Second International Symposium on Engineering Systems
MIT, Cambridge, Massachusetts, June 15-17, 2009

On Modeling and Mitigating Financial Bubbles

H. E. Cook'
University of Illinois at Urbana-Champaign, Urbana, IL 61820, USA

Abstract

Financial “bubbles,”” show a period of strong asset price appreciation followed by a collapse.
As witnessed currently, the collapse of a bubble can lead to a loss of jobs and a severe economic
contraction. The two question addressed here are: “Can bubbles be modeled sufficiently well so
that meaningful forecasts of their impending development can be made well in advance of their
collapse and if so, what is the most appropriate action to mitigate their development and
ultimately to prevent them from forming?” These questions are explored using a simple model
for the demand and pricing of assets, which is tested by seeing how well it can simulate several
prior and current bubbles including the ongoing bubble in the U.S. housing market.
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1. Introduction

Although the financial gains and losses made by investors over the life of a bubble tend to cancel
out when summed over all investors, significant societal suffering, nevertheless, occurs from the
general economic malaise and job loss that follows. The explanation of why the net impact is
not zero but very negative comes from Prospect Theory [1], which has shown that the loss in
utility for a monetary loss can be two to three times the amount for an equivalent monetary gain.
Two central questions are considered here. Question 1 is: “Can bubbles be modeled sufficiently
well so that meaningful forecasts of their development can be made well before the bubble is to
collapse?” Question 2 is: “If so, what is the most appropriate action, to mitigate and ultimately
to prevent their formation?”

The Federal Reserve Bank (Fed) [2] has spoken to the need to better understand the elements,
both financial and human, that drive bubbles. The concern is broad. Premier Wen Jiabao of
China is on record of expressing the view that asset bubbles need to be prevented [3]. Shiller [4]
has proposed a visionary recommendation for “democratizing finance” as a means to mitigate
bubbles. Bernanke and Gertler [5] noted that a key uncertainty in structuring the right action to
weaken a bubble is whether the aggressive price increases are a result of widespread speculation
or the honest appreciation in the asset’s value. The approach taken here to understanding
bubbles is to model their behavior using a simple, highly-transparent model that, nevertheless,
contains the major elements that are believed to lead to the formation and collapse of bubbles.
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2. Models for Financial Bubbles
Models used for financial bubbles can be placed roughly into one of three types:

value-based phenomenological (VBP),
agent-based algorithmic, and
log-periodic critical.

None of the models support the classical concept of a highly efficient market in which the price
of an asset always reflects its current intrinsic value. The VBP model has two contributions to
the net perceived value of an asset, its intrinsic value, which may or may not vary appreciably
over time, plus a “chartists” value computed from price trends prior to the current time. This
approach has been used by Beja and Goldman [6], Chiarella [7], Levy et. al.[8], Farmer and
Joshi [9], Malecky’and Sergyeyev [10], and Levy et. al. [11]. Malecky’ and Sergyeyev [10]

studied the price behavior of two individual stocks over 30 to 60 days. Price trends used in the
computing the chartist contributions were taken at 10 to 20 days prior to the date of a specific
price being modeled. Reasonable agreement was found with actual price behavior but bubbles
were not studied. Farmer and Joshi [9] simulated the logarithm of the prices of S&P composite
index over a very large range of time starting from before year 1900 and going somewhat past
1980. They found qualitative agreement between the simulated and actual prices. They used a
rough, time-dependent computation of intrinsic value based upon dividends. The agent-based
algorithmic approach was pioneered by the Santa Fe Institute using genetic algorithms [12, 13].
Hong, et. al. [14] modeled bubbles using one set of agents as advisors to another set who
represented investors. There is considerable interest in the physics community in modeling the
price dynamics of bubbles using log-periodic oscillations exhibiting critical-like behavior. Major
contributions to this line of research include the papers by Feigenbaum and Freund [15] and
Sornette et. al.[16]. Sornette [17] has given an excellent account of this approach but some
details remain unsettled at this juncture [18, 19, 20].

