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Bubbles for Fama from Sornette

Abstract

We present strong evidence that financial bubbles can be identified ex-ante and
that a sharp price increase, when suitably qualified by a bubble indicator called LPPLS
confidence, does on average predict unusually low returns going forward. For this, we
use a methodology called log-periodic power law singularity (LPPLS) combined with
the event study method applied to industry sectors in China over 2005-2020 and the
US over 2009-2020. We identify a new class of apparent bubble regimes corresponding
to the convergence to a stable price level, which can be disentangled using LPPLS-

based indicators from standard bubbles followed by crashes.

Keywords: Bubbles, Log-periodic power law singularity, Confidence indicator, Bubble crash,

drawdown
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These violent delights have violent ends. And in their triumph die, like fire and powder.

Which, as they kiss, consume.

—— Wiilliam Shakespeare

1. Introduction

Eugene F. Fama is known for rejecting the existence of bubbles based on the lack
of sufficient ex-ante evidence and of a systematic identification methodology. In his
Nobel lecture, Fama (2014) defines a bubble as an “irrational strong price increase that
implies a predictable strong decline.” Based on their post-mortem analysis of industry
statistics, Greenwood, Shleifer, and You (2019) also claim that “a sharp price increase
of an industry portfolio does not, on average, predict unusually low returns going
forward.” We object to this conclusion by presenting a systematic methodology for
identifying bubbles at the industry level. Specifically, we use the log-periodic power
law singularity (LPPLS) methodology developed by the Sornette research group over
more than two decades. We claim that the LPPLS-based methodology in a
straightforward operational implementation can allow for an ex-ante and causal (in real-
time) identification of bubbles, especially in assets experiencing a strong super-
exponential price increase! (Sornette and Johansen, 2002; Sornette, 2003). Our
evidence confirms that a super-exponential price change—characterizing a strong,
irrational price movement—is unsustainable, and hence it causes a break in the pre-
existing price dynamics.

The models of standard neoclassical economics fail to incorporate the nonlinear
dynamics and complex non-equilibrium and non-stationary properties of financial
markets. These properties transcend the explanatory abilities of neoclassical financial

theories. The European Central Bank’s (ECB) Governor Jean-Claude Trichet points out

I We define a bubble as a “super-exponential” price increase, which is followed by a sudden collapse. “Super-
exponential” indicates that the growth rate of the price (or average return) grows itself. Recall that a constant growth
rate means that the price grows exponentially, which is the standard regime of financial assets owing to proportional
growth and the law of compounding interests. When the growth rate grows itself, the price accelerates hyperbolically,

which is unsustainable.



this limitation in relation to the Great Financial Crisis, in 20102, in the following quote:
“As a policy-maker during the crisis, I found the available models of limited help. In
fact, I would go further: in the face of the crisis, we felt abandoned by conventional
tools.” In this context, we elaborate on the insights of Sornette and his co-workers, who
have built on the existence of several positive feedback mechanisms in financial
markets that make them intrinsically unstable (Minsky, 1972, 1992). Specifically, this
instability takes the form of long-lived phases of super-exponential price acceleration
(Johansen and Sornette, 2010; Ardila-Alvarez, Forro, and Sornette, 2021), followed by
regime changes manifested through sharp corrections or volatile plateaus.

These alternating phases of transient price acceleration and corrections call for
modifying the standard mean reversion model of market dynamics to reflect the long-
lived transient, unstable regimes self-correcting in abrupt market “ruptures.” The
modified model should capture that the market reverts only in the long-term and in a
strong nonlinear style. Figure 1 vividly illustrates such nonlinear regime shifts in the
Hang Seng Index from 1970 to 1997. At that time, the Hong Kong market presented a
textbook example of free capital flows driven by market forces, which contributed to a
succession of stock market and property bubbles. In the figure, the straight line followed
by abrupt ruptures represents large excursions away from the average annual growth.
Specifically, the figure shows several periods where the log-price trajectory exhibits an
upward curvature, indicating a transient super-exponential growth until the onset of a
sharp drawdown. The figure outlines the eight largest transient episodes, though there
were other episodes at smaller scales. The logarithmic scale in the Figure 1 should
clearly indicate that, during a bubble episode, the price shoots up by 50% to 1000%

within a span of a few months to a few years.

2 Opening address by Jean-Claude Trichet, President of the ECB, at the ECB Central Banking Conference Frankfurt,
18 November 2010. (https://www.ecb.europa.cu/press/key/date/2010/html/sp101118.en.html)
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Figure 1: The Hang-Seng composite index of the Hong Kong stock market from November 1969
to September 1999. The culmination of the bubbles followed by strong corrections or crashes
corresponding to a drawdown larger than 15% in less than three weeks is indicated by arrows
at October 1971, February 1973, September 1978, October 1980, October 1987, April 1989,
January 1994, and October 1997. The straight line shows an average exponential growth rate

of = 13.6% per year. (Adapted from Sornette and Johansen (2001)).

In this context, it must be understood that fund managers and professional investors
cannot avoid bubbles. Investors should not only hold large positions in the right stocks
and buy them at bargain prices but also hope to cash out their positions close to the
peak, and a failure to do so may spoil their efforts®>. However, the key problem is how
to determine the right time—mneither too early nor too late.

Consider the dot-com bubble to further illustrate the conundrums that investors
face. At that time, the legendary investor and founder of the Tiger Fund, Julian

Robertson, refused to follow the herd owing to its irrational crowd behavior and

3 Investors who fail to time the market peak before the crash might face the curse of Sisyphus. According to Greek
mythology, Sisyphus tries to push a boulder to the mountaintop. However, every time he reaches the mountaintop,

the stone rolls down and he starts pushing the boulder uphill again.
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consequent market overvaluation. In 1999, the Tiger Fund was dissolved because its
value stocks could not keep pace with the technology stocks. Stanley Druckenmiller,
who at that time was the manager of the Quantum Fund, also detected market
overvaluation. He thus exploited the market, overplayed his hand, and suffered a
massive loss in 2000 when the crash occurred before he could unwind his positions.
Although both Julian Robertson and Stanley Druckenmiller were disciplined and
intelligent investors and they clearly predicted a bubble (as confirmed later by the crash),
they both suffered losses for different reasons and hold unhappy memories of the event.
While both detected the irrational behavior, the former avoided the technology stocks,
while the latter made an ill-timed short bet*>.

The fund managers who leave the market too early earn negligible profits and are
shadowed by peers who enjoy the appreciation of the bubble, while the fund managers
who leave the market too late lose part of, all, or more than the capital gains
accumulated during the appreciation. Managers who make the highest profit are not
deceived by misrepresentations and lies, ride the trend, and step off before it is
discredited (getting out of the market before the crash). We suggest that this objective
can be achieved by using a suitable measure of unsustainable price dynamics as
explained below.

This study has thus two objectives. First, we present a LPPLS model using
advanced confidence indicators to detect bubbles (positive and negative) at the
industry-group level in both China and the US market. Second, we use the event study
method to record price behaviors systematically, before and after the rise of LPPLS-

based confidence indicators. We also categorize bubbles according to the magnitude of

4Legendary value investor Charles de Vaulx’s refusal to join the crowd and the performance pressure led to his
suicide in 2021  (https://www.barrons.com/articles/legendary-value-manager-charles-de-vaulx-found-dead-
51619564407)

SFor example, the failure of Archegos Capital in 2021 can be attributed to its overplay in the herding trend—a
combination of leverage and momentum-chasing led to the margin call.
(https://www.moneycontrol.com/news/business/personal-finance/vital-lessons-for-investors-from-the-archegos-

saga-6713791.html)



the LPPLS confidence indicators. To the best of our knowledge, this is the first study
to identify bubbles at the industry-group level in both China and the US and to use event
study to examine the predictability of the LPPLS model.

We present three major findings. First, bubbles can be detected ex-ante and
causally by using the LPPLS confidence index, unlike the claim by Fama (2014) and
Greenwood et al. (2019) that bubbles cannot be identified in real time. Our finding
proves that prices contain sufficient information to achieve bubble detection
capabilities.® Second, bubbles frequently appear at the industry-group level in the
Chinese and US markets. Particularly, the Chinese market has more collective bubbles
(signaling an impending price decline) that simultaneously develop in different
industries, despite their different business cycles. In contrast, the bubbles in the US
market exhibit a more uniform distribution (signaling a large impending price decline)
over a period, suggesting more decoupling. Third, positive bubbles and negative
bubbles do not have symmetric shapes in the Chinese and US markets. Specifically, a
larger positive LPPLS confidence indicator suggests overreaction and a subsequent
strong price decline (bubble crash or large drawdown), while a smaller positive LPPLS
confidence indicator implies underreaction and a subsequent plateauing of the price.
For negative bubbles’, a negative LPPLS confidence indicator with a large amplitude
quantifying an accelerated price decline signals higher future volatilities. The upward
price rebound that sometimes follows a price decline is more apparent in the US than
that in the Chinese market.

The study most similar to ours is titled Bubbles for Fama by Greenwood et al.
(2019), which uses historical industry-level data for both US and other countries to test
whether significant stock run-ups will lead to crashes; however, their paper differs from
ours in its event selection methodology, i.e., they use fixed thresholds for the industry

price increases (e.g., a 100% price run-up during two consecutive years) to filter their

6 We are the first to apply the LPPLS Confidence Indicator to the US and Chinese industry-level datasets. The

empirical evidence reported in this study in particular on Chinese markets can be considered an "out-of-sample" test
of the LPPLS Confidence Indicator.
7 A negative bubble is characterized by a fast-accelerating declining price, which is symmetric to a positive bubble

via the symmetry In [p(t)]— - In [p())).



events and to analyze what happens afterward, while we use the LPPLS Confidence
Indicator to identify the event date, observing the market behavior after the event date.
Based on the general criterion of a significant deviation from the standard exponential
growth, this method can be considered agnostic with respect to the mispricing level
qualifying a bubble, and hence more flexible to adapt to different bubble price
structures. Our study also differs from Greenwood et al. (2019) in that the latter uses
monthly returns data, while we use daily return data. For transient bubble episodes,
monthly data may be too coarse-grained; for example, a bubble lasting 12 or 24 months
will have only 12 or 24 data points. Our daily price resolution is more adapted to capture
transient abnormal super-exponential price dynamics, given that our model uses a
dedicated calibration to account for large daily residuals. Based on their methodology,
Greenwood et al. (2018) conclude that considerable price increases do not lead to
market crashes, but when the stock price goes up a lot, the probability of a substantial
crash increases. In contrast, we come to the conclusion that strong super-exponential
price increases, detected by higher LPPLS Confidence Indicators, will be followed by
substantial market declines (crashes). The opposing conclusions can be attributed to the
fact that our methodology is better adapted to bracket the peaks of the bubbles. A fixed
threshold, as in Greenwood et al. (2018), such as a 100% price run-up during two
consecutive years, may lead to the selection of a time that does not capture the full
course of the bubble. The time at which the 100% price run-up threshold is reached
may be when the bubble is still running its course upward and not when it bursts. The
averaging over many such configurations taken at random times (corresponding to the
arbitrary 100% price run-up) in the lifetime of the bubbles may lead to the misleading
conclusion that there is no subsequent price decline following a bubble. In other words,
by averaging over cases when the bubble is still growing strongly and when the price
is in its drawdown phase after the bubble has burst, it is logical that Greenwood et al.
(2018) conclude that the average behavior does not exhibit substantial market declines.

The conclusion of our study is similar to that of Hong and Stein (1999) in their
classification of the post-event price performance. Our results also provide a conceptual
framework to reconcile the short-term underreaction and long-term overreaction
patterns in financial markets. Our paper is also similar in spirit to Kinlaw et al. (2018),

as we both aim to time the market at the industry level. Kinlaw et al. (2018) used the



asset centrality measure based on a Principal Component Analysis of the covariance
matrix of the returns of a set of sectors and argued that large asset centrality is indicative
of crowded trading, which is often associated with the formation of bubbles. In contrast,
we use the LPPLS model that builds on signatures associated with positive feedbacks
to identify the end of bubbles. We find that our LPPLS-based approach outperforms
Kinlaw et al.'s method.

Two other papers related to our work are Barroso and Santa-Clara (2015) and
Daniel and Moskowitz (2016). Barroso and Santa-Clara (2015) show that a run of a
momentum portfolio enjoying a remarkably good performance is occasionally followed
by a large crash, which makes the strategy risky. They show that the tail risk can be
managed by controlling the realized variance of daily returns. Daniel and Moskowitz
(2016) use momentum premium and volatility to generate portfolios with dynamic asset
weights that have a better Sharpe ratio and larger alpha than Barroso and Santa-Clara’s
static momentum portfolio. Daniel and Moskowitz (2016) focus on portfolio risk
management, while we adopt a straightforward approach of directly predicting which
kind of price increase (acceleration) is likely to lead to a crash.

The remainder of this paper is organized as follows. Section 2 presents a short
review of the relevant literature. Section 3 explains the theory underpinning and
methodologies implementing the LPPLS model and event study. Section 4 presents the

data, and Section 5 discusses the empirical findings. Section 6 concludes the study.

2. Literature review

The efficient market hypothesis (EMH) implies the unpredictability of future
returns and the absence of bubbles that can be exploited for arbitrage opportunity. Fama
(1965) reckons that, although behavioral/boundedly rational traders exist in financial
markets, sophisticated arbitrageurs correct any exploitable potential mispricing induced
by these behavioral traders. However, a large body of research exhibit evidence that
market inefficiency (limits of arbitrage such as costs, risks, and restrictions) and
bounded rationality (cognitive limitations, information imperfection, and constraints)
may promote the existence of transient bubbles. Several empirical findings provide

evidence of financial bubbles, and hence may be in contrast with the EMH. In this



regard, it must be noted that, owing to momentum trading, trend chasing, and the likes,
a large number of behavioral agents are subjected to animal spirits, fads and fashions,
and overconfidence, which might lead to positive feedback loops. In this context,
psychological and behavioral elements of stock price determination may make the stock
return predictable, at least in pockets of predictability associated with the end of the

bubble regimes as we discuss below.

2.1 Background and historical attempts to define bubbles
Bubbles refer to the significant, sustained mispricing of financial or real assets.
According to the basic asset pricing theory, the asset value should be equal to the
discounted future fundamental income flow, otherwise, arbitrage opportunities will
arise. However, the difficulty in accurately predicting the future fundamental income
flow ex-ante poses a real-world problem. Abstracting from the economic issues, any
trivial change in the assumptions of the valuation model can generate a large range of
current fundamental values (Black, 1986). Thus, the use of such ambiguous
characterization of the fundamental value always muddles the evidence for bubbles.

Some financial economists deny the existence of bubbles because they believe in
efficient markets (the price reflects all publicly available information) (Fama 1965,
1970; Samuelson, 1965, 1973). As per their theory, rational speculators stabilize the
price, and sophisticated investors do not allow for the emergence of a bubble (Fama,
1965; Friedman, 1953). In efficient markets, there are no free lunch. In contrast, Shiller
(1984) suggests that the argument behind the EMH is invalid because it ignores the
agents’ psychology and the interactions between agents at the origin of price
fluctuations. He also claims that market values cannot be justified based on future
dividend flow, thus supporting the existence of bubbles (Shiller, 1986; 2015). Keynes
(1936) also suggests the possible existence of speculative bubbles. Scheinkman and
Xiong (2003) show that, although the aggregate beliefs of investors may be unbiased,
large fluctuations in heterogeneous beliefs can lead to the formation of significant
bubbles. According to behavior finance theory, the limits to arbitrage and the presence
of irrational investors may also lead to the formation of bubbles.

Concerning its definition, the exact definition of bubbles varies in the financial

literature (Brunnermeier, 2012). Kindleberger (1978) defines a bubble as an upward



price movement over an extended range that then implodes. Santoni and Dwyer (1990)
describe a bubble as a regime that appears when the market does not follow a random
walk. Stiglitz (1990) defines a bubble as a situation followed by marked price declines,
which occur without any apparent new information. Using the Q-theory of investment,
McGrattan and Prescott (2001) define bubbles as periods when the value of a set of
assets exceeds the sum of the values of individual assets. Siegel (2003) defines a bubble
as any time the realized asset return over a given future period is more than two standard
deviations from its expected return.

Concerning modeling the bubbles, Schatz and Sornette (2020) propose a
mathematical framework accommodating discrete and continuous-time bubble models
featuring market inefficiencies. This framework provides a solid theoretical
background to embed feasible asset price processes during financial speculation and
frenzy. Through this framework, Schatz and Sornette (2020) demonstrate that the
rational expectation bubble models suffer by design from the paradox that a rational
market should not allow for mispricing, both in discrete and continuous cases. They
also show that this problem is not solved within the finite time strict local martingale
approach to bubbles (Jarrow, Kchia, and Protter, 2011; Protter, 2013).

