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Contagion.

Morgan Kelly.

December 1, 2006

The power of the metaphor of contagion—that beliefs, asticand strate-
gies spread among economic agents like pathogens amoogibgll organisms—
causes it to recur in disparate areas of economics. Thideafticusses on four
applications of contagion to economics: social influencenemoryless learning;
Bayesian social learning; strategy choice in coordinagiames; and the spread of
crises in international financial markets.

Social Influence.

The metaphor of contagion is central to the early studiesaf@ psychology of
Mackay (1841), Tarde (1900) and LeBon (1895); and classiedly models of
disease diffusion were applied to financial markets by 8h{[L984).

The modern analysis of social influence starts with Allpod &ostman (1946-
47) who studied the spread of wartime rumor. They identifmg Tircumstances
that facilitate the spread of rumor: two are charactesstitthe rumor, two of the
population: The topic of the rumor should be important topde@nd the rumor
should be hard to verify individually; while individuals ahid be credulous, and
going through a time of unusual stress.

Motivations for neglecting formal Bayesian learning diffectween economics
and sociology. Sociology emphasises situations that ddemot themselves to
Bayesian updating either through lack of time (is a bank aboudail?), or the
nature of the question (what is the one true religion?). Bauns, by contrast, em-
phasises computational simplicity: rules of thumb makeefieeognitive demands
on agents than formal updating algorithms.



Kirman (1993) analyzes a simple model of influence, motivdg the forag-
ing behavior of ants, but applicable, he argues, to the beha¥ stock market
investors. Faced with a choice between two identical pifdead, ants switch pe-
riodically from one pile to the other. Kirman supposes thaté areN ants and that
each switches randomly between piles with probabdifyhis prevents the system
getting stuck with all at one pile or the other), and imiteagandomly chosen other
ant with probabilityd.

By the ergodic theorem of Markov chains, there is a uniquadstestate dis-
tribution of ants between piles, and Kirman shows by simuotathat the shape of
the distribution depends on the relative magnitudes of mhigation parameted
and the mutation parameter With weak imitation and strong mutation there is a
single peak at}, with equal numbers of ants at each pile. With stronger itioita
and weaker mutation, the steady state distribution has tatigpat O andl: most
ants concentrate on a single pile and switch periodicallh¢oother; the behavior
observed among real ants and possibly stock market patitip In contrast to
Bayesian learning models, the absence of martingale cperee allows society
continually to flip between beliefs.

The independent work of Weidlich and Haag (1983) in quainté#asociology
presents an analogous model in continuous time. Agentstsaiates with a logis-
tic probability that again depends on the relative socigdytarity of each choice,
but Weidlich and Haag also allow agents to have a person&rprece for one of
the choices. Again, for sufficiently strong imitative betwmthere is a steady state
distribution with two peaks, but now the relative magnituféhe peaks depends
on how much agents prefer each choice. Society spends mustti the choice
preferred by each agent, but will spend time at the choickigHass popular with
everyone, as a consequence of social influence.

Ellison and Fudenberg (1993) look at the role of popularigighting in choos-
ing between a superior and an inferior technology. Theyesthat popularity can
be a useful summary of the relative past performances ofwbadchnologies—
the better technology should be more popular—but that theuatof information
conveyed by popularity is diluted the more people rely ormtiey therefore look
at the likelihood that the better technology is adoptedwvétg a fixed fraction of
the population to change its choice each period, when tlagivelweights put on



the popularity of the technology versus its performancé pasiod are allowed to
vary.

Ellison and Fudenberg (1993) show that there is an optimaiilaoity weight-
ing that causes the system to converge to everyone’s usirogtier technology. If
popularity weighting exceeds this optimum, the system eayes to a steady state
where everyone uses one technology, but which technologgriks on the start-
ing number of users of each. With under-weighing of poptiathe inefficient
alternative can survive indefinitely.

The competitive exclusion principle, proved in the conwbardinary differen-
tial equations by Levin (1970), states that the number aéxisting species cannot
exceed the number of resources they compete for. Here, #rerevo compet-
ing species or technologies competing for one resourcaghesed by people, so
if the technological choice problem is recast as one of lickl competition we
know that only one technology will survive. This is done byadg (2001), who
uses an evolutionary selection argument to show how aroBHisudenberg society
can reach the optimum when different groups of agents hdfieiently different
popularity weightings. In periods when the inferior teclugy is excessively pop-
ular, agents putting low weight on popularity receive highayoffs and increase
in number, while agents who put high weight on popularity @ttdr in periods
when the superior technology is popular.