3. The Approach Here

The approach here to answering the two questions raised earlier is in three steps :

Step 1: Model (simulate) real bubbles.
Step 2.: Use the insight gained to identify their root cause.
Step 3.: Seek informed answers to the two questions raised.

Human behavior and judgment are largely if not fully responsible for the behavior of real
markets. For example Gennotte and Leland [21] reasoned that few investors “gathered
information on future economic prospects or asset supply.” This represents an example of what
Simon [22] termed satisficing whereby we tend to use simple heuristics instead of working
through the proper but more complicated and time-consuming analysis. The tendency is to sense,
often improperly, if the price is going up, then intrinsic value is going up at the same rate.



Consequently, a highly transparent VBP demand and pricing formalism [23, 24] is used here to
model the bubbles because it is able to quantify the key elements of human behavior that
influence bubbles. The model, which has the ability to simulate with ease the quasi-lambda form
exhibited by most bubbles, assumes that both buyers and sellers add speculative value to the
asset’s intrinsic value in proportion to the rate of change of price with time measured at a time
prior to the transaction. Thus in the euphoria of a boom, speculative value drives up the price of
the asset. In the gloom of a bust, it drives the price down.

The bubbles that have been simulated using this approach are the 1928-1929 Dow Jones
Industrials (DJI) composite index, the current U.S. housing market, the Nasdag composite index
at the turn of this century, the current S&P 500 composite index, and the 1987 crash of the DJI
composite index. The model uses two different populations called “buyers” and “sellers,” but
each, will buy or sell an asset if the price is right. Buyers have an intrinsic value of V, , for the

asset which is higher than the intrinsic value of sellers V. The average of the two intrinsic
values represents the stable future price for the asset in the absence of speculation.

4. Dual Buyer-Seller Model

Two hypothetical demand curves are shown in Fig.1. The one for sellers is on the left and the
other is for buyers who value the asset higher.> The price intercepts at zero demand represent the

intrinsic values of V, ; and V, ; for sellers and buyers, respectively, which are $160 and $164,

respectively, in this example. Cook and Wu [25] showed that the extrapolated demand functions
did in fact intercept the zero demand line at the known expected economic values for the
simulated purchase of lottery tickets. Because there are just two classes of investors, the model
is termed the Dual-Buyer-Seller (DBS) model. No special software is needed to run the model
beyond Excel’s Solver.

The perceived value of an asset is the sum of its intrinsic and speculative value [23, 24]:

V=V, +c20 )
’ ot |t*

where i = S for sellers and B for buyers. The term t” is the historical time when the price change
was evaluated. It is prior to the current time t by an amount A, which is evaluated empirically
from the fit of the model to the actual prices of in the development and collapse of the bubble.
The coefficient ¢ measures the strength of speculation.

Demand is equal to perceived value minus price, the quantity times the negative slope K of the
demand curve:

2 The units shown for demand are arbitrary. Positive demand is the rate at which assets are offered for purchase per
unit time and negative demand is the rate at which assets are offered for sale per unit time.
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Time, t, is an integer equal to the number of trading days measured from an earlier reference
point and the prices P = P(t) are taken as the closing prices over the time range of interest.

Market equilibrium according to the model is defined by a stable price equal to P, defined as
the average of the two intrinsic values:

Pey =[Vos +Vos |12 ©)

P, is the “invisible hand™ that tries to pull undervalued and overvalued assets back to their

intrinsic value. If price varies with time, then some degree of speculation exists if ¢ =0 and the
current price is not given by Eq. (3). There can be a remarkable positive departure of price from
P, on the boom side of a bubble as market euphoria pushes speculative value (and price) much
higher than the intrinsic value of the asset. The absolute value of the speculative contribution
dominates the intrinsic value in the region about the bubble’s peak. This dominance is likely
why the simple model is able to simulate the price dynamics of bubbles in spite of the
assumption of a constant intrinsic value
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Fig. 1. The demand curves for sellers and buyers.
The intercepts with the zero demand line represent the
intrinsic values of the stock to the sellers and buyers.