In line with Schatz and Sornette (2020), we classify the bubble literature into two
groups. The type-I group considers bubbles as the premium of a future crash risk
leading to exorbitant (inefficient) stock price development. A typical representative
member of this group is the rational expectation bubble model. This group is further
sub-divided into the symmetric and asymmetric information bubble groups. The type-
IT group argues that bubbles represent a temporary departure from market efficiency.
These prices return to efficient levels (e.g., through efficient crashes) after the
correction of inefficiency occurring during a drawdown. Theories underpinning the
bubbles of the type-II group include heterogeneous beliefs, behavior finance and
complex system theories. As per the theory of heterogeneous beliefs, bubbles result
from prior heterogeneous beliefs in the asset fundamental value. The behavior finance
theory holds that bubbles arise owing to limits to arbitrage or positive feedback caused
by noise or not fully rational investors. Complex system theory argues that bubbles
emerge owing to the imitation and collective herding behavior of heterogeneous agents.

Specifically, the repetitive nonlinear interaction between agents may create positive
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feedback loops leading to speculative bubbles. The following sections elaborately

explain these approaches.

2.2 Rational Expectation Bubble
2.2.1 Rational Expectation Bubble under symmetric information
2.2.1.1 Rational bubble according to Blanchard and Watson

Rational bubbles emerge owing to investors’ self-fulfilling expectations about
future price trajectories (Blanchard, 1979). The agents fully understand the fundamental
asset value but are willing to pay more than the underlying value. This can occur if
agents’ expectations of future price growth are high enough to compensate for the risk
they are willing to take. In other words, the expected return is higher than the required
rate of return, and the investors can sell the asset, on average, at a profit in the future.

In this regard, motivated by non-fundamental factors (e.g., sentiment and over-
optimism, etc.), Blanchard and Watson (1982) propose a model in which the asset price

can be decomposed into a fundamental and non-fundamental factor,

P.,=V, + B, (D

where P, is the asset market price, V, indicates the asset fundamental value, and B,
represents the bubble component at time t.

Blanchard and Watson (1982) consider that the bubble, expected to grow at a long-
term growth rate of r, persists with probability 7 and bursts with a probability of (1- ).
The bubble has a growth rate (1+r)/ 1t to ensure a fair risk-neutral valuation condition.
Thus, during the time that the bubble persists, it has to grow faster than the historical
average return.

Lux and Sornette (2002) have investigated the statistical properties of rational
expectation bubbles and found that the distribution of returns belongs to the class of so-
called heavy-tailed distribution so that the tails of the distribution of returns follow
approximately a power law distribution with a tail exponent smaller than 1 (owing to
the rational expectation conditions). This contradicts the stylized facts of financial data
that the tail exponent is in the range 2 to 4. The rational exponential bubble models of

this class thus fail at a very elementary level.
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2.2.1.2 Intrinsic bubble according to Froot and Obstfeld

Froot and Obstfeld (1991) proposed a specific rational bubble model under symmetric
information, also known as the intrinsic bubble model. A prerequisite of this model is
that the bubble component is determined by the dividends (a proxy of fundamentals) in
a non-linear deterministic approach. This model suggests that the bubble emerges

because of overreactions to the stochastic dividends. The price dynamics reads:

P,=V, +B(Dy) )
B(D,) = cD", 3)

where 15t is the asset market price, Vt is the fundamental value, B denotes the bubble
component, and Dy is the dividend at time t; c>0 and y >1 are parameters.

The bubble component is deterministically related to the dividends, as the
exponential growth of the bubble follows the growth rate of the dividends. If the
fundamentals remain the same (i.e., the dividends remain constant), the bubble
component will remain the same. However, if the fundamental shows an up-side shift
(i.e., the dividends show an up-side shift) or investors expect the fundamental to be up-
side shifting, the bubble component will cause an accelerated surge in the asset market
price.

While the intrinsic bubble model is also a self-fulfilling bubble, it is driven by
fundamental expectations. In contrast, it is the non-fundamental factors that drive the

rational bubble of Blanchard and Watson.

2.2.2 Rational Expectation Bubble under Asymmetric Information

Under the assumption of symmetric information, a bubble is commonly known by
all rational investors. However, in the case of asymmetric information, everybody is
aware of the existence of a bubble, but they do not know whether other investors are
aware of its existence. The asymmetric information theory assumes that investors share
a common prior belief distribution, but possess different information. Under this
assumption, the price has the following two roles: (i) price reflects the aggregate
information, and (ii) price itself is the informative signal, as it induces others to partially

reveal their aggregate information.
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It must be noted that the lack of higher-order knowledge makes it possible for a finite
bubble to emerge. Allen et al. (1993) proposed the contrapositives of the no-trade
theorem, highlighting the following necessary conditions for the existence of bubbles.
First, the price cannot be fully revealed, as the investors remain asymmetrically
informed after exposure to prices and net trade information. Second, investors have
limited short-selling ability, which makes the bubbles persist. Third, the market
structure, which assumes that the initial allocation is interim Pareto efficient, is not
common knowledge.

Tirole (1982) showed that, if market information is common knowledge, then there
is no gain from trading. Any bid or offer to initiate a transaction will reveal the bidder’s
private knowledge and place them in an unfavorable situation. In other words, trading
requires that investors believe that they gain something from the trade. For instance,
fund managers who invest for their clients buy assets even during the bubble stage. This
convinces the clients that their managers have superior information that drives their
superior performance. An inability to trade will reveal their lack of superior private
information that can lead to profit. Given this, bad fund managers tend to churn bubbles
by taking on overvalued assets, despite knowing that they might be the /ast in line
(Allen and Gorton, 1993).

2.3 Inefficient Market Bubble

Fama has been a staunch upholder of the hypothesis that markets are efficient. He
also believes that an observed excess return is not the result of investing in an inefficient
market but that it is a risk premium associated with other unknown risk factors.
However, a large body of literature seems to contradict Fama’s view. These works
suggest that a systematic error (i.e., mispricing) owing to inefficient or not fully rational

agents can lead to excess returns.

2.3.1 Heterogeneous Belief Bubble

Investors may disagree about the fundamental value of the asset or may be
constrained by short-selling. In such a scenario, investors hold overpriced assets if they

can resell them to someone less informed or, in Kindleberger’s (1978) terms, to a
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greater fool. The prices of these assets are determined at equilibrium to reflect the
heterogeneous beliefs. Beliefs differ, given that investors have different prior belief
distributions because of psychological biases. For example, heterogenous beliefs and
short-selling restrictions force the pessimists out of the market as they fail to
counterbalance the high asset prices determined by the optimists. Miller (1977) shows
that the optimists inflate the new equilibrium to a higher level. Simsek (2013) proposes
that the disagreement on beliefs constrain optimists’ ability to borrow from pessimists.
Intuitively, pessimists are more inclined to fund optimists when the disagreement is
about the upside than the downside state.

Lintner (1969), Chen, Hong, and Stein (2002), and Kurz (1996) show that
heterogeneous beliefs with short-sale constraints restrictions can lead to overpricing.
Scheinkman and Xiong (2003) show that a high trading volume and price volatility are
features of heterogeneous-belief bubbles. Ofek and Richardson (2003) and Cochrane
(2003) link this argument to the dot.com bubble of the late 1990s. In this context, Sohn
and Sornette (2020) propose an extension of the class of rational expectations bubbles
to the more general rational beliefs setting of Kurz (1994), in which a heterogenous
population of agents can hold more than one rational expectation. This can lead to the
emergence of correlated beliefs allowing for the convergence of rational but diverse
beliefs. These beliefs may not cancel each other in aggregate, and this can make them
an object of rational speculation. Thus, diverse but correlated beliefs can account for

speculative bubbles, without the need for irrational agents or limits to arbitrage.

2.3.2 Behavior Finance Theory

EMH reasons that bubbles do not exist because the sophisticated arbitragers (rational
investors) eliminate mispricing opportunities introduced by irrational investors.
However, behavior finance theory holds that market are inefficient because (i) there is
a limit to arbitrage, and (ii) investors do not always process information correctly. Costs
and risks also deter sophisticated investors and professional arbitragers from

eliminating the arbitrage opportunities.
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2.3.2.1 Short selling restrictions

Lee et al. (1999) state that price and value form a co-integrated system and converge
in the long-term owing to arbitraging. However, as a result of exogenous forces (e.g.,
arbitrage costs) and constraints (e.g., short-selling constraints), prices can depart from
their fundamental value. For example, Almazan et al. (2004) indicate that roughly 70%
of the mutual funds explicitly claim that they have short-selling restrictions. Koski and
Pontiff (1999) show that 79% of the equity mutual funds do not access derivatives,
suggesting that they cannot use synthetic ways to take short positions. The failure of
short-sellers to correct overpricing might also be caused by sentiment-driven traders
who exacerbate overpricing (De Long, Shleifer, Summers, and Waldmann, 1990a;

Shleifer and Vishny, 1997).

2.3.2.2 Costs of Arbitrage

Grossman and Stiglitz (1980) show that the market cannot be perfectly
informationally efficient because information acquisition is costly. If the market were
efficient, then investors spending resources to obtain knowledge would receive no
compensation and would stop such investments, thus removing the forces pushing the
market toward its efficiency frontier. Shleifer and Vishny (1997) believe that arbitrage
costs can be divided into the following three subclasses: trading, holding, and
information costs. Trading costs include brokerage fees, price slippage, bid-ask spreads,
and other costs related to building or closing the positions. Holding costs comprise costs
for sustaining the positions of various durations and implementing short-selling.

Information costs are associated with accessing, analyzing, and monitoring information.

2.3.2.3 Fundamental Risk

Fundamental risk refers to the arbitrageurs being wrong about the subsequent
fundamental news of the targeted companies and thus taking wrong arbitrage positions,
which leads to losses. For instance, rational investors might short a bubble, but the
subsequent positive shift in fundamentals might unwind the arbitrage strategies, if the

initial overpricing is justified by the new fundamentals.
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Theoretically, the fundamental risk can be hedged by taking a reverse position of a
closely related asset. For example, the arbitrageur has a long position on shares A and
is aware of their downside risk. In theory, the best strategy would be to short shares B,
which is a perfect substitute for shares A. However, there are no perfect substitute
securities of shares A, and shares B themselves might be mispriced. Thus, it is

challenging to eliminate fundamental risk (Barberis and Thaler, 2003)

2.3.2.4 Noise Trade Risk

Kyle (1985) and Black (1986) refer to noise traders as irrational investors. They also
point out that the EMH does not account for noise trading, which could explain daily
excess trading and unreasonable price movements. According to the noise trader model,
market prices and the company’s fundamental value deviate from each other over a
relatively long term (De Long et al., 1990). In addition, noise traders’ activities pose a
risk to all market participants, which impacts the valuation anchor of the market by
disturbing the cost of capital. Shleifer and Vishny (1997) show that arbitrageurs have
short investment horizons because they often manage the money of investors with
different time preferences. The unpredictable behavior of noise traders creates a risk in
the assets, deterring rational arbitrageurs from aggressively betting against them. In
addition, the performance of the arbitrageurs is usually judged based on their short-term
returns because any temporary losses might trigger fund outflows, which might unwind

their position when the mispricing is the largest.

2.3.2.5 Synchronization Risk

Abreu and Brunnermeier (2002, 2003) argue that bubbles cannot be offset unless
arbitrageurs coordinate their actions, given that individual investors do not play a
significant role in controlling an overpriced market. Thus, lack of coordination is
another reason for persistent mispricing. Rational arbitrageurs know that market
bubbles will collapse as soon as an adequate number of rational traders sell the stocks.
However, the dispersion of rational arbitrageurs’ opinions regarding the timing of the
bubble inception delays their arbitrage orders (i.e., sell-off). This is attributed to the fact
that, if arbitrageurs attack the bubble too early, they will forgo profits owing to the
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subsequent run-up caused by momentum traders. Given this, arbitrageurs uncertain
about the beginning of the bubble might find it optimal to ride rather than attack the
still growing bubble. Demos and Sornette (2017) further show that determining the start
of a bubble is easier than determining the end of a bubble. Technically, the maximum
likelihood estimation of the time of the bubble inception is much more rigid than the
estimation of the end time of the bubble, which is more inaccurate in a technical sense.
Therefore, Demos and Sornette (2017, 2019) argue that bubbles persist owing to
arbitrageurs’ difficulty to synchronize their belief about the end rather than about the
beginning of the bubble.

Concerning this synchronization risk, based on the Securities and Exchange
Commission’s equity position data from 1998 to 2000, Brunnermeier and Nagel (2004)
investigate the holdings of hedge funds (i.e., funds of well-known managers such as
Paul Tudor and George Soros). They find that hedge fund portfolios were weighted
more to the technology segments during the dot.com bubble. These sophisticated
investors started reducing their holdings on a stock-by-stock basis before the collapse
of some stocks. However, they switched to other technology stocks that still had a rising
trend. The excess returns the hedge funds enjoyed in the technology segment support
the existence of synchronization risk and disprove the claims of Friedman (1953) and
Fama (1965) that rational speculators will stabilize the price and sophisticated investors

will not allow the emergence of bubbles.

2.3.2.6 Positive Feedback Caused by Noise Traders

Behavior finance theory maintains that investors have inherent psychological biases,
such as conservatism and overconfidence, and are subject to the disposition effect and
the representativeness bias. These psychological biases can lead to an overreaction or
underreaction behavior, both of which lead to positive feedback dynamics at the origin
of momentum effects.

Jegadeesh and Titman (1993) develop a pioneer study of the momentum effect
arising from the positive feedback of trading strategies that buy or sell assets with
superior and inferior past performance. Ardila-Alvarez et al. (2021) introduce the
acceleration effect (and factor) defined as the variation in the momentum over a

suitable time frame. They show that this positive feedback strategy even overperforms
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the momentum factor to a large extent at the time of bubbles and crashes. Fama and
French (1993, 1996) claim that most return reversals and other anomalies can be
explained mainly by the three-factor model, except for the momentum effect. Fama and
French (2015) extend their three-factor model to a five-factor model in order to address
the parts of stocks’ average return patterns unexplained by the three-factor model.
However, the five-factor model still fails to explain the momentum factor (Fama and
French, 2018).

According to Edwards (1968), investors tend to underweight new information when
updating their information set. De Bondt and Thaler (1985) find overreaction in the
stock market by showing that investors are influenced by waves of optimism and
pessimism that cause prices to deviate systematically from their fundamental values;
however, in the long-term, prices exhibit mean reversion. Lehmann (1990) and
Jegadeesh (1990) document short-term reversal effects of one-week and one-month,
respectively. Cross-sectional return predictability exists in many markets (Rouwenhorst,
1998) and appears between and within industries (Maskowitz and Grinblatt, 1999;
Hameed et al., 2010).

Barberis et al. (1998) explain that the conservatism bias might lead investors to
underreact to information, generating momentum profits. The conservatism bias
suggests that prices slowly adjust to new information and that returns have no further
predictability once the price reflects this information. Grinblatt and Han (2005) propose
that the disposition effect leads to underreaction, which means that loss-averse investors
anchoring on past prices tend to hold on to their past losers and sell their past winners.
Delong et al. (1990) describe the delayed overreaction bias by showing that positive
feedback trading strategies, where one buys past winners and sells past losers, cause
prices to deviate from their fundamental value. Andreassen and Kraus (1990)
empirically demonstrate that investors tend to chase price trends corresponding to
positive feedback trading based on extrapolative expectations.

Based on the representative heuristic proposed by Tversky and Kahneman (1974),
Barberis et al. (1998) argue that investors tend to mistakenly conclude that firms
realizing consistent extraordinary earnings growth are more likely to continue to offer
similar extraordinary increases in the future. This representativeness causes prices to

overshoot in the short term and reverse to the fundamental value over the long term.

18



Daniel et al. (1998) hypothesize that informed traders have self-attribution bias,
which means that traders attribute the performance of ex-post winners to their stock
selection skills while attributing a bad performance to simple bad luck. As a result of
this cognitive bias, these investors overestimate the precision of their signals for asset
valuation. However, their overconfidence in their signals pushes up the past winners
beyond their fundamental value. The delayed overreaction in this model results in
momentum profits and reversal behaviors.

Hong and Stein (1999) propose a unified underreaction and overreaction model.
They consider two groups of investors—news-watching and momentum-trading
investors—assuming that private information diffuses gradually across the news-
watching investor population. Accordingly, the new information obtained by news-
watching investors is transmitted with delays. Thus, it is progressively reflected in the
price, which leads to short-term underreaction and the momentum effect. Conversely,
the momentum traders, who trade based on limited price history and who arbitrage
away any underreaction left behind by the news-watchers, push the past winners above

their fundamental values. This behavior eventually leads to long-term price reversals.

