Wald Test 0.1613
Panel C: 3v events
Coefficient -1.4408 -2.3552 -6.4250 0.1366 2.2496 -0.6735 0.3425 4.200 -2.9245
(0.6920) (0.5189) (0.7127) (0.6338) (0.8520) (0.8974) 9489) (0.8624) (0.9094)
Tests of Overall Fit (p-values): LR 0.9911
Score 0.9930
Wald 0.9943

The table shows the results of logistic regression estonafrom January 1989 to December 2005. The dependent i@ariab
is p:(w), which is ranked as Low (less than 0.33), Medium (betweef 8r®i 0.67), and High (above 0.67). DSENT

is the investor sentiment measure of Baker and Wurgler (2Q0Q is the liquidity measure of Pastor and Stambaugh (2002
SECPCT is the percentage change in securitized loans, RBADLs the ratio of real estate loans to other loans.

P-values based on chi-square tests are in parentheses.
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Table 10: Cumulative Logistic Estimation, 5-year RefereReriod

Panel A: 1o events; Dependent variable is pt, lo med, hi

Interceptl Intercept2 REALLOAN DSENT SECPCT  LIQO LIQ1 REAL LOAN*LIQO REALLOAN*LIQ1
Coefficient 16.9786 16.5095 -70.4190 0.1522  -10.5182 -1.8429 2.0033 .07%8 -6.1854
(<.0001) .0001) «.0001) 0.4344  (0.3580) (0.7002) (0.6823) (0.6377) (0.3765
Tests of Overall Fit (p-values): LR Test <.0001
Score Test <.0001
Wald Test <.0001
Panel B: 2v events
Coefficient 2.9659 2.7202 -18.6782 -0.0187  -0.8247 2.2365 1.8791 524.9 -7.0953
(0.1951) (0.2345) (0.0962) (0.9068) (0.8959) (0.5649) 5405) (0.5557) (0.6379)
Tests of Overall Fit (p-values): LR Test 0.0032
Score Test 0.0099
Wald Test 0.0326
Panel C: 3v events
Coefficient 0.4406 0.00661 -16.0284 0.1180 -6.6053 8.8289 2.9406 283.4 -12.1881
(0.9290) (0.9989) (0.5133) (0.7092) (0.5846) (0.3623) 67102) (0.3911) (0.7251)
Tests of Overall Fit (p-values): LR 0.4572
Score 0.6365
Wald 0.7028

The table shows the results of logistic regression estonafrom January 1989 to December 2005. The dependent i@ariab
is p:(w), which is ranked as Low (less than 0.33), Medium (betweef 8r®i 0.67), and High (above 0.67). DSENT
is the investor sentiment measure of Baker and Wurgler (2Q0Q is the liquidity measure of Pastor and Stambaugh (2002
SECPCT is the percentage change in securitized loans, RBADLs the ratio of real estate loans to other loans.
P-values based on chi-square tests are in parentheses.
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Table 11: Cumulative Logistic Estimation, 10-year RefeeeReriod

Panel A: 1o events; Dependent variable is pt, lo med, hi

Interceptl Intercept2 REALLOAN DSENT SECPCT  LIQO LIQ1 REAL LOAN*LIQO REALLOAN*LIQ1
Coefficient 88.9107 NA -349.3 -0.2846  -86.9502 189.6 79.0265 -834.0 2.85
(0.4142) NA (0.4126) (0.9322) (0.8750) (0.5211) (0.6861) 0.5032) (0.6674)
Tests of Overall Fit (p-values): LR Test <.0001
Score Test <.0001
Wald Test 0.8770
Panel B: 2o events
Coefficient 4.0076 3.9309 -21.7267 0.0876 17.3339 6.0011 3.4082 -25.76 -17.0596
(0.0612) (0.0662) (0.0367) (0.5570) (0.0204) (0.1275) 35%86) (0.1638) (0.3492)
Tests of Overall Fit (p-values): LR Test <.0001
Score Test <.0001
Wald Test <.0001
Panel C: 3v events
Coefficient 0.0380 -0.2100 -9.2003 0.0761 0.0676 7.7500 3.1538 -30.153 -15.2701
(0.9885) (0.9367) (0.4716) (0.7288) (0.9933) (0.1886) 4639) (0.1975) (0.4732)
Tests of Overall Fit (p-values): LR 0.2074
Score 0.4223
Wald 0.5305

The table shows the results of logistic regression estonafrom January 1989 to December 2005. The dependent i@ariab
is p:(w), which is ranked as Low (less than 0.33), Medium (betweef 8r®i 0.67), and High (above 0.67). DSENT
is the investor sentiment measure of Baker and Wurgler (2Q0Q is the liquidity measure of Pastor and Stambaugh (2002
SECPCT is the percentage change in securitized loans, RBADLs the ratio of real estate loans to other loans.
P-values based on chi-square tests are in parentheses.
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