The finite difference equation for price can be written as [24]:

P(t+6t)-P(t)=a'P(t)6t[ D + Dy ]/ Ny,

SP (4)

= aP(t)5t{PEq +cEt* - P(t)}

where:
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For a stable price, it follows from Eq. (4) that D, =—D,. For stocks ot is usually one trading

day (ot =1) with the price being the adjusted closing price. The parameter a'is a dimensionless
coupling constant, N, is the number of shares outstanding, and a=2a'K/N,. Subordinate

peaks in the simulated prices occur about the dominant peak for the bubble, being especially
strong during the first part of the collapse with spacings approximately equal to A .

It was immediately discovered in making simulations that two speculative coefficients were
required to generate an accurate simulation. Consequently, a coefficient defined as ¢l was used
for the boom side and c2 =cl/ f was used for the bust. Thus, the model quantifies four human

behavioral variables, the boom and bust speculation coefficients, the average intrinsic value, and
the prior time A. When f is greater than unity, c2 is smaller than cl and the speculative

pressure sensed by traders to sell an asset when prices are falling is not as large as the speculative
pressure sensed by them to purchase the same asset when prices were rising. This form of risk
taking is not uncommon for individuals when faced with a potential loss [1, 26].

5. Analysis of Actual Bubbles
5.A. 1928-1929 Bubble in the Dow Jones Industrials Composite Index

The comparison of the simulated and actual prices for the Dow Jones Industrials composites
index (symbol DJI) is shown in Fig. 2. The first trading day (t-day with 297 t-days per year on
average during this period) is January 2, 1925 and the highest peak in price is for September 3 (t-
day 1393). The Black Monday collapse was on t-day 1439. The parameters generated by
Solver’s optimization are also shown on the graph. The intrinsic value of $168 (the coefficient b
is P, ) indicates that the market was already overvalued by September 1927. The maximum in

speculative value given by clxdP/dt at t” up to and including the peak was $498, three times
intrinsic value, and occurred at t-day 1360. The RMS deviation between the simulated and
actual prices is $21.51, which is 12% of the intrinsic value and 5.7% of the peak price. All of the
empirical coefficients found were significant at better than 1%. This was true of all of the
bubbles analyzed.
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Fig. 2. The actual and simulated prices versus trading
days (t-days with 297 per year for this period) for the
1928-1929 DJI composite index bubble.

A t-day prior time of 144 was selected for A because it gave the smallest RMS price deviation.
Although this prior time may appear to be large, it is well-established that the distribution of
stock prices over time exhibit “long term memory” [27, 28, 29]. The factor f was found to be
1.53 which indicates that speculative selling on the downside of the bubble was not as strong as
the speculative buying on the upside of the bubble. As already discussed, risk-taking behavior
during downturns, expressed here as a reluctance to sell quickly at the start of the collapse, has
been well-documented in other venues by Shefrin and Statman [26].

5.B. Analysis of the Current U.S. Housing Bubble

The current U.S. housing bubble, Fig. 3, peaked at $264,650 in the 1% quarter of 2006. (The
prices shown are for the median priced U.S. home in inflation adjusted dollars from a 1% quarter
2009 price base divided by 100,000.) The reduced actual prices are shown over 57 quarters
extending from January 1, 1995 to the 1% quarter of 2009 (5,155 annual days at 365 per year).
The simulated prices extend to 110 quarters. The simulation yields a classic lambda shape. The
minimum of $134,000 is projected to occur in the 1% quarter of 2012. The inflation adjusted
intrinsic value is only 61 % of the peak price. A prior time of A =5 quarters was used in making
the simulations. The RMS error between the simulated and actual prices was $4,728 which is
3% of intrinsic value. The factor f was found to be 2.1 indicating that participants in the

market were more eager to buy with prices rising than to sell when prices started to fall. In Fig.
3, the simulated price arrives at the inflation adjusted intrinsic value of P., = $162,000 during the

2" quarter of 2018.> The extrapolation shown was made with the bust-side speculation
coefficient equal to c2. If, however, home buyers did not learn from the crash in home prices
and begin to speculate as prices start to rise with the larger coefficient equal to c1 then another
bubble is projected to form.