2.3.3 Complex System Theory of Bubbles and crashes
2.3.3.1 Social Imitation, Collective Herding, Bifurcation, and Phase Transitions

Imitation and herding might be the most visible imprint of human beings’ behaviors
in our social affairs. Psychologists and neuroscientists have studied imitation as one of
the humans’ most evolved cognitive processes; it requires sophisticated brain
processing abilities and a very developed cortex. According to the social brain
hypothesis of R. Dunbar (1998), imitation and other social skills co-evolved with the
brains of mammals, in the form of evolutionarily advantageous traits, to strengthen
group cohesion. Dunbar (1998) shows that humans have the largest cortex-to-brain ratio,
the most sophisticated social and imitative aptitudes, and the largest social group sizes
among mammals. Moreover, it is optimal to imitate others when we lack sufficient time,
energy, and information based only on private information and limited processing

ability (Roehner and Sornette, 2000). Hirshleifer (2015) emphasizes the effect of social
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interactions and contagion behavior in the propagation of individual cognitive biases,
calling for more work beyond behavioral finance.

The main message of complex system theory is that a system (comprising several
heterogeneous interacting agents with repetitive interactions) tends to self-organize its
internal structure, leading to surprising emergent ® out-of-equilibrium properties. For
instance, the tendency for humans to imitate others can result in herding and crowd
effects at the macroscopic level. Cooperative herding and social imitation within the
group can form positive feedback, reinforcing interaction among the agents and leading
to virtuous or vicious circles. A central property of a complex system is that the
repetitive non-linear interactions among its constituents can lead to large-scale
collective behavior with a rich structure (Goldenfeld and Kadanoff, 1999; Sornette,
1999, 2002, 2003).

A typical complex system such as the financial market has a group of competing
agents subjected to a myriad of influences. With exogenous news and endogenous
interactions, the market can develop self-organized and self-reinforcing extreme
behaviors. Bubbles and crashes will also emerge through a self-organization process
(Kaizoji et al., 2015; Westphal and Sornette, 2020). Mathematicians call this extreme
behavior bifurcation or catastrophe (Thom, 1989). Statistical physicists call it phase
transition (Stanley, 1987). As per the bifurcation theory, a trivial change in
circumstance, interaction strength, or heterogeneity (e.g., avalanche, earthquake, or
financial crash) could lead to a sudden and dramatic shift in behavior at the macro-

level.

2.3.3.2 Nonlinear Positive feedback bubble

Roehner and Sornette (2000) propose that the fundamental ingredient of bubbles is

rooted in the repetitive actions of interactive nonlinear influences leading to large-scale

8 Emergence refers to the formation of rich collective behaviors in a complex system that cannot be predicted from
the rules of interactions, at the microscopic level of elementary agent or components. Emergence is the oppositive
of the representative agent approach, given that macro behavior is expected to be fundamentally different from the

individual agents’ micro-behaviors.
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correlations and eventually catastrophic events. During a bubble, the progressively
increasing build-up of cooperativity and active interactions between investors in the
market can form the herding behavior. The self-reinforcing positive feedback
mechanism propels the market price to accelerate in a super-exponential way, which
eventually reaches a critical point beyond which a crash can occur in the form of an
abnormal drawdown. Johansen and Sornette (2002; 2010) define a crash as a drawdown
outlier, 1.e. an abnormally large cumulative loss over consecutive days of negative
returns, which can be interspersed among small positive returns, occurring after the
critical point.

According to complex system theory, the specific origin of the prices’ collapse is
not the most important issue—the market crashes because the market has entered into
an unstable phase. Trivial disturbances or news can reveal the underlying instability of
the market and trigger the crash. Over-leveraged financial institutions, complex
derivatives, the expansion of credit, immature technology and innovations, and
delusional mood are contributors to the positive feedback mechanisms at the origin of
financial market instabilities. In this view, the market crashes because the system has
matured toward an instability and has reached an unsustainable critical point. Several
mathematical stochastic processes have been proposed to capture the positive feedback
dynamics leading to transient super-exponential price dynamics ending at critical points,
also known as finite-time singularities (I1de and Sornette, 2002; Sornette and Andersen,
2002; Andersen and Sornette, 2004; Lin and Sornette, 2013; Lin et al., 2014; 2019). It
must be noted that super-exponential bubbles exist in equity and real estate markets as
well as commodities and cryptocurrency markets (Gerlach et al., 2019; Wheatley et al.,
2019). While fundamental valuation tools can be used to recognize bubbles in the equity
and real estate markets, this intrinsic value is more difficult to define in the commodities

and cryptocurrency markets.

3. Methodology

The present work builds on the LPPLS (log-periodic power law singularity)
framework. It is based on the combination of (1) positive feedback mechanisms caused

by factors such as imitation and herding (Sornette 1999, 2017) and (ii) discrete scale
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invariance (Sornette, 1998) associated with an approximate hierarchical structure of
human groups (Zhou et al., 2005) and/or generated dynamically via the interplay
between fundamentalists and chartists (Ide and Sornette, 2002). The following section
explains how to use the LPPLS framework as an advanced tool to detect a speculative

bubble (i.e., a super-exponential price increase followed by a crash).

3.1 The log-periodic power law singularity (LPPLS) Model

In a nutshell, the LPPLS model describes a positive bubble regime by expressing the
expected log-price (Sornette, Johansen, and Bouchaud, 1996; Feigenbaum and Freund,
1996) as

E[lnp(t)] A+ B(t,-t)™{1 + Ccos [w In (t,-t) + 6]} 4)
where A =In [p(t.)] >0 and B<0 quantifies the amplitude of the price acceleration
whose shape is controlled by the exponent 0<m<1, C is the magnitude of the oscillations
around the power-law singular growth, w is the angular log-frequency of the
oscillations before the critical time t. denoting the end of the bubble embodying the
hierarchical discrete scale invariance of the accelerating large-scale volatility structure.
0 is a phase parameter in (0,21) that corresponds to an encoded time unit. The term B
(t. - t)™ with 0<m<1 and B<0 describes the super-exponential growth of the price up
to the critical time t. (Ardila-Alvarez et al., 2021), which we propose to be characteristic
of bubbles. The last cosine term accounts for a long-term volatility structure also
accelerating up to t.. It is derived from the existence of hierarchical social structures
(Zhou et al., 2005) and/or the interplay between nonlinear momentum and nonlinear
value investing in the presence of inertia in the trading decision-making process (Ide
and Sornette, 2002). The case B>0 corresponds to a negative bubble—a price that
accelerates downward.

The LPPLS model was first formalized with the rational expectation bubble
framework by Johansen, Ledoit and Sornette (1999) and Johansen, Sornette, and Ledoit
(2000). In this framework, the price acceleration is treated as the remuneration for the
exposure to an accelerated crash hazard rate. This is known as the Johansen-Ledoit-
Sornette (JLS) model (for pedagogical reviews, see Geraskin and Fantazzini, 2013;
Jhun, Palacios, and Weatherall, 2018). For the derivation of the LPPLS model, we also
refer to Johansen et al. (1999), Johansen et al. (2000), Sornette and Johansen, (2001),
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and Sornette and Cauwels (2015a). For a description of its efficient calibration, we refer
to Filimonov and Sornette (2013).

The LPPLS model was first developed for studying the precursory behaviors before
finite-time singularities, which pervade the solutions of (non-stochastic and stochastic)
nonlinear ordinary and partial differential equations describing many systems in nature
(Sornette, 1998, 2006). Examples include acoustic emissions before the rupture of
engineering structures (Anifrani, Le Floc’h, Sornette, and Souillard, 1995) or seismic
and chemical precursors of earthquakes (Sornette and Sammis, 1995; Johansen et al.,
1996).

The original LPPLS model has been extended in the following studies. It was
extended by constructing higher-order LPPLS ‘Landau’ versions and generalized
Weierstrass-type LPPLS models (Gluzman and Sornette, 2002; Zhou and Sornette,
2003a). It has been generalized to second-order and higher harmonics (Sornette and
Johansen, 1997; Sornette and Zhou, 2002). The augmented LPPLS model has been used
for financial bubble modeling with macro-economic factors (Zhou and Sornette, 2006a).
Studies have also derived a relationship between the LPPLS parameters from the
condition that the crash hazard rate /(¢) must remain positive by definition (Bothmer
and Meister, 2003). The model has been supplemented with the fundamental value of
the stock and with the idea of an efficient crash (Yan, Woodard, and Sornette, 2014;
Kreuser and Sornette, 2019). It has also been extended to include negative bubbles (Yan,
Woodard, and Sornette, 2010). Studies have introduced the LPPLS-autoregressive
(AR)(1) and LPPLS-generalized autoregressive conditional heteroskedasticity
(GARCH)(1) models to reflect a mean-reverting volatility process with a stochastic
conditional return (Gazola, Fernandes, Pizzinga, and Riera, 2008; Liberatore, 2010; Lin,
Ren, and Sornette, 2014). Studies have recommended the Kwiatkowski-Phillips-
Schmidt-Shin (KPSS) unit root test to verify the Ornstein-Uhlenbeck property of the
LPPLS fitting residuals (Geraskin and Fantazzini, 2013).

An improvement in the LPPLS model with quantile regression has led to the
introduction of LPPLS confidence and trust indicators known to provide robust alarm
signals (Sornette and Cauwels, 2015; Zhang, Zhang, and Sornette, 2016). Another study
has improved LPPLS by presenting rigorous likelihood methods generating interval

estimates of the parameters and, in particular, of the critical time denoting the end of
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the bubble (Filimonov, Demos, and Sornette, 2017) and by adjusting for the sloppiness
of parameters (Bree et al., 2010). Seyrich and Sornette (2016) have provided a plausible
micro-founded model for the power law finite time singular form of the crash hazard
rate in the JLS model of rational expectation bubbles. We also note extensions by using
the Levenberg—Marquardt algorithm (LMA) algorithm (Liberatore, 2011), likelihood
inference approach (Filimonov, Demos, and Sornette, 2017), and an improved genetic
algorithm gyration method (Dai, Zhang, Tarzia, and Ahn, 2018). These extensions aim
at improving the calibration accuracy of the LPPLS model. As already mentioned, for
explosive semi-martingales, Schatz and Sornette (2020) introduce a mathematical
framework transcending the rational expectation bubble framework used in the JLS
model, thus allowing for many extensions.

The LPPLS model has been used in the ex-ante diagnosis and postmortem analysis
of bubbles and crashes in the stock markets as well as in bond, commodity, real estate,
and cryptocurrency markets, among others. This reflects the proposed universality of
the super-exponential speculative bubble in the following markets:

e The US stock market: Standard & Poor (S&P) 500 index (Sornette and Zhou, 2002,
2006; Zhou and Sornette, 2003a, 2003b, 2006a; Drozdz, Grummer, Ruf, and Speth,
2003; Zhang et al., 2016; Gerlach, Zhao, and Sornette, 2020; Shu and Zhu, 2021),
the Dow Jones index (Vandewalle, 1998; Bolonek-Lason and Kosinski, 2011;

Gustavsson, Leven, and Sjogren, 2016), and Nasdaq (Johansen and Sornette, 2000a),

among others.

¢ The global stock market: global stock market indexes (Johansen and Sornette, 2001;
Drozdz, Kwapien, Oswiecimka, and Speth, 2008), the Japanese stock market
(Johansen and Sornette, 1999, 2000b; Lynch and Mestel, 2017), the Korean stock
market (Ko, Song, and Chang, 2018), the German stock market (Kurz-Kim, 2012;
Bartolozzi, Drozdz, Leinweber, and Speth, 2005; Wosnitza and Leker, 2014a), the
Brazilian stock market (Cajueiro, Tabak, and Wernecka, 2009), the Polish stock
market (Gnacinski and Makowiec, 2004), the Romanian stock market (Pele,

Mazurencu-Marinescu, and Nijkamp, 2013), and the Chinese stock market
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(Bastiaensen, Cauwels, Sornette, Woodard, and Zhou, 2009; Jiang et al., 2010; Yan

et al., 2012; Sornette et al., 2015; Chong, 2017; Shu and Zhu, 2020), among others.

e Commodities: Precious metals (Drozdz et al., 2008; Liberatore, 2010; Akaev,
Fomin, Tsirel, Korotayev, 2011a, 2011b; Geraskin and Fantazzini, 2013), and the
oil bubble (Sornette, Woodard, and Zhou, 2009; Cheng, T. Fan, D. Fan, and Li,

2018), among others.

¢ Property market: Real estate in the United Kingdom (Fry, 2009; 2014; Bianchetti,
Galli, Ricci, Salvatori, and Scaringi, 2016), the United States (Zhou and Sornette,
2006b, 2008; Brauers, Thomas, and Zietz, 2014), the Hong Kong and Seoul property
markets (Xiao, 2010), and Switzerland (Ardila-Alvarez et al., 2013; 2017; 2018),

among others.

¢ Bond market: Corporate bond yield (Clark, 2004), government bond CDS spread
(Wosnitza and Denz, 2013), and financial institutions’ CDS spread (Wosnitza and

Leker, 2014b; Wosnitza and Sornette, 2015), among others.

e Other applications: Election prediction (Fry and Burke, 2020), flash crash
(Matsushita and Silva, 2011), and bitcoin (Gerlach, Demos, and Sornette, 2019;

Wheatley, Sornette, Huber, Reppen, and Gantner, 2019), among others.

Moreover, in August 2008, Sornette and collaborators created the Financial Crisis

Observatory® (FCO) at ETH Zurich. This scientific platform aims to test and quantify,

° https:/er.ethz.ch/financial-crisis-observatory.html: The FCO has been monitoring approximately 25,000 assets

worldwide, including indices, stocks, bonds, commodities, currencies, and derivatives. It has constructed daily
updates of several bubble indicators based on the analyses of price time series using the LPPLS model presented
above. As part of the research conducted within the FCO, motivated by the fact that back-testing is subjected to
several possible biases, in November 2009, the financial bubble experiment (FBE) was initiated within the FCO.

The FBE was based on an innovative framework to perform secure, verifiable ex-ante forecasts on financial crises
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rigorously and systematically and on a large scale, the hypothesis that financial markets
exhibit a degree of inefficiency and potential for predictability, especially, during the

start of the bubble regimes.

3.2 LPPLS Confidence Indicator

The LPPLS confidence indicator was introduced in the methodology of the FCO in
the early 2010s and was presented to the academic community in (Sornette and Cauwels,
2015). The LPPLS confidence indicator is defined as the fraction of the fitting windows
satisfying pre-defined conditions at a given time of analysis (present time). These
conditions are derived from the cumulative empirical experience obtained by the
previous calibration of many financial bubbles, as summarized by Zhang et al. (2016)
for instance. We also perform additional qualifying tests to judge whether the
calibrations are acceptable; these tests include the unit-root test of the residuals, the
Lomb log-periodic tests (Sornette and Zhou, 2002), and other criteria (Sornette, 2017).
A large value of the LPPLS confidence indicator suggests that the LPPLS model
accurately depicts the present regime, thereby qualifying the existence of an ongoing
bubble. This diagnostic is usually associated with the existence of a super-exponential
price increase in the analyzed empirical time series. Conversely, a vanishing or small
value of the LPPLS confidence indicator means that no time window or a few time
windows can be satisfactorily fitted by the LPPLS equation, suggesting the absence of
a bubble and the presence of a more normal regime.

As previously mentioned, we define the upward- and downward-accelerating price
increases as positive and negative bubbles, respectively. At a given present time
denoted t,, we calibrate a given log-price time series by the LPPLS model (Filimonov

and Sornette, 2013) over a set of N time windows [t4,t, ] obtained by varying t; over

using a creative digital fingerprint system to ensure the authenticity of forecasts released 6 months later for
verification. Forecasts were revealed only after the predicted event, with the original date in which they produced
these same results being publicly and digitally authenticated (Sornette et al., 2009, 2010a, 2010b; Woodard, Sornette,
and Fedorovsky, 2010). Additionally, the FCO has been providing monthly reports since February 2014 of the

“bubbly” state of the major financial assets worldwide.
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a certain range. We calculate the LPPLS confidence indicators over the set of time
windows such that t,-t; spans from 30 to 250 trading days in steps of 1 trading day,
corresponding to N=221 time windows. We add the condition that fits are acceptable
only if t. — t; lies between 0 and t, — t1, that is, the critical time is not too far into the
future. If the LPPLS confidence indicator is non-zero with B<0, it will represent a
positive bubble signal and we will report a positive value for the confidence indicator.
If it is non-zero with B>0, it will represent a negative bubble signal and we will report
a negative value for the confidence indicator (See Appendix A for more information

on the LPPLS confidence indicator.)