In the popularity weighting models of Kirman (1993), Wedtli and Haag
(1983), and Ellison and Fudenberg (1993), every personualbginfluenced by
every other member of society. In many situations howeveraie influenced more
by individuals that we know and have learned to trust thantiangers. To model
the greater social influence of neighbors, the individugbus into some mathe-
matical space, being more likely to interact with indivithialose to him than far
away. Durlauf (1997) looks at the behavior of agents in amglshodel (originally
developed to model the flipping of magnetic poles of atoms anyatal) where
agents live on a lattice and change between two actions deavt@ich depends
logistically on the state of their nearest neighbors.

If the influence of neighbors lies above a critical value, #igstem has two
steady state distributions (there are an infinite numbergehts so the ergodic
theorem of Markov chains does not apply) with all agentsegith one state or the



other. If agents have a preference for one state over the (@kieephysical analogue
is an external magnetic field) however, the system has orgdysteady state with
all choosing the preferred action.

In Durlauf's model, agents in each state influence each atyn@metrically,
affecting only their nearest neighbors. Durrett and Lelia98) analyze a system
where agents of different types can affect others overwdiffedistances. While bi-
ologically motivated—Durrett and Levin (1998) are intdeskin how slow grow-
ing trees can out-compete rapidly growing grasses—thidysisasuggests how
propaganda and advertising can be used to cause bad ideagstowt good.

Suppose that type 0 dominates type 1: an agent of type O deradype 1
neighbor at rate 1, whereas a type 1 agent converts a typeyGabrated < 1. If
both types have the same radius of influence then, so longeadothinant type 0
avoids getting wiped out by an unlucky run at the start, it takke over. However,
Durrett and Levin (1998) show that if the dominant type afeanly neighbors in
a radius of 1, whereas the dominated type affects neighb@nseaolarge radiug,
there is a critical value of the conversion réte< 1, above which the dominated
type 1 takes over.

It is straightforward to demonstrate the existence of ddnifuence empiri-
cally when individuals observe the overall popularity irtigby rather than among
neighbors. The influence of best-seller lists on book buyigufficiently well
known for publishers to seek to manipulate them by buying<sado stores known
to be tracked by the lists, and a variety of examples of inigadbehavior are given
by Bikchandani, Hirshleifer and Welch (1992) and Chamle§0&, pp59-60).

Testing for the influence of neighbors is more difficult besmaneighborhood
choice is frequently endogenous: you must make sure thaidhavior your are
attributing to the influence of neighbors is not due to sontividual factor that
led the person to choose this neighborhood over others ifirfiglace.

The classic Ryan and Gross (1943) study, which found thatrthim factor
influencing farmers to adopt hybrid corn was the number oftmeéarmers who
had adopted it, passes the exogeneity test: it is unlikely fdrmers chose farms
to be near other innovative farmers. Sacerdote (2001) isesahdom allocation
of roommates to incoming Dartmouth University studentshtmvshow roommates
influence each other's behavior, finding that roommates leaveffect on indi-



vidual academic performance, while dormitory effects iefice decisions to join
fraternities. Kelly and O Grada (2000) look at the behavibirish immigrants,

mostly housemaids and day laborers, in 1850s New York duxrggbank runs.
As immigrants it is possible to identify their social netlkdrom their place of ori-

gin in their home country: newly arrived immigrants tend ss@ciate with people
they knew at home. Kelly and O Grada (2000) found that immmtgdrom one

set of counties in Ireland tended to close their accountgduhe panics, while
otherwise identical immigrants from other counties staged

Bayesian Learning.

Bayesian models of social learning allow individuals toemthe information of
other agents from their observed actions in an optimal maratleer than through
ad hoc imitation. Bayesian social learning can exhibit plathies. After the first
few agents have chosen, subsequent actions convey littlénfiermation and are
dominated by idiosyncratic noise. Society converges sldwlitheoptimal action
and, in some circumstances, may become stuck on the subhadtction. A useful
textbook discussion of the literature is given by Chamle30@.