*Minimal confidence is placed in the extension of the simulated results for housing prices well-beyond the actual
prices as the extrapolation error of the non-linear model can be large. It also ignores the possibility of effective
Federal stimulation of the housing market. Nevertheless, it is somewhat sobering of what could happen if judged
with this caveat.
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Fig. 3. The actual and simulated inflation adjusted
median U.S. home prices divided by 100,000.

During the 3" quarter of 2005, Neil Henderson [30] of the Washington Post reported that
Ben S. Bernanke* testified to Congress that the marked increases seen in housing prices “largely
reflect strong economic fundamentals.” Economists who felt otherwise were correct as housing
prices are currently well into the downside of the bubble as shown in Fig. 3. Thus it is relevant
to ask whether or not there was sufficient information in housing price dynamics prior to the 3"
quarter of 2005 to predict convincingly the likelihood of the crash.

Fig. 4 was constructed using housing prices only up to the 4™ quarter of 2003. It shows the
likelihood of a bubble being forecast well in advance of Bernanke’s comments that the rise in
housing prices was not due to the formation of a bubble. Zhou and Sornette [31] also predicted a
bubble for the U.S. market using prices truncated at the 1% quarter of 2005 based upon their
position that a faster-than-exponential rate for price is a predictive criteria for a bubble. The
relatively quick formation a second bubble in Fig. 4 is an artifact caused by setting c2 on the
collapse side of the simulation equal to c1 instead setting it equal to the reduced size found in Fig.
3 of c2=c1/2.1. (This choice was made to be more representative of what an analyst might
assume when simulating a bubble with prices available only on the boom side.)

5.C. Other Bubbles

In regard to predicting other bubbles well before the collapse, a bubble was forecast for the
1929 DJI bubble using prices truncated at January 9, 1929, which was 239 t-days before October
28, 1929. A bubble was also predicted for the current S&P 500 using a truncated price range
from July 12, 2006 (t-day 1139) to July 24, 2007 (t-day 1398), the latter being 54 t-days before
the peak on October 9, 2007.

* Just prior to being appointed Chairman of the Federal Reserve.



By contrast, the model did not forecast an imminent bubble before the October 19, 1987
“Black Monday” crash of the DJI composite index even when the upper limit of the price range
was taken close to October 19. However, using prices only up to April 9, 1987 (133 t-days
before the crash) a superheated intrinsic value of $6,807 was found, which was 2.9 times the
price of $2,339 on April 9. Similarly the model did not forecast a bubble for the 2000 Nasdaq
crash using prices truncated just before the very sharp run-up in price that formed the top of the
bubble. But again, the intrinsic value found was 2.6 times the current price. Thus, when an
intrinsic value is found that is much larger than the current price, it appears to signal that prices
are rising at an unsustainable rate and that a major correction is likely in the not too distant future.
This conjecture, of course, is based upon limited findings and needs to be supported by a wider
study of historical and future bubbles. If validated, then this model signals that a major
correction may be imminent not only when the simulation clearly forecasts a bubble in the future
as in Fig. 4 but also when it yields an intrinsic value greater than 2.5 times the current price.
When used in conjunction with the other predictive models described earlier, their collective
insights should provide a robust early warning system for detecting bubbles before they reach a
critical stage.
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Fig. 4. This simulation of the housing bubble was computed
using actual price information only up to the 4™ quarter 2003
(a-day 3239).