3.3 Market Model for Event Study

The statistical market model we use for the event study measures the return of any
given security relative to the return of the market portfolio (Ball and Brown, 1968;
McWilliam and Siegel, 1997). The linear specification of the model is complemented
by the assumption of joint normality for the asset returns. The market model for security
iis

Rie=a; + Pi* Ry + &, E(e;r) = 0 and var (g;) = o2 (5
where R;; and R, are, respectively, the return of security 7 and of the market portfolio
at period ¢, and ¢;; is the zero-mean residual term. «;,f;, and agzi are the period-¢
parameters of the market model for the given security i. From expression (5), the
abnormal sample return AR,is defined by

ARi =Ry = ;= Bi* Ryt (©6)

The cross-sectional average abnormal return (AAR) over the N stocks at time t is:
N 1N .
AAR, =X/ _ ARy (7

The cumulative average abnormal return (CAAR) is the mean cumulative return over

the entire time window of all events:

N t N
CAAR 41,12y = X2 . AARy; (8)
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Figure 2. Timeline for an event study

We adopt the event study method (MacKinlay, 1997). Figure 2 presents the
timeline of the event study. We set the estimation period to 200 days and the event
window to 61 days (30 days before and 30 days after the event date). We have set the
trading day gap to 30 days to reduce the influence of the estimation period on the event
window.

We define the event date as the date when the LPPLS confidence indicator exceeds
a certain threshold. By definition, the LPPLS confidence indicator takes values between
-1 to 1; the thresholds that we test for a positive LPPLS confidence indicator are 0, 0.1,
0.2...0.8, 0.9, 1. The thresholds that we test for a negative LPPLS confidence indicator
are 0, -0.1, -0.2...-0.8, -0.9, -1.

To obtain more information on how the stock performs after a given event date, we
also decompose both positive and negative LPPLS confidence indicators into different
interval groups of (0, 0.1), (0.1, 0.2) ... (0.8, 0.9), (0.9, 1) and (0, -0.1), (-0.1, -0.2) ...
(-0.8, -0.9), (-0.9, 1), respectively. All LPPLS confidence indicators failing to meet a
chosen threshold or thresholds outside of a chosen interval were set to zero. When the
LPPLS confidence indicator meets or goes beyond a chosen threshold or enters into a
chosen interval, a bubble alarm signal (LPPLS confidence indicator) appears. Hence,
we qualify those days as event dates. Moreover, we define a regime change as a clear
price trend break.

Our null hypothesis (HO) and alternative hypothesis (H1) are:

HO: A regime change in the price does not occur after the event date.

HI1: A regime change in the price occurs after the event date.

3.4. Data

For data on the Chinese market, we use the daily closing price of the China
Securities Index Southwest Securities (CSI SWS) for 28 different industries, for the
28



period February 27, 2004 to July 23, 2020 (122,100 observations). The CSI SWS
industry index contains the security prices of public companies in 28 industries listed
in the Shanghai Stock Exchange (SSE) and the Shenzhen Stock Exchange (SZSE). This
index presents the capital-weighted aggregated price performance of different
industries. We use the Wind database to obtain all the 28 industry sector indexes. The
US dataset comprises the daily closing price of the US Morgan Stanley Capital
International (MSCI) industry indexes. It represents the 24 industry groups in the US
market; we use Thomson Reuters to obtain all the 24 industry indexes. Owing to data
limitations, we could access the corresponding industry sector indexes from January
20, 2009, to July 23, 2020 (72,000 Observations).

We study the industry-level data for four reasons. First, in line with Greenwood et
al. (2019), we implement our methodology for detecting bubbles using similar industry-
level data. We agree with Greenwood et al. (2019) that most of the well-known
historical bubbles have strong industry features. Second, industry-level data can
provide more discriminatory statistical power to identify financial bubbles at a
disaggregated level than at the market index level. In other words, we need more data
to get a more generalized result. Third, we can compare one industry with others in the
same period to obtain more detailed information about bubbles and to establish
interconnections between industries in different markets. Fourth, industry-group level
data are less influenced by an individual company’s idiosyncratic risk, which makes
the results less noisy.

To calculate the daily average abnormal returns for the US and Chinese events, we
use the SSE composite index and S&P500 daily closing prices, with a corresponding
time range as the market benchmarks. For the event study in China, we collect 1,131
positive and 383 negative LPPLS alarm signal events for the 28 industry groups in the
Chinese market. For the event study in the US market, we collect 546 positive and 173
negative LPPLS alarm signal events for the 24 US industry groups. The details are
presented in the Appendix.
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4. Empirical Findings

In the following three subsections, we use both Chinese CSC SWS and MSCI US
Industry groups’ indexes to calculate the LPPLS confidence indicator. The duration
t,-t; of the time windows is scanned from 250 trading days to 30 trading days in steps
of 1 trading day. We calculate the LPPLS confidence indicators for both positive
(upward-accelerating price increases) and negative (downward-accelerating price
decreases) bubbles. Subsequently, we present the cumulative average abnormal return
(CAAR) for different LPPLS confidence signal thresholds and the LPPLS confidence

signal intervals for the US and Chinese industry groups.

4.1 LPPLS Confidence Indicator for the US and Chinese Industry Groups

Figure 3 shows two time periods (in the middle of 2007 and 2015) during which
the majority of the Chinese industry groups collectively showed strong positive LPPLS
confidence indicators. It also shows two periods when several industry groups showed
non-zero but smaller positive LPPLS confidence indicators (in late 2009 and early
2019). It shows three periods (late 2008, late 2012, and late 2018) when some of the

Chinese industry groups concurrently had negative LPPLS confidence indicators.
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SSE Composite Index and CSI SWS Industry-group Level LPPLS Confidence Indicators
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Figure 3. SSE Composite Index and LPPLS Confidence Indicator for the CSI SWS Industry
Groups in thermal color scale given on the right. Hot (cold) colors correspond to positive

(negative) bubbles. Sample period from 12/5/2005 to 23/7/2020.

By comparing the LPPLS Confidence Indicator patterns with the SSE composite
index, it can be qualitatively seen that all of the industry-level bubble signals are
followed by index-level regime changes—crashes or volatile sideway plateaus. This
qualitative observation is quantified below by the event study.

Figure 4 shows that the LPPLS bubble signals for the US Industry groups do not
exhibit the same patterns of collective clustering as those observed for the Chinese
Industry groups. It shows that the US index rises much more consistently than that of
the Chinese index. There are three time periods (early 2011, early 2013, late 2017)
where many industries show moderate positive bubble alarm signals simultaneously. It
also shows two time periods (late 2018 and early 2020) where some of the industries
show negative bubble alarm signals. The first two periods of positive bubble clusters

(early 2011 and early 2013) are not followed by significant crashes. However, a large
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crash occurs after 15 industries together exhibit positive bubble alarm signals in early

2018.

S&P500 Index and MSCI US Industry-group Level LPPLS Confidence Indicator
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Figure 4. S&P500 Index and LPPLS (Positive and Negative) Alarm Signals for MSCI US
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Industry Groups in thermal color scale given on the right. Hot (cold) colors correspond to

positive (negative) bubbles. Sample period from 12/5/2005 to 23/7/2020.

The LPPLS bubble alarm signals for the US and Chinese industry groups exhibit
two different patterns. For the Chinese industry groups, the bubble signals are more
concentrated and clustered in time. The prices of different Chinese industry groups also
have quite similar bubble patterns, even though those industries have different business
cycles. Conversely, for the different MSCI US industry groups, the bubble signals are
more evenly distributed in time, though sometimes some of the industries collectively

show milder bubble alarm signals.
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4.2 Event Study for the LPPLS Confidence Indicators in the Chinese market

To quantify the value presented by the LPPLS confidence indicator to an investor,
we apply the event study method. This helps us to analyze the market behavior before
and after the events tagged by the LPPLS confidence indicator. The LPPLS confidence
indicator is used to define a positive (negative) bubble event, called an alarm when (i)
the LPPLS confidence indicator meets or crosses a pre-defined threshold or (ii) the
LPPLS confidence indicator enters into the predefined interval groups. Case (i)
corresponds to Figures 5, 6, and 8, while case (ii) corresponds to Figures 7 and 9. The

numbers of events for the different thresholds and the two cases are given in Table 1 of

the Appendix.
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Figure 5. Plot of the Cumulative Average Abnormal Return (CAAR) for aggregated positive
(left) and negative (right) LPPLS events from 30 days before to 30 days after each event for the
Chinese CSI SWS Industry Groups from 2005 to 2020 described in section 3.4. The averages
are performed over 1131 positive and 383 negative bubble alarm events, respectively,
corresponding to the minimum threshold (condition to just be positive for positive bubbles and
to be negative for negative bubbles). The Abnormal Return (AR) (3) is calculated by using the
Market Model (2). The shadow area is the 95% confidence interval'’ for the CAAR.

10 Confidence Interval = 7't 4 ¢ & tey * se(Tit + ¢), Where Tt + ¢is the average after-event return, tcy is the critical
value (1.96 represents a .95 level of confidence), se(T'it + ¢) is the standard error of the regression and subscript (t+e)

refers to the day of the event.
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For 1,131 positive and 383 negative bubble alarm events identified in the Chinese
CSI SWS industry groups from 2005 to 2020, Figure 5 shows the CAAR from 30 days
before to 30 days after the event date. Both panels of Figure 5 demonstrate that, when
an alarm is declared based on the LPPLS confidence indicator (for both positive and
negative trends or bubbles), there is a clear change of regime from a strong increasing
(decreasing) price acceleration to an approximate price plateau or rebound (for negative
bubbles). In detail, the shadow area is the 95% confidence interval® for the CAAR. The
cumulative aggregated 30-day price abnormal return before the positive LPPLS
confidence indicator event date grows by an average of 6% (a gain of 72% linearly
annualized or 102% compounded), relative to the post-event cumulative aggregated
average return of around 0.5% over the next 30 trading days. Similarly, for negative
events identified by a negative LPPLS confidence indicator, the cumulative average
abnormal return drops by 7% over the 30 trading days preceding the event date (a loss
of 84% linearly annualized or 58% compounded), and the aggregated abnormal
rebounds by around 1% over the 30 days following the event date. The general price
behaviors of the outcomes of 1,131 positive alarm events and 383 negative alarm events
in the Chinese market are consistent with the existing findings that the LPPLS model
can detect regime shifts. The aggregated price dynamics around these events indicate
that both positive and negative alarms can statistically predict the occurrence of changes
of regime in the form of significant adjustments of price trends in Chinese industry-

level data, which none of previous LPPLS-related research has covered.

Figure 6 records the (-30 days ,30 days) event window of price performance on the
condition that the LPPLS confidence indicator meets different positive thresholds
(defined in section 3.3). The graph indicates that, the higher the alarm thresholds, the
larger is the increase in the average stock price within 30 days before the event date.
Interestingly, after the event date, the outcomes exhibit two kinds of price trajectories.
The green lines of the lower thresholds show that the price average will reach plateaus,
while the red lines of the higher thresholds show that, the higher the signals, the more
will be the number of precipitous crashes. Thus, we can conclude that the stronger the
positive LPPLS confidence indicator (filtered by the thresholds), the larger is the
confidence of a stronger unsustainable upward price acceleration (positive bubble), and
the higher is the likelihood of a steep price decline thereafter (bubble crash). We
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reconcile figures 5 and 6 by noting that the average presented in the left graph of Figure
5 is dominated by the lower thresholds shown in Figure 6, which are much more
numerous and correspond to a transition to a plateau. For thresholds larger than 0.5, we

observe a clear drawdown following the peak, which include 194 out of 1,131 events.
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Figure 6. Plot of the Cumulative Average Abnormal Return (CAAR) for positive LPPLS events
according to different LPPLS Positive Alarm Thresholds defined in section 3.3. The event
window covers 30 days before to 30 days after each event for the Chinese CSI SWS Industry
Groups from 2005 to 2020 described in section 3.4. The averages are performed over the
corresponding subsets of a total of 1131 positive bubble alarm events corresponding to the
different LPPLS Positive Alarm Thresholds (condition to just be positive bubbles). The number
of events in each threshold class is given in Table 1. The Abnormal Return (AR) (3) is calculated

by using the Market Model (2).

Plot (a) of Figure 7 classifies the price performance for LPPLS confidence
indicators that fall into different alarm intervals. This figure confirms the relationship
between the level of the LPPLS confidence indicator and the extent of post-event price
performances—the larger is the association between the positive LPPLS confidence
and fiercer increases, the more aggressive are the price declines. Conversely, the
smaller positive LPPLS confidence indicator does not necessarily predict crashes;

instead, the average price performance might still have an upward trend, but the speed
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of the price increase clearly drops after the event date. In particular, the strongest
positive LPPLS confidence indicator average shows a more than 17% relative return
drop in around 15 trading days (leading to a 283% annual linear loss) in the Chinese
market.

Plot (b) of Figure 7 presents a sanity check that our results are not just rediscovering
the standard short term reversal effect (Jegadeesh, 1990). It shows the Cumulative
Average Abnormal Return (CAAR) obtained from 1600 randomly selected events.
Specifically, we form eight groups of 200 events, each group defined by a given return
interval in the first 30 day period. These return intervals are 2-4%, 4-6%, 6-8%, ..., 16-
18%. In other words, for a group defined by a given return interval, say 8-10%, we pick
200 random times such that the CAAR of the Chinese stock market CSI SWS Industry
Groups over the interval from 30 days preceding each random time to this random time
is found between 8 and 10%. The curves in panel (b) of Figure 7 show the CAAR
averaged over the 200 random events in each group. The times from -30 days to 0 are
before the random event times. The positive times from 0 to 30 days correspond to the
post (random) event times. Comparing with Plot (a), the CAAR of the randomly
selected events in Plot (b) show a clear momentum effect, instead of the impressive
change of regimes in the form of transitions from strongly increasing prices to large
drawdowns detected for the larger LPPLS Confidence Indicators in Plot (a).
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Figure 7. Plot (a) presents the Cumulative Average Abnormal Return (CAAR) for 1131 positive

bubble alarm events corresponding to the different LPPLS Positive Alarm Intervals defined in
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section 3.3. The number of events in each interval class is given in Table 1. As a comparison,
plot (b) presents for 1600 randomly selected events the corresponding 30-day Cumulative
Average Abnormal Return (CAAR). The data is the Chinese CSI SWS Industry Groups from
2005 to 2020 described in section 3.4. The Abnormal Return (AR) (3) is calculated by using the
Market Model (2).

We also tested the negative LPPLS confidence indicator with different thresholds.
The result shows that the price behavior is noisier than for the positive LPPLS
confidence indicator. Figure 8 shows that the most negative LPPLS confidence
indicator values are followed by more volatile cumulative returns after the event date.
Conversely, the mildly negative LPPLS confidence indicator values are followed by

more stable price plateaus.

Cumulative Average Abnormal Returns (CAAR)

—  Confidence<-09
— Confidence<-0.8
4 Confidence<-0.7
Confidence<-0.6
Confidence<-0.5
Confidence<-0.4
Confidence<-03

—  Confidence<-0.2
2 —— Confidence<-0.1

Cumulative Performance in Percentage (%)

Event Date

Figure 8. Plot of the Cumulative Average Abnormal Return (CAAR) for negative LPPLS events
according to different LPPLS Negative Alarm Thresholds defined in section 3.3. The event
window covers 30 days before to 30 days after each event for the Chinese CSI SWS Industry
Groups from 2005 to 2020 described in section 3.4. The averages are performed over the
corresponding subsets of a total of 383 negative bubble alarm events corresponding to the

different LPPLS Negative Alarm Thresholds (condition on being negative bubbles). The number
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of events in each threshold class is given in Table 1. The Abnormal Return (AR) (3) is calculated

by using the Market Model (2).

We also classify the negative LPPLS confidence indicator into different intervals.
Relative to Figure 8, Figure 9 presents clearly that the stronger the negative alarm
signals before the peak, the more volatile is the price after the peak. It must be noted
that the patterns observed for the negative alarm signal results do not mirror those
obtained for the positive alarm signal results mentioned earlier (the higher positive
LPPLS confidence indicators are followed by large crashes). The larger negative
LPPLS confidence indicator values do not lead to strong rebounds; instead, they lead
to a higher level of volatilities. Notwithstanding this difference, there is clear evidence

that the LPPLS negative alarm signals clearly detect well-defined regime changes.
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Figure 9. Plot (a) presents the Cumulative Average Abnormal Return (CAAR) for 383 positive
bubble alarm events corresponding to the different LPPLS Positive Alarm Intervals defined in
section 3.3. The number of events in each interval class is given in Table 1. As a comparison,
plot (b) presents for 1000 randomly selected events the corresponding 30-day Cumulative
Average Abnormal Return (CAAR). The data is the Chinese CSI SWS Industry Groups from
2005 to 2020 described in section 3.4. The Abnormal Return (AR) (3) is calculated by using the
Market Model (2).