In Bikchandani, Hirshleifer and Welch (1992) and Banerj£@9Q), the world
can be in either statey or ;. Each agent receives a sigrsglor s; with sym-
metric precisions(sp|0g) = P(s1|01) = p and must choose whether to invest or
not. Agents choose in a fixed order and, before receiving tiate signal, the
agent investing in periotiobserves the history of past investments and uses this to
determine their prior probabilityy; that the state is 1.

Bikchandani, Hirshleifer and Welch (1992) start with theeahere the cost of
investment i%, the payoff in state 1 is 1, and 0 otherwise. Their expectgodipis
pru:/(pmas + (1— p)(1— 1w )). After a number of moves there will be a sufficient
difference between the number who have invested and thosehasre not for the
agent's action to be determined solely by his prior beliegspective of his signal.
Specifically, if the first agent gets a good signal, the sedavebts if he gets a good
signal, and all subsequent agents will then invest irraspeof their signals. If the
second gets a bad signal he is indifferent about investinigsassumed to invest,
so the third investor again invests regardless of signal,senon. Once there are



two more investors than non-investors, the excess of pestgnals outweighs any
negative signal an agent might have. Everyone investsaksgarof signal, leading
to a cascade.

An unlucky series of wrong signals at the start of the gameleaah society to
fix on the wrong equilibrium. Bikchandani, Hirshleifer andelth (1992) observe
that this wrong equilibrium is fragile, being based on theaWations of a handful
of early agents, and vulnerable to being overturned by publormation available
to all agents.

A frequent criticism of cascade models is their reliance oitdisignals: all
signals are equal and there is no way for a huge negativelsigraunter-act a
series of positive ones. However the important lesson ofctiscade literature
is not that society can get stuck at the wrong equilibrium-ielvhdoes require
signals that are finite—but that Bayesian social learnirtty midividual signals are
observed imperfectly is very slow to converge to the trudldmium. Vives (1993)
shows how adding noise to a Gaussian model slows down iteagence from rate
t to ratet/3: 1000 noisy observations are equivalent to 10 clean ones.

The basic intuition of cascades models that imperfectlyenlesl individual
information is poorly incorporated into social beliefs getbasis of several other
models. Bulow and Klemperer (1994) model rational freniieauctions where
participants reveal their valuations by bidding. Biddeiithvhigh valuations are
willing to pay just under the Walrasian clearing price andjnlg usually infra-
marginal, all face similar optimization problems. A bid byebagent therefore sets
off a chain of bidding by other agents, leading to a patterhadfms and crashes.
Caplin and Leahy (1994) look at investment where individdave Gaussian sig-
nals. If the true state is bad, individuals continue to itvdsven by the domi-
nating effect of past actions. Eventually, however, beeaignals are Gaussian,
a few agents get sufficiently bad signals to induce them fo isteesting, causing
priors rapidly to move to a belief that the state is bad, legdd a market crash and
“wisdom after the fact”.

While the essence of the cascade literature is that agamisniit a noisy signal
of their information, Avery and Zemsky (1998) observe tlés fs not the case for
markets obeying the efficient markets hypothesis whereepaéiects all publicly
available information. In such markets, assuming risk raw@gents, the price of



an asset worth 1 in the good state and 0 in the bad is the Bay@sa ¢, causing
agents always to trade according to their private signakyT$how that cascades
can still occur if extra dimensions of uncertainty are addgpkecifically if there
is event uncertainty—agents know that something impoitasthappened by not
whether it is good or bad—or compositional uncertainty—dageare uncertain how
many informed traders are active in the market.

Underlying Bayesian models of cascades is the obvious rgassumption
that people are Bayesians. Probability is difficult for mpsbple, and conditional
probability especially so. Even with trivial problems o&tform “a family has two
children, one of whom is a daughter: what is the probabilitgt tthe other child
is a son?” most will incorrectly answelr rather than:% . Similarly, when asked
“one percent of the population has a disease. A test deteetdisease in 95%
of patients when it is present, and generates 10% falseiy@ssivhen it is absent.
What is the probability that someone who tests positive hasdisease?”, most
will give answers slightly below 95% rather than the corre€t5%.

In other words, people appear to ignore base rates, assuhanghe proba-
bility of a state given a signal equals the probability of gignal given the state
P(oi|s) = P(s|oi) even when the probability of the state is considerably Iavan
the probability of the signal. Agents show overconfidenoeusing excessively on
their own signal, rather than the history of signals of othgents contained in the
prior.