6. Mitigating and Preventing Bubbles

The bubbles studied here strongly support the view that asset prices often do not reflect their
intrinsic value because many traders use price dynamics to arrive at their perceived value of the
asset instead of working through the financial task of assessing intrinsic value [21]. Value
investors likely buy at the start of a bubble, but when the boom is well underway, price-dynamics
speculators enter and bid up the assets until their prices are well overvalued. The simulation



results are not inconsistent with this view as the speculative component of perceived value was
relatively small at the outset due to price being relatively flat but it greatly increased as the boom
progressed. Hong, et. al. [14] have presented strong evidence that specialists issuing “optimistic
forecasts to naive investors” encouraged price-dynamics speculation during much of the year
2000 Nasdaq price appreciation.

Without strong historical support, warnings about the existence a bubble and its imminent
collapse may not work. For example, PINR [32] reported on an interview held on January 30,
2007 between the Financial Times and Cheng Siwei, Vice Chairman of the Standing Committee
of the National People’s Congress, who said among other things that “There is a bubble going
on.” The Shanghai Stock Exchange dropped 11% after the comment but it had already started a
recovery by February 6 and soon “surpassed a previous record high.” This warning simply
provided a dip that was taken as a buying opportunity by others. There is little evidence that
Alan Greenspan’s “irrational exuberance” remark on December 6, 1996 [33] gave the market
pause. The warning on March 8, 1929 (t-day 1246 in Fig. 2) by Paul M. Warburg, famed banker
and member of the first Fed, shows no obvious impact on the price dynamics.

The answer given here to Question 1 is to use the repeated modeling of a developing bubble
to provide a robust early warning system. Several predictive models are available and should be
used in concert to provide the robustness and broad insight needed. With this information there
are various paths that a mitigation process could take. For example, the Fed could use the
warnings to revise interest rates and Congress could weigh-in through tax policy thereby
following the standard route of using monetary and fiscal policies to cool the economy. Lansing
[2] has reported that the Fed is reconsidering how monetary policy could be used to mitigate
bubbles and that the price of the S&P 500 composite index has influenced the Fed’s discount rate
in the past. Based on additional remarks by Lansing, routine use of monetary policy by the Fed
to mitigate bubbles appears unlikely until there is confidence that it can identify a developing
bubble.

Also during the euphoria of a bubble, traders may not react to such policies. For example,
the Fed raised the discount rate from 5 to 6% on February 14, 1929 [34] (t-day 1229, Fig. 2), but
the evidence is not that strong that it had much of an influence on the bubble as the DJI
composite index increased by an additional $72 (24%) to reach its peak on September 3, 1929 (t-
day 1393 in Fig.2). Some blamed the crash on the Fed’s hike in rates even though, as already
discussed, all of the parameters were in place by January 9, 1929 to forecast the bubble’s peak
and downturn. Thus a legitimate concern is that the initiator of a mitigation policy could be
identified as the perpetrator causing the crash rather than the enlightened agency that generated
the needed controlled burn which avoided a much more cataclysmic event. Finding the right rate
is critical; too little and the bubble goes on; too much and the market could collapse into a
recession. So there are issues, but monetary and fiscal policies have a larger issue, they do not
attack the problem’s root cause of poorly informed traders.

A private, not-for-profit company could be formed to address the root cause using a two step
process of mitigation and prevention. Mitigation policy would be based upon highly credible
warnings backed up by extensive studies of prior bubbles. Most future bubbles could be
prevented if price-dynamics speculators come to understand that it is in their interest to become
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value investors. This is the answer suggested here to Question 2 and it follows Shiller’s [4] call
to “democratize finance.”

Based upon the arguments given above, the following actions are suggested as an approach to
mitigating bubbles and to reducing the number formed over time. It is assumed that actions are
carried out by a not-for-profit company named NFP:
1.  NFP initiates a high-quality educational program for wide distribution that
describes the origins of asset bubbles and their negative consequences.
Examples of bubbles through history should be used to illustrate what the
causes were and how investors and the economy were affected by the crash.
2. NFP would examine price appreciations of major assets including stocks and
housing and would issue warnings as appropriate when the development of a
bubble is detected.
3. NFP would improve the speed, accuracy, and generality of the models and
tools used to predict bubble formation, intrinsic value, and speculative value.
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