Plot (b) of Figure 9 is the analog of Plot (b) of Figure 7 for large negative CAAR
over the pre-event time interval. It shows the Cumulative Average Abnormal Return
(CAAR) obtained from 1000 randomly selected events. Specifically, we form five
groups of 200 events, each group defined by a given return interval in the first 30 day
period. These return intervals are -2 to -4%, -4 to -6%, -6 to -8%, -8 to -10%, -10 to -
12%. In other words, for a group defined by a given return interval, say -8 to -10%, we
pick 200 random times such that the CAAR of the Chinese stock market CSI SWS
Industry Groups over the interval from 30 days preceding each random time to this
random time is found between -8 and -10%. The curves in panel (b) of Figure 9 show
the CAAR averaged over the 200 random events in each group. The times from -30
days to 0 are before the random event times. The positive times from 0 to 30 days
correspond to the post (random) event times. Comparing with Plot (a) of Figure 9, the
CAAR of the randomly selected events in Plot (b) exhibit a momentum effect, rather
than the rebound and increased volatilities detected for the larger LPPLS Confidence

Indicators in Plot (a).

4.3 Event Study for the LPPLS Confidence Indicators in the US market.

Since the evidence presented in the previous section strongly rejects the null
hypothesis and thus supports the hypothesis that the LPPLS confidence indicator can
detect regime changes in China (a typical emerging market), we investigate whether the
LPPLS confidence indicator can detect regime changes occurring in the US market—a
developed market. We apply the same method, as in section 4.2, by setting positive and
negative LPPLS confidence thresholds and interval groups and event dates, as defined

in section 3.3. Our method is as follows: (i) the LPPLS Confidence indicator meets or
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crosses the LPPLS event alarm thresholds defined in section 3.3, and (ii) the LPPLS
confidence indicators enter into different LPPLS event alarm intervals defined in
section 3.3. Figures 10, 11, and 13 belong to (i), and Figures 12 and 14 belong to (ii).
The number of events in these different classes is given in Table 2 of the appendix.
For the 24 MSCI US industry groups from 2009 to 2020, all 546 positive LPPLS
alarm signal event studies give a CAAR before the LPPLS alarm event of 2.5% over
30 trading days. After the event data, the price level reached a plateau, with a potential
downward trend, as shown in Figure 10. Conversely, for the 173 negative bubble events,
the pre-event 30-day showed a 5% price downward CAAR. After the event date, the
price bounced back a little and had an upward potential trend, as shown in figure 10.
Hence, for the US market, the LPPLS confidence indicator can also be used to predict
regime changes. Notably, the aggregated positive bubbles in the US market are smaller

than those in the Chinese market.
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Figure 10. Plot of the Cumulative Average Abnormal Return (CAAR) for aggregated positive
(left) and negative (right) LPPLS events from 30 days before to 30 days after each event for the
MSCI US Industry Groups from 2009 to 2020 described in section 3.4. The averages are
performed over 546 positive and 173 negative bubble alarm events, respectively, corresponding
to the minimum threshold (condition to just be positive for positive bubbles and to be negative
for negative bubbles). The Abnormal Return (AR) (3) is calculated by using the Market Model
(2). The shadow area is the 95% confidence interval for the CAAR.

Following the same methodology as for the Chinese market with classes of events
defined by different threshold values of the confidence indicator, Figure 11 shows that
the larger the LPPLS thresholds, the larger is the subsequent drop of the price trajectory.
However, the US market’s CAAR and the relative crashes after the event date are not

as large and severe, respectively, as those of the Chinese market.
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Figure 11. Plot of the Cumulative Average Abnormal Return (CAAR) for positive LPPLS events
according to different LPPLS Positive Alarm Thresholds defined in section 3.3. The number of
events in each interval class is given in Table 2. The event window covers 30 days before to 30
days after each event for the MSCI US Industry Groups from 2009 to 2020 described in section
3.4. The averages are performed over the corresponding subsets of a total of 546 positive
bubble alarm events corresponding to the different LPPLS Positive Alarm Thresholds
(condition to just be positive bubbles). The Abnormal Return (AR) (3) is calculated by using
the Market Model (2).

We also divide the alarm signals into different intervals. Plot (a) of Figure 12 shows
results similar to those in Plot (a) of Figure 7 for the Chinese market. On average, the
larger positive LPPLS confidence indicator values correspond to sharp increases and
steep crashes, while smaller LPPLS confidence indicator values correspond to a

transition from an increased price to a plateau.
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Figure 12. Plot (a) presents the Cumulative Average Abnormal Return (CAAR) for 546 positive
bubble alarm events corresponding to the different LPPLS Positive Alarm Intervals defined in
section 3.3. The number of events in each interval class is given in Table 2. As a comparison,
plot (b) presents for 700 randomly selected events the corresponding 30-day Cumulative
Average Abnormal Return (CAAR). The data is the MSCI US Industry Groups from 2009 to
2020 described in section 3.4. The Abnormal Return (AR) (3) is calculated by using the Market
Model (2).

Plot (b) of Figure 12 is the same as Plot (b) of Figure 7, but with different return
intervals that match the different return amplitudes of the US stock market. It shows
the Cumulative Average Abnormal Return (CAAR) obtained from 700 randomly
selected events. Specifically, we form seven groups of 100 events, each group defined
by a given return interval in the first 30 day period. These return intervals are 0.5-1.0%,
1.0-1.5%, ..., 3.5-4.0%. For a group defined by a given return interval, say 3.0 to 3.5%,
we pick 100 random times such that the CAAR of the US stock market Industry Groups
over the interval from 30 days preceding each random time to this random time is found
between 3 and 3.5%. The curves in panel (b) of Figure 12 show the CAAR averaged
over the 100 random events in each group. The times from -30 days to 0 are before the
random event times. The positive times from 0 to 30 days correspond to the post
(random) event times. Comparing with Plot (a) of Figure 12, the CAAR of the randomly

selected events in Plot (b) show a momentum effect, which is clearly distinct from the
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large drawdowns following the bubble regimes detected by larger LPPLS Confidence
Indicators in Plot (a).

Testing the negative LPPLS thresholds in the United States, we find that the
negative LPPLS confidence indicator is particularly suited for detecting regime changes
in this country. Figure 13 shows that, after the event date, the index prices bounce up
immediately. Similar to the Chinese market, the higher the amplitude of the negative
LPPLS Confidence Indicator, the more volatile will be the post-event price

performance.
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Figure 13. Plot of the Cumulative Average Abnormal Return (CAAR) for negative LPPLS
events according to different LPPLS Negative Alarm Thresholds defined in section 3.3. The
number of events in each interval class is given in Table 2. The event window covers 30 days
before to 30 days after each event for the MSCI US Industry Groups from 2009 to 2020
described in section 3.4. The averages are performed over the corresponding subsets of a total
of 173 negative bubble alarm events corresponding to the different LPPLS Negative Alarm
Thresholds (condition on being negative bubbles). The Abnormal Return (AR) (3) is calculated
by using the Market Model (2).
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Plot (a) of Figure 14 shows that the stronger the negative LPPLS confidence
indicator values, the faster are the price declines before the event date and the more
sudden are the rebounds. Moreover, the larger negative bubble signals are associated

with a higher level of the volatility after the event date.
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Figure 14. Plot (a) presents the Cumulative Average Abnormal Return (CAAR) for 173 positive
bubble alarm events corresponding to the different LPPLS Positive Alarm Intervals defined in
section 3.3. The number of events in each interval class is given in Table 2. As a comparison,

plot (b) presents for 700 randomly selected events the 30-day Cumulative Average Abnormal
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Return (CAAR). The data is the MSCI US Industry Groups from 2009 to 2020 described in
section 3.4. The Abnormal Return (AR) (3) is calculated by using the Market Model (2).

Plot (b) of Figure 14 is the analog of Plot (b) of Figure 9 for large negative CAAR
over the pre-event time interval. It shows the Cumulative Average Abnormal Return
(CAAR) obtained from 700 randomly selected events. Specifically, we form seven
groups of 100 events, each group defined by a given return interval in the first 30 day
period. These return intervals are -2 to -3%, -3 to -4%, ..., -8 to -9%. For a group
defined by a given return interval, say -6 to -7%, we pick 100 random times such that
the CAAR of the US stock market Industry Groups over the interval from 30 days
preceding each random time to this random time is found between -6 and -7%. The
curves in panel (b) of Figure 12 show the CAAR averaged over the 100 random events
in each group. The times from -30 days to 0 are before the random event times. The
positive times from 0 to 30 days correspond to the post (random) event times.
Comparing with Plot (a) of Figure 14, the CAAR of the randomly selected events in
Plot (b) exhibit a momentum effect, in clear contrast with the rebound and increased

volatility effect detected by larger LPPLS Confidence Indicators in Plot (a).

4.4 Comparison between the US and Chinese markets

The evidence presented in previous sections for both the US and Chinese markets
strongly rejects the null hypothesis that no regime change can be detected and supports
the alternative hypothesis that the LPPLS confidence indicator can predict regime
changes around event dates corresponding to market peaks. The model detects clear
breaks in the price acceleration before the event date, followed by a correction or
plateau after the event date, depending on the amplitude of the LPPLS confidence
Indicators. The pre-event price accelerations of positive bubbles in the US market are
smaller than those in the Chinese market. The industry groups in the Chinese market
tend to have synchronized LPPLS confidence indicator values, even though each
industry has a different cycle. This phenomenon suggests that the different trends

observed in the Chinese market are the result of the collective behavior of several

45



industries. This finding implies stronger herding behaviors in the whole market
developing in synchrony.

We have used the thresholds and intervals to decompose and categorize the LPPLS
confidence indicator in different event classes. The analysis shows that, for positive
LPPLS confidence indicators in both the US and Chinese markets, larger thresholds
and interval values are associated with severe price drops within a very short period (a
crash) after the event date. However, the price after the event date for lower quantile
groups tends to reach a plateau. We conclude that the crashes that economists would
like to characterize are associated with the interval groups with the larger positive
LPPLS Confidence indicators.

For negative bubbles in both the US and Chinese markets, the magnitudes of the
bounce-backs following the event date are mild, which breaks the symmetry with the
price patterns documented for positive bubbles. Moreover, we observe that price

volatilities increase in both the US and Chinese markets after the event date.

4.5 Interpretation of the two classes of post-event dynamics: Overreaction and

Underreaction

Figure 15 summarizes our main findings on how an accelerating price trajectory ends.
Specifically, we identify two classes of regime shifts—(i) super-exponential price
growth followed by a crash (genuine bubble) and (ii) super-exponential price growth
followed by a plateau, suggesting a convergence to a relatively stable price level

(apparent bubble).
Price
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Figure 15. Simplified representation of the two regime shifts identified in the study of

accelerated price trajectories in the Chinese and US markets. Left: a genuine bubble followed
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by a crash or large drawdown. Right: apparent bubble with strong price growth culminating

in a plateau, suggesting a new consensus for the underlying fundamental value.

In the genuine bubble case (left panel of figure 15), the price overshoots and
subsequently corrects with a drawdown. Specifically, after the price accumulates a large
deviation from its implicit fundamental value (i.e., the stable price level), selling orders
may suddenly synchronize, while there is an exhaustion of available cash for buying
orders. Together, the large synchronized sell-out orders and the absence of buyers lead
to a cascading decline in prices. This synchronization behavior can be detected by the
LPPLS model as shown above (Sornette and Cauwels, 2015a).

In the apparent bubble case (right panel of figure 15), the accelerating price should
be interpreted as, in fact, a slow convergence (even if accelerating) to a stable price
level. Investors may misinterpret this price acceleration as a genuine bubble and short
it. However, this would be unsuccessful, owing to the progressively growing consensus
on the underlying value of the assets. The plateau, following the break in the
acceleration phase, embodies the new equilibrium associated with all available
information that has finally been digested by the investors.

In an efficient market, a stock price ought to perfectly adjust to a new level (almost)
immediately after new information comes to the market (Fama, 1970). However, in line
with a large body of literature presenting evidence against the EMH theory, the speed
and magnitude of a price adjustment are not always efficient, and the market is, to some
extent, predictable owing to structural and behavioral reasons. In addition, arbitrage
opportunities can exist for a long-time in the presence of frictional costs and risks. Our
empirical result strongly rejects the EMH that the current price reflects all of the
information. Our finding suggests that it is possible to predict the market price patterns
based on the past price trajectory, at least in pockets of predictability associated with
large amplitudes of the LPPLS confidence indicator.

Our finding of the two types of regime changes is somewhat related to the
overreaction hypothesis and underreaction hypothesis. Overreaction indicates that
investors tend to be excessively optimistic about new information, and hence stock
prices tend to go beyond their true value and are followed by subsequent corrections.

This is exemplified by the genuine bubble regime shown in the left panel of Figure 15.
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Underreaction, which always leads to price momentum or post-earnings announcement
price drift, implies that stock prices change less than their true value justified by the
news (De Bondt and Thaler, 1985). This leads to delays in the price adjustment
processes, as illustrated in the right panel of Figure 15.

We have found that larger LPPLS confidence indicator values (implying longer
super-exponential price trajectories) statistically lead to faster and larger price
corrections, which suggests an overreaction. In contrast, smaller LPPLS confidence
indicator values (indicating shorter super-exponential price trajectories) are associated
with a price plateau after the event date. This shows that the LPPLS confidence
indicator can detect regime changes both in the presence of overreaction and
underreaction, according to the strength of the indicator. Thus, we can conclude that
the LPPLS confidence indicator can wunify the overreaction and underreaction
hypotheses, converging to a similar conclusion as that of Hong and Stein (1999), while
using different models.

Few academic studies have provided behavioral explanations of overreaction and
underreaction. They suggest that overreaction comes from herding, representativeness,
and overconfidence. They attribute underreaction to anchoring, conservatism, the
disposition effect, and the slow diffusion of information (Antonacci, 2016).

In the case of overreaction, investors tend to herd when information is scarce or
not easily available (Bikhchandani and Sharma, 2000). It is boundedly rational to
imitate in the absence of sufficient information (Roehner and Sornette, 2000). Young
male investors with lower portfolio values and less educated investors exhibit more
overconfidence, and thus display more irrational behavior (Tekce and Yilmaz, 2015).
Representativeness, as defined by Tversky and Kahneman (1974), refers to the fact that
investors believe that the history of a remarkable performance of a given firm is
representative of the firm performance and that this will continue by extrapolation.
Hence, overreaction can be a part of the explanation for the occurrence of bubbles. The
literature discusses several other mechanisms (e.g., Kaizoji and Sornette, 2010;
Brunnermeier and Oehmke, 2013; Xiong, 2013; Sornette and Cauwels, 2015b).

Concerning underreaction, investors are influenced by the initial price as the
reference point, which leads to adjustments of their usually insufficient estimation. This

is known as the anchoring effect (Hong and Stein, 1999). This underreaction is also
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attributed to conservatism, which means that people tend to cling to their prior views at
the expense of acknowledging new information (Kahneman and Tversky, 1979). The
disposition effect, proposed by Shefrin and Statman (1985), holds that investors are
likely to sell the profit-making stocks while holding the loss-making stocks. The theory
on the slow diffusion of information holds that the slow diffusion of information and
interaction between investors can explain price underreaction and overreaction in the
short- and mid-runs, respectively (Hong and Stein, 1999). While possibly part of the
explanation of the dynamical development of apparent bubbles, these effects may not
fully elucidate why the price plateaus at the end of the accelerated price phase. In an
apparent bubble, the market participants progressively convince themselves that the
new correct price is higher. However, this self-convincing takes a long time (weeks,
months, or years) and likely involves imitation, herding, and various feedback loops!!,
together with some form of fundamental information that anchors the price to its final

plateau.

4.6 Leverage effect for the negative LPPLS Confidence Indicators

Following a large price appreciation, based on a strong reading of the positive
LPPLS confidence indicator, the price corrects in a crash or large drawdown. Following
a large price depreciation, based on a strong reading of the negative LPPLS confidence
indicator, the price does not rebound as it would if there were symmetry between
upward price acceleration for positive bubbles and downward price acceleration for
negative bubbles. Conversely, a large price depreciation, based on a strong reading of
the negative LPPLS confidence indicator, is followed by an increase in its volatility,
and not so much by a rebound (which would be the symmetric shape to a crash).

Two explanations can be advanced for this increased volatility following a strong
price decline associated with a negative bubble. The leverage effect, first proposed by
Black (1976), might be part of the explanation. When asset prices decline, companies
become more leveraged as the ratio of their debt value over equity rises. This increases

the leverage of the firms’ capital structures. The increased leverage deteriorates the

1 It is similar to the positive feedback investment strategies proposed by DeLong et al. (1990).
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financial state of public companies and, consequently, increases the systematic risk of
common stocks. Consequently, the cost of capital becomes larger to reflect the higher
risk of financial insolvency, generating a volatility feedback effect (Campbell and
Hentschel, 1992). Thus, declines in stock prices are expected to be accompanied by
increases in volatility (Nelson, 1991 Engle and Ng, 1993). However, this explanation
may be insufficient to explain the observed increases in volatility after a price decline.
Other mechanisms, including behavioral ones, may play a significant role (Figlewski
and Wang, 2000; Bouchaud, Matacz, and Potters, 2001).