If people neglect priors like this, cascades cannot occlenmirivate signals
are uncorrelated. However, if the signal is common, cascada still occur. For
instance if agents view market price as the signal, a rursofgiprices induced by
improving fundamentals (such as the good macroeconomiditbans and loose
credit that Kindleberger (1978) saw as the preconditiomssf@culative bubbles)
are treated by agents as a positive signal inducing themytadbiving up price and
inducing others to buy and so on.

Strategies in Coordination Games.

Kandori, Mailath and Rob (1993) considered the stratedigdayers in a coordi-
nation game with payoffs



[ L[R]
L | a,al b,c
R|cb|dd

wherea > ¢,d > band(a—c) > (d—b) so(L,L) and(R, R) are Nash equilibria
and (L,L) is the risk dominant one. With myopic, best-response plagy show
that a small probability of mutation suffices for the risk doamt equilibrium to be
chosen.

Ellison (1993) observed that this convergence is slow, irggumany simul-
taneous mutations, and showed instead that if there is iothction of players
along aline, th%-dominant strategy (the best response if half your neighbdopt
it) spreads rapidly, but not in two dimensions. Blume (198%ws that non-trivial
mixed long run equilibria exist in two dimensional intetiactbut not in one, while
Morris (2000) examines the characteristics of arbitrarjwoeks that permit the
risk dominant strategy to spread. Lee and Valentinyi (2080 at a game without
mutation but where initial strategy choice is random andaskitat myopic best
response to strategies played by immediate neighbors olattiee causes large
populations to coordinate on the risk dominant equilibrium

International Market Contagion.

Large falls in asset values in one country are sometimesvieldl rapidly by falls in
other countries. To the extent that these falls are too godag explained by inter-
dependence in trade or exposure to common macroeconon@dathe process
is called contagion.

Two main sources of contagion have been proposed: finaneigilify and
common financial linkages; and pathologies in the diffugdmformation. The
empirical study of Kaminsky, Reinhart and Vegh (2003) agghat three sources of
fragility underlie international contagion: rapid inflow$ capital; macroeconomic
shocks that occur too rapidly for gradual portfolio re-alimg; and a leveraged
common creditor. Allen and Gale (2000) show that if banksiffeent regions
have claims on each other, a fall in asset values in one ragiarbring banks in
other regions under pressure and lead to falls in assetyatuose regions. In



Kyle and Xiong (2001) losses suffered by traders who arpiraetween markets
dominated by fundamentalists and markets dominated by ti@ders cause them
to reduce their positions in both markets, causing retusrisetome more volatile
and more correlated.

Models of contagion as information transmission abstragyafrom agents
who revise excessively optimistic forecasts of returnsllimarkets after a fall in
one market, and concentrate on rational actors insteago@ald Mendoza (2000)
show that if there are fixed costs to gathering and procesefogmation specific
to one country and limits to short selling in each countrg benefits of acquir-
ing information about each country in one’s portfolio fadl the portfolio expands.
Agents put more weight on the behavior of other investorskingaportfolio al-
location more sensitive to realized returns in each markeKodres and Pritsker
(2002), portfolio re-balancing by informed investors cam aff panics among the
uninformed who misinterpret it as negative information ettthe market.

The empirical literature on testing for contagion has faeclisn increases in
the correlation of returns between markets during periddsrisis. Forbes and
Rigobon (2002) show the elementary weakness of simple latioe tests: with
an unchanged regression coefficient, a rise in the variahttee@xplanatory vari-
able reduces the coefficient standard error causing a riskeirtorrelation of a
regression.

The regression underlying contagion tests is of the form

Yit = &z + aixit + Bil (Yj — ¢j) + &t

wherey; is asset return in country z are common macroeconomic factoxsare
country specific factors, aridis an indicator of a period of crisis in the originating
economyj. As Pesaran and Pick (2007) observe, this is a difficult systees-
timate econometrically. To disentangle contagion froneriattion effects, county
specific variables have to be used to instrument foreignmstuChoosing the crisis
period introduces sample selection bias, and it has to herestthat crisis periods
are sufficiently long to allow correlations to be reliablyiegted. In consequence,
there appears to be no strong consensus in the empiricatlite as to whether
contagion occurs between markets or how strong it is.
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