A second explanation may be captured by the statement that “misfortunes never
come singly.” Ding, Giesecke, and Tomecek (2009) note the existence of a cross-
sectional self-exciting behavior of volatility in the sense that the default or the large
negative shock to one company, cross-sectionally, tends to increase the likelihood of
default or large downward movements of other companies (see also Sieczka, Sornette,
and Holyst, 2011, Smug et al., 2022). Overall, such cross-sectional propagation leads
to a self-exciting pattern in the market and, therefore, volatility spillovers from one
company to others. Thus, investors are likely to observe that one episode of market
turmoil increases the chance of another subsequent turmoil (Azizpour, Giesecke, and
Schwenkler, 2018; Smug et al., 2022). Accordingly, when bad news is initially released
to the public, the price might drop. In such a scenario, while some investors might sell
the stock owing to stop-loss orders, margin calls, portfolio insurance, or regulatory
constraints, others may buy the cheaper stock. Overall, there is an increase in
transaction volume, translating into an increase in volatility (Gabaix, Gopikrishnan,
Plerou, and Stanley, 2003). In the presence of the self-exciting behavior mentioned
above, the initial negative shock, like the tip of the iceberg, might lead to more bad

news and further increase the volatility of the stock price!2.

5. Conclusion

We applied the event study method to study systematically the LPPLS (log-

periodic power law singularity) confidence indicators. The daily closing prices of the

12 An illustration is Lehman Brothers’ closure on September 15, 2008.
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Chinese CSI SWS industry groups and MSCI US industry groups were used to identify
positive and negative bubbles. The event study method allowed us to statistically
characterize the pre- and post-event price behaviors of positive and negative bubbles.

Our main result strongly supports the hypothesis that the LPPLS confidence
indicator can detect regime changes. Thus, it shows that the market is inefficient and
future price patterns can be predicted based on the past price information, at least in
pockets of predictability associated with the ends of financial bubbles.

We reached three important conclusions. First, based on extensive event studies in
both the US and Chinese markets, we found that the LPPLS framework can
systematically detect unsustainable price increases and decreases (including bubbles)
with only price data, ex-ante and causally. In this manner, we refuted the claims by
Fama (2014) and Greenwood et al. (2019) that bubbles cannot be identified in real time.

Second, we found bubbles at the industry-group level in both China and the US
markets. We showed that a smaller LPPLS confidence indicator can detect a short-term
continuation, while a larger indicator can detect a strong reversal. Particularly, the
Chinese market showed stronger collective bubbles (followed by predictable price
decline) that develop in different industries simultaneously, despite their different
business cycles. However, stronger bubbles in the US market (followed by a largely
predictable price decline) are relatively evenly distributed in different industry groups
over time, suggesting more decoupling. Moreover, both positive bubbles and crashes
are significantly more extreme in the Chinese market than that in the US market.

Third, positive and negative bubbles are not symmetric, and the alarms obtained
from the LPPLS confidence indicator do not always diagnose the occurrence of
subsequent crashes. For positive bubbles, larger positive LPPLS confidence indicator
values diagnose an overactive price behavior, leading to a peak followed by a crash. In
contrast, a smaller LPPLS confidence indicator value predicts a regime change to a less
extreme regime—just a plateau breaking the preceding accelerating price. For negative
bubbles, the US market shows a clearer rebound behavior following the price trough,
relative to the Chinese bubbles. However, in both markets, the larger the amplitude of
the negative alarm signals, the more volatile is the price after the critical time of the

price peak.
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Finally, we conclude that a simple classification of price regimes based on the
LPPLS confidence indicator can predict price regime switching in both the US and
Chinese. Our model can also unify the overreaction and underreaction phenomena.
Particularly, strong positive LPPLS confidence indicators predict a strong price decline

following a large price appreciation, which, according to Fama’s definition, is a bubble.
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Appendices
Appendix A: The construction of the LPPLS Confidence Indicator

We use equation (1) to detect financial bubble patterns in financial price time series, by
fitting the model to data. Naturally, we need to check the goodness of each fit, that is, whether
a fit qualifies a bubble signal. Moreover, since we are dealing with noisy financial data, it is
better to do multiple fits at each time point to build a strong indicator, than simply to do just
one fit. Based on these ideas, we used the LPPLS Confidence Indicator. We now discuss in
detail the construction of the LPPLS Confidence Indicator, especially the two most important

aspects of it, namely the goodness of fit and the multiple fits at each time point.

An important ingredient of the LPPLS Confidence Indicator is the manner of qualifying a good
fit of the LPPLS model. The first thing one can imagine is the loss function, for instance, the
mean squared error (MSE) between each element in the input log prices and the corresponding
LPPLS fits. Thus, our first criterion of a good LPPLS fit is based on the MSE loss. In other
words, if the MSE of a fit is larger than a threshold, the fit is considered bad, that is, it does not
qualify a bubble signal. However, that does not mean that a low MSE fit alone qualifies as a
good fit, because a bubble pattern has its unique characteristics, which leads to our next criterion
for good LPPLS fits.

Our second criterion is the relative closeness of tc to t,, where tc is one of the fitted parameters
of the LPPLS model, indicating the time that a bubble, if it exists, will become unsustainable.
Here, t, is the timestamp of the last data point in the price time series used to fit the model. The
calibration is performed on the log-price data in a time window starting from the start time t,
to the current time t,. If t. is far away from t,, in the sense that |t.-t,|/|t,-t;] is larger than a
threshold, the fit does not qualify as a bubble signal.

For the third criterion, we first introduce an indicator called damping, which is defined as
|IBm|/|Cw|, and denotes the intensity of a bubble, if it exists. The indicator comes from the fact
that, in the JLS rational bubble expectation formulation (Johansen et al., 1999; 2000), the
derivative of the expected log-price is proportional to the crash hazard rate, and thus must
remain positive by definition of a probability. The condition for this to hold is |[Bm|/|Cw| > 1
(Bothmer and Meister, 2003). This motivates us to define the “damping” parameter |Bm|/|Co|
and use its quantitative values for classification (while not imposing the strict lower threshold

of 1). A good LPPLS fit is then such that the damping parameter is larger than a threshold.
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The fourth criterion concerns parameter m, which should be between 0 and 1. This is to
describe that, in a bubble phase, the prices usually accelerate before they correct. A value m=1
would correspond to a linear average log-price increases (i.e., an average exponential growth
of the price) and values m>1 correspond to concave decelerating expected log-prices.

The fifth criterion concerns the number of oscillations of the fitted model, which is
required to be larger than some threshold. If there are not so many oscillations, the probability
that a bubble is mature or even exists is interpreted as low. The number of oscillations can be
easily computed from the parameters of the LPPLS model, giving olog(|t-t.|/|t;-t[)/2m).

When a fit passes all the above criteria, it qualifies as a bubble signal. At the same time,
we need to check the sign of parameter B. If B is positive, it detects a negative bubble and the
confidence indicator takes a negative sign; otherwise, it detects a positive bubble, and the
confidence indicator takes a positive sign.

Another ingredient of the LPPLS Confidence Indicator involves multiple fits. As discussed
above, for a time series from t, to t,, we fit the log-prices in a series of historical time windows
ending at t,, which are [t,-30, t,], [t,-35, t5], ..., [t1, t2]. We usually use a step size of 5 days to
define increasing time window lengths from a minimum of 30 days to a maximum equal to t,-
t;. This is a compromise between having sufficient statistics and robustness over many time
windows while keeping computation efforts to a reasonable level. When we fit the log-price in
all these time windows, we apply the aforementioned criteria to filter out fits that do not qualify
as reliable bubble signals.

The LPPLS Confidence Indicator is thus the fraction of good fits among the fits spanning
all time windows. We compute the median value of damping indicators of these qualified fits,
which quantifies the severity of the bubble. It is clear that a large LPPLS Confidence indicator
indicates a stably growing bubble found consistently across many time windows of increasing
sizes, while a high median damping indicator of qualified fits indicates that the bubble has a
significant amplitude.

The process of constructing the LPPLS Confidence Indicator can be summarised as

follows:
1. We determine the size (number of time stamps) of the input time series, denoted by T=t,-t,
which is a fixed meta parameter, the threshold for the MSE denoted by err, the threshold for

the closeness of t, to t, denoted by t.q4, the threshold for the damping parameter denoted by
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d, the threshold for the number of oscillations denoted by osc.

2. For aprice series from t; to t,, we fit the LPPLS model and get the corresponding parameters
A, B, C, m, ®, @, t.. With these parameters, we compute the MSE, the closeness of t. to t,,
denoted by [t-t,|/|t,-t;|, the damping indicator | Bm|/|Cw|, and the number of oscillations
olog(|to-t|/|ti-t.[)/2m). Only if all criteria of a “good” fit are met, that is, MSE<err, |t.-to|/|t,-

ti[<t.q, IBm|/|Co[>d, 0<m<1, and wlog(|t,-t.|/|t;-t.|)/27)>0sc, then the fit will be qualified.

3. We apply step 2 to all n time windows [t,-30, t,], [,-35, t2], ..., [t1, t2], Where n=[(t,-t;-30)/5],

and obtain the number of qualified fits m.

4. The LPPLS Confidence Indicator is m/n.
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Appendix B

Table 1. Statistics of the LPPLS Alarm in the Chinese market.

Chinese LPPLS Alarm Signal

Thresholds) —— Event Study

Positive Alarm

Negative Alarm

Thresholds Total Events Valid Events Thresholds Total Events Valid Events
Confidence =1 31 30 Confidence =-1 3 3
Confidence >0.9 62 60 Confidence <-0.9 3 3
Confidence >0.8 79 77 Confidence <-0.8 9 9
Confidence >0.7 100 98 Confidence <-0.7 13 13
Confidence >0.6 138 136 Confidence <-0.6 23 23
Confidence >0.5 194 191 Confidence <-0.5 29 29
Confidence >0.4 292 289 Confidence <-0.4 44 44
Confidence >0.3 393 385 Confidence <-0.3 80 80
Confidence >0.2 576 566 Confidence <-0.2 154 154
Confidence >0.1 916 894 Confidence <-0.1 330 330
Confidence >0.0 1131 1108 Confidence < 0 383 383
Chinese LPPLS Alarm Signal (Interval) —— Event Study

Positive Alarm

Negative Alarm

Intervals Total Events Valid Events
Interval ( 1, 0.9) 92 90
Interval (0.9, 0.8) 113 112
Interval (0.8, 0.7) 87 87
Interval (0.7, 0.6) 103 103
Interval (0.6, 0.5) 121 120
Interval ( 0.5, 0.4) 176 172
Interval (0.4, 0.3) 241 240
Interval (0.3, 0.2) 332 330
Interval (0.2, 0.1) 458 445
Interval (0.1, 0) 317 311

Intervals Total Events Valid Events

Interval ( -1, -0.9) 3 3

Interval (-0.9, -0.8) 6 6

Interval (-0.8, -0.7) 4 4

Interval (-0.7, -0.6) 10 10
Interval (-0.6, -0.5) 6 6
Interval ( -0.5, -0.4) 15 15
Interval (-0.4, -0.3) 36 36
Interval (-0.3, -0.2) 74 74
Interval (-0.2, -0.1) 176 176
Interval (-0.1, 0) 53 53

Table

2. Statistics of the LPPLS Alarm Events in the US market.

US LPPLS Alarm Signal (Tt

holds) — Event Study

Positive Alarm

Negative Alarm

Thresholds Total Events Valid Events

Thresholds Total Events Valid Events

Confidence =1 32 30 Confidence =-1 30 30
Confidence >0.9 76 74 Confidence <-0.9 36 36
Confidence >0.8 114 112 Confidence <-0.8 51 51
Confidence >0.7 137 134 Confidence <-0.7 60 60
Confidence >0.6 185 180 Confidence <-0.6 7 ?7
Confidence >0.5 237 231 Confidence <-0.5 88 88
Confidence >0.4 310 304 Confidence <-0.4 106 106
Confidence >0.3 372 366 Confidence <-0.3 134 134
Confidence >0.2 461 456 Confidence <-0.2 153 153
Confidence >0.1 525 520 Confidence <-0.1 167 167
Confidence > 0 546 541 Confidence < 0 173 173

US LPPLS Alarm Signal (Interval) —— Event Study

Positive Alarm

Negative Alarm

Intervals Total Events Valid Events
Interval (1, 0.9) 76 74
Interval (0.9, 0.8) 38 38
Interval (0.8, 0.7) 23 22
Interval (0.7, 0.6) 48 46
Interval (0.6, 0.5) 52 51
Interval ( 0.5, 0.4) 73 73
Interval (0.4, 0.3) 62 62
Interval (0.3, 0.2) 90 90
Interval (0.2, 0.1) 64 64
Interval (0.1, 0) 21 21

Intervals Total Events Valid Events

Interval ( -1, -0.9) 36 36
Interval (-0.9, -0.8) 18 18
Interval (-0.8, -0.7) 14 14
Interval (-0.7, -0.6) 22 22
Interval (-0.6, -0.5) 18 18
Interval ( -0.5, -0.4) 25 25
Interval (-04, -0.3) 34 34
Interval (-0.3, -0.2) 23 23
Interval (-0.2, -0.1) 15 15
Interval (-0.1, 0) 6 6

56




7. References

Abreu, D., Brunnermeier, M., 2002. Synchronization risk and delayed arbitrage, Journal of
Financial Economics 66 (2-3), 341-360.

Abreu, D., Brunnermeier, M., 2003. Bubbles and crashes. Econometrica 71 (1), 173-204.

Akaev, A., Fomin, A., Tsirel, S., Korotayev, A., 2011a. Log—periodic oscillation analysis
forecasts the burst of the “Gold Bubble” in April-June 2011. Structure & Dynamics, 5,
3-18.

Akaev, A., Fomin, A., Tsirel, S., Korotayev, A., 2011b. The second wave of the global crisis?
A log—periodic oscillation analysis of commodity price series. Unpublished Working
Paper. 1107.0480.

Allen, F., Gorton, G., 1993. Churning bubbles. The Review of Economic Studies 60 (4), 813—
836.

Allen, F., Morris, S., Postlewaite., A., 1993. Finite bubbles with short sale constraints and
asymmetric information. Journal of Economic Theory 61 (2), 206-229.

Almazan, A., Brown, K., Carlson, M., Chapman, D., 2004, Why constrain your mutual fund
manager? Journal of Financial Economics 73, 289-321.

Andersen, J.V. and D. Sornette, 2004. Fearless versus Fearful Speculative Financial Bubbles.
Physica A: Statistical Mechanics and its Applications 337 (3—4), 565-585.

Andreassen, P., Kraus, S., 1990. Judgmental extrapolation and the salience of change. Journal
of Forecasting 9(4), 347-372.

Anifrani, J., Le Floc'h, C., Sornette, D., Souillard, B., 1995. Universal log—periodic correction
to renormalization group scaling for rupture stress prediction from acoustic emissions.
Journal de Physique I 5(6), 631-638.

Antonacci, G., 2016. Why does dual momentum outperform? Information and Research
Review, Dual Momentum. https://www.hvst.com/posts/why—does—dual-momentum—
outperform—XaWTrnrx.

Ardila—Alvarez, D., Cauwels, P., Sanadgol, D., Sornette, D., 2013. Is there a real estate bubble
in Switzerland? Swiss Real Estate Journal 6, 38—47.

Ardila—Alvarez, D., D. Sanadgol, P. Cauwels and D. Sornette, 2017. Identification and critical
time forecasting of real estate bubbles in the U.S.A. Quantitative Finance 17 (4), 613—

631.

57


https://ideas.repec.org/a/eee/jetheo/v61y1993i2p206-229.html
https://ideas.repec.org/a/eee/jetheo/v61y1993i2p206-229.html
https://ideas.repec.org/s/eee/jetheo.html
https://www.hvst.com/posts/why-does-dual-momentum-outperform-XaWTrnrx
https://www.hvst.com/posts/why-does-dual-momentum-outperform-XaWTrnrx

Ardila—Alvarez, D., D. Sanadgol and D. Sornette, 2018. Out—of—sample forecasting of housing
bubble tipping points. Quantitative Finance and Economics 2(4), 904-930.

Ardila—Alvarez, D., Forr6 Z., Sornette, D., 2021. The acceleration effect and gamma factor in
asset pricing. Physica A: Statistical Mechanics and its Applications 569, 125367.
Available at SSRN: https://ssrn.com/abstract=1295834.

Azizpour, S., Giesecke, K., Schwenkler, G., 2018. Exploring the sources of default clustering.
Journal of Financial Economics 129(1), 154-183.

Ball, R., Brown, P., 1968. An empirical evaluation of accounting income numbers. Journal of
Accounting Research 6 (2), 159-178.

Barberis, N., Thaler, R., 2003. Handbook of the economics of finance. (Eds: G. M.
Constantinides, M. Harris, R. Stulz). Elsevier Science BV., Amsterdam.

Barberis, N., Shleifer, A., Vishny, R., 1998. A model of investor sentiment. Journal of Financial
Economics 49(3), 307-343.

Barroso, P., Santa—Clara, P., 2015. Momentum has its moments. Journal of Financial
Economics 116, 111-120.

Bartolozzi, M., Drozdz, S., Leinweber, D., Speth, J., 2005. Self—similar log—periodic structures
in Western stock markets from 2000. International Journal of Modern Physics C 16 (9),
1347-1361.

Bastiaensen, K., Cauwels, P., Sornette, D., Woodard, R., and Zhou, W.—X., 2009. The Chinese
equity bubble: ready to burst. [Online] Available at: http://arxiv.org/abs/0907.1827.

Bianchetti, M., Galli, D., Ricci, C., Salvatori, A., Scaringi, M., 2016. Brexit or Bremain?
Evidence from bubble analysis (June 20, 2016). In Proceedings of the 1st Workshop on
Mining Data for Financial Applications (MIDAS 2016), September 19-23, 2016, edited
by I. Bordino, G. Caldarelli, F. Fumarola, F. Gullo, T. Squartin, Available at SSRN:
https://ssrn.com/abstract=2798434.

Bikhchandani, S., Sharma, S., 2000. Herd behavior in financial markets. IMF Economic
Review 47, 279-310.

Black, F., 1976. Studies of stock market volatility changes. Proceedings of the American
Statistical Association Business and Economic Statistics Section. American Statistical
Association, Washington D.C.

Black, F., 1986. Noise. Journal of finance 41(3), 528-543.

58


https://ssrn.com/abstract=2798434

Blanchard, O., 1979. Speculative bubbles, crashes and rational expectations. Economic Letters
3, 387-3809.

Blanchard, O., Watson, M., 1982. Bubbles, rational expectations, and financial markets. In:
Paul, W. (Ed.), Crises in the Economic and Financial Structure. Heathand Company,
Lexington, MA: D.C., pp. 295-316

Board of Governors of the Federal Reserve System (US), 1971. Reappraisal of the Federal
Reserve Discount Mechanism (Vol. 1). Board of Governors of the Federal Reserve
System. Federal Reserve System, St. Louis

Bolonek—Lason, K., Kosinski, P., 2011. Note on log—periodic description of 2008 financial
crash. Physica A: Statistical Mechanics and its Applications 390, (23-24), 4332—-4339.

Bothmer, H., Meister, C., 2003. Predicting critical crashes? A new restriction for the free
variables. Physica A: Statistical Mechanics and its Applications 320, 539-547.

Bouchaud, J., Matacz A., Potters, M., 2001. Leverage effect in financial markets: the retarded
volatility model. Physical Review Letters 87 (22), 228701.

Brauers, M., Thomas, M., Zietz, J., 2014. Are there rational bubbles in REITS? New evidence
from a complex systems approach. Journal of Real Estate Finance and Economics 49
(2), 165-184.

Bree, D., Challet, D., Peirano, P., 2010. Prediction accuracy and sloppiness of log—periodic
functions. Quantitative Finance 13 (2), 275-280.

Brunnermeier, M., Nagel, S., 2004, Hedge funds and the technology bubble. Journal of Finance
59 (5), 2013-2040.

Brunnermeier, M., Oehmke, M., 2013. Bubbles, financial crises, and systemic risk. Handbook
of the Economics of Finance, Elsevier B.V. Amsterdam (Available at:
http://dx.doi.org/10.1016/B978-0-44-459406—-8.00018—4)

Cajueiro, D., Tabak, B., Wernecka, F., 2009. Can we predict crashes? The case of the Brazilian
stock market. Physica A: Statistical Mechanics and its Applications 388 (8), 1603—1609.

Campbell, J., Hentschel, L., 1992. No news is good news: An asymmetric model of changing
volatility in stock returns. Journal of financial Economics 31(3), 281-318.

Chen, J., Hong, H., and Stein, J., 2002. Breadth of ownership and stock returns. Journal of

Financial Economics 66, 171-205.

59



Cheng, F., Fan, T., Fan, D., Li, S., 2018. The prediction of oil price turning points with log—
periodic power law and multi—population genetic algorithm. Energy Economics 72(C),
341-355.

Chong, L., 2017. Log—periodic view on critical dates of the Chinese stock market bubbles.
Physica A: Statistical Mechanics and its Applications 465, 305-311.

Clark, A., 2004. Evidence of log—periodicity in corporate bond spreads. Physica A: Statistical
Mechanics and Its Applications 338(3—4), 585-595.

Cochrane, J., 2003. Stocks as money: convenience yield and the tech—stock bubble. In: Hunter,
W.C., Kaufman, G.G., Pomerleano, M. (Eds.), Asset Price Bubbles. MIT Press,
Cambridge.

Dai, B., Zhang, F., Tarzia, D., Ahn, K., 2018. Forecasting financial crashes: revisit to log—
periodic power law. Complexity 2018. https://doi.org/10.1155/2018/4237471

Daniel, K., Amos, T., 1979. Prospect theory: an analysis of decision under risk. Econometrica
47(2), 263-291.

Daniel, K., Hirshleifer, D., Subrahmanyam, A., 1998. Investor psychology and security market
under-and overreactions. Journal of Finance 53(6), 1839—1885.

Daniel, K., Moskowitz, T., 2016. Momentum crashes, Journal of Financial Economics 122(2),
221-247.

De Bondt, W., Thaler, R., 1985. Does the stock market overreact? Journal of Finance 40(3),
793-805.

De Long, B., Shleifer, A., Summers, L., Waldmann, R. 1990a. Noise trader risk in financial
markets. Journal of Political Economy 98, 703—738.

DeLong, J., Shleifer, A., Summers, L., Waldmann, R., 1990b. Positive feedback investment
strategies and destabilizing rational speculation. Journal of Finance 45:379-95.
Demos, G., Sornette, D., 2017. Birth or burst of financial bubbles: which one is easier to

diagnose? Quantitative Finance 17(5), 657-675.

Demos, G., Sornette, D., 2019. Comparing nested data sets and objectively determining
financial bubbles' inceptions. Physica A: Statistical Mechanics and its Applications 524,
661-675.

Ding, X., Giesecke, K., Tomecek, P. L., 2009. Time—changed birth processes and multiname
credit derivatives. Operations Research 57(4), 990-1005.

60


https://ideas.repec.org/s/eee/eneeco.html

Drozdz, S., Grummer, F., Ruf, F., Speth, J., 2003. Log—periodic self—similarity: an emerging
financial law? Physica A: Statistical Mechanics and its Applications 324 (1-2), 174—
182.

Drozdz, S., Kwapien, J., Oswiecimka, P. Speth, J., 2008. Current log—periodic view on future
world market development. Acta Physica Polonica A 114, 539-546.

Dunbar, R., 1998. The social brain hypothesis. Evolutionary Anthropology 6, 178—190.

Edwards, W., 1968. Conservatism in Human Information Processing. In B. Kleinmuntz (Ed.),
Formal Representation of Human Judgment. Wiley, New York, pp. 17-52.

Engle, R., Ng, V., 1993. Measuring and testing the impact of news on volatility. Journal of
Finance 48(5),1749-1778.

Fama, E., 1965. The behaviour of stock—market prices. Journal of Business 38(1), 34—105.

Fama, E., 1970. Efficient capital markets: A review of theory and empirical work. Journal of
Finance 25(2), 383—417.

Fama, E., 2014. Two pillars of asset pricing. American Economic Review 104(6), 1467-85.
Page 374.

Fama, E., French, K., 1993. Common risk factors in the returns on stocks and bonds. Journal
of Financial Economics 33, 3-56.

Fama, E., French K., 2018. Choosing factors. Journal of Financial Economics 128(2), 234-252.

Fama, E., French, K., 1996. Multifactor explanations of asset pricing anomalies. Journal of
Finance 51(1), 55-84.

Fama, E., French, K., 2015. A five—factor asset pricing model. Journal of Financial Economics
116(1), 1-22.

Feigenbaum, J., Freund, P., 1996. Discrete scale invariance in stock markets before
crashes. International Journal of Modern Physics B 10 (27), 3737-3745.

Figlewski, S., Wang, X., 2000. Is the "leverage effect" a leverage effect? NYU Working Paper
No. S-CDM-00-09,

Filimonov, V., Demos, G., Sornette, D., 2017. Modified profile likelihood inference and
interval forecast of the burst of financial bubbles. Quantitative Finance 17(8), 1167—
1186.

Filimonov, V., Sornette, D., 2013. A stable and robust calibration scheme of the log—periodic
power law model. Physica A: Statistical Mechanics and its Applications 392(17), 3698—
3707.

61



Friedman, M., 1953. The case for flexible exchange rates. Essays in positive economics.
Chicago, Chicago University Press.

Froot, K., Obstfeld, M., 1991. Intrinsic bubbles: the case of stock prices. The American
Economic Review 81 (5), 1189-1214.

Fry, J., 2009. Statistical modelling of financial crashes: Rapid growth, illusion of certainty and
contagion. EERI Research Paper Series EERI RP 2009 10, Economics and
Econometrics Research Institute (EERI), Brussels.

Fry, J., 2014. Multivariate bubbles and antibubbles, MPRA Paper 56081. University Library of
Munich, Germany.

Fry, J., Burke, M., 2020. An option—pricing approach to election prediction. Quantitative
Finance 20 (10), 1583—1589.

Gabaix, X., Gopikrishnan P., Plerou V., Stanley, H.E., 2003. A theory of power—law
distributions in financial market fluctuations. Nature 423 (6937), 267-270.

Gazola, L., Fernandes, C., Pizzinga, A., Riera, R., 2008. The log—periodic—AR (1)-GARCH
(1,1) model for financial crashes. The European Physical Journal B 61, 355-362.

Geraskin, P., Fantazzini, D., 2013. Everything you always wanted to know about log—periodic
power laws for bubble modeling but were afraid to ask. The European Journal of
Finance 19(5), 366-391.

Gerlach, J.-C., G. Demos and D. Sornette, 2019. Dissection of Bitcoin's Multiscale Bubble
History from January 2012 to February 2018. Royal Society Open Science 6, 180643.

Gerlach, J., Zhao, D., Sornette, D., 2020. Forecasting financial crashes: A dynamic risk
management approach. Swiss Finance Institute, Switzerlnd. Available at
SSRN: https://ssrn.com/abstract=3744816, published in German as: Prognose von
Finanzcrashs fiir ein dynamisches Risikomanagement), Absolut Report 6, 31-39 (2020)
(digital version: www.absolut-report.de/AR06—2020-3)

Gluzman, S., Sornette, D., 2002. Log—periodic route to fractal functions. Physical Review E
65(3), 036142.

Gnacinski, P., Makowiec, D., 2004. Another type of log—periodic oscillations on Polish stock
market. Physica A: Statistical Mechanics and Its Applications 344(1), 322-325.
Goldenfeld, N. and L.P. Kadanoff, 1999. Simple Lessons from Complexity. Science 284, 87—

89.

62


https://econpapers.repec.org/article/tafeurjfi/
https://econpapers.repec.org/article/tafeurjfi/
https://ssrn.com/abstract=3744816

Greenwood, R., Shleifer, A., You, Y., 2019. Bubbles for Fama. Journal of Financial Economics
131 (1), 20-43.

Grinblatt, M., Han, B., 2005. Prospect theory, mental accounting, and momentum. Journal of
Financial Economics 78(2), 311-339.

Grossman, S. J., Stiglitz, J. E., 1980. On the impossibility of informationally efficient markets.
The American Economic Review 70(3), 393—408.

Gustavsson, M., Leven, D., Sjogren, H., 2016. The timing of the popping: using the log—
periodic power law model to predict the bursting of bubbles on financial markets.
Financial Historical Review 23 (2), 193-217.

Hameed, A., Huang, J., Mian, G.M., 2010. Industries and stock return reversals. working paper.

Hirshleifer, D., 2015. A recent survey of behavioral finance. Annual Review of Financial
Economics 7, 133—-159.

Hong, H., Stein, J., 1999. A unified theory of underreaction, momentum trading, and
overreaction in asset markets. Journal of Finance 54(6), 2143-2184.

Ide, K., Sornette, D., 2002. Oscillatory finite—time singularities in finance, population and
rupture. Physica A: Statistical Mechanics and its Applications 307 (1-2), 63—106.

Jarrow, R., Kchia, Y., Protter P., 2011. How to detect an asset bubble. STAM Journal on Finance
Mathematics 2(1), 839-865.

Jegadeesh, N., 1990. Evidence of predictable behavior in security prices, Journal of Finance
45(3), 881-898.

Jegadeesh, N., Titman, S., 1993. Returns to buying winners and selling losers: Implications for
stock market efficiency. Journal of Finance 48(1), 65-91.

Jhun, J., Palacios, P., Weatherall, J., 2018. Market crashes as critical phenomena? Explanation,
idealization, and universality in econophysics. Synthese 195, 4477-4505.

Jiang, Z., Zhou, W., Sornette, D., Woodard, R., Bastiaensen, K., Cauwels, P., 2010. Bubble
diagnosis and prediction of the 2005-2007 and 2008-2009 Chinese stock market
bubbles. Journal of Economic Behavior & Organization 74(3), 149-162.

Johansen, A., Ledoit, O., Sornette, D., 2000. Crashes as critical points. International Journal of
Theoretical and Applied Finance 3 (02), 219-255.

Johansen, A., Sornette, D., 1999. Financial “anti-bubbles”: log—periodicity in gold and Nikkei
collapses. International Journal of Modern Physics C 10(4), 563-575.

63


https://ideas.repec.org/a/eee/jfinec/v78y2005i2p311-339.html
https://ideas.repec.org/s/eee/jfinec.html
https://ideas.repec.org/s/eee/jfinec.html

Johansen, A., Sornette, D., 2000a. The Nasdaq crash of April 2000: Yet another example of
log—periodicity in a speculative bubble ending in a crash. European Physical Journal B
17,319-328.

Johansen, A., Sornette, D., 2000b. Evaluation of the quantitative prediction of a trend reversal
on the Japanese stock market in 1999. International Journal of Modern Physics C 11(2),
359-364.

Johansen, A., Sornette, D., 2001. Bubbles and anti—bubbles in Latin—American, Asian and
Western stock markets: An empirical study. International Journal of Theoretical and
Applied Finance 4(6), 853-920.

Johansen, A., Sornette, D., 2002. Large stock market price drawdowns are outliers. Journal of
Risk 4 (2), 69-110.

Johansen, A., Sornette, D., 2010. Shocks, crashes and bubbles in financial markets. Brussels
Economic Review 53 (2), 201-253.

Johansen, A., Sornette, D., Ledoit, O., 1999. Predicting financial crashes using discrete scale
invariance. Journal of Risk 1(4), 5-32.

Johansen, A., Sornette, D., Wakita, H., Tsunogai, U., Newman, W. L., Saleur, H., 1996. Discrete
scaling in earthquake precursory phenomena: Evidence in the Kobe earthquake, Japan.
Journal de Physique I 6 (10), 1391-1402.

Kaizoji, T., M. Leiss, A. Saichev and D. Sornette, 2015. Super—exponential endogenous
bubbles in an equilibrium model of rational and noise traders. Journal of Economic
Behavior and Organization 112, 289-310.

Kaizoji, T., Sornette, D., 2010. Market Bubbles and Crashes. Encyclopedia of Quantitative

Finance, Wiley. Available at: http://www.wiley.com//legacy/wileychi/eqf/ (long

version at http://arXiv.org/abs/0812.2449).

Keynes, J., 1936. The general theory of employment, interest, and money. Macmillan, London.

Kindleberger, C., Manias, 1978. Panics and crashes: A history of financial crises. New York,
Basic Books.

Kinlaw, W., Kritzman, M. Turkington, D., 2018. Crowded trades: implications for sector
rotation and factor timing. SSRN Scholarly Paper ID 3182664, Social Science Research

Network, Rochester, NY.

64


http://www.wiley.com//legacy/wileychi/eqf/

Ko, B., Song, J., Chang, W., 2018. Crash forecasting in the Korean stock market based on the
log—periodic structure and pattern recognition. Physica A: Statistical Mechanics and its
Applications 492(C), 308-323.

Koski, L., Pontiff, J., 1999, How are derivatives used? Evidence from the Mutual Fund Industry.
Journal of Finance 54(2), 791-816.

Kreuser, J., Sornette, D., 2019. Super—exponential RE bubble model with efficient crashes. The
European Journal of Finance 25 (4), 338-368.

Kurz M., 1994. On rational belief equilibria. Economic Theory 4, 859-76.

Kurz M., 1994. On the structure and diversity of rational beliefs. Economic Theory 4, 877-900.

Kurz—Kim, J., 2012. Early warning indicator for financial crashes using the log periodic power
law. Applied Economics Letters 19 (15), 1465-1469.

Kyle, A., 1985. Continuous auctions and insider trading. Econometrica 53, 1315-1335.

Lehmann, B.N., 1990. Fads, martingales, and market efficiency. Quarterly Journal of
Economics 105(1), 1-28.

Lee, C. M., Myers, J., Swaminathan, B., 1999. What is the intrinsic value of the Dow? Journal
of Finance 54(5), 1693—-1741.

Liberatore, V., 2010. Financial LPPL bubbles with mean—reverting noise in the frequency
domain. Available at: https://arxiv.org/abs/1009.4835.

Liberatore, V., 2011. Computational LPPL fit to financial bubbles. arXiv preprint, Vol. 1003,
Papers. 2920. Available at: https://arxiv.org/abs/1003.2920

Lin, L., Ren, R., Sornette, D., 2014. The volatility—confined LPPL model: A consistent model
of ‘explosive’ financial bubbles with mean—reverting residuals. International Review of
Financial Analysis 33, 210-225.

Lin, L., M. Schatz and D. Sornette, 2019. A simple mechanism for financial bubbles: time—
varying momentum horizon. Quantitative Finance 19 (6), 937-959.

Lin, L. and D. Sornette, 2013. Diagnostics of Rational Expectation Financial Bubbles with
Stochastic Mean—Reverting Termination Times. The European Journal of Finance 19
(5-6) 344-365.

Lintner, J., 1969. The aggregation of investors’ diverse judgments and preferences in purely
competitive security markets. Journal of Financial and Quantitative Analysis 4, 347—

400.

65



Lux, T., Sornette, D., 2002, On rational bubbles and fat tails. Journal of Money, Credit and
Banking 34 (3), 589-610.

Lynch, C., Mestel, B., 2017. Logistic model for stock market bubbles and anti—bubbles.
International Journal of Theoretical and Applied Finance 20(6), 1750038. DOI:
https://doi.org/10.1142/S0219024917500388.

MacKinlay, C., 1997. Event studies in economics and finance. Journal of Economic Literature
35(1), 13-39.

Maskowitz, T., Grinblatt, M., 1999. Do industries explain momentum?. Journal of Finance
54(4), 1249-1290.

Matsushita, R., Silva, S.,2011. A log—periodic fit for the flash crash of May 6, 2010. Economics
Bulletin 31 (2), 1772-1779.

McGrattan, E., Prescott, E., 2001. The stock market crash of 1929: Irving Fisher was right!
Federal Reserve Bank of Minneapolis Staff Report, No. 294, Minneapolis.

McWilliams, A., Siegel, D., 1997. Event studies in management research: Theoretical and
empirical issues. Academy of Management Journal 40(3), 626—657.

Milgrom, P., Stokey, N., 1982. Information, trade, and common knowledge. Journal of
Economic Theory 26(1), 17-27.

Miller, E., 1977. Risk, uncertainty, and divergence of opinion. Journal of Finance 32 (4), 1151—
1168.

Minsky, H., 1972. Financial instability revisited: the economics of disaster, in reappraisal of
the Federal Reserve discount mechanism, Board of Governors (ed.), vol. 3. Federal
Reserve System, St. Louis

Minsky, H., 1992. The financial instability hypothesis. In: Arestis, P., Sawyer, M. (Eds.),
Handbook of Radical Political Economy. The Jerome Levy Institute of Bard College.
Edward Elgar, Aldershot. Working Paper No. 74, 6-8.

Nelson, D., 1991. Conditional heteroskedasticity in asset returns: A new approach.
Econometrica 59(2), 347-370.

Ofek, E., Richardson, M., 2003. Dotcom mania: the rise and fall of internet stock prices, The
Journal of Finance 58 (3), 1113-1137.

Osborne, M., 1959. Brownian motion in the stock market. Operations Research 7 (2), 145-173.

66



Pele, D., Mazurencu—Marinescu, M., Nijkamp, P., 2013. Herding behavior, bubbles, and log
periodic power laws in illiquid stock markets: a case study on the Bucharet stock
exchange. Tinbergen Institute Discussion Paper T12013—-109/VIII, Amsterdam

Protter, P., 2013. A mathematical theory of financial bubbles. In: Henderson, V., Sircar, R.
(Eds.), Paris—Princeton Lectures on mathematical finance, Springer International
Publishing, Germany, pp. 1-108.

Roehner, B., Sornette, D., 2000. “Thermometers” of speculative frenzy. European Physical
Journal B 16, 729-739.

Rouwenhorst, K.G., 1998, International momentum portfolios. Journal of Finance 53(1), 267-
284.

Samuelson, P., 1965. Rational theory of warrant pricing. Industrial Management Review 6 (2),
13-39.

Samuelson, P., 1973. Proof that properly discounted present values of assets vibrate randomly.
The Bell Journal of Economics and Management Science 4(2), 369-374.

Santoni, G., Dwyer, G., 1990. Bubbles or fundamentals: new evidence from the great bull
markets. In White, E.N. (Ed.), Crashes and panics: the lessons from history. Dow
Jones—Irwin, Homewood, New York, pp 188-210.

Schatz, M., Sornette, D., 2020. Inefficient bubbles and efficient drawdowns in financial markets.
International Journal of Theoretical and Applied Finance 23 (7), 2050047 (56 pages).

Scheinkman, J., Xiong, W., 2003. Overconfidence and speculative bubbles. Journal of Political
Economy 111, 1183-1219.

Seyrich, M., Sornette, D., 2016. Micro—foundation using percolation theory of the finite time
singular behavior of the crash hazard rate in a class of rational expectation bubbles.
International Journal of Modern Physics C 27(10), 1650113.

Shefrin, H., Statman, M., 1985. The disposition to sell winners too early and ride losers too
long: Theory and evidence. Journal of Finance 40(3), 777-790.

Shiller, R., 1984. Stock prices and social dynamics. Brookings Papers on Economic Activity,
15(2), 457-510.

Shiller, R., 2015. Irrational exuberance, 3rd edition. Princeton University Press (first edition in
2000), Princeton: New JErsey.

Shleifer, A., Vishny, R. W., 1997. The limits of arbitrage. Journal of Finance 52(1), 35-55.

67



Shu, M., Zhu, W., 2020. Detection of Chinese stock market bubbles with LPPLS confidence
indicator. Physica A: Statistical Mechanics and Its Applications 557, 124892.

Shu, M., Zhu, W., 2021. The 'COVID' crash of the 2020 US Stock Market. The North American
Journal of Economics and Finance 58, 101497.

Sieczka, P., Sornette, D., Holyst, J., 2010. The Lehman Brothers effect and bankruptcy cascades.
European Physical Journal B 82 (3—4), 257-269.

Siegel, J., 2003. What is an asset price bubble? An operational definition. European Financial

Management 9(1), 11-24.

Simsek, A., 2013. Belief disagreements and collateral constraints. Econometrica 81(1), 1-53.

Smug, D., J. Ashwin, P. Ashwin and D. Sornette, An Adaptive Dynamical Model of Default
Contagion, Quantitative Finance, published online 8 April 2022 as a featured article by
the academic editors, Michael Dempster and Jim Gatheral
(https://doi.org/10.1080/14697688.2022.2039755)

Sohn, H. and D. Sornette, 2020. Rational belief bubbles. Frontiers in Physics 8, 230, doi:
10.3389/fphy.2020.00230, pp. 1-14.

Sornette, D., 1998. Discrete—scale invariance and complex dimensions. Physics Reports

297(5), 239-270.

Sornette, D., 1999. Complexity, catastrophe and physics. Physics World, 12 (N12), 57-57, Dec.

Sornette, D., 2002. Predictability of catastrophic events: Material rupture, earthquakes,
turbulence, financial crashes, and human birth. Proceedings of the National Academy
of Sciences of the United States of America 99(1), 2522-2529.

Sornette, D., 2003. Critical market crashes. Physics Reports 378(1), 1-98.

Sornette, D., 2006. Critical phenomena in natural sciences (chaos, fractals, self—organization,
and disorder: concepts and tools). In Synergetics (2nd edition). Springer Series,
Heidelberg.

Sornette, D., 2017. Why stock markets crash: critical events in complex financial systems (Vol.
49). 2n printing with new Preface, Princeton University Press (first printing in 2002),
Princeton: New JErsey

Sornette, D. and J.V. Andersen, 2002. A Nonlinear Super—Exponential Rational Model of
Speculative Financial Bubbles. International Journal of Modern Physics C 13 (2), 171—
188.

68


https://www.sciencedirect.com/science/journal/10629408/58/supp/C

Sornette, D., Cauwels, P., 2015a. Managing risk in a creepy world. Journal of Risk Management
in Financial Institutions 8 (1), 83—108.

Sornette, D., Cauwels, P., 2015b. Financial bubbles: mechanisms and diagnostics. Review of
Behavioral Economics 2 (3), 279-305.

Sornette, D., Demos, G., Zhang, Q., Cauwels, P., Filimonov, V., Zhang, Q., 2015. Real-time
prediction and post-mortem analysis of the Shanghai 2015 stock market bubble and
crash. Journal of Investment Strategies 4(4), 77-95.

Sornette, D., Johansen, A., 1997. Large financial crashes. Physica A: Statistical Mechanics and
its Applications 245 (3—4), 411-422.

Sornette, D., Johansen, A., 2001. Significance of log—periodic precursors to financial crashes.
Quantitative Finance 1 (4), 452-471.

Sornette, D. and Andersen, J.V., 2002. A nonlinear super—exponential rational model of
speculative financial bubbles. International Journal of Modern Physics C 13 (2), 171-
188.

Sornette, D., Johansen, A., Bouchaud, J., 1996. Stock market crashes, Precursors and Replicas.
Journal de Physique I 6, 167—175.

Sornette, D., Sammis, C., 1995. Complex critical exponents from renormalization group theory
of earthquakes: Implications for earthquake predictions. Journal de Physique I 5, 607—
619.

Sornette, D., Takayasu, H., and Zhou, W., 2003. Finite—time singularity signature of
hyperinflation. Physica A: Statistical Mechanics and its Applications 325, 492-506.

Sornette, D., Woodard, R., Fedorovsky, M., Riemann, S., Woodard, H., Zhou, W., 2009. The
financial bubble experiment: advanced diagnostics and forecasts of bubble terminations.

The Financial Crisis Observatory. Available at: http://arxiv.org/abs/0911.0454

Sornette, D., Woodard, R., Fedorovsky, M., Riemann, S., Woodard, H., Zhou, W., 2010a. The
financial bubble experiment: advanced diagnostics and forecasts of bubble terminations
Volume II-Master Document (beginning of the experiment). The Financial Crisis

Observatory. Available at: http://arxiv.org/abs/1005.5675

Sornette, D., Woodard, R., Fedorovsky, M., Riemann, S., Woodard, H., Zhou, W., 2010b. The
financial bubble experiment: advanced diagnostics and forecasts of bubble terminations
Volume II-Master Document (end of the experiment). The Financial Crisis

Observatory. Available at: http://arxiv.org/abs/1005.5675

69


http://arxiv.org/abs/0911.0454
http://arxiv.org/abs/1005.5675)
http://arxiv.org/abs/1005.5675

Sornette, D., Woodard, R., Zhou, W., 2009. The 2006-2008 oil bubble: Evidence of
speculation, and prediction. Physica A: Statistical Mechanics and its Applications
388(8), 1571-1576.

Sornette, D., Zhou, W., 2002. The US 2000-2002 market descent: How much longer and
deeper? Quantitative Finance 2 (6), 468—481.

Sornette, D., Zhou, W., 2006. Predictability of large future changes in major financial
indices. International Journal of Forecasting 22 (1), 153—-168.

Stanley, H.E., 1987. Introduction to Phase Transitions and Critical Phenomena. Oxford
University Press, USA.

Tekce, B., Yilmaz, N., 2015. Are individual stock investors overconfident? Evidence from an
emerging market. Journal of Behavioral and Experimental Finance 5, 35-45.

Thom, R., 1989. Structural Stability and Morphogenesis: An Outline of a General Theory of
Models. Reading, MA: Addison—Wesley.

Tirole, J., 1982. On the possibility of speculation under rational expectations. Econometrica
50(5), 1163-1181.

Tversky, A., Kahneman, D., 1974. Judgment under uncertainty: Heuristics and biases. Science
185(4157), 1124-1131.

Vandewalle, N., Ausloos, M., Boveroux, P., Minguet, A., 1998. How the financial crash of
October 1997 could have been predicted. European Physical Journal B 4(2), 139-141.

Westphal, R. and D. Sornette, 2020. Market impact and performance of arbitrageurs of financial
bubbles in an agent—based model. Journal of Economic Behavior and Organization 171,
1-23.

Wheatley, S., Sornette, D., Huber, T., Reppen, M., Gantner, R. N., 2019. Are Bitcoin bubbles
predictable? Combining a generalized Metcalfe’s law and the log—periodic power law
singularity model. Royal Society Open Science 6(6), 180538.

Woodard, R., Sornette, D., Fedorovsky, M., 2010. The financial bubble experiment: advanced
diagnostics and forecasts of bubble terminations. Volume III (beginning of experiment

+ post—-mortem analysis). Available at: http://arxiv.org/abs/1011.2882

Wosnitza, J., Denz, C., 2013. Liquidity crisis detection: An application of log-periodic power
law structures to default prediction. Physica A: Statistical Mechanics and its

Applications 392(17), 3666-3681.

70


http://arxiv.org/abs/1011.2882

Wosnitza, J., Leker, J., 2014a. Can log—periodic power law structures arise from random
fluctuations? Physica A: Statistical Mechanics and its Applications 401, 228-250.

Wosnitza, J., Leker. J., 2014b. Why credit risk markets are predestined for exhibiting log—
periodic power law structures. Physica A: Statistical Mechanics and its Applications
393, 427-449.

Wosnitza, J., Sornette, D., 2015. Analysis of log—periodic power law singularity patterns in
time series related to credit risk. European Physical Journal B 88, 97, 1-11.

Xiao, Q., 2010. Crashes in real estate prices: causes and predictability. Urban Studies 47(8),
1725-1744.

Xiong, W., 2013. Bubbles, crises, and heterogeneous beliefs, handbook on systemic risk.
Fouque, J-P, Langsam, J.A. (Eds.). Cambridge University Press, Cambridge, Available
at: https://doi.org/10.1017/CB0O9781139151184

Yan, W., Woodard, R., Sornette, D., 2010. Diagnosis and prediction of tipping points in
financial markets: Crashes and rebounds. Physics Procedia 3(5), 1641-1657.

Yan, W., Woodard, R., Sornette, D., 2012. Role of diversification risk in financial bubbles.
Journal of Investment Strategies 1(4), 63-83.

Yan, W., Woodard, R., Sornette, D., 2014. Inferring fundamental value and crash nonlinearity
from bubble calibration. Quantitative Finance 14(7), 1273-1282.

Zhang, Q., Sornette, D., Balcilar, M., Gupta, R., 2016. LPPLS bubble indicators over two
centuries of the S&P500 index. Physica A: Statistical Mechanics and its Applications
458, 126-139.

Zhang, Q., Zhang, Q., Sornette, D., 2016. Early warning signals of financial crises with multi—
scale quantile regressions of Log—Periodic Power Law Singularities. PloS One 11(11),
e0165819.

Zhou, W., Sornette, D., 2003a. The US 2000-2003 market descent: clarifications. Quantitative
Finance 3 (3), C39—C41.

Zhou, W., Sornette, D., 2003b. Renormalization group analysis of the 2000—2002 anti—bubble
in the US S&P500 index: explanation of the hierarchy of five crashes and prediction.
Physica A: Statistical Mechanics and its Applications 330(3—4), 584—604.

Zhou, W., Sornette, D., 2006a. Fundamental factors versus herding in the 2000-2005 US stock
market and prediction. Physica A: Statistical Mechanics and its Applications 360(2),
459-482.

71



Zhou, W., Sornette, D., 2006b. Is there a real-estate bubble in the US? Physica A: Statistical
Mechanics and its Applications 361(1), 297-308.

Zhou, W., Sornette, D., 2008. Analysis of the real estate market in Las Vegas: Bubble, seasonal
patterns, and prediction of the CSW indices. Physica A: Statistical Mechanics and its
Application 387(1), 243-260.

Zhou, W., Sornette, D., Hill, R., Dunbar, R., 2005. Discrete Hierarchical Organization of Social

Group Sizes, Proceedings of the Royal Society B: Biology Sciences 272, 439—444.

72



swiss:finance:institute

c/o University of Geneva, Bd. Du Pont d'Arve 42, CH-1211 Geneva 4
T +41 22 379 84 71, rps@sfi.ch, www.sfi.ch


mailto:phd%40sfi.ch?subject=
http://www.sfi.ch

